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This study presented a GRN-based customized CNN
model to classify naval/maritime ship damage and to
visualize the decision basis of the classification. The
custom CNN classified ship damage into six categories,
achieving a classification accuracy of 97.6 %.
Furthermore, the decision-making process of the model
was visualized using Grad-CAM, which highlighted the
key regions contributing to the classification.

S5 A (Convolutional Neural Network),
A 7Hs 8t Al(Explainable Al),

A2 AAHHull Inspection),

22 B22|(Classification Problem),

A B2y (Lightweight Deep Learning)
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Table 1. Structure of proposed CNN model

Hyper—-parameters

Conv1 in_channels = 3, out_channels = 32, kernel = 3x3, stride = 1, padding = 1, ReLU6

MaxPool1 kernel = 2x2, stride =2

Depthwise: in =32, groups = 32,

DW(ConvBlockT (Layer 2)) Pointwise: out = 64, BatchNorm, ReLU6

Parallel branches: 3x3 conv, 5x5 conv — Dilated 3%3 convs — BatchNorm + ReLU6 + GRN,

MultiScaleBlock(Layer 3) Concat: out = 126

DW(ConvBlock2(Layer 4)) Depthwise + Pointwise conv: in = 126, out = 192, BatchNorm, ReLU6

Classifier Depthwise Conv in=192, groups = 192, kernel = 3x3, padding = 1

Classifier Pointwise Conv in=192, out = 128, BatchNorm, ReLU6

AdaptiveAvgPool2d

Output: [batch, 128,1,1]

H3x3 7R 242 9 A2e T 2L Agat
HAlo| k., ZF brancho] A= batch normalization,
ReLU6, GRN(global response normalization)[23]
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ture map? T AEE 1x102 =0, 282
12874919 A M e = b}
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3T ZF FC layerE B3] 6719 A0 tist &

IS A= e Z wjPHr} o] 8 HE L 9
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&g At

9 Sk o A= Google Colab 230 A

Tesla T4-GPUE &85t 1, Pytorch T A=A
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Z Ao vlo] A5 42 FHA TN EAT EAE
11335t glolg <o ¢H]# 5l weighted cross
entropy[25]& AH&-3fl sl 2 5kalAt 5Fitt. 2 A3} 7]

2 adam optimizer[26]Z A&3l¥ oM, StGE

2 0.0005, weight decay+= 0.00001% 4 5} % t}.
Zr batch®= 32719 glo|HE 1 H5I¥ 1L st F
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2 hyper-parameters 45} % t}.
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fl-scoreZ7} TL5 0.97 o|Afolgt= HojA A 7H
#Zolu 27 LF7F A8 S 9|t
&£ 2HaE 249 o & A& glst] ¢
stof oju] A1 9] AA 2t (true) T} o5 H 2Hd (pre-

dicted)S Fig. 29} &o] &5 J & (confusion mat-

446 2025; 8(3); pp. 444-449 Journal of the KNST



Minwoo Yang et al., CNN-based Classification Model of Ship Hull Surface Damage KNST

0.8

0.6 1

Loss

0.4+

0.2

—o=—Train loss
o= Validation loss

Epoch

0.6

Accuracy

0.4+

0.2

—o—Train accuracy
—o— Validation accuracy

T

10

20 30 40 50
Epoch

(b) Train vs. validation accuracy

Fig. 1. Learning curve of the proposed model
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Fig. 2. Confusion matrix of the test result
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(d) Crack (CAM resullt)
Fig. 3. CAM results of the test dataset

Table 2. Comparison of current research and prior research

Research

Corrosion Detection on Ship Hull Using ROV
(Widiatri et al.[5])

(e) Corrosion (CAM resullt)

Proposed model

Customized CNN based on VGGNet

(f) Deformation (CAM resullt)

Accuracy

86.6 % (underwater)
91.1 % (surface)

A Zero-Shot Image Classification Method
(Lietal.[6])

IDATLWGAN based on CNN and GAN

91.7 % - 94.3 %

Intelligent Image Recognition System
(Chinetal.[7])

Customized CNN based on LeNet 67 % -89 %

This research

Customized CNN based on GRN

97.6 %

ZAF=FA AT 7 E AP A GG
o XY=}, Table 2= o]& AFY Ato] thet
A ndy A& 72 A5t Aot} widiarti
etal.[5]9] F§-, T H Ao gl 5ol A 86.6 %,
Ao A 911 %0 IH T Lietal.[6]= Avt =2 H
2olzts & T Qlo] gl 91.7 % — 94.3 % A
g & H Yt} Chin et al.[7] T3 @< biofouling
of gtsll 67 % -89 %2 B & ‘%EP‘z‘iE}- SHA|RE 2
AP A L F, A, MuF £ HHol 3711 &
H| Q1o A normal& Z 33t 6714 ﬁxi 2 A4 £
£ =976 %2 AL E ERSIOH, &
CNN #+2 & 4-&5t= 20| ofld GRN 7]¥t9] A&
HEYAE MEA +S55tAS0le EFstL Ay o
T =2 AL =S

5.4
9FA AW uhe} o], Auho] £ mhote 3]
QLA glo] WA o|r, o] & YA L AAT A

3 gst4ol 27 H Tt
E JdRoAL dEtyg o g AFRFH= o]u|x] =
7]% =2 CNN< Hﬂlo]-oc] /\-]tﬂ- \:ﬂ 01‘1—1_4 A—]xﬂ A—]x]
£ shore Sago 2 AA A At 7]
of sh W4l A st Ao m, Axk Adute] ofm A o
ol & RSt AMEY R AfotE A
Olﬂlﬂ golEAl S F55Ft. °]F, CNN 7]}t
7 292 AAstel 919 HolE e S nd o
9*%, A5 HH2ES 3T AR HF H2E A

B 97.6 %9 Foj¢ 232 AL % AAUTH B,
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