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Exploration of Divided DCNN
for Object Recognition using both Cloud and
Edge Computing*

Ryuta Shingai

Abstract

Modern deep learning has significantly improved the performance and has
been used in a wide variety of applications. Since the amount of computation
required for the inference process of the neural network is large, it is processed
not by the data acquisition location like a surveillance camera but by the server
with abundant computing power. As the number of IoT devices increases, traffic
congestion and power consumption of server communications are of concern. By
processing a part of DCNN on the edge, communication size to be transferred
is smaller than the sensor data size. Therefore, I considered dividable network
models using edge computing.

In this paper, I have evaluated AlexNet and VGG16 on the divided envi-
ronment and estimated FPS values with Wi-Fi, 3G, and 5G communication for
general object recognition (1000 class). As necessary conditions, I set FPS to
30 or faster and object recognition accuracy to 69.7% or higher. This value is
based on that of an approximation network model. I constructed performance
and energy models to find the optimal configuration that consumes minimum
energy while satisfying the necessary conditions. When dividing in 5th pooling
layer using HEVC, the compressed intermediate data can be reduced by 65.5%
with AlexNet and 49.7% with VGG16 than the compressed sensor data. From
the perspective of FPS, accuracy and energy, I found the following. When using

*Master’s Thesis, Graduate School of Science and Technology, Nara Institute of Science and
Technology, March 17, 2020.



AlexNet, it is most efficient to execute all inference processing at the edge com-
puting (Energy consumed by Wi-Fi, 3G, and 5G: 0.165 [J/frame]) and the value
can be reduced by about 87.9% compared to executing all process in the server.
When using VGG16, it is most efficient to execute all the inference processing on
the server (Energy consumed by Wi-Fi and 5G: 1.78 [J /frame|, Energy consumed
by 3G: 1.79 [J/frame]). If the computing power of edge computing is accelerated
about 1.36 times, processing can be performed on the edge device up to 2th pool-
ing layer in VGG16, and the energy consumption for inference can be reduced by

about 6.74% compared to executing all process in the server.

Keywords:

Deep Neural Network, Edge-computing, Inference, Distributed Network, Video

Compression
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1. Introduction

1.1 Background

Recently, machine learning has been progressed and integrated into many applica-
tions, such as object detection and pattern matching. These applications are used
in a wide variety of situations. Automatic operation is an example. Deep Convo-
lutional Neural Network (DCNN) achieved better recognition accuracy than that
of human capability (5.1%)[18].

Conventional image recognition techniques consist of a feature extractor and
a recognizer as shown in Fig. 1. The feature extractor is carefully and dedicat-
edly designed by researchers and developers. The recognizer is implemented by a
simple neural network, such as SVM[16] and KNNJ[5]. However, designing prac-
tical feature extractors is extremely difficult and that capability is very limited.
When the situation of imaging conditions, such as the angle of objects, is slightly
changed, their output is largely affected and recognition accuracy is unacceptably
degraded. Therefore, these methods can neither get the stable feature value nor
reach the human recognition capability.

Deep Convolutional Neural Network (DCNN) consists of 2 main functionali-
ties, feature extractor, which is implemented by a combination of convolutional
and pooling layers, and classification, which is implemented by fully-connected
layers. DCNN achieved 10% or more improvement of the recognition accuracy
than conventional techniques. However, DCNN commonly needs a large amount
of calculation. Due to enormous computational costs, mobile devices may not
meet their real-time requirements. Therefore, the calculation of DCNN is usually
processed on servers, having a huge amount of computing resources.

Here are two famous architectures of DCNN: AlexNet[8] and VGG16[20]. Both
are excellent Neural Network for object recognition. AlexNet is composed of 5
convolutional layers, 3 pooling layers, and 3 fully-connected layers. The VGG16,
which is deeper than AlexNet, is composed of 13 convolutional layers, 5 pooling
layers, and 3 fully-connected layers. Image recognition using DCNN is imple-

mented as shown in Fig. 2 and processes as follows.

1. The sensors get the data, compress and send them to the server.
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Figure 1: Conventional image recognition with SVM/KNN
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2. The server receives and decompresses the data and executes the inference

process.

3. The server sends the results back to the user.

However, recently proposed models of DCNN became much deeper and bigger
than previous models. They require huge computation power. In the conventional
method, all of DCNN are processed on servers, which have computing resources
in abundance. As the size of DCNN grows and IoT devices increase[26], traffic
congestion and the power consumption of network switches and servers are dras-
tically increased. Due to this overconcentration, response latency becomes much
longer. To cope with these issues, other computational infrastructures that are
independent of the cloud server are required.

As a solution to these problems, many researchers and companies recently
have paid high attention to the edge computing [7, 1] to process the data near
their sources. So, I introduce that the process of a part of the network model
could be executed by using edge computing. Our target is to implement the
system to process machine learning in the dividable network model.

Since I need to find which optimal split boundary from the viewpoints of FPS,
object recognition accuracy, and the energy consumption, I conducted a prelim-
inary evaluation. By examining the values of intermediate data in the DCNN,
I predicted which compression algorithm would be appropriate. Firstly, I con-
firm the results when applying HEVC compression to intermediate data of each
layer. Then, I compared the compression ratio and recognition accuracy when

using HEVC and lightweight compression. Third, I summarized the indicators
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Figure 2: Inference processing in DCNN using servers

of the energy consumption in communication and inference process. Finally, in
the comprehensive evaluation, I evaluate which split layer is optimal and whether

compression is necessary.

1.2 Outline of Thesis

The remainder of this paper is organized as follows. Section 2 describes the
preliminaries necessary to understand this study. Section 3 summarizes related
work on approximation models, edge computing, and investigation for the spar-
sity of intermediate data. Section 4 summarizes the problems behind this study
and the solution to problems. Section 5 shows preliminary evaluations to find
the optimal split boundary and investigate for intermediate data. Section 6 in-
dicates a method of applying compression to the intermediate data. Section 7
shows experimental setups and results in this study. A conclusion is described in

Section 8.



2. Preliminaries

2.1 Neural Network

The origin of the Neural Networks is believed to be representing mathematically
information processing in biological systems[11]. The single-layer Neural Net-
work, expressed by Eq. (1), uses a linear sum of the input z and the weight
parameter w as the input to the nonlinear activation function ¢ as one layer. In
deep learning, it is called FCL (Fully Connected Layer). In learning phase for a
multilayer Neural Network, it was difficult to proceed learning due to disappear-
ance of gradient. Therefore, in many cases, a model of a little layer is proposed,

and it is difficult to improve the accuracy as in a network with deep network.

yj(x,w) =0 <Z wjix) (1)

2.1.1 Deep Neural Network

The reason that Deep Neural Networks have attracted attention is the result of
the remarkable improvement in recognition accuracy at ILSVRC[18], a large-scale
image recognition competition. In 2012, ILSVRC proposed AlexNet[8], a deep
learning model with a total of 8 layers combining 5 CNNs and 3 FCLs. VGG
is the network model that achieved second place in ILSVRC in 2014. VGG has
more layers than AlexNet, so it has better information extraction capabilities.
There are VGG16, which connects 13 CNNs and 3 FCLs, as a type of VGG.
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Figure 3: Structure of AlexNet



2.1.2 Convolutional Neural Network

In a DNN that takes an image as an input, the input to the fully connected
layer that plays the role of recognition requires the feature data in the image.
For this reason, a Neural Network for extracting feature values is provided at
the preceding stage. The neural network that extracts the features of the im-
age is called a Convolutional Neural Network (CNN). As shown in Fig. 4, when
an input is given, the CNN performs an operation to obtain a sum of respec-
tive multiplications value obtained by extracting a window of the same size as
the kernel from the weight parameters of the kernel of each convolutional layer.
In short, one output is obtained from the convolutional process, and it obtains
the feature data from applying this convolutional process to all inputs, the fea-
ture data by the convolution layer process is obtained. The output feature data
passes through several convolutional layers to extract three-dimensional feature
data from the image. Some feature data has a small amount of information and
when all feature values are propagated, convolution operation and pattern recog-
nition are performed on all of them. However, features with small values have
little effect on the output of subsequent layers, and it is inefficient to perform
calculations on all features. Several pooling layers with the roles of propagating

only representative values from the output features are inserted between CNNs.

Input 1st output 2nd output

,-____...._.__

Figure 4: Convolutional Neural Network of two-layer



2.1.3 Pooling

Since the pooling layer can propagate only the representative value by passing
through a filter having a certain size, the input to the subsequent Neural Network
can be reduced. Max Pooling, proposed in the study of Zhou et al[27], shows a
process of extracting only the maximum value in a square kernel for a feature
map. For example, using a 2 x 2 two-dimensional kernel in Fig. 5, the number of
elements in the two-dimensional feature map is reduced to one fourth. There are
various types of pooling process such as “max pooling” and “average pooling”.
In application to object recognition, the max pooling is generally practical. By
applying max pooling, there are advantages of being robust against small position

changes and suppressing overfitting.

2.1.4 Activation Function

The activation function has a role in determining how the calculation result of
the input signals is activated. This serves to simplify the values passed to the
next layer. In general, the activation function of the “single perceptron” uses a
step function, and the activation function of the “multilayer perceptron (Neural
Network)” includes sigmoid and softmax function and identity function. Neural
Networks can be used for both classification and regression problems. It is neces-
sary to change the activation function of the output layer depending on whether
it resolves a classification problem or a regression problem. Generally, an iden-
tity function is used in a regression problem, and a softmax function is used in

a classification problem. The softmax function is represented by the following

20| 8 B
-7 11 20

Figure 5: Max Pooling with 2 x 2 kernel



Eq. (2). n is the number of the output layer. y; is the output value of k-th.
Used between layers in the model such as AlexNet and VGG16, the function is
the ReLU function. The ReLU function is given by following Eq. (3).

_ exp(ag)
ST (@) 2

(3)

2.2 Object Recognition

The opportunity to show the usefulness of deep learning widely was the large
scale competition of algorithm for object recognition (ILSVRC). Starting with
AlexNet, proposed by Hinton et al. in 2012, the application of deep learning to
object recognition and other fields use deep learning models and learning methods
that have shown the best accuracy every year. In the object recognition task, one
class is classified for one image. When using a dataset with many classes and many
images with high similarity between classes such as the 1000-class classification,
I evaluate the accuracy with which the correct answer label is included in the top

5 classes of the classification results.

2.3 Compression
2.3.1 Lightweight Compression

Bzip2 Brzip2[19] is a lossless compression algorithm that combines the block
sort, MTF (Move-to-Front), and Huffman coding to achieve efficient compres-
sion. Bzip2 achieves a higher compression ratio than conventional data encoding

methods such as gzip and ZIP.

Run-Length Encoding Run-Length Encoding is a lossless compression algo-
rithm alike bzip2. Run-Length Encoding expresses certain continuous data with
a continuous length information and one character data. For example, Informa-

tion with little color change, such as a monochrome bitmap image, is efficiently



Table 1: Differences between H.264/AVC and H.265/HEVC

H.264/AVC H.265/HEVC
Standardized time 2003 2013
Intra Prediction 16 x 16 "8 x 8 64 x 64 "8 x 8
Inter Prediction 9 mode 35 mode
Accuracy of Motion Vector 1/4 Pixel 1/4 Pixel
Orthogonal transformation | Integer precision Integer precision
8§ x8,4x4 32 x 32,4 x4
Loop filter Deblocking filter Deblocking filter,
SAO (Sample Adaptive Offset)
Lossless compression CAVLC, CABAC CABAC

encoded, but is not suitable for encoding information of various types, such as
text files.

2.3.2 H.265/HEVC

H.265/HEVC achieves about twice the compression ratio compared to the major
compression technology H.264/MPEG-4 AVC. Table 1 shows the main technical
differences between H.264/AVC and H.265/HEVC. Figure 6 shows a series of
process of H.265/HEVC compression. HEVC was developed based on H.264/
AVC while improving individual elemental technologies.

In HEVC, the encoding process of each picture is executed in units of square
pixel blocks called CTU (Coding Tree Unit). A series of encoding processes such
as intra/inter picture prediction, DCT/quantization, and entropy encoding are
executed in units of CU (Coding Unit) obtained by recursively dividing the CTU
into quadtrees. For example, in areas where complicated motions and pictures
exist, the CU size makes smaller, and the prediction performance is improved by
allocating many codes to prediction parameters such as motion vectors and intra-
picture prediction. Contrarily, for areas with flat patterns and uniform motion,
by increasing the CU size and controlling the code amount of prediction parame-

ters, it is possible to achieve high image quality even with a smaller code amount
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Figure 6: A series of processing of compression by H.265/HEVC

than conventional method. On the other hand, the computational complexity
of the encoding process increased due to the increase in CU size variations and
prediction parameter options. Therefore, in order to encode a high-resolution
video in real time, it is necessary to perform processing using encoder. In the
quantization processing of the black portion in Fig. 6, higher compression can
be realized by changing the value of Qp (Quantization parameter) which is an
option. A quantization without dead zone is used in which the logarithm of the
quantization parameter and the quantization step (Qstep) is proportional (Qstep
doubles when Qp increases by 6). The dead zone is the range of quantized values
where the quantized value is 0. Enlarging deadzone increases the quantization
error, but decreases the number of bits. The quantization process for getting the
quantization coefficient ¢;; of the orthogonal transform coefficient ¢;; correspond-

ing to the frequency component (i, j) is shown by the following Egs. (4), (5) and

(6).

gij = Intleij/Qstep] @)
m.. - 24abit

tep = Y 5

@step Qscale(Qp%6) (5)

Qbit = 25 + % — BitDepth — log, N (6)



Table 2: Quantization step coefficient

Qp%6 0 1 2 3 4 5
Qscale(Qp%6) | 26,214 | 23,302 | 20,560 | 19,306 | 16,384 | 14564

Int[] is function converting input to integer. m;; is a quantization weighting
factor. BitDepth is the bit length of the information to be processed. N is the

size of orthogonal transformations. Also, the value of Qscale shows Table 2.
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3. Related Work

3.1 Approximate Computing for CNNs

As Neural Networks evolve, a recognition based on CNN needs a large amount of
memory and computational power. For that reason, while they work well on ex-
pensive machines, including high-end GPU, they are often unsuitable for smaller
devices like cell phones and embedded devices. Recently, the construction of a
neural network with reduced calculation cost and an equivalent model scale has
been developed. Lightweight CNNs reduced precision computation have been
developed. In Binary-Weight-Networks[10, 17], all the weight values are approx-
imated with binary values. A convolutional neural network with binary weights
is smaller (1/32x) than the same network with single-precision floating-point
weight values. Since weight values are binary, convolutions can be performed by
only addition and subtraction (without multiplication), resulting in more than 2x
speed up. Also, XNOR-Nets[17] approximates both the weights and the inputs in
the convolutional and fully connected layers to binary values. Binary weights and
binary inputs allow an efficient calculation of convolutional operations. Since all
of the operands of the convolutions are binary, the convolutions can be performed
by XNOR and Bitcounting operations[10].

Ternary Weight Networks (TWNs)[9] is model compression method that has
neural networks with weights constrained to +1, 0 and —1. TWNs have a more
precise expression than the Binary-Weight-Networks. TWNs achieved higher ac-
curacy than that of the Binary-Weight-Network. However, it is still lower than
that of the full precision models. Like XNOR-Nets, there is a Neural Network
model replacing floating-point matrix multiplications with ternary convolutions
(based on sparse binary kernels), with both activation and weight restricted to
values of {—1, 0, +1}[6]. This model can be calculated using a masked Hamming
distance, an XOR/XNOR operation followed by a popcount, and reduce the com-
putational cost by up to 1/16. This approach does not require high computational
performance, but needs exploring the theoretical advantages of explicit sparsity
promotion to reduce the risk of overfitting. To solve these problems, I propose a
faster, more accurate and more efficient dividable model without excessive preci-

sion reduction.

11



3.2 Edge Computing

Edge computing[25] has been recently paid high attention. The reason is that
it is important to increase power consumption due to increasing in transferring
data and to construct an inference environment that reduces delays of transferring
data. If most processes of DCNN are executed within the edge device and transfer
data is smaller than sensor data, traffic congestion and over concentration in the
cloud server are mitigated.

Edge devices can generally execute with lower power consumption than servers.
Therefore, process of DCNN on the edge computing is more efficient than that
on the server. Recently, Jetson TX2[15] developed by NVIDIA is a good candi-
date for the edge computing. Jetson TX2 is a modular Al supercomputer with
NVIDIA Pascal architecture. This can execute the inference process with low

energy consumption. Fig. 7 shows a photograph of the Jetson TX2 developer kit.

Figure 7: Jetson TX2 developer kit[15]

12



3.3 Efficient Compression Considering Sparsity

I mention the research that studies feature maps that are output in the latter
layer of the DNN and applies an efficient compression to the feature map.
Reference[12] targets to develop a virtualization solution for DNNs that si-
multaneously meets the dual requirements of memory-scalability and high per-
formance. If the processing time required to copy data to GPU memory via
PCle is longer than the computation of DNN forward and backward propagation
process, there is overhead. It also says that data transferred to PCle have high
sparsity (the ratio converted to zero by Relu function) and high compressibility.
The intermediate data output in the latter layer of AlexNet and VGG16 used
in my study is found to be highly sparse. As a solution to this bottleneck, the
paper proposes a compressing DMA engine (¢cDMA) for GPUs that eliminates
the bottleneck of PCle by reducing the size of the data structure copied around
the GPU memory. Zero-value compression is one of the compression algorithms
used in cDMA. Fig. 8 provides the overview of our zero-value compression (ZVC)
algorithm which assumes a compression window sized as 32-bit consecutive data.
For every 32 activation values, a 32-bit mask is generated with a 0’ in a given bit
position indicating the value is zero and a ’1’ indicating a non-zero value. After

this 32-bit mask is generated, the non-zero elements are appended.

0: zero ~—
[: Non-zero

\ |

U d
"o e I W T T T T T TTTT TR T T

Compressed
Data

B Mask
[: Non-zero

Figure 8: Algorithm of Zero-Value Compression[12]
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4. Problem Definition

This section summarizes the reasons for assuming a divided model and conducting
the preliminary evaluation in Section 2. I mention below future problems that

will arise.

Increase in IoT Devices With the advancement of Internet technology and
various sensor technologies, the IoT era has come. Various things around the
world, such as home appliances, cars, buildings and factories, as well as PCs and
smartphones, are connected to the Internet. There will be around 400 million IoT
devices with cellular connections at the end of 2016 and that number is projected
to reach 1.5 billion in 2022[3].

Increase in Communication Traffic With the sophistication of networks
and the rapid increase of [0T, as you can see in Fig. 9, the amount of data traffic
flowing through networks has increased dramatically. Total mobile data traffic
continues to increase globally and is predicted to reach 131 Exabytes [EB| per
month by the end of 2024[4]. Smartphones continue to generate most of the
mobile data traffic. It is close to 90% today and projected to reach 95% at the
end of 2024.

Increase in Energy Consumption Figure 10 shows the world energy con-
sumption as measured by the IEA[2]. I found that there is a large difference
in the ratio of increase in energy consumption between non-OECD and OECD
countries. In OECD countries, growth in energy consumption is slower as a re-
sult of relatively slower population and economic growth, improvements in energy
efficiency, and less growth in energy-intensive industries. However, non-OECD
countries increases nearly 15% between 2018 and 2050. It still needs improvement

to be efficient energy consumption.
From these problems, I thought that it is necessary to construct a divided

network model that performs inference processing efficiently. By taking advantage

of edge computing, it is possible to reduce the overall energy consumption by
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performing the processing of the former layer on the edge-side. Hence, I need to
explore at which split boundary to use.

Recently, 5G communication has become a hot topic. By implementing 5G
communication, there are various advantages such as high speed, large capac-

ity, low delay, and improvement in reliability. Accordingly, I am wondering if

15



advanced compression techniques like HEVC are needed to transfer intermedi-
ate data having sparsity. To solve this question, I need to compare HEVC with
lightweight compression.

To summarize the discussion, I describe the following evaluation is necessary.

e Investigation in the amount of calculation and a volume of the intermediate

data in the network model.

e Exploration of the characteristics of the intermediate data output from split

boundaries and suitable compression

e (Creation a performance and energy model to find a configuration that can

inference process in real-time with the lowest energy

Section 5 conducts a preliminary evaluation of the above items.
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5. Preliminary Evaluation

5.1 Amount of Output Data and Calculation in DCNNs

Figure 2 shows the inference process of DCNN on the server. Conventional im-
plementation causes problems of network congestion and overconcentration of
the calculation load on the server as described in Section 1. I split the layers of
DCNN into two and assign them to multiple devices. That is to say, I introduce
a dividable network model, which calculates DCNN more efficiently.

I explain the flow of the process of dividable DCNN using edge computing.
When DCNN is implemented on two devices, edge device processes data from
input data to a certain layer in DCNN, and the other device processes the re-
mained layers. Figures 11 and 12 show that the volumes of output of each layer in
AlexNet and VGG16. conv, pool, and fc correspond to convolution, max pooling,
and fully-connected layers, respectively. When the input size is 224 x 224 and
input bit-depth is 8 for each RGB color.

The bar charts in Figs. 13 and 14 represent the amount of computation for
each layer, and the line charts represent the cumulative sum ratio from input to
each layer. From Figs. 13 and 14, the total amount of computation is 2,777 [M
operations| and 15,484 [M operations], respectively. That is to say, the calcula-
tion amount of VGG16 is 5.6 times larger than that of AlexNet. The convolution
layer requires a larger amount of calculation than the other layers. This causes
the overconcentration of computation. In order to balance the amount of com-
putation, the split boundary should be between the convolutional layers. For
example, if T set the split boundary to conv3_3 and conv4_1, the computation
costs can be divided by 6:4. Moreover, since the amount of output data is re-
duced in the pooling layer, which is following the convolutional layer, the split

boundary is desirable after the pooling layer.
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5.2 Investigation for the Intermediate Data in DCNN

For the intermediate data having sparsity, and the contents of the intermedi-
ate data were investigated in order to find lightweight compression realizing the
compression ratio like HEVC and low power consumption. Figure 15 shows a
frequency distribution of values of output data from the 5th pooling layer in
VGG16. The output data is quantized from a float type to an 8-bit integer type
for efficient compression. As test data, I used 300 images in ILSVRC2017. From
this result, I found that most of the feature data is composed of zero values, and
from 1 to 255 decreases exponentially. I need to consider a compression method
suitable for this output feature map. Lightweight compression candidates include
conventional methods such as Bzip2 and Run-Length Encoding, as well as zero-
value compression introduced in Section 3.3. I did a comparative experiment of

complex HEVC and its lightweight compression.
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6. Proposed Method

6.1 H.265/HEVC for the Intermediate Data

For practical applications of image recognition in the IoT era, a popular type
of input data is images that are continuously captured (i.e., Video) rather than
independent images. In the technical competitions, huge numbers and a wide
variety of pictures are suitable for measuring the average recognition accuracy.
However, this kind of dataset is too far from reality. In this study, for practical
uses, I treat the video stream obtained from surveillance or mobile communication
cameras.

Since DCNN commonly requires a huge amount of computation, it is hard for
a single device on the edge device to process them. At the same time, the divided
approach requires network communication between devices. This overhead is not
negligible.

The conventional implementation of DCNN requires data transfer from the
sensors to the server. If the size of data is large and the communication costs are
not negligible, the total performance is decreased. I can see that the output size
of the input layer is smaller than the output size from pooll in Fig. 11 and from
poold in Fig. 12. T focus on this observation. Additionally, since the amount of
data is still large, we compress the intermediate data of DCNN as well.

In previous research [13], H.265/HEVC compression[23] was adopted as a
compression method for intermediate data of the network model. T thought that
HEVC is optimal in this experiment because it achieves a large video compression
ratio. HEVC compression has a minimum CTU size, which is 16 x 16. The window
size of an output data from the pooling layer in the latter half of AlexNet or
VGG16 is smaller than CTU size, so it cannot be compressed directly. Therefore,
I need to compose multiple channel images by tiling as shown in Fig. 16 in order
to fit the input of the HEVC compression.

The higher the recognition accuracy, the higher the reliability for the user as an
actual application. In the previous study, only AlexNet was targeted, but in this
experiment, VGG16 with a large number of layers is also used. By implementing
a dividable network model, the overall energy consumption is expected to be

lower than with conventional way of processing the entire inference process on

21



n+l | n+2

2n+1

fnz

number of frames

original data tiling processed data

Figure 16: Frame composition from multi-channel image

the server.

6.2 Tolerant-RLE for the Intermediate Data

In the 5th pooling layer of VGG16, 90% of the values were zero. The Run-Length
Encoding is suitable for compressing highly continuous information. Therefore, I
investigated how changing the value of feature data affects the inference accuracy.
In this experiment, the independent variable tol (0 < tol < 255) was introduced in
the implementation. When the value of the output feature data is y, processing
has been added to change the value of y to '0’ if y < tol is true. Thereby,
the number of zero value increases, and the continuity of data also increases.

Therefore, I expect the compression ratio increase using RLE.
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7. Evaluation

Section 7.1 shows experimental setups for dividable DCNN. Section 7.2 summa-

rizes experimental results.

7.1 Experimental Setups
7.1.1 Object Recognition

I investigate the efficiency of the video compression for the feature data extracted
from the convolution layers of DCNN and the trade-off between the compression
ratio and recognition accuracy. At first, Intermediate data of DCNN is extracted
by the processing former layer. The first half of the model processed on the edge
device. After compressing, transferring, and decompressing, the server continues
the inference process and executes the object recognition task. In this experiment,
I used 8 layers of AlexNet and 16 layers of VGG as the dividable network models.
Since the pooling layer outputs the maximum value of the intermediate data
through the 2 x 2 filter, pooling layer is desirable as a split boundary of each
network model. AlexNet has three pooling layers and VGG16 has five pooling
layers. Therefore, I respectively evaluate the object recognition accuracy and
compressed data size when the split boundary is each pooling layer.

I used a Caffe Model Zoo[24] as the trained model of VGG16 and AlexNet
in the experiment. This is the task of classifying 1000-class using the dataset
published in the ILSVRC competition. As the validation data, I used the video
of a cheetah walking from left to right. The video has 292 frames. I evaluated the
accuracy when “cheetah” label was included in Topl or Top5. Also, the details

of the execution environment are detailed in Table 3.

7.1.2 Compression Methods

First of all, I describe the state of the intermediate data extracted from the former
network model in the edge device. Table 4 shows the size of the intermediate
data output in each pooling layer of AlexNet and VGG16. AlexNet targets three
pooling layers, and VGG16 targets five pooling layers. The numbers in the Table 4

represent the size of the intermediate data, and represent (channel, height, width).
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Table 3: Execution enviroment

Edge-side CPU Dual-core Denver 2 64-bit CPU
and quad-core ARM Ab57 complex
Server-side CPU Core i7-3970X@3.90GHz(6 cores)
Edge-side GPU Jetson TX2 (NVIDIA Pascal,
256 CUDA Cores)
Server-side GPU GTX1080TiOC (NVIDIA Pascal,
3584 CUDA Cores)
Equipment for current measurment | SANWA Clamp meter DCM400AD
Equipment for voltage measurment HP 972A Multimeter

Table 4: Size of intermediate data extracted from each pooling layer of AlexNet
and VGG16

(channel, height, width) | AlexNet VGG16
1th pooling (96,27,27) | (64,112,112)
2th pooling (256,13,13) | (128,56,56)
3th pooling - (256,28,28)
4th pooling - (512,14,14)
5th pooling (256,6,6) (512,7,7)

Second, I compared AlexNet with VGG16 constructed as dividable network
models. For the dividable network models, I applied H.265/HEVC to interme-
diate data extracted from the former models. HEVC compression has a Quan-
tization parameter (Qp) option. It manages the trade-off between compression
ratio and image quality. HEVC has another parameter that specifies the GOP
width of motion compensation (interframe prediction). The GOP is a group unit
composed of multiple consecutive frames (I picture, P picture, B picture), and
I picture is placed in the first frame. In this experiment, the GOP width is set
to 30 frames (I:1, P:29, B:0). NvEnc encoder does not support creation for B

pictures in many GPUs to realize real-time encoding. Therefore, the compressed
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data is composed of I pictures and P pictures. In the dividable network models,
I evaluated the compression ratio and object recognition accuracy. As noted in
Section 6, HEVC compression has a minimum CTU size, which is 16 x 16. If the
size of one frame is smaller than that, I cannot use HEVC. From Table 4, pool-
ing 2 and 5 of AlexNet and pooling 4 and 5 of VGG16 correspond. Therefore,
based on channel information, tiling process is required for these four intermedi-
ate data. However, in this experiment, when HEVC was applied, tiling processing
was performed on all intermediate data.

Third, because of the complexity of the HEVC process, it is more common
to use hardware encoders these days. Since NvEncoder and NvDecoder of the
HEVC use GPU resources, I expect increases of power consumption. Therefore,
I need to find a compression method that achieves the same compression ratio as
HEVC and consumes low energy. I applied three different compression methods
to the intermediate data, apart from HEVC. They are “bzip2” and “Run-Length
Logarithmic Quantization Encoding” that are conventional methods, and, “Zero-
Value Compression” suitable for compressing sparse data. “Run-Length Log-
arithmic Quantization Encoding” is a method of first performing logarithmic
quantization of intermediate data, and then applying run-length encoding. Al-
though the amount of information is largely lost, the compression ratio can be
increased. For “Zero-Value Compression”, the algorithm was described in Sec-
tion 3.3, but in the related work, it has been applied to 32-bit data, but applied
to 30 frames. I investigated the compression ratio, object recognition accuracy,
and power consumption of compression when four different compression methods
including HEVC were applied. Since “Run-Length Logarithmic Quantization En-
coding” and “Zero-Value Compression” cannot achieve a high compression ratio
unless the data is sparse, I applied it only to intermediate data extracted from
5th pooling layer in AlexNet and VGG16.

Finally, I applied “tolerant-RLE” | the proposed method described in Section 6,
to the intermediate data. The value of "tol” can be set between 0 and 255. Since
the contents of information are changed, I expect that the recognition accuracy

is greatly reduced depending on the test data.
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7.1.3 Comprehensive Evaluation

Based on the above experiments, I evaluate the overall dividable network models.
The following steps proceed step by step (1) extraction of intermediate data, (2)
compression processing, (3) communication, (4) decompression processing, and
(5) rest of the inference process. I assumed that the five processes of the dividable
network models are performed by pipeline processing.

In this experiment, the HEVC compression/decompression processing is ex-
ecuted by a high-end GPU. NvEnc[14] is adopted when using HEVC. In the
overall evaluation, I used all the processing time and the power consumption for
the dividable network model. The energy consumption includes the total energy
consumption per frame in the inference process on the edge device and the server,
the compression/decompression processing, and communication.

In communication, I assumed Wi-Fi (40M[bps]|)[22], 3G (1M[bps])[22], and
5G (50M[bps]) as the effective communication speed of the channel. Our require-
ments are set to 30 FPS or higher for the processing speed and to 69.7% or higher
achieved by XNOR-Nets, for object recognition accuracy.

7.1.4 Performance and Energy Models

The calculation method of FPS and energy consumption used in a comprehensive
evaluation is described. In the inference process, ttormer is the processing time
executed on a GPU of the edge device, and ;4. is the processing time executed
on a GPU of the server. The compression time is f.mp and the decompression
time iS tgecomp- 1 measured these values with real equipment. Also, the processing

time required for communication is obtained by Eq. (7).
teomm = Size/throughput (7)
Eq. (8) shows how to calculate FPS.
FPS = 1/ min(t Formery tcomps Leomm s tdecomps tlatter) (8)

Finally, the measurement method of energy consumption is described be-
low. The energy consumption J for the inference process and the compression/

decompression processing is calculated by Eq. (9),

J=P-t 9)
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Figure 17: Measurement of current in the edge computing

which is a product of the power consumption (P) of the GPU and the processing
time t. Table 3 shows the experimental equipment for the current and voltage
measurement. The methods of measuring power consumption on the edge com-
puting and the server are shown in Figs. 17 and 18. The current can be measured
by passing the clamp meter through one end of the power cord. I used a multi-
meter to measure the voltage.

Table 5 summarizes the energy consumption for each communication standard
in a J/bit. Multiplying the values in Table 5 and the size of the intermediate data
are the energy consumption for communication. Since the HEVC compression
tool in Jetson TX2 does not exist online, HEVC compression time is measured
in GTX1080Ti. The power consumption is calculated by referring to the specifi-
cations of the commercially available chip for HEVC encoder[21].
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Figure 18: Measurement of current in the server

Table 5: Energy consumption in communication

Communication standard | Energy Consumption [J/bit]
Wi-Fi (40M [bps]) 5.3 x 1077
3G (1M [bps]) 3.5 x 1077
5G (50M [bps]) 6.7 x 1078
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7.2 Experimental Results

This chapter shows the result of experiments described in Section 7.1. Sec-
tion 7.2.1 shows the result of applying HEVC. Section 7.2.2 shows a compar-
ison between lightweight and video compression. Section 7.2.3 shows a result
of applying tolerant-RLE. Section 7.2.4 shows measurement result of the power
consumption used in the comprehensive evaluation. Section 7.2.5 summarizes the

overall evaluation in terms of FPS, recognition accuracy, and energy consumption.

7.2.1 Divided Models using H.265/HEVC

Figure 19 shows the compressed data size and object recognition accuracy when
HEVC is applied to the intermediate data output from both AlexNet [pooll,
pool2; pool5] and VGG16 [pooll, pool2, pool3, poold, pool5]. poolh corresponds
to the divided model when splitting at the h-th pooling layer of the model. The
value of X-axis represents a Quantization parameter (Qp). This result clearly
shows that the larger the Qp is, the greater the compression ratio of the amount of
outputs in all layers will be. The solid lines of the chart represent the recognition
accuracy of 1000-class in VGG16, and the broken lines represent the recognition
accuracy of 1000-class in AlexNet. The bar charts represent the amount of data.

In both AlexNet and VGG16, the recognition accuracy is maintained up to
@p = 25, but the accuracy decreases sharply when @Qp = 30 of pool2 in AlexNet.
I found that the recognition accuracy was greatly reduced in the case of Qp = 40
and 50. When intermediate data are compressed with Qp = 25, compared to
®p = 0, in most cases, there is no difference in recognition accuracy, and the
data size is greatly reduced. I found that the split boundary with the smallest
data size of both AlexNet and VGG16 is poolb. This is because the original data is
small. Compression ratio with Qp25 when the split boundary is pool5 in AlexNet
and VGG16 has respectively realized data reduction of 1.37% and 0.57%. The
recognition accuracy is maintained at 73.69% and 91.99%, respectively. There-
fore, HEVC (Qp25) is adopted in the overall evaluation. From the viewpoint of
the type of network model, I found VGG16 is the more robust divided model

since AlexNet’s accuracy changes greatly.
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Figure 19: Volumes of output & accuracy of 1000-class applying H.265/HEVC to

intermeidate data

7.2.2 Comparison between Lightweight and Video Compression

Figure 20 shows the result of applying four different compression methods to the
intermediate data output from the 5th pooling layer in AlexNet and VGGI16.
The items on the horizontal axis indicate the applied compression method. Re-
garding HEVC, I used the case where p = 0, which has the least information
loss, and the case where @p = 25, which is just before the accuracy starts to
decrease from Fig. 19. rle and zero indicates respectively “Run-Length Loga-
rithmic Quantization Encoding” and “Zero-Value Compression”. The bar graph
shows the volumes of the compressed intermediate data per frame, and the line
graph shows the topb accuracy of 1000-class. From Fig. 20, I found that even with
lightweight compression such as rle-log, zero, and bzip2, compression ratios as high
as HEVC can be achieved for intermediate data having sparsity. In both AlexNet
and VGG16, the compression method that realized the highest compression ratio
is rle-log. In VGG16, compression ration of HEVC (Qp25) is 4.5%, while rle-log
has successfully reduced the data size to 0.97%. In HEVC (QP25), 1 found that

the accuracy of the 1000-class was unstable because the value of the quantization
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Figure 20: Volumes of output & accuracy of 1000-class applying four compression

to intermeidate data

step was large and the amount of information was largely lost. 1 found that the
accuracy of the other three compression methods in 8-bit quantization does not
change and is practical.

Then, Table 6 shows the result of calculating the energy consumed by the
compression processing. The items are the same as in Fig. 20. The numbers
in the figure are the result of compression processing for each frame processed
by edge computing. However, HEVC performed compression using GTX1080.
The result shows that for both AlexNet and VGG16, zero is the least energy
consuming. The intermediate data of 8-bit quantization of AlexNet is 2,691 [K
byte|, while VGG16 is 7,326 [K byte| which is about 2.7 times that of AlelxNet.
The result of rle-log, zero, and bzip2 also shows that the energy consumption
in VGG16 is about twice that in AlexNet. In order to make a comprehensive

evaluation, I must consider the transfer process.
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Table 6: Energy consumption of four processing compression [mJ/frame]

HEVC(Qp0) | HEVC(Qp25) | rle-log | zero | bzip2
AlexNet 24.1 14.5 9.04 |4.93 | 7.40
VGG16 60.9 14.5 17.3 | 10.7 | 17.9

7.2.3 Tolerant-RLE

Figure 21 shows the result of applying “tolerant-RLE” to intermediate data out-
put from pool5 in AlexNet and VGG16. From this result, it is possible to in-
vestigate how the conversion of the value to 0" affects the recognition accuracy.
The evaluation items are the same as in the previous section. The leftmost graph
is the result of the HEVC (Qp25). 1t is desirable that the data size is smaller
than the data size of the HEVC and the recognition accuracy is maintained. As
a result, in AlexNet, when tol = 50, the data size is smaller than HEVC (Qp25).
However, it turns out that accuracy decreased by 12.1%. That is below the tar-
get accuracy of 69.70%. In VGGI16, I found that the data size is smaller than
that and the accuracy was higher than the original accuracy by 0.69% when it is
tol = 35. I found that changing the value of the intermediate data output from
VGG16 between 0 and 60 had no effect. In order to investigate the reason for
the difference in accuracy, the characteristics of the intermediate data between
AlexNet and VGG16 are described. The numbers of intermediate data are 7,325K
and 2,691K respectively. Also, the values of the standard deviation are 368K and
148K, respectively, and I found that the data values of AlexNet are discentral
overall. Therefore, I see that the intermediate data of pool5 in AlexNet contain

information that affects the latter stage, even at values close to zero.

7.2.4 Energy Consumption for processes of divided DCNNs

Table 7 shows the processing time and the energy consumption of the GPU in
the edge device and the server used in AlexNet. Table 8 shows those of the GPU
in the edge device and the server used in VGG16. I chose pooll, pool2, and pool5
as the split boundary for AlexNet, and chose from pooll to pool5 for VGG16.

“all-server” and “all-edge” of Tables 7 and 8 mean respectively execute the entire
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Figure 21: Volumes of output & accuracy of 1000-class applying ”tolerant-RLE”
to intermeidate data

Table 7: Inference processing time & energy consumption of the GPU for AlexNet

Time [ms/frame| | Energy [mJ/frame]
Edge | Server | Edge Server
all-server - 5.37 - 152
1th pooling | 8.70 2.32 50.1 71.4
2th pooling | 9.06 2.12 69.6 57.3
5th pooling | 9.25 0.681 74.6 15.9
all-edge 19.1 - 165 -

process on the server, execute the entire process on the edge device. I measured
the energy consumption of the former and latter inference when executing at each
split boundary.

After the former inference is over, the compression processing is applied to the
intermediate data to reduce communication costs. Tables 9 and 10 show the result

of processing time and energy consumption when the compression is applied to

33



Table 8: Inference processing time & energy consumption of GPU for VGG16

Time [ms/frame| | Energy [mJ/frame]
Edge | Server | Edge Server
all-server - 7.05 - 347
1th pooling | 32.3 5.52 186 272
2th pooling | 45.3 4.27 331 200
3th pooling | 66.0 3.39 507 150
4th pooling | 84.8 2.50 651 98.2
5th pooling | 90.1 2.10 692 64.5
all-edge 93.4 - 807 -

Table 9: Processing time & energy consumption with compression/decompression
for feature data in AlexNet

Time [ms/frame| | Energy [mJ/frame]

Comp | Decomp | Comp | Decomp
input 0.201 0.862 0.700 13.6
1th pooling | 0.229 | 1.64 | 0.554 43.9
2th pooling | 0.170 1.09 0.417 29.2
5th pooling | 0.107 0.334 0.247 6.76

intermediate data for AlexNet and VGG16, respectively. “Comp” and “Decomp”
indicate compression and decompression, respectively. In this experiment, HEVC
is used for compression/decompression. The energy consumption of the 8-bit
quantization process is so small that it can be negligible. “input” of these tables
means a case in which HEVC is applied to sensor data.

For “all-edge,” which execute the entire process on the edge device, the output
is object IDs and the output size is only a few bytes. Therefore, both the pro-
cessing time and the energy of compression/decompression and communication
are negligibly short. In the overall evaluation shown later, these five tables are

used to estimate the total energy consumption.
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Table 10:  Processing time & energy consumption with compression/
decompression for feature data in VGG16

Time [ms/frame| | Energy [mJ/frame]

Comp | Decomp | Comp | Decomp
input 0.201 0.862 0.700 13.6

1th pooling | 1.473 17.7 4.55 7.7
2th pooling | 0.949 10.6 241 44.2
3th pooling | 0.399 5.34 1.32 19.2

4th pooling | 0.204 2.00 0.709 7.62
5th pooling | 0.082 0.437 0.300 2.12

7.2.5 Comprehensive Evaluation

Based on the results obtained in Sects. 7.2.1 and 7.2.4, I performed a compre-
hensive evaluation. In Section 7.2.5, our requirements are 30 FPS or higher for
the processing speed and 69.7%, which achieved XNOR-Nets, or higher for object
recognition accuracy. Wi-Fi, 3G, and 5G communication standards were used in
this experiment. Figures 22 and 23 show FPS and object recognition accuracy in
dividable models of AlexNet and VGG16, respectively. Figure 24 shows the en-
ergy consumption in dividable models of AlexNet and VGG16. The red horizontal
solid and broken lines in Figs. 22 and 23 represent the target value of 30 FPS
and 69.7% accuracy achieved by XNOR-Nets, respectively. From left to right, the
results of the entire process on the server, split boundaries (poolh), the entire pro-
cess on the edge in AlexNet and VGG16 are shown. I compared the communica-
tion speed by Wi-Fi, 3G, and 5G, with their compression methods. “none (raw)”
represents the data of 32bit-float type, 8-bit represents unsigned 8-bit quantiza-
tion. heve represents HEVC (Qp25). Zero-value compression and Logarithmic
Quantization Encoding did not interfere with the conclusions of comprehensive
evaluation. That is why they were omitted in the comprehensive evaluation. The
“Energy” of Fig. 24 represents the total energy consumption in the inference pro-
cess of the edge device and the server, the compression/decompression processing,

and communication. The results of the energy consumption of pool3 and pool4,

35



210 100

. fps —accuracy-top5

180 90

60
50

III )
30

90

Accuracy [%]

60 |
30 I

FPS
aw) I—
—
———
—
it ——
W) —
|
it §
—
W) —

. -1

= = 9 =T 9 = = =T 2 9 T 2 QO o 2 QO T 2 Q0 T 2 O T 2 O o 2 Q0 = 2 O

2 3 32 3 3 29 3 223 2 2 3 a2 3 2 2 3 2 3 29 3 32 3 3 a2 3

£ e 8 e e ®ec g ®ec P ® P ® PO P ® PR PO PR

@ @ [ ﬂ) [ 3 3 3 @ @ [ [

< < c c c c c c < c c c

o o o o o o o o o o o o

< < c c c < < < < < c c

wifi 3G 5G wifi 3G 5G wifi 3G 5G wifi 3G 5G wifi 3G 5G
all server pooll pool2 pool5 all edge

Figure 22: FPS & accuracy of 1000-class in divided AlexNet

which are the split boundaries of VG(G16, are omitted. Because it does not meet
the requirements from Fig. 23 and does not exist as a split boundary of AlexNet.

In Fig. 22, the object recognition accuracy of all combinations outputs a value
of 69.7% or higher. These results clearly show that the requirement is satisfied.
If the split boundary is pool5 and the communication environment is Wi-Fi or
5G, I found that this condition is satisfied even without HEVC compression and
8bit-quantization. In addition, all layers can satisfy 30 FPS by applying 8-bit
quantization using Wi-Fi/5G. In the 3G environment, without HEVC compres-
sion cannot satisfy the conditions. Also, I found that “all-edge” of AlexNet can
satisfy the conditions despite the low computational resources.

With Fig. 23, VGG16 has more layers and higher object recognition accuracy
than AlexNet. Consequently, I found that the accuracy requirement is satisfied
in all cases. I also found that the dividable network model in VGG16 could not
satisfy 30 FPS when the process after pooll is executed on the edge device. In
pooll with Wi-Fi or 5G, HEVC compression is required to satisfy 30 FPS. Also,
In “all-server” with 5G, both none and HEVC satisfy the condition.

From Fig. 24, 1 found that under the same conditions, the energy consump-
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Figure 23: FPS & accuracy of 1000-class in divided VGG16

tion of AlexNet is smaller than that of VGG16, because the total computation
of VGG16 is larger. In the case of 3G, although the power consumption for com-
munication per bit is large and performance is low, requirements can be satisfied
using HEVC reducing data size. On the other hand, since the value of J/bit is
small in the Wi-Fi or 5G environment and the power consumption required for
compression /decompression of the HEVC is larger, it is suitable to use only 8-bit
quantization with Wi-Fi or 5G. Also, as you can see clearly, both AlexNet and
VGG16 have the lowest energy consumption when the entire process is executed
on the edge device.

Table 11 shows a summary of the result from the viewpoint of FPS, recognition
accuracy, and the energy consumption per frame. div (8bit) and div (hevc) in
the top row of Table 11 indicate that the network model is divided and 8-bit
quantization or HEVC compression are applied respectively. “NG” indicates
that the any combination does not meet some necessary conditions. div (8bit)
and div (hevc) include all possible cases of the dividing boundary. The numbers
represent the lowest energy consumption within all boundaries where the results

of both FPS and accuracy conditions are met.
I expected to find an optimal split boundary in both AlexNet and VGG16 us-
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Figure 24: Energy consumption in divided AlexNet & VGG16

Table 11: Overall result for inference of divided AlexNet and VGG16 [J/frame]

all-server | div div | all-edge
(heve) | (8bit) | (heve) | (none)
Wi-Fi 1.36 0.246 | 0.253 | 0.165
AlexNet | 3G 1.37 NG | 0.254 | 0.165
5G 1.37 0.250 | 0.253 | 0.165
Wi-Fi 1.78 NG 2.06 NG
VGG16 | 3G 1.79 NG NG NG
5G 1.78 NG 2.08 NG

ing dividable network model. However, from this table, I found that in AlexNet,
the least energy consumption is realized when the entire inference process is ex-
ecuted on the edge device in all cases of Wi-Fi/3G/5G. Energy consumption
can be reduced by about 87.9% compared to executing all process in the server.
Meanwhile, in the case of VGG16, if the split boundary is pool2 or later, FPS
will be lower than the requirement due to long computation time on the edge de-
vice. If the split boundary is pooll, the amount of communication will be larger
than input data. For this reason, the energy is greatly consumed for HEVC com-
pression/decompression and communication. As a result, executing the entire
inference process on the server with HEVC compression is optimal from a view-

point of FPS, accuracy, and energy consumption. If the split boundary of VGG16
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is pool2 or later and the communication environment is Wi-Fi or 5G, the power
consumption is lower in most cases than “all-server”. Therefore, when adopting
VGG16, I found that it need measures to increase the processing capacity of edge
computing or to somehow reduce the inference process of VGG16. If the comput-
ing power of edge computing is accelerated about 1.36 times, processing can be
performed on the edge device up to pool2 in VGG16, and the energy consumption

can be reduced by about 6.74% compared to the conventional method.
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8. Conclusion

In this paper, regarding the network model with a large amount of computation, I
considered dividable network models that can distribute the server load by using
the computational resources on the edge computing. As a result of applying
HEVC compression to the intermediate data, I found that the accuracy can be
maintained by both AlexNet and VGG16 up to @Qp = 25. When dividing in 5th
pooling layer using HEVC, the compressed intermediate data can be reduced by
65.5% with AlexNet and 49.7% with VGG16 than the compressed sensor data.

However, the compression processing of the HEVC is complicated, and the
energy consumption is large. Therefore, as a result of applying lightweight com-
pression, I found that “zero-value compression” and “bzip2” consume less energy
than HEVC for compression/decompression processing. However, since the com-
pressed data size was about 5.9 times (zero-value compression) and about 3.5
times (bzip2) bigger than compressed data using HEVC (Qp25), I found that the
power consumption for communication processing was large. In terms of “Run-
Length Logarithmic Quantization Encoding” and “tolerant-RLE”, depending on
the type of data, it turned out that the compression ratio exceeded HEVC (Qp25)
and kept the accuracy of 1000-class.

In order to construct models with efficient performance and energy, I evalu-
ated the dividable model of AlexNet and VGG16. From the perspective of FPS,
accuracy, and energy, the following has been found. When it is AlexNet, it is
most efficient to execute all inference processing at the edge computing. If all
inference processing is executed on the edge device, the output data is only 1000
normalized values, so compression processing will not be required. Therefore,
regardless of whether the communication environment is Wi-Fi, 3G or 5G, the
energy consumption is 0.165 [J/frame]. When it is VGG16, it is most efficient to
execute all inference processing on the server using HEVC. Even with VGG16, 1
found that if the communication environment is changed, the energy consump-
tion almost does not change. When Wi-Fi or 5G is set, 1.78 [J/frame]. When 3G
is set, 1.79 [J/frame].

Finally, we investigated the dividable network model for object recognition
in this study. As a result, an efficient implementation method of both network

models was found. Regarding AlexNet, Energy consumption for inference can be
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reduced by about 87.9% compared to executing all process in the server. Regard-
ing VGG16, if the computing power of edge computing is accelerated about 1.36
times, processing can be performed on the edge device up to pool2 in VGG16, and
the energy consumption for inference can be reduced by about 6.74% compared

to executing all process in the server.
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