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As the overall goal this work focuses on the storage of high-speed video data, used
in scienti�c experiments and many modern manufacturing processes. In these ap-
plications the frame rate is about 1,000 to 10,000 frames persecond. These high
picture rates cause extremely high bit rates, which need to be processed in a short
time.
One way of approaching this problem is to store the pictures in a local RAM-like
memory during shooting for later processing and storage. However, the size of the
memory limits the time span that can be recorded. Therefore the goal is to devel-
ope a real-time compression scheme which does not lose any data information and
which makes direct recording on hard disk possible.

This diploma thesis proposes a high-level architecture design, which consists at
least of a CMOS high-speed image sensor and an FPGA which implements the
compression system. The observed metrics range from amountof data, memory
size and bandwidth, costs, and I/O ports to computing performance.
The compression algorithm considered for a �rst prototype-implementation is a
simple differential encoding scheme. For this scheme a mathematical model is pre-
sented, which gives answers regarding the compression gainin terms of entropy
depending on changes in speed, frame rate, and size of moved area.
The CMOS image sensor used is marked by noise. The different noise sources are
presented and a model allowing pixel-wise creation of noiseis developed. A widely
used algorithm for image restoration is presented.
The impact of noise and noise �lter algorithm on the differential encoding system
is analysed regarding the compression performance and using all the mathematical
models proposed before.
At the end the results and a conclusion are presented. To stimulate further research
in designing a more complex compression system in the futureseveral lossless com-
pression systems which are presented in literature are investigated to expose the
different building blocks used.
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Figure 1: Structure of diploma-thesis.
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1 Introduction

1 Introduction

Lossless video compression gained a lot of attention in the last few years. This is due to new
regulations concerning the electronic documentation of procedures and the increased technolog-
ical capabilities to handle large amounts of data.
In medical applications, for example, there is the need to keep the data unmodi�ed as slight
changes can distort the doctor's diagnosis and decide between life and death. Similarly, in the
automobile industry, welding procedures have to be documented, to prove the clean work in case
of an accident. Another upcoming industry is the �lm industry itself. Until now, �lm reels were
used for the original material, but more and more digital cinemas are taking over. Therefore,
the complete processing cycle has to be digital. In this longchain to keep high quality material,
lossy compression is objectionable. Errors introduced in an early stage are intensi�ed by repeat-
ing compression and decompression later.
The application in mind for this project, though, is measuring. In the industry many mechan-
ical processes need to be monitored. The captured data may just be to avoid the event of an
emergency or error, or it may be used to control the further processing-cycle. In both cases,
compression is needed to reduce the amount of data and it mustbe lossless to prevent the data
from impurities and errors that lead to wrong decisions. However, the compression ratios that
can be expected using lossless compression methods are low compared to sophisticated lossy
algorithms, which deal with the way and limits of human perception. In our case, in contrast,
human eyes are not considered to be the part in the transmission path, which the sequences are
intended for. So, lossless compression is the �rst choice inthis thesis.

A second trend is the use of high-speed cameras. These cameras shooting more than the usual
30 frames per second (fps) allow to track moving and morphingobjects with increased temporal
resolution. A survey of high-speed cameras and some examples of their usage can be found
in [1].

In many scienti�c experiments and modern manufacturing processes data are captured using
high-speed video cameras. In these applications the frame rate is about 1,000 to 10,000 frames
per second. These high picture rates cause extremely high bit rates, which need to be processed
in a short time. One way of approaching this problem is to store the pictures in a local RAM-
like memory during shooting for later processing and storage. However, the size of the memory
limits the time span that can be recorded. This leads to the demand for a real-time compression
scheme which does not lose any data information and which makes direct recording on hard disk
possible.

For video applications in contrast to image compression, a third temporal dimension is added that
allows to use a temporal predictor exploiting temporal correlation between successive frames.
Especially for sequences having a high temporal resolutionthey can also be assumed to have a
high temporal correlation.
This gives the idea of this thesis and leads to the de�nition of our local goal.

1.1 Local goal

The goal of this diploma thesis is to derive a high-level lossless compression hardware architec-
ture for high-speed video processing systems consisting ofa video data source (e.g. a CMOS

Differential Lossless Compression for High-Speed FPGA Cameras 8



1 Introduction

high-speed sensor) and a data processing element (e.g. an FPGA).
In order to obtain an ef�cient design fast evaluation of different implementation options on al-
gorithmic level should be enabled. Therefore, a software model framework consisting of a noise
model for the data source, a noise �ltering algorithm, and a lossless compression scheme should
be designed and implemented.
Each framework module should provide data necessary to evaluate relevant metrics like com-
pression performance in terms of entropy or computational complexity.

Furthermore, lossless compression systems presented in the literature should be studied and
taken into account during design to enable future integration of these systems into the frame-
work.

1.2 Global goal

The overall goal is to manufacture a device consisting of a CMOS high-speed image sensor that
is able to write to a long-time storage device in real-time.
This system should be usable by the end-user without having to deal with errors and other prob-
lems. The recorded video �les must be accessible using standard equipment and using provided
software. It must be clear to the user, what kind of processing and possible loss has to be ex-
pected to strengthen the con�dence in the system.

To deal with that, the research done in this thesis has to be extended. The outlook in chap-
ter 8 gives an overview here.

1.3 Outline

The remainder of this thesis is structured as follows:
In chapter 2, a hardware architecture is derived, that connects the LUPA sensor to a process-
ing device that is able to implement the compression system necessary to store the data to a
long-term storage device. This is done having the extensibility in mind and enabling as much
performance as possible.
The compression system, a temporal predictor, is modeled and analyzed in chapter 3. This is
done by example for circular objects having a gray-tone gradient.
As CMOS sensors are affected by noise, chapter 4 summarizes the individual noise sources in
the processing chain of a CMOS image sensor. Then a noise model and noise simulator are
derived.
The in�uence of noise and noise �ltering are investigated inchapter 5 and a conclusion is given
in chapter 6.
Chapter 7 is a survey of different lossless video compression algorithms stated in the literature.
These are used as a tool box.
Finally, an outlook is given in chapter 8 about the work that has to be done next.

Differential Lossless Compression for High-Speed FPGA Cameras 9



2 Hardware architecture

2 Hardware architecture

In this chapter a hardware architecture is developed suitable for implementing the compression
algorithm compressing data in realtime that are coming fromthe LUPA high-speed image sen-
sor. This architecture should be open for future extensionsto the algorithm and completely
implemented using recon�gurable or programmable hardware.
First, the components needed are analyzed mainly regardingtheir interface and performance
characteristics. These are the LUPA sensor, memory for storing the image data, and an FPGA
for the implementation of the algorithm and some glue logic,all shown in �gure 2. Later, de-
vices are selected that are suitable to form the complete system trading off their characteristics
and limitations. The main considerations in selecting and connecting these devices are perfor-
mance and connectivity. But also extensibility and costs have to be considered.

LUPA
CMOS
Sensor

Memory
Con-
troller

RAM

Frame 0

RAM

Frame n

...
FPGA

Output
...

32 channels

Figure 2: The functional blocks of the high-level architecture.

2.1 LUPA-3000 chip

The LUPA chip is responsible for delivering the data to be processed and stored. It sets the
need for performance as this high-speed sensor delivers a large amount of data that needs to be
processed per second. All other devices in the system have tocope with these data rates. As this
chip is already available, there is no alternative considered for this part of the system. Therefore,
it is important to understand its functionality and how it affects the other system components
that are located later in the data-processing-chain.
In the following subsections the characteristics of the CMOS sensor are analyzed regarding
performance limits and the characteristics of the interface that connects the sensor chip to the
remaining parts.

2.1.1 CMOS active pixel sensors

Most pixel designs in today's CMOS sensors are active pixel sensors (APS). Here, every pixel
has an ampli�er attached to it. Therefore, the pixel cell gets larger due to the more additional
elements besides the photo-diode. The ratio of total pixel size to photo detector size is known as
�ll factor.
A CMOS image sensor behaves similar to a random access memory, which can be read out one
row at a time using row and column select circuits. In contrast, a CCD array has to be read
out serially bit by bit. Therefore, CMOS sensors are better suited for high speed video cameras
shooting with several hundreds to thousands frames per second.

Differential Lossless Compression for High-Speed FPGA Cameras 10



2 Hardware architecture

Detailed information about APS can be found in text books [2][3][4][5] and the Cypress LUPA
3000 datasheet [6].
Figure 3 shows an APS built with four transistors. This is oneof the most common pixel archi-
tecture due to its improved noise characteristics as will beexplained in section 4.2.

memorysamplereset

source
follower

row select

The reset transistor precharges the
capacitance. During exposure it gets
discharged and is sampled and held
in the memory capacity. The capaci-
tance drives the gate of the ampli�er
and the signal can be selected via
row select.

Figure 3: A 4-transistor CMOS active pixel sensor (APS).

In the image-taking cycle, �rst a positive reset signal is applied to the reset-transistor's gate,
so charge is �owing to precharge the diode's capacity. During exposure time, this node is dis-
charged via the photo-diode depending on the measured photon intensity. The quantum ef�-
ciency (QE) describes the ability of the photo-diode to convert photons into current. The QE
mainly depends on the �ll factor and the frequency of light. After exposure, the sample tran-
sistor is closed to store the charge left at the memory capacity. This capacity drives the gate of
the source follower ampli�er. This implements a global shutter, as every pixel is sampled at the
same time, but it can also be used in a rolling shutter manner,if the sample gate is always open.
If there is charge on the memory capacity, the ampli�er's gate is set to enable the �ow according
to the pixel's value from the voltage source to the row-select transistor, which can be used to
select each column separately. The conversion gain refers to how many electrons are presented
by a voltage step that is later analog-to-digital converted. For a programmable ampli�er, little
ampli�cation corresponds to a low ISO setting.
Using the sample transistor enables true correlated doublesampling (CDS) due to decoupling
the reset and read operation. Also, the readout of the diode's carrier charge is done without
destroying it, so the same signal can be read multiple times via the source follower transistor.
So, each pixel value is read once right after reset and again after the exposure time. This can be
used to reduce reset and offset �xed pattern noise, which aredescribed in section 4.2.

There are also more advanced designs, e.g. the six transistor cell used in the LUPA-3000 high-
speed image sensor by the Cypress Semiconductor Corporation, shown in �gure 4.

memorysample
reset

source
follower

row select

pre-
charge

Compared to the 4-transistor cell, the
additional ampli�er and precharge
logic enables simultaneous read-out
of already captured data in the mem-
ory capacity and capturing of the
next image data.

Figure 4: A 6-transistor CMOS active pixel sensor (APS) usedin the LUPA-3000 chip.
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2 Hardware architecture

In the six transistor cell, capturing photons for new image data and reading-out of already stored
data in the memory capacity is completely decoupled and can be done in parallel. Therefore,
higher frame rates are possible. However, the image currently being integrated can effect the
memory capacity, due to non-ideal MOS transistor characteristics. This is called parasitic light
sensitivity (PLS) and among others depends on the difference in intensity between the two
frames. Usually, it can be neglected compared to other noisesources.

All these steps are before analog-to-digital conversion (ADC), which is applied to one row after
another. The pixel values before ADC are measured in electron charge, when photons are accu-
mulated in the photo-diode (integration), and as voltage after the ampli�cation transistor, which
is then converted in a digital number by an ADC. The proportionality constant between captured
photons and voltage level is calledgain.
Figure 5 summarizes the processing steps in one pixel and also shows the typical sources of
noise, that will be explained in chapter 4.2.
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Figure 5: CMOS image processing chain including noise sources.

2.1.2 Frame-rate and timing

The LUPA-3000 CMOS high-speed image sensor provides a pixelrate of 412 MHz perTclk =
206MHzDDR LVDS channel, that is in total a pixel rate of 13.2 GHz. Thepipelined snapshot
shutter implemented by a 6-transistor cell allows parallelintegration and read-out of the previous
data. Using the full resolution of 1696 x 1710 pixels this yields a frame-rate of 485 fps. This
rate can be boosted by windowing the resolution. The frame rate is given by

TFR = t f rame+ nlines � (trow +
npixel

4
� tdata); (1)

wheret f rame is the overhead needed to transfer charge from the diode to the memory node (de-
fault 3:2 ms). During this time, no readout is performed.Nlines is the number of rows readout in
each frame (default 1710),trow is the overhead needed to transfer the pixel output to the column
ampli�er (default 176ns), npixel is the number of pixels readout in each row (default 1696) and
tdata is the data period, that is 0:5� Tclk = 2:427 ns. The factor 4 is due to parallel integration
and readout and the separation in two separate buses. The default values yield the given frame
rate of 485 fps. Using the default values, this can be increased to over 28,000 fps by using the
minimum window size of 128� 128 pixels.
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2.1.3 LVDS interface

The LUPA sensor is connected to the outside world via 32 LVDS data channels. Two additional
LVDS channels are used for synchronization data and for clocking. The interface complies
with the standards ANSI/TIA/EIA-644-A-2001 and IEEE 1596.3-1996, which de�nes driver
and receiver electrical characteristics only, but no protocol. Reference [7] provides deep insight
in the different LVDS topics.
The channels are point-to-point connections using a low-voltage swing of typically 350 mV. The
common mode voltage is 1.2 V above ground. The current used todrive the channels is 3.5 mA.
Using Ohm's Law, this yields a termination resistance equalto the line resistance of 100W.
Figure 6(a) shows the sender that injects the drive current using one of the two lines to the sender.
The receiver's termination resistanceR= 100Wdetects the orientation of the differential voltage
of 350 mV and (b) sets the logical value accordingly.

+

-
R

=3.5 mA

=350 mV
V+

V-

1 0 1 Vdi f f

(a) (b)

Figure 6: (a) LVDS current source (driver) and receiver and (b) differential signaling

One advantage of differential transmission is the low amount of electromagnetic interference
(EMI), as the current returns within the wire pair that is located closely to each other. It is also
immune to common-mode noise, as there are no voltage spikes on the wires. External noise
sources are most likely to affect both wires due to the closeness and is not affecting the voltage
difference, which is used to transmit information.

The data channels operate using an input clock of 206 MHz providing 412 Mbit/s each. For
the total of 33 parallel data channels this sums up to 13,596 Mbit/s. The LVDS channels consist
of an 8:1 serializer, which serializes the 8-bit provided byone of the two ADCs connected to it.
The receiver has to implement a 1:8 deserializer to completethe serializer/deserializer (SerDes)
pair. Figure 7 shows the sender using time multiplexing to serialize the incoming 8 bit data
stream to the outgoing 1 bit LVDS channel.
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The 8 bit data are time multi-
plexed to one LVDS channel.
The clock for the incoming
parallel data has to be 1/8 of
the LVDS serializer clock.

Figure 7: 8:1 serializer multiplexing parallel data on a LVDS channel.
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2.1.4 Clocking scheme and data-rate

The memory size needed to store the data for one frame coming from the LVDS channels is

1696� 1710
pixel
f rame

� 8
bit

pixel
= 23:201

Mbit
f rame

= 2:90
MByte
f rame

:

Using a frame rate of 485 fps 11:252Gbit=s= 351:644Mbit=s� 32 have to be stored. Note, that
the 33rd channel is used for synchronization and sending control words, not for actual data. The
datasheet gives a data rate of 13:184Gbit=s= 412Mbit=s� 32 channels. The difference is due
to the overhead time for every frame and for every row readout. Therefore, not every time slot
of the LVDS channel carries actual image data. In addition, an 8 bit cyclic redundancy check
(CRC) code is inserted after each row of processed data.
There are several clocks needed for the sensor chip. Each channel runs at 51:5 MSamples=s=
412 Mbit=s� 8 bit=Sample, that means the sensor sampling rate is 51.5 MHz. However, the
Serializer clock has to run 8 times faster, to transmit the 8 bits within one sampling clock as
the interface is bit-oriented. This yields the 206 MHz double-data-rate (DDR) clock, which
transmits data at 412 MHz. As the ADCs are only used every second cycle for the even and odd
samples, respectively, the ADC only has to be clocked with 51:5 MHz=2 = 27:75 MHz. These
clocks are created internally and only the main clock of 206 MHz has to be applied for the LVDS
interface.

2.2 Memory technology

There are mainly two kinds of memory to consider. static synchronous RAM (SSRAM) and
dynamic synchronous RAM (SDRAM). The latter one needs to be periodically refreshed not to
lose data and has longer cycle and access times. However, DRAM is usually cheaper and larger
as fewer transistors are needed for each memory cell. So, there is a tradeoff between size, speed,
and costs.
The two metrics mentioned here for measuring performance ofa RAM module are access time,
the time needed to retrieve a word from the memory, and cycle time, the minimum time al-
lowed between two requests directed at the same module. These two values are �xed for a given
memory technology. To increase performance, a memory architecture combining several RAM
modules in a suitable con�guration has to be derived. We �rstpresent common technologies.
Then, a memory architecture is presented in section 2.4 alsoconsidering the limitations by the
overall system.
Information on block RAM can be found in the respective FPGA datasheets on the Xilinx web-
page [8] [9] [10] [11] [12].
For the SSRAM, datasheets from Cypress [13] [14] [15] [16] [17] [18] [19] [20] [21] [22],
IDT [23] [24] [25] [26] [27], and Samsung [28] [29] were used.
SDR and DDR SDRAMs are deeply covered in chapters 8 to 12 of reference [30] with emphasis
on the 12th chapter, which shows the developments of DRAMs and their differences. In addition,
the data-sheets of the listed devices were used [31] [32] [33] [34] [35] [36] [37] [38] [39] [40].

2.2.1 Block RAM

Besides logic cells, FPGA contain variable amount of dedicated memory cells that are driven us-
ing the internal clock. Xilinx calls this storage elements block RAM, Altera embedded memory
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blocks. Due to prior knowledge using Xilinx devices we use their technology and terminology.
However, there exist equivalent technology from other vendors that vary mostly in terminology.
The block RAM is grouped in one or multiple columns dependingon its size. It has a dual port
structure, that is two independent data access can be handled using two identical data ports with
their own set of control and clock lines. There is, however, no arbitration to avoid collisions if
access to the same address is issued on both ports in the same cycle. A block RAM cell can also
be used in single port con�guration or in a simple dual-port con�guration, which allows only
read operation for one port and only write operation for the other. The memory is static, that
is, no refresh cycles are needed. Every cycle a new read or write command can be scheduled,
where the read data is available in the next cycle at the output register. There are further no
external IOs needed to connect to the memory interface. However, the number of block RAM
bits available is limited and depends on the size of the FPGA.
Table 1 lists some examples of FPGA devices having various amount of block RAM.

Vendor Device Block RAM Costs1

block-size number total-size

Xilinx
XC6SLX150 18 Kb 268 4,824 Kb $198.75
XC6SLX100 18 Kb 268 4,824 Kb $138.75 - $210.00
XC6SLX25 18 Kb 52 936 Kb $40.25 - $70.375

Xilinx
XC5VSX240T 36 Kb 516 18,576 Kb $14,015.00 - $19,621.25
XC5VFX200T 36 Kb 456 16,416 Kb $6,133.75 - $8,587.50

Xilinx

XC6VSX475T 36 Kb 1,064 38,304 Kb *
XC6VLX760 36 Kb 720 25,920 Kb *

XC6VSX315T 36 Kb 704 25,344 Kb *
XC6VLX550T 36 Kb 632 22,752 Kb *

Altera
EP4SE680 9 Kb / 144 Kb 1529 / 64 22,977 Kb *
EP4SE530 9 Kb / 144 Kb 1280 / 64 20,736 Kb $8,449.99 - $9,660.03

Altera
EP3CLS200 9 Kb 891 8,019 Kb $2,499.99 - $2,749.99
EP3CLS150 9 Kb 666 5,994 Kb *

EP3C25 9 Kb 66 594 Kb $39.50 - $73.90

Table 1: Block-RAM memory inside different FPGA devices andtheir characteristics.

2.2.2 SDR SSRAM

SDR SSRAMs are synchronous clocked static RAM, which have a maximum data-rate equal
to the clock-rate� data-width as data are transferred only at one edge of a clockcycle. The
classical frequency and bandwidth metrics are not suf�cient to evaluate SSRAM performance.
”Bandwidth = Frequency� Data-width” only gives the maximum performance achievableas
some SSRAM may require wait cycles when switching from read to write cycle and vice versa
because of bus contention. To address the problems of dead cycles and sustained average band-
width, several read and write methods are proposed.

1Prices in U.S. Dollars. For Xilinx devices from Nu Horizons Electronics, for Altera devices from the Altera
webpage, October 2009. Prices with an ”*” were not availablethat time.
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There are several modes for reading data from the memory thatmainly differ in read-data output
latency and maximum operation frequency. An detailed explanation including timing diagrams
can be found in reference [41].

Flow-Through Control signals are provided some time before the rising edge of the clock.
At the rising edge, the clock cycle begins and the read data are put at the output ports within the
same clock cycle after the access time. The clock cycle has tobe long enough to allow the data
to be put on the outputs.

Pipelined The readout starts the same as in �ow-through mode, but afterthe data is read from
the memory cells it is stored in output registers and available at the output in the next clock cycle.
This mode allows faster timing, as the data are latched internally and the read delay is spread
across two cycles before the data are valid at the outputs in the next cycle. A pipelined device
therefore takes longer to read the �rst word of a sequence of read operations but the remaining
words are read without additional delay and delivered faster due to the higher clock rate.

Burst For the two modes mentioned before, several words can be readout in a burst by pro-
viding only the address of one word. The address is then internally incremented to select the
following words. By only providing the control signals for the �rst beat of a burst sequence, the
later beats are retrieved without the setup time penalty. Burst mode is also applicable to write
commands.

The modes for writing address the problem of bus contention when changing from read to write
or vice versa. For the standard case called early write, the write data are provided the same cycle
the write operation is prepared, that is some timetsetupbefore the rising clock for setup and some
time thold after the previous edge. There is also some time necessary tochange the direction of
the input/output bus during which no data can be read or written to the bus. This can lead to
collision with read data that is valid the same cycle. The following write cycle types prevent the
bus from contention in combination with one of the read modespresented before if the address
to data relationship is identical whether reading or writing. This technology not having a penalty
when changing bus direction is called Zero Bus Turnaround (ZBT), No Bus Latency (NoBL), or
No Turnaround RAM (NtRAM), depending on the vendor.

Early Write This is the standard case. Data and address for the write cycle are provided at the
same time. This can lead to collisions when changing from read to write as mentioned before
and requires therefore dead cycles.

Late Write In combination with the Flow-Through read, this allows to remove a dead-cycle.
Therefore, the write-data is provided one clock later than the address.

Late-Late Write To create a no dead cycle device in combination with a pipelined read, the
write data has to be delayed for two cycles after the write command as the read data is also
provided two cycles after the read command. Therefore, these data can never collide.

Table 2 gives an overview of some available SDR SSRAM deviceslisting their characteristics.
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Table 3 complements this overview by giving the performancecharacteristics.The maximum
bandwidth is only achieved for long series of continuous read or continuous write operations
and depends on the clock frequency, the number of ports, and the data width. For the devices
having 36 bit data width, only 32 bit are supposed to actuallystoring data. The remaining are
considered for ECC and parity. The same is valid for 18 bit devices, which are only used for
storing 16 bit of data. The R/W-cycle bandwidth considers the bandwidth achievable when the
device is constantly switching from read to write operationand is considered to be the worst case
bandwidth sustainable. The number of dead-cycles when switching from read to write operation
is given as wait states. The access time gives the number of clock cycles needed to read the �rst
data from the memory. For a burst read, the following data areprovided without further delay.
The I/O pins are the rough number of pins needed in the packageto connect the data, address,
and control signals. The burst length given in bits describes the ability of accessing data at the
given address modulo the bit count in consecutive cycles without applying a new address. The
burst sequence can be canceled any time and the cycles are repeated if the initial address is
reached again.

No Vendor Device Density Data-Width Ports IO-Pins Costs2

1

Cypress

CY7C1231H 2 Mbit 18 bit 1 45 *
2 CY7C1351G 4 Mbit 36 bit 1 68 9.86 (1 pc.)
3 CY7C1338G 4 Mbit 32 bit 1 64 8.74 (1 pc.)
4 CY7C1339G 4 Mbit 32 bit 1 64 10.40 (1 pc.)
5 CY7C1350G 4 Mbit 36 bit 1 68 10.40 (1 pc.)
6

IDT
IDT71V2556S/XS 4 Mbit 36 bit 1 69 7.65 (1 pc.)

7 IDT71V25761S 4 Mbit 36 bit 1 69 6.80 (1 pc.)
8 IDT71V3557S 4 Mbit 36 bit 1 69 6.96 (1 pc.)

Table 2: SDR SSRAM memory devices and their characteristics.

No Clock Bandwidth in Gbit/s Access- Wait- Burst- Comment

in MHz Maximum R/W Cycle Time States Length

1 133 2.128 2.128 1 0 2 bit Flow-Through,NoBLTM

2 133 4.256 4.256 1 0 2 bit Flow-Through,NoBLTM

3 133 4.256 2.128 2 1 2 bit Flow-Through

4 250 8.0 2.667/4.0 3 2/1 2 bit Pipelined, early/late write

5 250 8.0 8.0 3 0 2 bit Pipelined,NoBLTM

6 200 6.4 6.4 3 0 2 bit Pipelined,ZBTTM

7 200 6.4 2.13/3.2 3 2/1 2 bit Pipelined, early/late write

8 100 3.2 3.2 1 0 2 bit Flow-Through,ZBTTM

Table 3: SDR SSRAM memory devices and their performance characteristics.

2Prices in U.S. Dollars. For Cypress devices from www.cypress.com, for IDT devices from Nu Horizons Electron-
ics, October 2009. The number in brackets gives the minimal order quantity in pieces. Prices with an ”*” were
not available that time.
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2.2.3 QDR/DDR SSRAM

The Quad Data Rate (QDR) architecture was jointly developedby Cypress Semiconductor, IDT,
and Micron Technology and is based on static RAM technology.In addition to the SDR tech-
niques, it uses the Double Data Rate (DDR) technique transmitting data on both the raising and
the falling clock edge. That is, two data elements can be readfrom or written to the memory
in one clock cycle. The QDR has two independent data ports, one read and one write port, and
can therefore process two read and two write commands in a cycle, thus the name quad data
rate. This also eliminates dead-cycles for bus turnarounds. The address bus is shared for both
ports. Therefore, only burst access is possible on the ports, to eliminate the address bus con�ict.
The devices are available as 2-word burst and 4-word burst versions. The bursts for the read
and/or write port, respectively, cannot be canceled prior to completion but can be masked. The
2-word burst device needs two addresses provided per clock cycle, one for the read and one for
the write, the 4-word burst only one per cycle, but the burst also takes 2 cycles in total. When
accessing the same address on both ports at the same time, themost recent data is delivered
including forwarding of write-data initiated in the previous cycle. However, having two separate
ports also increases the number of IOs needed to interface the memory.
There are also Double Data Rate (DDR) SSRAM devices, which are similar, but only have a
single combined read/write port and therefore a turn-around latency applies when switching be-
tween read and write operations. However, for data streaming applications, which do not switch
between read and write cycles nearby but perform many cyclesof burst transfers, DDR SSRAMs
have better average utilization of the SRAM buses, as for theQDR SSRAMs one of the two ports
is unused for a long period.
Table 4 and 5 show several devices available and summarizes their size and performance char-
acteristics. The data-rate gives the device technology used, QDR or DDR SSRAMs. The pin
count is given as an estimate for the number of data, address,and control signals. The maximum
bandwidth is calculated by multiplying the frequency� data-width� data-rate, that is 2 for DDR
and 4 for QDR. As for SDR SSRAMs, the effective data-width used for this calculation is 32
bit, not considering ECC or parity bits.

Vendor Device Density Data-Width Data-Rate IO-Pins Costs3

Cypress

CY7C1294DV18 9 Mbit 36 bit QDR 65 41.63 (1 pc.)
CY7C1302DV25 9 Mbit 18 bit QDR 48 48.77 (1 pc.)
CY7C1314BV18 18 Mbit 36 bit QDR 66 33.33 (1 pc.)
CY7C1315BV18 18 Mbit 36 bit QDR 65 37.77 (1 pc.)
CY7C1320BV18 18 Mbit 36 bit DDR 66 33.44 (1 pc.)

IDT
IDT71P71604 18 Mbit 36 bit DDR 74 31.34 (1 pc.)
IDT71P72604 18 Mbit 36 bit QDR 74 29.60 (1 pc.)

Samsung
K7K1636U2C 18 Mbit 36 bit DDR 74 *
K7R163682B 18 Mbit 36 bit QDR 74 29.00 (1 pc.)

Table 4: QDR and DDR SSRAM memory devices and their characteristics.

For the worst-case-bandwidth a read burst followed by a write burst in the next cycle is as-
sumed in a cyclic manner. For QDR devices this gives a ratio oftwo smaller compared to the

3Prices in U.S. Dollars. For Cypress devices from www.cypress.com, for IDT devices from Nu Horizons Elec-
tronics, and for Samsung from www.ecomponents-store.com,October 2009. The number in brackets gives the
minimal order quantity in pieces. Prices with an ”*” were notavailable that time.
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maximum bandwidth as the two concurrently usable ports are not considered. For the DDR de-
vices, the ratio depends on the dead cycles needed for the busturnaround. Note that the access
time delay does not effect the minimum achievable bandwidthas the accesses are pipelined and
every cycle an operation can be �nished. For the access time,also half cycle values are valid as
both clock edges are used for data-transfer.

Device Clock Bandwidth in Gbit/s Access- Wait- Burst-
in MHz Maximum R/W Cycle Time States4 Length

CY7C1294DV18 250 32.0 16.0 3 0 2 words
CY7C1302DV25 167 21.312 10.656 2.5 0 2 words
CY7C1314BV18 250 32.0 16.0 3 0 2 words
CY7C1315BV18 300 38.4 19.2 3 0 4 words
CY7C1320BV18 300 19.2 9.6 3 1 2 words

IDT71P71604 250 16.0 8.0 3 1 2 words
IDT71P72604 200 25.6 12.8 3 0 2 words
K7K1636U2C 400 25.6 8.533 2.5 2 2 words
K7R163682B 250 32.0 16.0 3 0 2 words

Table 5: QDR and DDR SSRAM memory devices and their performance characteristics.

2.2.4 SDR SDRAM

Single data-rate synchronous dynamic RAM and double data rate SDRAM described in the next
subsection, are a standard of the JEDEC, the leading developer of standards for the solid-state
industry (http://www.jedec.org/). The internal bus widthequals the external bus width and the
inputs and outputs are sampled only on the rising edge of the clock. The increased speed com-
pared to asynchronous DRAM is achieved by pipelining the data access but as a result delaying
the response by some clock cycles. To hide some of the latency, also for refresh, a multiple bank
concept is used that allows accessing one bank while the other is prepared for the next access.
This is called interleaving and allows data bus frequenciesthat are higher than the frequency a
single bank can achieve. However, if the next operation utilizes the same bank as before, the
delay cannot be hidden. For consecutive data accesses, a burst mode can be used, where only
the initial address has to be given and the following addresses are generated internally. SDR
SDRAMs are still available but no further efforts are taken to improve performance, nominally
frequency.
To specify the delays introduced by pipelining, the following values are given, which are illus-
trated in �gure 8:

Row column delay tRCD Time needed to move data from the cell array to the sense ampli�ers
after the row access command was scheduled. After this time acolumn read or write command
can be executed.

4A dead-cycle is only needed for the change from read to write as the write data can be buffered internally and
written later for the other case.
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Row access strobe latency tRAS Time needed from the assertion of the row access com-
mand to complete discharge and restoration of the row data. This includestRCD, tCL, tCWD, and
tWR depending on the actual command scheduled, but also the idletime needed for the next
precharge.

Row precharge time tRP Time needed after row-access to precharge the sense ampli�ers
before being able to access another row.

Column address strobe latency CL Time needed to place requested data onto the data bus
after issuance of the column-read command. This applies forread commands only.

Column write delay tCWD The number of idle cycles after the assertion of the column-write
command and the placement of write-data on the data-bus. Zero means the data is placed on the
data bus in the next cycle after the column-write command.

Write recovery time tWR Time needed for the write-data to propagate into the DRAM array.
There must be no pre-charging before this time.

Write-to-read time tWTR Delay needed after write command before a read command can
be scheduled. This is a part oftWR but shorter, as a read can usually be asserted after the I/O
resources are released, that is before the data are completely written to the memory cells.

Clock

Command ACT

Address Row

Data Dout

Command ACT

Address Row

Data Din

REA PRE ACT

Col Row

WRI PRE ACT

Col Row

tRCD CL
tRAS tRP

tRCD tCWD tWR
tRAS

T1 T2 T3 T4 T5 T6 T7 T8 T9 T10

Figure 8: Timing diagram showing some important latencies for read and write operations.

Table 6 shows the characteristics of available SDR SDRAM chips. The metrics used are ba-
sically the same as for the SRAM devices. In table 7, the performance values are added. For
single data rate devices, the data-rate per pin equals the clock frequency.
The read latencies show the latencies presented before in the following quadruple: ”CL� tRCD�
tRP� tRAS”. Usually a delay being the sumtRCD + tCL only applies for the �rst chunk in a burst
access. The following bursts are processed the next clock cycle without further delay as the row
does not change and therefore does not need to be precharged.The total time needed to access
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different rows in a bank is called the row cycle time and is computed totRC = tRAS+ tRP. For the
write latencies, the tuple ”tCWD � tWR” is given. All values are given in clock cycles regarding
the target frequency.
SDR devices do not use prefetching, so this value is 1. This value is explained in detail when
considering DDRx devices. The maximum bandwidth is computed by the data-rate� data-width.
However, this value can only be achieved for sequential burst operations after the inital access
delay. Therefore, the worst-case bandwidth gives the minimum bandwidth guaranteed (not con-
sidering refresh cycles). It computes to data-rate� data-width� å latency cyclesfor that burst. The
worst case latency is assumed to betRC for every burst considered.
The refresh value gives the number of refresh commands that need to be asserted within a 64 ms
refresh-cycle. Only one row can be refreshed at a time. If there are more rows in the chip than
refresh commands are sent, a single refresh command has to refresh several rows in sequence
and takes therefore longer to complete.

No Vendor Device Density Data-Width Banks Refresh I/O Costs5

1 Micron MT48LC2M32B2 64 Mbit 32 bit 4 4 K 54 6.09
2

Elpida
EDS1216AHTA 128 Mbits 16 bits 4 4 K 36 *

3 EDS1232AHTA 128 Mbits 32 bits 4 4 K 54 *

Table 6: SDR SDRAM memory devices and their characteristics.

No Data- Bandwidth in Gbit/s Latency Pre- Burst-
Rate/pin Maximum worst-case tCWD� tWR CL� tRCD� tRP� tRAS fetch Length

1 200 MT/s 6.4 0.5818 0-2 3-3-3-8 1 1/2/4/8
2 166 MT/s 2.656 0.2656 0-2 3-3-3-7 1 1/2/4/8
3 166 MT/s 5.312 0.5312 0-2 3-3-3-7 1 1/2/4/8

Table 7: SDR SDRAM memory devices and their performance characteristics.

2.2.5 DDRx SDRAM

In double data rate SDRAMs, twice the data-rate is achieved by sampling the inputs and out-
puts on both edges of the clock. The address, however, is sampled only on the rising edge.
To achieve the doubled bus-data transfer-rate, the internal data-bus has twice the width of the
external data-bus and two consecutive data words are combined internally to perform only one
memory array access, which relaxes the timing constraints on the DRAM array. This technique
is also known as prefetching. For DDR1 the prefetching is 2 words, for DDR2 it is 4 words, and
8 words for DDR3. However, for DDR2 and DDR3 not more than 2 words are prefetched within
one bus-clock cycle. That is, to further increase the data-rata it takes twice the bus-frequencies
for the DDR2 and 3 times the bus-frequency for the DDR3 to loadthe wider internal register
for a write-array access or to strobe out the internal fetched data on the narrow output-bus for
a read access. The data-rate of the memory computes then to the ”frequency of the memory”

5Prices in U.S. Dollars. For Micron devices from Nu Horizons Electronics, October 2009. Prices with an ”*” were
not available that time.
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� ”number of words prefetched”. Basically, prefetching allows to reduce the pin-count for data
by transporting small data portions with a higher bus-frequency without changing the internal
memory array frequency.
In difference to bursts known from prior technologies, prefetching is mandatory and cannot be
programmed or canceled. However, the same note applies, that effective bandwidth is boosted
only if the consecutive prefetched data words are actually used by the processor. There is also
a programmable burst mode in multiples of the prefetch length. Figure 9 shows the prefetching
architecture schematically.
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Figure 9: Prefetching in SDR, DDR and DDR2 memory devices.

Newer generation DDR SDRAMs support higher bus frequencies. However, this is mostly due
to improved architecture not due to improvements in the memory array itself. Therefore, latency
has to be increased in number of clock cycles to meet the unchanged delay times of the array.
DDR SRAMs have a programmable CAS latency to match the frequency with the internal de-
lays.
Furthermore DDR introduces a data strobe signal (DQS) that is similar to the system clock but
source-synchronous. The DQS is sent by the device that sendsthe data on the data bus, the con-
troller for a write and the memory for a read, respectively. This signaling allows a more precise
synchronization of the data fetch and therefore higher clock frequencies. In DDR2 and DDR3
the strobe signal is differential instead of single ended for even more precise timing. For the
different DDR generations there are also slight differences in delays and the number of internal
banks is increased with increased chip density.
In short, the trend to reach higher data-rates is to coarsen granularity of data movement. This
only improves performance for data of spatially adjacent address locations not for random ac-
cesses.
Table 8 and 9 show the same information as for the SDR SDRAMs for available chips.
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No Vendor Device Density Data-Width Banks Refresh I/O Costs6

1
Micron

MT47H64M16 1 Gbit 16 bit 8 8 K 46 26.10
2 MT46V16M16 256 Mbit 16 bit 4 8 K 42 6.09
3

Elpida
EDD1216AJTA 128 Mbit 16 bits 4 4 K 42 *

4 EDD1232ACBH 128 Mbit 32 bit 4 4 K 62 *
5 EDE2516AEBG 256 Mbit 16 bit 4 8 K 48 *

Table 8: DDR and DDR2 SDRAM memory devices and their characteristics.

Device Data- Bandwidth in Gbit/s Latency Pre- Burst- Comment
Rate/pin Maximum worst-case write7 read8 fetch Length

1 800 MT/s 12.8 0.5565 5-6 5-5-5-18 4 4/8 DDR2
2 266 MT/s 4.256 0.5675 2-2 2-2-2-5.5 2 2/4/8 DDR
3 400 MT/s 6.4 0.5818 2-3 3-3-3-8 2 2/4/8 DDR
4 400 MT/s 12.8 1.1636 2-3 3-3-3-8 2 2/4/8 DDR
5 800 MT/s 12.8 0.5565 5-6 5-5-5-18 4 4/8 DDR2

Table 9: DDR and DDR2 SDRAM memory devices and their performance characteristics.

2.3 Processing unit

General purpose CPUs are usually not considered for high-speed signal processing applications
because of a more complex design, higher power dissipation and sub-optimal cost-performace.
Digital signal processors (DSPs) are traditionally used for this kind of realtime application. A
DSP is a specialized programmable micro-processor runningat high frequencies but having
prede�ned parallelism. Field programmable gate arrays (FPGAs) are also capable of providing
the same functionality. FPGAs are semiconductors that can be programmed to perform any
logical function �tting the size of the device. The design �ow using an FPGA is rather similar
to that using a traditional ASIC at the higher design levels.FPGAs are therefore more �exible
and have an enormous amount of inherent parallelism.
In the following, the two technologies are shortly reviewedusing references [42] [43] [44] [45]
[46]. For DSPs, the datasheets from Analog Devices [47] [48]and Texas Instruments [49] [50]
were used. For FPGAs, the datasheets from Xilinx were used [51] [52].

2.3.1 DSP technology

DSP processors consist of the same components as a general purpose CPU. This includes an
ALU, a register set, data and address buses, and control logic. However, it is the application
that is special and it allows several simpli�cations and improvements of the hardware architec-
ture. For DSP application the kind and number of operations is known before. It most often
includes heavy number crunching, high data bandwidth with maximized data locality, realtime

6Prices in U.S. Dollars. For Micron devices from Nu Horizons Electronics, October 2009. Prices with an ”*” were
not available that time.

7Write latency values are given in this order:tCWD� tWR
8Read latency values are given in this order:CL� tRCD� tRP� tRAS
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constraints, �xed data-rates, and special peripheral interfaces. Knowing the application allows
designing the functionality completely in application speci�c integrated circuits (ASICs) for
best performance. However, general purpose DSPs allow shorter time-to-market at lower costs,
although, performance shortage has to be accepted.
To be suited for wide range of DSP application, DSPs support the most common patterns includ-
ing wide and highly parallel multiply-adders (MACs), high memory throughput, �xed point or
�oating point hardware, pipelined data-path, single instruction multiple data (SIMD), and timer
for real-time application. To provide real-time functionality, no multitasking is implemented
and most often a Harvard-architecture is used, that is, there are two separated memory locations
for data and instructions. There is also no need for an operating system, but there are real-time
operating systems available.
Table 10 shows some examples of various DSPs.

Vendor Analog Devices Analog Devices Texas Instruments Texas Instruments
Device ADSP-BF549 ADSP-TS201S OMAP3530/25 TMS320C6457

Frequency 600 MHz 600 MHz 430 MHz 1,200 MHz
Width 2 x 16 bit 32 bit 32 bit 16 bit
MACs 2 x 16 bit 4 x 16 bit 4 x 16, 8 x 8 bit 1 x 32 bit

internal RAM 324 KB 24 Mbit EDRAM 16 KB SRAM 16 Mbit
RAM controller 16 bit DDR 4x128 bit DDR 32 bit DDR 32 bit DDR2

I/O 152 GPIO - 5 LVDS 2 LVDS

Comment
2 x 40 bit ALU, 4 bit LVDS Video/Image Fixed point DSP
4 x 8 bit ALU @500 Mbit/s DDR processing support

Cost9 * 326.6710 38.4011 145.45

Table 10: Different DSP processors and their characteristics.

2.3.2 FPGA technology

There are many text resources on FPGAs. Reference [42] and [43], both from the same author,
describe the fundamental ideas, the best-known vendors andtheir different technologies, and
explain the design �ow using several examples. In reference[45], today's FPGA technologies
are reviewed but also implementation using DSPs are shortlypresented. Besides the FPGA fun-
damentals, reference [44] focuses on the design aspects starting at selection criteria for various
designs.
Having dealt with the basic principles, the main source of information are the vendor's webpages
that contain documentation of their FPGAs product line but also additional material regarding
design issues.

FPGAs have the power to combine the �exibility and ”ease of design” of general purpose DSPs
and the computational power of ASICs at the expense of a more complex design cycle. FPGAs
differ from ASICs in the ability to change the design anytimedesired without having to replace
the device. Therefore, the high-level design has to be redone. To allow this programming-style

9Prices in U.S. Dollars. For Analog Devices parts from www.analog.com, For Texas Instruments from focus.ti.com,
October 2009. Prices with an ”*” were not available that time.

10Price for 100-500 units minimum.
11Price for 1000 units minimum.
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like hardware design, FPGAs are built of programmable logicblocks. However, knowledge
about hardware details such as electronic interface characteristics, slew rate, and timing is also
necessary as most DSP designs rely on processing data comingfrom external interfaces. FPGAs
from different vendors, such as Altera, Xilinx, Lattice, orActel differ in the way these logic
blocks are built and interconnected, the additional peripheral logic provided, and the terminol-
ogy used. We concentrate on the concepts used by Xilinx, as there is pre-knowledge available
with devices of this company and as Xilinx dominates the FPGAmarket.
In the following, the main components that in�uence the device selection process are shortly
mentioned. A detailed review on how things are implemented can be found in the references
mentioned before.

Con�gurable logic block (CLB) CLBs are the main components of an FPGA that imple-
ment the desired functionality and they are all connectableusing a programmable interconnect.
A CLB is further divided into smaller functional blocks called slices, which themselves contain
the smallest units, called logic cells (LCs). An LC implements an arbitrary function having a
maximum number of variables by using a lookup table (LUT). Depending on the number of
inputs, 2inputs SRAM storage elements are needed to store the output of the function for all pos-
sible input combinations. To support also sequential designs, an LC also is able to latch or store
the output of the LUT in a �ip-�op. The SRAM cells holding the results can also be connected
in an extra chain to form distributed RAM or a shift-register. Besides this basic elements an LC
may also contain additional functionality like carry logicand interconnects for use in arithmetic
operations.
As the input sizes of LUTs vary and the space ef�ciency of the implementation hardly depends
on the application, it is a dif�cult task to compare different technologies and sizes given by
vendors.

Block RAM (BRAM) BRAM is dedicated SRAM that is positioned somewhere inside the
FPGA and does not perform any combinatorial function. BlockRAM was already discussed in
subsection 2.2.1.

DSP cores To support DSP application, some special functions might beimplemented in ded-
icated blocks that cannot ef�ciently be implemented chaining CLBs. This includes multipliers,
multiply-add-accumulate, adders, dividers, and other.

Digital clock manager (DCM) Especially, when interfacing with different cores outsidethe
FPGA the need for a DCM arises. It is responsible for providing a jitter-free, un-skewed clock
derived from an outside clock provided to the FPGA chip. For some standard interfaces like
DDR2 or LVDS, it may be necessary to provide multiple clock frequencies and phase shifted
clocks. Similar to logic cells, DCMs are bundled and a hierarchy is built. In current Xilinx
devices, a clock management tile consists of two DCMs sharing one analog PLL and having a
digital DLL each.

I/O Block (IOB) An FPGA must be capable of supporting different I/O standards for inter-
facing with periphery outside the FPGA. Therefore, generalpurpose I/Os and gigabit transceivers
are located in dedicated blocks inside the FPGA. Several I/Os are combined in blocks sharing
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the same clock and electrical characteristics. This has to be kept in mind, when selecting an
FPGA device for an I/O bounded design.
Table 11 compares several FPGAs available regarding the components presented.

Option 1 Option 2 Option 3
Vendor Xilinx Xilinx Xilinx
Device XC5VSX50T XC6SLX100 XC6SLX100T

Packaging FFG1136 FGG676 FGG900
User I/Os 480 480 490
I/O Banks 15 6 6

Max. speed 550 MHz Not speci�ed

Slices
8,160 15,822

6 input LUT 6 input LUT
FF per Slice 4 8

LUTs per Slice 4 4

BRAMs
4,752 Kb 4,824 Kb

x36 Kbit dual port x36 Kbit dual port

DSP cores

288 DSP48E 180 DSP48A1
25x 18 two's complement multiplier 18x18 two's complement multiplier

48 bit add, sub and accumulate 48 bit accumulate
@ 550 MHz @ 250 MHz

CMTs 6 6
Cost12 $ 958.75 - 1,715.24 $ 182.50 $ 230.00

Availability 4 6 6

Other Features

LVDS 2.5V support with SerDes LVDS 2.5V support with SerDes
for all I/Os (SDR & DDR) for all I/Os (SDR & DDR)
AES bitstream decryption AES bitstream decryption

SATA support using GTP transceiver 4 DDR1/2/3 DRAM controller blocks
12 GTP Gbit-transceiver x4, x8, x16 DRAM @ 800 Mbit/s

8 GTP Gbit-transceiver

Table 11: Xilinx FPGA devices and their characteristics.

2.4 Limitations

Figure 2 shows the high-level architecture of the system in general. There is the LUPA CMOS
sensor, which is connected to some kind of memory via a memorycontroller. The FPGA is
also connected to the memory to be able to load and process thestored data before writing to an
output bus for �nal storage. Although, the memory and memorycontroller are drawn as external
components to the FPGA, this is only to distinguish the functional parts. No design decisions
are made so far. The output block after having processed the data is not addressed in this thesis
and only shown for completion.
In the following subsections, the limitations and choices of different architectural implementa-
tions for all components are addressed and a solution is �nally presented. The metrics considered

12Prices in U.S. Dollars from www.Nuhorizons.com, October 2009. Prices with an ”*” were not available that time.
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to gain a solution are the bit-rate at which the data needs to be processed every clock cycle, the
memory bandwidth and the number of I/O ports needed to connect all the units, the amount of
memory needed for storage internally inside the FPGA for computation and externally for pre-
caching, the performance available for computation on the stored data, and the total cost.

2.4.1 Memory size

A single frame of full resolution consumes 1696� 1710 pixel=f rame� 8 bit=pixel � 1 f rame=
23:202Mbit. For the purpose of differential compression at least one complete frame has to be
stored to form a reference frame. The current frame to be processed can be completely stored or
streamed and processed in real-time.
If two complete frames need to be stored �rst, before processing, this gives demand on more than
46.404 Mbit of storage. Looking at table 1 showing the amountof block RAM in various FPGA
devices prohibits the use of block RAM as storage for two or more frames due to insuf�cient
size. So, primarily external memory, SRAM or DRAM, has to be considered further. This also
gives more freedom to the algorithm implemented in terms of memory usage. A large amount
of embedded RAM also leads to high system costs and further justi�es this decision. However,
because of the need to interface with external components, the design gets more complicated
and more I/Os are needed.

2.4.2 Data bandwidth and latency

The 32 LVDS data channel from the LUPA high-speed sensor deliver 412 Mbit/s each for full
resolution and maximum frame rate. This sums up to 13.184 Gbit/s in total and sets the lower
limit for data bandwidth. Every clock cycle, 32 bits are sentover the serial interface. Using an
1/8 clock, 32� 8 bit = 265bit can be processed at that rate after de-serialization. Thus aclock
cycle has 412MHz=8 = 51:5 MHz.
Latency is not a major concern for this application as the primary goal is to stream the data to an
external device for permanent storage. However, increasedlatency also brings the need to buffer
a larger amount of data and therefore gives higher demands onthe hardware and the architecture.

2.4.3 I/O ports

To achieve a high bandwidth, many I/O ports are needed to transceive data in parallel. However,
the interfaces mostly used are of differential serial nature. For one LVDS link, 2 I/Os are needed.
Many of these serial links are connected in parallel. The number of I/Os available depends on the
size of the FPGA. Not to be limited by the interfaces, the total number of I/Os has to be accounted
for. The following paragraphs shortly summarize the limitations for the various components of
the system.

LUPA sensor For interfacing the LUPA sensor 34 LVDS channels are needed,32 for data,
one command, and one clock channel. As every channel needs two wires, 68 IOBs of the FPGA
are used.

Memory If there is a dedicated controller for interfacing between external memory and the
image sensor, there have to be separated write and read interfaces to the external memory. The
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data need to be written to external memory, as at least one complete image frame has to be stored
to apply differential compression. The number of lines needed to interface the memory chips
varies with their size, their internal organization, theirtype, and the number of the individual
chips used to form the memory system.
In both cases, whether a dedicated controller is used only for write operations to the memory and
a separated controller is implemented for read operation, or not, only the I/Os needed for one
interface have to be accounted for. In the �rst case, two separate ports for the memory have to be
available but only one port is connected to the same device. For the second case, a bidirectional
bus can be used, which combines the two interfaces in one.

Serial ATA S-ATA is a possible interface solution for staking longtermstorage devices to
the system. It is not discussed further in this thesis as the usefulness heavily depends on the
algorithm, which reduces the data-rate using compression.Here, more experiments have to be
done �rst in future work. However, to have a rough idea of how to connect such an interface, the
number of I/O ports needed have be kept in mind in order not to restrict further development in
this direction.
S-ATA only uses 2 LVDS pairs, one for sending data and one for receiving control information.
However, gigabit transceivers instead of standard user I/Os have to be used as the data-rate used
is above 1.5 Gbit. That is, the number of I/O pins used for interfacing the LUPA sensor and the
external memory are not shortened. However, at least one Gigabit transceiver has to be available
for this solution as data are only written to the disk.

2.4.4 Computing performance

As FPGA have a low clock frequency compared to today's general-purpose CPUs, most per-
formance is achieved by exploiting parallel and heavily pipelined computation. The amount of
calculation needed per pixel depends on the algorithm. The clock frequency achievable depends
on the FPGA technology and the hardware design implementation, especially the pipeline struc-
ture. The FPGA technology is provided by the vendor and can bepurchased in different speed
grades. The amount of parallelism and concurrency is limited by the FPGA's size and features
such as internal memory.

2.4.5 Cost

FPGAs are offered with several speed grades, number of logiccells, dedicated memory, and
I/Os. However, the increase in cost usually does not scale linearly with the feature-size. For a
prototype this is tolerable, but for commercial productiona good performance-cost relation has
to be achieved to be successful on the market. The cost for theminimal requirements have to be
taken, but further cost have to be carefully balanced with their improvement for the other metrics
mentioned in this section.

2.4.6 Algorithm

Figure 10 shows the algorithmic �ow to be implemented in Hardware. However, no details but
only the functional structure is presented here as the initial implementation should be possible to
be extended in future projects using the same hardware architecture. Therefore, this only serves
as a guideline.
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Figure 10: Data-�ow of algorithm to be implemented.

The parts of the algorithm investigated in this thesis are working as follows:
A spatial �ltering algorithm takes ann x n window of pixels to work on. Therefore, a larger part
of the current frame has to be read from memory. The output is asingle value for the current
pixel c to be compressed at position(x;y) of frameX. For the differential compression algorithm
to work at least two frame values are needed. That is, the current value already �ltered by a
previous stage is compared against the value at the same spatial location,(x;y), in thet previous
frames, which are used as an estimator, and the residual is sent to the entropy encoder to be
�nally compressed. The entropy coder needs to have a local table to dynamically adjust the code
words based on the already coded values. The entropy coding algorithm is not investigated in
this thesis as the most bene�t is expected from predicting and coding only the residuals the input
�rst.

2.4.7 Extensibility

The hardware architecture to be developed must have enough margins to ful�ll requirements of
algorithms implemented in the future. Therefore, not the minimal needs must be satis�ed but
also some more resources must be available. The only �xed number that represents a maximum
value needed is the data rate at which the LUPA sensor is providing data.
Furthermore some non-functional metrics should be considered to be extensible, e.g. the avail-
ability of the components to ensure manufacturing of the system, the package and board layout
to be upgradable by the fewest number of changes to the architecture.

2.5 Architectural proposals

First, three corner cases are presented that are not feasible with today's technology, to get an
idea of the problem set and the limiting factors. The cases are (a) linear pixel-wise processing,
(b) linear kernel-wise processing, and (c) parallel frame-wise processing. For all of them, the
limiting factors are exposed like memory bandwidth, memorycapacity, or computational perfor-
mance. All three cases are without the explicit utilizationof pipelining. Finally, a compromise
is presented, that is suitable for being implemented.

2.5.1 Corner case (a)

In a completely serial design, every pixel is processed after another. That is, in a 51.5 MHz clock
cycle, 32 pixels have to be processed. By just using one clockcycle for every pixel, this yields
an inside FPGA clock of 1.65 GHz. If only one pixel value is retrieved from memory at once, a
minimal capacity of 8 bit inside the FPGA are needed, which leads to a moderate bandwidth of
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8 bit � 1:65GHZ = 13:2 Gbit=s. However, the operating frequency is not achievable by today's
FPGAs and none of the inherent parallelism is used.

2.5.2 Corner case (b)

The smallest amount of pixel values that can be naturally processed in parallel is 32 pixels each
having an 8-bit value-range. They are transmitted at a rate auf 51.5 MSamples/s from the LUPA
chip and only allow a small amount of parallelism. The amountof memory needed for the 32
pixels to be processed ist � 32 pixels� 8 bit=pixel = t � 256 bit, with t being the size of history
needed for the computations. This can be handled easily using internal registers. However,
assuming an operating frequency of 206 MHz for the FPGA and a history of t = 2 frames,
this gives 4 clock cycles for processing the data in paralleland yields a memory bandwidth
of 2 � 256 bit � 206 MHz= 105:47 Gbit=s. This might be feasible for a sophisticated memory
architecture.
This case restricts the number of cycles for performing computations on the data as only little
concurrency is exploited. However, the amount of memory needed is low and so is latency as
there is only a delay of a 32 pixel cluster.

2.5.3 Corner case (c)

At the other extreme, for a time window oft frames, all thet frames can be completely trans-
ferred to memory �rst before being all read out and processedin parallel. A complete frame is
stored in a time window of 53clusters=row� 1710rows=f rame� 51:5 MClusters=s= 1:76 ms,
that is a frequency of 568Hz. This is the time also available for a complete frame to be pro-
cessed before the next frame has to be stored re-using the same memory location. This gives
the need for higher memory bandwidth, if all pixels have to beread from the memory at the
same time for parallel computation. That is, 1696� 1710pixels=f rame� 8 bit=pixel � t f rames=
23 Mbit=f rames� t f rameshave to be read from memory, wheret is at least two for our appli-
cation. Assumingt = 2, 46 Mbit have to be read out before the �rst kernel of the nextframe is
transmitted and overwrites some of the data. This yields a bandwidth of 46Mbit � 51:5 MHz=
2:37Pbit=s= 296TB=s, if the same frequency is assumed at which a new kernel is transmitted.
This is not feasible by any memory architecture today. For this extreme case, there is also the
need for at least 46 Mbit of registers, which is not availablein mainstream FPGAs.
This case has two shortcomings: the amount of memory inside the FPGA and the external mem-
ory bandwidth. However, there are more cycles available forcomputing. The data is processed
with one full frame of latency.

2.5.4 Trade-o�

As we have seen, the external memory bandwidth has to be balanced with the time available for
computation and the memory requirements for using the needed data inside the FPGA.
All three corner cases presented before assumed that the algorithm did not need a neighborhood
for a pixel to process. That is, only one spatial location over several temporal instances is needed
for computation. This is not true for many image processing algorithms like median �ltering
presented in chapter 4.5. Here a neighborhood ofn x n pixels is needed, so more values have to
be loaded from external memory.
In �gure 11 important metrics and their interdependencies are shown, which have to be balanced.
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Figure 11: Important metrics and their interdependencies.Arrows denote an ”affecting” rela-
tionship.

As can be derived from this �gure, performance and cost are the main elements that are affected
by all other metrics.
To achieve more performance, parallelism and concurrency in form of pipelining has to be ex-
ploited. More parallelism also increases the need for memory inside the FPGA to store the
initial values loaded from external memory for all the pixels processed in parallel. Pipelining
also needs more internal memory to store immediate values atthe end of every pipeline stage
for further processing in the next stage the following cycle. The number of �ip-�ops needed for
pipelining is the number of stages multiplied with the number of pixels per stage, that are pro-
cessed in parallel. Intensive pipelining and parallelism increases the size of logic and therefore
the size of the FPGA needed as the logic cannot be re-used because it is needed every cycle.
With parallelism also the bandwidth of the memory system hasto be increased as more data
have to be loaded per cycle to work on. This increases the number of I/Os needed to load wider
words from the external memory and eventually increases thesize of the FPGA and it is �nally
limited by the memory system or the I/O pins. Pipelining, however, does not affect bandwidth
but increases latency.
As logic cells are comparatively cheap in terms of cost, larger dedicated memory and higher
speed grades are cost intensive.
Therefore, to achieve higher performance, especially pipelining is used followed by some degree
of parallelism. Speed grades are neglected at the moment, but this gives additional headroom if
more performance is needed, however, at high cost.

2.6 Proposed hardware architecture

In this sub-section we present a hardware architecture capable of providing the desired function-
ality. The interfaces already presented in �gure 2 are highlighted individually and the choices are
explained. The order used for making the decision is based onthe degree of freedom. First, there
is no alternative to how to connect the LUPA sensor. The choice, which memory to use and how
to organize it is critical to the overall performance and extensibility of the system. Therefore,
the decision is to select the memory having the highest performance. The highest �exibility is in
the FPGA and the algorithm performed on it. The FPGA has to be chosen to be able to connect
to the interfaces of the other components, that were selected aiming at highest performance. The
FPGA can then be chosen to either completely catch up with theoffered performance or if cost
dominate over performance to waste it. However, this make the system easier to be extended for
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future applications as the FPGA is the last component in the chain and therefore only affecting
the performance of the implemented algorithm.

2.6.1 LUPA - memory controller interface

This interface is given and was already presented in detail in section 2.1.3. Here, the implications
on the memory controller part of the interface are shortly summarized in table 12

Data I/Os 32 LVDS 2.5V pairs
Additional I/Os 1 Clock LVDS pair, 1 Command LVDS pair

Data-rate 32 � 412 Mbit/s = 13.185 Gbit/s
Smallest kernel 32 � 8 bit @ 51.5 MHz
Max frame size 1696 � 1710 = 53 kernels a 32 pixel� 1710

Table 12: Summarization of LUPA LVDS interface.

2.6.2 External memory interface and hierarchy

As could be seen in tables 2 to 9, SSRAM is outperforming SDRAMespecially when looking at
the random-bandwidth instead of the maximum. In addition, SDRAM is only available in high
density chips, which accumulates to unnecessarily high amounts of total external memory, if
several chips are used to form a high-speed memory architecture exploiting interleaving. There-
fore, SSRAM is chosen.

There may be different needs for read and write performance.The write bandwidth is com-
pletely speci�ed by the LUPA interface, which also sets the minimal requirement for the data-
rate at wich data are read. However, the read performance depends on the algorithm and memory
read-out structure used.
For the algorithm presented in section 3 and 4.5, respectively, which basically consist of spatial
median �lter followed by a temporal predictor, a generic formula can be given. Forp parallel
processed pixels, a �ltering neighborhood ofn x n pixels, and a temporal window oft pixels that
are all located at the same spatial location as the currentlyprocessed pixel, it is given to

bandwidthread =
h
(n+ p) � n� 8 bit + ( t � 1) � (p�

n
2

) � 8 bit
i

�
32
p

� 51:5 MHz:

For this, thep pixels are assumed to be neighbors in the same row as the LUPA transmits 32
neighboring pixels row-wise at a frequency of 51.5 MHz each pixel having an 8 bit value range.
The ratio 32=p denotes the multiple of the base frequency that is needed forloading thep pixels
at the same rate as new pixels arrive.
The loaded data have to be stored in �ip-�ops inside the FPGA for computation. The number of
pixels needed can also be calculated using the above formula. However, this implicates that all
values are freshly loaded from external memory, although the computing clusters overlap and
can be re-used as shown in �gure 12.

Differential Lossless Compression for High-Speed FPGA Cameras 32



2 Hardware architecture

n
2

1-n
2

n
2

...

n
2

1 2 ... 1'- n
2

n
2

... p 1' ...
n
2
p+n

2

... p' ... n
2

Figure 12: Overlapping of parallel computation clusters ofsizep using ann x nneighborhood.

Proposal a) As seen in �gure 11,p affects the number of I/Os needed. If we take the obvious
valuep = 32 and the minimal possible valuesn = 3 andt = 2, this demands a bandwidth of

BWp= 32;n= 3;t= 2 = 1084bits� 51:5MHz= 55:826Gbit=s

This is 4 times the bandwidth needed to connect the LUPA sensor, although only 2 frames are
used in the temporal dimension. If we take SSRAM modules, each working at 250 MHz DDR
to achieve this bandwidth, we can calculate the minimal wordwidth needed to

width=
55:826Gbit=s
2� 250MHz

= 111:652bit

Taking the next power of two, that is 128 bit, 128 data lines,log2(size) address lines and addi-
tional lines for clocks and command signals are needed. For four 8 Mbit x32 devices in parallel,
this is a total of 128 + 23 + control> I/Os.

Final proposal A more sophisticated structure for loading the data into theFPGA memory is
shown in �gure 13. For this structure, onlyp pixels are processed within a 32=p�51:5 MHztime
frame and then shifted to the right. In this schemen complete rows have to be kept in a pipeline
to satisfy then pixel neighborhood of each pixel inp. That is, from the memory a 32 pixel kernel
is loaded with a 51.5 MHz rate, the same that is needed for writing the LUPA data to memory.
This reduces the bandwidth needed for reading back from external memory to 13.185 Gbit/s
for one frame. But it also adds some delay before the shiftingstructure is �lled and processing
can be started. For the temporal dimension, additional bandwidth is needed. This doubles the
amount of memory bandwidth needed.

After the clusterX, shown in dark red, is processed in parallel, a new cluster consisting ofp
pixels is shifted in into row 1. All clusters inside are also shifted one cluster to the right and the
rows are wrapped around as denoted by the arrows. The neighborhood window always stays at
the same location. The only restriction for its placement isthat there are enough pixels to the
left and right to form ann square window. The internal connection scheme for shiftingis shown
in �gure 14. As a row of the LUPA sensor is divided into 53 kernels containing 32 pixels each,
a row here contains32

p � 53 clusters of sizep.

Differential Lossless Compression for High-Speed FPGA Cameras 33



2 Hardware architecture

X

row 1

...

row n/2

row ...

row n

For this structure,
1696 pixel=row� 8 bit=pixel
�n row=f rame= n� 13:568 Kbit
of internal memory is needed for
spatial �ltering. Then, only the
cluster shown in dark red contain-
ing p pixels is further processed.
The neighborhood of clusterx that
is processed is shown in light red
and contains the corresponding
clusters in then=2 rows above and
below and pixels of the neigh-
boring clusters to form then x n
square.

Figure 13: Pipelined data structure for spatial processingof clusterX using ann x n window.

The number of pipeline stages and therefore the number of cycles available for processing of a
cluster depends on the total size of internal memory. For example, having 4 Mbit of block RAM,
assuming a window ofn = 5, a cluster size ofp = 32, and 10 cycles needed for spatial �ltering,
this gives a total memory demand of 5� 13:568 Kbit � 10 = 678:40 Kbit for the �ltering. This
leaves for the compression 3321:6 Kbit. In pipeline stages, this is3321:6 Kbit

32 bit = 103:8 K stages
and therefore computation cycles.

For this structure, internal memory having a size of 1696pixel=row � 8 bit=pixel � n row =
n � 13:568 Kbit is needed. After spatial �ltering, onlyp pixels are processed further within
the following pipeline stages. Forp = 32 this is about 256 bit needed per stage.

row 1
cluster 0

1 2 ... p-1 p

cluster 1

1 2 ... p-1 p

...
cluster 32/p * 53

1 2 ... p-1 p

row 2
cluster 0

1 2 ... p-1 p

cluster 1

1 2 ... p-1 p

...
cluster 32/p*53

1 2 ... p-1 p

...

row n
cluster 0

1 2 ... p-1 p

cluster 1

0 1 ... p-1 p

...
cluster 52

0 1 ... p-1 p

Figure 14: Connection scheme for shifting parallel processed cluster.
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The memory layout for reading has to satisfy the same needs aswriting. However, to be exten-
sible to algorithm demanding higher bandwidth, the following memory architecture of �gure 15
is proposed.

...

w

b b

Given the minimum bandwidth of 13.184 Gbit/s.
Assuming memory frequency of 206 MHz DDR.
) wmin = 13:184 Gbit=s

2�206 MHz = 32 bit
We usew = 64 bit to ful�ll future needs.
Minimum memory size needed is 24 Mbit/frame.
We use next power of two,s= 32 Mbit.
Possible con�gurations are then to use

� 4� 8 Mbit x16 SDR chips

� 2� 16 Mbit x32 SDR chips

� 2� 16 Mbit x16 DDR chips

Figure 15: Interleaving memory layout to achieve high bandwidth.

This layout provides a maximum read or write bandwidth of 64bit �2�206MHz= 26:368Gbit=s
assuming a 206 MHz DDR clock. The number of I/Os used is 64 pinsfor data and around 19
pins for the address. Combined with a few control-signals a number of 90I=Osis estimated for
this layout.

So far, only data of one frame in time were considered. However, for differential encoding,
at least one reference frame is needed. For these frames, thesame scheme of �gure 13 can be
applied or only one cluster can be kept in local memory. The memory bandwidth and the exter-
nal memory size is only affected by the size of the temporal dimension. The data structure just
in�uences the size of local memory needed and the delay before processing can begin. However,
the maximum latency dominates the other and all data has to bealigned in time to use data from
the correct spatial location distributed over multiple time frames.

Using a single port memory, such as DDR SSRAMs, having at least three of the memory blocks
shown in �gure 15 is proposed. In that way, two frames can be completely written and then read-
out again for computation assuming at = 2 temporal window, while a third frame is captured
in the currently unused memory block. This avoids bus contention due to permanent read-write
turnarounds as only a round-robin scheme is applied that changes direction every third frame
cycle for one cycle. It needs the memory controller and the processing FPGA shown separated
in �gure 2 to be combined. This saves additional cost for the second device and eases board
layout.
The total number of I/Os needed for the 3 memory blocks and theLUPA chip sums up to roughly
3� 90+ 70= 340I=Os. This number can be satis�ed by medium-sized FPGAs.

2.6.3 FPGA

The last element in the chain is the FPGA. It now has two working areas, as memory controller
and as algorithm implementation. The requisites demanded so far are summarized in table 13.
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I/Os 340 User I/Os
I/O data rate/pin 2 � 206 Mbit

Optional I/Os 1 Gbit Transceiver for S-ATA extension

Internal memory
s 16 Kbit for �ltering pipeline

s t � p� 8 bit/pipeline stage

Table 13: Summary of requisites demanded by the LUPA sensor and the memory system.

All three options presented in table 11 ful�ll these requirements. The best match, however, is the
Spartan 6 XC6SLX100T, which offers low cost and additional gigabit-transceivers for the op-
tional S-ATA interface. If an FPGA with more slices should beneeded, the larger XC6SLX150T
can be used, which comes in the same package, providing 45% more slices and 150 additional
user I/Os. This leaves enough headroom for later extensions, for example a DDR SDRAM buffer
to the user's output port.

2.6.4 Complete Architecture

Table 14 summarizes the components chosen for implementingthe derived hardware architec-
ture. Figure 16 shows the �nal and re�ned hardware architecture already outlined in �gure 2.

Part Amount Characteristics Cost13

Cypress LUPA-3000 1 High-speed image sensor *
32 LVDS data channels
13.185 Gbit/s bandwidth

64 I/Os needed
Xilinx XC6SLX100T 1 FPGA 230.00

490 I/Os, 8 GTPs
4 Mbit bRAM, 15,822 slices

Cypress CY7C1320BV18 3*2 DDR SSRAM 191.40
300 MHz max frequency total

18 Mbit, x36 con�guration
BWmax= 3� 38:4 Gbit=s

s 270 I/Os: 3*(72+9+controll)

Table 14: Summary of parts needed for hardware architecture.

13Prices in U.S. Dollars. For cypress parts from www.cypress.com, for Xilinx from www.xilinx.com, October 2009.
Prices with an ”*” were not available that time.
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LUPA
3000
CMOS
Sensor

...

13.185 Gbit/s

Xilinx - XC6SLX100T

68 I/Os

s 270 I/Os

Cypress
CY7C1320BV18
Memory
chips

512 K
x36

72

Frame 0

512 K
x36

72

Frame 1

512 K
x36

72

Frame 2

3 * 38.4 Gbit/s

G
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P
T
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iv

er

Figure 16: The functional blocks of the �nal high-level architecture.

2.7 Conclusion

In this chapter, the different technologies used in the compression system were shortly pre-
sented. Especially the interfaces were highlighted as theyhave to ful�ll bandwidth demands
by the LUPA image sensor. There are several trade-offs that need to be balanced to choose the
right architecture that meets performance requirements but also respects limiting factors such
as I/O ports, memory size, and cost. Finally, an architecture was presented ful�lling all these
requirements. It is furthermore extensible as it has a) unused resources and b) can be upgraded
with higher-performance devices adding more cost.

Differential Lossless Compression for High-Speed FPGA Cameras 37



3 Data compression modeling

3 Data compression modeling

The target application consists of video material �lmed by ahigh-speed camera. The frame-rate
is in the area of 10,000 to 100,000 frames per second! This provides a much higher temporal
resolution than standard cameras using 25 or 30 fps. However, it also depends on the speed of
the observed object, whether there will be a good temporal resolution or whether we suffer from
the same problems as most video material with real-live scenes in the movies do.

If there is a high temporal resolution, this means, that there is also a high correlation between two
successive frames. This can be exploited for compression bydifferential encoding. That is, one
frame is encoded in its original form and used as a predictor frame. The next one is subtracted
from the reference frame and only the difference, called theresidual, is encoded. This should
lead to a more peaky probability distribution function (pdf), as differences tend to be small in the
case there is a high correlation between the frames, and it leads to better results using entropy
encoding techniques like Huffman-Coding or Arithmetic-Coding.

In this section, we try to �nd a mathematical model to describe the degree of correlation be-
tween two successive frames in terms of a speed vector, the frame rate, and the object size and
shape. All entropy values introduced denote the �rst order entropies only.

3.1 Entropy estimation of di�erential encoding of 1-bit ima ges

First, we will only look at 1 bit images, that is, images in black/white. Here it is more obvious,
what gain to expect from differential encoding. If there is an overlap between the two instances
of the object (we assume the original object to have value 1) in successive frames, this overlap-
ping area will become zero and appear to become background. So, the probability distribution
for black and white values changes. The optimal case would be, if there is a full overlap and the
whole object is disappearing by subtraction, that means, itdoes not have to be encoded at all.
As we deal with 1 bit values, there is no real information leftin the frame and the entropy goes
for zero. However, the alphabet that needs to be encoded is getting twice as big, as there is now
an additional value of� 1 due to subtracting the new position of the object from an area where
previously background has been.

In �gure 17 we assume a quadratic object moved by motion vector~v at frame ratef .

0 1 2 3 4 5 6
0

1

2

3

~v

The left �gure shows two squares
of size 2 x 2. The initial one is
shown inlight red. It is then moved
along vector~v and shown at the �nal
destination indark red. The non-
overlapping area of the two squares
is shaded ingreen.

Figure 17: Area of difference-image after movement.
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In differential encoding only the difference of two successive images has to be encoded. This
is the part of the original square that is not covered (in light green) and the non-overlapping area
of the moved object (in dark green). Note, that the two areas represent two different values of
the alphabet due to additional negative values as describedearlier.
The worst case would obviously be, if the two squares do not overlap at all. Then, the informa-
tion to be encoded would be higher than before and we lose compression ef�ciency, and even
worse, the compression becomes an expansion. In the next subsection we try to �nd a mathe-
matical model, which describes the gain we get by using this simple prediction of images for
data compression.

3.2 Mathematical model

We can describe a square or a rectangle using two vectors, which are linear independent of each
other, and one point in case the location of the object is of interest. For our purpose, the exact
location is not necessary to be de�ned and the point can be chosen arbitrarily. Figure 18 illus-
trates this.

0 1 2 3 4 5
0

1

2

3

4

A

p

~ry

~rx

The left �gure shows a square or rectangle
de�ned by two vectors~rx and~ry. If the exact
location is of interest, the corner-pointp can
be given.

The Matrix R =
�

~rxx ~ryx

~rxy ~ryy

�
is built by the

two vectors as columns. Its determinant gives
the area of the rectangle.

Figure 18: Mathematical de�nition of a rectangle.

The areaA is given by calculating the determinant of the matrixR, which has the two vectors
~rx and~ry as columns. After calculating the difference of the two frames, we get a new probability
for the moved object:

Pm =
(A� Ad)

size
= Po

wherePm is the probability of pixels having value -1 (the moved object), A is the area of the
original object,Ad is the area of the overlapping area andsizeis the total pixel count of the
image. The probabilityPo of pixels having value 1 (the original object, which is not covered by
the moved one) is the same asPm as can be seen in �gure 17. The background that has not been
changed by the movement and the overlapping area has value 0 and probability

Pb =
size� 2� (A� Ad)

size
:

Note, that this is only true if the moved object is completelylocated inside the frame and has
not moved outside of it. This can be assumed for small objectscompared to the frame size. The
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overlapping regionAd is given by the determinant of the matrixRd, that is built by~dx and~dy as
can be seen in �gure 19.

Rd =
�

~rx
2� ~v ~rx

~rx
2 � ~rx

~ry
2� ~v ~ry

~ry
2 � ~ry

�

Therefore the total entropy of the difference frame calculates to

Hdi f f = Pm � log2

�
1

Pm

�
+ Po � log2

�
1
Po

�
+ Pb � log2

�
1
Pb

�
:
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~ry

~rx

p'

~ry

~rx

~v

~dx

~dy

qy

qx

q0
x

q0
y

The �gure shows the original rect-
angle(~rx ~ry) originated at pointp
and the version shifted by~v origi-
nated inp0. The overlapping area
is de�ned by ~dx and~dy, which
compute to:

~dx =
~rx

2 � ~v�~rx

~r2
x

�~rx

~dy =
~ry

2 � ~v�~ry

~r2
y

�~ry

See Appendix H for the derivation
of these vectors.

Figure 19: Calculation of overlapping-area after movement.

This formula was implemented using Matlab and was checked against a purely simulated
version of the same movement. See Appendix J listening 9 for the source code of the two
implementations.

j~vj
f ps � w

Ratio in Hdi f f
Horig

0 0:2 0:4 0:6 0:8 1:0 1:2
0

1

2 © f = 0�

s f = 45�

� f = 30�

j~vj
f ps � w in [%]

with:
~v in [pixel/sec]
fps in [1/sec]

Figure 20: Entropy ratio of difference-frame to original frame for moved square of size w=10

by j~vj
f ps with ~v having different angles and a frame-size of 264x264. The value j~vj

f ps is
normalized tow and given in % of w.
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Figure 20 shows the gain in entropy (the lower the better) forencoding the difference of two
successive frames. A square object of size w=10 in the �rst frame is moving by the normalized
speed j~vj

f ps ranging from 0to 1:5� w , As long as the value of thegain-axis is less than one, there
is a positive gain in entropy, otherwise it takes more bits toencode the difference-frame than the
original frame. This happens at a movement of about 4 pixels,which is 4

10 = 0:4 of a side of the
square.
Because of the rectangular shape of the object, the angle of the motion vector~v is also of interest,
as the diagonal is the longest way and therefore yields an overlap for a longer period. However,
as the calculation shows, this does not lead to more gain, butrather less as the amount of overlap
is less due to the diagonal movement and non-linear change incommon area.
In this case, using motion compensation we can achieve full overlap and therefore the highest
compression possible. However, having more complicated movements and more objects with
more than just one color, motion estimation and compensation become quite expensive in terms
of compute power. Having the application of high-speed cameras in mind, there is a good chance
of low compression ratios, without using higher order predictors due to slow motion relative to
the frame rate.

3.3 Generalizazion of 1-bit case

The formula presented in the last section only applies for rectangular objects. We now derive
a more general formulation of the 1-bit differential encoding scheme by introducing three vari-
ables as follows:

To get rid of a special object shape, we describe the amount ofarea covered by an object as
percentage of the total frame size, that is

0 �
A
S

� 1;

whereA is the size of the object andSis the size of the frame. ForAS = 0, no object is present,
for A

S = 1, the object is covering the whole frame and no background isvisible. For values larger
0.5, the role of object and background could also be simply exchanged.

Also, to be independent of the direction, that is, also independent of the angle, the object is
moving, we describe the overlap of the original object and the moved object by the percentage
of object area that is covered, that is

0 �
Ad

A
� 1;

whereAd is the overlapping area as de�ned before. ForAd
A = 0, there is no overlap, forAd

A = 1,
there is full overlap.

The third generalization relaxes the assumption of the moved object being completely located
inside the frame. We introduce a variable, that indicates the percentage of size of the moved
object, that is located within the frame, that is

0 �
C
A

� 1;

whereC is the new variable for the size of the moved object. ForC
A = 0, the object moved com-

pletely outside the frame, so there cannot be any overlap. For C
A = 1, the moved object is fully
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covered within the boundaries of the frame. This corresponds to the assumption made in the last
section.

Figure 21 shows all the variables presented. The frame size is de�ned by the �rst quadrant,
that is for x-values and y-values� 0. The original object is shown in dark green inside the
frame. The moved object is shown in light green and is not completelly located inside the frame.
The part of the moved object that is outside the frame carriesno information as it is not covered
and does not have to be encoded. There is a small overlap shownas dark red area.

� 1 1 2 3 4

� 1

1

2
Ad

A

C

S

The frame of sizeS is represented by
the 1st quadrant. The objectA shown
in dark green is moved between two
successive frames. The moved object
is shown in light green. There might
be an overlap between the original
and the moved object shown in dark
red. The part of the moved object
still visible in the frame view is la-
beledC.

Figure 21: Overlap of a generic object with the same object after motion.

As can be seen in �gure 21, there are 3 areas having different values to encode:

1. The original object, which is not covered by the moved object. It is assumed to have value
1. The relative frequency is:

PA =
A
S

�
Ad

A
�
A
S

:

2. The moved object, which is visible inside the frame and notoverlapping with the original
object. It is assumed to have value 0� 1 = � 1 and its relative frequency is:

PC =
C
A

�
A
S

�
Ad

A
�
A
S

:

3. The background and the overlapped region that has become background by subtraction. It
is assumed to have value 0. The relative frequency can be computed using the frequencies
de�ned above:

PB = 1� PA � PC

If we introduce the variablesx, y , andz for the individual ratios, being

x =
A
S

y =
Ad

A
z=

C
A

;

the total entropy of the difference image can be calculated to

Hdi f f = � (x� yx) � log2(x� yx) � (zx� yx) � log2(zx� yx)�

(1� (x� yx) � (zx� yx)) � log2(1� (x� yx) � (zx� yx)) :
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The original entropy is calculated to

Horig = � x� log2(x) � (1� x) � log2(1� x):

R(x;y;z) =
Hdi f f

Horig
=

� (x� yx) � log2(x� yx) � (zx� yx) � log2(zx� yx)
� x� log2(x) � (1� x) � log2(1� x)

�
1� (x� yx) � (zx� yx)) � log2(1� (x� yx) � (zx� yx)

� x� log2(x) � (1� x) � log2(1� x)
(2)

Equation 2 gives the ratio of entropy of the original image and the moved image using a tem-
poral predictor to build the residuals. Values smaller than1 result in a compression gain as the
entropy of the residuals is smaller and carries therefore less information. For values larger than
1 it becomes a loss in compression performance.

If we assumex to be small, that is for small objects compared to the frame size, we can also
assumez to be one as the moved object is likely to be still inside the frame boundaries. Making
these assumptions, we get for the fraction ofHdi f f =Horig a similar gradient as in �gure 20 before.
Figure 22 shows this fraction for some values ofx. Note, that compared to �gure 20, left and
right are exchanged on the x-axis.

0 0.2 0.4 0.6 0.8 1
0

0.5

1

1.5

2

A
d
/A

H
di

ff / 
H

or
ig

 

 

x = 0.1

x = 0.01

x = 0.2

x = 0.3

x = 0.5

Figure 22: Entropy gainR(x;y;z) plotted forz= 1 and various object sizesx.
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As can be seen, the ratio of the entropies goes for 0 if the overlap goes for 1. For small objects,
the worst ratio goes for 2 as twice the information has to be coded if there is no overlap. This
can also be computed using the formula settingz= 1 andy = 0, and then calculating the limit
for x ! 0.

lim
x= 0

=
� x� log2(x) � x� log2(x) � (1� x� x) � log2(1� x� x)

� x� log2(x) � (1� x) � log2(1� x)

= lim
x= 0

� 2� x� log2(x) � (1� 0) � log2(1� 0)
� x� log2(x) � (1� 0) � log2(1� 0)

= lim
x= 0

� 2� x� log2(x)
� x� log2(x)

= 2:

For x = 0:5 andy = 0 the ratio goes for 1 as the assumption was made that the movedobject
is still covered completely within the frame. That is, the original object having value 1 and the
moved object having value� 1 are covering the whole area. No uncovered space is left and
therefore, two values have to be encoded as for the original case. However, the values are 1 and
� 1 instead of 1 and 0.

Figures 23 and 24 show a 3-D plot of the generalized formula for selected values forz. The
casez = 1 covers the cases shown before for all combinations ofx andy. For this case, only
x-values between 0 and 0:5 are shown as for larger values not all combinations ofx andy are
possible under the restrictionz= 1.

Figure 23: Entropy gainR(x;y;z) plotted forz = 1. The plain atR = 1 shows transition from
loss to gain.
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The plane atHdi f f =Horig = 1 marks the area of transition between compression gain, which is
for values lower than 1, and loss, which is for values larger than 1.

Figure 24: Entropy gainR(x;y;z) plotted forz= 0:5. The plain atR= 1 shows transition from
loss to gain.

To �nd the combinations of object size and overlapping area that result in a compression gain,
we solve the equationR(x;y;z) = 1 under the assumptionz= 1. The result is plotted in �gure 25.
The area above the line is the aimed constellation and results in compression gain.
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Figure 25: Solution forR(x;y;1) = 1 showing the area for compression gain above the curve
and for loss below it.

The �nal step of getting an estimate on the compression performance is to relate the variables
presented so far to the relative object-speed~v

f ps. The higher the relative speed the higher the
offset areaAo f f that the object is shifted by and thus the smaller the overlap.

Ao f f

S
= vshape�

1
S

and Ad = A� Ao f f , xy= x�
Ao f f

S
;

wherevshapedenotes an object speci�c formula that describes the covered area during the motion,
which depends on the object's shape. Here, no general formula can be given, so it has to be
derived for the speci�c case.
For a circular object, a Matlab function is given in appendixJ, listing 4 and its derivation in
appendix I, which calculates the offset area mathematically.

Ao f f = A�

2

42�
A
p

� arcsin

0

@

q
A
p � v2

4q
A
p

1

A � 2

r
A
p

�
v2

4
�

r
v2

4

3

5

Note, that a constant speedv is assumed during the time between two frames and the object is
assumed to be almost symmetrically to the center. Otherwise, more sophisticated calculations
are necessary to calculate the offset area.
Once having overcome this burden to estimate the overlapping areaAo f f , it has to be scaled to
the size of the objectA and subtracted from total overlapAA = 1. As there cannot be a negative
overlap the maximum of zero and the actual value is taken. That is,

Ad

A
= y = max

�
1�

Ao f f

A
; 0

�

By knowing the area of the moving objectA and its shape, the total frame sizeS, the frame rate
f ps, and the speed~v, the overlapping areaAd can be estimated. Assuming the area of the moved
object to be fully contained withinS, that isz = 1, and using the known value forx and the
calculated value fory the compression performance can be read in �gure 23 or can be calculated
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using equation 2.
This calculation only gives relative values in respect to entropy encoding the original image
without prior prediction. However, to get absolute values for the entropy, one has to calculate
the original entropyHorig, which only depends on the frame size and the size of the object. In
a second step, the relative ratio can be related to this valueto gain an absolute estimate for the
entropy of the residuals. Table 15 concludes with some values for the compression gain as ratio
and difference of the entropy of the original and the difference image for speci�c combinations
of relative speed~v

f ps and relative object sizeAS. The object is assumed to be of circular shape.

~v
f ps

~v
f ps � r A

S
Ad
A Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.000 0.000 0.005 1.000 0.0416 NaN NaN NaN
0.100 0.010 0.005 0.994 0.0416 0.0009 0.0228 0.0407
0.500 0.050 0.005 0.968 0.0416 0.0041 0.0980 0.0375
1.000 0.100 0.005 0.936 0.0416 0.0076 0.1821 0.0340
1.500 0.150 0.005 0.905 0.0416 0.0109 0.2609 0.0308
2.000 0.200 0.005 0.873 0.0416 0.0140 0.3362 0.0276
2.500 0.250 0.005 0.841 0.0416 0.0170 0.4089 0.0246
3.000 0.300 0.005 0.810 0.0416 0.0199 0.4793 0.0217
3.500 0.350 0.005 0.778 0.0416 0.0228 0.5478 0.0188
4.000 0.400 0.005 0.747 0.0416 0.0256 0.6146 0.0160
4.500 0.450 0.005 0.716 0.0416 0.0283 0.6799 0.0133
5.000 0.500 0.005 0.685 0.0416 0.0310 0.7437 0.0107
6.000 0.600 0.005 0.624 0.0416 0.0361 0.8673 0.0055
7.000 0.700 0.005 0.564 0.0416 0.0410 0.9858 0.0006
8.000 0.800 0.005 0.505 0.0416 0.0458 1.0995 -0.0041
9.000 0.900 0.005 0.447 0.0416 0.0503 1.2083 -0.0087
10.000 1.000 0.005 0.391 0.0416 0.0546 1.3123 -0.0130

~v
f ps

~v
f ps � r A

S
Ad
A Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.000 0.000 0.451 1.000 0.9930 NaN NaN NaN
1.000 0.010 0.451 0.994 0.9930 0.0567 0.0571 0.9363
2.000 0.020 0.451 0.987 0.9930 0.1019 0.1026 0.8911
3.000 0.030 0.451 0.981 0.9930 0.1427 0.1437 0.8503
4.000 0.040 0.451 0.975 0.9930 0.1807 0.1820 0.8123
5.000 0.050 0.451 0.968 0.9930 0.2165 0.2180 0.7765
10.000 0.100 0.451 0.936 0.9930 0.3743 0.3769 0.6187
15.000 0.150 0.451 0.905 0.9930 0.5090 0.5126 0.4840
20.000 0.200 0.451 0.873 0.9930 0.6282 0.6326 0.3648
25.000 0.250 0.451 0.841 0.9930 0.7354 0.7406 0.2576
30.000 0.300 0.451 0.810 0.9930 0.8327 0.8386 0.1603
35.000 0.350 0.451 0.778 0.9930 0.9215 0.9280 0.0715
40.000 0.400 0.451 0.747 0.9930 1.0026 1.0097 -0.0096
45.000 0.450 0.451 0.716 0.9930 1.0768 1.0844 -0.0838
50.000 0.500 0.451 0.685 0.9930 1.1447 1.1528 -0.1517

Table 15: Entropy values and gain for various combinations of relative speed and relative object
size for circular objects.
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The �rst part of table 15 shows a small circular object moved by various relative speeds. For a
normalized movement of 1% of the object-radius, a compression gain-factor larger than 43 can
be achieved. There is a compression gain up to a relative speed of 70% of the object-radius.
The second part of the table shows the same values for a large object. Here, for a normalized
relative speed of 1% of the object-radius only a compressiongain-factor of around 17 is reached.
Also, for a relative speed of 40% of the object-radius, the compression gain turns into a loss.
However, if the unnormalized relative speed~vf ps is taken, there is a larger speed possible for the
large object before the predictor fails to improve the compression.
This is due to the dependency of the entropy on the object to background ratio. The same
behavior can also be seen in �gure 22, where the entropy ratioof small and large objects is
shown. Note, that in the latter �gure, we assumed a circular object to link the overlap to the
relative speed. This relation for a circular object is plotted in �gure 26.
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Figure 26: Relation of relative speed~vf ps � r to overlapping areaAd for circular objects.

3.4 Validation of 1-bit compression estimator

The procedure to estimate the compression gain described inthe last section is now applied to a
real-life high-speed sequence for veri�cation. As no demo material from the LUPA-sensor that
has to be used is available, an arti�cial sequence was created inspired by a sequence found in
the web [53], which shows an egg dropped above a rock �lmed with 1000 fps. Figure 27 shows
(a) a frame of the sequence to be encoded and (b) the difference of this frame and a reference
frame. Both �gures are shown after converting to black/white values and selecting a window
around the object. The value range of the difference frame was shifted for better visualization,
that is� 1 is shown as white, 0 as gray, and 1 as black.

The Frames 310 and 315 of the egg sequence were taken to apply the estimator correspond-
ing to an actual frame rate of 200 fps. The frames were converted to 1-bit value range and a
280x 280 window was taken to form the reference frameS. The size of the moving object was
determined by counting 1-values. The relative speed was estimated by measuring the distance
between the rows of the 1-value that was the nearest to ground. The values wereS= 78400,
A = 14120, and ~v

f ps = 22 pixel. The size of the object in both frames differed by about 39 pix-
els. For the calculation, the middle of both values was takenas this difference compared to the
size of the total object and the frame window can be neglected. This difference can be caused by
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the conversion to 1-bit, which uses a �xed threshold but doesnot account for changes in light,
deformation of the object itself due to forces introduced bythe movement, or movement in the
third dimension, which is then projected in the plain.

(a) (b)

Figure 27: (a) Dropping egg frame to be encoded and (b) difference of two frames.

This givesx= 0:18 and assuming a circular shape for the eggy= 0:79. For this case assuming
z= 1 is valid as the object stays within the selected window. Using equation 2 or �gure 23 the
compression gain is estimated to be around 32.1%.

For the experiment using Matlab, frame 315 was subtracted from frame 310 to form the dif-
ference image. The overlapping region was counted to be 11295 pixel, that isy = Ad

A = 0:80.
The value rangef -1,0,1g was then shifted tof 0,128,255g to be able to use pre-de�ned functions
for entropy calculation. The entropy of the original frame was computed to 0.6811 bit and the
entropy of the difference frame was 0.4465 bit. This gives a compression gain of around 34.4%.

The deviation of the two results can be explained by the roughestimates of the objects' sizes
and speed, which result in different values of the overlapping area.

3.5 Extending entropy estimation of di�erential encoding t o gray scale
images

So far, we looked at 1-bit images. Now, we extend this to the more general case of gray scale
images. Once, we accomplished this, we can easily go to colorimages, by tripling the gray
scale component to get three color components in case of RGB or by adding two more chroma-
components in case of YUV.
Here, we look at an 8-bit luminance space, that is, there are 256 values for a pixel to have.
For this purpose, we de�ne a gradient function, that does thetransition from the 1-bit case to the
8-bit gray-tone case. The pixel values increase from the border of the object to the center. The
number of intermediate values is de�ned by the slope of the gradient and the diameter of the
object, as the gradient is symmetrical to the center of the object and there cannot be more then
one change per pixel. Equation 3 gives a linear function for just one-dimension of an object that
has any arbitrary shape. Note, that the gradient function could also be of any other shape, like
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logarithmic as shown in �gure 29 and equation 4.

gradlin (x) =

(
255

minf f ; rg � (r � maxf r � f ; jr � xjg) if 0 � x � d

0 else.
(3)

In this formula,d = 2� r is the object's diameter,f the slope, andx the coordinate with 0 being
the left corner of the object andd being the right corner. Iff approaches 0, we get the 1-bit case
we studied before. Figure 28 shows several cases for different slope values.

(a) f=20, r=30 (b) f=30, r=30 (c) f! 0, r=30.

Figure 28: 1-D linear gradient function for different slopevalues.

gradlog(x) =

(
255

log(1+ minf f ; rg) � log(1+ r � maxf r � f ; jr � xjg) if 0 � x � d

0 else.
(4)

(a) f=20, r=30 (b) f=30, r=30 (c) f! 0, r=30.

Figure 29: 1-D logarithmic gradient function for differentslope values.

For these examples, the complete 8-bit value range cannot beused, as the object's diameter is
just 60 pixels, that is, there are at mostr = 30 pixels for the gradient before reaching the highest
value at the center. The case with the maximum possible number of values is shown in (b). The
other extreme is shown in (c). This corresponds to the 1-bit case with just 2 values, one for the
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object itself and the other for the background.
For a 2D-object we need to extend this formula by applying thegradient function to all sides
of the object. Equation 5 is the extended version of the linear gradient for a rectangular shaped
object and �gure 30 shows the result for various slope values. The function forms a pyramid or
a right truncated pyramid.

gradrect(x;y) =

8
>>>>>>>>>>>>>><

>>>>>>>>>>>>>>:

255
f � min(x;y) if 0 � x and0 � y and

[(x � f and y� w� f ) or (y � f and x� w� f )]

255� 255
f � max(x� w+ f ;y� w+ f ) if x � w and y� w and

[(w� f � xand f � y) or (w� f � y and f � x)]

255� 255
f � max(w� y� w+ f ;x� w+ f ) if x � w and y� f and f � x and0 � y

255
f � min(x;w� y) if w� f � y and0 � x and y� w and x� f

0 if x < 0 or y < 0 or x > w or y> w

255 else.
(5)

(a) f=20, r=30 (b) f=30, r=30 (c) f! 0, r=30

Figure 30: 2-D linear gradient function of a rectangular object for different slope values.

The 2-D extension of the gradient, however, depends on the shape of the object and cannot be
done in a general way. Therefore, in the following section, we try to give a general introduction
to how to handle the extension for any kind of object. Later, it is then applied to an object of
speci�c shape.

3.6 Generalization of gray-tone case

We use the same identi�ers for the object's sizex, the overlapping areay, and the visible area
of the moved objectz as for the 1-bit case. Also, the same restrictions in their numerical range
apply. However, in contrast to the black/white case, more than just two values have to be con-
sidered and therefore more relative frequencies, one for every symbol, have to be accounted for.
For the original or reference frame that are encoded withoutprediction, the various components
that add to the entropy are the following:
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� For the areas having different gray-tones, the areaAi denotes the frequency of occurrence.
The range ofi depends on the gradient function, which itself depends on the object size,
shape, and the slope of the gradient. The relative frequencyPAi of the uniform shaded area
of the object is then

PAi =
Ai

S
= : xi ; 0 � i � r:

� The background is again assumed to be solid and having only one value. The total area
of the object having different shades are summed up to form the total object areasA. This
gives

PB = 1� PA = 1�
A
S

= 1� x = 1� å
8i

xi :

The entropy of the original frame is then calculated to be

Horig = å
8i

[� PAi � log2(PAi )] � PB � log2(PB) = å
8i

[� xi � log2(xi)] � (1� x) � log2(1� x):

Calculating the entropy of the difference image is similar to that of the original one. However,
the number of possible symbols and their distribution change. The value range can be doubled
as in the 1-bit case, if there is no overlap and all the values present before are now mirrored on
the negative scale if substracted from the background. However, if there is an overlap, some
of the values are not mirrored but subtracted from larger values resulting in values of the old
value range. This shifts the probabilities of the individual symbols and results in the effect of
clustering values near zero, which is aimed by the temporal predictor.
To give a generic formula for the entropy of the difference image the following areas have to be
accounted for:

� The innermost of the object contains shades that are not located in the intersection of the
original and the moved object. These values are large, as theinnermost of the object is
assumed to have the darkest values. These values cannot be found in all the other areas
of the image as the values only become smaller by subtractionbut not larger. That is,
no additional areas are created having these values and no values are destroyed as there
is no overlap. This area of the original object becomes the smallest values (negative) by
subtraction while the same area of the moved object stays being the largest values. Note,
that this case only occurs if the two objects do not contain the center of the other one.
Otherwise all value ranges are affected due to the symmetrical nature of the used gradient
function.

� The gradient values that are contained in the intersection are altered towards zero by sub-
traction. However, due to the linear gradient used there is only a small area inside the
intersection that becomes actual zero. This is, when both gradient functions giving the
same value. This area is then accounted to be background.

� The remaining background containing all values outside thetwo objects. That is the total
frame minus two times the object area plus one time the overlapping area as this is ac-
counted for twice by subtracting both objects. These valuescombined with the area of the
iso-line inside the intersection having value zero, which is background.

Differential Lossless Compression for High-Speed FPGA Cameras 52



3 Data compression modeling

� All remaining values, containing the intersection area andthose areas having the same
values inside one of the object instances as in both intersecting areas de�ne the last group.
These pixel groups are either changed in their number of occurrence or in the value as new
values are created by subtraction.

All these areas are shown in �gure 31 by using a generic object.

M1

M2� 1 1 2 3 4

� 1

1

2

v

P1

P2

r depends on the direction of move-
ment and is not constant.h also de-
pends on the direction but also on the
length of movement.

Figure 31: Overlap of a shaded object with the same object after motion.

Figure 21 assumes the object to be nearly symmetrically to the center, otherwise the gradients
for both parts of the overlapping area are not affected the same way and the factor two of the later
formulae do not provide. The entropy of the difference is computed by the following generic
formula:

Hdi f f = 2� å
0� i�

minf (v� r);rg

[� Pi � log2(Pi)] + 2� å
minf (v� r);rg� j
� minf v� r+ h;g

[� Pj � log2(Pj )] � PB � log2(PB);

wherev is the distance between the center of both objects,r is the object speci�c radius that
can also depend on the angle of movement, andh is the object and overlap speci�c radius of
the overlapping area. The region between 0 to(v � r) denotes the innermost part that is not
affected by the overlap. Ifv is larger thanr for this movement, there are non-overlapped areas
in the center, or the two objects do not overlap at all, which happens forv � 2r. The region
between the innermost andv � r + h denotes the area of intersection and the area having the
same gradient values and that are thus affected. The value for h may range from 0� h � r. How
r, h, and the speci�c probabilities are computed depends on the shape of the object, the direction
of movement (in case the object is not radial), and the gradient function.
In the following, we give these values for the example of a circular object. With this shape, it
should be possible to get a quite accurate estimation of the real object by replacing it with the
equivalent circular object of same area. We also limit the gradient function to be of linear type
as shown in �gure 28 and equation 3.

3.7 Gray-tone compression estimator for circular objects

Equation 6 is the extended version of the linear gradient fora circular shaped object and �g-
ure 32 shows the result for various slope values. The function forms a right circular cone or an
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obtuse of a right circular cone.

gradcirc(x;y) =

8
>>>>>><

>>>>>>:

255
minf f ;rg � minf r � f ; r �

p
(r � x)2 + ( r � y)2g if (maxf r � f ;0g)2 �

(x� r)2 + ( y� r)2 � r2

255 if (x� r)2 + ( y� r)2 �

(maxf r � f ;0g)2

0 else.

(6)

(a) f=255, r=10 (b) f=5, r=10 (c) f! 0, r=10

Figure 32: 2-D gradient function of a circular object for different slope values.

For the original object, the probabilities of the individual gray-tones are computed as the area of
the ring around the center having this gray-tone referred tothe total frame-area. That is,

Pi =
p(r2

i� 1 � r2
i )

S
8 0 < i � r + 1� maxf r � f ; 0)g;

wherer i denotes the outer radius of the ring andr i� 1 the inner radius. Both values depend on
the slope 0� f � 255 of the gradient and the object size, which gives the radius of the whole
object. The radiir i and the according gray-tonesvi are computed as

r i = r � i and vi =
�

255
minf f + 1;rg

� i
�

; 8 0 � i � r � maxf r � f ; 0g;

and r i = 0 vi = 255 fori = r + 1� maxf r � f ; 0g:

i r i vi Pi

0 10 0 Pb = 1� pr2

S = 1� p�102

441 � 0:28
1 9 43 p

S � (r2
0 � r2

1) = p
S � 19 � 0:14

2 8 85 p
S � (r2

1 � r2
2) = p

S � 17 � 0:12
3 7 128 p

S � (r2
2 � r2

3) = p
S � 15 � 0:11

4 6 170 p
S � (r2

3 � r2
4) = p

S � 13 � 0:09
5 5 213 p

S � (r2
4 � r2

5) = p
S � 11 � 0:08

6 0 255 p
S � (r2

5 � r2
6) = p

S � 25 � 0:18

Table 16: Areas of different gray-tones in a circle of radiusr = 10, a slope off = 5, and a frame
size ofS= 441.
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In �gure 33 a circle is shown that has a radius ofr = 10 and a slope off = 5. Table 16 gives the
values forPi, r i , andvi , which are also shown in the �gure.
These formulae assume only one gray-tone per pixel as it is the smallest unit of the image.
However, the individual circles having the radiir i are assumed to be continuous, that is, for the
area also partly covered pixels are counted. This gives a small error compared to the discrete
area in which a pixel is either part of the area or not.

v1 = 43
v2 = 85
v3 = 128
v4 = 170
v5 = 213

v6 = 255

r6 = 0

r5 = 5
r4 = 6
r3 = 7
r2 = 8
r1 = 9
r0 = 10

The circular object is di-
vided in f + 1 = 6 discrete
zones each having a dif-
ferent tonevi . The radii r i

and the areaPi � S are given
as numerical values in ta-
ble 16.
Note, that the continuous
gradient function given in
equation 6 only changes
value once per pixel and
is therefore not continuous
anymore.

Figure 33: Areas of different gray-tones in a circle of radius r = 10 and a slope off = 5.

For the above example having a frame size ofS= 441, an object radius ofr = 10, and a slope
of f = 5 the original entropy is calculated to

Horig = � Pb � log2(Pb) �
6

å
i= 1

Pi � log2Pi = 2:678bit=symbol

The discrete circular object with the same radius, slope, and frame size is shown in �gure 34.

Not only the gradient is discrete but
also the shape of the object is of dis-
crete nature.
The entropy is measured to be
2:664 bit=symbol.
This gives a deviation to the value
calculated before of 0.5%.

Figure 34: Discrete circular object havingr = 10, f = 5, andS= 441.
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For the difference, the direction of movement is not of interest for this special case of a circular
object. We use the same methodologies and identi�er used forthe 1-bit case in chapter 3.3 and
in appendix I.
For simplicity, let the depth of the overlap be de�ned as

o :=

8
><

>:

r
2 � d he if r � v � 2� r

r if v > 2� r

0 else.

p := maxf r � f ; 0g

The rings around the center not being touched by the intersection are computed as before, but we
now distinguish the relative occurrencesP with indexvi instead ofi as it is possible that several
Pi have the same valuevi although different radii due to subtraction. AllP resulting in the same
gray-tone are added to form the complete valuePvi . Only the highest values of the inner most
parts cannot occur multiple times as they cannot be created by subtraction.

P255 =
p � (minf o; pg)2

S
with vr+ 1� p = 255

Pvi =
p � (r i� 1 � r i)

S
8 o � i � p with r i = r � i vi =

�
255

minf f + 1; rg
� i

�

The other rings having larger radii are divided by the intersection into a part that still has its
original value but is of smaller size and a part that is intersected by several rings having different
gray-tones. The �rst part is computed8 o � i � r as

Pvi + =
1
S

2

4p � (r i� 1 � r i) �
1
2

0

@2� r2
i� 1 � arcsin

�
si� 1

2� r i� 1

�
� si� 1 �

s

r2
i� 1 �

s2
i� 1

4
�

2� r2
i � arcsin

�
si

2� r i

�
+ si �

r

r2
i �

s2
i

4

!#

;

where si� 1 = 2�

s

r2 �
v2 + r2 � r2

i� 1

2� v
and si = 2�

s

r2 �
v2 + r2 � r2

i

2� v

The second part is computed for all combinations of intersecting radii, that is
8 r � h � i � r; 8 r � h � j � r as

Pvj
i
+ = A j � 1

i� 1 � A j
i� 1 � A j � 1

i � A j
i ;

whereA j
i =

1
2

�

2

42� r i � arcsin
�

s
2� r i

�
+ sj

i �

s

r2
i �

sj
i

4

3

5 sj
i = 2�

s

r2
j �

v2 � r2
i + r2

j

2� v

with value v j
i =

�
255

minf f + 1; rg
� i

�
�

�
255

minf f + 1; rg
� j

�
:
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The mirroring axiss contains all the values becoming zero and adds to the background. The
complete probability of the background computes then to

Pb =
�
1� 2�

A
S

+
Ad

S

�
+

s
S

All positive values of the probabilities have then to be mirrored to the other side ofs by taking
the same probabilities but the negative value of the gray-tone as a new symbol. Finally, the
overall entropy can be computed by the already presented formula. However, the assumption for
these formulae is that the moved object is still completely located inside the frame, that is, using
thez= 1-factor.

In the following for deriving the compression values for an object of sizeA, a frame of size
S, a relative speed~v

f ps, and a slopef of the gradient we use a simulation program shown in
appendix J, listing 10. It creates the object using the givenformulae for the gray-tones and
the radii. It performs the movement by moving the object's coordinates. Then a subtraction
is performed and the entropy of the resulting areas are computed by counting the individual
gray-tones. This program is more practical and more preciseas the mathematical formula as it
respects the discrete nature of the object and cares about its �nite resolution.

3.8 Examples of gray-tone compression estimator

The main question of this chapter that needs to be answered isthe operating window within that
a compression gain can be expected. This window depends on the object sizeA, the frame size
S, and the relative speed~vf ps. We answer this question by using several combinations of these
parameters to �ll the model derived prior in this chapter.

In tables14 23 to 28 the entropy values for a �xed relative object sizex are shown varying the
slope values and the relative speed. The �gures (a) - (d) on the right side show a part of the
difference-image having different slope values and relative speeds, in (a)v = 1 pixel; f = 1; (b)
v= 50 pixel; f = 1; (c) v= 100pixel; f = 1; (d) v= 300pixel; f = 1; (e)v= 1 pixel; f = 100;
(f) v = 50 pixel; f = 100; (g) v = 100 pixel; f = 100; (h) v = 300 pixel; f = 100; (i) v =
1 pixel; f = 255; (j) v = 50 pixel; f = 255; (k) v = 100 pixel; f = 255; (l) v = 300 pixel; f =
255. The images are scaled to be in the range[0;1], that is a central gray-tone corresponds with
the original background value 0.

The entropy ratio is a dimensionless quantity that denotes acompression gain for values less
than one and a compression loss for values greater than one. The entropy difference is given in
bits=symboland denotes a compression gain for values larger than zero and a compression loss
for values less than zero.
The speed is given as absolute value used for this simulationscenario, but also referred to the ra-
dius of the moving object. That is, a speed of two relative to the radius moves the object outside
its original location. The speed is independent on the direction of movement for the application
on circular objects, which is assumed to hold in this section.
The tables above allow to draw several conclusions:

14The tables can be found in appendix A.

Differential Lossless Compression for High-Speed FPGA Cameras 57



3 Data compression modeling

1. The absolute entropy value of objects having more gray-tone levels is larger as more
information is inherit to the image.

2. The compression gain for the temporal predictor is decreased if the number of gray tones
is increased. However, there is still a window of movement that gives an improvement in
compression. This is for a movement up to approximately 0:1� r for a slope off = 255.

3. For larger objects there is a larger window of relative speed ~v
f ps that results in a compres-

sion gain. This can be explained by the larger overlapping area. If the speed is relativized
to the size of the object, given as radiusr, the results for different object sizes are the
same.

4. The compression gain does not vary much for different object sizes, if the speed relative
to the object size stays constant.

To explain the decreased performance of the temporal predictor using a larger slope for the gra-
dient function, the histograms of the original and the difference images are analyzed. Figure 35
shows the histograms for the original object having a gradient value of (a)f = 1, (c) f = 100,
and (e)f = 255. The histogram of the corresponding difference frame for the object moved by
0:03� r is shown next to it having (b)f = 1, (d) f = 100, and (f)f = 255.
In �gure 36, histograms for difference frames with various combination of slope values and rel-
ative speeds, in (a)f = 1, vr = 0:003 (b) f = 1, vr = 0:033, (c) f = 1, vr = 0:167, (d) f = 255,
vr = 0:003, (e) f = 255,vr = 0:033, and (f)f = 255,vr = 0:167.
These histograms show that for a larger gradient slope, there are more intermediate values cre-
ated and therefore, the performance is decreased. This due to the suboptimal prediction of the
gradient values, which is only correct for the small area that is denoted bys in �gure 61 of the
appendix I. All these intermediate values have similar probabilities, which further leads to a bad
performance as all code-words are of same length.
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(a) (b)

(c) (d)

(e) (f)

Figure 35: Histograms for the original frame having a gradient of (a) f = 1, (c) f = 100, and (e)
f = 255 are shown on the left side. The corresponding histogramsof the differential
frames are shown on the right side having a gradient of (b)f = 1, (d) f = 100, and
(f) f = 255.
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(a) (b)

(c) (d)

(e) (f)

Figure 36: Histograms for the difference frame having a different combinations of gradient
slope and relative speed: (a)f = 1, vr = 0:003 (b) f = 1, vr = 0:033, (c) f = 1, vr =
0:167, (d) f = 255,vr = 0:003, (e)f = 255,vr = 0:033, and (f)f = 255,vr = 0:167.

These conclusion are further validated using real-live sequences in the next section and in chap-
ter 5, which investigates the performance of the differential predictor when noise and noise
�ltering are applied. It also draws the comparison to a �ctive losslessmotion-pngalgorithm,
using the well-knownpngimage format to encode every frame individually, without using tem-
poral information. For this compression the built-in matlab functions to write to apng-�le and
show �le-information are used.
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3.9 Compression performance of real-live examples

For this survey, some sequences found on the web pages ofSlomotec TechnologiesandShimadzu
were used [53][54][55][56].
The �rst sequence shows an egg, which is dropped on a rock. It is captured at a framerate of
1000 fps. The lighting causes shades to one side, therefore the gradient is not symmetrically.
However, the sequence performs approximately two times better as predicted in table 27. Here,
for an object size ofx = 0:03, ~v

f ps�r = 0:015, andf = 255 a compression gain of 0.63 is pre-
dicted.
The second sequence shows the �ight of a bird at 1000 fps. Here, the object is heavily chang-
ing, so the given values for the object size and movement are only rough estimates. However, a
compression factor of 2.3 is better than predicted in table 27 for an object of this size.
The third sequence shows several dice falling on a plate in different directions and with differ-
ent speed �lmed at 850 fps. Although the total object size is quite small withx = 0:06 and the
movement is slow with 2-4 pixels, the performance gain is only a factor of 0:9� 1 = 1:1. This is
probably due to the low contrast of the background and the objects, and the different movements
and speeds. This corresponds with the value predicted in table 27.
The �nal sequence shows a water jet spread by a small vent at 100,000 fps. In the early frames,
the object size is varying before the jet reaches the border of the frame and then forms a contin-
uous large object ofx = 0:26. The relative speed is low and therefore a high compression gain
of factor 0:38� 1 = 2:6 can be reached.

The values for the moved area, the total area, and the relative speed are read off a reference
frame and are only estimates of the real values. In addition,the real values are changing over
time as, for example, the shape of the object and the lightingare changing. The simulation only
allows a relative speed being an integer, that is no �ne grained step-sizes can be simulated.
In table 17 the average entropy for the different sequences is shown. The entropy is calculated
for every image separately, summed up, and then divided by the number of frames in the se-
quence. For the differential sequence, a reference frame was inserted a) once for the �rst frame
and b) every 10th frame,The reference frame is assumed to be entropy encoded without using
a predictor. The performance is dropped if more reference frames are inserted, however, it is
possible to access frames later in the sequence without having to decode the whole sequence.
This also improves failure tolerance.

Sequence Area ~v
f ps�r Horig

Hav
orig

Hav
di f f

Hav
orig � Hav

di f f
Hav

di f f
Hav

orig
Hav

orig � Hav
di f f

moved total 1st f rame every10th f rame
Egg 14120 414720 0.015 5.3343 0.2819 3.8306 0.3346 3.5494

Bird �ight 5900 414720 0.115 7.2193 0.3563 4.6474 0.4255 4.1475
Dice 23000 414720 0.136 1.6323 0.9147 0.1393 0.9230 0.1257

Water jet 22000 84480 ¡ 0.01 5.6994 0.3812 3.484 0.4410 3.1478

Table 17: Entropy of original and difference frame for real-world sequences found on the web.
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3.10 Conclusion

In this chapter, a model was derived for measuring the performance of compression using a dif-
ferential predictor. The performance depends on the size ofthe moved area, called the object,
the total frame size, the speed of the object relative to the frame-rate, called the relative speed,
and the color-space.
It was shown by applying the model that a compression gain of factor 2.0 - 3.8 can be achieved.
There is a compression gain for objects at relative speed below 0:1� r and a compression loss
above that speed. For smaller objects. the relative speed refered tor is lower than for larger
objects. This was veri�ed by some real-live examples that show our model to be overly pes-
simistic.
This results in total compression factors of 3-5 compared tostoring 8-bit �xed-length words.
These factors are common for lossless compression algorithms [57] but too low to achieve our
global goal of enabling real-time compression of high-speed video data in full spatial resolution.
These factors, however, can be achieved using simple computation, that is one subtraction per
pixel, and is therefore well-suited for real-time and high bandwidth application. In addition,
the difference images seen in �gures 18(a)-(d) still have redundancies that can be exploited by
applying a spatial predictor. This can be used to improve theperformance and has to be investi-
gated in future work.

(a) (b)

(c) (d)

Table 18: (a) Original frame of sequence ”water-jet” and (b)difference image; (c) original frame
of sequence ”dice” and (d) difference image.
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4 Noise modeling

Noise is unwanted information. There are various sources ofnoise in an imaging system. Some
of them are enrooted in the information carrier itself. Mostof the information quantities we are
interested in, are of discrete type and/or number, like photons, electrons, bits, characters and
more. All these are affected by shot noise, which is the statistical �uctuation between the aver-
age and the actual signal detected. Other noises are actively generated by the processing chain,
that accounts not only for the one desired information source, but also for some others as the
chain cannot be perfectly built.
As we compare our system to the human eye - more speci�cly, theretina - we are mostly in-
terested in noise generated by the parts that process data similar to the retina, the nervs and the
brain. Therefore, we concentrate on the image sensor and theprocessing electronics until the
information is represented by bits.
However, there are some other sources, that need to be kept inmind as they are part of the overall
system and can affect the image capturing process like glasses affect human vission: Lenses and
other optics. We will mention them brie�y and only qualitatively.

4.1 Optical noise sources

It is a fundamental law, that optics and lenses suffer from aberrations that distort the image. A
perfect lens, that is only limited by the wave nature of light, is called a diffraction limited lens.
The properties of light, the aberrations it causes, and the pinhole camera can be found in refer-
ence [58], chapters 5 and 6. Reference [59] also covers thesetopics in great detail and adds the
topic about how to build lenses to minimize the aberration-effects. Additional information on
selected topics can be found in [60], [61] and [62]. We only give a short overview of the problem
by considering the pinhole camera, the most basic camera, and show some of the distortions and
limits that are introduced.

4.1.1 Pinhole camera

Figure 37 shows the most basic camera, a box with a hole of diameterd, through which light
passes before forming the image on the image plane.
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Figure 37: Image produced by simple pinhole camera.
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The object point is not ideally mapped on the image point, as can be seen in �gure 37 (b). The
image point is blurry, as the light rays representing the original object point diverge and hit a
large spot on the image plane, called circle of confusion. Using only geometrical optics suggest
to reduce the diameter of the hole, so that only one ray per object point can pass. This would
then lead to a sharp image. However, the amount of light-energy captured is small and longer
exposure times are needed, which again lead to blurry images, when there is any movement in
the scene. Another problem is the way thinking of light. If the hole gets to small, diffraction
needs to be considered, as light also has wave-character. Diffraction, however, leads to interfer-
ence and is observed as the so called ”Airy disk” pattern, which limits resolution.

To ease these two problems, in todays cameras, one or severallenses are mounted in front of
the hole, to collect more light energy and to focus the light beam, so the diameter does not have
to be that small. However, there will always be some kind of distortion. In the following, we
introduce the aberrations classi�ed by the mathematician Ludwig von Seidel in 1850.

4.1.2 Optical aberration

Lenses, the optical part of the image acquisition system, suffer from aberrations that distort
images and focal points. Figure 38 (a) - (f) shows the effect of different optical aberattions.
They mainly result in a reduction of resolution by blurring the image.

parallel rays not focused on
one point of
the optical axis.

Off-axis
parallel
rays

Figure 38: (a) Spherical aberration and (b) Coma.

Spherical aberration
In spherical lenses, when paraxial light hits the lens near its edge the focal length differs from
light hitting near the optical axis. The focal length can be calculated by

f = r +
h

n� sin
�
arcsin

� h
r

�
� arcsin

� h
nr

�� ;

wherer is the radius of the spherical lense,n is the refractive index andh is the height of the
parallel light ray hitting the lens from the optical axis. Ifcalculated for different values forh, it
can be seen, that parallel light is not all focused in the samedistance after the lense. This can be
improved by using two lenses with lower refraction or by using a non spherical lense, that has
the ideal form for mapping all light rays to one point on the optical axis.
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Coma
Similar to the spherical aberration, we now consider parallel light rays that are coming from an
object outside of the optical axis and are inclined, when hitting the lense. Depending on the
position of the aperture, the rays are asymetrical hitting the surface of the lense and are therefore
fractured asymetrically to the main ray. As a result, the image point is projected with a tail to
the edge of the lens.

(c) (d)
subject

lens

Figure 39: (c) Astigmatism and (d) Field curvature.

Astigmatism
A cone of radiating light from an object point aside the optical axis hits the lens. The plane which
contains the optical axis and the object point is called the meridional plane. The sagital plane
is perpendicular to this plane. Because of the asymmetry between the rays from the meridional
plane, which intercept the lens at a larger angle and therefore are bent more, and the sagital
plane the focal point of rays of both planes lie in two different image planes. The image cannot
be focused to only one point. In the middle of the two focal areas, which are linear, there is a
circular point of least deformation.

Field curvature
Not considering the above aberrations, the area of sharpness is rather curved than plane. Actu-
ally, this is no blurring error, as there is a unique sharp image. However, as usually the image
sensor is plane, this is observed as blurring towards the edges of the captured image.
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(e) (f)

Figure 40: (e) Distortion and (f) Achromatism.

Distortion
This type of aberration does not result in a blurry image. Instead, the shape of an object is
distorted. Many object lenses vary in the reproduction scale with increasing distance to the
optical axis, that is they are not true to scale. If the scale increases, pincushion distortion can be
observed, if it decreases, barrel distortion is the result.
Wide angle lenses and other highly asymmetrical object lenses are dif�cult to correct concerning
this type of distortion.

Achromatism
As the refractive index of a lens varies for different wavelength, the light ray disperses and not
all colors are focused on the same image point. This can be corrected by using two lenses, with
the �rst having decreasing refraction with increasing wavelength and the second one vice versa.
However, due to the non-linear gradient of dispersion for optical glasses, it cannot be corrected
completely for all wavelength at once.

(g) (h)

Figure 41: (g) Vignetting and (h) Cosine fourth law.

Peripheral brightness
The brightness at the edges of the image drops off because of two effects, vignetting and the
cosine fourth law. First one describes the partially blocking of incident light by frames and
other objects in front of or behind the aperture. The latter one holds that light attenuation is
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proportional tocos4q, whereq is the angle between the incident light and the optical axis.Both
results in a lower dynamic range at the image corners and therefore lower image quality.

4.2 Electronic noise sources

In digital imaging systems there are different sources of noise. They can mainly be categorized
in �xed and random noise, which varies in time. The �rst one can be measured and then be
compensated for by undoing the effect, but the latter one is not predictable in a pixel accurate
manner. The only way to describe random noise is by probability theory.
Due to its random character, temporal noise adds additional, but unwanted, information to the
picture, that also need to be encoded. Therefore, compression gain will decrease in general.
For example a totally black background will not appear completely black anymore in presence
of noise. There will be some brighter spots in it and therefore more and longer codewords are
neccessary to encode the picture's information. In the ideal world, the same amount of emitted
electrons in a sensor element (sensel) should lead to the same digital value after passing column
ampli�ers, programming gain ampli�ers and analog-to-digital converters. However, passing
these circuits leads to unwanted variations in the electrons' count and therefore noise.
This has to be taken into account when developing compression algorithms for systems that are
affected by noise. If this compression has to be lossless, the noise has also to be coded and gives
therefore a lower bound for the algorithm's ef�ciency.
Here, we will have a short look at different noise sources, that appear in the processing chain
of modern digital cameras, separately. After that, we will add them together to form an overall
noise estimation. We also give an overview how the noise can be classi�ed by several schemes
in table 19.
All noise formulas are given in terms of voltage per root hertz, that is, per 1-Hz bandwidth, if
not stated otherwise.

4.2.1 Photon shot-noise

For more detailed information, see references [63], [64] and [65]. Chapter 3 of reference [63]
describes fundamentals of photo conversion. Photon shot-noise is described independent of the
device characteristics by modeling a random arrival process, but also in more detail by consid-
ering the actual photo conversion process. In chapter 12 of reference [64], the detector's noise
characteristics are examined. First, the authors present some general details of describing noise
as random processes, then this is applied on photon shot-noise in detail. Reference [65] models
shot noise as the variance of a random arrival process that responds to Poisson's statistics. We
now give a small summary.
The brighter the scene a pixel is capturing, the more photonsget captured by a sensel (sensor
element). Due to the discrete nature of photons and the �uctuations in �ux, there will also be
�uctuations in the voltage representing that pixel value and therefore noise. Photon shot-noise
has equal strength over all frequencies (white noise) and follows a Poisson distribution. Its stan-
dard deviation is the square-root of the signals intensityPo. That is, if for a speci�c color and
intensity within an integration timeDt 100 photons are captured during exposure, the actual pho-
ton count captured will mainly range from about 90 to 110, that is with a uncertainty of

p
100.

As the noise grows only with the square-root, the shot noise is more apparent in darker areas.
The S/N ratio is therefore limited by the pixel photon shot noise for high pixel values as at best
it only grows by the same amount as the noise itself and this kind of noise is present even in
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absence of any device-dependent noise. This noise is not generated by electronics, but can be
meassured as variations in photo current. This descriptionplaces emphasis on the variations in
photon �ux, however.
The optical power incident on the detector is given by

Pph = np
Eph

Dt
;

wherenp is the mean number of photons arriving within time intervalDt. Eph = h� f is the energy
per photon, whereh is the Planck's constant (4:136 � 10� 15 eV� s), f = cnl is the frequency of
the incident light with wavelengthl andc is the speed of light.
The average photocurrent,Iph, produced by this optical signal is given by

Iav
photo= a ne

e�

Dt
= a b (l ) np

e�

Dt
; (7)

wherea is the ampli�cation factor of the detector,ne is the mean number of photo-electrons
generated,e� is the electron charge andb is the quantum ef�ciency. The quantum ef�ciency
depends on the wavelength of the incident light. These parameters depend on the layout of a
sensel.
The variance and therefore noise of the Poisson distributedphoto-currentiphoto is equal to the
mean. The shot noise is then meassured as the root mean squareof the number of charge noise
units collected byiphoto on the photo-diode within timeDt

Noise#photon=

s
Iav
photo Dt

e� =
q

a b (l ) np:

That is, the photon shot noise depends linearly on the numberof incident photons and the wave-
length. Both values completely de�ne the real signal value –color and intensity.
Considering the photons to have unit charge ofe� , we get for the noise charge

Noisephoton=

s

(e� )2
Iav
photo Dt

e� =
q

(e� )2 a b (l ) np: (8)

4.2.2 Reset noise

Chapter 2.7 of reference [2] describes the basic sensor characteristics, �rst of all noise and
especially kT/C Noise. Reference [66] investigates noise during reset in great detail.
The electrons liberated by photons and accumulated during exposure are measured relative to
the reset level of the sensel. This reset level, however, hasa thermal uncertainty due to the
characteristics of MOS transistors, such as leackage. As the reset phase is short, steady-state
will usually not be reached and the calculation has to be doneusing time-variant signals. In an
upper bound, it can be estimated as

Noisereset =

r
kT

2Creset
; (9)

wherek is the Boltzmann's constat (1:38� 10� 23J=K) , T the absolute temperature andCreset

the capacity that gets reset. Note, that the kT/C noise does not depend on the bandwith and is
given in voltage.
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For this formula, it is assumed, that the reset transistor mainly works in subthreshold. The sub-
threshold current is given by

id(t) =
W
L

I0e
� (vg� vpd)k

vT
�

(vpd� vb)(1� k)
vT

�
(1� e

vpd� vd
vT );

whereW andL are the channel's width and length, respectively,I0 is a constant depending on
the threshold voltage,vg, vd, vpd andvb are the gate voltage, the drain voltage, the source voltage
and the bulk voltage, respetively,k is the gate ef�ciency factor andvT = kT

e� , wheree� is the
unit charge. In todays sensor circuits, this kind of noise can be neglected as it can be almost
completely removed by correlated double sampling (CDS) or improved reset-transistor design.
In CDS the voltage of the photodiode is measured both after reset and after exposure. Therefore,
the reset noise can be subtracted to gain the actual signal. This effect is brievely examined in
subsection 4.2.8.

4.2.3 Pixel shot-noise

In [67] and [66] the input referred noise during reset, readout, and integration is analyzed. The
latter one forms the basis of this section. Reference [68] shows noise sources referred to the
output. In chapter 5.4.8 of reference [3] noise in an APS is analysed and results are presented.
One source of pixel shot-noise is dark current shot-noise. If there is completely dark scene, no
photons are captured by the sensel during integration. However, there are still �uctuations in the
voltage measured. This is due to leakage current of the photo-diode and due to �uctuations in
the current �ow of semi-conductor elements as only majoritycarriers with enough energy are
able to overcome the depletion zone of a pn-junction. Latterone also affects the photo current
iphoto in presence of a signal. For longer exposure time, more current is accumulated, therefore
this noise depends on time and can be described as [68]

Noiseintegration =
1

Cpixel
�
q

(idark + iphoto) � e� � t ; (10)

whereCpixel is the pixels capacitance,idark is the leakage current,iphoto is the excited photo cur-
rent (see equation 7),t is the exposure time ande� is the unit charge (1:6022� 10� 19As) . This
type of noise can be reduced substantially by todays semiconductor manufacturing processes.
Note, thatiphoto itself is noisy due to photon shot noise as described earlier. The pixel shot-noise
under dark conditions is only affected by dark current shot-noise, as photon shot-noise is signal
dependent.
In some text-books this noise is called thermal noise as the leakage current is negative exponen-
tially dependent on the temperatureT.
Formula 10, however, is only valid for the assumption ofCpixel being constant over the integra-
tion time. This is not valid for large signal values, as the photodiode's capacitance is dependent
on the reverse bias voltage. Taking this into consideration, the formula can be generalized as [67]

Noiseintegration =
1

Cpixel

�
1�

1
2(vpd(0) + f )

�
idark + iphoto

Cpixel � vpd(0)
� t

�
�

s
(idark + iphoto) � q

vpd(0)
� t ;

wherevpd(t) is the signal voltage andf is the built-in junction potential of the photo-diode. As
the later formula improves the SNR due to the non-linearity,it is legitimate for our purpose to
use equation 9 for an upper bound estimation.
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4.2.4 Source follower noise

Chapter 3.3.4 of reference [69] shows noise sources found inMOS transistors in a quite general
way. Reference [3] gives the resulting noise equations for a3-transistor APS without further
explanation in chapter 5.4.8. Reference [70] shows severalmodels for �icker noise, along with
the derivation of thermal noise in presence of a capacitor.
The ampli�er transistors in source-follower mode contribute to noise due to thermal or leakage
current, and �icker or 1/f noise. Thermal noise can be described as

Noisethermal =

s
8kT
3 RG

: (11)

where k is the Boltzmann's constat (1:38� 10� 23J=K) , T the absolute temperature andRG is
the gate path resistor. Thermal noise of the other path resistors can be neglected [69]. In the
presence of a capacitor that is placed in parallel, his noisecan be rewritten to [70]

Noisethermal =

s
kT
CG

: (12)

For 1/f noise, there are several models proposed, but the underlaying mechanisms are still not
discovered. We give a simple empirical estimation here, which was also implemented by early
versions of SPICE [70][71].

Noisef licker =
KF

C2
ox W L

1
f
; (13)

whereKF = 5� 10� 9 fC2

mm2 for NMOS andKF = 2� 10� 10 fC2

mm2 for PMOS devices.
However, thermal and 1/f noise can be designed to be much smaller than the thermal kT/C noise
introduced by the sampling operation due to the gate capacitance (see reference [63], chapter
3.3.3).

4.2.5 Fixed pattern noise (FPN)

There are several de�nitions of FPN in literature. Reference [72] gives two different classi�-
cation schemes for noise, among them random versus pattern noise. El Gamal ([73] and [74])
splits FPN into offset components, which are independent onthe signal level, and gain com-
ponents. We follow this later de�nition. The same differentiation is done in references [75]
and [76], but their focus lays on CCD sensors. One type of noise is due to different sensivity
of different pixels. That is variations in quantum ef�ciency of the diode and in gain factors of
the source follower transistors, commonly referred to as pixel response non-uniformity (PRNU)
and ampli�cation gain non-uniformity (AGNU). This type of FPN depends on the signal level.
There are also other types of �xed pattern noise due to variations in dark current, referred to as
dark signal non-uniformity (DSNU), and due to other device mismatches, that are independent
of the signal. Last one is also called offset FPN.
The �xed part of this noise can be extracted by averaging multiple pictures, taken with the cap on
the lens and using the highest shutter speed. All the random components of read noise (described
later) are canceled and mostly �xed components are left. As there are no photons captured, pho-
ton shot noise is not effecting the image quality. The averaged template image is then subtracted
from all images taken to �lter out the FPN components.
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4.2.6 Quantization noise

The operation and error of ADCs is presented in chapter 28.5 of reference [77]. However, no
formula is derived from the explanations. Chapter 7.2.3 of reference [78] provides this formula.
However, there are some errors in the calculation.
Quantization noise is introduced by rounding continuous signals to discrete values by analog-
to-digital conversion. The error for a signal is given as thedifference of the actual analog input
and the quantized output voltage.
A n-bit ADC has to equally divide the voltage range 0V ::: vmaxV into 2n digital values ranging
from 0 to 2n � 1. The voltage intervall that is represented by one LSB can becomputed to

1 LSB,
1
2n � vmax= vLSB:

Figure 42(a) shows the analog inputvin and the discrete step function for a 3-bit ADC. The
x-axis is normalized tovmax, so a x-value of 1 gives the largest digital value 2n � 1 = 7. The
digital output value is shown on the y-axis.
The corresponding quantization error is shown in �gure 42(b), with the error measured in LSBs
on the y-axis.
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(a) shows a continuous ana-
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output, which is a staircase
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digital output of the ADC.
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tween the actual input signal
and the discrete output value:
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from 0 to 1 LSB at most and
is periodical.

Figure 42: (a) Transfer function for an ideal ADC and (b) correspondig quantization error.

The formula for the quantization step function can be given as

vquant = D �
vmax

2n = D � vLSB;
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where D is the digital output value. For an ideal ADC the step-function of �gure 42 is shifted
by 1/2 LSB to center the quantization error at zero with an amplitude of � 1=2 LSB. If we
then calculate the root mean square value of the quantization eror function, we get for the ideal
quantization noise

Noisequantization=

vu
u
t 1

T

" Z T
2

0
( f1(x)) 2dx+

Z T

T
2

( f2(x)) 2dx

#

=
vLSBp

12
,

LSB
p

12
(14)

f1(x) =
vLSB

T
� x and f2(x) =

vLSB

T
� x� vLSB

where T stands for one period andvLSB is the amplitude of one quantization step. See appendix F
for a complete derivation of this result.

4.2.7 Read noise

Even though, the readout of CCD sensors is different to that of CMOS sensors, we use the
abstract de�nition found in reference [75]. Reference [66]gives a similar de�nition, considering
the actual readout circuit of a CMOS sensor.
In literature, there are very different descriptions of read noise. We follow the main stream and
describe it as the noise introduced during the whole readout-process of a pixel's value. That is, all
but pixel shot-noise during integration contribute to readnoise and are already covered above.
However, in addition to the noise generated in the pixel cell, the circuits for column readout
before the signal gets converted to a digital value by ADC have to be considered, too. Column
noise consists of source follower and FPN noise. The column FPN noise is more sensitive to
visual distortion as the pixel FPN due to the row-wise readout process. Therefore, the �xed FPN
are the same for a complete column in the image. These artifacts are more visible to the human
eye.
The read noise limits the overall noise for dark pixels and istherefore called noise �oor.
The �xed components of read noise in a raw picture can be isolated by taking an image using
the highest shutter speed and keeping the cap in front of the lens. Therefore, no photons are
captured and only noise from the circuits is seen as deviation from the black background.

4.2.8 Correlated Double Sampling (CDS)

When using CDS, the signal of the photo-diode is sampled twice. First, directly after reset,
before the signal is integrated, and the second time, after integration of the signal. Then the
difference of the two voltages becomes the signal for further processing.
The �rst sample also includes noise, when the signal is zero,that is, only noise sources indepen-
det of the signal are accounted for. Note, that these are not exact mathematical equations, but
more of qualitative nature.

Noise1 = Noisereset+ Noiseo f f setFPN+ Noisethermal+ Noisef licker

The second sample then includes all the noise sources, as photons have been captured by the
sensor.

Noise2 = Noiseintegration+ Noisereset+ Noiseo f f setFPN+ NoisegainFPN+ Noisethermal+ Noisef licker
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Taking the difference of both noise signals eliminates the reset-noise, which is the same in both
samples, the offset FPN noise, that is located before the CDScircuitry, but doubles the readout
noise, as this is sampled two times and is correlated.

Noise2 � Noise1 = Noiseintegration+ NoisegainFPN+ 2 (Noisethermal+ Noisef licker):

4.2.9 Input vs. output refered noise

All the noise formulas presented so far, are input refered. That is, they describe noise added at
the source itself. To get the output refered noise, we have toconsider the complete chain to the
pixels output. Basically, the ampli�cation gain of the source followers have to be considered, as
the noise created before gets ampli�ed in addition to the signal.

Random Fixed Pattern

Signal
Photon shot-noise PRNU

AGNU

Exposure time
Photon shot-noise

Dark current shot-noise
Thermal noise

Temperature
Thermal noise

Reset noise
Dark current shot-noise DSNU

Classi�cation according tem-
poral properties (columns) and
dependencies (rows):
Random noise varies from im-
age to image, whereas FPN
stays the same for every shot.
The dependencies considered
here, are signal, temperature
and exposure time. One noise
source can have several depen-
dencies.

Table 19: Classi�cation of CMOS noise according temporal behavior and dependencies.

4.2.10 Overall noise

As all the noise sources described above are just of statistical nature, their squared values can
simply be added, as we can assume them to be independent of each other [79]. Figure 5 shows
the different sources and locations of noise from the photo-sensor to the ADC conversion. We
now build the complete chain of noise and give the total amount of noise seen at the output of a
pixel.

A3(A2� (A1� (S� PRNU+ PixelShotNoise(S) + ResetNoise) + FPN1+ SFNoise1)

+ FPN2+ SFNoise2) + ColumnNoise+ ADCNoise (15)

The dynamic range (DR) is the ratio between the largest and smallest possible value and gives
an impression of the quality. A larger DR means there are morepossible values and therefore a
higher resolution in signal values can be achieved. The DR islimited by the maximum signal
value, determined by the full-well charge minus the charge caused by dark current, and the noise
�oor, that limits the smallest detectable signal, that carries actual information. Latter one is
determined by noise that is independent of the signal value,that is noise in a dark frame. The
equation is given by [73][80]

DR= 20� log
�

f ull well charge� No: dark current e�

No: noise e� under dark

�
= 20� log

�
Vsat � vdarkcurrent

vdark� noise

�
: (16)
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The full well charge (also called saturation charge) is measured in number of electrons, the
saturation voltageVsat, the dark current noise voltageVdarkcurrent and the noise voltagevnoise are
measured in Volt.
The signal-to-noise ratio (SNR) compares the level of the actual signal to the level of unwanted
noise. The higher the ratio, the less obtrusive the noise is.It is de�ned as the ratio of the average
power of signal to the average power of noise. If RMS15values are used it is the ratio of the
squares. In dB we get

SNR= 10 log
�

Psignal

Pnoise

�
= 10 log

�
RMSsignal

RMSnoise

� 2

= 20 log
�

RMSsignal

RMSnoise

�

4.3 Crosstalk noise sources

Crosstalk describes the interference of neighboring pixels. That is, the response of a pixel de-
pends not only on the incident light, that hits the sensor, but also on its neigbor pixels. As a
consequence of crosstalk, resolution is lost and desaturation of color is most often noticed by
the user. We will only give qualitative examples for crosstalk in CMOS pixel arrays.
A more detailed analysis of optical diffraction and minority carrier diffusion can be found in [81]
and [82]. An comprehensive analysis and experimental measurement of lateral crosstalk can be
found in chapter 2 of reference [3] and from the same authors in [83] and [84]. Another analy-
sis of crosstalk and its in�uence on the modulation transferfunction (MTF) of the sysstem was
done in [85] and [86]. Algorithms for compensating the effects of crosstalk in digital cameras
are presented in [87]. Finally, different kinds of crosstalk and the in�uence of micro-lenses and
their position was investigated in [88].

Optical crosstalk
Light shining through the color �lter at an oblique angle canreach an adjacent pixel, when it
�nally hits the sensor surface. This is because color �ltersare located at some distance from the
surface. It then gets accounted for the wrong color.

Electrical crosstalk
Sensor readout circuits and capacitances at different pixels can be coupled and in�uence each
other due to electrical and magnetic �elds and leakage current.

Architectural crosstalk
Carriers generated by incident photons can diffuse to a neigboring pixel's depletion region. As
the absorption depth of photons depends on their wavelength, longer wavelength in�ltrate deeper
and are more likely to generate carriers outside the depletion region that are collected by the
original or nearby pixels.

15For a de�nition of RMS values, see appendix F. Forn discrete valuesxi , this gives

RMS=

s
1
n

�
n

å
i= 1

x2
i
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Spectral crosstalk
The imperfection of color �lters let pass some amount of wavelengths of unwanted light, that
should be acounted for in other pixels.

4.4 Noise model

In this section we estimate the noise in a CMOS image sensor using several random variables,
which have a desired distribution.
In literature, mostly an uncorrelated signal-independentadditive Gaussian noise model (AGN)
is used. In reference [89], a noise model for X-ray imaging isdeveloped, which includes photon
shot noise. However, the Poisson distribution is approximated by a zero-mean Gaussian distri-
bution with signal-dependend variance. Reference [90] models pixel shot noise the same way
using a Gaussian distribution with signal dependent variance. Readout noise is modeled using an
additive signal independent Gaussian distribution with zero mean and standard deviation, which
is not further speci�ed. FPN is modeled as additive signal independent noise, which does not
include gain FPN. In reference [91], a signal dependent noise model is presented, which consists
of a Poissonian part accounting for photo-sensing and a Gaussian part for the remaining sources.
No further distinctions in the different noise sources are made.

The model used in this thesis is a combination of the models presented in the references and
a simpli�ed version of the overall noise equation in chapter15.
As seen, dark current (DCN) and photon shot-noise (Photon) obey Poisson statistics. We there-
fore model these two noise sources using Poissonian random variables. The expectation value,
which is equal to the variance, depends on the signal value for the photon shot-noise and on the
dark current times the integration time for the dark currentshot-noise. To generate Poissonian
variables, we use the algorithm proposed by D. Knuth in [92].
Readout noise (Readout) is modeled using a Gaussian distribution with zero mean and variance
depending on the total number of noise LSBs from reset, thermal, and �icker noise.
The both FPN components that are dependent on the signal value, AGNU and PRNU, are mod-
eled using a uniform distribution with mean 1 and variance given in percentage of the signal
value. The offset FPN (oFPN) and the quantization noise (ADC) are also modeled using a uni-
form distribution but with zero mean and constant variance.

This yields a total noise equation to

Î (x;y) = AGNU(x;y) � [Photon(x;y) � PRNU(x;y) + DCN+ Readout] + oFPN+ ADC

The values with location parameters(x;y) depend on the current signal value.Î represents the
noisy image value on position(x;y). For this equation we assume the noise to be spatially
uncorrelated. We further do not consider lens distortions and noise due to image processing
like CFA demosaicing, color conversion, compression. Table 20 shows a summary of the noise
components modeled and the distribution that is assumed foreach of them. A review of the
distributions used is given in appendix G. The source code can be found in appendix J, listing 7.
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Noise source Distribution Parameters
Photon shot Poisson k = 1 l =

p
Signal

DC shot Poisson k = 1 l = DC� LSBs� tint

Readout Gaussian m= 0 s 2 = total readout LSBs
PRNU Uniform m= 1 s 2 = PRNU%� Signal
AGNU Uniform m= 1 s 2 = AGNU%� Signal

offset FPN Uniform m= 0 s 2 = FPN%�Vsat

ADC Uniform m= 0 s 2 = LSB=
p

(12)

The noise sources are
modeled using random
variables with the speci-
�ed distribution.
The mean (m) and vari-
ance (s 2) are given. For
the Poisson distribution
the probability ofk = 1
event is of interest.

Table 20: Noise sources modeled and assumed distribution.

4.5 Noise �ltering

Noise �ltering is the inverse operation of noise generationby using a noise model. However, the
problem in real application is, that the noise model is not known exactly. Therefore, one must
predict the actual information based on a best-knowledge noise model. The predictors used for
�ltering, are similar to predictors used in image compression as the actual information is seen
as mean value and noise as deviation of that. But instead of coding the deviation, it is smoothed
out to form the noise free image.
The basic and the adaptive median �ltering amongst other techniques are presented in chapter
5.3 of [93]. Different kinds of weighted median �lters are compared in chapter 3.2 of refer-
ence [94]. In reference [95] the center weighted median approach is studied in detail and it is
extended to be adaptive. A two-phase algorithm for salt-and-pepper noise removal, which in-
cludes the adaptive median �lter, is proposed in reference [96]. Spatio-temporal �lters for video
restoration are presented in chapter 3.11 of reference [94]. An adaptive 3-D median �lter is also
presented in [97]. For additional reading about spatio-temporal techniques, reference [98] gives
a review of several temporal and spatio-temporal algorithms.
As in predictive compression, it is crucial to have a good predictor based on a sophisticated
model. The strategies range from spatial predictors over frequency analysis to spatial-temporal
�ltering.
For an introduction of image denoising algorithms, see chapter 5 of reference [93] and chapter
3 of reference [94], which also considers spatio-temporal noise �ltering.
Here, we will consider the probably best-known spatial technique, median �ltering. There ex-
ists many variations, such as weighted median, noise adaptive soft-switching median, tri-state
median, multistage median and many more. We only concentrate on a few examples here.

4.5.1 Median noise �lter

Median �lters are part of a class called order-statistic nonlinear �lters. The respone is based on
a ranking scheme, that is an ordering scheme, of the pixels encompassed by the �lter. In case of
the median �lter, the center pixel is replaced by the median of all pixels in the neighborhood. The
medianxi of a list of elemtsX = x0; :::xn is de�ned as the elementxi 2 X, such thatjXj j = jXkj,
whereXj � X, Xk � X with Xj [ Xk = X and8x j 2 Xj : x j � xi and8xk 2 Xk : xk � xi .
If jXj is odd, there exists a well-de�ned value. For an even number of values, the arithmetic
mean of the two values in the middle is taken.
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The goal of this �lter is, to estimate the noise free pixel value f (x;y) by the predictionf̂ (x;y)
only knowing the observed noisy valuesg(s;t) in the neighborhood of(x;y). That is, for the
median �lter:

f̂ (x;y) = median(s;t)2Sxyf g(s;t)g:

The window sizeS is usually choosen to be odd, like 3 x 3, 5 x 5, or even rectangular like 3 x
7. The larger the window, the smoother the result, but also the more computational effort and
loss in details. Note, that the median �lter always replacesthe currently observed pixel with
the median value and that the median is always an actual pixel-value of the neighborhood. The
source code of the standard median �lter can be found in appendix J, listing 5.
A big advantage of the median, compared to other values as themean or variance, is, that it is
hardly affected by a small number of outlier and therefore isnot affected by impulsive noise.
However, the median treats all samples the same regardless of their spatial location within the
observation window. This can be overcome by weighting values nearer to the current location
more than values at the corner of the observation window.
To weight the values inSxy with a constant 0� k �

l
1
2 �

�
jSxyj + å (s;t)2Sxy

k(s;t)
�m

, the value is
repeatedk times in the ordered list. Ifk = 0, the value is omitted. If more or equal than half
of the values are of one value, this value becomes the median,as can be easily seen from the
de�nition of the median. A special case hereof is the center weighted median, where only the
value at(x;y) gets weighted withk.

4.5.2 Adaptive median noise �lter

The median �lters seen so far have a �xed window size. To achieve better performance, this size
can be adapted to varying local image characteristics. In addition, a selection criterium is used,
to choose, whether to replace a pixel's value by the median ornot. This prevents the algorithm
from replacing every value with the median, which causes loss of detail by blurring the image in
presence of edges. The standard median �lter cannot distinguish between �ne details and noise,
as any value, that is small compared to values in the remaining neighborhood, has no effect on
the median. Here, we study the algorithm presented in reference [93].
The adaptive median �lter has two purposes: (1) remove impulse noise and (2) smoothing of
other noise by preserving thin edges.
It works in two phases. The �rst one tries to detect if (1) applies, the second one applies (2).
Listing 1 shows the pseudo-code of this algorithm,S(x;y) being the window centered at posi-
tion (x;y) as stated before, value(x,y) being the value at position(x;y), Scurr being the current
window size andSmax being the maximum window size. This algorithm is repeated for all coor-
dinates(x;y) in the image.

1 I n i t :
2 S c u r r = 1 ;
3 Phase 1 :
4 IF minf S ( x , y )g < medf S ( x , y )g < maxf S ( x , y )g THEN
5 GOTO Phase 2 ;
6 ELSE
7 S c u r r = S c u r r + 2 ;
8 END IF ;
9 IF S c u r r < = S max THEN
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10 GOTO Phase 1 ;
11 ELSE
12 RETURN medf S ( x , y )g ;
13 END IF ;
14 Phase 2 :
15 IF minf S ( x , y )g < va l ue ( x , y ) < maxf S ( x , y )g THEN
16 RETURN va l ue ( x , y ) ;
17 ELSE
18 RETURN medf S ( x , y )g ;
19 END IF ;

Listing 1: Adaptive median �lter, pseudo-code

The minimum and maximum value inS(x;y) is considered to be impulsive noise like compo-
nents, as they are both outlier in the local window and impulsive noise tends to have almost
black or almost white intensity values, but not in between. Therefore, if the median of all values
in S(x;y) lies in between these two values, it is treated as non-impulsive noise and in case, that
the current pixel value at(x;y) is itself impulsive (phase 2), it is replaced by the non-impulsive
median, which was tested in phase 1. Otherwise the original value is kept, as it is considered to
be non-impulsive. If in phase 1 no non-impulsive median is found, the window size is increased
(by 2 to have odd size), so that larger impulses can be detected by having a larger area of ob-
servation, to distinguish areas of constant color from pixels corrupted by high intensity noise.
If the maximum window sizeSmax is reached, which is constant for the complete algorithm,
the median is returned as no better choice can be made withouthaving more information. The
Matlab source-code is printed in appendix J, listing 6.

4.5.3 Temporal median noise �lter

The original, the weighted, and the adaptive median �lters are all for the use with two-dimensional
data. However, as in our application we consider videos, we also have a quick look at temporal
techniques of noise �ltering.
In image sequences captured by a high-speed camera consecutive frames are highly correlated,
assumed a certain object-speed to framerate ratio (see chapter 3 for more information). There-
fore, additional information to recover the noise-free image can be obtained, assuming noise to
be random, so that it varies in spatial location in two different frames. Furthermore, by only
using spatial techniques for noise reduction one is likely to introduce temporal artifacts, as cor-
related pixels are smoothed independently.
The standard or weighted median �lter can be easily extendedby exploiting temporal informa-
tion. In doing so, all coordinates are extended to 3 dimensions by adding a third, temporal,
variablet. For example,value(x;y;t) is the value of the pixel at spatial position(x;y) in framet.
One way to de�ne the temporal median is by just using the values at position(x;y) in the previ-
ous framet � 1 and the following framet + 1.

f̂ (x;y) = medianf g(x;y;t � 1;g(x;y;t);g(x;y;t + 1)g:
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The spatial medians seen before, using a spatial windowS(x;y), can be combined with the
temporal medians of the current frame andn previous and future frames.

f̂ (x;y) = medianf8 k2f t� n:::t+ ng8(u;v)2S(x;y;k)g(u;v;k)g:

This technique suffers from the same problem as all that relyon temporal information: motion.
Due to motion, there is no complete corespondence between two conscutive frames. There-
fore, motion estimation and compensation techniques have to be applied to track the objects
motion and achieve better correlation. However, motion estimation relies on the similarity of
a pixel region in one frame and that in the following frame. This already complex task is even
more complicated by noise, which degrades estimation functions as the mean-square-error or
the mean-absolute-error and also the peak noise-to-signal-ratio. For this reason, no motion com-
pensation techniques for temporal median �lter are presented here.
However, the problem of utilizing uncorrelated data from other frames can be avoided by only
using the temporal information, if there is a strong correlation between the frames. Otherwise,
the temporal extension is simply switched of by only considering spatial data of the current
frame.
Another problem of temporal median �lters is the amount of frames needed for the estimation
of a pixel. The more temporal information needed, the more total memory and memory band-
width is needed for storing and fetching the considered values. Also, the computational effort
increases, if the median of a larger number of values has to becomputed.

4.6 LUPA-3000 CMOS sensor

In this section, we analyze the noise characteristics of theused LUPA CMOS sensor given in the
data-sheet [6]. We then apply these values to the noise modelof section 4.4.

4.6.1 Electro-optical characteristics

The electro-optical characteristics, including noise, are summarized in table 4.6.1. The noise
values are given in total values of noise-electrons, so conversion to LSBs has to be done.

The saturation voltage at the pixel output can be calculatedusing conversion gain and full well
charge.

Vsat = 39:2 mV= e� � 270000e� = 1:06V

Using the two values given for sensitivity, we get the conversion factor between voltage and
LSB.

196000
LSB m2

Ws
=767

V m2

Ws
) 1:0 V , 255:54 LSB or 3:92 mV , 1 LSB

The 255.54 LSB values can be covered by using 8 bit. Using the conversion gain value again,
we get the relationship

100e� , 1 LSB:

Having these correspondences, we can express the number of LSBs that are always needed to
encode noise.

NoiseDarkNoise= 21e� , 0:21 LSB
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Parameter Value Comment

Conversion gain 39:2 mV=e� increase of voltage due to accumu-
lated charge on the diode.

Full well charge 27000e� capacity of photo diode.

Sensitivity
767 Vm2

Ws charge due to incident photons.

196;000 LSB m2

Ws

Fill factor 36% ratio of sensor area to total pixel
area.

Pixel capacitance
3.2 fF at the diode.

4.1 fF at the pixel-output.

Parasitic light sensitivity < 1=5000 the ratio of sensitivity for readout to
parallel integration.

KTC noise level 26e� or 0:96 mV at the pixel-output

Dark noise 21e� all noise sources when no input sig-
nal applied.

FPN 1:7% ofVsat part of �xed pattern noise indepen-
dent of signal level.

PRNU 2:2% ofVsignal part dependent of signal level.

Dark current 277mV
s leakage current of photo-diode

Table 21: Electro-optical characteristics of LUPA-3000 sensor.

NoiseFPN = 1:7%�Vsat = 0:01802V , 4:6 LSB

NoisekTC = 26e� , 0:26 LSB

NoisePRNU � 2:2% o f Vsig � 2:2�Vsat = 0:023V , 5:9 LSB

For a worst case calculation, we use a slow shutter speed of 30fps, that istimeshutter= 0:033s,

NoiseDarkCurrent = 277
mV
s

� timeshutter= 9:141mV , 2:33 LSB

The total noise is therefore

Noisetotal =
q

(4:6 LSB)2 + ( 0:21 LSB)2 + ( 0:26 LSB)2 + ( 5:9 LSB)2 + ( 2:33 LSB)2

= 7:84 LSB, 784e� , 2:97 bit

As the FPN noise component does not depend on the signal and isnot time dependent, it can be
canceled out by raw-data manipulation. This reduces the total noise to

Noisetotal =
q

(0:21 LSB)2 + ( 0:26 LSB)2 + ( 5:9 LSB)2 + ( 2:33LSB)2

= 6:35 LSB, 635e� , 2:67 bit
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This yields a dynamic range according to equation (16)

DR= 20� log[
27000e� � 21e�

45 e� ] = 55:6 dB:

4.6.2 Adaptation of noise model

Using the noise values for the LUPA sensor in the derived noise model of section 4.4, we get

Î (x;y) = U(v;1;1) �
�
P(1;I (x;y)) � U(v;1�

2:2
100

;1+
2:2
100

) + P(1;84:2LSB� tint ) + G(v;0;
p

0:47LSB)
�

+ U(v; � 4:6LSB;+ 4:6LSB) + U

 

v; �
1

p
12; 1p

12

!

Here,I (x;y) denotes the original image value. The PRNU is uniform distributed with mean one
and varianz of 2:2% of the signal value. The dark current shot noise is Poissondistributed with
l = 84:2 LSB� tint , which is the given dark current value of 277mV

s in LSBs accumulated during
the integration period. The readout noise is uniform distributed with mean zero and the variance
is the variance of the sum of the given dark noise and kTC noisevalues. The offset FPN is
uniform distributed in the intervall of the given FPN value around zero. The quantization noise
is uniform distributed using the value derived in equation 14.
Note, as there is no value given for the ampli�cation gain non-uniformity, we simply assume
this type of noise not being present by multiplying with one,that is by a uniform distribution in
the intervall[1;1].
As there is no prototype of the LUPA-3000 chip available for testing these parameters, we only
apply our noise model to the test image shown in �gure 43(a). This image is inspired by chapter
5.2 of reference [93]. It was created using source-code 8 in appendix J. For the integration time
tint a value of 0.05s was chosen.

(a) (b)

Figure 43: (a) Test image and (b) noisy test image using proposed noise model.

Differential Lossless Compression for High-Speed FPGA Cameras 81



4 Noise modeling

The noise can best be seen on the mid-level area, as there is noclipping of values exceeding
the highest or lowest value. The entropy of the noise-free image is 1.51 bits per symbol. Noise
increases this value to 4.41. bits/symbol, that is, the information content is more than doubled.
The root mean square error (RMSE) of the noisy image comparedto the original one is 4.47.
The RMSE is de�ned as

RMSE=
1

X �Y å
(x;y)2I

q
[Î (x;y) � I (x;y)]2;

whereX andY are the image sizes in both dimensions,I (x;y) is the original pixel value at
location(x;y), andÎ is the noisy image. Figure 44 shows the noisy image after applying spatial
median �ltering.

(a) (b)

Figure 44: Noisy test image after spatial median �ltering using a (a) 3x3 and a (b) 7x7 window.

The �ltered image using a 3x3 neighborhood has an entropy of 3.33 bits/symbol and a RMSE of
3.89 to the original and a RMSE of 2.43 to the noisy image.
Using a 7x7 neigborhood this is further improved yielding anentropy of 2.72 bits/symbol, but
with a RMSE of 3.96 to the original and a RMSE of 2.79 to the noisy image. That is, even if
more smoothing reduces the information added by noise, it also alters image details especially
at corners and edges.

Figure 45 shows the noisy image after applying the adaptive spatial median �ltering using a
maximum window of 3x3 and 7x7.
The �ltered image using a maximum neighborhood of 3x3 pixel has an entropy of 3.75 bit-
s/symbol and a RMSE of 4.06 compared to the original image, but only a RMSE of 1.98 to the
noisy image, which was the start-point of the �ltering. compared to the standard median �lter
the adaptive �lter preserves more details of the noisy image, the only one known to the �lter.
However, also less noise is removed in this case. Using a 7x7 maximum neigborhood results
in the slightly worse results. The entropy is then 3.76 bits/symbol and the RMSE is 4.08 to the
original and 2.03 to the noisy image. That is in this case, using a larger window size, the �ltered
image gets more altered compared to both, the original and the noisy image.
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(a) (b)

Figure 45: Noisy test image after adaptive spatial median �ltering using a (a) 3x3 and a (b) 7x7
maximum window.

4.7 Conclusion

Video acquisition is affected by noise. Various noise sources, ranging from the signal itself, the
optics, the image sensor, to digital conversion add additional but unwanted information to the
captured data. We modeled the electric noise sources and thephoton shot-noise using various
random variables obeying characteristic probability distributions. Using this model, pixel-wise
noise can be generated. This was demonstrated using the opto-electronic data of the LUPA
CMOS sensor.
The inverse process is noise �ltering. We presented some popular algorithms based on the me-
dian computation. Median �lter are better suited to prevent�ne image details than averaging
algorithms, but also need more computational effort due to sorting. Median �ltering is able to
reduce information added by noise, but also affects original image details.
Although, median �ltering is intended for spatial image �ltering, it can be extended to exploit
temporal information available in high-speed videos. However, as all temporal algorithms, they
suffer from temporal resolution, that is an object cannot betracked with complete certainty. Us-
ing higher frame rates by keeping the same object speed, we can improve this behavior, but still
suffer from changes in the scene as light conditions change and objects and their angle change.

The goal of this chapter was to present a noise generator suitable for CMOS image sensors,
that can be used for further experiments. In chapter 5 we willsee how noise affects our com-
pression scheme and how we can avoid possible loss in compression gain by using median �lter
techniques.
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5 In
uence of noise and noise �ltering on compression

In the earlier chapters, a differential predictor was proposed for achieving better compression
compared to entropy coding alone. Then, a noise model for theCMOS image sensor was de-
rived and the median noise �lter algorithm was introduced. Noise is assumed to change the PDF
(probability distribution function) of the acquired image. In this chapter the in�uence of noise on
the compression performance of the temporal predictor is investigated and the use of the median
noise �lter to improve the performance of the predictor is analysed. For the noise simulator the
adapted version of chapter 4.6.2 is used simulating the LUPA-3000 sensor.
Several simulation runs are done with different combinations of generated noise and noise �lter.
In all simulation runs, the noise simulator is applied to a circular object with linear gradient.In
the following experiments, �rst the noise generator is applied to the sequences before using the
temporal predictor. Then the median �lter is applied beforethe temporal predictor, and �nally
the noise generator and the median �lter are applied in sequence before the temporal predictor.
For all combinations the compression performance is measured in terms of entropy ratios and
differences. For comparison, a pseudo video codec is applied by using the Matlab's built-in
png-compression for each frame separately. The performance ofthis reference compression is
also given in average entropy.

5.1 RMSE and entropy

The RMSE is a measure of predictive power, that is, the accuracy of the prediction. It is the
square root of the variances, summed up and averaged.

RMSE=
1

X �Y å
(x;y)2I

q
[Î (x;y) � I (x;y)]2;

whereX andY are the dimensions of the image,I is the original image and̂I the predicted
one. The RMSE value has the disadvantage to emphasis on outlier due to the square values.
Therefore, another metric similar to the RMSE is used, called the mean absolute error (MAE).
It is de�ned as the averaged sum of the residuals.

MAE =
1

X �Y å
(x;y)2I

�
� Î (x;y) � I (x;y)

�
� :

We use the RMSE and the MAE as an indicator for the amount of noise in an image. As noise
is random, more noise corresponds to more unwanted information that need to be coded. So,
there is a connection between these values and the entropy ofa noisy image. To get an idea
of this connection, we calculate the RMSE, MAE, and entropy values for our circular object
introduced in chapter 3.7. We use the adapted noise model of chapter 4.6.2 varying the values
for the different noise sources to generate different RMSE and MAE values. We then calculate
the entropyHorig of the noise-free image and the entropyHnoisy

orig of the noisy image. Table16 29
(a) shows these values for a small object withx = A

S = 0:0035. In (b) the values are given for a
large object withx = 0:349. In table16 30 (a) values are given for an object withx = 0, that is
with solid background. In (b), a large object withx = 0:349 is used, but no photon shot noise is
applied. For all objects a gradient off = 255 is used. The values are then plotted in �gure 46,
showing a logarithmic dependency.
16The tables can be found in appendix B.
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Figure 46: Increase in entropy for objects with different noise values.

All the noise sequences applied to the objects having different sizes are the same. However,
there is a difference in the resulting RMSE/MAE values depending on the size of the object.
For the large object it is not possible to generate a noise-free case using our noise model. This is
due to the photon shot-noise, that increases along with the pixel values and cannot be controlled
by device dependent parameters. The case without photon shot-noise is shown in table 30 (b).
For the small object, it is likely that more information is added to the image by the noise function
than by the object itself. This is because of the small entropy value for the small object. For this
small object here, already for a RMSE value of 0.5 or a MAE value of 0.025 more information
is added by noise than is inherent in the object itself. This RMSE was reached by only applying
the photon shot noise. For the large object this is not until aRMSE value of 8 or a MAE value
of 6. However, for the small object it is nearly possible to achieve a zero noise case by setting
the device dependent parameters to zero. In the object free case it can be seen, that there is no
photon shot-noise at all and therefore a noise free case is possible assuming a perfect capturing
device. As soon as the other noise sources dominate, the trend of the curve for the small and the
object-free case are collapsing.

Having this relation of entropy versus added noise in mind, we can make several prognoses
for the performance of the temporal predictor when noise is added:

� For small objects, there is more noise to be coded than actualinformation. Because noise
is random and uncorrelated it cannot be predicted using the temporal predictor. So, even
if the object itself can be perfectly predicted, there is still a large amount of information

Differential Lossless Compression for High-Speed FPGA Cameras 85



5 In�uence of noise and noise �ltering on compression

due to noise that cannot be predicted.

� Also, for small objects, it is more likely to disturbe the features of the object by noise as
these are delicate and no larger areas having the same color exist.
This and the �rst item predict a bad overall performance for small objects.

� For large objects, there is a window in which information by noise is less than the infor-
mation by the object. Having a good prediction for the objectshould still lead to some
gain in compression.

� However, we still have to consider that noise is altering theobject and therefore the tem-
poral predictor is affected in its performance. A similar situation was mentioned in 3.4,
where movements and shadows were changing the object.

� If there is mainly noise present, our temporal predictor andthe spatial prediction of the
pseudopng video compressor should lead to similar results as both predictor cannot ex-
ploit any correlation in the sequence or in a frame. Therefore, the entropy is the lower
limit in both cases.

In the following we check these statements by some experiments investigating the performance
of our temporal predictor in a noisy, a noise �ltered, and a noisy and then noise �ltered environ-
ment.

5.2 Compression performance of median �ltered sequences

The median noise �lter uses a spatial predictor for the pixelto be �ltered to get rid of unwanted
information. Thereby, it assumes the noise-free image not to have isolated outliers, that is, pixels
that have a value heavily differing from their neighborhood. In that case, the noisy outliers are
smoothed. This changes the PDF of the image and therefore theperformance of the differential
predictor. To see the amount of smoothing, the original, noise-free frames are median �ltered
and the RMSE and MAE values are computed. Using a small �lter window constraints the
�lter-level. Using a window size of one deactivates the �lter.

A
S [n x n] Hre f RMSEmed MAEmed Hmed RMSEadpmed MAEadpmed Hadpmed

0.003 3 0.056 0.018 0.000 0.056 0.003 0.000 0.056
0.003 5 0.056 0.022 0.000 0.056 0.007 0.000 0.056
0.003 7 0.056 0.029 0.000 0.056 0.009 0.000 0.056
0.003 9 0.056 0.041 0.001 0.056 0.010 0.000 0.056
0.349 3 2.515 0.011 0.000 2.515 0.001 0.000 2.515
0.349 5 2.515 0.012 0.000 2.515 0.005 0.000 2.515
0.349 7 2.515 0.012 0.000 2.515 0.005 0.000 2.515
0.349 9 2.515 0.017 0.000 2.515 0.006 0.000 2.515

Table 22: Performance of median and adaptive median �lteredimages containing circular ob-
jects of different sizes with a gradient off = 255.

In table 22, different �lter window sizes are used with the median and the adaptive median �lter.
For the adaptive median �lter, the window size, gives the maximum size that can be used by the
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�lter. The window is assumed to be a square.
It can be seen, that the noise-free images are basically not affected, but small objects are slightly
more than larger ones. This is because of the �ner details andhigher spatial frequencies in the
small object that are more likely to get �ltered. This can be seen in the power spectra of the two
original images, where the smaller objects contains more high frequencies.
Figure 47 shows the power spectra of (a) a small circular object with x = 0:0035 and (b) a
large circular object withx = 0:349, both with a gradient off = 255. The DC value (lowest
frequency with value 0) is located in the center. The x-/y-axis denote the spatial frequencies
in cycles/pixel for the horizontal and the vertical dimension, respectively. The frequencies in-
crease with increased distance to the center. For better visualization, the frequency intensities
are scaled logarithmical to the interval [0, 1]. Brighter values denote higher intensities. The
Matlab sequence to generate these spectra can be found in appendix J, listing 3.

(a) (b)

Figure 47: Power spectra of circular objects with (a)x = 0:0035 and (b)x = 0:349, both having
a gradient off = 255 scaled logarithmical to the interval [0, 1].

Therefore, we assume the performance of our temporal predictor not to be changed compared
to its application to unmodi�ed sequences, already seen in chapter 3.8. In tables17 31 and 32 we
list some compression results for a small object withx= 0:003 and a large object withx= 0:349,
respectively. For both objects, we assume a gradient off = 255. The values are given as
triples with the �rst column showing the shared values for object sizex, relative speed~v

f ps, and
relative speed refered to the radiusr of the object. The �rst row of the triple shows the values
for the unmodi�ed sequence using our temporal predictor, already seen in chapter 3.8. For a
comparison, the values for thepng-compression are given.The second and third row, then show
the same values after median (med) or adaptive median (adp) �lter was applied, respectively. The
RMSE and MAE measures show the amount of distortion introduced by the �lter. For all �lters,
different window sizes in the interval (3, 7) were tested, but it was found not to have measurable
in�uence on the results. Therefore, no window size is given in the tables.

17The tables can be found in appendix C.
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We use the following shorthands for a compacter representation:

Hratio =
Hdi f f

Horig
and Hsub= Horig � Hdi f f :

For all cases, these are the same numbers as already seen in chapter 3.8. So, the median �lter
does not change the compression performance of the temporalpredictor as expected.
Note, that thepng algorithm performs better in almost every case. Only for zero or extremly
small movements, there is a better performance of the temporal predictor. However, there is a
larger window of movements, in which thepng-compressor can bene�t from additional temporal
prediction. This is further discussed in chapters 7 and 8.

5.3 Compression performance of noisy sequences

Noise adds additional information and changes the PDF of thesequence. Therefore, the entropy
of the individual frames is inevitably larger. To see the in�uence of noise on the temporal pre-
dictor, the performance of a noise-free sequence is compared to that of a noisy sequence.
As we have already seen in chapter 3.9, the temporal predictor is prone to changes in the form of
the object or the texture of the object. Adding noise basically changes the texture by introducing
variations in tone to every pixel. This will result in more residuals of larger variance that need
to be encoded. Even if there is no movement at all between two succeeding frames, no perfect
prediction will be possible. This lets assume, that even more complicated techniques as motion
estimation and compensation will be limited heavily due to noise. However, this to investigate
is not part of this thesis.

To prove this intuition, several simulation runs are done for a small object withx = 0:003 and
for a large object withx = 0:349. For both objects, we assume a gradient off = 255. The results
are given in tables18 33 and 34.
The values are given as 8-tuple sharing the relative speed~v

f ps in the �rst column. The �rst row
gives the already known performance data for the noise-freesequence with different movements.
The following rows give the results for the same movement butwith different amount of noise
applied to the reference frame and the frame to be coded individually before the prediction. The
different noise levels are given by the RMSE and MAE values ofthe noisy frame to be coded
compared to the noise-free frame. The last case in a cluster,having the least noise, is by only
applying the photon shot-noise that is always present when acquiring an image by counting pho-
tons.

As predicted, using our temporal predictor results in a compression loss in most cases for a
small object. Only for the noise-free case, which we have already seen, and the photon shot-
noise case, there is a gain in compression. It must be noted, that even for non-moving objects,
there is no gain in compression for the remaining noise cases. This is due to the disturbed pattern
by random changes in neighboring pixel values. This can be seen in the power spectra of the
noise-free and the noisy image before prediction, shown in �gure 48 (a) and (b), respectivelly.
Here, a pattern in the spatial frequencies for the noise-free case is seen, which corresponds to
a pattern in changes of pixel values in the analyzed image. This pattern can be exploited for
prediction. In the noisy spectrum, this pattern is destroyed. However, looking at the images,

18The tables can be found in appendix D.
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shown in �gure 49 (a) for the noise-free case and (b) for the noisy case, this is not obvious as
the object can still be seen. This is because of the limited spatial resolution of the human eye
especially for low contrast ([99], chapter 3).
The png-compression shows the same behavior. Only for the low-noise case, there is a gain
compared to the noisy original entropy without using any transformation. Note, that there is no
case, in which thepng-compressor bene�ts from the additional temporal prediction.

(a) (b)

Figure 48: Power spectra of (a) noise-free and (b) noisy circular objects, both having a gradient
of f = 255 scaled logarithmical to the interval [0, 1].

(a) (b)

Figure 49: Images of (a) noise-free and (b) noisy circular objects, both having a gradient of
f = 255.
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For large objects, our temporal predictor still has a small window of movements that result in
a compression gain. However, this gain is low even for a perfect overlap. This is due to random
changes in pixel values as predicted before. In addition, the window of movements that gives
a compression gain closes already for smaller values. Due tothe large ratios already for small
movements, there is not much change in the compression ratios within that operating window.
In comparison, thepng-compression always results in a compression gain and it performs better
than our temporal predictor in all cases. It still cannot bene�t from additional temporal prediction
before using thepng-compressor.

5.4 Compression performance of noisy sequences being median �ltered
before prediction

While noise adds information, the median �lter removes it. In this section, the combination of
both and their effect on the compression performance is investigated.
In the previous sections of this chapter, we have seen that median �ltering does minimally change
the features of the circular object. In contrast, noise completely disturbs these patterns. Looking
at the power spectra of the original noisy frame, which is shown in �gure 50, (a) before and
(b) after adaptive median �ltering using a maximum window size ofw = 7, there is no obvious
enhancement of the original pattern. This lets assume, thatsubsequent median �ltering of the
noisy sequence cannot signi�cantly improve the compression performance of our temporal pre-
dictor.
It was also shown in chapter 5.2 that the median �lter changesmore of the image structures
compared to the adaptive median �lter. Therefore, using themedian �lter on the noisy sequence
promises better results than its adaptive version. Figure 51 shows the noisy image after median
�ltering using a window size ofw = 7 and its power spectrum. As can be seen, there is a pattern
restored, but it still looks different to the original pattern of the noise-free spectrum. However,
visually there is an improvement in image quality when comparing �gure 51 (a) to its noisy
version in �gure 49 (b).

In tables19 35 to 38, results of our predictor are given for various combinations of movement,
applied noise, and noise �ltering. Again, a small object with x = 0:003 and a large object with
x = 0:349 are simulated, both having a gradient off = 255.
The results are given in clusters, sharing the relative speed of the object in the �rst column.

The �rst row is given for the whole cluster and shows the results for the noise-free case. The
remaining rows of a cluster are divided in 3-tuples, which share the amount of noise applied
to the frame. The �rst row of a tuple shows the results for a frame having noise applied to it
before prediction. The amount of noise is speci�ed by theRMSEn andMAEn metrics, which
compare to the noise-free case. The second and third row of a tuple show the same metrics, but
after median or adaptive median �ltering was applied to the noisy frame before prediction. The
RMSEandMAE values are again refered to the noise-free case and show the improvement by
the noise �lter compared to the noise sequence in the second row. The �lter window size is �xed
within a table and therefore just given once in the caption. So is the object size.
For the noise-free, the noisy, the median �ltered, and the adaptive median �ltered frames, the
performance of thepng-compressor is given for a comparison. It was applied to the original
frame to be coded to see the actual performance of this compression scheme and to the differ-
ence frame after using our temporal prediction to see a possible additional gain by the temporal

19The tables can be found in appendix E.
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prediction.

(a) (b)

Figure 50: Power spectra of noisy circular object (a) beforeand (b) after adaptive median �l-
tering. The objects both are of sizex = 0:349 and have a gradient off = 255. A
maximum window size ofw = 7 was used.

(a) (b)

Figure 51: Image of noisy circular object (a) after median �ltering using a window size ofw = 7
and (b) its power spectrum. The object is of sizex = 0:349 and has a gradient of
f = 255.

In tables 35 and 36, which show the results for a small object with x = 0:003 using a �lter win-
dows ofw= 3 andw= 7, respectivelly, a similar performance can be seen as in thenoisy case of
chapter 5.3. There is a compression gain of approximately 18% only for the photon shot-noise
case, which has the lowest amount of noise, ranging from zeromovement up to a movement of
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0:1� r as before. These results are improved by noise �ltering as expected. The median �lter
performs better as its adaptive version in all cases due to the more aggressive smoothing.
For the more noisy frames, the temporal prediction results in a compression loss. In contrast
to the low noise case, �ltering the frames degrades the results for both, the median �lter even
worse than the adaptive median �lter. Note, that the resultsfor the adaptive median �lter does
not change by increasing the maximum �lter window size, so there is no impulsive noise de-
tected by the �lter.
The png-compressor outperforms our temporal predictor in all cases. Still, it does only result
in a compression gain for the low noise case. In contrast to the temporal predictor, however,
�ltering does improve the performance for all cases. Here, the median �lter outperforms the
adaptive median �lter by producing larger patterns by more aggressive smoothing. The spatial
predictor cannot bene�t from prior temporal prediction.

Tables 37 and 38 give the results for a large object withx = 0:349 using a �lter window of
w = 3 andw = 7, respectivelly. Here, temporal prediction results in a compression gain up to
a movement of approximately 0:05� r depending on the amount of noise present. This was
already seen in chapter 5.3 for a large noisy object. In addition, the noise �ltering improves
this performance. As expected, the median �lter does a better job in smoothing noise than its
conservative adaptive counterpart and bene�ts from a larger window size.
The same behavior is shown for thepng-compressor. It outperforms our temporal predictor in
all cases and is not subject to object motion as already stated.

The histograms in �gure 52 visualize the improvements by thetemporal predictor for a large
object. The �gures (a), (c), and (e) are the histograms of theoriginal frames being noisy, median
�ltered, or adaptive median �ltered, respectivelly, before prediction. For the �lters, a window
size ofw = 7 was used. Before prediction, the improvement in entropy byboth median �lters
can be seen in the more de�ned spike for small pixel values. A high pixel-count and a narrow
spike leads to a shorter code word for most of the pixels, which gives a lower average code word
length.
The histograms (b), (d), and (f) are taken for the residuals of the prediction. Here, a bell curve
is shown centered at the values in the middle. Note, that due to the doubled alphabet and the
normalization, the negative values are on the left side of the center and the positive values are
on the right side of it. That is, small pixel values in the difference frame are located in the center
of the histogram and therefore more common. This is the expected behavior of the predictor,
which intents to cluster the residuals around zero.

In total, these simulation results agree with our intuitionand lead to the conclusion, which is
given in the next chapter.
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(a) (b)

(c) (d)

(e) (f)

Figure 52: Histogram of a frame before prediction with (a) noise, (c) noise and median �ltering,
and (e) noise and adaptive median �ltering. Histograms of a frame after prediction
with (b) noise, (d) noise and median �ltering, and (f) noise and adaptive median
�ltering. The object is of sizex = 0:349 and has a gradient off = 255. The �lter
window is of sizew = 7.
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In this thesis, we proposed a hardware architecture suitable to process data coming from the
LUPA high-speed image sensor. This has to be done in real-time. The data need to be com-
pressed to be able to store them to long-time storage devicesusing a standard interface.
Therefore, we looked at a temporal prediction scheme, that simply uses the preceeding image
as a reference and codes the residual by taking the difference. This type of predictor has little
computational needs and can be done in parallel without any data dependencies other than the
current pixel and the pixel at the same location in the previous frame. However, this to perform
well, we have to make following assumptions:

� slow movement of the objects,

� homogeneous colored object-surfaces,

� non-morphing objects,

� noise-free frames or minimal noise for large objects.

Depending on these properties, a compression factor of up to4 was found in real-live sequences
using this predictor.

The processing chain for the analog part was investigated and the amount and type of noise
present in a CMOS sensor was modeled. Noise affects the temporal predictor and may even
make it effectless or producing more data. The median noise �lter can be used to reduce the
amount of noise and therefore the amount of unwanted information present in the data is re-
duced. Thereby, it does preserve most of the actual information in an image. In our simulations,
the simple median �lter most often performed better than itsadaptive version. In addition the
normal median �lter is better suited for an implementation in hardware due to its �xed runtime
independent of the data.
However, if there is too much noise, especially temporal noise that is different in two successive
frames, the predictor produces more information as the alphabet is doubled and intermediate val-
ues are created. A perfectly overlap then still leads to somerandom values, that are distributed
all over the image and all having similar frequencies. A large object is less effected by noise
regarding its structure and therefore this leads to a betterperformance compared to that of small
objects. However, the total amount of information here is larger because of the larger object
naturally containing more information.

By using the well-known losslesspng-image format, we saw, that noise also negatively affects
this compression scheme as no spatial correlation is present in noise. This spatial compression
scheme outperforms our simple temporal approach, but at much higher computational cost. It
was shown, that in a noise-free scenario thepng-compressor can bene�t from prior temporal
prediction depending on the movement. Therefore, the �rst goal must be to prevent or reduce
noise.

In the next section, we look at some compression schemes stated in the literature. The method-
ologies used there can be used to further improve the compression ef�ciency of our predictor.
The outlooking chapter 8 then summarizes the work that needsto be done to meet the global
goal speci�ed in the beginning.
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In this section we are looking at some lossless video compression algorithms available in litera-
ture. The presented algorithms follow a more general approach than we do and try to be effective
for all kind of images and image sequences.

7.1 Motion JPEG 2000

Motion JPEG 2000 (MJ2k) is probably the best known codec among all the presented ones. It is
developed by the Joint Photographic Experts Group (JPEG) and standardized as ISO 15444. The
main difference of the new JPEG 2000 standard compared to theold JPEG standard is the use
of a wavelet transform rather than the discrete cosine transformation (DCT). It also implements
a mathematically lossless compression, on which we will focus here.
The motion variant of the JPEG2k algorithm just uses intra-frame techniques. Therefore, we just
look at the compression of a single frame. A sequence of frames is then encoded by applying the
compression scheme for every frame individually one after the other. One bene�t of this is the
possibility to access and change every frame directly without having to extract temporal context
�rst. This is important if frame-accurate editing is neededas in digital cinema applications.

Figure 53 shows the overall structure of the JPEG 2000 codec,where (a) shows the encoding
steps and (b) the steps needed for decoding. The shaded boxesfor quantization and dequantiza-
tion are not used for lossless compression.

Preprocessing
Forward
Intercomponent
Transform

Forward
Intracomponent
Transform

Quantization Entropy
Encoder

(a)

Entropy
Decoder

Dequantization
Inverse
Intracomponent
Transform

Inverse
Intercomponent
Transform

Postprocessing

(b)

Figure 53: Overall structure of the JPEG 2000 codec, (a) coding and (b) decoding.

In thePreprocessingstep the value range is centered around zero. That is, for unsigned values,
the range is shifted by subtractingrangemax=2 from all values. This is to meet later expectations.
For signed values, nothing has to be done.
A frame can have several components, most often used for the three color components of a color
image. If there are three components available (a greytone image just needs one), a reversible
color transform can be performed in theForward Intracomponent Transformfor better coding
ef�ciency in later steps. Here an integer-to-integer approximation of the conversion between
the RGB and YcrCb space is used. However, this transformation is not necessary. It is mainly
performed as the human visual system is not that sensitive toquantizing the chroma components
than the luminance component. For lossless compression this has not the desired effect as there
is no quantization involved.
In lossless mode, the reversible 5/3 integer-to-integer wavelet transform is chosen to decorrelate
the image in theForward Intercomponent Transform. The transform is applied on all compo-
nents individually. This transform splits a component intoseveral frequency subbands. As the

Differential Lossless Compression for High-Speed FPGA Cameras 95



7 Lossless Video Compression Algorithms

wavelet transformation is applied for the whole frame component, there are no block artifacts as
in the old JPEG standard by applying the DCT on small blocks. Figure 54 shows the coef�cients
for the low-/high-pass �lters of the encoding and decoding stage, which are used in an imple-
mentation using �lter banks. Equation (17) shows the lifting scheme of the 5/3 transform. First,
the input datax(n) are split into even and odd values. Because of the strong correlation between
neighboring values, the even values are used for predictionof the odd ones. The difference of
the actual odd value and the even (predicted) value gives thehigh-band output. This output is
also used to update the even value by addition of the two values, that then becomes the low-band
output. Figure 55 shows this scheme.
To get a 2-D transform the transform is applied �rst on rows then on columns. Every time, the
image is split into two areas. After one 2-D cycle it looks as in �gure 56 (a). There are 4 sub-
bands, but only with half of data as every second line/columnis dropped (so, the total count in
pixel stays the same). TheLL band corresponds to a smoothed and reduced version of the origi-
nal image. TheLH band especially shows horizontal frequencies, theHL band vertical, and the
HH band diagonal structures. Now, the 2-D transformation is applied on the LL part recursively
until a given level is reached. Figure 56 (b) shows the complete subband structure of levelR.

5-tap low-pass �lter [h� 2;h� 1;h0;h1;h2] for encoding:
h2 = h� 2 = � 1

8 h1 = h� 1 = 1
4 h0 = 3

4
3-tap high-pass �lter [g� 1;g0;g1] for encoding:
g1 = g� 1 = � 1

2 g0 = 1

5-tap low-pass �lter [h0
� 2;h0

� 1;h0
0;h0

1;h0
2] for decoding:

h0
2 = h0

� 2 = � 1
8 h0

1 = h0
� 1 = � 1

4 h0
0 = 3

4
3-tap high-pass �lter [g0

� 1;g0
0;g0

1] for decoding:
g0

1 = g0
� 1 = 1

2 g0
0 = 1

The 5/3 wavelet transforma-
tion is used for JPEG2k. The
coef�cients for the Frequence
Impulse Response (FIR) �l-
ters are given for the analysis
(encoding) and the synthesis
(decoding) side.

Figure 54: 5/3 Wavelet coef�cients for low-/high-pass �lter of encoder and decoder unit.

yH(2n+ 1) = x(2n+ 1) �
�

x(2n) + x(2n+ 2)
2

�

yL(2n) = x(2n)+
�

(y(2n� 1) + y(2n+ 1) + 2
4

�

(17)

y(n) is the output sequence of the lifting
implementation of the lifting scheme for
the 5/3 wavelet transform. The indices
L andH of y(n) are only to show the
similarity to the �lter-bank implemen-
tation and do not indicate two different
functions.

Split Prediction Update

-

+

x(n)

yL(2n)

yH(2n+ 1)

x(2n)

x(2n+1)

The input valuesx(n) get split into
evenx(2n) and oddx(2n+ 1) sets.
The even set is then used to predict
the corresponding odd value. The
even value is then updated by adding
the difference between odd and the
predicted value.

Figure 55: The lifting scheme for the forward transform.
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The backward transform is done by simply undoing all operations in opposite order. This can be
done losslessly in the case of the 5/3 li�ting scheme and is not further explained here. For more
details see [100].

LH

LL

HH

HL

(a)

LHR� 1 HHR� 1

HLR� 1

LHR� 2 HHR� 2

HLR� 2
LL0

...

...
...

(b)

Recursive application of
the wavelet transform on
the low-frequency subband.
Similar to the discrete co-
sine transform (DCT), this
leads to a DC value, that
has most of the energy of
the image.

Figure 56: Wavelet decomposition intoRsubbands.

The parameters for the quantization step in lossless mode are chosen to just forward without any
modi�cation of values. So, we ignore this step here.

So far, no compression or reduction in data is performed. However, after applying the 5/3 trans-
form, the data tend to have a peakier absolute frequency distribution. Therefore, the entropy
encoder in the next step can perform better in assigning variable length codewords for the pixel
values.
Prior to encoding, the image gets partitioned into code blocks, that are encoded individually.
This is mainly for resolution and spatial scaling and for Embedded Block Coding with Optimized
Truncation (EBCOT), that enables improvement in image distortion due to truncation.These fea-
tures are not discussed here in more detail. However, it is notable, that the blocks can be pro-
cessed in parallel, which is desirable in a hardware implementation.
For the actual data compression, the MQ coder is used. This isan adaptive, binary arithmetic
coder, that uses only �xed point arithmetic without the use of any multiplication. The context of
a value is formed by the state of its nine neighbors in the codeblock.

7.2 Interframe CALIC

CALIC (context-based, adaptive, lossless image codec) wasone of the proposals for the new
JPEG-LS standard for lossless image compression. Even though, it is designed for single im-
ages, it can be extended for image sequences as done by the authors in [101]. The extended
version exploits both intra- and interframe redundancies.The additional reduction in bitrate for
the interframe version is reported to be more than 20% with a slight increase in complexity.
To make use of interframe coding, at least the �rst frame has to be interframe-coded. Also, if
the correlation between two frames is low, intraframe coding leads to better results. Therefore,
both coding schemes are implemented and are chosen depending on the interframe correlation
valuer (X;Y) given by equation (18). If this value is high, there is a strong similarity between
the current frameY and the previous frameX. Then, interframe coding is used. Otherwise, or
if there is no previous frame available, intraframe coding is the better choice. The context of a
pixel in the actual frame is given by the eight surrounding pixels in the actual and the previous
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frame as shown in �gure 57.

x5 x1

x8 x3 x2 x4

x7 x6

x

Reference (previous) frame

y5 y1

y8 y3 y2 y4

y7 y6

y

Current frame

8 surrounding pixel
values in the previous
(x1; :::;x8) and the cur-
rent (y1; :::;y8) are used
for prediction of the ac-
tual value to encode,y.

Figure 57: Pixel context used for prediction of the actual pixel y
.

Using these pixel values, the correlation functionr is given by:

r (X;Y) =
8å 8

i= 1 xiyi � å 8
i= 1 xi � å 8

i= 1 yiq
[8å 8

i= 1x2
i � (å 8

i= 1 xi)2][8å 8
i= 1 y2

i � (å 8
i= 1 yi)2]

(18)

If this value for r is high (that isr (X;Y) > 0:5, the interframe predictor ˆy is computed by
following function:

ŷ =

8
<

:

ŷh : jx� x2j � j x� x1j > T
ŷv : jx� x2j � j x� x1j < � T

(ŷh + ŷv)=2 : else
(19)

The value forT is chosen arbitrarily by some off-line experiments.
The prediction for ˆyh, if there is a sharp horizontal edge, and the prediction for ˆyv, if there is a
sharp vertical edge, are calculated by

ŷh = y1+
8å 8

i= 1xiyi � å 8
i= 1xi � å 8

i= 1yi

8å 8
i= 1x2

i � (å 8
i= 1 xi)2

(x� x1) ŷv = y2+
8å 8

i= 1 xiyi � å 8
i= 1xi � å 8

i= 1 yi

8å 8
i= 1 x2

i � (å 8
i= 1xi)2

(x� x2):

(20)
On the other hand, if the correlation is low, that isr < 0:5, a gradient adjusted predictor (GAP),
the same as in the original single-image compression algorithm, is used. In GAP, the magnitudes
of the horizontal gradientdh and the vertical gradientdv are computed �rst for the current pixel
y.

dh = jy5 � y1j + jy3 � y2j + jy2 � y4j dv = jy6 � y2j + jy3 � y1j + jy7 � y4j: (21)

The actual prediction is described by the following algorithm. The coef�cients are chosen
arbitrarily.

1 / / sharp h o r i z o n t a l edge
2 IF ( d v � d h > 80) y = y 1 ;
3 / / sharp v e r t i c a l edge
4 ELSE IF ( d v � d h < � 80) y = y 2 ;
5 ELSE f
6 y = ( y 1 + y 2 ) / 2 + ( y 4 � y 3 ) / 4 ;
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7 / / h o r i z o n t a l edge
8 IF ( d v � d h > 32) y = ( y + y 1 ) / 2 ;
9 / / weak h o r i z o n t a l edge

10 ELSE IF ( d v � d h > 8) y = (3 � y + y 1 ) / 4 ;
11 / / v e r t i c a l edge
12 ELSE IF ( d v � d h < � 32) y = (3 � y + y 2 ) / 2 ;
13 / / weak v e r t i c a l edge
14 ELSE IF ( d v � d h < � 8) y = (3 � y + y 2 ) / 4 ;
15 g

Listing 2: Gradient Adjusted Predictor (GAP) in intraframeCALIC.

Prior to entropy coding of the prediction errore= y� ŷ, its context is modeled to improve com-
pression. That is, instead of coding the absolute error, theconditional probability of the error in
contextC, p(ejC), is used. This is done separately for the inter- and intra-frame predicted case,
as they both rely on different context.
For the inter-frame variant, if the correlationr of the two frames is high, the absolute error value
jej tends to be low (there is no such relation in intra-frame mode). So, this becomes part of the
context fore among others, which need to be heavily reduced due to the context dilution prob-
lem, that leads to high learning costs for gathering needed sample-data and therefore also high
memory costs. For both prediction variants, the context value, which basically is the expected
error in the given context, is added to the predicted value asbias to get an even better prediction
of the actual value to encode. This error feedback mechanismyields a non-linear prediction,
whereas the prediction is solely of linear type.

Finally the bias-canceled prediction errore = y � (ŷ+ bias) is entropy encoded if the image
or subimage satis�es the assumption of smoothness, that is needed for predictive coding to be
effective. If the image or subimage is of binary type, that isthe alphabet size is two (any two
values, not just 0 and 1), the pixels values are context modeled and coded directly rather than
the prediction errors. Later is called to be the binary mode instead of the continuous-tone mode.
The binary mode condition is checked by examining the numberof different values in a six-pixel
neighborhood. If there are only two different values, binary mode is used. Here, again context
modeling of the pixel's value probability, given the context C, is performed. The context for
binary mode is a simple linear combination of its neighborhood.
Due to the clean separation of context-based prediction andmodeling, and the entropy coding
any entropy coder can be used. However, in the version submitted to ISO for standardization, a
ternary adaptive arithmetic coder was used for binary mode,and an adaptivem-ary arithmetic
coder for continuous mode.

7.3 Motion-CALIC

Motion-CALIC is an extension to I-CALIC. It adds least-squares prediction and multi-frame
motion compensation before arithmetic coding. It is reported to give an additional 20% saving
in bitrate compared to I-CALIC, especially for sequences containing high motion.
For motion compensation, the frame gets divided into blocksof size N � N. For each block
at position(x;y) of the current frame at timet, the m previous frames are searched within a
given ranger for the location of this block, that minimizes the chosen distance measure, such as
euclidian distance or square mean errors. The motion vector~vt

i gives the amount and direction
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the block at timet has to be moved for the best match inith previous frame, where 1� i � m.
The residual error is then given by

e= Bt(x;y) �
m

å
i= 1

wi � Bt� i((x;y) + ~vi ; (22)

wherewi are weights of a particular previous frame to form a linear combination, that best �ts
the actual block to code. Therefore, the linear equation (23) is solved to minimize the mean
squared error (MSE) of the predicted block.

P� W = R ; with (23)

P=

0

@
bt� 1

1 ((x;y) + ~vt� 1) ::: bt� m
1 ((x;y) + ~vt� m)

::: ::: :::
bt� 1

N2 ((x;y) + ~vt� 1) ::: bt� m
N2 ((x;y) + ~vt� m)

1

A R =

0

@
bt

1((x;y) + ~vt )
:::

bt
N2((x;y) + ~vt )

1

A :

P is the matrix formed by them prediction blocks of sizeN � N as column vectors andR is the
vector of the current block to be predicted. The encoder thenneeds to have the motion vector~v
and the weightswi for each block as side information to reconstruct the original values. However,
these side information tend to have low entropy as the motionvectors are highly correlated.
Block matching mainly has two disadvantages, that are contrary related to each other: with
increasing block size, it is getting more complex in computation, and with decreasing block
size, it is harder to �nd an exact match for the block in older frames.

Then, context modelling and bias cancelation is performed similar to I-CALIC. Finally an
arithmetic coder is used for entropy coding.

7.4 Ex-MLVC

Multi Resolution Lossless Video Coding combines the wavelet transform and inter/intra-frame
prediction on the subbands. The original version only performs the prediction on the lowest (LL)
subband; the extended version applies the prediction also to higher bands, if an increase in cod-
ing ef�ciency can be gained. Figure 58 shows the structure ofthe exended MLVC (Ex-MLVC),
that we explain here brie�y.

Reversible
Color
Transform

Reversible
Wavelet
Transform

Inter/Intra Frame
Adaptive Prediction

Entropy
Coding

Entropy
Coding

M
ultiplexerdirectly coding

of wavelet coef�cients

A color transformation to decorrelate the color-bands is performed as in JPEG 2000.
However, any transformation can be used here. The (5/3) wavelet transform is then
applied. If theRinter ratio is low, the coef�cients of each subband get directly coded
(RInter < Threshold), otherwise an inter/intra-frame prediction step is performed.

Figure 58: Structure of MLVC.
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The �rst steps of MLVC are similar to JPEG2000. First a reversible color transform and then the
reversible 5/3 wavelet transform is performed, so these steps are not discussed here in more de-
tail. After these transformations, there exist still redundancies inside each subband, between
subbands of a frame and between the corresponding bands in different frames. Depending
on theRInter ratio, the coef�cients of each subband get directly coded (RInter < Threshold)
or an inter/intra-frame prediction step is performed. The inter-frame processing ratioRinter =

Inter
Inter+ Intra , whereInter is the number of signals encoded by inter-frame adaptive prediction and
Intra is the number encoded by intra-frame adaptive prediction, of lower subbands is used to
estimate the correlation in higher subbands. The authors showed, that this ratio tend to be high
for higher subbands if it was already high in the lower subbands that are on the way from the
lowest band to the current one. That is, in �gure 56 (b), for the current subbandLHR� 1 the
ratio of the parentsLL0 ... LHR� 2, for the current subbandHHR� 1 the ratio of the parentsLL0

... HHR� 2, and so on, is used for deciding whether to perform prediction on higher subbands.
Figure 59 shows the adaptive inter/intra-frame predictor in more detail.

Control

Motion
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Shift
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Inter-frame
Prediction
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Modeling

2-D Context
Modeling

Intra-frame
Prediction

Calculation of Correlation Coef�cientR

Reference

Frame

Current

Frame

x1 X

x2 x3 x4

y1 y0

y2 y3 y4

R� Th

R> Th

Figure 59: Adaptive inter/intra-frame predictor of Ex-MLVC.

The image is split into smaller regions, called group of picture (GOP), that are encoded sep-
arately by either intra or inter-frame prediction. Groups exploiting the correlation between pre-
ceeding groups are called P-pictures (path on bottom), independently coded groups are called
I-pictures (path on top). There are one or more GOPs in a frame.
For intra-frame prediction, the same predictor as in JPEG-LS, MED, is used, which tries to de-
tect horizontal and vertical edges using neighboring pixels of the current frame.
For inter-frame prediction, �rst motion estimation is doneusing the block matching method to
minimize the sum of absolute differences (SAD) between every pixel in the current block and
the corresponding in the block to test in the the previous frame. The reference image is then
shifted by the determined motion vector to form the prediction neighborhoody0 - y4 for the
current pixelX. The motion vectors themself need also to be transmitted as side-information
and are encoded by using variable length coding such as Huffman coding. The calculation for
inter-frame prediction is presented in equation 24. It is basically an 3D-extended version of the
MED predictor.
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If jy0 � y1j � j < 0 � y3j > T; (vertical edge detection)

x̂ =

8
><

>:

min(x3;y0) if y3 � max(x1;y0)

max(x3;y0) if y1 � min(x1;y0)

x3 + y0 � y3 otherwise;

else if jy0 � y1j � j y0 � y3j < � T; (horizontal edge detection)

x̂ =

8
><

>:

min(x1;y0) if y1 � max(x1;y0)

max(x1;y0) if y2 � min(x1;y0)

x1 + y0 � y1 otherwise;

otherwise

x̂ =
x1 + x3 + y0

3
: (24)

The decision, whether to use inter-frame or intra-frame prediction is done pixel-wise by calcu-
lating the correlation coef�cientR, which is given by equation (25). IfR> Th, then inter-frame
adaptive prediction is used, else intra-frame prediction.

R=
4å 4

i= 1xiyi � å 4
i= 1xi å 4

i= 1 yiq
[4å 4

i= 1 x2
i � (å 4

i= 1xi)2][4å 4
i= 1y2

i � (å 4
i= 1 yi)2]

(25)

All the choices, which predictor to use, can be reproduced onthe decoder side, without any
side-information and are done for every pixel. Only the motion vectors need to be transmitted
as side-information. The values for the various threshold values are gained by experiments and
�xed. The context modeling and entropy coding step is not given by the authors. For comparison
with other techniques, the �rst order entropy is calculated. So, the actual compression still needs
to be done. However, the �rst order entropy gives a lower bound, that can be nearly reached. The
authors used a block size of 4x4 pixels for block matching, within a search area of� 4 � k; l � 4.
The wavelet decomposition was applied to 2 levels.

7.5 Conclusion

This survey of lossless compression algorithm is intended to give us a tool set of different tech-
niques that can be combined to achieve a compression system.The components cover the fol-
lowing ones:

� color transformation,

� wavelet transformation,

� MQ, Huffman, and arithmetic entropy coder,

� correlation function,

� spatial predictors like GAP, MED,

� context modelling,

� motion compensation.
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8 Outlook

After �nishing this thesis and reaching the local goal de�ned in the beginning, there is still plenty
of work left to be done in order to ful�ll the global objectives. The compression rates achieved
by the compression system are not suf�cient to reduce the amount of data to be written on
disk in real-time. More shortcomings and ideas to overcome them are presented in the following
sections. First, the work on the compression system is revised and new approaches are proposed.
In the second section, ideas for the output section of the hardware are presented. This was left out
in this thesis and only the ability to connect to some external interface for storage was assured.
The last section deals with the noise model and the noise �ltering algorithm.

8.1 Compression system

In chapter 7, several lossless compression algorithm and their concepts were presented. Most
of them implement several prediction and encoding steps. Ascould be seen in chapter 3, the
temporal predictor used does not suf�ciantly reduce the size of the data stream. Therefore, it has
to be combined with other techniques. In the following, someof them are motivated for further
research. There are also some questions left out so far that need to be addressed in the �nal
system.

Additional spatial �lter
The difference images are suspected to still be spatial correlated. That is due to the subtraction.
Areas having similar values in the original image tend to also have similar values in the differ-
ence image that are different from the background for non-optimal prediction. This could be
exploited using a spatial predictor like MED or GAP presented in chapter 7 after the temporal
prediction or before the temporal predictor. Latter case, changes the behavior of the temporal
predictor as the input data are changed. As the spatial predictor homogenizes the values in the
image, the afterward temporal predictor may be less sensitive to motion, however, any knowl-
edge of the object and the object movement is lost by the spatial predictor.

Switching �lter
The temporal predictor doubles the size of the alphabet. There is a threshold in movement that
results therefore in a compression loss as more informationare added to the image as were
present before. To avoid this, a measurement unit has to be introduced that allows for a frame
to be classi�ed as being predictable with or without loss in compression gain. For the frames
that would gain more information by the predictor the prediction must not be performed to save
bandwidth. This could be calculating the entropy before andafter prediction for the whole frame
as done in our experiments. However, this is computationally intensive and probably cannot be
done in real-time. The granularity of this approach also hasto be investigated. The switching to
turn on or off the predictor also can be done for smaller blocks instead of the whole image.
The trade-off here is to lose compression gain because of thepredictor or because of to many
side-information necessary to tell the decoding unit whichpredictor was used or not. There
might also be the possibility to �nd a solution that does not need any side-information, that is,
all information are available to the decoder by simply looking at the data received.

Motion compensation
Motion compensation is used by many compression systems that use temporal prediction like
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MPEG. It tries to undo the motion in a scene to allow better prediction. For our simulation this
would mean that there is always a full overlapp and no information is left in the image.
However, this is not true for real-live and more complicatedsequences. The objects are mor-
phing and light is changing. So, there is no perfect overlap even using motion compensation.
Side information for the motion vectors are inserted that are needed to undo the movement of
the objects. This also gives additional information that needs to be transmitted.
This technique has a high computational demand as a search ofa de�ned neighborhood has to
be done concering a correlation measurement to �nd the aequivalent parts in two successive
frames. The search window and the number of blocks that are searched for individually have to
be balanced to �nd a feasable solution.
The shift-structure proposed in the hardware chapter 2 already has some kind of neighborhood
for every pixel that is processed to perform the median �ltering. That structure has to be revised
having motion compensation in mind. For small blocks and search-windows motion compensa-
tion might be easily feasible. The bene�t of sub-optimal motion compensation on the prediction
has to be investigated and so has the in�uence of the higher temporal resolution by high-speed
cameras on the motion compensation algorithms.

Impact of light and shades
The compression estimator presented in chapter 3 assumes anideal shooting environment and
no optical in�uences are considered.
In the noise section in chapter 4, it was seen, that more incoming photons are affected by higher
noise but dynamic range is improved. The in�uence of light intensity and the irradiation angle
on the predictor has to be investigated to gain a more realistic estimator and to set the operation
terms needed for proper use. The gradient of the gray-tone was assumed to be symmetrically for
a close prediction. The ”egg” sequence is an example of how shadows can reduce the compres-
sion gain.

Extension for color sequences
The LUPA sensor itself is a gray-tone capturing device. All topics in this thesis only deal with
this value range. However, the sensor can be extended to capture color sequences by mounting
a Bayer �lter in front of the sensor. Here, four pixels are clustered to capture the color by
using one red, one blue, and two green �lters. The reason for the double amount of green is in
the human perceiption of the different wavelengths and not further explained here. To get the
color information for each individual pixel, the values of the four-tuple have to be interpolated.
These algorithm are quite complex. Perhaps it can be performed of�ine after the sequence
was captured. Then, the compression system would treat the image as having a gray-tone range.
However, this affects the performance of the predictor as the correlation of the pixels is changed.

Entropy coding
For the �nal compression a entropy coder has to be used. So far, only transformation techniques
to change the representation of the data were considered to �nd the one that allows carrying the
same information using less data. Instead of the entropy coder, the �rst order entropy of the
data was calculated. This forms a lower bound to the compression that can be achieved using
an entropy coder. For actual coding of the data techniques like Huffman coding or arithmetical
coding have to be used, which were mentioned in chapter 7.
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Reference frame coding
For the �rst frame of the sequence, no reference frame is available and therefore no predictive
coding can be performed. Here, another solution like simplyentropy coding or spatial prediction
has to be considered.
For more error-robustness and easier access to individual frames of the compressed sequence,
more frames can be inserted that are encoded without using temporal information.

Noise �ltering of residuals
There might be a bene�t in �ltering the frames not before but after temporal prediction due to
smoothing the outlier in the residuals. However, before doing so, the loss in quality has to be
understood. By �ltering the original images, the structures are mostly preserved as only outliers
are eliminated. The idea by coding residuals, in contrast, is in having removed the correlation
between and within the frames leaving the information in sparse outliers. So, one must be
carefull not to lose the actual information.
Also, by �ltering the original frames before prediction, the decoder is able to exactly restore
these noise �ltered frames by using the residuals and the previous noise �ltered frame that was
restored exactly. So, no error is propagated. This is not necessarily provided by reversing the
order.

8.2 Output

The output section is the interface to the user's world. Thiswas only hardly mentioned in chap-
ter 2. The interface that can be used heavily depends on the compression system and the average
and worst-case data rates. Data could be written to a S-ATA disk directely. The hardware ar-
chitecture has unused gigabit transceiver for this purpose. However, there are many unsolved
problems with this solution:
There are most probably outlier in the video sequence. That is, some frames cannot be encoded
with the assumed average compression rate that the interface is designed for. Here, a buffer
has to be inserted before the actual interface. As the proposed FPGA board has a DDR SDRAM
controller implemented, a possible buffer could consist ofSDRAM forming a FIFO (�rst in, �rst
out) queue. Still, there has to be a solution for the case, that no more buffer space is available.
The data structure of the video stream has to be speci�ed. As the compression scheme is not
a standardized method, a self-made data format has to be used. The amount and kind of in-
formation needed depends on the actual compression scheme used. If the data is stored to the
hard-drive or any other location, the user must be able to access these data. Therefore a proper
�le-system has to be used if the data are accessed directely or another common interface to the
data has to be provided, for example by using TCP/IP packets sent over a network connection.

8.3 Noise

The noise simulator introduced in chapter 4 is not veri�ed toadequately describe the LUPA sen-
sor as at the time of completion of this thesis no LUPA prototype was available for testing. This
affects the simulation runs in chapter 5 estimating the performance of the predictor on noisy and
noise �ltered sequences.
Median �ltering is one common type of noise �lter. However, for the noise produced by a
CMOS image sensor there might be other �lters that are bettersuited. Therefore, different noise
�lter algorithm should be investigated using the veri�ed noise simulator. The LUPA for example
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provides the possibility to perform dark-frame bias subtraction to get rid of some of the �xed
pattern noise. This has to be taken into consideration.

Another idea is to reduce noise by reducing the resolution. Here, several pixels of the full-
resolution frame are averaged or treated otherwise to cancel out random noise. The way this is
done best has to be researched. This includes the layout-scheme and operation of combining
pixels, and the type of noise that is affected by it.
If loss in resolution is no option, the scene can be recorded by several high-speed cameras using
a beam splitter and then some kind of averaging can be performed. However, the power of light
needed to illuminate the scene could be a limiting factor here.
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A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.031 0.0 0.000 1 0.203 0.000 0.000 0.203
0.031 1.0 0.003 1 0.203 0.004 0.020 0.199
0.031 10.0 0.033 1 0.203 0.020 0.097 0.184
0.031 50.0 0.167 1 0.203 0.069 0.338 0.135
0.031 100.0 0.333 1 0.203 0.119 0.588 0.084
0.031 150.0 0.500 1 0.203 0.164 0.809 0.039
0.031 300.0 1.000 1 0.203 0.277 1.363 -0.074
0.031 600.0 2.000 1 0.203 0.405 1.993 -0.202

(a)
A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.031 0.0 0.000 10 0.219 0.000 0.000 0.219
0.031 1.0 0.003 10 0.219 0.018 0.083 0.201
0.031 10.0 0.033 10 0.219 0.049 0.223 0.170
0.031 50.0 0.167 10 0.219 0.106 0.482 0.114
0.031 100.0 0.333 10 0.219 0.158 0.721 0.061
0.031 150.0 0.500 10 0.219 0.204 0.930 0.015
0.031 300.0 1.000 10 0.219 0.316 1.443 -0.097
0.031 600.0 2.000 10 0.219 0.437 1.993 -0.218

(b)
A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.031 0.0 0.000 100 0.348 0.000 0.000 0.348
0.031 1.0 0.003 100 0.348 0.111 0.320 0.237
0.031 10.0 0.033 100 0.348 0.220 0.631 0.129
0.031 50.0 0.167 100 0.348 0.330 0.947 0.018
0.031 100.0 0.333 100 0.348 0.428 1.227 -0.079
0.031 150.0 0.500 100 0.348 0.495 1.420 -0.146
0.031 300.0 1.000 100 0.348 0.616 1.770 -0.268
0.031 600.0 2.000 100 0.348 0.695 1.996 -0.347

(c)
A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.031 0.0 0.000 255 0.447 0.000 0.000 0.447
0.031 1.0 0.003 255 0.447 0.159 0.356 0.288
0.031 10.0 0.033 255 0.447 0.322 0.719 0.126
0.031 50.0 0.167 255 0.447 0.440 0.984 0.007
0.031 100.0 0.333 255 0.447 0.521 1.165 -0.074
0.031 150.0 0.500 255 0.447 0.585 1.309 -0.138
0.031 300.0 1.000 255 0.447 0.734 1.642 -0.287
0.031 600.0 2.000 255 0.447 0.893 1.997 -0.446

(d)

Table 23: Entropy of original and difference frame for object-size A
S = 0:031 using the gray-tone

circular model.
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A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.126 0.0 0.000 1 0.549 0.000 0.000 0.549
0.126 1.0 0.002 1 0.549 0.008 0.014 0.542
0.126 10.0 0.017 1 0.549 0.036 0.066 0.513
0.126 50.0 0.083 1 0.549 0.124 0.225 0.426
0.126 100.0 0.167 1 0.549 0.212 0.387 0.337
0.126 200.0 0.333 1 0.549 0.361 0.658 0.188
0.126 300.0 0.500 1 0.549 0.487 0.887 0.062
0.126 600.0 1.000 1 0.549 0.780 1.419 -0.230
0.126 1200.0 2.000 1 0.549 1.073 1.952 -0.523

(e)
A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.126 0.0 0.000 10 0.586 0.000 0.000 0.586
0.126 1.0 0.002 10 0.586 0.034 0.057 0.552
0.126 10.0 0.017 10 0.586 0.092 0.157 0.493
0.126 50.0 0.083 10 0.586 0.195 0.333 0.390
0.126 100.0 0.167 10 0.586 0.289 0.493 0.297
0.126 200.0 0.333 10 0.586 0.441 0.753 0.145
0.126 300.0 0.500 10 0.586 0.568 0.970 0.017
0.126 600.0 1.000 10 0.586 0.862 1.472 -0.276
0.126 1200.0 2.000 10 0.586 1.145 1.955 -0.559

(f)
A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.126 0.0 0.000 100 0.912 0.000 0.000 0.912
0.126 1.0 0.002 100 0.912 0.217 0.237 0.695
0.126 10.0 0.017 100 0.912 0.440 0.483 0.472
0.126 50.0 0.083 100 0.912 0.667 0.731 0.245
0.126 100.0 0.167 100 0.912 0.871 0.955 0.041
0.126 200.0 0.333 100 0.912 1.110 1.217 -0.198
0.126 300.0 0.500 100 0.912 1.267 1.390 -0.355
0.126 600.0 1.000 100 0.912 1.586 1.738 -0.673
0.126 1200.0 2.000 100 0.912 1.798 1.971 -0.886

(g)
A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.126 0.0 0.000 255 1.329 0.000 0.000 1.329
0.126 1.0 0.002 255 1.329 0.355 0.267 0.974
0.126 10.0 0.017 255 1.329 0.762 0.573 0.567
0.126 50.0 0.083 255 1.329 1.063 0.800 0.266
0.126 100.0 0.167 255 1.329 1.278 0.961 0.051
0.126 200.0 0.333 255 1.329 1.622 1.220 -0.292
0.126 300.0 0.500 255 1.329 1.894 1.425 -0.565
0.126 600.0 1.000 255 1.329 2.296 1.727 -0.967
0.126 1200.0 2.000 255 1.329 2.632 1.980 -1.303

(h)

Table 24: Entropy of original and difference frame for object-size A
S = 0:126 using the gray-tone

circular model.
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A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.349 0.0 0.000 1 0.941 0.000 0.000 0.941
0.349 1.0 0.001 1 0.941 0.012 0.013 0.929
0.349 10.0 0.010 1 0.941 0.057 0.061 0.883
0.349 50.0 0.050 1 0.941 0.189 0.201 0.751
0.349 100.0 0.100 1 0.941 0.321 0.341 0.620
0.349 200.0 0.200 1 0.941 0.536 0.570 0.405
0.349 300.0 0.300 1 0.941 0.713 0.758 0.228
0.349 500.0 0.500 1 0.941 0.995 1.058 -0.055
0.349 900.0 0.900 1 0.941 1.364 1.450 -0.423

(i)
A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.349 0.0 0.000 10 1.006 0.000 0.000 1.006
0.349 1.0 0.001 10 1.006 0.053 0.052 0.953
0.349 10.0 0.010 10 1.006 0.146 0.145 0.860
0.349 50.0 0.050 10 1.006 0.305 0.303 0.701
0.349 100.0 0.100 10 1.006 0.444 0.442 0.562
0.349 200.0 0.200 10 1.006 0.665 0.662 0.340
0.349 300.0 0.300 10 1.006 0.845 0.841 0.160
0.349 500.0 0.500 10 1.006 1.131 1.125 -0.125
0.349 900.0 0.900 10 1.006 1.502 1.494 -0.496

(j)
A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.349 0.0 0.000 100 1.619 0.000 0.000 1.619
0.349 1.0 0.001 100 1.619 0.340 0.210 1.279
0.349 10.0 0.010 100 1.619 0.706 0.436 0.913
0.349 50.0 0.050 100 1.619 1.079 0.667 0.540
0.349 100.0 0.100 100 1.619 1.415 0.874 0.204
0.349 200.0 0.200 100 1.619 1.795 1.109 -0.176
0.349 300.0 0.300 100 1.619 2.035 1.257 -0.416
0.349 500.0 0.500 100 1.619 2.374 1.467 -0.756
0.349 900.0 0.900 100 1.619 2.782 1.719 -1.164

(k)
A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.349 0.0 0.000 255 2.515 0.000 0.000 2.515
0.349 1.0 0.001 255 2.515 0.565 0.225 1.950
0.349 10.0 0.010 255 2.515 1.266 0.503 1.249
0.349 50.0 0.050 255 2.515 1.792 0.713 0.723
0.349 100.0 0.100 255 2.515 2.173 0.864 0.342
0.349 200.0 0.200 255 2.515 2.774 1.103 -0.259
0.349 300.0 0.300 255 2.515 3.247 1.291 -0.732
0.349 500.0 0.500 255 2.515 3.768 1.498 -1.253
0.349 900.0 0.900 255 2.515 4.300 1.710 -1.785

(l)

Table 25: Entropy of original and difference frame for object-size A
S = 0:349 using the gray-tone

circular model.
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A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.223 0.0 0.000 1 0.772 0.000 0.000 0.772
0.223 1.0 0.001 1 0.772 0.010 0.013 0.762
0.223 10.0 0.013 1 0.772 0.047 0.061 0.725
0.223 50.0 0.062 1 0.772 0.157 0.204 0.615
0.223 100.0 0.125 1 0.772 0.268 0.348 0.504
0.223 200.0 0.250 1 0.772 0.452 0.586 0.320
0.223 400.0 0.500 1 0.772 0.739 0.957 0.033
0.223 600.0 0.750 1 0.772 0.959 1.242 -0.187
0.223 1000.0 1.250 1 0.772 1.259 1.631 -0.487

A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.223 0.0 0.000 10 0.822 0.000 0.000 0.822
0.223 1.0 0.001 10 0.822 0.043 0.053 0.779
0.223 10.0 0.013 10 0.822 0.119 0.145 0.703
0.223 50.0 0.062 10 0.822 0.251 0.305 0.571
0.223 100.0 0.125 10 0.822 0.368 0.448 0.454
0.223 200.0 0.250 10 0.822 0.557 0.677 0.265
0.223 400.0 0.500 10 0.822 0.847 1.031 -0.025
0.223 600.0 0.750 10 0.822 1.068 1.299 -0.246
0.223 1000.0 1.250 10 0.822 1.369 1.665 -0.547

A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.223 0.0 0.000 100 1.290 0.000 0.000 1.290
0.223 1.0 0.001 100 1.290 0.280 0.217 1.010
0.223 10.0 0.013 100 1.290 0.576 0.447 0.713
0.223 50.0 0.062 100 1.290 0.877 0.680 0.413
0.223 100.0 0.125 100 1.290 1.148 0.890 0.142
0.223 200.0 0.250 100 1.290 1.460 1.132 -0.170
0.223 400.0 0.500 100 1.290 1.820 1.411 -0.530
0.223 600.0 0.750 100 1.290 2.066 1.602 -0.776
0.223 1000.0 1.250 100 1.290 2.376 1.842 -1.086

A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.223 0.0 0.000 255 1.941 0.000 0.000 1.941
0.223 1.0 0.001 255 1.941 0.465 0.240 1.476
0.223 10.0 0.013 255 1.941 1.023 0.527 0.918
0.223 50.0 0.062 255 1.941 1.437 0.740 0.504
0.223 100.0 0.125 255 1.941 1.739 0.896 0.202
0.223 200.0 0.250 255 1.941 2.212 1.139 -0.271
0.223 400.0 0.500 255 1.941 2.831 1.458 -0.890
0.223 600.0 0.750 255 1.941 3.157 1.626 -1.216
0.223 1000.0 1.250 255 1.941 3.513 1.810 -1.572

Table 26: Entropy of original and difference frame for object-size A
S = 0:223 using the gray-tone

circular model.
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A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.003 0.0 0.000 255 0.056 0.000 0.000 0.056
0.003 1.0 0.010 255 0.056 0.028 0.497 0.028
0.003 1.0 0.010 255 0.056 0.028 0.497 0.028
0.003 5.0 0.050 255 0.056 0.046 0.822 0.010
0.003 10.0 0.100 255 0.056 0.052 0.926 0.004
0.003 20.0 0.200 255 0.056 0.060 1.073 -0.004
0.003 30.0 0.300 255 0.056 0.066 1.179 -0.010
0.003 40.0 0.400 255 0.056 0.071 1.268 -0.015

A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.014 0.0 0.000 255 0.209 0.000 0.000 0.209
0.014 1.0 0.005 255 0.209 0.091 0.434 0.118
0.014 2.0 0.010 255 0.209 0.123 0.588 0.086
0.014 10.0 0.050 255 0.209 0.168 0.803 0.041
0.014 20.0 0.100 255 0.209 0.190 0.911 0.019
0.014 40.0 0.200 255 0.209 0.219 1.048 -0.010
0.014 60.0 0.300 255 0.209 0.240 1.151 -0.032
0.014 80.0 0.400 255 0.209 0.259 1.240 -0.050

A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.031 0.0 0.000 255 0.447 0.000 0.000 0.447
0.031 2.0 0.007 255 0.447 0.225 0.502 0.223
0.031 3.0 0.010 255 0.447 0.253 0.565 0.195
0.031 15.0 0.050 255 0.447 0.345 0.771 0.102
0.031 30.0 0.100 255 0.447 0.395 0.884 0.052
0.031 60.0 0.200 255 0.447 0.459 1.026 -0.011
0.031 90.0 0.300 255 0.447 0.507 1.133 -0.060
0.031 120.0 0.400 255 0.447 0.548 1.225 -0.101

A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.056 0.0 0.000 255 0.726 0.000 0.000 0.726
0.056 2.0 0.005 255 0.726 0.327 0.451 0.399
0.056 4.0 0.010 255 0.726 0.397 0.547 0.329
0.056 20.0 0.050 255 0.726 0.541 0.745 0.185
0.056 40.0 0.100 255 0.726 0.627 0.863 0.100
0.056 80.0 0.200 255 0.726 0.739 1.018 -0.013
0.056 120.0 0.300 255 0.726 0.831 1.144 -0.105
0.056 160.0 0.400 255 0.726 0.914 1.258 -0.187

Table 27: Entropy of original and difference frame for object-sizesA
S = 0:003, A

S = 0:014, A
S =

0:031, andA
S = 0:056 using the gray-tone circular model.
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A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.087 1.0 0.002 255 1.023 0.295 0.288 0.728
0.087 3.0 0.006 255 1.023 0.478 0.467 0.545
0.087 5.0 0.010 255 1.023 0.542 0.530 0.481
0.087 25.0 0.050 255 1.023 0.741 0.724 0.283
0.087 50.0 0.100 255 1.023 0.867 0.847 0.157
0.087 100.0 0.200 255 1.023 1.038 1.014 -0.014
0.087 150.0 0.300 255 1.023 1.182 1.155 -0.158
0.087 200.0 0.400 255 1.023 1.312 1.282 -0.289

A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.196 1.0 0.001 255 1.790 0.439 0.245 1.351
0.196 4.0 0.005 255 1.790 0.781 0.436 1.009
0.196 8.0 0.011 255 1.790 0.916 0.512 0.874
0.196 38.0 0.051 255 1.790 1.259 0.703 0.531
0.196 75.0 0.100 255 1.790 1.498 0.837 0.292
0.196 150.0 0.200 255 1.790 1.857 1.038 -0.067
0.196 225.0 0.300 255 1.790 2.167 1.210 -0.377
0.196 300.0 0.400 255 1.790 2.419 1.351 -0.629

A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.348 1.0 0.001 255 2.512 0.564 0.225 1.948
0.348 5.0 0.005 255 2.512 1.080 0.430 1.432
0.348 10.0 0.010 255 2.512 1.265 0.503 1.247
0.348 50.0 0.050 255 2.512 1.790 0.713 0.722
0.348 100.0 0.100 255 2.512 2.171 0.864 0.342
0.348 200.0 0.200 255 2.512 2.771 1.103 -0.258
0.348 300.0 0.300 255 2.512 3.244 1.291 -0.732
0.348 400.0 0.400 255 2.512 3.543 1.410 -1.031

A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.503 1.0 0.001 255 3.000 0.656 0.219 2.345
0.503 6.0 0.005 255 3.000 1.330 0.443 1.671
0.503 12.0 0.010 255 3.000 1.555 0.518 1.445
0.503 60.0 0.050 255 3.000 2.237 0.746 0.764
0.503 120.0 0.100 255 3.000 2.750 0.916 0.251
0.503 240.0 0.200 255 3.000 3.565 1.188 -0.565
0.503 360.0 0.300 255 3.000 4.101 1.367 -1.101

A
S

~v
f ps

~v
f ps�r f Horig Hdi f f

Hdi f f
Horig

Horig � Hdi f f

0.684 1.0 0.001 255 3.329 0.740 0.222 2.589
0.684 7.0 0.005 255 3.329 1.577 0.474 1.752
0.684 14.0 0.010 255 3.329 1.845 0.554 1.484
0.684 70.0 0.050 255 3.329 2.694 0.809 0.635
0.684 140.0 0.100 255 3.329 3.354 1.008 -0.025

Table 28: Entropy of original and difference frame for object-sizesA
S = 0:087, A

S = 0:196, A
S =

0:348, andA
S = 0:684 using the gray-tone circular model.
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B Results of chapter 5.1

RMSE MAE Hnoisy
orig Hnoisy

orig � Horig

17.341 16.842 4.118 4.062
8.922 8.426 3.614 3.558
8.082 7.587 3.536 3.481
7.237 6.743 3.449 3.393
6.398 5.905 3.350 3.294
5.556 5.064 3.235 3.179
4.715 4.222 3.097 3.042
3.875 3.384 2.926 2.870
3.033 2.542 2.698 2.643
2.195 1.702 2.368 2.312
1.359 0.863 1.794 1.738
0.949 0.444 1.272 1.217
0.627 0.108 0.485 0.429
0.584 0.066 0.313 0.257
0.555 0.032 0.130 0.075
0.550 0.024 0.060 0.005

RMSE MAE Hnoisy
orig Hnoisy

orig � Horig

16.068 13.821 5.229 2.714
9.481 7.761 5.127 2.612
8.923 7.189 5.104 2.588
8.395 6.625 5.073 2.558
7.916 6.073 5.034 2.519
7.483 5.525 4.985 2.470
7.113 4.990 4.923 2.408
6.808 4.464 4.838 2.323
6.595 3.952 4.718 2.203
6.456 3.447 4.531 2.015
6.422 2.958 4.185 1.670
6.450 2.723 3.861 1.346
6.469 2.528 3.361 0.846
6.485 2.508 3.253 0.738
6.482 2.486 3.135 0.620
6.489 2.483 3.093 0.578

(a) (b)

Table 29: Entropy of (a) a small object withx= 0:0035 andHorig = 0:056, and (b) a large object
with x = 0:349 andHorig = 2:515 both having the same noise sequences applied.

RMSE MAE Hnoisy
orig Hnoisy

orig � Horig

17.332 16.839 4.076 4.076
8.908 8.422 3.569 3.569
8.063 7.579 3.491 3.491
7.219 6.736 3.403 3.403
6.373 5.893 3.304 3.304
5.530 5.052 3.188 3.188
4.683 4.210 3.049 3.049
3.835 3.368 2.877 2.877
2.985 2.526 2.650 2.650
2.126 1.684 2.317 2.317
1.245 0.842 1.741 1.741
0.774 0.421 1.217 1.217
0.302 0.084 0.425 0.425
0.209 0.042 0.254 0.254
0.092 0.008 0.070 0.070
0.000 0.000 0.000 0.000

RMSE MAE Hnoisy
orig Hnoisy

orig � Horig

15.496 13.494 5.026 2.511
7.977 6.765 4.752 2.237
7.224 6.092 4.708 2.193
6.468 5.415 4.657 2.142
5.712 4.740 4.598 2.083
4.956 4.064 4.530 2.015
4.198 3.387 4.446 1.931
3.440 2.710 4.341 1.826
2.677 2.033 4.200 1.685
1.907 1.356 3.991 1.476
1.118 0.679 3.627 1.112
0.695 0.339 3.291 0.776
0.271 0.068 2.784 0.269
0.188 0.034 2.674 0.159
0.083 0.007 2.558 0.043
0.000 0.000 2.515 0.000

(a) (b)

Table 30: Entropy of (a) black background and (b) object of sizex= 0:349 both having the same
noise sequences applied. However, for the large object in (b), no photon shot noise is
applied.
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C Results of chapter 5.2

A
S - - Horig Hdi f f Hratio Hsub Horig png Hdi f f png

~v
f ps RMSEmed MAEmed Hmed

orig Hmed
di f f

Hmed
di f f

Hmed
orig

Hmed
orig � Hmed

di f f Hmed
orig png Hmed

di f f png

~v
f ps�r RMSEadp MAEadp Hadp

orig Hadp
di f f

Had p
di f f

Had p
orig

Hadp
orig � Hadp

di f f Hadp
orig png Hadp

di f f png

0.003 0.056 0.000 0.000 0.056 0.014 0.008
0.000 0.018 0.000 0.056 0.000 0.000 0.056 0.014 0.008
0.000 0.003 0.000 0.056 0.000 0.000 0.056 0.014 0.008

0.003 0.056 0.000 0.000 0.056 0.014 0.008
0.100 0.018 0.000 0.056 0.000 0.000 0.056 0.014 0.008
0.001 0.003 0.000 0.056 0.000 0.000 0.056 0.014 0.008

0.003 0.056 0.000 0.000 0.056 0.014 0.008
0.300 0.018 0.000 0.056 0.000 0.000 0.056 0.014 0.008
0.003 0.003 0.000 0.056 0.000 0.000 0.056 0.014 0.008

0.003 0.056 0.028 0.497 0.028 0.014 0.021
0.500 0.018 0.000 0.056 0.027 0.488 0.029 0.014 0.021
0.005 0.003 0.000 0.056 0.028 0.497 0.028 0.014 0.021

0.003 0.056 0.028 0.497 0.028 0.014 0.021
0.700 0.018 0.000 0.056 0.027 0.488 0.029 0.014 0.021
0.007 0.003 0.000 0.056 0.028 0.497 0.028 0.014 0.021

0.003 0.056 0.028 0.497 0.028 0.014 0.021
1.000 0.122 0.006 0.056 0.027 0.488 0.029 0.014 0.021
0.010 0.053 0.002 0.056 0.028 0.497 0.028 0.014 0.021

0.003 0.056 0.037 0.669 0.018 0.014 0.024
2.000 0.122 0.006 0.056 0.037 0.662 0.019 0.014 0.023
0.020 0.053 0.002 0.056 0.037 0.669 0.018 0.014 0.024

0.003 0.056 0.042 0.745 0.014 0.014 0.023
3.000 0.122 0.006 0.056 0.041 0.738 0.015 0.014 0.023
0.030 0.053 0.002 0.056 0.042 0.745 0.014 0.014 0.023

0.003 0.056 0.044 0.788 0.012 0.014 0.024
4.000 0.122 0.006 0.056 0.044 0.781 0.012 0.014 0.024
0.040 0.053 0.002 0.056 0.044 0.789 0.012 0.014 0.024

0.003 0.056 0.046 0.822 0.010 0.014 0.024
5.000 0.122 0.006 0.056 0.045 0.814 0.010 0.014 0.024
0.050 0.053 0.002 0.056 0.046 0.822 0.010 0.014 0.024

0.003 0.056 0.052 0.926 0.004 0.014 0.024
10.000 0.122 0.006 0.056 0.051 0.922 0.004 0.014 0.024
0.100 0.053 0.002 0.056 0.052 0.927 0.004 0.014 0.025

Table 31: Performance of temporal predictor for median �ltered sequences compared to unmod-
i�ed sequences.
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A
S - - Horig Hdi f f Hratio Hsub Horig png Hdi f f png

~v
f ps RMSEmed MAEmed Hmed

orig Hmed
di f f

Hmed
di f f

Hmed
orig

Hmed
orig � Hmed

di f f Hmed
orig png Hmed

di f f png

~v
f ps�r RMSEadp MAEadp Hadp

orig Hadp
di f f

Had p
di f f

Had p
orig

Hadp
orig � Hadp

di f f Hadp
orig png Hadp

di f f png

0.349 2.515 0.000 0.000 2.515 0.094 0.008
0.000 0.012 0.000 2.515 0.000 0.000 2.515 0.094 0.008
0.000 0.005 0.000 2.515 0.000 0.000 2.515 0.094 0.008

0.349 2.515 0.565 0.225 1.950 0.094 0.102
1.000 0.012 0.000 2.515 0.564 0.224 1.951 0.094 0.102
0.001 0.004 0.000 2.515 0.565 0.225 1.950 0.094 0.100

0.349 2.515 0.940 0.374 1.575 0.094 0.095
3.000 0.012 0.000 2.515 0.939 0.373 1.576 0.094 0.095
0.003 0.004 0.000 2.515 0.940 0.374 1.575 0.094 0.110

0.349 2.515 1.081 0.430 1.434 0.094 0.100
5.000 0.012 0.000 2.515 1.080 0.430 1.435 0.094 0.100
0.005 0.004 0.000 2.515 1.081 0.430 1.434 0.094 0.102

0.349 2.515 1.171 0.466 1.344 0.094 0.098
7.000 0.012 0.000 2.515 1.170 0.465 1.345 0.094 0.098
0.007 0.004 0.000 2.515 1.171 0.466 1.344 0.094 0.107

0.349 2.515 1.266 0.503 1.249 0.094 0.111
10.000 0.012 0.000 2.515 1.265 0.503 1.250 0.094 0.110
0.010 0.004 0.000 2.515 1.266 0.503 1.249 0.094 0.110

0.349 2.515 1.460 0.581 1.055 0.094 0.135
20.000 0.012 0.000 2.515 1.459 0.580 1.056 0.094 0.135
0.020 0.004 0.000 2.515 1.460 0.581 1.055 0.094 0.132

0.349 2.515 1.590 0.632 0.925 0.094 0.153
30.000 0.012 0.000 2.515 1.589 0.632 0.926 0.094 0.152
0.030 0.004 0.000 2.515 1.590 0.632 0.925 0.094 0.153

0.349 2.515 1.697 0.675 0.818 0.094 0.166
40.000 0.012 0.000 2.515 1.697 0.675 0.818 0.094 0.166
0.040 0.004 0.000 2.515 1.698 0.675 0.818 0.094 0.165

0.349 2.515 1.792 0.713 0.723 0.094 0.176
50.000 0.012 0.000 2.515 1.792 0.713 0.723 0.094 0.176
0.050 0.004 0.000 2.515 1.792 0.713 0.723 0.094 0.172

0.349 2.515 2.173 0.864 0.342 0.095 0.211
100.000 0.012 0.000 2.515 2.173 0.864 0.342 0.094 0.211
0.100 0.004 0.000 2.515 2.173 0.864 0.342 0.095 0.210

Table 32: Performance of temporal predictor for median �ltered sequences compared to unmod-
i�ed sequences.
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D Results of chapter 5.3

~v
f ps

- ~v
f ps�r Horig Hdi f f Hratio Hsub Horig png Hdi f f png

RMSEn MAEn Hn
orig Hn

di f f Hn
ratio Hn

sub Hn
orig png Hn

di f f png

0.000 - 0.000 0.056 0.000 0.000 0.056 0.014 0.008
16.370 15.840 4.119 4.594 1.115 -0.475 4.443 5.819
8.923 8.427 3.613 4.098 1.134 -0.485 3.968 5.245
4.716 4.224 3.097 3.604 1.164 -0.507 3.523 4.747
1.360 0.864 1.795 2.446 1.363 -0.651 2.576 3.669
0.947 0.444 1.272 1.930 1.517 -0.658 1.728 3.241
0.627 0.108 0.484 0.838 1.731 -0.354 0.736 1.646
0.542 0.024 0.060 0.051 0.850 0.009 0.030 0.040

0.100 - 0.001 0.056 0.000 0.000 0.056 0.014 0.008
17.339 16.840 4.119 4.593 1.115 -0.475 4.443 5.818
8.922 8.427 3.614 4.098 1.134 -0.485 3.969 5.391
4.714 4.222 3.097 3.604 1.164 -0.507 3.523 4.857
1.361 0.864 1.795 2.446 1.363 -0.651 2.576 3.681
0.950 0.444 1.272 1.929 1.516 -0.657 1.728 3.152
0.624 0.108 0.484 0.839 1.731 -0.354 0.737 1.649
0.550 0.024 0.060 0.051 0.850 0.009 0.030 0.040

0.300 - 0.003 0.056 0.000 0.000 0.056 0.014 0.008
16.371 15.841 4.118 4.593 1.115 -0.475 4.443 5.560
8.922 8.428 3.613 4.098 1.134 -0.485 3.968 5.323
4.716 4.224 3.097 3.604 1.164 -0.507 3.524 4.947
1.360 0.863 1.795 2.445 1.362 -0.650 2.571 3.679
0.949 0.444 1.272 1.929 1.517 -0.657 1.728 3.284
0.625 0.108 0.484 0.837 1.730 -0.353 0.735 2.029
0.546 0.024 0.060 0.051 0.848 0.009 0.030 0.040

0.500 - 0.005 0.056 0.028 0.497 0.028 0.014 0.021
17.341 16.841 4.119 4.594 1.115 -0.475 4.444 5.524
8.922 8.426 3.613 4.099 1.134 -0.485 3.969 5.252
4.715 4.224 3.097 3.604 1.164 -0.506 3.523 4.707
1.362 0.863 1.794 2.447 1.364 -0.652 2.572 3.768
0.949 0.444 1.272 1.929 1.517 -0.657 1.728 3.260
0.629 0.108 0.484 0.838 1.731 -0.354 0.736 1.991
0.550 0.024 0.060 0.052 0.859 0.008 0.030 0.040

1.000 - 0.010 0.056 0.028 0.497 0.028 0.014 0.021
16.376 15.845 4.119 4.594 1.115 -0.475 4.443 5.624
8.923 8.427 3.614 4.099 1.134 -0.485 3.969 5.269
4.715 4.223 3.097 3.604 1.164 -0.506 3.523 4.878
1.359 0.863 1.795 2.447 1.363 -0.652 2.573 3.629
0.947 0.443 1.271 1.929 1.517 -0.658 1.728 3.153
0.626 0.108 0.485 0.839 1.731 -0.354 0.737 1.648
0.544 0.024 0.060 0.052 0.857 0.009 0.030 0.040

5.000 - 0.050 0.056 0.046 0.822 0.010 0.014 0.024

Differential Lossless Compression for High-Speed FPGA Cameras 116



D Results of chapter 5.3

16.373 15.842 4.119 4.598 1.116 -0.479 4.444 5.691
8.923 8.427 3.614 4.104 1.136 -0.490 3.969 5.273
4.715 4.222 3.097 3.609 1.165 -0.512 3.524 4.645
1.361 0.863 1.795 2.452 1.366 -0.657 2.576 3.685
0.948 0.444 1.272 1.934 1.521 -0.662 1.728 3.241
0.625 0.108 0.484 0.843 1.743 -0.359 0.736 2.009
0.550 0.024 0.060 0.055 0.904 0.006 0.030 0.041

10.000 - 0.100 0.056 0.052 0.926 0.004 0.014 0.024
16.373 15.843 4.119 4.605 1.118 -0.486 4.443 5.555
8.923 8.427 3.614 4.112 1.138 -0.498 3.969 4.979
4.715 4.222 3.097 3.617 1.168 -0.520 3.524 4.570
1.361 0.864 1.795 2.458 1.369 -0.663 2.576 3.489
0.948 0.444 1.272 1.941 1.525 -0.668 1.729 3.122
0.626 0.108 0.484 0.848 1.752 -0.364 0.736 1.641
0.547 0.024 0.060 0.058 0.967 0.002 0.030 0.040

Table 33: Performance of temporal predictor for noisy sequences with an object of sizex= 0:003
compared to noise-free sequences.

~v
f ps

- ~v
f ps�r Horig Hdi f f Hratio Hsub Horig png Hdi f f png

RMSEn MAEn Hn
orig Hn

di f f Hration Hn
sub Hn

orig png Hn
di f f png

0.000 - 0.000 2.515 0.000 0.000 2.515 0.094 0.008
15.318 13.102 5.229 4.747 0.908 0.482 4.524 5.614
9.479 7.759 5.128 4.671 0.911 0.456 4.505 5.571
7.110 4.990 4.923 4.525 0.919 0.398 4.351 5.403
6.420 2.957 4.185 3.977 0.950 0.208 3.796 4.919
6.441 2.718 3.860 3.682 0.954 0.178 3.323 4.550
6.480 2.531 3.361 3.034 0.903 0.326 2.530 3.574
6.488 2.483 3.093 2.596 0.839 0.497 1.977 2.372

1.000 - 0.001 2.515 0.565 0.225 1.950 0.094 0.102
15.317 13.102 5.230 4.749 0.908 0.481 4.525 5.593
9.484 7.764 5.127 4.671 0.911 0.457 4.505 5.639
7.112 4.990 4.923 4.525 0.919 0.398 4.352 5.417
6.426 2.960 4.186 3.980 0.951 0.207 3.799 4.797
6.439 2.717 3.859 3.684 0.955 0.175 3.323 4.570
6.477 2.530 3.361 3.035 0.903 0.326 2.529 3.531
6.486 2.484 3.093 2.598 0.840 0.495 1.977 2.374

3.000 - 0.003 2.515 0.940 0.374 1.575 0.094 0.095
15.319 13.104 5.229 4.753 0.909 0.476 4.523 5.618
9.485 7.764 5.127 4.676 0.912 0.451 4.505 5.454
7.112 4.990 4.923 4.531 0.920 0.391 4.351 5.359
6.420 2.958 4.186 3.987 0.952 0.199 3.797 4.913
6.443 2.719 3.860 3.691 0.956 0.169 3.324 4.656
6.473 2.527 3.359 3.040 0.905 0.319 2.529 3.767
6.492 2.485 3.094 2.604 0.842 0.490 1.978 2.341
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5.000 - 0.005 2.515 1.081 0.430 1.434 0.094 0.100
16.067 13.821 5.230 4.760 0.910 0.469 4.522 5.632
9.482 7.762 5.128 4.685 0.914 0.442 4.504 5.432
7.110 4.989 4.923 4.540 0.922 0.382 4.351 5.502
6.419 2.958 4.186 3.997 0.955 0.189 3.798 4.897
6.440 2.717 3.860 3.701 0.959 0.159 3.323 4.534
6.482 2.533 3.360 3.051 0.908 0.309 2.530 3.547
6.491 2.484 3.093 2.612 0.844 0.481 1.977 2.377

10.000 - 0.010 2.515 1.266 0.503 1.249 0.094 0.111
15.319 13.103 5.228 4.794 0.917 0.434 4.522 5.530
9.481 7.761 5.129 4.723 0.921 0.405 4.506 5.455
7.120 4.993 4.924 4.581 0.930 0.343 4.353 5.214
6.423 2.958 4.186 4.035 0.964 0.151 3.795 4.872
6.440 2.717 3.860 3.738 0.968 0.122 3.324 4.511
6.481 2.532 3.362 3.086 0.918 0.276 2.531 3.788
6.489 2.485 3.093 2.642 0.854 0.451 1.978 2.352

50.000 - 0.050 2.515 1.792 0.713 0.723 0.094 0.176
15.321 13.104 5.229 5.209 0.996 0.021 4.523 5.244
9.482 7.762 5.129 5.137 1.001 -0.008 4.506 5.099
7.111 4.989 4.923 4.982 1.012 -0.059 4.351 4.911
6.419 2.957 4.185 4.411 1.054 -0.226 3.796 4.397
6.440 2.719 3.860 4.105 1.064 -0.245 3.324 4.099
6.473 2.529 3.361 3.445 1.025 -0.084 2.530 3.394
6.483 2.481 3.093 2.991 0.967 0.102 1.977 2.259

100.000 - 0.100 2.515 2.173 0.864 0.342 0.095 0.211
14.584 12.394 5.229 5.512 1.054 -0.283 4.526 4.834
9.484 7.763 5.128 5.437 1.060 -0.309 4.505 4.688
7.116 4.992 4.924 5.283 1.073 -0.360 4.352 4.548
6.432 2.963 4.186 4.717 1.127 -0.531 3.798 3.979
6.447 2.721 3.859 4.414 1.144 -0.555 3.323 3.606
6.475 2.529 3.361 3.760 1.119 -0.399 2.530 2.741
6.487 2.483 3.093 3.311 1.071 -0.218 1.977 2.154

Table 34: Performance of temporal predictor for noisy sequences with an object of sizex =
0:349 compared to noise-free sequences.
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E Results of chapter 5.4

~v
f ps

- ~v
f ps�r Horig Hdi f f Hratio Hsub Horig png Hdi f f png

RMSEn MAEn Hn
orig Hn

di f f Hn
ratio Hn

sub Hn
orig png Hn

di f f png
RMSEm

n MAEm
n Hnm

orig Hnm
di f f Hnm

ratio Hnm
sub Hnm

orig png Hnm
di f f png

RMSEam
n MAEam

n Hnam
orig Hnam

di f f Hnam
ratio Hnam

sub Hnam
orig png Hnam

di f f png

0.000 - 0.000 0.056 0.000 0.000 0.056 0.014 0.008
16.374 15.844 4.119 4.594 1.115 -0.475 4.443 5.819
8.880 8.711 2.856 3.318 1.162 -0.463 2.798 4.703
12.072 11.768 3.501 3.971 1.134 -0.470 3.723 5.354

8.923 8.427 3.613 4.099 1.134 -0.485 3.969 5.379
5.426 5.283 2.375 2.842 1.197 -0.467 2.431 3.663
7.582 7.348 2.966 3.444 1.161 -0.478 3.306 4.946

4.715 4.223 3.097 3.603 1.164 -0.506 3.523 4.827
3.200 3.070 1.914 2.383 1.245 -0.469 2.094 3.804
3.405 3.147 2.413 2.902 1.203 -0.489 2.883 4.528

0.947 0.444 1.272 1.929 1.516 -0.657 1.729 3.153
0.463 0.171 0.697 1.149 1.648 -0.452 0.934 2.044
0.555 0.179 0.711 1.178 1.658 -0.468 0.958 2.334

0.549 0.024 0.060 0.051 0.851 0.009 0.030 0.040
0.233 0.010 0.060 0.045 0.742 0.016 0.023 0.036
0.377 0.016 0.060 0.049 0.808 0.012 0.027 0.040

0.100 - 0.001 0.056 0.000 0.000 0.056 0.014 0.008
16.372 15.842 4.118 4.593 1.115 -0.475 4.443 5.792
7.905 7.713 2.856 3.318 1.162 -0.462 2.800 4.653
13.046 12.766 3.501 3.971 1.134 -0.470 3.721 5.548

8.923 8.427 3.613 4.098 1.134 -0.485 3.968 5.270
5.426 5.283 2.376 2.842 1.196 -0.466 2.431 4.189
7.581 7.347 2.967 3.444 1.161 -0.476 3.307 4.945

4.715 4.223 3.097 3.604 1.164 -0.507 3.523 4.850
4.166 4.068 1.912 2.382 1.246 -0.470 2.093 3.786
4.342 4.145 2.412 2.902 1.203 -0.490 2.883 4.405

0.947 0.443 1.271 1.928 1.517 -0.657 1.728 3.358
0.463 0.171 0.696 1.149 1.650 -0.453 0.932 1.952
0.555 0.179 0.710 1.178 1.660 -0.468 0.956 2.092

0.547 0.024 0.060 0.051 0.848 0.009 0.030 0.040
0.231 0.010 0.060 0.044 0.735 0.016 0.023 0.036
0.377 0.016 0.060 0.049 0.803 0.012 0.027 0.040

0.500 - 0.005 0.056 0.028 0.497 0.028 0.014 0.021
17.338 16.839 4.119 4.593 1.115 -0.475 4.443 5.712
8.877 8.708 2.857 3.318 1.162 -0.462 2.800 4.706
12.069 11.765 3.501 3.971 1.134 -0.470 3.723 5.453

8.921 8.426 3.613 4.098 1.134 -0.485 3.968 5.234
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6.400 6.280 2.376 2.842 1.196 -0.467 2.432 4.039
7.579 7.346 2.966 3.444 1.161 -0.478 3.306 4.946

4.716 4.224 3.097 3.605 1.164 -0.508 3.524 4.878
4.167 4.069 1.912 2.384 1.247 -0.472 2.092 3.803
4.342 4.145 2.412 2.902 1.203 -0.490 2.882 4.390

0.947 0.443 1.272 1.930 1.517 -0.658 1.728 3.377
0.462 0.171 0.697 1.151 1.652 -0.455 0.933 2.332
0.554 0.179 0.711 1.180 1.660 -0.469 0.958 2.342

0.549 0.024 0.060 0.052 0.859 0.009 0.030 0.040
0.236 0.010 0.060 0.046 0.760 0.014 0.023 0.037
0.379 0.016 0.060 0.049 0.818 0.011 0.027 0.039

1.000 - 0.010 0.056 0.028 0.497 0.028 0.014 0.021
17.341 16.841 4.119 4.594 1.115 -0.475 4.443 5.894
8.880 8.711 2.857 3.319 1.162 -0.462 2.800 4.658
13.047 12.766 3.502 3.971 1.134 -0.470 3.723 5.484

8.922 8.426 3.613 4.098 1.134 -0.485 3.968 5.244
5.426 5.283 2.377 2.843 1.196 -0.466 2.431 4.235
7.581 7.347 2.967 3.444 1.161 -0.477 3.306 4.908

4.715 4.223 3.097 3.604 1.164 -0.507 3.524 4.551
4.168 4.070 1.913 2.384 1.246 -0.471 2.095 3.810
4.342 4.145 2.412 2.902 1.203 -0.490 2.882 4.382

0.950 0.444 1.273 1.929 1.516 -0.656 1.729 3.333
0.464 0.172 0.699 1.153 1.650 -0.454 0.935 1.953
0.557 0.180 0.713 1.181 1.657 -0.469 0.960 2.097

0.546 0.024 0.060 0.052 0.857 0.009 0.030 0.040
0.231 0.010 0.060 0.046 0.761 0.014 0.023 0.036
0.374 0.016 0.060 0.049 0.816 0.011 0.027 0.039

5.000 - 0.050 0.056 0.046 0.822 0.010 0.014 0.024
17.340 16.841 4.118 4.598 1.116 -0.480 4.443 5.808
7.904 7.712 2.855 3.333 1.167 -0.478 2.799 4.152
13.046 12.766 3.500 3.978 1.137 -0.478 3.722 5.457

8.922 8.427 3.613 4.104 1.136 -0.490 3.968 5.263
5.426 5.284 2.376 2.858 1.203 -0.482 2.431 3.869
7.582 7.348 2.967 3.453 1.164 -0.486 3.306 4.741

4.715 4.223 3.097 3.609 1.165 -0.512 3.523 4.685
4.168 4.069 1.913 2.398 1.254 -0.486 2.092 3.766
4.343 4.146 2.412 2.912 1.207 -0.499 2.883 4.299

0.947 0.443 1.272 1.935 1.521 -0.663 1.728 3.151
0.463 0.171 0.696 1.162 1.669 -0.466 0.932 1.960
0.554 0.179 0.710 1.187 1.672 -0.477 0.956 1.980

0.545 0.024 0.060 0.055 0.904 0.006 0.030 0.041
0.229 0.010 0.060 0.052 0.865 0.008 0.023 0.036
0.374 0.016 0.060 0.053 0.885 0.007 0.027 0.040

10.000 - 0.100 0.056 0.052 0.926 0.004 0.014 0.024
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16.370 15.840 4.119 4.605 1.118 -0.487 4.443 5.492
8.878 8.708 2.857 3.345 1.171 -0.487 2.799 4.375
13.044 12.763 3.501 3.989 1.139 -0.488 3.723 5.123

8.922 8.427 3.614 4.111 1.138 -0.498 3.969 5.112
5.425 5.282 2.376 2.866 1.207 -0.491 2.430 3.917
7.580 7.346 2.967 3.462 1.167 -0.495 3.307 4.592

4.716 4.224 3.097 3.617 1.168 -0.520 3.523 4.584
3.200 3.071 1.913 2.406 1.258 -0.494 2.091 3.552
3.405 3.147 2.413 2.920 1.210 -0.507 2.883 4.087

0.946 0.444 1.272 1.940 1.525 -0.668 1.728 3.124
0.462 0.171 0.697 1.166 1.674 -0.469 0.933 2.283
0.555 0.179 0.710 1.191 1.676 -0.481 0.956 1.920

0.551 0.024 0.060 0.058 0.968 0.002 0.030 0.040
0.235 0.010 0.060 0.057 0.947 0.003 0.023 0.036
0.377 0.016 0.060 0.058 0.956 0.003 0.027 0.039

Table 35: Performance of temporal predictor for noisy sequences that are median �ltered before
prediction compared to non-�ltered and noise-free sequences forx = 0:003, w = 3,
and f = 255.

~v
f ps

- ~v
f ps�r Horig Hdi f f Hratio Hsub Horig png Hdi f f png

RMSEn MAEn Hn
orig Hn

di f f Hn
ratio Hn

sub Hn
orig png Hn

di f f png
RMSEm

n MAEm
n Hnm

orig Hnm
di f f Hnm

ratio Hnm
sub Hnm

orig png Hnm
di f f png

RMSEam
n MAEam

n Hnam
orig Hnam

di f f Hnam
ratio Hnam

sub Hnam
orig png Hnam

di f f png

0.000 - 0.000 0.056 0.000 0.000 0.056 0.014 0.008
16.374 15.844 4.119 4.594 1.115 -0.475 4.443 5.819
3.793 3.694 1.753 2.211 1.261 -0.458 1.544 2.364
12.072 11.768 3.501 3.971 1.134 -0.470 3.723 5.355

8.923 8.427 3.613 4.099 1.134 -0.485 3.969 5.379
2.344 2.261 1.343 1.802 1.342 -0.459 1.289 2.145
7.583 7.349 2.967 3.444 1.161 -0.478 3.307 4.947

4.715 4.223 3.097 3.603 1.164 -0.506 3.523 4.827
2.091 2.046 0.887 1.277 1.440 -0.390 0.965 1.651
3.411 3.153 2.412 2.902 1.203 -0.489 2.886 4.532

0.947 0.444 1.272 1.929 1.516 -0.657 1.729 3.153
0.170 0.018 0.155 0.217 1.403 -0.062 0.155 0.318
0.541 0.159 0.663 1.112 1.677 -0.449 0.864 2.126

0.549 0.024 0.060 0.051 0.851 0.009 0.030 0.040
0.143 0.006 0.061 0.037 0.615 0.023 0.021 0.031
0.380 0.017 0.061 0.049 0.807 0.012 0.027 0.040

0.100 - 0.001 0.056 0.000 0.000 0.056 0.014 0.008
16.372 15.842 4.118 4.593 1.115 -0.475 4.443 5.792
3.793 3.694 1.753 2.210 1.261 -0.457 1.542 2.470
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13.047 12.766 3.501 3.971 1.134 -0.470 3.722 5.549

8.923 8.427 3.613 4.098 1.134 -0.485 3.968 5.270
3.317 3.260 1.344 1.802 1.341 -0.458 1.289 2.134
7.582 7.348 2.967 3.444 1.161 -0.476 3.307 4.947

4.715 4.223 3.097 3.604 1.164 -0.507 3.523 4.850
2.087 2.043 0.881 1.275 1.447 -0.394 0.961 1.694
3.408 3.151 2.412 2.902 1.203 -0.490 2.886 4.409

0.947 0.443 1.271 1.928 1.517 -0.657 1.728 3.358
0.178 0.018 0.155 0.217 1.401 -0.062 0.156 0.339
0.540 0.159 0.662 1.111 1.680 -0.450 0.861 1.906

0.547 0.024 0.060 0.051 0.848 0.009 0.030 0.040
0.117 0.005 0.060 0.037 0.611 0.024 0.021 0.030
0.381 0.017 0.061 0.049 0.802 0.012 0.027 0.040

0.500 - 0.005 0.056 0.028 0.497 0.028 0.014 0.021
17.338 16.839 4.119 4.593 1.115 -0.475 4.443 5.712
3.790 3.691 1.755 2.213 1.261 -0.458 1.544 2.474
12.069 11.765 3.501 3.971 1.134 -0.470 3.723 5.453

8.921 8.426 3.613 4.098 1.134 -0.485 3.968 5.234
3.316 3.259 1.341 1.805 1.346 -0.464 1.288 2.148
7.580 7.347 2.966 3.444 1.161 -0.478 3.306 4.947

4.716 4.224 3.097 3.605 1.164 -0.508 3.524 4.878
2.089 2.045 0.885 1.282 1.448 -0.397 0.963 1.639
3.408 3.152 2.411 2.902 1.203 -0.491 2.885 4.394

0.947 0.443 1.272 1.930 1.517 -0.658 1.728 3.377
0.159 0.017 0.154 0.221 1.431 -0.066 0.154 0.319
0.539 0.159 0.662 1.112 1.679 -0.450 0.863 2.134

0.549 0.024 0.060 0.052 0.859 0.009 0.030 0.040
0.133 0.006 0.060 0.041 0.683 0.019 0.021 0.030
0.381 0.017 0.061 0.050 0.819 0.011 0.027 0.039

1.000 - 0.010 0.056 0.028 0.497 0.028 0.014 0.021
17.341 16.841 4.119 4.594 1.115 -0.475 4.443 5.894
3.793 3.694 1.755 2.213 1.261 -0.458 1.544 2.453
13.047 12.766 3.502 3.971 1.134 -0.469 3.723 5.484

8.922 8.426 3.613 4.098 1.134 -0.485 3.968 5.244
2.344 2.262 1.343 1.805 1.344 -0.462 1.290 1.963
7.582 7.348 2.967 3.444 1.161 -0.477 3.307 4.909

4.715 4.223 3.097 3.604 1.164 -0.507 3.524 4.551
2.088 2.044 0.883 1.282 1.451 -0.399 0.961 1.642
3.408 3.152 2.412 2.902 1.203 -0.490 2.885 4.386

0.950 0.444 1.273 1.929 1.516 -0.656 1.729 3.333
0.244 0.022 0.156 0.224 1.431 -0.067 0.157 0.337
0.543 0.161 0.665 1.115 1.675 -0.449 0.867 1.915

0.546 0.024 0.060 0.052 0.857 0.009 0.030 0.040
0.119 0.005 0.060 0.041 0.681 0.019 0.021 0.031
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0.378 0.016 0.061 0.049 0.817 0.011 0.027 0.039

5.000 - 0.050 0.056 0.046 0.822 0.010 0.014 0.024
17.340 16.841 4.118 4.598 1.116 -0.480 4.443 5.808
3.792 3.693 1.752 2.235 1.276 -0.483 1.543 2.437
13.046 12.766 3.500 3.978 1.137 -0.478 3.722 5.457

8.922 8.427 3.613 4.104 1.136 -0.490 3.968 5.263
3.318 3.261 1.342 1.827 1.361 -0.485 1.289 2.107
7.583 7.349 2.967 3.453 1.164 -0.486 3.307 4.742

4.715 4.223 3.097 3.609 1.165 -0.512 3.523 4.685
2.088 2.044 0.885 1.303 1.472 -0.418 0.963 1.627
3.409 3.152 2.412 2.911 1.207 -0.499 2.886 4.303

0.947 0.443 1.272 1.935 1.521 -0.663 1.728 3.151
0.158 0.017 0.154 0.236 1.531 -0.082 0.154 0.338
0.537 0.159 0.661 1.121 1.694 -0.459 0.863 1.812

0.545 0.024 0.060 0.055 0.904 0.006 0.030 0.041
0.177 0.008 0.060 0.051 0.848 0.009 0.021 0.030
0.377 0.016 0.061 0.054 0.885 0.007 0.027 0.040

10.000 - 0.100 0.056 0.052 0.926 0.004 0.014 0.024
16.370 15.840 4.119 4.605 1.118 -0.487 4.443 5.492
3.791 3.692 1.755 2.242 1.278 -0.487 1.543 2.431
13.044 12.763 3.501 3.989 1.139 -0.488 3.723 5.124

8.922 8.427 3.614 4.111 1.138 -0.498 3.969 5.112
2.343 2.261 1.342 1.833 1.366 -0.491 1.288 2.099
7.582 7.348 2.967 3.462 1.167 -0.495 3.308 4.593

4.716 4.224 3.097 3.617 1.168 -0.520 3.523 4.584
2.088 2.044 0.884 1.308 1.480 -0.424 0.962 1.611
3.409 3.152 2.412 2.919 1.210 -0.507 2.886 4.091

0.946 0.444 1.272 1.940 1.525 -0.668 1.728 3.124
0.263 0.023 0.155 0.241 1.556 -0.086 0.155 0.318
0.540 0.159 0.661 1.124 1.699 -0.462 0.862 1.753

0.551 0.024 0.060 0.058 0.968 0.002 0.030 0.040
0.169 0.008 0.060 0.056 0.934 0.004 0.021 0.030
0.379 0.016 0.060 0.058 0.957 0.003 0.027 0.039

Table 36: Performance of temporal predictor for noisy sequences that are median �ltered before
prediction compared to non-�ltered and noise-free sequences forx = 0:003, w = 7,
and f = 255.

~v
f ps

- ~v
f ps�r Horig Hdi f f Hratio Hsub Horig png Hdi f f png

RMSEn MAEn Hn
orig Hn

di f f Hn
ratio Hn

sub Hn
orig png Hn

di f f png
RMSEm

n MAEm
n Hnm

orig Hnm
di f f Hnm

ratio Hnm
sub Hnm

orig png Hnm
di f f png

RMSEam
n MAEam

n Hnam
orig Hnam

di f f Hnam
ratio Hnam

sub Hnam
orig png Hnam

di f f png

0.000 - 0.000 2.515 0.000 0.000 2.515 0.094 0.008
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15.320 13.104 5.229 4.747 0.908 0.481 4.524 5.572
9.643 8.310 4.237 3.403 0.803 0.834 2.516 3.672
11.545 9.827 4.645 4.001 0.861 0.644 3.316 4.490

9.482 7.761 5.127 4.670 0.911 0.457 4.505 5.598
5.442 4.569 4.087 3.214 0.786 0.873 2.550 4.306
7.448 6.226 4.469 3.798 0.850 0.671 3.375 4.847

7.111 4.991 4.922 4.525 0.919 0.397 4.352 5.416
3.616 2.905 3.973 3.142 0.791 0.830 2.537 3.887
4.571 3.309 4.311 3.687 0.855 0.624 3.358 4.675

6.444 2.720 3.861 3.683 0.954 0.178 3.325 4.434
2.651 1.102 3.398 2.719 0.800 0.679 1.953 3.684
4.062 1.608 3.442 2.971 0.863 0.470 2.276 3.674

6.486 2.483 3.093 2.596 0.839 0.497 1.977 2.336
2.707 1.034 3.006 2.150 0.715 0.856 1.309 2.037
4.138 1.550 3.043 2.369 0.778 0.675 1.617 2.186

1.000 - 0.001 2.515 0.565 0.225 1.950 0.094 0.102
16.070 13.822 5.229 4.749 0.908 0.480 4.521 5.558
8.184 6.860 4.238 3.407 0.804 0.830 2.518 4.040
11.546 9.827 4.646 4.003 0.862 0.643 3.316 4.582

9.485 7.764 5.128 4.671 0.911 0.457 4.506 5.562
5.441 4.568 4.087 3.217 0.787 0.870 2.551 3.998
7.449 6.226 4.471 3.801 0.850 0.670 3.378 4.694

7.113 4.991 4.922 4.526 0.919 0.397 4.351 5.454
4.273 3.615 3.973 3.145 0.792 0.828 2.537 4.426
5.113 4.001 4.312 3.688 0.855 0.624 3.357 4.703

6.445 2.720 3.860 3.683 0.954 0.176 3.324 4.611
2.648 1.100 3.396 2.722 0.801 0.674 1.952 3.679
4.060 1.607 3.440 2.972 0.864 0.468 2.275 3.671

6.487 2.482 3.093 2.597 0.840 0.496 1.977 2.385
2.703 1.032 3.005 2.155 0.717 0.849 1.309 2.014
4.137 1.548 3.042 2.371 0.779 0.671 1.617 2.212

5.000 - 0.005 2.515 1.081 0.430 1.434 0.094 0.100
15.322 13.106 5.230 4.762 0.911 0.468 4.525 5.563
8.183 6.860 4.237 3.475 0.820 0.763 2.518 3.913
11.548 9.829 4.646 4.032 0.868 0.614 3.318 4.596

9.487 7.766 5.128 4.685 0.914 0.443 4.506 5.645
5.446 4.572 4.089 3.294 0.806 0.795 2.551 4.136
7.452 6.229 4.471 3.834 0.858 0.637 3.378 4.736

7.113 4.992 4.923 4.541 0.922 0.382 4.352 5.341
3.616 2.906 3.974 3.224 0.811 0.750 2.538 4.361
4.574 3.310 4.313 3.725 0.864 0.589 3.360 4.889

6.446 2.721 3.861 3.702 0.959 0.159 3.324 4.567
2.652 1.101 3.397 2.792 0.822 0.605 1.952 3.506
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4.063 1.608 3.441 3.008 0.874 0.433 2.274 3.679

6.487 2.484 3.094 2.613 0.845 0.480 1.978 2.373
2.707 1.035 3.007 2.214 0.736 0.793 1.309 2.034
4.138 1.552 3.044 2.402 0.789 0.642 1.617 2.223

10.000 - 0.010 2.515 1.266 0.503 1.249 0.094 0.111
15.319 13.104 5.229 4.795 0.917 0.434 4.523 5.629
8.181 6.858 4.237 3.614 0.853 0.624 2.519 3.910
11.544 9.827 4.646 4.105 0.883 0.541 3.317 4.463

9.484 7.760 5.126 4.722 0.921 0.404 4.504 5.461
5.439 4.566 4.086 3.434 0.840 0.652 2.548 4.123
7.448 6.225 4.469 3.912 0.875 0.557 3.374 4.705

7.115 4.991 4.923 4.581 0.931 0.342 4.352 5.277
3.613 2.904 3.973 3.361 0.846 0.612 2.536 4.020
4.570 3.308 4.312 3.802 0.882 0.510 3.359 4.694

6.444 2.719 3.860 3.737 0.968 0.123 3.323 4.529
2.648 1.099 3.396 2.906 0.856 0.490 1.952 3.592
4.057 1.605 3.439 3.070 0.893 0.369 2.275 3.560

6.483 2.481 3.093 2.642 0.854 0.451 1.977 2.349
2.701 1.031 3.005 2.313 0.770 0.692 1.309 1.993
4.133 1.547 3.042 2.457 0.808 0.585 1.617 2.179

50.000 - 0.050 2.515 1.792 0.713 0.723 0.094 0.176
15.320 13.103 5.229 5.209 0.996 0.020 4.523 5.126
8.901 7.584 4.238 4.160 0.982 0.078 2.518 3.284
11.544 9.826 4.646 4.609 0.992 0.037 3.317 4.008

9.482 7.762 5.128 5.136 1.002 -0.008 4.505 4.997
6.176 5.291 4.089 3.974 0.972 0.115 2.550 3.502
7.446 6.226 4.471 4.409 0.986 0.062 3.377 4.133

7.112 4.989 4.922 4.983 1.012 -0.061 4.351 4.886
4.272 3.613 3.972 3.902 0.982 0.070 2.535 3.604
5.108 3.998 4.311 4.288 0.995 0.023 3.355 4.138

6.441 2.718 3.860 4.106 1.064 -0.246 3.323 4.129
2.647 1.099 3.396 3.448 1.015 -0.052 1.952 3.019
4.059 1.605 3.440 3.534 1.027 -0.094 2.274 3.371

6.485 2.483 3.093 2.991 0.967 0.102 1.977 2.244
2.705 1.034 3.006 2.841 0.945 0.165 1.309 1.749
4.135 1.550 3.043 2.907 0.955 0.137 1.618 2.018

100.000 - 0.100 2.515 2.173 0.864 0.342 0.095 0.211
16.071 13.824 5.229 5.512 1.054 -0.283 4.522 4.813
8.903 7.586 4.238 4.477 1.057 -0.239 2.517 2.888
11.547 9.828 4.646 4.920 1.059 -0.274 3.318 3.663

9.487 7.764 5.129 5.437 1.060 -0.309 4.506 4.659
5.445 4.571 4.089 4.293 1.050 -0.204 2.553 3.086
7.452 6.228 4.472 4.720 1.055 -0.248 3.379 3.799

7.111 4.990 4.922 5.284 1.073 -0.361 4.351 4.526

Differential Lossless Compression for High-Speed FPGA Cameras 125



E Results of chapter 5.4

3.615 2.904 3.973 4.223 1.063 -0.250 2.537 2.861
4.571 3.308 4.312 4.600 1.067 -0.288 3.358 3.734

6.444 2.719 3.860 4.414 1.144 -0.554 3.324 3.747
2.650 1.099 3.396 3.772 1.111 -0.376 1.952 2.620
4.060 1.606 3.439 3.851 1.120 -0.412 2.274 2.959

6.490 2.486 3.094 3.311 1.070 -0.217 1.978 2.162
2.712 1.038 3.007 3.172 1.055 -0.166 1.310 1.558
4.141 1.554 3.044 3.232 1.062 -0.187 1.618 1.863

Table 37: Performance of temporal predictor for noisy sequences that are median �ltered before
prediction compared to non-�ltered and noise-free sequences forx = 0:349, w = 3,
and f = 255.

~v
f ps

- ~v
f ps�r Horig Hdi f f Hratio Hsub Horig png Hdi f f png

RMSEn MAEn Hn
orig Hn

di f f Hn
ratio Hn

sub Hn
orig png Hn

di f f png
RMSEm

n MAEm
n Hnm

orig Hnm
di f f Hnm

ratio Hnm
sub Hnm

orig png Hnm
di f f png

RMSEam
n MAEam

n Hnam
orig Hnam

di f f Hnam
ratio Hnam

sub Hnam
orig png Hnam

di f f png

0.000 - 0.000 2.515 0.000 0.000 2.515 0.094 0.008
15.320 13.104 5.229 4.747 0.908 0.481 4.524 5.572
5.221 3.927 3.523 2.347 0.666 1.176 1.465 2.320
11.532 9.818 4.657 4.002 0.859 0.655 3.318 4.492

9.482 7.761 5.127 4.670 0.911 0.457 4.505 5.598
2.953 2.260 3.305 2.082 0.630 1.223 1.313 2.075
7.445 6.226 4.485 3.805 0.848 0.680 3.381 4.857

7.111 4.991 4.922 4.525 0.919 0.397 4.352 5.416
2.229 1.826 3.099 1.791 0.578 1.308 1.199 2.000
4.643 3.364 4.371 3.735 0.854 0.637 3.390 4.714

6.444 2.720 3.861 3.683 0.954 0.178 3.325 4.434
1.153 0.436 2.932 1.699 0.580 1.233 0.931 1.599
4.405 1.816 3.548 3.081 0.868 0.468 2.268 3.594

6.486 2.483 3.093 2.596 0.839 0.497 1.977 2.336
1.224 0.466 2.901 1.695 0.584 1.206 0.856 1.408
4.506 1.789 3.182 2.552 0.802 0.630 1.675 2.236

1.000 - 0.001 2.515 0.565 0.225 1.950 0.094 0.102
16.070 13.822 5.229 4.749 0.908 0.480 4.521 5.558
5.224 3.928 3.524 2.365 0.671 1.158 1.466 2.338
11.533 9.818 4.657 4.004 0.860 0.653 3.318 4.584

9.485 7.764 5.128 4.671 0.911 0.457 4.506 5.562
3.608 2.989 3.304 2.100 0.636 1.204 1.312 2.182
7.446 6.227 4.488 3.808 0.849 0.680 3.385 4.704

7.113 4.991 4.922 4.526 0.919 0.397 4.351 5.454
2.228 1.826 3.101 1.811 0.584 1.290 1.200 2.143
4.644 3.364 4.372 3.736 0.854 0.636 3.390 4.743
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6.445 2.720 3.860 3.683 0.954 0.176 3.324 4.611
1.152 0.436 2.928 1.715 0.586 1.213 0.927 1.514
4.401 1.813 3.545 3.082 0.869 0.463 2.265 3.595

6.487 2.482 3.093 2.597 0.840 0.496 1.977 2.385
1.222 0.466 2.899 1.713 0.591 1.186 0.854 1.401
4.508 1.788 3.181 2.555 0.803 0.626 1.675 2.260

5.000 - 0.005 2.515 1.081 0.430 1.434 0.094 0.100
15.322 13.106 5.230 4.762 0.911 0.468 4.525 5.563
5.224 3.929 3.523 2.593 0.736 0.931 1.466 2.334
11.536 9.820 4.658 4.033 0.866 0.624 3.319 4.598

9.487 7.766 5.128 4.685 0.914 0.443 4.506 5.645
2.960 2.264 3.306 2.340 0.708 0.966 1.314 2.181
7.449 6.229 4.488 3.842 0.856 0.646 3.385 4.746

7.113 4.992 4.923 4.541 0.922 0.382 4.352 5.341
2.227 1.826 3.101 2.047 0.660 1.054 1.201 1.982
4.647 3.367 4.374 3.772 0.862 0.602 3.392 4.928

6.446 2.721 3.861 3.702 0.959 0.159 3.324 4.567
1.153 0.435 2.930 1.913 0.653 1.017 0.927 1.584
4.405 1.814 3.546 3.117 0.879 0.429 2.267 3.598

6.487 2.484 3.094 2.613 0.845 0.480 1.978 2.373
1.229 0.469 2.903 1.906 0.657 0.997 0.857 1.392
4.510 1.792 3.183 2.587 0.813 0.596 1.676 2.273

10.000 - 0.010 2.515 1.266 0.503 1.249 0.094 0.111
15.319 13.104 5.229 4.795 0.917 0.434 4.523 5.629
5.829 4.655 3.523 2.818 0.800 0.705 1.466 2.301
11.532 9.818 4.658 4.107 0.882 0.551 3.319 4.465

9.484 7.760 5.126 4.722 0.921 0.404 4.504 5.461
3.609 2.989 3.305 2.549 0.771 0.756 1.313 2.145
7.445 6.225 4.485 3.920 0.874 0.565 3.381 4.714

7.115 4.991 4.923 4.581 0.931 0.342 4.352 5.277
2.226 1.825 3.100 2.252 0.727 0.848 1.199 2.023
4.642 3.364 4.373 3.850 0.880 0.523 3.390 4.734

6.444 2.719 3.860 3.737 0.968 0.123 3.323 4.529
1.150 0.434 2.928 2.124 0.726 0.804 0.928 1.442
4.396 1.809 3.545 3.180 0.897 0.364 2.266 3.492

6.483 2.481 3.093 2.642 0.854 0.451 1.977 2.349
1.219 0.464 2.899 2.112 0.728 0.787 0.854 1.374
4.502 1.786 3.181 2.643 0.831 0.538 1.675 2.227

50.000 - 0.050 2.515 1.792 0.713 0.723 0.094 0.176
15.320 13.103 5.229 5.209 0.996 0.020 4.523 5.126
5.216 3.926 3.526 3.340 0.947 0.186 1.467 2.086
11.532 9.818 4.657 4.613 0.991 0.044 3.319 4.010

9.482 7.762 5.128 5.136 1.002 -0.008 4.505 4.997
2.956 2.261 3.307 3.068 0.928 0.239 1.314 1.982
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7.444 6.226 4.487 4.419 0.985 0.068 3.383 4.141

7.112 4.989 4.922 4.983 1.012 -0.061 4.351 4.886
2.229 1.827 3.098 2.767 0.893 0.331 1.197 1.938
4.637 3.361 4.371 4.337 0.992 0.034 3.388 4.171

6.441 2.718 3.860 4.106 1.064 -0.246 3.323 4.129
1.152 0.435 2.929 2.674 0.913 0.254 0.926 1.430
4.400 1.811 3.545 3.646 1.028 -0.101 2.266 3.298

6.485 2.483 3.093 2.991 0.967 0.102 1.977 2.244
1.227 0.468 2.901 2.663 0.918 0.238 0.856 1.244
4.507 1.790 3.182 3.096 0.973 0.086 1.676 2.062

100.000 - 0.100 2.515 2.173 0.864 0.342 0.095 0.211
16.071 13.824 5.229 5.512 1.054 -0.283 4.522 4.813
5.221 3.928 3.523 3.671 1.042 -0.149 1.465 2.044
11.535 9.820 4.658 4.925 1.057 -0.267 3.319 3.665

9.487 7.764 5.129 5.437 1.060 -0.309 4.506 4.659
3.614 2.992 3.306 3.409 1.031 -0.103 1.314 1.972
7.449 6.228 4.489 4.730 1.054 -0.242 3.385 3.806

7.111 4.990 4.922 5.284 1.073 -0.361 4.351 4.526
2.222 1.823 3.099 3.114 1.005 -0.016 1.198 1.764
4.644 3.364 4.372 4.648 1.063 -0.276 3.390 3.763

6.444 2.719 3.860 4.414 1.144 -0.554 3.324 3.747
1.152 0.435 2.928 3.016 1.030 -0.088 0.927 1.335
4.404 1.813 3.545 3.960 1.117 -0.416 2.265 2.912

6.490 2.486 3.094 3.311 1.070 -0.217 1.978 2.162
1.233 0.471 2.903 3.004 1.035 -0.101 0.859 1.164
4.511 1.794 3.183 3.417 1.073 -0.234 1.677 1.904

Table 38: Performance of temporal predictor for noisy sequences that are median �ltered before
prediction compared to non-�ltered and noise-free sequences forx = 0:349, w = 7,
and f = 255.
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F Calculation of quantization noise

The root mean square (rms) value for all cyclic noise functions is de�ned as

Noisequantization=

s
1
T

Z T

0
[ f (x)]2dx

The functionf (x) is the sawtooth function, that describes the quantization error (see �gure 42).

It is given for one periodT as

f (x) =

8
><

>:

vLSB
T � x if 0 � x � T

2
vLSB
T � x� vLSB if T

2 � x � T

0 else.

Here,vLSB is the input voltage step width between two successive discrete output values.

T is one period, that is one voltage step.

Spliting the integral forf (x) into two for both cases and doing the quadration, we get

Noisequantization=

s
1
T

Z T
2

0

v2
LSB

T2 � x2dx+
Z T

T
2

�
v2

LSB

T2 � x2 �
2v2

LSB

T
� x+ v2

LSB

�
dx

In the following calculation we solve the two inner integrals without considering the square-root and

the
1
T

factor for a moment.

Z T
2

0

v2
LSB

T2 � x2dx+
Z T

T
2

�
v2

LSB

T2 � x2 �
2v2

LSB

T
� x+ v2

LSB

�
dx=

�
v2

LSB

3T2 � x3
� T

2

0
+ :::

::: +
�
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� T
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�
�
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2T
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� T

T
2

+
�
v2

LSB� x
� T

T
2

=

=
vLSB2

3T2

T3

8
+
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LSB

3T2 T3 �
v2

LSB

3T2

T3

8
�

v2
LSB

T
T2 +

v2
LSB

T
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4
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T
2

=

= v2
LSB T

�
4
12

+
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�
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12

�
= v2

LSB T
1
12

Applying the factor
1
T

and the square-root again, we get the result for the quantization noise:

Noisequantization=

vu
u
t 1

T

" Z T
2

0
( f1(x))2dx+

Z T

T
2

( f2(x))2dx

#

=
vLSBp

12
,

LSB
p

12

G Distributions used for noise modeling

Here, the distribution functions used to model pixel-wise noise are presented.We give the prob-
ability density functions (pdf) using lower-case functionletters and the according cumulative
distribution function (cdf) using upper-case letters. Also, the generic values for the mean and
variance are given asmands 2, respectivelly. The formulae and more information about proba-
bility can be found in the book of Feller ([102]) or the book ofSchickinger and Steger ([103]),
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G Distributions used for noise modeling

which is written in German.

Poisson distribution

p(k; l ) =
e� k � l k

k!
;x 2 N0

P(k; l ) = e� l
k

å
i= 0

l i

i!

m= l s 2 = l

k is the number of occurences of the event with given probability.

Gaussian distribution

The Gaussian distribution is also known as normal distribution.

g(x;m;s ) =
1

s �
p

2p
e� (x� m)2

2s 2

G(x;m;s ) =
1

s �
p

2p
�
Z x

t= � inf
e� (t� m)2

2s 2 dt

There is no closed form for F(x). All values are scattered around the mean valuem, which is
given as a parameter. The variances 2 is also given as parameters .

Uniform distribution

u(x;a;b) =

(
1

b� a x 2 [a;b];

0 else

U(x;a;b) =
Z x

t= � inf
f (t)dt =

8
><

>:

0 x < a;
x� a
b� a a � x � b;

1 x > b

m=
a+ b

2
s 2 =

(a� b)2

12
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H Derivation of 1 bit-object's overlap after movement

0 1 2 3 4 5 6 7
0
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p'

~ry

~rx

p

~ry

~rx

~v

~dx

~dy

qy

qx

q0
x

q0
y

~xp

~yp

Given~v and~rx;~ry.
Choosep =

� x
y

�
arbitrarily.

As we need to know the vectors
~dx and~dy to compute the overlap-
ping area, we need to compute the
scaling factorst x and t y, so that:

~dx = t x �~rx ~dy = t y �~ry

In the following, this is done for
t x, but the calculation fort y is
done the same way by substituting
the x-vectors by the accordant y-
vectors.

Figure 60: Calculation of overlapping-area after movement.

First, we need to compute the points shown in �gure 60 by simply adding the known vectors
starting at pointp:

p0= p+ ~v qx = p+ ~rx

q0
x = p0+ ~dx = qx + ~xp

~dx = q0
x � p0= t x �~rx:

Using these equations, we can calculate the vector~xp, that intersects~rx in q0
x to

~xp = q0
x � qx = p0+ ~dx � qx = ( p+ ~v) + ( t x �~rx) � (p+ ~rx): (26)

As ~xp is the normal vector of~rx (and therefore of~dx, too), we further know:

~rx � ~xp = 0:

Now, applying formula (26) for~xp

rxx � ( px + vx + t x � rxx � ( px + rxx)) + rxy � ( py + vy + t x � rxy � ( py + rxy)) = 0:

Multiplying out and compaction gives:

t x(r2
xx+ r2

xy) = r2
xx+ r2

xy � vxrxx � vyrxy:

And �nally:

t x =
~rx

2 � ~v�~rx

~rx
2

~dx =
~rx

2 � ~v�~rx

~rx
2 �~rx (27)

The same calculation for the y-vectors yields:

t y =
~ry

2 � ~v�~ry

~ry
2

~dy =
~ry

2 � ~v�~ry

~ry
2 �~ry (28)
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I Derivation of o�set area for circular objects

Figure 61 shows the circular object in its initial positionM1 and after movement inM2.

M1

M2

vP1

P2

r

r

b

s

�

f

Figure 61: Overlapping and offset area for moved circular object.

The distance between the two circles is denoted asv and corresponds with the absolute value of
the speed-vector. The radius of the object can be derived knowing the object's area using the
equation

A = p � r , r =
A
p

:

That is,r andv are known in advance. The two pointsP1 andP2 are the intersecting points of
the two circles. The secants is the segment between them. The two segmentss andv intersect
under right angle cutting both segments in half, that is, theintersection point has distancev

2 from
M1 andM2. This is true only if both circles have the same radius, whichcan be assumed as it
represents the same object.
The arc lengthb denotes the part of circleM1 beween the pointsP1 andP2 that is also covered
by circleM2. The anglef denotes the angle between the segments~M1P1 and ~M1P2. the heighth
denotes the segment between the intersection ofv andsand the arcb.
As v ands intersect under right angle cutting each other in half, Pythagoras' theorem can be
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applied to calculates.

r2 =
� s

2

� 2
+

� v
2

� 2
, s= 2�

r

r2 �
v2

4

Using the formulary [104], the remaining unknown values canbe calculated.

h = r �

r

r2 �
s2

4

f = 2� arcsin
� s

2� r

�

b = r � f

The green area is twice the segment of the circleM1 that is limited byP1 andP2. The formulary
gives here

Ad = b� r � s� (r � h):

To get the offset area, the difference of the area of circleM1 and the overlapping areaAd is taken,
that is

Ao f f = A� Ad:

J Matlab code

1 f u n c t i on PS = power spect rum ( i )
2 i s = f f t s h i f t ( i ) ;
3 %app ly FFT t r ans f o r m
4 i s = f f t 2 ( i s ) ;
5 %s h i f t DC component t o t he c e n t e r
6 i s = f f t s h i f t ( i s ) ;
7 %c a l c u l a t e l o g a r i t h m i c power spect rum
8 i s = 10� log ( abs( i s ) . ˆ 2 + 1 ) ;
9 %p l o t power spect rum

10 mesh( i s )
11 %map t o i n t e n s i t y image
12 PS = mat2gray ( i s ) ;
13 end

Listing 3: Generation of the power spectrum fo an image.

1 f u n c t i on A o f f s e t = c i r c l e o f f s e t a r e a (A, v )
2 % c a l c u l a t e s o f f s e t area o f c i r c u l a r o b j e c t A moved by d i s t a nc e v .
3 % The f o r m u l a r used i s d e r i v e d i n t he appendix .
4 A= double (A ) ;
5 v= double ( v ) ;
6 d = v / 2 . 0 ;
7 r = sq r t (A/ p i )
8 s = sq r t ( 4� ( r ˆ2� d ˆ 2 ) ) ;
9 h = r � sq r t ( r ˆ2� s ˆ 2 / 4 ) ;
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10 ph i = 2 � as in ( s / ( 2� r ) ) ;
11 b = r � ph i ;
12 A1 = 0 . 5� ( b� r � s � ( r� h ) ) ;
13 A o f f s e t = A� 2� A1 ;
14 end

Listing 4: Calculation of offset area for circular objects for section 3.3.

1 f u n c t i on im = m e d i a n f i l t e r 2 D (image , dim x , dim y )
2 %M e d i a n f i l t e r us i ng a window o f d imx � d im y .
3 %S e q u e n t i a l i m p l e m e n t a t i on .
4 l bx = f l o o r ( dim x / 2 ) ; %column
5 l by = f l o o r ( dim y / 2 ) ; %row
6 [ x , y ] = s i z e( image) ;
7 % Padded w i th z e r os a t c o r ne r s
8 pad = zeros( x+2� lbx , y+2� lby ) ;
9 pad ( lbx +1: x+ lbx , l by +1: y+ lby ) = image;

10 f o r g= lbx +1: lbx +x
11 f o r h= lby +1: lby +y
12 % c e n t e r a t ( g , h )
13 m = pad ( g� l bx : g+ lbx , h� l by : h+ lby ) ;
14 [ d1 , d2 ]=s i z e(m) ;
15 f o r i =1: d1� d2
16 l i s t ( i ) = m( i ) ;
17 end
18 med = median( l i s t ) ;
19 im ( g� lbx , h� l by ) = med ;
20 end
21 end
22 end

Listing 5: Median noise �lter of section 4.5.

1 f u n c t i on im = a dpm e d i a n f i l t e r 2 D (image , s t a r t d i m , maxdim )
2 %A dap t i v e median f i l t e r us i ng a maximum window o f maxdim� maxdim .
3 %The s t a r t� window s i z e i s g i v e n by s t a r t d i m .
4 %S e q u e n t i a l i m p l e m e n t a t i on .
5 [ x , y ] = s i z e( image) ;
6 f o r g =1: x
7 f o r h =1: y
8 %I n i t , 1 S c h l e i f e un looped
9 dim x = s t a r t d i m ;

10 dim y = s t a r t d i m ;
11 l bx = f l o o r ( dim x / 2 ) ; %column
12 l by = f l o o r ( dim y / 2 ) ; %row
13 % c e n t e r a t ( g , h )
14 m = zeros( dim x , dim y ) ;
15 padx1 = g � lbx � 1;
16 padx2 = x � ( g + lbx + 1 ) ;
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17 pady1 = h � lby � 1;
18 pady2 = y � ( h + lby + 1 ) ;
19 i f padx1 > 0
20 padx1 = 0 ;
21 end
22 i f padx2 > 0
23 padx2 = 0 ;
24 end
25 i f pady1 > 0
26 pady1 = 0 ;
27 end
28 i f pady2 > 0
29 pady2 = 0 ;
30 end
31 %Note : padding v a r i a b l e s are zero or n e g a t i v e
32 m(� padx1 +1: dim x+padx2 ,� pady1 +1: dim y+pady2 ) =
33 image( g� lbx � padx1 : g+ lbx +padx2 , h� lby � pady1 : h+ lby +pady2 ) ;
34 f o r i =1: dim x � dim y
35 l i s t ( i ) = m( i ) ;
36 end
37 med = median( l i s t ) ;
38 minimum = min ( l i s t ) ;
39 maximum = max( l i s t ) ;
40

41 % Phase 1
42 whi le ( minimum > = med j j med > = maximum ) & ( dim x < = maxdim ) & 1==0
43 dim x = dim x + 2 ;
44 dim y = dim y + 2 ;
45 l bx = f l o o r ( dim x / 2 ) ; %column
46 l by = f l o o r ( dim y / 2 ) ; %row
47 % c e n t e r a t ( g , h )
48 m = zeros( dim x , dim y ) ;
49 padx1 = g � lbx ;
50 padx2 = x � ( g + lbx ) ;
51 pady1 = h � lby ;
52 pady2 = y � ( h + lby ) ; i f padx1 > 0
53 padx1 = 0 ;
54 end
55 i f padx2 > 0
56 padx2 = 0 ;
57 end
58 i f pady1 > 0
59 pady1 = 0 ;
60 end
61 i f pady2 > 0
62 pady2 = 0 ;
63 end
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64 %Note : padding v a r i a b l e s are zero or n e g a t i v e
65 m(� padx1 +1: dim x+padx2 ,� pady1 +1: dim y+pady2 ) =
66 image( g� lbx � padx1 : g+ lbx +padx2 , h� lby � pady1 : h+ lby +pady2 ) ;
67 f o r i =1: dim x � dim y
68 l i s t ( i ) = m( i ) ;
69 end
70 med = median( l i s t ) ;
71 minimum = min ( l i s t ) ;
72 maximum = max( l i s t ) ;
73 end
74 i f d im x > maxdim
75 im ( g , h ) = med ;
76 %Phase 2
77 e l s e i f minimum < image( g , h ) & image( g , h ) < maximum
78 im ( g , h ) = image( g , h ) ;
79 e l s e
80 im ( g , h ) = med ;
81 end
82 end
83 end
84 end
85 im = u i n t 8 ( im ) ;
86 end

Listing 6: Adaptive median noise �lter of section 4.5.

1 f u n c t i on i n o i s y = a p p l y n o i s e ( i , prnu , dc , readou t , agnu , fpn )
2 %Apply no i s e t o image i us i ng t he d e r i v e d no i s e model .
3 [ x , y ] = s i z e( i ) ;
4 % photons c ap t u r e d are po i s s on d i s t r i b u t e d
5 i n o i s y = po i s s on ( i ) ;
6 %s i g n a l dependen t PRNU
7 a=1� prnu / 1 0 0 . 0 ;
8 b=1+ prnu / 1 0 0 . 0 ;
9 i n o i s y = double ( i n o i s y ) .� app lyun i fo r m ( a , b , x , y ) ;

10 %dark c u r r e n t i s po i s s on d i s t r i b u t e d
11 dc ( 1 : x , 1 : y ) = dc ;
12 i n o i s y = i n o i s y + po i s s on ( dc ) ;
13 % Readout no i s e i s gaus s i an d i s t r i b u t e d
14 i n o i s y = i n o i s y + g a u s s i a n ( in o i s y , 0 , r e a d o u t ) ;
15 % s i g n a l dependen t AGNU
16 a=1� agnu / 1 0 0 . 0 ;
17 b=1+ agnu / 1 0 0 . 0 ;
18 i n o i s y = i n o i s y .� app lyun i fo rm ( a , b , x , y ) ;
19 %s i g n a l i nde pe nde n t FPN
20 a=� fpn ;
21 b= fpn ;
22 i n o i s y = i n o i s y + app lyun i fo r m ( a , b , x , y ) ;
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23 %s i g n a l i nde pe nde n t ADC no i s e
24 a =� 1/12;
25 b = 1 / 12 ;
26 i n o i s y = i n o i s y + app lyun i fo r m ( a , b , x , y ) ;
27 %c o n v e r t t o 8� b i t range
28 i n o i s y = u i n t 8 ( i n o i s y ) ;
29 end
30

31 f u n c t i on r = po i s s on (image)
32 r = a r r a y f u n ( @applypoisson ,image) ;
33 end
34

35 f u n c t i on r = a pp l ypo i s s o n ( lambdain )
36 %S e q u e n t i a l i m p l e m e n t a t i on !
37 lambda = double ( lambdain ) ;
38 L = exp(� lambda ) ;
39 k = 1 ;
40 p = 1 � rand ( ) ;
41 whi le p > = L
42 k=k +1;
43 p = p � rand ( ) ;
44 end
45 r = k� 1;
46 end
47

48 f u n c t i on r = g a u s s i a n (image , mean, v a r i a n c e )
49 [ x , y ]= s i z e( image) ;
50 r = mean + sq r t ( v a r i a n c e ) .� randn ( x , y ) ;
51 end
52

53 f u n c t i on r = app lyun i fo r m ( a , b , x , y )
54 r = a + ( b � a ) .� rand ( x , y ) ;
55 end

Listing 7: Noise model of section 4.4.

1 f u n c t i on image= t e s t i m a g e (s i z e ) ;
2 %Genera t ion o f t e s t� image w i th square s i z e .
3 image=zeros( s i z e ) ;
4 s i z e 2 = s i z e / 2 ;
5 s i z e 4 = s i z e / 4 ;
6 s i z e 8 = f l o o r ( s i z e / 8 ) ;
7 image( s i z e 8 : (s i z e� s i z e 8 ) , s i z e 8 : (s i z e� s i z e 8 ) ) = 1 2 8 ;
8 f o r i = s i z e 8 :s i z e� s i z e 8
9 f o r g= s i z e 8 :s i z e� s i z e 8

10 i f sq r t ( doub le ( ( i� s i z e 2 ) ˆ 2 + ( g� s i z e 2 ) ˆ 2 ) ) < = s i z e 4
11 image( i , g ) = 255;
12 end
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13 end
14 end
15 image= u i n t 8 (image) ;
16 end

Listing 8: Test image generation used for noise model.

1 f u n c t i on [E ] = c a l c u l a t e e n t r o p y (w, v , fps , s )
2 % w . x i s 2D� column� v e c t o r spann ing r e c t a n g l e i n x� d i r e c t i o n
3 % w . y i s 2D� column� v e c t o r spann ing r e c t a n g l e i n y� d i r e c t i o n
4 % v . x i s x� component o f 2D speed� v e c t o r
5 % v . y i s t y� component o f 2D speed� v e c t o r
6 % f p s i s f rames per second
7 % s . x i s t o t a l number o f frame� p i x e l s i n x� d i r e c t i o n
8 % s . y i s t o t a l number o f frame� p i x e l s i n y� d i r e c t i o n
9 % Output E i s compress ion r a t i o o f d i f f e r e n c e image t o o r i g i nt a l image

10

11 % Frame forms a r e c t a n g l e o f t o t a l s i z e . . .
12 s i z e= double ( s . x � s . y ) ;
13

14 %computa t ion o f r e l a t i v e speed i n x / y d i r e c t i o n
15 x = ( doub le (abs( v . x ) ) / f ps ) ;
16 y = ( doub le (abs( v . y ) ) / f ps ) ;
17 %Area o f o b j e c t w i th s i z e w
18 A w = det ( [w. x w. y ] ) ;
19 %computa t ion o f s c a l i n g f a c t o r f o r ov e r l app i ng area
20 f a k t o r x = double ( w. x ( 1 ) ˆ 2 + w. x ( 2 ) ˆ 2� x � w. x ( 1 ) � y � w. x ( 2 ) )
21 / (w. x ( 1 ) ˆ 2 + w. x ( 2 ) ˆ 2 ) ;
22 f a k t o r y = double ( w. y ( 1 ) ˆ 2 + w. y ( 2 ) ˆ 2� x � w. y ( 1 ) � y � w. y ( 2 ) )
23 / (w. y ( 1 ) ˆ 2 + w. y ( 2 ) ˆ 2 ) ;
24 D. x = w. x .� f a k t o r x ;
25 D. y = w. y .� f a k t o r y ;
26

27 % uncovered area t h a t needs t o be coded t w i c e
28 A d = A w � det ( [D. x D. y ] ) ;
29 % r e l a t i v e p r o b a b i l i t i e s o f symbols
30 Pw d = double ( A d / doub le (s i z e ˆ 2 ) ) ;
31 Pw o = double ( Aw / doub le (s i z e ˆ 2 ) ) ;
32

33 % e n t r opy f o r d i f f e r e n c e and o r i g i n a l image
34 E d i f f = 2� Pw d � log2 ( 1 / Pw d ) + (1� 2� Pw d ) � log2 (1/(1 � 2� Pw d ) ) ;
35 E or i g = Pw o � log2 ( 1 / Pw o ) + (1� Pw o ) � log2 (1/(1 � Pw o ) ) ;
36

37 % A d d i t i o n a l o u t p u t i n f o r m a t i o n
38 v e l b e t r a g = sq r t ( doub le ( x ˆ2+ y ˆ 2 ) ) ;
39 v e l w i n k e l = acos ( doub le ( x ) / v e l b e t r a g ) / 2 /p i � 360;
40

41 s p r i n t f ( ' j v normj=% f ' , v e l b e t r a g )
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42 s p r i n t f ( ' Ph i v=%f ' , v e l w i n k e l )
43 s p r i n t f ( ' F a k t o r fx=%f und fy=%f ' , f a k t o r x , f a k t o r y )
44 s p r i n t f ( 'A w=%f und A d=%f ' ,A w , A d )
45 s p r i n t f ( ' vx=%f und vy=%f ' , x , y )
46 s p r i n t f ( ' 1 . Img H=%f , D i f f H=%f ' , E or ig , E d i f f )
47 s p r i n t f ( ' Pw d=%f ' , Pw d )
48 %Output : r a t i o o f e n t r o p i e s
49 E = E d i f f / E o r i g ;
50 end

Listing 9: 1-bit overlap calculation

1 f u n c t i on [ x , v , v r e l , H or ig , H d i f f , i m d i f f ]=
2 g r a d i e n t m a k e c i r c l e t e x ( r , f , sx , sy , vx , vy )
3 i n t w a r n i n g ( ' on ' ) ;
4 S = sx � sy ;
5 x =1 :1 :2� r +1;
6 y =1 :1 :2� r +1;
7 A = p i � r ˆ 2 ;
8 v = sq r t ( vx ˆ2+ vy ˆ 2 ) ;
9 [X Y] = meshgrid ( x , y ) ;

10 f r a m e r e f = zeros( sx , sy ) ;
11 f r a m e o r i g = zeros( sx , sy ) ;
12 c e n t e r . x = double (round ( sx / 2 ) ) ;
13 c e n t e r . y = double (round ( sy / 2 ) ) ;
14 r 0 = r ;
15 m a s k t o t a l = ze ros(2� r +1 ,2� r + 1 ) ;
16 r i =0;
17 f o r i = 1 : 1 : r� max( r� f , 0 )
18 r i = r � i ;
19 v i = c e i l ( 2 5 5 . /min ( f +1 , r ) .� ( i ) ) ;
20 mask =(X� r � 1 ) . ˆ2+ (Y� r � 1 ) . ˆ2 < = r 0 . ˆ 2 & (X� r � 1 ) . ˆ2+ (Y� r � 1 ) . ˆ2 > r i . ˆ 2 ;
21 m a s k t o t a l = m a s k t o t a l + mask � v i ;
22 r 0 = r i ;
23 end
24 mask =(X� r � 1 ) . ˆ2+ (Y� r � 1 ) . ˆ2 < = r i . ˆ 2 & (X� r � 1 ) . ˆ2+ (Y� r � 1 ) . ˆ2 > = 0 ;
25 f r a m e r e f ( c e n t e r . x� r : c e n t e r . x+r , c e n t e r . y� r : c e n t e r . y+ r ) =
26 u i n t 8 ( m a s k t o t a l + mask � 255 ) ;
27 f r a m e o r i g ( c e n t e r . x� r +vx : c e n t e r . x+ r +vx , c e n t e r . y� r +vy : c e n t e r . y+ r +vy ) =
28 u i n t 8 ( m a s k t o t a l + mask � 255 ) ;
29 %e n t r opy c a l c u l a t i o n
30 f r a m e d i f f = doub le ( f r a m e r e f ) � doub le ( f r a m e o r i g ) ;
31 H or ig = e n t r opy 2d ( doub le ( f r a m eo r i g ) ) ;
32 H d i f f = e n t r opy 2d ( f r a m e d i f f ) ;
33 H r a t i o = H d i f f / H or ig ;
34 H sub = H or ig � H d i f f ;
35 x = A/ S ;
36 v r e l = v /A� 100; % as pe r c e n t age

Differential Lossless Compression for High-Speed FPGA Cameras 139



J Matlab code

37 %ge ne r a t e image
38 i m d i f f =mat2gray ( f r a m e d i f f ) ;
39 end

Listing 10: gray-tone overlap simulation

1 # inc lude ” math . h ”
2 # inc lude ”mex . h ”
3 # inc lude ” m a t r i x . h ”
4 # inc lude ” u t ha s h . h ”
5 # inc lude < s t d l i b . h>
6 # inc lude < s t d i o . h>
7 # inc lude < s t r i n g . h> / � f o r memcmp � /
8

9 s t r u c t m y s t r u c t f
10 double key ; / � we ' l l use t h i s f i e l d as t he key� /
11 double coun t ;
12 UT hash handle hh ; / � makes t h i s s t r u c t u r e hashab le� /
13 g;
14

15 s t r u c t m y s t r u c t � hashmap = NULL;
16

17 i n t add coun t (double key , double coun t ) f
18 s t r u c t m y s t r u c t � s ;
19

20 s = mal loc (s i z e o f( s t r u c t m y s t r u c t ) ) ;
21 s� > key = key ;
22 s� > coun t = coun t ;
23 HASH ADD( hh , hashmap , key , s i z e o f( double ) , s ) ;
24 g
25

26 double� f i n d c o u n t (double key ) f
27 s t r u c t m y s t r u c t � s ;
28 double � va l ue ;
29 HASH FIND( hh , hashmap , &key , s i z e o f( double ) , s ) ;
30 i f ( ! s ) f
31 va l ue =NULL;
32 g e l s ef
33 va l ue=&s� > coun t ;
34 g
35

36 re tu rn va l ue ;
37 g
38

39 void f i n d i n c c o u n t (double key ) f
40 s t r u c t m y s t r u c t � s ;
41 HASH FIND( hh , hashmap , &key , s i z e o f( double ) , s ) ;
42 i f ( ! s ) f
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43 add coun t ( key , 1 . 0 ) ;
44 g e l s ef
45 s� > coun t ++;
46 g
47

48 g
49

50 double e n t r opy (double s i z e ) f
51 s t r u c t m y s t r u c t � s ;
52 double E=0;
53 double prob =0;
54

55 f o r ( s=hashmap ; s != NULL; s=s� > hh . nex t ) f
56 prob = ( s� > coun t ) / s i z e ;
57 E = E � prob � log2 ( prob ) ;
58 g
59 re tu rn E ;
60 g
61

62 void mexFunct ion (i n t n lhs , mxArray � p l hs [ ] , i n t nrhs , cons t mxArray � p rhs [ ] )
63 f
64 mxArray � xData ;
65 mxArray � xFrame ;
66 / � I npu t v a l u e s are assumed t o be double� /
67 double � xValues ;
68 i n t i , j , h , g ;
69 i n t rowLen , co lLen ;
70 mwSize NStruc tE lems ;
71 cons t char �� fnames ;
72

73 double � va l ue ;
74 double key ;
75 double s i z e ;
76 i n t e l e m e n t s =0;
77

78 / � check f o r proper number o f arguments� /
79 i f ( n rhs !=1) f
80 mexErrMsgIdAndTxt ( ” MyToolbox : a r r a y P r o d u c t : n rhs ” ,
81 ”One i n p u t r e q u i r e d . ” ) ;
82 g
83

84 xData = prhs [ 0 ] ;
85 / � # o f s t r u c t s i n v i de o ar ray� /
86 NStruc tE lems = mxGetNumberOfElements ( xData ) ;
87 xFrame = mxGetFieldByNumber ( xData , 0 , 0 ) ;
88 e l e m e n t s = mxGetNumberOfElements ( xFrame ) ;
89 s i z e =0;
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90

91 / � Return v a l ue t o Matlab � /
92 p l hs [ 0 ] = mxCreateDoubleMat r ix ( 1 , 1 , mxREAL ) ;
93 double � e = mxGetPr ( p l hs [ 0 ] ) ;
94

95 f o r ( i =0; i < NSt ruc tE lems ; i ++) f
96 / � i f ( hashmap != NULL) f r e e ( hashmap� > hh . ne x t ) ;� /
97 hashmap = NULL;
98

99 xFrame = mxGetFieldByNumber ( xData , i , 0 ) ;
100 xValues = mxGetData ( xFrame ) ;
101 e l e m e n t s = mxGetNumberOfElements ( xFrame ) ;
102

103 f o r ( g =0; g< e l e m e n t s ; g++) f
104 key =(double ) xValues [ g ] ;
105 f i n d i n c c o u n t ( key ) ;
106 g
107 s i z e += e n t r opy ( e l e m e n t s ) ;
108

109

110 g
111 � e = s i z e / NSt ruc tE lems ;
112

113 f r e e ( hashmap ) ;
114 g

Listing 11: First order entropy of video sequence
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