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[Abstract]

In this paper, we propose reinforced VGG style network structure for low performance embedded
system to classify low resolution infrared image. The combination of reinforced VGG style network
structure and global average pooling makes lower computational complexity and higher accuracy. The
proposed method classify the synthesize image which have 9 class 3,723,328ea images made from
OKTAL-SE tool. The reinforced VGG style network structure composed of 4 filters on input and 16
filters on output from max pooling layer shows about 34% lower computational complexity and about
2.4% higher accuracy then the first parameter minimized network structure made for embedded system
composed of 8 filters on input and 8 filters on output from max pooling layer. Finally we get 96.1%

accuracy model. Additionally we confirmed the about 31% lower inference lead time in ported C code.
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I. Introduction
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II. Preliminaries

1. Related works

1.1 Overseas Trend
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1.2 Domestic Trend
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III. The Proposed Scheme

1. Synthesized Infrared Image
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Synthesized Infrared Image of Vehicles

Fig. 1.
(From top left CW : Tank, BTR, ML, Jeep,
SUV, Truck, Sedan, Pickup)
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Fig. 2. Resized and Cropped Infrared Image of Vehicles
(From top left CW : Tank, BTR, ML, Jeep,
SUV, Truck, Sedan, Pickup)
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Fig. 3. Synthesized Infrared Image of Background
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Fig. 4. Synthesized Infrared Image Generating Rule
28x28x1
Table 1. Synthesized Infrared Image
Class Amount Note
Background 784,000 Argumented Conv3x3-4
Tank 629,856 3 Types
BTR 209,952
ML 419,904 2 Types 26x26x4
Jeep 419,904 2 Types
Pi T
ickup 629,856 3 Types Corv3x3 4
Sedan 209,952
Truck 209,952
SUV 209,952 %244
2. Reinforced VGG Network Structure
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Table 2. Model Configuration

A \ B \ C \ D
Input 28%28 Gray Image
Conv3x3-8 Conv3x3-6 Conv3x3-5 Conv3x3-4
Conv3x3-8 Conv3x3-6 Conv3x3-5 Conv3x3-4
MaxPool2x2
Conv3x3-8 Conv3%x3-12 | Conv3X3-14 | Conv3X3-16
Conv3x3-8 Conv3%x3-12 | Conv3X3-14 | Conv3X3-16
MaxPool2x2
Conv1x1-9
Global Average Pool
SoftMax
Parameters | Parameters | Parameters | Parameters
1,913 2,475 2,837 3,253

Table 3. Number of Calculation of Models

A B C B)
Mul 476,064 |Mul 372,600 |Mul 337,932 |Mul 314,640
Add 464,592 |Add 362,976 |Add 329,232 | Add 306,864

MaxPool 1,280 | MaxPool 1,056 | MaxPool 944 | MaxPool 832

Total 941,936 | Total 736,632 | Total 668,108 | Total 622,336
Ratio 1.000 |Ratio 0.782 |Ratio 0.709 Ratio 0.661
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3. Training
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4, Training Result
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Table 4. Accuracy of Models

A B C B]
Training Training Training Training
Acc 0.937 Acc 0.953 Acc 0.959 Acc 0.961
Test Test Test Test
Acc 0.939 Acc 0.957 Acc 0.956 Acc 0.963
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5. C Code Porting
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Table 5. Inference Lead Time of Models on ported
C code
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IV. Conclusions
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