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IMPLEMENTATION AND COMPARISON OF SUPER RESOLUTION
ALGORITHMS ON EMBEDDED SYSTEMS

SUMMARY

In this thesis, we aim to implement CNN based super-resolution methods and our
implementation is image and video on embedded systems. CNN based super-
resolution methods are EDSR, ESPCN, FSRCNN and LAPSRN. We compared super-
resolution methods based on scale factor, layers and parameters. We trained all these
super-resolution methods on embedded systems. These methods are explained and
applied on embedded systems. We compared interpolation-based methods,
reconstruction methods and learning-based methods.

We focused on performance enhancing research to achieve real-time performance and
we implemented the super-resolution implementation in 2 processes. They are training
process and implementation process. In training process, we used different datasets on
all super-resolution methods and we produced trained files, which have all scale factor
for implementation process. First of all in implementation process, we focused on
choosing the programming language for better performance. We chose a super-
resolution method, we produced same code on different programming languages for
super-resolution implementation and we analyzed implemetation performance on
different programming languages, then we analyzed PSNR, SSIM and elapsed time
values on each CNN based super-resolution methods for quality. We found a trade off
for quality and processing time.

To achieve real-time performance, we implemented to image and video
implementations on CPU and DPU and we compared the performance of super-
resolution implementations on CPU and DPU. We obtained to inferences to reach real-
time super-resolution implementation. We used single-core and multi-core structure
on image implementation and we compared single-core and multi-core CPU
performance on image implementation with using all super-resolution methods. We
used a frame in single-threading and a frame which consisting of many tiles in multi-
threading structure on video implementation. We created a image by stitch all the tiles
on video implementation. CPU and DPU analyzes are reported for real time
performance. We shared the codes of super-resolution applications and analysis on our
Github account.
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GOMULU SISTEMLER UZERINDE SUPER COZUNURLUK
ALGORITMALARININ
GERCEKLENMESIi VE KARSILASTIRILMASI

OZET

Bu tezde, CNN tabanli siiper ¢oziiniirliklii yontemleri uygulamay1 hedefliyoruz ve
uygulamalarimiz gomiilii sistemlerde resim ve video iizerine gergekledik. CNN tabanl
stiper ¢oziiniirlik yontemleri EDSR, ESPCN, FSRCNN ve LAPSRN’dir. Siiper
¢Oziiniirlik yontemlerini Olgek faktorline, katmanlara ve parametrelerine gore
karsilastirdik. Tiim bu siiper ¢oziiniirlikk yontemlerini gomiilii sistemler iizerinde
egittik. Bu yoOntemleri teker teker agiklanip, gémiilii sistemlerde uyguladik ve
gercekledik. Enterpolasyona dayali yoOntemleri, yeniden yapilandirmaya dayali
yontemleri ve O6grenmeye dayali yontemleri karsilastirdik ve birbirleri arasindaki
farklar analiz ettik.

Gergek zamanli performans elde etmek i¢in performans arttici ¢alismalara odaklandik
ve siiper ¢oziiniirlik uygulamasini 2 asamali olarak gergeklestirdik. Bunlar egitim
stireci ve uygulama siirecidir. Egitim stirecinde, tiim siiper ¢oziiniirliik yontemlerinde
farkli veri setleri ve farkli 6grenme oranlari kullandik. Uygulama siireci i¢in tiim dlgek
faktorlerine sahip egitilmis dosyalar iirettik. Bu dosyalar1 liretmemizdeki amacimiz
uygulanma asamasinda 6grenilmis verileri sistemimize verebilmek i¢in dosya halinde
verileri ¢ikardik. Oncelikle uygulama siirecinde, daha iyi performans igin
programlama dilini secmeye odaklandik, ¢iinkii sistemimiz ger¢ek zamanli bir gomiilii
sistem tlizerinde gergeklestirmek istedik. Bir siiper ¢oziiniirliik yontemi segctik, siiper
¢Oziinlirliik uygulamasi i¢in farkli programlama dillerinde ayn1 kodu iirettik ve farkl
programlama dillerinde uygulama performansini analiz ettik, ardindan her bir CNN
tabanli siliper ¢ozlniirlik yonteminde kalite i¢cin PSNR, SSIM ve gecen zaman
degerlerini analiz ettik. Kalite ve islem siiresi i¢in bir denge bulduk. PSNR, SSIM ve
gecen zaman degerlerine gore siiper ¢oziiniirliik yontemlerinin degerlerini birbirine
gore karsilastirip, ¢ikarimlar elde ettik.

Gergek zamanl performans elde etmek icin CPU ve DPU {izerinde goriintii ve video
uygulamalar gerceklestirdik, CPU ve DPU’daki siiper ¢oziiniirliik uygulamalarinin
performansini karsilastirdik. Ger¢ek zamanli siiper ¢oziiniirliik uygulamasina ulagmak
icin ¢ikarimlar elde ettik. Goriintii uygulamasinda tek ¢ekirdekli ve ¢cok ¢ekirdekli yap1
kullandik ve tiim siiper ¢oziiniirlilk yontemlerini kullanarak goriintii uygulamasinda
tek cekirdekli, ¢cok ¢ekirdekli CPU performansini karsilastirdik. CPU’larin iginden en
iyi performansi vereni tespit ettik ve DPU, CPU performans karsilagtirmasini
gerceklestirdik. Video uygulamasinda, tek is pargaciginda bir kare ve coklu is
pargaciginda ¢oklu kii¢iik karelerden olusan bir yapi1 kullandik. Videonun Kkaresini
kiiclik parcalara bolerken birbirlerileriyle ayn1 ¢oziiniirlilkte olmasini ve ana karenin
¢cOziintirliiglindeki tiim alami kapsayacak sekilde coklu kiigiik karelerin ¢oziintirligt
ayarladik. Video uygulamasinda tiim kiigiik kareleri dikerek bir goriintii olugturduk.
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Ger¢ek zamanli performans igin CPU ve DPU analizlerini raporladik. Siiper
¢Oziinlirlik uygulamalarinin ve analizlerinin kodlarin1 Github hesamizda paylastik.

Uygulamalarimizda Raspberry pi, Laptop ve Kria KV260 kartim1 kullandik.
Platformlarimizi ve uygulamamizi resimler halinde paylastik. Resimleri ve videolar
usb kameramizdan canli olarak veya hafizadaki resimleri ve videolar: kullanarak siiper
¢Oziintirlikliik uygulamalarini gergeklestirdik ve ¢ikan sonuglar yiiksek ¢oziintirlik
ekranda gosterdik. Cikan sonuclar1 ilk asamada gorsel olarak yiiksek ¢oziintirliikli
ekranda farklarimi karsilastirip, arkasinda PSNR ve SSIM degerlerini alip goriintii
kalitesi hakkinda ¢ikarimlar gergeklestirdik.

DPU ve CPU iizerinde ger¢ek zamanli siiper ¢0Oziniirlik uygulamasinin
gerceklestirilebilmesi igin baglica yazilim dili, kalite ve performansi karsilastirdik.
DPU ve CPU mimarisini inceledik, birbirleri arasindaki farklar1 inceledik. Gomuilii
sistemlerde kullandigimiz DPU ve CPU’larin 06zelliklerini paylastik. DPU’nun
kullanim amacini, uygulamalarini ve tasariminmi inceledik. DPU’nun i¢ kisimda
bulunan yapilarin kullanim amaglarini inceledik.

Stiper ¢o6ziiniirliik resim uygulamamizi DPU’da ve farkli CPU’larda gergekledik.
Cikan sonuglara gore programlama teknigi, dlgekleme ve performans analizi yaptik.
Performansi en iyi olan siiper ¢oziiniirliikk metotunu ve gémiilii sistemimizi belirledik.
Video uygulamamizi farkli CPU’larda ve DPU’da video codecleri kullanarak siiper
¢Oziiniirliik uygulamamizi gergekledik. Gergeklememizden c¢ikan sonuglari tiim siiper
¢ozliniirliik metotlarina gore analiz ettik.

Siiper ¢oziinlirlik video uygulamasinda video encode ve decode ederken video
codeclerine ihtiya¢ duyduk ve bu amagla ilk basta yazilimsal video codeleri kullandik,
sonrasinda donanimsal video codecleri kullandik. Yazilimsal video codecleri
kullanmak yerine DPU’da donanimsal video codecleri kullandik. Donanimsal video
codeclerin performansin1 yazilimsal video codecleriyle karsilagtirdik. Siiper
¢oOziiniirlik uygulamamizi sematik halinde gorsellestirerek yazilim platformu,
donanim platformu, hafiza ve ekran olacak sekilde kisimlara ayirdik.

Stiper ¢Oziintirlik taniminindan, siiper ¢oziiniirlik uygulamalarindan ve siiper
¢Oziinlirlik uygulamalarinin 6neminden bahsettik. Klasik ¢oziiniirliik biiyiitme
metodu ile derin 6grenmeye dayali siiper ¢oziintirliik metotlarini karsilastirdik. Klasik
¢Oziiniirliik biiylitme metotlarinin 6zellikleri teker teker agikladik. Herbir ¢oziintirliik
bliyilitme metodunun avantajini ve dezavantajini inceledik.

PSNR ve SSIM formiillerini agikladik, neler olduklarimindan bahsettik ve neden
kullandigimiz1 agikladik. PSNR ve SSIM degerlerini resimler ve video iizerinden
analiz ettik. CNN tabanli siiper ¢oziiniirliik yontemleri EDSR, ESPCN, FSRCNN ve
LapSRN metotlarinin tiim gercekleme asamalarini agikladik. Tiim siiper ¢oziiniirliik
yontemlerinin katman sayilarini ve parametre sayilarimi tablo halinde ¢ikardik ve
birbirlerine gore ¢ikarimlar yaptik. Tiim analizleri ve performanslari tablolar halinde
paylastik.

GoOmiilii sistemlerde kisithh kaynaklarda gergek zamanli bir siiper ¢oziiniirlilk
uygulamasi gergeklestirebilmek i¢in resim ve video kalitesinden, islem siirecinin
performansindan, kullanilan donanimdan ve farkli kodlama tekniklerinden ¢ikarimlar
yaptik. Elde ettigimiz ¢ikarimlar dogrultusunda gercek zamanli bir siiper ¢oziintirliik
uygulamasini gémiilii sistemlerde gercekledik. Ger¢cek zamanli siiper ¢oziiniirlilk
video uygulamasi gergekleyebilmek i¢in, gomiili sistemlerde gercekledigimiz video
uygulamasindan ¢ikan verilere gore videonun saniye bagina gegen goriintii sayisini
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hesapladik. Siiper ¢oziiniirlik uygulamasinin gergek zamanli uygulanabilmesi igin
kullanilan gémiilii sistemlerin i¢inden en uygun performansi veren gomiilii sistemi
tespit ettik.
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1. INTRODUCTION

Super-resolution is enhancing the resolution of image. It increases the limited
resolution of image to bigger size image resolution with super-resolution methods. In
recent years, super-resolution has gained popularity and started to be used very
important applications, such as instead of using expensive sensors, super-resolution
can transform low-resolution (LR) images into high resolution (HR) images to match
the image quality of pricey sensors. Another application is shrinking to images without
losing quality of images and this allow us to save storage space. Super-resolution
applications are often implemented on embedded systems in recently implementation.
These applications are regular video information enhancement [1], surveillance [2],
MRI [3], satellite image processing [4] and microscopy image processing [5]. Several
methods have been put out to increase image resolution for super-resolution, such as
interpolation-based methods, reconstruction-based methods, and learning based
methods [6]. Image resolution is upsampled from LR to HR using interpolation-based
techniques, such as the bicubic interpolation method. While this method is fast and
simple, cause to decrease quality. Reconstruction-based techniques are applied based
on prior understanding of the image and it is a restriction for super-resolution
reconstruction of image process, it also has the disadvantages of high computational
cost. The learning-based methods learn local feature blocks between LR and HR
images and then utilize the neighbor embedding method for them. To predict the
missing high-frequency information in LR images, the learning-based method learns
the mapping between LR and HR image spaces. It also has advantages for saving time
and efficient manner than other traditional methods [6]. Thus, the present super-

resolution technique and we chose learning-based methods.

The traditional approach to resizing an image involves interpolating the pixels from
the original image to create a homogenous map between the pixels of the original
image and the target image. Interpolation-based methods, such as nearest neighbor
interpolation, bilinear interpolation and bicubic interpolation. Traditional image

resizing method can convert image from LR to HR. As shown in this article, known



benefits of deep learning-based methods have better high resolution images than
classical methods, when compared to classical methods, deep learning algorithms have
greater PSNR and SSIM values.

Upscaling the image's resolution is the primary technique for enlarging images, but
this method causes low quality image and PSNR and SSIM values are checked to
understanding image quality. Various super-resolution methods have been suggested
to solve the image quality issue. These methods are trained with deep learning based
super-resolution with Tensorflow. There are some differences between the methods.
The main differences between the methods are layers and parameters. They create
differences in application of methods for quality and processing time. In order to use
super-resolution in real life, it needs to run on embedded systems. It should be real

time image processing to implement super-resolution on embedded systems.

Software language and super-resolution methods are important for real-time
performance. There should be balance between picture quality and processing time in
order to reach real-time application on embedded systems. This balance should be
taken care of as resources are limited in embedded systems. The platforms on which
these operations are performed must be chosen correctly, so they can be CPU and DPU
on embedded systems. Super-resolution is implemented on CPU as single-threading
and multi-threading for real time applications. DPU acceleration is good alternative
for CNN based super-resolution methods for implemented super-resolution
application. On embedded systems, deep learning algorithms are accelerated by deep
learning processor units (DPUSs). It has own architecture design and it has better
performance and efficiency than CPU and GPU. In Figure 1.1, we show that super-

resolution test platform architecture.

The aim of this thesis is to analyze performance on CPU and DPU in embedded
systems using CNN based super-resolution methods. Performance includes processing
time, PSNR and SSIM values. This thesis consists of the following sections, they are
introduction, methods, platforms and conclusion. Methods section includes methods
definitions and implementation of methods. Platforms section includes hardware

properties of implemented super-resolution and type of implementation on platforms.
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Figure 1.1: Super-Resolution test platform






2. METHODS

Super resolution techniques enhance the resolution of an image from low-resolution
(LR) to high-resolution (HR). Super resolution implementation has been fairly
successful in solving that image resolution and video resolution. There are a lot of
methods for super- resolution. In this thesis, there are 4 methods definitions and
implementation. They are Enhanced Deep Super-Resolution (EDSR), Efficient Sub-
Pixel Convolution Neural Network (ESPCN), Fast Super-Resolution Convolution
Neural Network (FSRCNN) and Laplacian Pyramid Super-Resolution Network
(LapSRN).

In PSNR formula, given a reference image (8-bit) f and a test image (8-bit) g, both of
size MxN, the PSNR between f and g is defined by [7]:

PSNR(f, g)

= 101log,, (2552/M_1N ii(ﬁj - 39i))%) (2.1)

i=1j=1
In SSIM formula, given a reference image(8-bit) f and a test image(8-bit) g, mean
values are p, and u,,variances are o7 and o2, covariance is a5, constant values are C1,
C,, C3. Wang et al. propose that C; = (K;L)?,C, = (K,L)? ,and C3 = C,/2,
where L = 28-1 for 8-bit component images, K; = 0.01 and K, = 0.02, the SSIM
between f and g is defined by [8]:

SSIM(f, 9)
Cusug + C1)(2054 + C2)

- (W% + uZ + C1)(0f + 02 + C2)

(2.2)

Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index Measure (SSIM)
measurements are used in the literature to compare methods with each other. Also, we

added the processing time to the comparison.
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Figure 2.1: Normal image and Super-Resolution upscaled(x2) image with EDSR

method.

2.1 Methods Definations

In this section, it explains 4 type super-resolution methods for better understanding
implementation details and performance. In Figure 2.1, we implemented and

upsampled to normal image with EDSR super-resolution method.

2.1.1. Enhanced deep super-resolution network

A super-resolution architecture model named EDSR was developed following
SRResNet. Super resolution architecture's processing time and memory consumption
issues are resolved by the SRResNet model, but SRResNet model architecture is used
ResNet for image classification, which is not optimal design for super-resolution

method.

For this reason, by removing unnecessary layers from Resnet, the EDSR super-
resolution model creates a more appropriate architecture and higher performance for
super-resolution. For instance, “Batch Normalization (BN)” layer, which is normalize
the feature, is removed from architecture because it loses range flexibility [9]. The
suggested baseline model uses about 40% less memory during training without the

batch normalization layer.



ResNet design has a problem which is learning becomes unstable, because number of
feature maps is increased in architecture, because of this problem, as suggested in
Inception-v4 for EDSR design, residual scaling with factor 0.1 is done at the residual
layer before adding back to convolutional path. To increase training stability, EDSR
shows a constant scaling layer of 0.1 at the last convolution layer's output for the
residual block. In Figure 2.2, we show that comparison between residual blocks.

X X X

! | !

_ Conv_| \.

/
/

| Conv | [
BN | EN | Conv |
RelU RelU " RelU |
Conv

Addition Addition Addition
+

: . ,

X141 X141 X141
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Figure 2.2: Original ResNet (a), SRResNet (b), and EDSR (c) [9].

General CNN architecture with depth (the number of layers) B and width (the number
of feature channels) F occupies roughly O(BF) memory and O(BF?) parameters [9].
Consequently, when taking into account restricted computational resources, boosting
F instead of B can maximize the model's capacity. Unfortunately, adding more feature
maps causes the training process to become unstable. As each convolution layer in the

baseline model only uses 64 feature maps, residual scaling layers are not utilized.

By setting B=32, F=256 with a scaling factor of 0.1, the EDSR design is expanded.
The architecture of the cascaded neural networks for spatiotemporal fusion is shown

in Figure 2.3. A convolutional layer is indicated by Conv. ReL.U stands for a function



that activates relu. Mult stands for an input residual layer with continuous scaling. The

pixel operation known as "shuffle™ is used for upsampling [10].

‘

ResBlock

4 ResBlock
_ 3 Upsample

Figure 2.3: The architecture of EDSR [9].



2.1.2. Efficient sub-pixel convolution neural network

The efficient sub-pixel convolution neural network (ESPCN) has some differences in
approaches to CNN. Firstly, CNN must upsample the LR picture using interpolation
techniques like bicubic interpolation. Secondly, CNN increases the image resolution
at the network’s initial layer or before processing. Briefly stated, the upsampled LR
picture is applied straight to the convolutional neural network in the CNN technique,

increasing computational complexity and memory cost.

The new method, ESPCN, has been proposed to address these issues by incorporating
an effective sub-pixel convolutional layer into the CNN network. At the network,
ESPCN changes images from low resolution to high quality. The final layer in ESPCN
handles image upscaling. It causes the smaller size LR image is directly fed to the
network. Thus, it is unnecessary to utilize an interpolation technique like bicubic
interpolation. In comparison to interpolation filter upscaling before feeding into the
network, ESPCN is able to learn a superior LR to HR mapping, because of the reduced
input image size, smaller filter size can be used extract features. Reduced
computational complexity and memory costs allow for considerably increased
efficiency. For these reasons, ESPCN is best option for the super-resolution HD videos
in real time [11]. In Figure 2.4, we show that ESPCN network structure.

Lovs-resolution image (input) n, feature maps n,, feature maps r¢ channels High-resclution image {outpus)

Hidden layers Sub-pixel convolution layer

Figure 2.4: ESPCN network structure [11].

There are L layers in an ESPCN network, with the first L-1 levels being convolutional
layers that obtain feature mappings of the input LR image and the last layer being an
effective sub-pixel convolutional layer that recovers the output picture size with a set

upscale factor. We show that ESPCN model architecture in Figure 2.5.



Input image

,[B' Cv N3 N]

conv2d(C, 64, 5, 1, 2), tanh

B: Batch size

C: Channel size
N: Image size
conv2d(64. 32. 3. 1. 1). tanh 12 Upscale factor
Conv2d: Convolution layer
conv2d(32.C*(r*r).3.1.1) (cin. cout, kernel size. stride, padding)
Tanh: Tanh activation layer

PixelShuffle: Sub-pixel convolution layer
PixelShuffle(r). sigmoid

[B. C. 1*N, 1*N]

Output image

Sigmoid: Sigmoid activation layer

Figure 2.5: ESPCN model [11].

Instead of requiring a deconvolution operation layer, the SR model can produce high-
resolution images using the sub-pixel convolution technique. In general, it is
undesirable for the outcome to apply a deconvolution layer, pad the images with zeros,
and then apply convolution. While performing pixel shuffle at the last layer of network
to recover the LR image does not padding operation. Combining each pixel on multiple
channel feature map into the output image. In Figure 2.6, we show that sub-pixel

convolution layer.

r2 channels High-resolution image (output)

Sub-pixel convolution layer

Figure 2.6: Sub-pixel convolution layer [11].
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2.1.3. Fast super-resolution convolution neural network

FSRCNN is an imaging technique that upscales the resolution quality of a digital
image. FSRCNN design is faster and clearer than other imaging technique. This
technique was described in this article [12]. FSRCNN architecture design shows it has
a much higher image quality and shorter run time. In Figure 2.7, compared to SRCNN,
FSRCNN architecture and showed different steps for shorter processing time, image

quality.

m ; Bi":”l’jc_ Comvt 10 Connd £ ., Coml 2,15, ::‘-_':- --.., :
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lowe-resolution || il ) Al T |
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- TR AR . Reconstiiction Tesoi
representation Mapping unage
_________ i _./_'_______________'_'-v.-_'________________L"\_u-_________ -
= . TES — '. = —_—
Cosl ], 5,08 Comd 3, 5,80 Conei 1, 5 ) DeCom{% Ls) M
0 '-.. \
L,
PN o, M, - —y
Feature extraction Shrinking Mapping Fapanding Deconvolution

Figure 2.7: SRCNN and FSRCNN structures [12].

SRCNN has 4 steps and they are bicubic interpolation, path extraction and
representation, non-linear mapping and reconstruction. Bicubic interpolation to
upsample the pixels to desired resolution. The first layer, which extracts patches from
the input and represents each patch as a high-dimensional feature vector, is known to
as the "patch extraction and representation™ part. The middle layer, which maps the
feature vectors non-linearly to another set of feature vectors, or specifically HR
features, is what is meant by the non-linear mapping component. After that, the final
reconstruction step combines these features to create the final output image [12].
Convolutions are performed that improves the quality of images. In article [12], they
are 9x9,1x1and 5x5.

FSRCNN has 5 steps and they are feature extraction, shrinking, mapping, expanding
and deconvolution. The first four steps are convolution layers and last step is
deconvolution layer. We can formulate convolution layer as Conv (fi, ni, ci) and
deconvolution layer as DeConv (fi, ni, ci). These variables are filter size(f;), the number

of filters(ni) and number of channels(c;).
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Feature extraction: Without interpolation, this layer extracts features from the
original LR image. We refer to the upsampled picture as Y and the tiny LR input as Ys
in SRCNN. Each patch of the input (1-pixel overlapping) is represented as a high-
dimensional feature vector by convolution with the first set of filters [12]. In SRCNN,
the filter size of the first layer is set to be 9 and pixels in Y are interpolated from Ys. In
FRSCNN, a 5x5 patch in Ys could cover almost all information of 9x9 patch in Y.
Therefore, we adopt fi=5 and ci=1 with little information loss. Layer can be

represented as Conv (5, d, 1).

Shrinking: The feature extraction step in SRCNN is typically followed by the
mapping step, nevertheless as the LR feature dimension d is usually very large and the
computation complexity is significant. Adding shrinking layer reduce to the LR feature
dimension d. Using smaller filter number (n2 = s <<d) and f,=1, it is causing the LR
feature dimension is reduced from d to s. Changing dimension reduces the number of

parameters. Layer can be represented as Conv (1, s, d).

Non-linear mapping: The step that has the greatest influence on SR performance is
the non-linear mapping step. In SRCNN, layers are 5x5 mapping layer, as a same
performance for FSRCNN, layers are 3x3 mapping layer(fs==3). Another sensitive
variable that affects both mapping accuracy and complexity is the number of layers,
which is m [12]. All mapping layers contain the same number of filters nz=s. Layer

can be represented as m x Conv (3, s, S).

Expanding: An expanding layer works similarly to a shrinking layer in reverse. The
reducing layer minimizes the size of the LR image to improve computation speed, but
if only using shrinking layer is causing bad image quality, so adding expanding layer
after mapping layer to help protect image quality. While the shrinking layer formula

is Conv (1, s, d), the expanding layer formula is Conv (1, d, s).

Deconvolution: Deconvolution, the final layer, upsamples and sums the previous
feature using deconvolution filters. Deconvolution layer is reverse operation of
convolution layer. In convolution, the filter is convolved with image a stride k and the
output is 1/k time of input. In deconvolution, input and output are reverse, so the output
will be k times of input, K is upscaling factor and end of this layer reconstructed HR
image with upscaling factor. Deconvolution layer is the opposite of SRCNN first layer.

Layer can be represented as DeConv (9, 1, d).
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2.1.4. Laplacian pyramid super-resolution network

There are three issues in the other methods. They are Bicubic interpolation, L2 loss
and one-step upsampling. Bicubic interpolation is used for upsample an input LR
image before going to network, however it raises pointless computational costs and
doesn't give HR images any new high-frequency information. Existing methods use
optimization for networks with an L2 loss. It is mean squared error loss, because of
that HR images over-smoothed and inconsistent to human visual perception on natural
images [13]. Learning mapping functions for large scaling factors is more challenging
because one-step upsampling lacks fine structure. In Figure 2.8, we show that LapSRN
architecture.

Feature Extraction Branch

Image Reconstruction Branch

Figure 2.8: LapSRN architecture [13].

LapSRN network is consisting 2 parts. These are the branches for feature extraction
and image reconstruction. The network gradually reconstructs the sub-band residuals
of high-resolution images at several pyramid levels, particularly at log2(S) levels
where S is the scale factor, as opposed to one-step upsampling. If network consists of
3 pyramid level for super resolution, it means scale factor is 8. LapSRN network
directly extracts features of low-resolution image without using bicubic interpolation,

thus low computational loads, memory and processing time.
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Feature extraction: Feature extraction has 3 branches and these are a feature
embedding sub-network for transforming high-dimensional non-linear maps, a
transposed convolutional layer for upsampling the extracted features by scale 2 and a
convolutional layer for predicting sub-band residual image. In Figure 2.9, we show

that feature extraction architecture.

2 X SR
output

T Feature =~ Feature
i Embedding Upsampling
LR input $ * A

— BEOnVES

share
| parameters i
|
i H

H H
Feature =~ Feature
Embedding Upsampling

4 x SR

— Conv, =]
res output

Figure 2.9: Feature extraction architecture [13].

Image reconstruction: The input LR image is scaled up by 2 at level s using an image
upsampling layer. To generate the high-resolution output image, the upsampled image
is combined with the predicted residual image from the feature extraction branch. The

image reconstruction branch of level s+1 receives the output HR image from level s.
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2.2 Methods Training

We used TensorFlow library for methods training in Python code and library version
is 1.13.1. We used TensorFlow library for method training and we used OpenCV
library for methods implementation. After methods training, we got trained models (.
pb files) from TensorFlow Python code, then we used trained models in OpenCV
methods implementation C++ code for input trained model.

First method is EDSR, it was trained on the Div2K dataset. We got EDSR_Xx2. pb,
EDSR_x3. pb and EDSR_x4. pb files. We used %20 dataset for training, %80 dataset
for validation and learning rate IS 0.001.
https://github.com/Saafke/EDSR_Tensorflow. Second method is ESPCN, it was
trained on the Div2K dataset. We used %100 dataset for training and learning rate is
0.01. We got ESPCN x2. pb, ESPCN_x3. pb and ESPCN_x4. pb files.
https://github.com/fannymonori/TE-ESPCN. Third method is FSRCNN and it was
trained on T91-image dataset and finetuned on General100 dataset. We used %20

dataset for training, %80 dataset for validation and learning rate is 0.001. We got
FSRCNN x2. pb, FSRCNN x3. pb and FSRCNN x4. pb files.
https://github.com/Saafke/ESRCNN_Tensorflow. Last method is LapSRN, it was
trained on the Div2K dataset. We used %100 dataset for training and learning rate is
0.01. We got LapSRN_x2. pb, LapSRN_x4. pb and LapSRN_x8. pb files.
https://github.com/fannymonori/TE-LapSRN.

2.3 Methods Implementation

In this section, it has three sub-section and they are methods parameters and layer
values, C++ and Python implementation performance, PSNR and SSIM values.
Firstly, each method is analyzed on scale, layer and parameters, then used same super-
resolution method in C++ and Python code, finally analyzed super-resolution image
PSNR and SSIM values.

In methods implementation, firstly we produced trained models (. pb files) from
TensorFlow Python code with using different datasets, then we got these files for
super-resolution implementation. We used these files for OpenCV C++ code input
models, then we read our sample image with using OpenCV library and we set our
super-resolution model with trained model (. pb file) and scale factor, then we
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upsampled our test image with our super-resolution method, upscale factor and we got
our super-resolution image. Lastly, we analyzed super-resolution image PSNR and

SSIM values for image quality.

2.3.1. Methods parameters and layer values

There are four types methods in implementation. These four methods are most famous
methods in super-resolution methods. For better understanding, each method is
divided three values and they are scale, layers, parameters. EDSR has more layers and
parameters than other methods and it is slower than others. For super-resolution, each
method is trained with using [9],[11],[12],[13],[14] articles scale, layers and
parameters values in TensorFlow Python code. In Table 2.1, we show that super-

resolution methods implementation values.

Table 2.1: Methods implementation values.

Methods Scale Layers Parameters
EDSR [9]. [14] 4 32 43M
LapSRN [13] 4 11 812k
ESPCN [11] 4 4 17455
FSRCNN [12] 4 6924

2.3.2. C++ and python implementation performance

Before implementation all methods, firstly we need to decide which programming
language has better performance on super-resolution. We implemented all super-
resolution methods with 4 scale factors on same C++ and Python code, then we
measured implementation time on Linux platform and we understood that C++ code
has better performance than Python code. In Table 2.2, implemented all methods with
4 scale factors on same C++ and Python code. Python programming language is slower
than C++ programming language, because of that it uses interpreter and more RAM.
Also, other reason is Python determines the data types at the run time.
https://github.com/metinakkin/EDSR_Performance

Super-resolution has two steps for usage. They are method training and
implementation. For method training, we used TensorFlow library with 1.13.1 version
in Python code. For better performance, we implemented super-resolution with using
trained model file with C++ super-resolution code. In C++ code, we used OpenCV
library for image and video. Using trained model file helps to us for divide 2 steps for

super-resolution pipeline and we get better performance in C++ code for real time
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application. In Table 2.2, we show that all methods performance in C++ and Python

code.

Table 2.2: All Super-Resolution method performance in C++ and Python code.

EDSR ESPCN FSRCNN LapSEN
Programming Langnage frame=1 frame=3 frame=1 frame=3 | frame=1 | frame=3 | frame=1 | frame=3
Python 13.196s 42.584s 1.71 1.77s 1.677 1.703s 2071 3.763s
C+ 11.697s 40.501s 0,05 0.08s 0,047 0.078s 0,723 2.251s

We compared image quality on OpenCV upscaled image and super-resolution
upscaled image in Figure 2.10. In this implementation, we used trained model file on
OpenCV for super-resolution. OpenCV is open-source library and it can implement
any Linux platform easily, but every platform generally does not support TensorFlow
library, it can be some conflict Python and TensorFlow version.

For real time platforms such as a video or video streaming, OpenCV can decode video
codec, get a frame and convert from LR to HR. For all concern, we divided super-
resolution pipeline 2 steps. We used TensorFlow library and generated trained model
file on platforms which using TensorFlow library before implementation. After same
code C++ and Python analyze, we implemented super-resolution using trained model

file with OpenCV library in C++ code.

OpencCV upscaled X SR upscaled x
= 0 0

OpenCV DpénCV

Figure 2.10: Original image, OpenCV upscaled image and SR upscaled image.
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2.3.3. Image quality values

We implemented all methods with different scale values on same image. It is hard to
compare all super-resolution image quality with checking eyes, so we used benchmark
and validation parameters. They are elapsed time, PSNR and SSIM. Our test image
resolution is 172x179. Except LapSRN, all methods have same upscaling values (x2,
x3, x4). LapSRN upscaling values (x2, x4, x8) is explained to reason why multiple of
2 in methods definitions section. Only LapSRN, method has x8 upscaling value in

methods.

In Table 2.3, we got elapsed time, PSNR and SSIM values from all methods. We
reached the PSNR and SSIM values that are displayed in the articles [9], [11], [12],
[13]. Calculated elapsed time, PSNR and SSIM values in C++ code on Linux. We used
same image and resolution on all methods and upscale factor. For PSNR and SSIM
calculation, first we implemented downscaled image with bicubic interpolation
because we want to compare between result image and original image with same
resolution, then we implemented all super-resolution methods one by one and we
compared result image and original image for PSNR and SSIM calculation. Compared
to other approaches, the EDSR method has higher PSNR and SSIM values for image
quality. OpenCV upscale method has the worst PSNR and SSIM values. For real time
application, ESPCN and FSRCNN methods are faster than other methods. In platforms

section, we explained process time on different hardware for real time application.

Table 2.3: Benchmark test results and validation results of EDSR, ESPCN,
FSRCNN, LapSRN, Upscaled methods

Methods Scale PSNR S5IM Elapsed Time
2 33.69dB 0.95 12.72s
EDSRE 3 30.81dB 0.93 591s
4 28.79dB 0.89 3.33s
2 32.04dB 0.594 0.16s
LapSEN 4 26.31dB 0.84 0.18s
8 20.19dB 0.64 0.19s
2 32.53dB 0.94 0.021s
ESPCN 3 28.31dB 0.8% 0.010s
4 26.07dB 0.84 0.005s
2 32.88dB 095 0.023s
FSRCNN 3 28.24dB 0.88 0.011s
4 26.21dB 0.84 0.007s
2 29 04dB 092 0.00029s
UpScaled 3 26.36dB 0.87 0.00031s
4 24 50dB 0.81 0.00034s
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In Figure 2.11, we shared a sample of OpenCV upscaled image and super-resolution
upscaled image with %200 zoom for better understanding image quality on per pixel.
We used ESPCN method and upscaled(x4) image, so we converted LR image to HR

image.

https://github.com/metinakkin/Methods PSNR SSIM

Figure 2.11: Comparison of OpenCV upscaled(x4) image and SR upscaled(x4)

image with %200 zoom.
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3. PLATFORMS

3.1 Hardware Properties of Implemented Super Resolution

We show that super-resolution test platform in Figure 1.1. The test platform consist of
a LR camera or SSD, hardware platform and a HR screen. There are 2 types hardware
properties of implemented super-resolution on image and video. They are CPU and
DPU. In these 2 sections, we explain hardware properties of device. We show super-
resolution implementation on different hardware and their hardware arhcitecture in

Figure 3.1, Figure 3.2 and Figure 3.3.

Figure 3.1: Super-Resolution implementation on Raspberry pi and Raspberry pi

hardware architecture.
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Figure 3.2: Super-Resolution implementation on Laptop and Laptop hardware
architecture.

XNITIX 23

PR——

Figure 3.3: Super-Resolution implementation on Kria KVV260 and Kria KV260
hardware architecture
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3.1.1 Central processing units

We used 3 types device for CPU super-resolution implementation. First device is
laptop and it has Intel® Core (TM) i5-3230M CPU @3.2GHz x4. Second device is
Raspberry pi 4 and it has ARM Cortex-A72 64-bit @1.5GHz x4. Last device is Kria
KV260 and it has ARM Cortex-A53 64-bit @2.3GHz x4.

The central processing unit (CPU), which includes the main storage, the control unit,
and the arithmetic and logic unit (ALU), is the brain of a computer. CPU executes
instructions of computer programs that tells which data process and how to process
data. ARM and Intel CPUs are most popular CPU, but they have some differences in
CPUs. While Intel CPU is high performance processor for computers and laptops,
ARM CPU is low-power processor on embedded devices. ARM CPUs are usually
slower than Intel CPU on processor speed, Intel CPUs get designed for faster
computing. While embedded devices are used only for a specific purpose, computers
can be programmed to for a new purpose. Embedded devices need less power than
computers. Raspberry pi is the most popular in embedded devices because it is low

cost, small sized computer and easily use board.

3.1.2 Deep learnig processing unit

Deep learning processor unit (DPU) is designed for deep learning algorithms. It has
own data memory and special instruction set architecture. DPU is provide better
performance and efficiency than CPU and GPU for deep learning algorithms, but we
compared DPU and CPU performance and efficiency in our thesis. DPU has a lot of
computing components for high data level parallelism, it has larger buffer/memory for

data reuse and it has limited data-width operator for error of deep learning.

DPU is a programmable IP core. It is designed to accelerate deep learning algorithms,
such as image/video classification, semantic segmentation and object
detection/tracking. DPU supports and accelerates popular convolutional neural
network, such as Resnet, YOLO, GoogLeNet and MobileNet. In our implementation,
we used Xilinx Kria KV260 Vision AL Starter Kit for super-resolution algorithms.
Kria KV260 has a DPU and it is DPUCZDX8G_ISA0_B4096 MAX_BG2 DPU
@300MHz x1. We used single DPU core for super-resolution implementation on

image with all super-resolution methods.
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Figure 3.4: DPU hardware architecture [15].

DPU pulls instructions from off-chip memory after booting to manage the computing
engine's activities. On-chip memory is used for input buffer, buffer memory and output
data. Computing engine has a deep pipeline design. Processing engines use advantage
of blocks such as multipliers, adders and accumulators in Xilinx devices. In Figure 3.4,

we show that DPU hardware architecture.

3.2 Type of Implementation on Platforms

There are 2 types for implementation platforms and they are image implementation
and video implementation. In these 2 sections, we explain implementation

performance on different platforms with different super-resolution methods.
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We used single-core/multi-core on CPU and single-core on DPU for image super-
resolution implementation, we used single-core/multi-core on CPU for video super-

resolution implementation.

3.2.1 Super-resolution implementation for image

In Table 3.1, we used 4 types super-resolution methods for image implementation on
multi-CPU cores and single-DPU core. Each method has 2 types implementation and
they are single-core and multi-core system. We used single-core and multi-core system
in C++ code on Linux operation system and we created multi-threads system for super-
solution implementation. When we call single-core for super-resolution, we chose
single core on CPU and it was CPU 1, we didn’t choose single core for DPU, because
it has only single DPU core, so we compared between multi-core and single-core
elapsed time for super-resolution performance in C++ code. We didn’t implement
upscale factor 3 on LapSRN, its upscale factor is multiple of 2. We used all super-
resolution upscale factors for performance. We analyzed all methods elapsed time with

single-core/multi-cores performance on different devices.

Laptop and Raspberry pi has 4 CPUs on devices, but Kria Kv260 starter kit has only
1 DPU core, so we used single DPU core for single core implementation. Our test
image resolution is 232x155. In super-solution implementation, we compared Intel
CPU, Arm CPU and DPU performance for single image on different super resolution
methods and different implementation technics. Intel Core clock frequency is 3.2Ghz,
Arm Core clock frequency is 1.5Ghz and DPU core clock frequency is 300Mhz.
Creating multi-core system has better performance than single-core system on CPUs.

https://github.com/metinakkin/Single-Multi Core On Image
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Table 3.1: Super-resolution implementation on image and performance analysis on different hardware.

Intel® Core{TM) i5-3230M CPU (@3.2GHz x4 EDSR ESPCN FSECNN LapSEN
LAPTOP Single Core Multi Core | Single Core  Multi Core Single Core  Multi Core | Single Core Multi Core
2 83.264s 48.79= 0.088s 0.072s 0.094s 0.080s 0.963s 0.58s
3 84.72s 48.92s 0.091s 0.078s 0.107s 0.072s -
4 84.88s 50.49s 0.100s 0.085s 0.089s 0.071s 56s 2.88s
g - 20.33s 12.16s
ARM Cortex-A72 64-bit @1 5GHz x4 EDSR ESPCN FSECNN LapSEN
RASPBERRY PI Single Core Multi Core | Single Core = Multi Core Single Core  Mulii Core Single Multi Core
2 1742.07s 729.07s 1.17s 0.3%0s 0.920s 0.341s 16.51s 5.63s
3 1709.52s §72.93s 1.30s 0.432s 0.966s 0.362s - -
4 1729.62s 867.27s 1425 0.308s 1.01s 0.390s 77.84s 29.66s
g - 321.75s 151.96s
DPUCZDXSG _ISA0 B40%6 MAX BG? DPU @300MHz x1 EDSE ESPCN FSRCNN LapSEN
KRIA KV260
2 384217s 0.292s 0.220s 3. 74s
3 353.346s 0.296s 0.213s
4 343.471s 0.327s 0.223s 17s
g 72s
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3.2.2 Super-resolution implementation for video

In this section, we used usb video camera for data stream. Video is consisting of frames
and these frames are | frame and P frame. The data blocks of an I frame, also known
as a key frame, use intra-prediction. P frame is predicted frame and it has temporal
prediction data. P-frames uses that have been previously encoded for motion
estimation. P-frames have less data than I-frames, so their frame size is smaller than

P-frames size.

For super-resolution implementation on video, we used Laptop, Raspberry pi 4 and
Kria KV260 Started Kit and we implemented super-resolution on CPU in all devices.
We shared all CPU information in 3.1.1 CPU section. We used single-threading and

multi-threading system in our implementation.

3.2.2.1. Single-threading implementation

Firstly, we used single threading system in all super-resolution methods. We got I-
frame and P-frame from usb camera. We upscaled I-frame and P-frame from LR to
HR. We used all super-resolution upscale factors and we got all elapsed time for
performance analysis. In Figure 3.5, we shared a sample single thread super-resolution
example. Our I-frame resolution is 640x480 and SR upscaled(x2) resolution is
1280x960. In Table 3.2, we compared single threading and multi-threading system
performance for real time application. Super-resolution methods ESPCN and

FSRCNN have better performance in multi-threading system.

Our video resolution is 640x480 and each I, P frame resolution is same. In our
implementation, we used multi-threading system for better performance, so we divided
video resolution to from one 640x480 frame to twelve 160x160 small frames. We
implemented super-resolution on each divided small frames, then we get bigger
divided small frames, after super-resolution implementation, we stitched to all twelve
bigger divided small frames. We reached same image quality such as super-resolution

image on single threading system.

https://github.com/metinakkin/Video Implementation
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Figure 3.5: I-frame(640x480) and SR upscaled(x2) frame(1280x960).

3.2.2.2. Multi-threading implementation

In Figure 3.6, we shared a sample multi-threading super-resolution example. Multi-
threading system has 4 steps and they are getting frame from camera, we divided I-
frame or P-frame to smaller resolution. We implemented one super-resolution method
on smaller resolution frame and stitch divided multi frames. When we got divided
multi 1-frames or P-frames, we calculated greatest common divisor on original image
resolution, so we can divide from original frame to smaller same resolution frames.
We used each smaller frames for multi-threading frame input. In Figure 3.7, we
stitched multi-frames to get a super-resolution frame.

In Table 3.2, we compared I-frame and P-frame elapsed time for performance analysis.
I-frame elapsed time is always bigger than P-frame elapsed time. EDSR and LapSRN
super-resolution methods have more parameters and layers than other methods, so it
causes insufficient memory error in implementation. Only super-resolution method

LapSRN hasn’t upscale factor 3.
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Figure 3.6: Divided multi I-frames(160x160) and SR upscaled(x2) divided multi
frames(320x320).

Figure 3.7: I-frame(640x480) and SR upscaled(x2) stitched multi-frames(320x320).
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Table 3.2: Super-resolution implementation on video and performance analysis on different methods.

Intel® Core(TM) i5-3230M CPU @3.2GH=z 54 EDSR ESPCN FSRCNN LapSREN
LAPTOP Single Multi Single Multi Single Multi Single Multi
1 I P 1 P 1 P 1 P I P 1 P 1 P
2 420135 463.319 467.391s 1.073s 0408  0404s 0445 | 1110z 0438 | 0476z 0432s 37038 3041 3.483s 32208
3 420.5312¢ 463.6765 4633128 1.127s 0450 | 0.559s 0498 | 1127z 046ls | 0321s  0417s - - - -
4 418.031s 4643845 463.863s 1218 0.336s  0.652s 03323 | 1.180s 0308 0381z  0.440s 26.397s 25.454s 24.3%0s
8 - - - - - - - - - - - - 1184765 114771 111238 110.178s
ARM Cortex-A72 64-bit @1.5GH= x4 EDSR ESPCN FSRCNN LapSEN
RASPBERRY P Single Multi Single Multi Single Mulei Single Multi
1 P I P 1 P 1 P 1 P I P 1 P 1 P
2 Insufficient memory Insufficient memory Insufficient memory Insufficient memory| 4.305s  4.008s 3768 3810s | 3616s 26585 2728s  2354s 51.749s 50.817s 54707 57.8%6s
3 Insufficient memory Insufficient memory Insufficient memory Insufficient memory| 5.386s 57555 4632s  4051s | 5820s 28485 5200s  2766s - - - -
4 Insufficient memory Insufficient memory Insufficient memory Insufficient memory| 5.138s 4190s  3097s  4483s | 4485 3073 3337s  323%s 277.483s 297.326s 3203485 345887=
8 - - - - - - - - - - - Insufficient memory Insufficient memory Insufficient memory Insufficient memory
ARM Cortex-A33 64-bit @2.3GHz x4 EDSR ESPCN FSRCNN LapSRN
KRIA KV260 Single Multi Single Multi Single Multi Single Multi
1 P I P 1 P 1 P 1 P I 1 P 1
2 3411518 2065.2365 Killed Killed 3310s 2464 | 2566s 23835 | 2507z 1663s | 1773s  1.582s 31.9365 30.911s 343145 34.153s
3 3419.6265 2069.344s Killed Killed 3492s  2683s | 2834s 27435 | 2680s  189s | 1804s 16235 - - - -
4 2971.357s 2077.298s Killed Killed 3.811s  2989s | 3030s 2996s | 2027z 20l6s | 1906s 1.730s 159.254s 158.068s 173.088s 173.968s
8 - - - - - - - - - - - - Killed Killed Killed Killed
DPUCZDX3G ISA0 B4006 MAX BG2 DPU @300MH= 51 EDSR ESPCN FSRCNN LapSEN
KRIA KV260 Single Multi Single Multi Single Multi Single Multi
1 P I P 1 P 1 P 1 P I P 1 P 1 P
2 3007.398s 2031.461s Killed Killed 3.331s 2037 2.666s 28433 | 2802s 1872s | 1867z 1.7%6s 340308 34.111s 36.824s 36.0865
3 3008.803s 2041.180s Killed Killed 3.824s  2060s  3.040s  3231s | 2823z 15801s  1028: 181ls - - - -
4 20523265 2038.763s Killed Killed 42835 34135 3363s 33538 | 30014s 2206s  2012s  10916s 176.601= 174.561s 184,663 182.724s
g - - - - - - - - - - - - Killed Killed Killed Killed
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4. CONCLUSION

Super-resolution application is important on embedded system. Implementation time
of super-resolution should be real-time on embedded system, so we should choose
programming language and super-resolution method. There is a tradeoff between real-
time and image quality. In Table 2.1, EDSR and LapSRN methods have more layers
and parameters than ESPCN and FSRCNN. In Table 2.2, C++ programming language
has better performance than Python for real-time implementation. We observed that
the time difference between Python and C++ did not grow exponentially and the
difference remained constant. We found out that Python uses more initialization time
when implementing super-resolution. Super-resolution methods have higher PSNR
and SSIM values in Table 2.3. PSNR and SSIM values of super-resolution are close to
each other and ESPCN, FSRCNN have less processing time than others. C++
programming language and super-resolution methods ESPCN, FSRCNN are suitable

for real-time implementation.

In Table 3.1, DPU has better performance than CPU in super-resolution
implementation on image. Even if DPU has low clock frequency, it has a fast-
processing time because of DPU computing engine. DPU is an important alternative
as the DPU clock speed increases. Multi core implementation has better performance
than single core implementation. In Table 3.2, Intel CPU has better performance than
ARM CPUs in super-resolution implementation on video and if we compare between
ARM Cortex A72 and ARM Cortex A53 on Raspberry pi and Kria Kv260 with their
RAMs, caches and frequences, Raspberry pi’s ARM CPU has better performance than
Kria Kv260’s ARM CPU. Kria Kv260’s DPU has better performance than Intel CPU
and ARM CPUs with their RAMSs, caches and frequences. Kria Kv260 has a VCU
hardware block and it is obvious that there is a dramatic increase in performance as
load of functional components shifts to hardware. FPGA and DPU are the best

alternatives in super-resolution implementation. In super-resolution implementation
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on video, titling method proposed for real-time implementation on different CPUs and
DPU. Codes of all implementations have been shared on GitHub address.
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