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ABSTRACT

This thesis proposes a low-cost Disparity Map (DM) compression algorithm and
its hardware architecture for high resolution and high frame rate applications,
where limited computational capacity and power consumption make it a signif-
icant challenge to run these applications in real-time. The proposed algorithm
uses spatial correlations between neighboring disparity values and has two vari-
ants. The first variant, Single Neighbor (SN), encodes the current disparity using
its left neighbor, whereas the second variant, Multiple Neighbor (MN), benefits
from left and upper neighbors. The performance of the proposed algorithm is eval-
uated on DMs that are obtained using the most common low-cost stereo matching
techniques for state of- the-art benchmarks. When evaluating the performance
of the proposed compression algorithm, a median filter is applied to smooth out
the DMs. After the median filter, the proposed algorithm with respect to original
DM sizes, obtains 48% and 56% savings in memory space on the average for its
SN and MN variants, respectively. Transferring DMs to the memory within the
System-on-Chip (SoC) and transmitting them between SoCs in a compressed for-
mat will reduce the memory bandwidth usage and save power. Implementation
results show that the proposed architecture can support 1920x1080 resolution at

60 fps on a low-cost FPGA while consuming very low area and power.
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OZETCE

Bu tezde, Esitsizlik (Derinlik) Goriintiilerini (DM) sikigtirmak i¢in diisiik maliyetli
bir algoritmanin yanisira, yliksek ¢oziintrlik ve yiiksek kare hizi gerektiren ugyu-
lamalara uygun bir donanim mimarisi onerilmektedir. Ozellikle bu uygulamalarin
gercek zamanda calistirilabilmesi, hesaplama kapasitesi ve gii¢ tiitketimi acisindan
biiytik bir zorluktur. Onerilen algoritma, komsu piksellerin arasindaki uzamsal ko-
relasyonlarini kullanir ve iki varyanti vardir. Tek Komgu (SN), sol komsgusunu kul-
lanarak mevcut esitsizlik degerini kodlarken, ikinci varyant, Coklu Komsgu (MN),
sol ve iist komgulardan yararlanir. Onerilen algoritmanin performansi, son model
DM veri setine bagh bir sekilde, yaygin diigiik maliyetli stereo eglestirme teknikleri
kullamlarak elde edilen DM’ler iizerinde degerlendirildi. Onerilen sikistirma algo-
ritmasinin performansini degerlendirirken, DM’leri asir1 giiriiltiidden temizlemek
icin bir medyan filtresi uygulanir. Medyan filtresinden sonra onerilen algoritma,
SN ve MN varyantlan i¢in sirasiyla ortalama olarak bellek alaninda %48 ve %56
tasarruf elde etmektedir. DM’leri Yonga-tizeri-Sistem (SoC) igindeki bellege ak-
tarmak ve bunlart SoC’ler arasinda sikigtirilmig bir bicimde iletmek, bellek bant

genigligi kullanimini azaltacak ve gii¢ tasarrufu saglayacaktir.
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CHAPTER I

INTRODUCTION

This chapter explains the purpose of this thesis in detail. It gives the basics of
disparity and depth concepts, most common disparity estimation methods, and
preprocessing transforms. Furthermore, it includes the state-of-the-art works in
the literature that are related to depth compression and their hardware implemen-
tations where available.

The works presented in Chapters[I]and [2 Sections [3.1] and 3.3, Chapter 4] and

Section [5.3 were included in our journal submission [1].

1.1 Problem description

This work aims to introduce an area and power-efficient algorithm as well as its
hardware architecture for Disparity Map compression. Such architectures
are required when processing real-time, high resolution, and high frame rate video
signals with limited hardware resources. Moreover, in today’s System-on-Chips
(SoCE) low power consumption is critical due to thermal constraints and battery
life of mobile devices. Accessing may consume a significant portion of
the total power in mobile SoCs. Thus, the proposed algorithm and its hardware
architecture aim to reduce the total power consumption by decreasing the memory
bandwidth. Depth information is essential for many computer vision applications
such as augmented reality, 3D mapping, 3D movies, video surveillance, military
applications, robotics, and self-driving vehicles. Depth information can be defined
as the distance of the surfaces of scene objects to the viewpoint. The terms depth
and disparity are related to each other. Binocular disparity describes the shift
amount in coordinates of the same object between a stereo image pair [2].

The depth value depends on the disparity value and the camera calibration.

Depth information can be estimated by imitating the human visual system with a



stereo camera pair. The third-dimension coordinate of an object can be extracted
by using left and right images of the stereo pair, where one image will be the
shifted version of the other. Disparity estimation is a process very similar to
motion estimation, which is widely used in video compression [3]. Unlike the
block matching for video compression, which is applied within a two-dimensional
search window [4], block matching for disparity estimation implements a single
dimensional search window along the horizontal axis.

In this work, horizontally rectified stereo image pairs are utilized as input
for disparity estimation; i.e., it is assumed that considering disparities at x-axis
only is sufficient to correctly estimate the output DM. Figure [1| shows the typical
structure of a binocular stereo vision system, where the corresponding disparities

of Point-1 and Point-2 are equal to:
Disparity(Point-1) = L1 — xR1 (1)
Disparity(Point-2) = xL2 — xR2 (2)

Where xL1 and zR1 represent projection of Point-1 on the x-axis of left and
right camera focal planes, respectively. Likewise, xL2 and xR2 represent projec-
tions of Point-2 on the x-axis. Because Point-1 is closer to the focal planes of
the stereo camera pair, its disparity value will be larger when compared to the
disparity value of Point-2. Depth values of Point-1 and Point-2 can be found using
the following equations:

Baseline . Focal Length 3)
L1 —zR1

Baseline . Focal Length (4)
L2 —xR2

Depth(Point-1) =

Depth(Point-2) =

We can define the baseline as the distance between stereo camera pair lenses,
whereas focal length of the lens is the distance between the lens and the image
sensor when the subject is in focus.

It is important to preprocess stereo image pairs before the disparity estimation

due to right and left images being exposed to different noise and brightness levels.
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Figure 1: Binocular stereo vision system.

There are transforms presented in the literature to increase the tolerance against
these negative effects.

These transforms are applied before the disparity estimation, and this work
focuses on three widely used transforms in the literature: Rank Transform ,
Census Transform , and Complete Rank Transform (CRT]).

RT applies a filtering window, where the center value of the filtering window
gets replaced by the total number of samples within the filtering window that are
smaller than the center value [5]. CT outputs a string of (N.M — 1) bits, where
N and M are the width and the height of CT’s filtering window. In CT, window
locations that have smaller or equal gray-scale intensity values than the center
value are flagged as ‘0’ and remaining locations with larger intensity are flagged
as ‘1’. Thus, the output of CT is a bit string. CRT [6] is a modified version of
the RT. Unlike CT and RT, which output a single value for the center location
of the filtering window, CRT outputs a window for each input disparity value.
CRT is morphologically invariant; meaning that the output image is invariant
to any monotonically increase in its gray-scale intensity. Figure [2| illustrates a
3 x 3-windowing example for these three transforms. Other than the local block
matching methods, there are semi-global and global methods proposed in the liter-

ature for disparity estimation. Complexities of these methods increase from local

methods to global methods. Semi-Global Matching (SGM)) [7], global algorithms



40 | 37 | 35 1100 7142
39 [ 38 | 33 - I 0 1
40 | 36 | 30 1100 7| 3]0

(a) (b) () (d)
Figure 2: Preprocessing transforms applied to stereo pairs. (a) 3 x 3 Intensity
window. (b) RT. (¢) CT. (d) CRT.
such as Maximum Likelihood Stereo [8], Belief Propagation [9] produce more
accurate DMs than the local methods. The proposed compression algorithm can
be applied to DMs obtained by any disparity estimation method.

In this thesis the performance of the proposed algorithm is evaluated on DMs
that are generated by local methods. Because the proposed compression method
is claimed to be low-cost, it is expected to work in conjunction with a low-cost
method such as local block matching.

Local block matching algorithms divide the input frame into rectangular blocks
and search for similar blocks in the reference frame. Each block from one frame
(left or right) is searched in the other frame within given the search window. The
block in the search window giving the minimum error value is chosen as the match.
A preprocessing transform is applied to input stereo image pairs to increase the
accuracy of the matching process. The error criteria in this search process can
vary based on the type of the preprocessing transform. RT and CRT apply Sum of
Absolute Differences . Depending on the input image resolution, increasing
the block size generally leads to a better prediction accuracy, but it also increases
the hardware complexity. Eq. shows the SAD metric:

SAD =Y N |Ig(i, ) — 1.(i, j)] (5)

i=1 j=1

In this equation, Ig, Ir, ¢, 7, M, and N represent intensity values for right and left
grayscale stereo images, pixel coordinates, and maximum search window limits
on x and y axes, respectively. CT uses Hamming distance for calculating the
error between two bitstrings obtained from left and right images. As shown in

Figure [3] which demonstrates the calculation of the Hamming distance between



two example bit strings, using Hamming distance as the error criteria requires an

XOR operation between input bitstrings followed an accumulation operation.

Right Stereo Bit String=(10101001)

(01001010)
XOR &

Left Stereo Bit String = (1110001 1) ] )
Hamming distance:

7
Z binary bits = 3

i=0

Figure 3: Calculation of Hamming distance between two bit strings of 8-bit wide.

1.2 Laiterature review

Accessing temporal data when processing high resolution video streams leads to
increased DRAM bandwidth, which is becoming the main contributor to the to-
tal dynamic power consumption of an SoC. Thus, it is crucial to compress DMs
for real-time applications requiring the disparity (or depth) data of the previous
frame(s) on a thermally or battery constrained device.

A wide range of papers have been reported in the literature about Multi-View
extension of High Efficiency Video Coding and 3D-HEVC [10]. These
papers generally present a trade-off between coding efficiency and computational
complexity [11-13]. For example, in [11], computational complexity of 3D-HEVC
is significantly reduced with a slight decrease in the coding efficiency. This is ac-
complished by applying static decision trees, which were built with data mining
and machine learning. Likewise, in [12] early termination mode decision, adap-
tive search range motion estimation, and fast disparity estimation approaches are
presented to reduce the complexity of 3D-HEVC by compromising a small loss in
and a small increase in the bitrate. In [13], data analysis and clustering
based approach is used to skip depth modeling modes in 3D-HEVC where pos-

sible. HEVC can obtain much higher compression rates, but it is very costly to



implement in hardware even though there can be some optimizations to reduce its
computational complexity as proposed in [11-13].

There are less complex algorithms proposed in the literature targeting dispar-
ity /depth compression [14,/15]. These are lossy compression algorithms obtaining
higher compression results when compared to the proposed lossless algorithm in
this thesis. Their computational complexity is lower when compared to HEVC
but still higher when compared to the proposed algorithm in this thesis. These
papers on disparity/depth compression do not consider the target platform run-
ning the algorithm. Therefore, a direct comparison with the proposed hardware
architecture cannot be made.

In addition, there are some algorithms that use multiple neighbor pixel infor-
mation and sparse analysis for DM coding. In [16], a depth-coding algorithm is
demonstrated by modeling each image block as a graph. Moreover, a 4-neighbor
connectivity is considered for each pixel at most. As for [17], sparse predication
is used; estimated and residual disparities are encoded for the left image-based
DM. The estimated value depends on so called regression vectors which contain;
top, top-left, left, down-left, down, down-right, right, and top-right neighbors in
a 9-long vector for the full template form, and top, left, top-left, and top-right
neighbors for the causal template form. These two forms are used according to
the pre-determined conditions. Although that these two works used neighboring
disparity relationships for depth compression, they are lossy methods and more
complicated due to higher number of complex arithmetic operations included. To
illustrate further, graph-based algorithm cost function includes taking logarithm,
division, and six multiplication operations which are done iteratively for a series
of adjacency matrices. The sparse prediction-based method in [17], the encoder
needs one multiplication operation per pixel. Furthermore, the sparse predictor
calculates the least squares which requires one subtraction, one multiplication,

and an ordering operation for each corresponding regression vector. As a result,



finding the disparity value of a single pixel in [17] requires 16 additions, 20 sub-
tractions, and 4 divisions due to gradient context calculations. This requirement
results with a more complex hardware implementation consuming larger silicon
are when compared with the proposed hardware architecture in this paper.

There are papers proposing algorithms where one of the images in the stereo
pair is predicted from the other image [17], and right-view DM is predicted from
the left-view DM [18]. This operation is not the same as disparity /depth compres-
sion. As a result, it can be said that to the best of available knowledge there is no
lossless and efficient DM compression algorithm proposed in the literature with
its hardware architecture. Therefore, it is decided to compare both the compres-
sion performance and hardware implementation results of the proposed algorithm
against LOw COmplexity LOssless COmpression (LOCO-I) algorithm.

LOCO-I is the core of [19] image compression standard. JPEG-
LS has a lossless compression mode which can be tested for disparity compres-
sion. JPEG-LS algorithm consists of predictor, context modeling, and adaptive
error correction. Moreover, it has two compression modes: run mode that uses a
run coder, and regular mode that uses Golomb coder. Thus, its computational
complexity is higher than the proposed algorithm. The predictor part of LOCO-
[/JPEG-LS is called as the median edge detector, which uses left, top, and top-left
neighbors of the current disparity for detecting horizontal or vertical edges and
predicting the current disparity value. The predicted median edge value, d~(£L'7 Y)
is shown in Eq. @

/

[d(z —1,y),d(z,y — 1)]min,
if dlz—1,y—1) > [d(z—1,y),d(z,y = 1)]max
d(z,y) = [d(z —1,9),d(x,y — 1)]max, (6)
if diz—1,y—1) <ld(z —1,y),d(z,y = 1)|nin

dlz—1,y)+d(z,y — 1) —d(x — 1,y — 1), otherwise
\

In [20], a raster-scan order based encoder and decoder couple is proposed. The

proposed compression approach is based on prediction and residual coding like



JPEG-LS and supports near-lossless and lossless modes. A fully pipelined ar-
chitecture for lossless JPEG-LS encoder is implemented in [21]. In [22], hardware
implementation of a real-time video transmission system based on hierarchical pre-
diction followed by variable length coding is presented. As discussed in Chapter
.3 implementing the proposed low-cost algorithm proposed encoder and decoder
hardware architectures in this thesis consume a smaller silicon area and support
higher clock frequencies when compared with hardware implementation results
reported in [20-22].

The rest of this thesis is organized as follows. Chapter [2| explains the proposed
algorithm, and Chapter [3] presents the compression results. Chapter [4| describes
encoder and decoder hardware architectures implementing the proposed algorithm,
and Chapter [5| presents the hardware implementation results. Chapter [6] concludes

this thesis.



CHAPTER 11

PROPOSED ALGORITHM

Advantages of compressing DMs for mobile devices operating in real time moti-
vated us to research an efficient algorithm targeting low-cost hardware implemen-
tation. In this research, we focused on correlations between neighboring disparity
values. Benefiting from the small variance in neighboring disparity values, espe-
cially if they belong to a background object in the scene, we proposed a lossless
compression algorithm with two variants: Single Neighbor and Multiple-
Neighbor (MN]). SN method uses only the left neighbor. whereas MN uses the left
neighbor and neighbors from upper line, which requires a line buffer in the hard-
ware implementation. When processing DMs, a 3 x 3 median filter is widely used
in academia and industry to eliminate the outliers. Therefore, we evaluated the
performance of both methods with and without a median filter as a preprocessing

step. This chapter clarifies all of SN, MN, and median filter use in this work.

2.1 Disparity compression based on single neighbor

SN method is defined in Eq. (7)), where d(z,y) is the current disparity value,
d(x —1,y) is the left neighbor’s disparity value, A is the difference between them,
0 is the compression threshold, and ci(x, y) is the encoded disparity value. If the
absolute difference between neighboring values is smaller than or equal to ¢, the
current disparity value gets compressed by encoding the difference value to the

bitstream else the current disparity value is written to the bitstream.
A=d(x,y)—dz—1y)

§ A A <6 (7)
d(z,y) =
d(x,y), otherwise



We analyzed the compression performance using fixed length and merged header
approaches. In the fixed length header approach, SN method includes a single
bit of header for each disparity value encoded in the bitstream. If this header bit
indicating to the disparity state is set as uncompressed, then the decoder reads
the next N bits from the payload as the disparity value. Else if the disparity
state is set as compressed, then the decoder reads the A from the payload. If
the compression threshold is not zero, then the sign bit of A is included in the
payload. In the merged header approach, there is no separate bit showing the
compressed /uncompressed state. The header and payload are merged and en-
coded together. For example, when ¢ is 1, all the available conditions are encoded
with 2 bits: “uncompressed, compressed and equal, compressed with +1 differ-
ence, and compressed with -1 difference”. Table [1| shows the required number of
bits to encode a disparity value depending on the compression state and various

compression thresholds.

Table 1: Number of bits in the bitstream for SN method.

Compression 0 Number of bits in ~ Number of bits

state fixed length header in merged header
Uncompressed 0 N+1 N+1
Compressed 0 1 1
Uncompressed 1 N+1 N +2
Compressed 1 3 2
Uncompressed 3 N+1 N +3
Compressed 3 4 3

2.2 Daisparity compression based on multiple neighbors

MN method uses the fixed length header approach. MN method uses 2 bits in
the fixed length header to select between three neighboring values and the origi-
nal disparity value. These neighboring values, AL, AT, and AT R represent the
difference of the current disparity to its left, top, and top-right neighbors and
shown in Eq. (§), Eq. (9) and Eq. (L0)), respectively. Selection process of the MN

10



method is shown in Eq. .

AL = d(z,y) — d(z —1,y) (8)

AT:d(may>_d<x7y_1) (9)

ATR =d(z,y) —d(z+ 1,y — 1) (10)
AL, if |AL| < ¢

- else AT, if |AT| < ¢
else ATR, if |[ATR| < ¢

d(x,y), otherwise

In the bitstream, fixed length header information is followed by the payload, which
consist of the sign bit and magnitude bits when 6 > 0. Table [2| shows the required
number of bits in the bitstream for various compression thresholds. If the N-
bit disparity value gets compressed by the MN method, its size in the bitstream
reduces to the total number of header and payload bits, which is 2, 4, and 5 bits

for 6 =0, d =1, and § = 3, respectively.

Table 2: Number of bits in the bitstream for MN method.

Compression state 0 Number of bits

Uncompressed 0 N +2
Compressed 0 2
Uncompressed 1 N +4
Compressed 1 4
Uncompressed 3 N+5
Compressed 3 5)

11



2.3 Median filter

Block matching disparity estimation process is prone to errors resulting with out-
lier disparity values. Using a median filter, these outliers can be detected and
replaced by the median value of the filtering window. Therefore, a 3 x 3 median
filtering is a commonly used to enhance the quality of DMs . Taking this
state-of-the art processing step into account, we have smoothed DMs with a 3
x 3 median filter before compressing them with the proposed algorithm. Figure
shows a block matching-based DM in jet colormap array format, where warm
colors represent higher disparities. The black pixels in the DM represent the in-
correctly estimated disparity locations as if the disparity values were zero in these
locations. As it can be seen in Figure application of a 3 x 3 median filter

significantly decreases these outliers and generates a better DM.

(a) (b)

Figure 4: Application of a median filter on a DM. (a) Orginal DM. (b) Median
filtered DM.
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CHAPTER III

ALGORITHM RESULTS

This chapter presents the experimental results for the proposed compression meth-
ods and compares them with JPEG-LS. Moreover, it includes adaptive versions of
the proposed algorithms, quantization effect on DM compression, and compression

performance on high-resolution RGB and grayscale images dataset.

3.1 SN and MN compression methods

We have evaluated performance of proposed methods using the rectified Middle-
bury 2014 dataset [24]. Figure |5|shows 10 benchmark stereo image pairs from [24]
used in our simulations and obtained space savings for each of these benchmarks
for various compression thresholds with and without the median filter. The res-
olutions of the benchmark stereo image pairs range from 1848 x 2724 to 2000
x 2964. DMs are obtained from these stereo images using block matching after
applying common transforms (CT, RT, CRT) for various window sizes. Results
presented in Figure |5|show the average space savings (in percentage) of individual
simulations for DMs, which are obtained after applying these three transforms.

Space savings ratio presented in this section is calculated as follows:

Compressed Data Size

Space Savings =1 — (12)

Uncompressed Data Size

There are also different metrics to show compression performance in the lit-
erature such as, bits-per-pixel (BPP|) and compression ratio which can be easily

related to space savings as shown below:

Uncompressed Data Size

Compression Ratio =
b Compressed Data Size

N
BPP = N S S )
Compression Ratio ( pace Savings) (14)

13



Where N is the total number of bits allocated for one original disparity /pixel
value without compression. For example, when N = 8 and total frame size with-
out compression is 5 MB, after compression it is 1 MB. We find space savings,
compression ratio, and BPP are equal to: 0.8 (or 80%), 5 (or 5:1), and 1.6 bits
per pixel respectively.

Table 3: Details of the used dataset for DMs.

DM name  Resolution (width x height) Disparity range of its ground truth

Adirondack 2880 x 1988 0-243
Jadeplant 2632 x 1988 0 - 588
Motorcycle 2964 x 2000 0 - 240
Piano 2820 x 1920 0-217
Pipes 2960 x 1924 0-271
Playroom 2800 x 1908 0-294
Playtable 2724 x 1848 0- 265
Recycle 2864 x 1924 0-221
Shelves 2952 x 2000 0 - 201
Vintage 2912 x 1924 0 - 696

When evaluating the performance of the proposed compression methods, we
also analyzed the performance of JPEG-LS using [25]. We compressed DMs run-
ning the JPEG-LS in its lossless mode, and we also compared compression results
obtained by its predictor only. We converted the fixed-predictor of JPEG-LS into

a lossless encoder that is very similar to the proposed MN method. We called

this encoder JPEG-LS Modified Predictor Only (JPEG-LS MPO)). The only dif-

ference between the proposed MN method and the JPEG-LS MPO is that the
proposed method can use the top-right neighbor’s value instead of the predicted
value calculated by the JPEG-LS MPO as shown in Eq. .

dz,y) =19 |d(x—1,9) +d(z,y —1) —d(z — 1,y —1)| < (15)
d(x,y), otherwise

Table 4] shows space savings obtained by the proposed SN and MN methods,
JPEG-LS MPO, and lossless mode of JPEG-LS for different transform types, block

matching sizes, and various § values with and without applying a 3 x 3 median
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Figure 5: Space savings in [%] (a) SN results. (b) MN results.

filter. Results presented for SN method are based on the merged header approach,
which performs slightly better than the fixed header approach. As expected,
reducing the variance between neighboring disparity values by applying a median
filter improves the compression performance. MN method, which requires a line
buffer in its hardware implementation, outperforms SN method. Selecting § = 0
obtains the highest space savings for the MN method. In this table, we also see that
the proposed MN method outperforms JPEG-LS MPO, which also requires a line
buffer in its hardware implementation. Although, its hardware implementation
would be much more complex, the lossless mode of JPEG-LS obtains the least
space savings. This is because JPEG-LS is developed for image compression, and

it is not fit for purpose when compressing DMs.
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We have also evaluated the performance of the proposed methods on the ground
truth DMs included in [24]. The same benchmarks listed in Figure [5| are used for
this evaluation. Converting the 32-bit floating-point ground truth DMs to a fixed-
point representation with different number of fractional bits, we have prepared
Table[5] The fixed-point representation includes 9 bits for the integer part except
for “Jadeplant” and “Vintage” benchmarks, which require 10 bits for the integer
part and for the “Shelves” benchmark, which requires 8 bits for the integer part.
Increasing the total number of bits to represent the disparity value by increasing
the bits spent for the fractional part reduces the chance of neighboring disparity
values to be identical and leads to smaller space savings. This table shows that the
proposed MN method obtains better results when compared with JPEG-LS MPO.
Therefore, we can conclude that independent of the quality of the input DMs,
either obtained by low-cost local block matching algorithms or by more complex
algorithms, which could approximate near ground truth quality, proposed MN
method outperforms JPEG-LS MPO. Because ground truth DMs represent the
exact disparity values, they are free from outliers. As a result, ground truth DMs
are suitable for image compression algorithms and in this comparison the lossless
mode of JPEG-LS encoder obtains best results. In Table [5] the fractional part of
the floating disparity is quantized in uniform levels between zero and max(27°),
where b represents the number of allocated bits for the subpixel precision. For
instance, when f = 2 the possible fractions of a subpixel disparity are .00, .25,

1.50, .75, where ¢ represents the integer part.
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Table 5: Space savings results (%) for ground truth DMs.

Subpixel precision SN MN JPEG-LS MPO Lossless  PSNR
(bits) (0=0) (0=0) (0=0) JPEG-LS (dB)

0 80.95 75.69 76.39 88.95  59.05
1 76.41 77.61 75.95 87.16  65.72
2 67.14 77.11 74.87 85.02  71.23
3 51.29  72.53 71.70 83.03  77.77

3.2 Run-length analysis for SN algorithm

Run-length Encoding (RLE]) analysis is made for the proposed SN method to eval-
uate its performance. RLE has a simple compression idea of serial and sequential
data by encoding it as the number of consecutive equal (compressible) values. Eq.

explains the RLE algorithm with sequential symbols (x).

Sequ@ntial Data : T1,T2, T2, T2,T2, T2, L2, T2, X3, L3, T4, T4, L4, T4,T5,T5,Le

Encoded Data : 1,x1,7,x9,2,x3,4,24,2, 25,1, x4
(16)

In Eq. , the bold text represents the count of each equal data consecutively.
Thus for a 8-bit data and assuming that generally the count will not exceed 255
(if such rare case occurs, lossless compression can be forced be lossy). The space

savings for RLE in the previous example is equal to:

12 -
Space Savings (RLE) = (1 — %) -100% = 29.41%

Whereas the space savings of SN with § = 0 is equal to:

66
Space Savings (SN,§ =0) = (1 — m) -100% = 51.47%

The analysis at Table [6] shows that applying RLE instead of SN would not be
more efficient in terms of the compression performance since average data count
per pixel is < 2, i.e. the generated DMs using local block matching algorithm do

not have row edges densely.
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Table 6: RLE analysis with different compression thresholds (4).

DM type/Average consecutive and compressible data count § =0 =1 0 =3

Unfiltered local block matching based DMs 1.52  1.64 1.67
Median filtered local block matching based DMs 1.59 171 1.74
Ground truth DMs (0-bit fraction precision) 1.93 199 199
Ground truth DMs (1-bit fraction precision) 1.87 1.87 1.87
Ground truth DMs (2-bit fraction precision) 1.76  1.76  1.76
Ground truth DMs (3-bit fraction precision) 1.63 1.63 1.63

3.3 Line adaptive compression

We have investigated adaptive approaches to improve the compression perfor-
mance of SN and MN methods. However, these approaches are found to provide
little benefit compared to their implementation complexity. Firstly, we allowed
selecting an independent compression threshold (§) for each line of the DM and
applied this mechanism to both SN and MN methods. We looked at how often
different ¢ values are selected, and results show us that there is little benefit of
this approach since ¢ is predominantly selected as 0. Secondly, we looked dividing
each line into multiple slices and assigning an individual § per slice. Eq.
shows the additional bits required by this approach.

In this equation, F' is the total number of extra bits required by this approach,
H and W are frame height and width, respectively, S is the number of horizontal

slices per line, and B is the maximum number of bits required to represent 9.
F=H-W-S- B (bits) (17)

Compared to its implementation complexity, this approach did not result with
a significant improvement in compression performance either. The hardware im-
plementation of the adaptive approach has either do a preprocessing on each line
to find the optimal ¢ value or process each line for different § values in parallel
and then decide for the optimum ¢ value.

The former approach will increase the latency and decrease the throughput of
the hardware architecture. The latter approach can maintain the same throughput

and latency values of the non-adaptive approach, but it will significantly increase
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the silicon area of the encoder hardware architecture due to parallel processing.
For the latter approach, the silicon area can be multiplied with the number of
different 6 values, on which encoder blocks will be working in parallel.

We have also investigated an adaptive approach selecting between SN and MN
variants for each line and for each slice. For smooth regions of a DM, i.e., for
constant backgrounds, SN approach can perform better than the MN approach
due to consuming less header bits. For other parts of the DM, where there are
horizontal edges in the DM, MN can perform better due to looking for correlations
between multiple neighbours including neighbours from upper line.

Although this approach can obtain minor improvements in average compres-
sion results, due to its hardware implementation cost it is excluded from the
proposed hardware architecture. Table [7| shows average space savings results for
these adaptive approaches.

We have analysed the frequency of selecting different § values. For the unfil-
tered DMs compressed by the SN method, the ratios for selecting ¢ of 0, 1, and 3
are 57.88%, 36.09%, and 6.03%, respectively. For the median filtered DMs com-
pressed by the SN method, the ratios for selecting § of 0, 1, and 3 are 61.15%,
31.90%, and 6.95%, respectively.

For the unfiltered DMs compressed by the SN method, the ratios for selecting §
values of 0, 1, and 3 are 57.88%), 36.09%, and 6.03%, respectively. For the median
filtered DMs compressed by the SN method, the ratio for selecting ¢ of 0, 1, and
3 are 61.15%, 31.90%, and 6.95%, respectively.

Since the frequency of selecting the ¢ of 3 is much less likely for both unfiltered
and median filtered DMs, we reduce B from 2 bits to 1 bit and investigated the
scenario of selecting d of only 0 and 1. This limitation in adaptive ¢ values resulted
with a slight increase in the performance compression as shown in Table [} For
the unfiltered DMs compressed by the MN method, the ratios for selecting § of 0,
1, and 3 are of 94.78%, 5.03%, and 0.20%, respectively.

0 = 3 is selected extremely rare, this is due to higher number of header bits
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required to realize the MN encoder.

For the adaptive SN/MN approach, we selected a fixed § of 0, because we
noticed that allowing other values for § does not improve the results. For unfil-
tered DMs, the ratios for selecting SN and MN methods are 34.52% and 64.48%,
respectively. For median filtered DMs, this ratio becomes 61.93% for the SN ap-
proach and 38.07% for the MN approach. Finally, considering their benefit-cost
ratios, we decided not to include any of the investigated adaptive mechanisms in

the hardware implementation.
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3.4 Lossy SN/MN compression with quantization

Uniform quantization can be done on the processed DM in order to decrease
the disparity range during compression. Thus, increasing spatial correlations and
compression ratio of the DM frames. Moreover, quantization itself is a lossy
compression method that has a trade-off between compression performance which
increases as the quantization (reduction) factor () increases, and the quality of
the resulted DMs. Eq. demonstrates space savings of lossy quantization
combined with the proposed compression methods. Where N is the number of
original data bits, N is the number of quantized data bits, C'B is the number of
the compressed bitstream bits, H is DM height, and W is DM width.

CB
H-W - (N +10g:Q)
N =N —10g,Q (19)

Space Savings =1 — (18)

For example, when applying 7-bit quantization to 8-bit DM, then ¢ = 2 and
without any SN or MN compression, the decoder can estimate the original DM by

inverting the quantization as:
DM =2- DM,

Where DM is the restored DM, and DM, is the quantized DM. Since the original
DM disparity range is [0, 255], and the quantized DM disparity range is [0, 127],
a flooring or ceiling operation can be done to quantize disparities that are not
divisible by 2 (odd numbers). Such operations cause restoration of the DM with
losses.

As it is shown in Figure[6] @ = 1 is the lossless case which is not different from
the originally proposed SN and MN methods. As @) increases, generally space
savings increase. However, for ground truth DMs, the denominator in Eq.
does not have a significant effect on the numerator when changing the value of )

due to high spatial correlations (and low C'B) in such DMs.
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Figure 6: Space savings of uniform quantization applied with the proposed com-
pression algorithms. (a) Unfiltered local block matching DMs. (b) Median filtered
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Figure [7] illustrates PSNR~Q graph which has a negative relationship since as
@ increases, DM quality gets lower. It is obvious that for the three types of the
tested DMs: local block matching based DMs (unfiltered), local block matching

based DMs (median filtered), and original ground truth DMs, PSNR-Q graphs

take very similar shapes and values.
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Figure 7: PSNR results corresponding to DM quantization.

3.5 Lossless compression of RGB and grayscale images

Although that this thesis focuses on DM frames. It is a good idea to see what
happens when its application area is extended into other high-resolution images
such as RGB (multiple-channel) and grayscale images. The used dataset includes
images that have average resolutions approximately equal to 4K: an average res-
olution of 3585 x 2798 for RGB images, and an average resolution of 3546 x 2745
for grayscale images [26]. Table |8 shows lossless compression results for 14 images
using different lossless compression algorithms. Furthermore, Table [9]includes the
corresponding results for 15 grayscale images. Except the proposed algorithms of
SN and MN, other results are given as reported in [26]. The proposed methods
originally consider 1-channel images such as DMs. However, for multiple-channel
images such as RGB, SN and/or MN is applied for each color channel separately
without complicated interventions. The overall space savings or BPP is averaged
over all channels. According to the calculated results, MN is still better than SN in
terms of compression performance. Nonetheless, both of SN and MN compression
results are much lower than other lossless algorithms with higher complexities.
Still, the proposed low-cost algorithms are more beneficial when it comes to im-
plementations with limited hardware resources, low power, and high processing

speed (frequency) are required.
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Table 8: Lossless compression algorithm results on high-resolution 8-bit RGB

images.

Image/algorithm JPEG-LS JPEG2000 HDPhoto ?é\]: 0) 1(\:5[1\]: 0)
artificial 0.77 0.98 1.85 1.93 2.60
big_building 3.81 3.56 3.83 7.78 7.44
big_tree 4.31 4.39 4.65 8.05 7.92
bridge 4.53 4.53 4.61 8.36 8.56
cathedral 3.77 3.75 3.97 7.51 7.07
deer 5.22 5.32 5.40 8.59 8.94
fireworks 1.52 1.78 2.56 3.89 3.77
flower_foveon 2.03 2.14 2.61 5.91 4.64
hdr 2.46 2.53 2.95 6.60 5.34
leaves_iso_1600 4.63 4.49 4.71 7.96 8.08
leaves_iso_200 3.92 3.69 4.02 7.59 7.49
nightshot _iso_100 2.20 2.43 2.93 5.7 4.74
nightshot_iso_1600 4.20 4.39 4.61 7.40 7.18
spider_web 1.81 1.90 2.47 6.03 4.71
Average BPP 3.23 3.28 3.66 6.66 6.32
Average space savings (%) 59.65 59.04 54.30 16.70 21.00

Table 9: Lossless compression algorithm results on high-resolution 8-bit grayscale

images.

Image/algorithm JPEG-LS JPEG2000 HDPhoto (SéN: 0) %IN: 0)
artificial 0.80 1.19 2.49 1.95 2.61
big_building 3.59 3.65 3.88 7.62 7.14
big_tree 3.73 3.80 3.97 7.95 7.52
bridge 4.15 4.19 4.32 8.29 8.34
cathedral 3.57 3.70 3.91 7.66 7.12
deer 4.66 4.58 4.74 8.47 8.60
fireworks 1.47 1.65 2.61 3.94 3.73
flower_foveon 2.04 2.19 2.72 6.01 4.47
hdr 2.18 2.34 2.80 6.13 4.83
leaves_iso_1600 4.49 4.67 4.80 8.17 8.28
leaves_iso_200 3.82 4.08 4.30 7.63 7.48
nightshot_iso_100 2.13 2.30 2.83 5.76 4.60
nightshot _iso_1600 3.97 4.03 4.19 7.92 7.60
spider_web 1.77 1.90 2.51 5.84 4.48
zone_plate 7.43 5.75 7.25 8.96 9.86
Average BPP 3.50 3.49 3.92 7.17 6.72
Average space savings (%) 56.27 56.40 51.05 10.40 16.03
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Figure 8: Examples of the tested RGB and grayscale images. (a,e): Artificial.
(b,f): Big building. (c,g): Big tree. (d,h): Bridge.
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CHAPTER IV

PROPOSED HARDWARE ARCHITECTURES

We proposed hardware architectures for the median filter, SN, and MN encoders/decoders.
Proposed hardware architectures are designed and verified using Verilog [RTL] 3
x 3 median filter is included in the encoder design since it is an essential step to
smooth out the DMs generated by local block matching disparity estimation meth-
ods. Proposed hardware architectures are designed for § = 0, because this setting
obtains the best compression results. Setting 6 = 0 also reduces the hardware
complexity leading to minimum silicon area consumption. Proposed hardware
architectures are designed to operate in raster-scan order. Raster-scan order is
widely used in displays, it starts processing pixels from leftmost side of the top
row (horizontal line) and ends when it reaches the rightmost pixel of the bottom
row as shown in Figure [0} The implemented hardware architectures are config-
urable and can support any resolution and disparity range. The throughput of
the encoder architecture is one disparity value per clock cycle. The implemented
design supports 8-bit disparity range resulting in 1-bit SN compressed, 9-bit SN
uncompressed, 2-bit MN compressed, and 10-bit MN uncompressed data in the

bitstream.

Y

Y

Y

3
>

Figure 9: Raster-scan order in a display.
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4.1 Design of 3x3 median filter, SN, and MN encoders

Figure [10] illustrates the proposed 3 x 3 median filter and SN encoder hardware
block diagrams. Furthermore, Figure [11]illustrates the proposed hardware block

diagram of MN encoder only, supposing its input is median filtered.

Input Disparity Stream

Frame
Processor

A 4 Y

ﬁ | Line Buffer (n-2) |

Y

Line Buffer (n-1) |

> 3x3 <
> Median <
> Filter €
P v d(xy) ;
L@} ibitstream| gy M
: x-1, i : >
i Y) |SN Predictor | Packetizer» emory
SN Encoder

Figure 10: Block diagram of a 3 x 3 median filter connected to the proposed SN
encoder.

Frame processor module in Figure generates the vertical and horizontal
synchronization signals based on the input resolution. Those signals are generally

referred to as [VSYNC| and [HSYNC| The first one indicates that refreshing the

current frame is required to the next frame, and the later one indicates that
refreshing the current frame row (line) is required. Output of the frame processor
module is stored in two-line buffers to generate the previous two lines for the 3 x
3 median filter. The values read from line buffers as well as the value from the

input disparity stream are registered to generate the left neighbors on these lines
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for the 3 x 3 median filter. The SN encoder shown in Figure [10|registers the input
disparity value, d(z,y), and uses it as the left neighbor of the current disparity,
d(x — 1,y), in the next clock cycle.

The MN encoder shown in Figure 11| stores the current line of the input dispar-
ity stream in a line buffer. Reading the values from the line buffer, the MN encoder
compares the current disparity value with its left, d(z — 1,y), top, d(x,y — 1), and
top right, d(z + 1,y — 1), neighbors. Both of encoder and decoder architectures
can work with arbitrary sized data words. In this proposal, they are designed to
operate on 128-bit data words, which makes them suitable to transfer data to and

from the memory via an SoC bus protocol like [AXT]

Filtered Disparity Stream

_________________________________________________________________

A
Encoder Line Buffers |

(Z—

MN 'bitstream|  MN

> >
> Predictor | Packetizer| |y

MN Encoder

Figure 11: Block diagram of the proposed MN encoder.

The packetizer module shown in Figure and Figure is responsible for
generating 128-bit memory words from the compressed bitstream received from
the encoder module. Generated bitstream is efficiently packed into memory words
without wasting any bits. If the received stream for the current disparity from
the encoder does not align with the 128 bits boundary of the current memory
word, all the available bits in the current memory word will be filled with the
least significant bits of the received stream and the next memory word will start
with the remainder of the received stream. To show how the combinational circuit

of the 3 x 3 median filter in Figure [12| works, suppose we have 9 inputs that are:
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iny,iNg, iN3, iNy, Ny, 1Ng, 1M7, iNg, ing in which the ordered list of them in ascending

order is: inq,iny, ins, iny,ing, iN9, iNg, ing, ins. Thus, the median value is equal to

ing and if we can show that using the flow of Figure it should be enough as a

sort of Proof by Example.

Sorter-1(MAX) = iny, Sorter-1(MED) = ing, Sorter-1(MIN) = iny

Sorter-2(MAX) = ins, Sorter-2(MED) = ing, Sorter-2(MIN) = iny

Sorter-3(M AX) = ing, Sorter-3(MED) = ing, Sorter-3(MIN) = in;

Sorter-4(MIN) = iny

Sorter-5(MED) = ing

Sorter-6(MAX) = iny

Sorter-T(M ED) = ing

(20)

(21)

(26)

We can see clearly that answer of Eq. correctly matches the expected median

value which is equal to ing according to the ordered list previously. As it can be

seen from Figure (12 in Verilog RTL we need to design the combinational circuit

of Sorter module and make the proper connections between its 7 instances. The

logic design of the Sorter requires covering 6 different possible conditions that

result in 6 different output combinations, MAX, MED, and MIN.
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Table 10: Combinations of input comparisons and their ordered results.

If condition MAX MED MIN

g < ing < 1ing  ing N9 n

g <insg < g 1Ng N3 mny

g <ing <1ng  ing mny 1Mo

ng <ing < ing 1M N3 N9

ng <ing <y 1Ng n N3

in3 S ing S inl ’L.’I'Ll in2 ing
In1 In2 In3 In4 In5 In6 In7 In8 In9

Sorter-1 Sorter-2 Sorter-3
MAX MED MIN MAX MED MIN MAX MED MIN

rh h h |

Y Y r Y Y £ Y Y Y

Sorter-4 Sorter-5 Sorter-6
MAX MED MIN MAX MED MIN MAX MED MIN

Sorter-7
MAX MED MIN

v

Median

Figure 12: Sorting network of the implemented 3 x 3 median filter.

4.2 Design of SN and MN decoders

For SN decoder, decoding operation starts form the least-significant-bit part
of the current memory word and terminates at the most-significant-bit part
of the last memory word for each frame. The value of the header bit determines
the compression state, and increase amount in the processed bits index of the
memory word. As explained in the encoder design, last bits of any memory word’s
MSB part contain portion of the current uncompressed data (Pg) if the remaining
bits in the memory word (Ry;s) are less than disparity bits, which are equal to 8
for this design. In such case, after a new memory word is fetched, Ry;;s many bits
from its LSB part are stored into another register called Pr. The final decoded

disparity value is equal to the sum of left-shifted P, and Pg. It is guaranteed
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that two portions are combined without incorrect intersections in bit locations.
A similar hardware design is implemented for MN decoder. The main differences
between two decoders are, in MN case decoded disparities are buffered for each
frame row to be selected when a compression condition is satisfied according to
the 2-bit header value. Furthermore, the MN decoder needs additional logic to
take care of keeping correct memory word indexing if the memory word length is
odd which is not common in digital systems. However, if such design is required,

the header bits can be split between two consecutive memory words.

| <§tart decoding

A

Fetch & buffer one memory word M;

End decoding

P =Mi[Rpits - 1:j]
PL<< Ryits Yes
dgec (X,y) =P+ Py
j=j+ Roits
v v
dgec (X,Y)= dgeclx-1,y) dgec (Xy)= M;[8+]: j +1]
j=i+1 i=j+9

Pg = M{[127:j+1]

Ryits = 128 - j
i=i+1

i=0

dgec (X,¥)= dgec(x-1,y)
i=0
Ryits = 0
Pr=0
PL=0
i=i+1

Figure 13: Flowchart of the designed SN decoder.
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< Start decoding .

Fetch & buffer one memory word M;

Memory
. N =07 \ Yes
) o OR
End decoding Ry = 0?

P = M;[Ryts - 1:j]
P << Ryjts

dgec (X,y) = P+ PR
j =i+ Rubits

No

MN compressed states v

daec ()= M{9+]: j +2]
j=j+10

dgec (X,Y)= dgec(x-1y)| !

j=j+2 P

A

dgec (X,¥)= dgec(x,y-1)

; dgec (X,¥)= dgec(x+1,y-1) i=j+2

j=j+2

Py = M;[127:j+2]

Ryis =128 -j -1
i=i+1

i=0

j=0
Ryits = 0 ;
r:'ts: 00 i MN compressed

R states

Po=0 |
i=i+1

Figure 14: Flowchart of the designed MN decoder.

Note that MN decoder requires a line buffer to decode a compressed disparity
that is equal to its top or top-right neighbors. Line buffers can be synthesized
and implemented using different options: [[P| core of BRAM] generator , IP core
of generator, and distributed RAM . IP cores are generally provided by
the FPGA vendor such as Xilinx and Intel (Altera) with their software suits such
as Vivado, and Quartus. IP cores require only setting correct parameters of
the BRAM/FTFO such as memory words width and depth, as well as if the BRAM

has to be single-port or dual-port. After that, connections between the IP core
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and original design modules have to be completed using an IP wrapper. However,

distributed RAMs are preferred in this project for Xilinx FPGA since:
e They are easier to control and change using Verilog or VHDL RTL.

e No other IP cores are included in this design, so designing all modules in a

codable RTL form seems more systematic.

e Some IP cores such as FIFO generator cannot support all depth values in

which it would contradict with our claim of supporting any frame resolution.

e Implementation runtime of distributed RAMs is generally less than when

IP-based modules exist.

e This thesis targets low-cost FPGAs, however, it can also emerge into low-
cost [ASICk. In that case, implemented distributed RAMs by an [HDI] are
more compatible with ASIC [EDA] tools.

Important: The used Verilog RTL for distributed RAMs at [27] is mapped after
FPGA implementation process into BRAM in most of the cases. However, when
different implementation strategy, different width and depth values, or different
operations are included with the original buffer another distributed RAM called
LUTRAM can also be used. Such smaller memory cells that are based on the
flexible structure of LUT exist in many FPGAs within a plentiful quantity.

Figure [16| includes the block diagrams of the implemented distributed RAMs
in which we have preferred using a single-port RAM for both median filter and
MN encoder designs. Since its cost and area is lower compared to the dual-port
RAM especially when considering ASIC and SoC architectures.

However, for MN decoder we have decided to implement the line buffer using
a dual-port RAM since the MN decoder hardware algorithm requires a complex
state machine. Thus, its total latency and complexity are reduced by using a
dual-port RAM that accesses to multiple neighbor disparities more quickly and
easily. Table [11]| explains I/O signals shown in Figure .
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fifo_generator_0
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blk_mem_gen_0
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FIFO Generator
(a) (b)

Block Memory Generator

Figure 15: Xilinx FPGA BRAM and FIFO IP cores.

rst
we — . ..
adr_| Distributed | data_r —L—, datarr
data_wr RAM >
clk >
(a)
we data_r2 D Ql— data_r2r
adr_1 clk >
adr 2 Distributed
B RAM
data_wr data_r1 D Qf— data_r1r
clk >
clk >

(b)

Figure 16: Distributed RAMs. (a) Single-port RAM with false synchronous read
and resetable data read. (b) Dual-port RAM with false synchronous read.
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Table 11: Descriptions of the use signals in the implement distributed RAMs.

Port /signal abbreviation Description

clk

rst

we
data_wr
data_r
data_rr
adr
adr_1
adr_2
data_rl
data_rlr
data_r2
data_r2r

System clock

Active-high system reset

Write enable

Data to be written into a single-port RAM

Data to be read from a single-port RAM

Register output of data_r

Single-port RAM read/write address

Dual-port RAM primary read/write address
Dual-port RAM secondary read/write address
Dual-port RAM read data corresponding to adr_1
Register output of data_rl

Dual-port RAM read data corresponding to adr_2
Register output of data_r2
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CHAPTER V

HARDWARE RESULTS

This chapter includes the technical properties of the used FPGAs such as their
available resources and software environment. Verification methods with MAT-
LAB models are also explained. Moreover, hardware implementation results of

area, timing, and power are highlighted.

5.1 FPGA specifications

The specifications of the used FPGA devices for this thesis are illustrated in Table
12l Asit can be clearly seen, when the process technology gets smaller, more logic
elements can be fit in the target FPGA. Moreover, higher operating frequency
can be achieved. As for BRAM space, considering 1920 x 1080 (1080p) based
8-bit uncompressed depth frame, both of 18 Kb and 36 Kb BRAMSs are sufficient
to buffer frame line. However, higher resolutions such as 3840 x 2160 (4K) with
8-bit for each depth value require 36 Kb BRAM. 6-input LUT is generally more
advantageous than 4-input LUT since it can process complex operations with
higher number of inputs and reduce the critical path. Where critical path can be

defined as the logic path that has the maximum delay in the design.
Table 12: Specifications of the used FPGAs.

Device DCV.ICC Process So.ftware 10| LuT BRAM o
part family technology suit

XC7S50FGGA484 Spartan-7 28 nm Xilinx Vivado 484 32600 (6-input) 75 (36 Kb/18 Kb) 65200
XC6SLX45 Spartan-6 45 nm Xilinx ISE 316 27288 (6-input) 348 (18 Kb/9 Kb) 54576
XC4VLX15 Virtex-4 90 nm Xilinx ISE 240 122800 (4-input) 48 (18 Kb) 122800

Eq. shows multiple XNOR operations between 12 input x and outputs y.

Yy = Z TiOTi41 (27)

Such operations can be done using typical XOR gates which consist of NOR,

OR, and AND gates. However, FPGA tends to map such operations with LUT
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as shown in Figure [17] where both cases of using 4-input LUT and 6-input LUT
appear. As it can be understood from Figure [I7 a 6-input LUT is more advan-
tageous than 4-input LUT since it can handle more inputs to complete the same
function. Thus, it generally ends with less number of logic stages and area. More-
over, if the number of logic stages to implement the same function reduces, the
corresponding function total delay reduces as well. Even if the number of logic
stages of both 4-input LUT and 6-input LUT is the same, 6-input LUT can still be
more efficient in terms of timing performance since most probably its final stage
will have less fan-in which is the number of its connected inputs. When the fan-in
of a gate increases, its input capacitance increases and the total propagation delay

increases as well.

x1 —>]
x2 —>
x3 —»
x4 —>

4-input LUT

x5 —>|
x6 —>
X7 —»
x8 —M

4-input LUT 4-input LUT—> ¥

YVYYVY

X9 —|
x10 —>|
x11 —
x12 —»

4-input LUT

x1 ———>

x2 —>|

x3 ——>
6-input LUT

x4 ——>|

x5 ——

x6 ——> 6-input LUT —> y

Y

X7 ——>
x8 ——P
X9 ——»
x10 ——>
x11 ——»|
x12 ——»

6-input LUT

(b)

Figure 17: Multiple logical operations using different LUT architectures. (a)
Using 4-input LUTs. (b) Using 6-input LUT.
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5.2 Implementation and verification methodologies

Xilinx Vivado supports implementation strategies that try to optimize specific fac-
tors such as area, power, and timing performance. “Performance_ExtraTimingOpt”
strategy is selected for implementation since the proposed architectures are low-
cost and their functionality already consume small silicon area. Thus, focusing on
optimizing maximum operating frequency would be critical in this project. Sim-
ilar implementation strategy is used with Xilinx ISE too. Worst Negative Slack
and Total Negative Slack are two important concepts for timing
analysis of Xilinx tools. It is very important to have a tight timing constraint that
pushes timing optimization into its best achievable limits. For Xilinx Vivado, the
maximum clock frequency F),.. can be calculated as:

1
Frngz = P_WNS [H 2] (28)

Where P is the target clock period in the timing constraint. When WNS is
negative, timing target fails and the implementation does so. Since it shows that
the critical path delay is longer than the required clock pulse width, hold, or setup
time with such amount. TNS is the sum of delays of all failing paths and it is
equal to zero when the implementation is successful.

Figure 18 demonstrates the verification steps used to make sure that the pro-
posed lossless compression methods match with the implemented hardware de-
signs. It is very hard to debug a hardware deign testbench mismatches if the
design has multiple signals and modules. Thus, for both SN and MN verifica-
tion, first the implemented 3 x 3 median filter is checked to see if it outputs the
same DM that MATLAB model does. Both of MN Model and SN Model include

actually separated models of each which are:

e Bitstream Encoder: Responsible for verifying that the compressed bitsream
output of the hardware design is as expected before the packetizing operation

in a BRAM starts.

o Memory Words Generator: Generates the corresponding 128-bit memory
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words of the compressed bitstream that includes 1-bit and 9-bit disparities.

It must match with the packetizer output of the hardware encoders.

o Memory Words Decoder: Its input is the compressed memory words of the
hardware design, and its output must be the compressed DM without any

incorrect pixel value.

e Decoder Model: 1t checks that both hardware decoders output the expected

DMs correctly.

—

e —

Generated
Disparity

)
-
S—
Stereo Pairs bi ity Block Matchi
isparity Block Matchin
Dataset parity 9 Maps
‘\MATLAB n n

v —
i Xilinx 2D- Decimal to 1D- 3 x 3 Median Filter Model
-~ Hexdecimal Converter

] ¢
R ) £ || € | € ')

SN Model SN HW Design 3 x 3 Median Filter HW MN HW Design MN Model
Design

‘\

SN and MN Compression
Analysis

Verification
Result

Verification
Result

Verification
Result

Figure 18: Verification of the implemented hardware designs with MATLAB
models.
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MATLAB can deal with images easily in their 2D structure and in any format.
However, for hardware testbench it is required to read and write the DMs in a

serial 1D format with resepect to raster-scan order.

5.3 Utilization, timing, and power results

Table shows the implementation results of proposed hardware architectures
for various low-cost device families. To allow a fair comparison with the
papers reported in the literature, Table presents results for low-cost FPGAs
manufactured with 28 nm, 45 nm, and 90 nm process technologies. As it can be
seen in Table [I3] the proposed hardware architectures consume a much smaller
silicon area while supporting a higher throughput when compared to the related
work reported in the literature. When implemented on a 28 nm FPGA device,
MN encoder and decoder can support 1920 x 1080 resolution at 87 fps and 89
fps, respectively. BRAM usage reported in this table is less for the 28 nm FPGA
technology, because its BRAM size is twice the size of BRAM in 45 nm and 90
nm FPGA technologies.

The proposed hardware architecture for the SN method has only a single clock
cycle latency since it registers the current disparity value and uses it as the left
neighbor of the next disparity value. Because the MN method requires neighboring
disparity values from the upper line, the latency of its hardware architecture is
equal to the number of clock cycles required to process a single line of the input
frame.

Table shows the estimated dynamic power consumption of the proposed
hardware architectures at 125 MHz and at their maximum clock frequencies. 125
MHz is the operating frequency to support 1080p resolution at 60 fps. Gate level
simulations for the 28 nm FPGA implementation are run on the “Adirondack”
benchmark image, which closely represents the average compression rate of the
whole benchmark suit. This accurate power estimation is done after generating

a Switching Activity Interchange Format (SAIF|) during a post-implementation
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simulation of the corresponding DM in the testbench, and it helps to calculate
the required static probability (toggle rate) of each internal and external signal in
the design. Thus, such simulation stores large files and can take longer runtime
depending on the frame size, signals number, design complexity, and hardware
capabilities of the simulation device. However, it guarantees upgrading dynamic
power confidence level from “Low” or “Medium” into “High” which refers into a
realistic analysis.

In a system with DDR4 DRAM, the proposed encoder and decoder couple can
save 20 mW of power. The dynamic power consumption of DDR4 DRAM is given
as 51 pJ/bit [28]. Based on this figure, the power consumed when writing the DM
to the memory and reading it back from the memory once per frame for 1080p
resolution at 60 fps is calculated as 102 mW. Using the MN method together with
the median filter, the memory bandwidth reduces to 43.93%, which results with
45 mW of power consumption when accessing the memory. Adding the power
consumed by the encoder and the decoder itself (27 and 8 mW), the total power
consumption of the proposed method can be calculated as 80 mW. If the pro-
posed hardware encoder and decoder architectures access a DDR3 DRAM, which
consumes 64 pJ/bit [28], then the estimated power savings at the system level
will be 33 mW. These calculations are based on fully utilized DRAM bandwidth.
Memory bandwidth utilization in real systems will be less than ideal. Therefore,
the actual power savings of the proposed hardware architectures is expected to be
higher with reduced DRAM bandwidth utilization. The given power savings are

calculated using the following equation:

100 =SS

100 + Pg + Pp) (W] (29)

Ps = Ppram — (Ppram -

Where Ps is the saved dynamic power, Ppraps is the dynamic power of the
used DRAM without compression, SS is space savings in [%|, Pg and Pp are the

encoder and decoder dynamic powers (including median filter) respectively.
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Table 13: Implementation results.

Maximum
Design f&il?nﬁlogy LUT" BRAM™ frequency
(MHz)

Median filter + SN encoder 28 nm 1664 1 185

45 nm 1899 2 160

90 nm 2928 2 174
Median filter + MN encoder 28 nm 1838 2 168

45 nm 1999 3 162

90 nm 3859 3 173
SN encoder 28 nm 1056 - 255

45 nm 1282 - 161

90 nm 2100 - 182
MN encoder 28 nm 1605 1 180

45 nm 1414 1 168

90 nm 2822 1 164
SN decoder 28 nm 382 - 200

45 nm 418 - 155

90 nm 1515 . - 171
MN decoder 28 nm 405 1 185

45 nm 466 1 144

90 nm 2210 1 150
Palaz et al. [20] 45 nm 4272 14 154
Papadonikolakis et al. [21] 90 nm 25966 102.6
Inatsuki et al. [22] (encoder) N.A 4284 - 100
Inatsuki et al. [22] (decoder) N.A 7314 - 100

* For 28 nm FPGA, it includes utilized small number of LUTRAMs too (< 5).

“ For 28 nm FPGA, odd results such as 1 and 3 are actually equal to 0.5 and
1.5 respectively. Since one BRAM in this FPGA contains two 18 Kb RAMs.
However, showing BRAM results with fractions can somehow lead to undesired
misunderstandings .

“* Given in slices.
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Table 14: Dynamic power consumption results.

Design gscfizfllff (M) Dynamic power (mW)
Median filter + SN encoder 125 25
185 32
Median filter + MN encoder 125 27
168 33
SN encoder 125 15
255 23
MN encoder 125 21
180 27
SN decoder 125 6
200 7
MN decoder 125 8
185 10
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CHAPTER VI

CONCLUSION

In this thesis, we proposed an efficient disparity compression algorithm and its
hardware architecture. The proposed algorithm is based on spatial correlations
and obtains significant space savings when evaluated with a state-of-the-art bench-
mark suite. A detailed analysis of the proposed algorithm with various options is
presented and shown that the proposed algorithm can efficiently work with well-
known local disparity estimation methods based on block matching. The proposed
algorithm is suitable to be implemented using low-cost silicon devices in real-time,
which makes it highly advantageous for consumer electronics devices.

The motivation to conduct research in this area is the fact of depth infor-
mation becoming essential to many consumer electronics applications including
mobile phones, security cameras, augmented reality devices, drones, and robots.
Consumer electronics devices using the depth information are becoming increas-
ingly popular in our daily lives. Using the depth information foreground back-
ground classification can be made and based on this information autonomous
drones and robots can avoid collisions. For example, a vacuum cleaner navigating
autonomously in our homes makes use of the depth information. Depth informa-
tion is also used for entertainment purposes. For example, when taking pictures
with mobile phones, bokeh effect can be added using the depth information. Run-
ning augmented reality applications in mobile phones also relies on depth maps
to align the rendered artificial content with the real world. All these consumer
electronics devices require low-cost solutions to turn ideas into a product and take
part in our daily lives.

The presented encoder and decoder hardware architectures are implemented

using a low-cost FPGA device. The implementation results show that the encoder
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and decoder architectures can support high resolution and frame rates and con-
sume smaller area when compared with similar hardware architectures found in the
literature. Implementation results also include power estimation analysis. Based
on this analysis, the proposed encoder and decoder couple is proven to save power
at system level, which makes it highly attractive for mobile devices by offering
increased battery life and simplifying the effort to meet thermal constraints.

As for possible future works in this area, reducing the implemented line buffers
size into half or even quarter saves a large portion of the silicon area, where the
resulted new space savings (for depth compression) can be compensated. Such
hardware implementation would also reduce the consumed dynamic power, since
less number of line buffer pixel (disparity) values are being read/written. More-
over, when powerful ASIC EDA tools such as Cadence or Synopsys are avail-
able, different technology libraries can be used for ASIC implementation. Thus,
emphasizing new silicon area, power, and timing results will be possible for the

customized consumer electronic perspective.

47



APPENDIX A

MIDDLEBURY STEREO DATASET

This appendix shows the used stereo pairs to generate DMs using block matching
algorithm, as well as each ground truth corresponding to each pair . Please
notice that original images with high-resolutions as indicated in Table 3| are down-
sampled into a resolution of 500 x 750 using MATLAB to produce a thesis PDF

file with proper size.

Figure 20: Jadeplant. (a) Left image. (b) Right image. (¢) Ground truth DM.
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Figure 24: Playroom. (a) Left image. (b) Right image. (c¢) Ground truth DM.
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Figure 25: Playtable.

()

Figure 28: Vintage. (a) Left image. (b) Right image. (¢) Ground truth DM.
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APPENDIX B

DMs USING BLOCK MATCHING

The generated DMs using block matching algorithm are displayed in this appendix
with the same resolution used in Appendix[A] Due to high error rate in those DMs
compared to their ground truths, it is not easy for a human eye to distinguish
between median filtered and unfiltered DMs. Thus, we include only postprocessed
(filtered) DMs in this Appendix. Table (15| illustrates quality differences between
orginal DMs dataset and generated DMs using local block matching algorithm.
As it can be obviously seen from Table the generated DMs are significantly

noisy due to some factors which are:

1. The selected disparity range for generating DMs [0, 255] is generally lower

than maximum disparity values in most ground truth DMs.

2. The selected window size for both preprocessing transforms and disparity
matching is not large enough for better matching performance. Increasing
window size would increase the complexity of the used cost functions such

as SAD and Hamming distance.

3. The used algorithm is local, which means it does not have a specific cost
function that considers multiple regions (or parameters) of each stereo image

while deciding the best possible disparity value of a pixel.

Nonetheless, this thesis has focused more on DM compression rather than
the generation of DM itself. Since using a complex and global algorithm with
a low-cost DM compression can be considered as a contradiction in the area of
application. Moreover, generating large number of high-resolution DMs using

algorithms such as SGM consumes an enormous amount of runtime in MATLAB.
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Figure 29: Adirondack. (a) 7x7 CT + 1x1 search window. (b) 7x7 RT + 5x5
search window. (c) 7x7 RT + 7x7 search window. (d) 7x7 CRT + 5x5 search
window. (e) 7x7 CRT + 7x7 search window.

(d)

Figure 30: Jadeplant. (a) 7x7 CT + 1x1 search window. (b) 7x7 RT + 5x5 search
window. (c) 7x7 RT + 7x7 search window. (d) 7x7 CRT + 5x5 search window.
(e) 7x7 CRT + 7x7 search window.
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Figure 31: Motorcycle. (a) 7x7 CT + 1x1 search window. (b) 7x7 RT + 5x5
search window. (c) 7x7 RT + 7x7 search window. (d) 7x7 CRT + 5x5 search
window. (e) 7x7 CRT + 7x7 search window.

(d) ()

Figure 32: Piano. (a) 7x7 CT + 1x1 search window. (b) 7x7 RT + 5x5 search
window. (c) 7x7 RT + 7x7 search window. (d) 7x7 CRT + 5x5 search window.
(e) 7x7 CRT + 7x7 search window.
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Figure 33: Pipes. (a) 7x7 CT + 1x1 search window. (b) 7x7 RT + 5x5 search
window. (c) 7x7 RT + 7x7 search window. (d) 7x7 CRT + 5x5 search window.
(e) 7x7 CRT + 7x7 search window.

Figure 34: Playroom. (a) 7x7 CT + 1x1 search window. (b) 7x7 RT + 5x5 search
window. (c) 7x7 RT + 7x7 search window. (d) 7x7 CRT + 5x5 search window.
(e) 7x7 CRT + 7x7 search window.
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Figure 35: Playtable. (a) 7x7 CT + 1x1 search window. (b) 7x7 RT + 5x5 search
window. (c) 7x7 RT + 7x7 search window. (d) 7x7 CRT + 5x5 search window.
(e) 7x7 CRT + 7x7 search window.

Figure 36: Recycle. (a) 7x7 CT + 1x1 search window. (b) 7x7 RT + 5x5 search
window. (c) 7x7 RT + 7x7 search window. (d) 7x7 CRT + 5x5 search window.
(e) 7x7 CRT + 7x7 search window.
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Figure 37: Shelves. (a) 7x7 CT + 1x1 search window. (b) 7x7 RT + 5x5 search
window. (c) 7x7 RT + 7x7 search window. (d) 7x7 CRT + 5x5 search window.
(e) 7x7 CRT + 7x7 search window.

Figure 38: Vintage. (a) 7x7 CT + 1x1 search window. (b) 7x7 RT + 5x5 search
window. (c) 7x7 RT + 7x7 search window. (d) 7x7 CRT + 5x5 search window.
(e) 7x7 CRT + 7x7 search window.
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Table 15: Different quality scores of the generated DMs using local block
matching algorithm compared to orginal ground truth DMs.

Preprocessing Search  Median PSNR |[RMSE| “Accuracy = Accuracy

transform window filter (dB) (%) (%)

7x7RT DX D No 9.93 103.47  26.05 29.75
7x7RT Tx 7 No 10.27  100.13 31.36 34.91
7x 7 CRT DX D No 11.30  90.88  41.26 45.21
7x7CRT Tx7 No 11.57  88.75  44.13 48.00
7x7CT 1x1 No 9.48 110.52  20.46 24.43
7x7RT DX D Yes 10.82 96.09  28.89 32.98
7x7RT Tx 7 Yes 10.84 9554  33.12 36.88
7x 7 CRT DX D Yes 11.57 88.92  42.13 46.19
7x7RT Tx 7 Yes 11.75 8744  44.67 48.63
7x7CT 1x1 Yes 10.83  99.54  26.10 30.74

* Considers absolute disparity differences that are larger than 5 as incorrect.
** Considers absolute disparity differences that are larger than 10 as incorrect.
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