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ABSTRACT

Deep learning technology is known to be very effective in inferring the results of high-dimensional data and
can be applied to various business areas. With the development of the deep learning framework, various
artificial intelligence services are emerging. In particular, Smart City, which has recently become a hot topic,
provides artificial intelligence services based on various data from cities. However, most artificial intelligence

services have limitations in efficiently using resources only to satisfy the inference accuracy of models using
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deep learning technology. Even when configuring a web or platform architecture for actual service application,

costs for operating various infrastructure technologies from data inflow, pre-processing, model learning, and

serving are incurred. In the case of smart city services, operating costs are expected to be large because they

are operated based on vast amounts of data. In this study, various architectures are designed for the

development, distribution, and management of stable web services equipped with deep learning models, and the

performance of the architectures is compared. Performance comparisons were made for a total of four

architectures: Embedded function architecture, which is a general function execution method, and Flask API,

Fast API, and TFServing architectures, which are REST methods. As a result of the experiment, TFServing

showed the best performance in terms of data processing speed, but when considering the types of models and

customization that can be mounted, Fast API, which shows sufficient speed, was also shown to be sufficient to

develop a stable architecture.
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Fig. 10. CNN structure for Model Training and
Experimentation
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Table 1. Detail Explanations of CNN Configuration

Activati
Layer Size Filter ¢ va. 1o
Function
Convoltion 3x3x64 relu
Input 32x32x3
Dropout 0.5
Convoltion 3x3x64 relu
Layer-1 32x32x64
Dropout 0.5
Layer-2 32x32%64 Max Pooling 2x2 -
Convoltion 3x3x128 relu
Layer-3 16x16x64
Dropout 0.5
Layer-4 16x16x128 Max Pooling 2x2 -
Convoltion 3x3x256 relu
Layer-5 8x8x128
Dropout 0.5
Layer-6 8x8%256 Max Pooling 2x2
Layer-7 4x4x256 Flatten - relu
Layer-8 512 Dense 512 relu
Layer-9 512 Dense 10 softmax
Output 10 - -

E 2. sheslol A B Axeslo] w A
Table 2. H/W Spe01ﬁcat10ns and S/W Version Information

CPU RAM GPU
Intel(R) Core(TM)
HW
{7-9700K CPU @ 64.0GB (;’gsgrcseUI;glf
3.60GHz
Tensor
0s CUDA | cuDNN
Python Flow G
S ind
ndaows
o 383 | 230 101 | 76532
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Table 3. Comparison of Average Request Processing
Speed by Data Size

I:;'";:Z E:::S::d Flask API Fast API | TFServing
1 0038 s 2.090 s 0.056 s 0.009 s

10 0296 s 20.851 s 0577 s 0082 s
100 2927 s 209.449 s 5763 s 0826 s
1,000 37.840 s 2059.050 s | 56.694 s 8.167 s
10,000 289219 s | 20702.672s | 531959 s | 82519 s

B4 o)A £ 4w

Table 4. Comprehensive  Information  Of  Each

Architecture
System
T f T f resource
Architecture e © language pe o
model request CPU RAM
(%) | (MB)
Embedded
function general python None 21.7 450.5
Flask API general python REST 54 200.7
Fast API general python REST 18.2 260.2
. tensorflow REST,
TFServing servable C++ 2RPC 23.7 275.6
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Fig. 11. Comparison of Average System Resource Usage
by Each Architectures
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