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[Abstract]

In this paper, we propose an infrared camera anomaly detection system based on deep learning. In
general industrial sites, infrared cameras are used for facility management. However, if something goes
wrong with the infrared camera, recording stops and the status of the facility is unknown. Therefore,
monitoring is necessary to prepare for this. Currently, only manpower is monitoring the camera.
However, there are limitations such as human error and mass inspection. To solve this limitation, we
compare performance using AlexNet, VGGNet, ResNet, which are types of deep learning, and propose
an automated monitoring method with better performance by comparing the captured original image and
the histogram extracted image as a preprocessing process. The data set was collected and used by
KEPCO's infrared night vision camera, and the results of training the data set with the VGGNet model
and predicting the results were the best. The result is that the input image is judged to be
normal/abnormal for the image captured at a certain period, and the model performance came out as
Accuracy 0.97, Precision 0.97, Recall 0.97, Fl-score 0.97. In addition, it was confirmed that the data

set preprocessed with the histogram performed better.
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I. Introduction
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II. Preliminaries

1. Related works
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1.1 AlexNet
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FC(Fully Connected) layerd] o]z feature® input
sizeE 17Jslof 5] wizoltt.

1000

Fig. 1. Architecture of AlexNet[14]
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1.2 VGGNet(Visual Geometry Group Network)
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Fig. 2. Architecture of VGG-11[15]
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1.3 ResNet
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a. Residual block for
resnet-34
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block for resnet-
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Fig. 3. Residual Block for ResNet[16]
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a. Building block& skip connectiondt 3x3
convolution & T 7J2 A& 0911, ResNet-340]A4]
AFE 3,

b. Bottleneck building block& skip connectionit

1x1 convolution &% % 7] AfoJo] 3x3
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1.4 Histogram
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Fig. 4. Example of Histogram[18]
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1.6 Classification Performance Evaluation Index
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= rhe arh2 2AlE Bestap] 9l 2lol2 e AR
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False Positive@] 9FAt= AlA|Zio] FalseQld] of|&%re
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Table 1. Confusion Matrix
actual
true false
true false
true positive positive
(tp) (fp)
predicted
false true
false negative negative
(fn) (tn)
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TP+ FN+ FP+ FN

Accuracy =

Precisiono] 1.0¥¢ wj= FP7} 00]|il, Recallo] 1.0

mj= FNoJ 091 71 UHERdC

TP

Precision = TP FP (3)
TP
Recall = m (4)

Fl-scorex= Precisioni} Recall?] ZR3tH A4S 0]835

2ol

o v

Fl-score = 1 2 1 (5)
_l’_

Precision

Recall

III. The Proposed Scheme

A HlolH A2z s|A& 31t 2D-FFTE AR
uhH | AlexNet, VGGNet, ResNet9] UEYIE AJ+
oF ndls ARSE 9, ReLU(Rectified Linear Unit)
Leaky ReLU(Leaky Rectified Linear Unit)E v]w3t
WHg ALEA AT AlY B73e Table 20 ek

oXx rok

Table 2. Experiment Environment

input size (288, 432, 3)
loss binary_crossentropy
optimizer adam
gpu Tesla T4
tensorflow 28.2
weight initialization he_normal
batch size 32
learning rate 0.001

BeME=HIK|B= Accuracy, Precision,
Recall, F1-scoreo|t}. 0.0 ~ 1.0 Afo]e] grS 7|0 2+

1. Experiment

1.1 Data Preprocessing
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4 Capture image

b. Histogram image ¢ 2D-FFT image

Fig. 5. Example of data preprocessing
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1.2 Model
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Fig. 6. Architecture of Alexnet
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Fig. 62 Alexnet, Fig. 72 VGGNet, Fig. 82 ResNet
Asto] k= mdolch kernel®] 3719} channel©]
wele] shaat A YEA T Y e

ozt s}o] Ei 2 Eelsieict. mjeiy
HEL39 37|15 £9] AlexNet, VGGNet, ResNetS s+
& Rz AeEgich 7)1E naluct e 5 =53}
7] Yol AlexNet2 LRN thAl BN(Batch Normalization,
HiR] deh2 ARSI [26], FC layerof= dropoutZ
x83ict. VGGNetd} ResNet2 7]&0] YEQS 7|2
Zo] 77+ 97), 14749 layerz LAISHCEH

1.3 Activation Function

Ado] AREE 2435} dheg ReLUQt Leaky ReLUZ
}\}_Q.O}Oﬂq 9,]—/\-19’} %_/'}_E l:l=]7:lo}o:] KLQ.o]— O] o ‘]: _FIL
2 Hole2 Fge Agdy 5L UEHAE A8ete
3% ReLUET} Leaky ReLU7t £2 A2 HY7| fj&
oJTH27].

ReLU(x) Leaky ReLU(x)

» T EE ) )

Fig. 9. ReLU and Leaky RelLU Activation Function

AT arq.

2, Results
Table 3-4+= Aldo] Autg, 871 &0
Tkt Accuracy, Precision, Recall, Fl—scoreJ uE

sfo] &2 LER Zlo]ch

717 Behem
=T TIT 00

Table 3. Performance Comparison of three data
using AlexNet and VGGNet and ResNet

3 metrics c.apture histogram 2D-FFT
epoch image
accuracy 0.74 0.87 0.64
alexnet precision 0.83 0.87 0.95
recall 0.75 0.90 0.37
f1-score 0.71 0.88 0.43
accuracy 0.81 0.90 0.60
vggnet precision 0.79 0.92 0.58
recall 0.85 0.85 0.93
f1-score 0.78 0.89 0.71
accuracy - 0.85 -
resnet precision - 0.99 -
recall - 0.72 -
f1-score - 0.82 -
Table 3& Capture image, Histogram image,

2D-FFT imaged] AlexNet, VGGNet, ResNet2 X85}
of 8A17] ATHE UERE 2ot slo] E17] 9o 7
S -2 B/I30E Aak= 50 epochollA] 5 &5dt
ZAupo] HWA7rS 71Ast 202 fl-score 7]& AlexNet

0.71, 0.88, 0.430]11, VGGNet2 0.78, 0.89, 0.719]
a5 Bl 08 W BT U
fl-score 71& 2D-FFT image9]] AlexNetS A-2312 mf
0.430.2 7% o
VGGNet2 A-830

rlo

S Y91, Histogram image®]

-]L.
O o
f 0.892 "M 52 ds2 BT

ilte

Table 4. Performance Comparison According to
Alpha Value of Leaky RelLU using VGGNet

ep500ch metrics (rgl;) 0.1 0.05 0.01
accuracy 0.90 0.94 0.95 0.97

vggnet precision 0.92 0.96 0.97 0.97
recall 0.85 0.91 0.93 0.97

f1-score 0.89 0.93 0.95 0.97
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orM AldofA fl-score 7]%& Histogram imageO|
VGGONetZ A-gst= Aol 7 £2 65 Ed= A
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0.1, 0.05, 0.01& A&l ReLUCt v|w st ZAutE L}
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Fig. 10. ROC Graph of Best Performance

Fig. 102 7P £& 452 EH VGGNetd] T
9} Eojx& o]&stoy ROC(Receiver Operator
Characteristic) 242 13 7108 AUC(Area Under

the Curve)+= 0.980]c}.

IV. Conclusions
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