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A Study on the Evaluation of Classification Performance by Capacity of
Explosive Components using Convolution Neural Network (CNN)
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ABSTRACT

This paper is a study to evaluate the performance when classifying explosive components by capacity using a convolutional neural
network (CNN). Among the existing explosive classification methods, the IMS steam detector method determines the presence or
absence of an explosive only when the explosive concentration exceeds the threshold set by the user. The IMS steam detector has
a problem of determining that even if an explosive exists, the explosive does not exist in an amount that does not exceed the
threshold. Therefore, it is necessary to detect the explosive component even when the concentration of the explosive component does
not exceed the threshold. Accordingly, in this paper, after imaging explosive time series data with the Gramian Angular Field (GAF)
algorithm, it is possible fo determine whether there are explosive components and the amount of explosive components even when
the concentration of explosive components does not exceed a threshold.
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(Figure 1) X-ray dangerous object inspection method
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(Figure 2) Metal detector test method for dangerous
substances.
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0 otherwise
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MaxPoling
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(T8 4) &l AFZ2El CNN 22 7=
(Figure 4) CNN model structure used in the experiment
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2.2 Gramian Angular Field(GAF)
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GAF®] 79 GASF(Gramian Angular Summation Field)
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Summation

(a2l 5) (&) GASF, (2) GADF
(Figure b) (left) GASF, (right) GADF.
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(Figure 6) Noise in explosive time series data.
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(Figure 7) Irregular cycle of explosive time series
data.
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(Figure 9) Noise removal from explosive time
series data.
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(Figure 11) RIP value of explosive time series data.
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(Table 1) Training dataset configuration.

10ng 50ng 150ng 200ng
TNT 150 199 381 343
PETN 185 230 393 343
RDX 355 373 498 658

(¥ 2) HAE Mol ME 4
(Table 2) Configuration of test data sets.
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(Figure 12) Divide the cycle accurately through the PETN 30 30 30 30
preprocessing process. RDX 30 30 30 30
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S A3y S8 ZE HolE MEE GAF &1 CNNo| ZHHE AIAIE dloJe] £/E k= Zlo] th&
2152 GADF o2 I8 134 o|n A3, o]n] a3 vwE sgs o Holdx wstr] Sl AlA
Agtg vlolE] MEE Bd Ao 2 AA A2&E7} wh g dolH #F EY F AF AEHIL Qe
£ One Stage Detector #24]2] CNN 75+ 2221 YOLOV4 SimpleRNN, LSTM, GRU=}= 3719 Rdls vy s &
[11]2 &3 tolE MEZ labeling |5 5 FHslo 1} A}k olgfe] X 4, %5, & 63 T AAE A4S F 9
L 7}EAE o834 HAE HolH MER #AZdE 21tk SimpleRNN, LSTM, GRU A&l A}2-% Ho]E] 4]

e AAE HolH 7 43S

P

TNT SOng TNT 150ng

D

PETN 10ng PETN 50ng PETN 150ng

TNT 200ng

PETN 200ng
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(a8l 13) Ee=
(Figure 13) Imaging data by explosive sample
concentration.
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EE= CNN A8 A8 d A o] £ £ o
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(X 4) CNN, SimpleRNN, LSTM, GRU Accuracy
(Table 4) CNN, SimpleRNN, LSTM, GRU Accuracy

Simple

CNN RN?\I LSTM | GRU

TNT 10ng | 96.7% | 73.3% | 83.3% | 86.7%

TNT BOng | 100% | 73.3% | 86.7% | 93.3%

TNT 150ng | 100% | 76.7% | 86.7% | 90.0%
TNT 200ng | 93.4% | 73.3% | 80.0% | 86.7%
PETN 10ng | 76.7% | 63.3% | 70.0% | 73.3%
PETN 50ng | 86.7% | 73.3% | 73.3% | 73.3%
PETN 150ng| 83.4% | 76.7% | 83.3% | 83.3%
PETN 200ng| 96.7% | 70.0% | 76.7% | 80.0%
RDX 10ng | 96.7% | 63.3% | 80.0% | 86.7%

RDX 50ng | 96.7% | 73.3% | 80.0% | 90.0%

RDX_150ng | 96.7% | 73.3% | 80.0% | 83.3%
RDX 200ng | 100% | 70.0% | 76.7% | 83.3%

(% b) CNN, SimpleRNN, LSTM, GRU Error rate
(Table 5) CNN, SimpleRNN, LSTM, GRU Error rate

(% 3) EL4= AAY ofolef CNN g AH Zot
(Table 3) Explosive Time Series Data CNN Application oNN | Simele GRU
Experiment Results RNN
T T T TNT TNT_10ng | 0.033 | 0.267 | 0.167 | 0.133
10ng 50ng 150ng 200ng TNT_50ng 0 0.267 0.133 0.067
Aocuracy 96.7% 100% 100% 93.4% TNT 150“9 0 0.233 0.133 0.100
Error rate| 0.033 0 0 0.066 —
Fl-score 0983 10 10 0.966 TNT_200ng | 0.066 0.267 0.200 0.133
PETN PETN PETN PETN PETN_10ng 0.233 0.367 0.300 0.267
10ng 50ng 150ng 200ng PETN_50ng 0.133 0.267 0.267 0.267
Accuracy | 76.7% 86.7% 83.4% 96.7%
PETN_150 0.166 0.233 0.167 0.167
Error rate| 0233 | 0.133 | 0166 | 0.033 Slihdl
RDX RDX RDX RDX RDX_10ng 0.033 0.367 0.200 0.133
< ;6032 9%033 ;207”3 21%?/9 RDX 50ng | 0.033 | 0.267 | 0.200 | 0.100
Cccuracy .17 . 170 A7 0
Error rate 0033 0033 0,033 0 RDX_150ng 0.033 0.267 0.200 0.167
Fl-score | 0.983 0.983 0.983 1.0 RDX_200ng 0 0.300 | 0.233 | 0.167
16 2022. 8



EFM UZY(CNN)S 0|88t =

(% 6) CNN, SimpleRNN, LSTM, GRU F1-score

(Table 6) CNN, SimpleRNN, LSTM, GRU F1-score

Simple

CNN ANN LSTM GRU

TNT_10ng 0.983 0.846 0.909 0.929
TNT 50ng 1.0 0.846 0.929 0.966
TNT_150ng 1.0 0.868 0.929 0.947
TNT 200ng | 0.966 0.846 0.889 0.929
PETN_10ng | 0.868 0.776 0.824 0.846
PETN 50ng | 0.929 0.846 0.846 0.846
PETN_150ng| 0.909 0.868 0.909 0.909
PETN_200ng| 0.983 0.824 0.868 0.889
RDX 10ng 0.983 0.776 0.889 0.929
RDX 50ng 0.983 0.846 0.889 0.947
RDX 150ng | 0.983 0.846 0.889 0.909
RDX 200ng 1.0 0.824 0.868 0.909

ofgf o] 1% 14 APl AH&H SimpleRNN, LSTM,
GRU®| A% layer Aotk A9d oA loss
function< Categorical_crossentropy, Optimizer= RMSprop
S Aok

SimpleRNN (None, 90, 64) GRU (None, 90, 64)

LSTM (None, 90, 64) ‘

]
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|
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i
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(a2! 14) SimpleRNN, LSTM, GRU A2 layer 7+4

(Figure 14) Configure SimpleRNN, LSTM, GRU
Neural Network Layer
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