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Abstract: Digital image compression is applied to reduce camera bandwidth and storage requirements, but
real-time lossless compression on a high-speed high-resolution camera is a challenging task. The article presents
hardware implementation of a Bayer colour filter array lossless image compression algorithm on an FPGA-based
camera. The compression algorithm reduces colour and spatial redundancy and employs Golomb-Rice entropy
coding. A rule limiting the maximum code length is introduced for the edge cases. The proposed algorithm
is based on integer operators for efficient hardware implementation. The algorithm is first verified as a C++
model and later implemented on Xillinx Zynq UltraScale+ device using VHDL. An effective tree-like pipeline
structure is proposed to concatenate codes of compressed pixel data to generate a bitstream representing data
of 16 parallel pixels. The proposed parallel compression achieves up to 56% reduction in image size for high
resolution images. Pipelined implementation without any state machine ensures operating frequencies up to 320
MHz. Parallelised operation on 16 pixels effectively increases data throughput to 40 Gbit/s while keeping total

memory requirements low due to real-time processing.

Keywords: lossless image compression; sensor data processing; parallel processing; high-speed image capture;
FPGA

1. Introduction

Production quality monitoring, human motion capture in kinesiology [1], image caption of
highly dynamic science experiments in welding [2], and vibration analysis of mechanical components
[3,4] demand extremely-high resolution image caption at high frame rate per second (FPS). Such
industrial cameras capture 25 mega-pixel (5120x5120) images at speeds up to 150 FPS generating
large amount of data [5]. Image compression is applied to reduce channel bandwidth and storage
requirements. Numerous different approaches have been undertaken [6] but they can be narrowed
down to two types; lossless and lossy. The latter can achieve a higher compression ratio (CR) by
dumping some image information and is usually used for web imaging where high speed of transfer
and low storage capabilities outweigh the lower level of image detail which is hardly noticeable
by the users [7]. Conversely, no original information is discarded in lossless compression. Typical
applications for lossless compression are satellite image transfer [8], computer vision algorithms and
medical imaging [9] where details are of high importance such as in wireless capsule endoscopy [10],
computer tomography [11] and magnetic resonance imaging [12-14].

Typical implementations of image compression are either software-based or do not employ source
data parallelism. The problem of the former is high latency and low maximum throughput achievable
on an embedded CPU while the disadvantage of the latter is low processing efficiency. High-speed
cameras usually employ field programmable gate array (FPGA) chips as an interface to image sensor
and on-the-edge image processing. Due to FPGA's superiority at parallel tasks we accordingly design
our compression algorithm which fully exploits the parallelism from the very beginning on. The image
sensor itself generates 128-bit vector representing sixteen consecutive 8-bit pixel values at each clock
cycle. Additionally, the algorithm is based on lightweight operations only which enables it to run at a
frequency of up to several hundred megahertz. High frequency combined with parallelised processing
ensures state-of-the-art throughput of FPGA image compression.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Conventionally, compressed data is clocked out on a single 1-bit output port at an output frequency
different from the input frequency. In the usual case of several bits wide input, the output frequency
has to be adequately faster than the input one to compensate for the narrower output width, where the
exact ratio depends on bit widths ratio and compression efficiency. This approach is favourable because
a simple 1-bit FIFO buffer can be used to collect all bits representing compressed data. However, in the
case of high-speed continuous compression, where the input frequency is already very high, it becomes
unacceptable since achieving an adequately fast output frequency is impossible. Therefore, the output
width must match the input width. The main challenge arises from the fact that the bit-width of
compressed data is not fixed, as it directly depends on the entropy of the input data and varies with
each clock cycle. To address this issue, we propose a novel solution with fixed and identical input and
output data widths and clock frequencies. We construct a tree-like concatenation structure with one
recursive branch. The recursive branch handles the bits that do not align with the 128-bit output width
storing them and re-concatenating them with the next set of output data.

As illustrated by Figure 1, our compression module interfaces image sensor at the input. At
each clock cycle, it receives data in the Bayer colour array [15] for 16 pixels in parallel. Then, every
other row is buffered before the red-green-blue channels are translated to YCCC colour channels to
eliminate colour redundancy. Difference between neighbouring pixels is then used to remove spatial
redundancy. In the next stage, we implement adaptive Golomb-Rice encoder (AGOR) for entropy
coding. Finally, the generated output codes representing the compressed data are concatenated and
stored in the output FIFO registers. The compression module output is connected to the processing
system of the Zynq UltraScale+ MPSoC, where packetization is performed in software. The packets
are then distributed to the network through hardware Ethernet IP core capable of a 40 Gbit/s link.
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Figure 1. Block diagram of lossless compression on FPGA-based camera.

The main objective of this work is to develop an algorithm exploiting data parallelism based on
lightweight operations for real-time high-resolution image compression. To the best of our knowledge,
no research work on continuous real-time parallel image compression has so far been published. In
our case of high-speed image capture the proposed compression algorithm can double the streaming
frame rate at the same channel bandwidth and decrease memory consumption by half.

In the next section, we present related work on image compression algorithms and implemen-
tations. In Section 3, we explain our solution and present the theory behind it. We then describe the
hardware implementation of the algorithm in Section 4. Finally, in Section 5, we show our results and
compare our work with others.


https://doi.org/10.20944/preprints202408.2230.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 August 2024 doi:10.20944/preprints202408.2230.v1

30f18

2. Related Work

There are numerous compression algorithms, but most of them are software-oriented and therefore
costly to implement in hardware in terms of area, power consumption and maximum achievable
frequency. Some conventional compression algorithms are based on complex mathematical operations,
such as the discrete cosine transform in JPEG [16] or the discrete wavelet transform in JPEG-2000 [17].
The algorithms, which require large memory blocks and complex operators, are not optimal for an
embedded implementation in programmable logic.

The standard for portable network graphics (PNG) [18] is based on DEFLATE compression [19],
Lempel-Ziv-Welch compression and Huffman coding, in which the dictionary is built up dynamically
[20]. Alternatively, static Huffman coding can also be used, which requires information about the
probability distribution of the source symbols. The problem with such coding schemes is that they
rely on a dictionary, which increases memory consumption and the amount of data to be transferred,
or require a prior statistical analysis of the target mapping. This is why Golomb-Rice coding gained
acceptance as it does not require a dictionary and at the same time offers a competitive compression
rate.

An alternative approach to the above-mentioned prediction methods are learned compression
methods. In [21], a neural network was trained to learn the probability distribution of pixels and use
this knowledge for compression. Although a high CR can be achieved, the presented neural network
includes 59K parameters, which occupy a significant amount of the available fast-access memory in a
possible implementation on an FPGA device. Furthermore, the compression time is 80 ms for a 64x64
image which is far too slow for high-speed high-resolution cameras.

A series of articles [22-24] presented the parallel implementation of lossy compression algorithms
such as JPEG and DXT on graphics processing units (GPU). The maximum reported throughput rate
was 1385 Mpix/s on an NVIDIA GTX 580 [25] with a typical power consumption of several hundred
watts. Since high-resolution high-speed cameras, such as 25 mega-pixel Smilodon [5], at 150 FPS
generate data at a rate of up to 4 Gpix/s, this only underscores the appropriateness of using an FPGA
that can match the throughput of the image sensor for real-time compression at significantly lower
power consumption. The Consultative Committee for Space Data System (CCSDS) has published a
standard CCSDS 123.0-B-1 [26] for lossless compression of multispectral images. It was developed with
a view to a hardware implementation that contains only light operations. Nevertheless, a complete
implementation covering all possible configuration parameters quickly becomes quite complex. This
is the main reason why in the work of [27-29] the maximum throughput rates were a few Gbit/s with
the best performance achieved in [30] at 12 Gbit/s when compressing five spectral images in parallel.

Some low-complexity algorithms [31-34] have been proposed for wireless capsule endoscopy
applications, but they generally do not utilise parallelism which can significantly increase throughput.
Other works [35,36] present parallel compression but generate encoding information data, i.e. addi-
tional bits to specify whether sections of generated bitstream are encoded or not. In their particular use
case of CPU compressed memory, this was appropriate because the encoding bits were immediately
available to the decoder, which was implemented in the same hardware as the encoder. However,
this cannot be applied to applications where image compression and decompression are spatially and
temporally separated and therefore need to be independent of each other. In standard applications for
image transmission and storage, the additional coding bits must be included in the transmitted data,
which effectively reduces the compression ratio.

Fowers et al. [37] proposed an FPGA implementation of a compression algorithm based on the
DEFLATE method that exploits the parallelism of the input data . Their framework was scalable to
8, 16, 24 and 32 parallel input bytes. Similar to our work, they also faced the problem of variable
output codeword width. Nevertheless, their implementation turned out to be quite complex, which
is why they achieved a maximum frequency of only 175 MHz on a Stratix V FPGA device. Due
to the parallelism, the throughput was a commendable 22.4 Gbit/s with 16 parallel pixels, which
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is not enough for some high-speed high-resolution cameras that generate image data at rates of
150 /s - 5120 - 5120 - 8 bit = 31.5 Gbit/s.

The contribution of this work is to bridge the gap in the parallel implementation of real-time
image compression while ensuring competitive CR in high-resolution images. An innovative solution
is proposed to ensure high throughput compression without additional coding data or a dictionary.

3. Proposed Architecture

An effective approach to image compression is the compression-first method, in which an image in
its raw Bayer Colour Filter Array state (Figure 2) is compressed before the demosaicing process. Instead,
the latter is performed after decompression on the client side. This prevents a triple expansion of
the data before compression even begins. The image is compressed by removing colour and spatial
redundancy. Finally, the pixel data is entropy encoded using adaptive Golomb-Rice coding, where the
coding coefficient k is dynamically adjusted based on the data statistics. The parallel output codes are
concatenated to form a compressed image bit stream.

The algorithm is divided into four parts: input data composition, colour transformation, differen-
tial pulse code modulation (DPCM) and adaptive Golomb-Rice coding. The colour transformation of
the Bayer CFA red-green-blue (RGB) image into Y-Cd-Cm-Co (YCCC) channels is used to eliminate
colour redundancy. Differential pulse code modulation (DPCM) is used to remove spatial redundancy.
In the next part, the coding parameters are calculated and binary codes are generated using adaptive
Golomb-Rice coding (AGOR). In the last part, the codes representing the encoded values of 16 parallel
pixels are concatenated to generate the final bitstream.

Al OO O
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Al OO
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Figure 2. Typical Bayer CFA pattern with twice as many green as red and blue receptors.

3.1. Parallel Pixel Data Supply

The image sensor interface is often implemented in FPGA devices. The high-speed pixel data bus
consists of LVDS (Low Voltage Differential Signaling) connections that provide parallel pixel data. In
our case, the data is delivered at each clock cycle from the image sensor as a 128-bit vector representing
sixteen 8-bit pixels in a raster scan sequence for a Bayer CFA image as in Figure 3. The next processing
stage requires bayer elements which consist of neighbouring R, Gr, B and Gb pixels. Therefore, the top
row is buffered first, and only when the data for the second row is supplied are the complete Bayer
elements assembled (Figure 4). Buffering is realised with FIFO registers. We keep the latency low by
performing compression in real time, i.e. as soon as new data is available from the image sensor, it
is processed and discarded immediately. Note that in general the number of pixels compressed in
parallel in each clock cycle does not have to be fixed at 16, but is scalable and only limited by the
available hardware on the FPGA.
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Figure 3. An example sequence of 128-bit sequences representing 16 pixels each (left), clocked in from
the image sensor one after another to the two line buffers. The image is 5120 pixels wide, therefore
requiring 5120/16 = 320 clock cycles to fill one FIFO line buffer.
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Figure 4. Data vectors from t = 0 until ¢+ = 320 buffered in two buffers for Bayer element assembly.

3.2. Colour Transformation

Each colour channel in RGB space contains repetitive, i.e. redundant information, as can be seen
in Figure 5. The redundant data can be removed by colour conversion to another colour space in
which the secondary channels contain much less information, as shown in Figure 5. We used the
colour space proposed in [31]. They analysed different colour spaces, which are relatively cheap in
terms of computational cost and found that the Y-Cd-Cm-Co colour space achieves the best CR. We
also optimise the translation matrices defined in (1) and (2). The Bayer CFA to YCCC translation is
calculated by addition and subtraction only, which means that no multiplication hardware is used.
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(b) Red and Cd channels.

(c) Green and Cm channels. (d) Blue and Co channels.
Figure 5. Kodak 13 from KODAK dataset [38]: The content of the image is clearly recognisable in all
three RGB colour channels (left). The details are much less pronounced after YCCC transformation
(right).

3.3. Differential Pulse Code Modulation

The majority of the image content, such as the background and uniform areas, usually contains
only a few details. The pixels values are very similar in these areas, so the same information is repeated
in several pixels, which is called spatial redundancy. Therefore, it makes sense to predict the next pixel
value and then encode only the difference x; between the predicted x), and the actual value x. This
method is known as differential pulse code modulation (DPCM).

xq(r,c) = x(r,c) —xp = x(r,c) —x(r,c = 1) 3)

If the predictions are good, the differences are small, and even approach zero. The prediction x,
can be based on any combination of previous neighbouring pixels. To keep complexity and memory
requirements low, a single adjacent predecessor is used as a prediction in this work.

The exception is the first column where predictions are based on a first pixel of preceding row.

x4(r,0) = x(r,0) — x(r — 1,0) (4)

The other exception is the very first pixel of the image (seed pixel) for which the predicted value
is zero.

x4(0,0) = x(0,0) %)

3.4. Golomb-Rice Encoding

The DPCM step converts the random distribution (Figure 6a) of the symbols into a Laplace
distribution that peaks at 0 (Figure 6b). Equation 6 is used to convert difference values to non-negative
values to obtain an exponentially decreasing distribution, as shown in Figure 6¢

2. X4 if X4 >0
Xpos = | | . (6)
2-|xd|—1 ifx; <0
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Figure 6. Image data distribution. Initially random distribution (a) is transformed by (3- 5) to Laplace
distribution (b), and by (6) to exponentially decreasing monotonic distribution (c).

This new exponentially decreasing distribution fits well with the universal coding sytems that
are based on such an assumption. They encode smaller values (which also occur more frequently,
as in Figure 6¢) with fewer bits and thus compress the information. One of these is Golomb-Rice
coding, which is defined in (7) and (8). The value g represents a rounded down quotient between
the coding value and a constant 2. Tt essentially indicatess how often the constant can fit into the
coding value. The value 7 is the remainder of the previous integer division, effectively realised with the
modulo operator. Both calculations can be implemented cost-effectively in hardware using bit shifting
(symbolised by >>), bit slicing (symbolised by [a : b]) and masking operations. The Golomb-Rice code
is composed by concatenating g consecutive 1" bits, the delimiter bit ‘0" and r represented by k bits (9).

X
q= { gsz = Xpos > k; @)
r= mod(xpos,Zk) = Xpos[k —1: 0] (8)

1111107, _qrg_p---19, ifg <8

A ——

quotient remainder

1 h of
G(xpos,k) - ength of ¢ length of k . (9)
11111111 x19x9 - - - X, ifg > 8
———

identifier Xpos
length of 8 length of 11

3.5. Adaptive Golomb-Rice Encoding

Golomb-Rice coding has a parameter k that determines how the code length scales. Since the code
is composed of g bits, a delimiter bit and k remaining bits, the total length is defined by (10) and shown
in Figure 7. A small k value is suitable for small values of x while a large k is better for large x. One is
tempted to dynamically adjust the Golomb-Rice encoder (AGOR) based on the value to be encoded.
Based on (10), we make two propositions.

Xpos
2k

Z(G(xlk)):q+l+k:{ J+1+k (10)

Proposition 1. For a given value x from the interval [2K1=1,2k1), choose k = k. Then corresponding code G,
is the shortest of all possible codes Gy.

Proposition 2. An encoding scheme based on the rule from the Proposition 1 generates the shortest code for
each encoding value xpos. The resulting bitstream is therefore the shortest possible and achievis the highest CR
theoretically possible as defined by the standard entropy equation.


https://doi.org/10.20944/preprints202408.2230.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 August 2024 doi:10.20944/preprints202408.2230.v1

8 of 18

However, this ideally computed bitstream cannot be decoded due to a problem similar to the
chicken or the egg paradox; the initially encoded value must be known in order to select k which is in
turn is needed to decode initially encoded value. Therefore, in this implementation, the k for the x;
sample is calculated based on the moving average of the x,;, : m < n samples as described in Algorithm
1 [39,40]. In the hardware, the first for loop (line 1) is implemented in parallel, while the third for
loop (line 8) is pipelined via ky, successive modules, each of which contains an if statement. The
parameter ki is chosen as the largest k that still satisfies g = x0s Max / 2kmax > 1, i.e. the unary part
is at least 1 bit wide. Conversely, a case with 4 = 0 means that the value only has to be coded in
the remainder of the Golomb-Rice code. This is exploited in the case of a seed pixel by setting the k
parameter to kgeey = kinax + 1, which is 11 for input width of 8 bits. This effectively results in a seed
pixel being encoded in a two’s complement representation.
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Figure 7. Effect of k on code length of Golomb-Rice encoding scheme.

Algorithm 1 Dynamically adjustable parameter k
. for channel in [Y,Cd,Cm,Co] do:

: [Ainit, Ninit, Kinit, Nenresnora) < [32,4,11, 8]
: A < A

1

2

3

4: N < Nt

5: k < kinit

6 for pixel in length(channel) do
7 k<0

8 fori =0: kyuy do

9: if 2F. N < A then

10: k—k+1

11: else

13: A« Akgalks(xy)

14: N+ N+1

15: if N > Niprespors then
16: N <« N/2

17 A+ A/2
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3.6. Code Length Limiting

If xpos is large and the parameter k is small, the quotient g from (7) becomes large, which leads to
a large code length [ (Equation 10). This happens in a checkerboard pattern, as k becomes very small
in uniform areas while x,s can be large at the black-white border between two squares. Untreated,
such an image can generate codes with a width of up to 2040 bits, which means that an originally
8-bit wide pixel code is expanded by more than 250 times. In a system with 16 parallel pixels, the
concatenated code could be up to 16320 bits wide. We solve the problem by limiting the maximum
length of the unary parts to 8, resulting in a code defined in the second condition for (9). If the value g
is greater than 8, the positive value x,s is coded with 11 bits in two’s complement, i.e. we switch from
Golomb-Rice coding to two’s complement coding. With this rule, we limit the maximum permissible
code length to 19. The identifier for this coding change is 8 consecutive "1’s, which are immediately
followed by xpos in two’s complement.

3.7. Bitstream Generation

Typically, a compression algorithm outputs encoded data by outputting a sequence of bits in a
serial bitstream. This parallel-serial system can become saturated if the serial output data is not output
at a sufficiently high rate, e.g. for a system with 8-bit input data and 1-bit output, the output clock
must be at least eight times higher than the input clock. However, in a system with multiple input data
sets and a and high input frequency, the output frequency cannot be increased appropriately. Instead
of increasing the output frequency, the bitstream can also be output in parallel. However, this leads to
problems such as assigning a variable-length bitstream to a fixed-width output port, which requires an
efficient buffer architecture. The variable length output problem arises from the fact that the algorithm
compresses the full-width input code to a narrower representation. The actual amount of compression
changes dynamically and depends on the actual data.

The intensity of each pixel is coded with 8 bits in two’s complement. Then the total width of the
input data is P - 8bit wide, where P is the number of pixels supplied in parallel. In our case, we have
set P = 16, but it can easily be parameterised. After compression, the bitstream should be shorter, i.e.
consisting from less bits than the initial bitstream. This means that each pixel is encoded with less
than 8 bits on average. While the input to the algorithm is a 128-bit wide input vector representing 16
parallel pixels, the output width is less than 128 bits due to compression and has an unknown length.
However, the output port width is fixed at 128 bits to ensure compatibility with other external IPs. It is
possible that there are not enough bits (< 128) generated for a valid output at every clock cycle due
to data compression. On the other hand, even with code length limiting feature there can be up to
P -19 > 128 bits generated in a single clock cycle for the edge cases, i.e. a checkerboard. Since other
hardware, such as the transmit module, requires fixed length inputs, the output of the compression
algorithm must be aligned to 128 bits.

Other works propose sequential calculation of indices and the sequential concatenation of codes
[41]. However, due to the high complexity of the index calculation, these methods lead to a large
propagation delay, which considerably limits the maximum achievable frequency, and are only suitable
for non-parallelized compression.

4. Implementation

The algorithm is first developed and verified in C++ and only then implemented in hardware
using VHDL. As the algorithm is designed for low complexity and there are no restrictions on efficiency
and parallelism in the software model, the C++ implementation is relatively simple. In the hardware
implementation, however, additional requirements were added with regard to memory consumption,
parallelism, low propagation delay (propagation delay as a function of the complexity of a sub-
algorithm), dynamically adjustable ranges, the generation and concatenation of vectors of variable
length and finally the output of a bitstream of variable length via an output port with a fixed width.
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4.1. Parallelism

The main contribution of this work in the field of image compression is the efficient parallelization
of the algorithm. We use partial parallelism in one phase and full parallelism in all other phases. At
the beginning, the pixels P supplied by the image sensor are read completely independently and in
parallel. After the line memories are sufficiently filled, b Bayer elements are formed in parallel and
the translation to YCdCmCo is performed. The calculation of the parameter k is the only partially
parallelized step where £ modules are used in parallel to calculate inherently sequential variables
from the Algorithm 1, as explained in section 4.2. All other modules are fully parallel with P parallel

modules.
legend: P/4 parallelism P parallelism
Data Bayer Colour K code assembly
read assembly transform DPCM ] il &
calculation  calculation concatenation
| | | | | | |
I l — | | | Yk | qrk |
: L i i : Y ' Yk| qrk '
' 1 £ 1 Y ' Y ' ' '
' ' G ' v ' % ' Yk 1 qrk !
' ' E ' Y 1 Y ' Yk . qrk '
i €] H cd ' cd ' Ck ' ark '
! ! [B] ' cd ' cd ' Ck h qrk '
: T[] h ca ' ca ' Ck , ark '
5 ') [R] ' N £ ' ed T qrk .
[G] cm cm Ck qrk
8] Cr 2 Ck qrk
Image ] cm cm o Aok
sensor R] e em Ck ark
% g0 9 Ck ark
Co Co
1G] Co Co ClK ark
[R] Co co Ck qrk
o Ck qrk

Figure 8. Example of parallelism in case of P = 16 parallel pixels supplied by the image sensor.

4.2. Dynamically Adjustable Compression Parameter k

As described in Algorithm 1, the variables are updated after each pixel (line 6 of Algorithm 1),
and the current value of A;,, depends on the previous value A,,_1 (line 13). The calculation is sequential
by nature, which is not compatible with the fact that the image sensor provides data for multiple
pixels in parallel. However, as long as this sequential calculation takes place within one period of the
clock, there is no problem. You can mitigate this problem by splitting the algorithm into smaller and
shorter calculations, i.e. by implementing a pipeline as we did for the third loop (line 8). We divide the
calculation of k into several stages, as shown in Figure 9. Since the four channels (Y,Cd,Cm,Co) are
independent of each other, the pipeline can be implemented partially in parallel.

| [ : | [ : | [ : | ] | [ : | |
calc_k: 3:0 L] calc_k: 3:1 L] calc_k: 3:2 . calc_k: 3:10 .
clk L clk L clk L clk
pipeline_en L pipeline_en - pipeline_en L - pipeline_en
Ay [u12:0] L A y[u120] L Ay [u12:0] __._T a Ay [u12:0]
N_y [u 2:0] - N_y [u 2:0] - N_y [u 2:0] _L_. . N_y [u 2:0]
: k_y [u3:0] L ky[u3o] L k_y [u3:0] L k_y [u3:0]
g dpcm [s 10/9:0] H dpcm [s 10/9:0] - dpcm [s 10/9:0] L dpcm [s 10/9:0]

Figure 9. Calculation of k as a pipeline. The same pipeline is implemented in parallel for 4 channels.
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4.3. Code Generation

The codes are generated in two steps. In the first step, remainder r and quotient g are calculated,
while the actual codes are generated in the second step. With the bit slicing operator [a:b], a and b are
dynamic in our algorithm, i.e. they change depending on the image data entered. Since VHDL does
not support dynamic ranges, the bit slice operation is implemented as bit masking and bit shifting
instead. As shown in Figure 10b, a unary mask of width k is generated for the binary representation of
r, effectively truncating higher bits. The quotient g is simply calculated by bit shift, which supports
dynamic shift values in VHDL.

Theoretically, the code is composed by concatenating the unary part, the delimiter bit and the
remainder bits. A simple solution would be to use the VHDL concatenation operator &, but the
dynamic nature of the problem requires a slightly more complex solution, as shown in Figure 11. The
final code is generated by concatenating the pre-generated unary part and the  shifted to the right
by g + 1. The addition +1 is added to create space for a delimiter bit >0°. At the same time, the code
length is calculated to indicate the actual number of valid bits in the fixed-width output that represents
the code. The output of the code generation module is therefore a fixed-width vector, with the LSB bits
representing the code and the fixed-width vector indicating the number of relevant bits.

109876543210

Binary representationof 1 [ [ [ [ [ T [ [ [ [ [1] <<k
k=3 shifted leftbyk [ [ [ [ [ 1 ] [7] [ [ ] -
xpos<10) =17 subtract 1togetmask [ T T T T T T [ J[1[1]1]
17 83 '
N I I S Xpos 1 1
1= 3| == 17, >k EENENEOEERD
1
e 20— 1, « (LTI T
e Xoos [T T T T T T T TTT] >k
=lrgtk=1l+2+3= shifted right by k: q EEEEEEREIN d
(a) Example calculation of Golomb Rice quo- (b) Hardware calculation of g4 and r by bit-slicing and bit-
tient and remainder. shifting. In this case, xpos = 17, k = 3.
Figure 10. Illustration of calculating g and 7 in C++ (a) and VHDL (b).
code width limited by Eq. 10
e
r R
18 1109 8 76 543210
expand r to full width L L] [1]<<qg+1
shititby g+ 1tothelett [ [~ [ [ [ [ [ [ | [1
I delimiter
unary party=p bit
Y
generated code | | [ [ [ [ [ [ [ 1 [1]1]
L J
T

length=1+1+2=6

Nj[&O]

bitstream |1[1|0 1|0|0|=110100

Figure 11. Generation of the final code.
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4.4. Parallel Code Concatenation

Following the discussion in Section 3.7, we propose an extremely simple tree-like solution with a
recursive terminal branch. In the first stage, 16 parallel code generator modules construct the codes,
which are then concatenated in the subsequent layers. The maximum code length in the last layer can
be up to 16 - 19 = 304 bits wide, which is still a manageable width for a multiplexer. If more than
128 bits are generated, they are output over the next L%lsg = L% = 2 cycles, and a FIFO module
serves as a buffer for the codes generated during this time. Only the lower 128 bits are output at the
output for each clock cycle. The remaining bits form a new code, which is fed back through a recursive
branch. The final output is therefore always a 128-bit wide bit stream with an additional 1-bit valid

flag, which indicates that the data on the rail is valid and can be retrieved by the external modules.

code code code code code store code output lower bits
assembly concatenation concatenation concatenation concatenation to FIFO concatenation store upper bits
| e | |
qrk code, len
] code, len
qrk ! code, len :}_ } Sode Ten 128:end]
qrk ' code, len :
qrk ' code, len } codelen
qrk : code, len codeNien code
qrk h code, len } codeNlen len _1 FIFO
qrk ; code, len god len FIFO code, len [0:1271>> e
' } code, len > A ] len
qrk > code, len il [ | lcode
qrk code, len } “odeTen 2 code, len len
qrk code, len :
qrk code, len codexlen
qrk code, len } codetlien
qrk code, len codellleny
qrk code, len } codetllen }
qrk code, len code, len
qrk code, len } code, len
Figure 12. Pipelined bitstream generation on 16 parallel pixels.
5. Results

The proposed lossless compression algorithm and its FPGA implementation are presented in
terms of compression efficiency, speed and FPGA resource utilisation. Motivated by other work in
the field, we evaluate the algorithm with the KODAK dataset [38], the KID dataset [42] and our own
high-resolution images.

To evaluate compression efficiency, we use the metrics bits per pixel (BPP) and compression ratio
(CR), which are defined as follows:

BPP — number of k.nts (11)
number of pixels

uncompressed size 1
CR = = 12
compressed size BPP (12)

To evaluate throughput, we define absolute or effective throughput (13). For a fair comparison, we
scale the effective throughput with the number of parallel pixels P (14).

EX = Effective throughput = input data bits - frequency [bslt} (13)

NX = Normalised throughput =

input data bits - frequency [ bit } (14)

p s - pixel

5.1. Compression Efficiency

The algorithm works with Bayer CFA pattern images, therefore RGB colour images are first
converted into Bayer CFA patterns during evaluation. This is done by subsampling the colour image,
whereby only one colour component is retained for a single pixel, resulting in a Bayer CFA pattern.
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The size of the reference file is then defined as the size of the Bayer CFA image, i.e. the number of
pixels multiplied by 8 bits (1 byte).

With high-resolution images (18 megapixels) we achieve a CR of 2.26 (Table 1). This is a sequence
of very similar neighbouring pixels, resulting in a large number of difference values close to 0, and
requiring only a single bit to encode each pixel.

Table 1. Lossless compression on 18 Mpixel images [BPP]. Initially 8 BPP.

‘ Optomotive ‘ BPP ‘ CR ‘

car_01.bin 391 | 2.05
car_02.bin 4.05 | 1.98
car_03.bin 412 | 1.94
car_04.bin 3.54 | 2.26
osciloscope.bin | 4.44 | 1.80

Figure 13. 25 megapixel images. CR ratio 2.26 and 1.80, respectively.

We evaluate our compression using a KODAK image set consisting of 24 768x512 images in Table
2. The lower CR value (1.34 on average) is due to the lower resolution and high level of detail of the
KODAK images, where neighbouring pixels are less similar.

In Table 3 we compare our algorithm with the PNG standard and the work of [32-34]. We achieve
comparable results to the PNG standard, but a worse CR when compared to the mentioned works.
However, the goal of the proposed algorithm is not a state-of-the-art CR but high throughput with
satisfactory CR for high resolution images. This is achieved by using parallelism and low complexity
operators.

Table 2. Bits per image and compression ratio on KODAK dataset.

| KODAK | LSBPP | LSCR | KODAK | LSBPP | LSCR |

1 7.11 1.12 13 7.37 1.09
2 5.79 1.38 14 6.52 1.23
3 5.15 1.55 15 591 1.35
4 5.79 1.38 16 5.42 1.47
5 717 1.12 17 5.83 1.37
6 5.98 1.34 18 6.64 1.21
7 5.48 1.46 19 6.14 1.30
8 7.45 1.07 20 4.77 1.68
9 5.62 1.42 21 5.89 1.36
10 5.74 1.39 22 6.29 1.27
11 6.10 1.31 23 524 1.53
12 5.35 1.49 AVG 6.06 1.34
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Table 3. Comparison to other works on KODAK dataset [BPP].

| idx | PNG | YLMN[32] | CMBP[33] | [34] | [31] | This work |

1 6.47 6.86 548 6.31 | 7.88 7.11
2 6.42 5.60 4.33 493 | 6.36 5.79
3 6.00 4.95 3.75 454 | 584 5.15
4 6.52 5.62 4.38 5.09 | 6.45 5.79
5 6.55 7.06 541 6.34 | 797 717
6 5.99 5.84 4.88 5.60 | 6.74 5.98
7 6.08 531 3.96 493 | 6.16 548
8 6.49 7.15 5.57 6.67 | 8.12 7.45
9 5.70 5.41 4.19 4.88 | 6.22 5.62
10 5.78 5.56 423 499 | 6.35 5.74
11 5.94 5.88 4.68 542 | 6.77 6.10
12 6.06 5.19 4.09 4.82 | 599 5.35
13 6.74 7.22 6.14 6.71 | 8.17 7.37
14 6.42 6.40 517 586 | 7.25 6.52
15 6.39 5.56 4.10 4.87 | 643 591
16 545 525 4.38 5.06 | 6.12 542
17 5.30 5.65 4.29 510 | 6.45 5.83
18 6.48 6.50 528 5.88 | 7.36 6.64
19 6.17 5.96 471 548 | 6.84 6.14
20 4.20 4.67 3.54 4.60 | 591 4.77
21 5.95 5.74 4.80 5.35 | 6.56 5.89
22 6.41 6.10 4.85 549 | 6.96 6.29
23 7.03 5.09 3.85 451 | 5.86 524
24 5.95 6.49 4.87 579 | 7.41 6.75
AVG | 6.10 5.88 4.62 539 | 6.76 6.06

5.2. Maximum Frequency and Resource Utilisation

The algorithm is implemented on Xilinx Zynq UltraScale+ [43] FPGA and runs at 320 MHz. It
consumes 14.1k LUT, 14.8k registers and 9.5 BRAM blocks which is less than 10% of all available
resources. Due to pipelining and parallelism, the effective throughput is continuously 16 pixels per
clock cycle , i.e. 16 - 8bit - 320MHz = 40.95Gbit /s. We outperform other FPGA implementations such
as [30,37,44] in both effective and normalised throughput. The latter achieves high throughput through
a high degree of parallelism like our work. However, our work operates at almost twice the frequency,
which increases the effective throughput by the same ratio.

Some of the published works on hardware image compression implement the algorithm on
application specific integrated circuits (ASIC). The comparison of FPGA and ASIC implementations
is challenging due to different technology performance. However, to show the effectiveness of our
design, we compare our work with several ASIC implementations. In the works of [31,32] and [34],
the maximum operating frequency achieved was 250 MHz and 200 MHz, respectively. The effective
throughput was not reported, but due to the lack of parallelism, it is estimated to be 1 pixel per clock
cycle, which is 16 times less than our work.

The only algorithm that outperfoms ours was [36], where the maximum operating frequency for
the ASIC design was 370 MHz and the effective throughput was 192 Gbit/s for parallel processing of
64 pixels. It should be noted that ASICs achieve much higher frequencies than FPGA implementations,
but at the cost of high development costs and non-reconfigurability, and that they are usually used in
the final stage of a product development after the design has been verified on an FPGA.
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Table 4. Resource and throughput comparison to other works. Publications marked with asterisk * are

ASIC based.
\ | [34]* | [31]* | [321* | [36]* | [44] | [30] | [37] | Ourwork |
Parallel pixels 1 1 1 64 1 5 16 16
Freq (MHz) 200 250 250 370 214 150 175 320
Gate count (k) 4.8 5.2 3.78 83 - - -
Memory (k) 10.2 5.74 2.93 - - - - -
Registers - - - - - 12.8k - 14.1k
LUT - - - - - 14.7k - 14.8k
BRAM - - - - - 37 - 9.5
EX (Gbit/s) 1.60 <2 <2 192.00 | 0.43 | 12.00 | 22.40 40.10
NX (Gbit/s/pixel) | 1.60 | <2.00 | <2.00 | 3.00 | 043 | 240 1.40 2.56

6. Discussion

The goal of the research was to close the gap in high-speed image compression on FPGA while fully
utilising data parallelism. Several works in this area offered some commendable solutions, but none
could match the throughput of modern high-speed high-resolution cameras. We have successfully
combined, modified and optimised well-known principles of lossless compression to develop a
lightweight, scalable and high-throughput image compression that can easily keep up with current
and future cameras while ensuring a competitive compression ratio. Through effective pipelining,
operating frequencies of up to 320 MHz with a continuous throughput of 40 Gbit/s are achieved,
which significantly outperforms all other existing FPGA implementations for image compression. The
compression principles presented in this work can also be applied to other compression tasks such
as video, audio or data compression with minimal modifications, and lossy support can be added
immediately. Future work will focus more on improving the compression ratio, e.g. by exploring new
colour space translations, applying different compression principles and trying out different prediction
filters.
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Abbreviations

The following abbreviations are used in this manuscript:

AGOR  Adaptive Golomb-Rice Encoder

ASIC Application Specific Integrated Circuit

BPP Bits Per Pixel

C++ C Plus Plus

CCSDS  Consultative Committee for Space Data Systems
CFA Colour Filter Array

CPU Central Processing Unit

CR Compression Ratio
DPCM  Differential Pulse-Code Modulation
FPS Frames Per Second

FPGA  Field-Programmable Gate Array
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GPU Graphics Processing Unit

IP core  Intellectual property core

LVDS  Low Voltage Differential Signaling
VHDL  VHSIC Hardware Description Language
VHSIC  Very High Speed Integrated Circuit
YCCC  Y-Cd-Cm-Co Colour Space
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