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SAR Ship Detection based on Deep Learning using Class Activation Map
Byoungjun Kim”, Hyoi Moon”, Jaeseok Lee”, and Sunok Kim”*

e o

AA A om A A At %Z]L Autel Exjet w4 22 A7|2 Qs ofEE Aol deld 7wk EA 9x 43
At Al A fie e BAFAAT %‘%‘ 314 7heAdel EEsit B =RolAe 94 4A ojuxoA Aut gAE 9]
Faster-RCNNz} CAM(Class Actlvatlon Map) 9 §8 71&S At ﬂ-q. Aeret 7)4e AEE EA 7R oA Faster-RCNN9| &
A 7FsAo A CAMS AHE Astel=t], Faster-RCNN €785 B4 998 74A e H AMEE Y, CAM 7|& Au 744
71dskE olnA Y J9E Axse JE WE Adste ® AHEEch I# thy ROISL & €43 91 Aty Zﬂfﬂ%%
A T 2 AUEE 248 Alu g2 AFHE Al

g

Agﬁﬂm

[¢]
T

Abstract

Ship detection in remote sensing images is a challenging task due to the complex backgrounds and small sizes of ships. Deep
learning-based object detection algorithms have shown promising results in ship detection, but they often lack interpretability. In
this paper, we propose a fusion technique of Faster-RCNN and Class Activation Map (CAM) for ship detection in remote sensing
images. Our proposed technique combines the advantages of Faster-RCNN in accurate object detection and CAM in interpretability.
The Faster-RCNN algorithm is used to detect regions of interest, and the CAM technique is used to generate a heat map that
highlights the regions of the image that contribute to the ship detection. The ROIs and the class activation map are then combined
to refine the ship detection results. Our experiments show that the proposed approach achieves higher Precision while maintaining
Recall.

Keyword : Object Detection, Deep Learning, SAR ship detection, Class Activation Map

a) $k3}A] 2®ll(Hanwha System)
b) Sr=y st <13A5 8 Department of Artificial Intelligence, Korea Aerospace University)
§ Corresponding Author : 7]41(Sunok Kim)

E-mail: sunok kim@kau.ac kr

Tel: +82-2-300-0262

ORCID: https://orcid.org/0000-0002-9665-4214
#0] A 2022 FR(EAANAH) ] AL R FPAtATL AP ol Fad M eATEE AN EARI A (No.915029201)
+ Manuscript 26 February, 2024; Revised 25 March, 2024; Accepted 25 March, 2024.

Copyright © 2024 Korean Institute of Broadcast and Media Engineers. All rights reserved.

“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited and not altered.”



ABE 9 39 w2 BYst ARE o] & Held 7|Wke] SAR Aur g4 7l At 199
(Byoungjun Kim et al.: SAR Ship Detection based on Deep Learning using Class Activation Map)

.M E
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TN A R A GE HFet AT FH] T E
oRAE TEE H AMEEE #HolH A g FHol
o Yol o Esh= Aot XS &3 A3 3K (Elector
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HALE ZHA gL $4517] 98 rlol AR} JUAE AL
gtk SAR ofn|A|& IFS SR 5 TE W] &
A gagle] IAFE F glom FHFAME ojuAE
A 5 Stk o]H 3 SAR Fde] 5A4S o] &ste] %3
g, 4 B, AEE HsE 74 55 TS oSS of
Z@A o)A A SAR 7|&S T83lT Utk

1 Fo1A SAR oJuAE &gt Ayt
SE7F AlgE o] Slof 2 Ao WA
olg] ¢ Auke] Hxgh wiAF 22 A7|E s
Zolth 7] SAR oW A BRI FAYPL
12 71 CFARP(Constant False Alarm Rate) HF2]©.
5 ek A WA oju A ettt A&t v
7F gebx] Wg Aol Holxitks @ie] SlA, CFARE &%
#¢] A (pixel) Fho] T FAEY Fri= 7oz A
ol ek ZnE g s B3l gAs Hew ol 54
gl 7k S EE7F 5343 SAR o] m| Ao thsiA
= A8 gA] Aol AldA oy BE HAS shud A2
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ol % Hepd el Ao, FA4F 1749 (Convolutional
Neural Network, CNN)Z- 7|90 & 3}= &) €2 &g
& v RN £2 235 BAFAY olge ¢
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o] FAIE A3y s Held Bdo] SY2 o5
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1. ZHX| ErX|(Object Detection)
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AA GA) AT = de 5 AR fdste A4
o] 23= =t o] HAelA AREstE CNN2 dd o] A&
F41(Convolution) 3t &5 #lo]ol(Layer)E F3l o] 7|A]
A #E 75e FESE THe e = AA 2929
AAE Aste &7 ErEF dgE AA EA
npA e @A ojm ol R|o A AR St Y AAE
27 gt

olgg A g4 daeFoE B2 ded 7Nt J
WA S0l AtE ottt A 19A AA gA] WA 2d
Al AR GA] A 0 &2 vt 19 AA g4 e A
Aol A% £F, T2l vhew vk HAE S0 59
ste wWAoR, tuEAQl oA ZwgFer yoro
(You Only Look Once)9} SSD'"*)(Single Shot Detector)7}
At YOLO= ©vjAE e =(grid) 2 Wi, 7 o
2FS- 0)4-3F FCN!'(Fully Convolutional Network)S E-3]
grid B2 u}-95) v~ dojul 5] NMS!"(Non Maximum
Suppression)& &-&3lth YOLO= vfA~ HE E/E 23
&t7] w22 AV AANE BAE & gAA X
= ©@o] 9tk SSDE YOLOS| 2He A4 ©hx] 9] o)
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A ARE FA g o]&dte] AA EAE st7]el delrt
FEoHA %71 wiEoll YOLOR T} 7§ =9l ot of 3] =
= A719] AA gAel tigk ool AUrk

20A A GRS R vk B S E R
Agst= W20, EHQl oA ¢ EF 22 Faster-
RCNN=}H FPN[lg](Feature Pyramid Network)o] )t} Faster-
RCNN+= 7] Fast R-CNNo| 717 &% 54| & s 43s}7]
Qe AeF G FES G Aok U E S A (Region Pro-
posal Network, RPN)S.Z t |3l 2] o|t}. FPN2 Top-
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(a) Faster-RCNN architecture
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Fig. 1. The Proposed SAR Ship detection network architecture
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AQre] A& AliEstele H AFEHTE 53], CAM 3
G e 0] 7P ApEAQ ojw]A] FHo 2P HE F
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el ]S48 ROIE FolA 2% 5% ROIE 0|2 7
A FA UE]AY] ALEE Pdste d EFo] Ak

2] V| EY A Bl A M EY == RPN ©Hof] <Js)] A
3¥ 49 Aljke PYOE drolso)i 7 o At g
FH 2 G5 I LZAE 2t FH A FES 54
2o MAE Tt 7 At 7S UERdH 3
7 LIEAE ARMY] FHEE FASFSHE vl AREH:
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B RO AE A e Bl NMS 29 ol F 2
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AUAHE AN AR B B AW AFE T 27}
|
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Table 1. Dataset detail for HRSID®” and SSDD®™

w2} CAM 54 w33 4= 9l o]n|#] 9} element-wise
ohe A concat ok ale) 494 Aokl ¢
ol A A e AEge0E met vlas] T2 7jﬂrE

2ge otk
1. dlofef Al

SAR ©o]E] Aoz Autel t)a] A pascal voc™ E]o]E]
FEE dold A7) 7FE, AR Aolst AA vk AxE
A 3-31= HRSID®” djo €] ALzt SSDD™ vjoj¥] 41L& A}
Stttk diolE Alel] gk 2Al gk B Table 1ol 24
SFAtE F7FE Fig. 23 3d CAM AA W EY Fol|A Aut
dloEl= 7t olu]A]e| A GTe] 2hilg o]&3f siF 91%]<]
Aubs 71F 02 Zepa SR, v HolE & mikt
7 E GTe] 2pidlg o] &3 g 9119 Ak glofAl vt
theb 2 AL JAR uH A ARE-sEIT

2. Al

19

B4 2 T8 NEANE

[

2 AFgaE A3d7A4q 2.80GHz CPUS 32GB
RAM, NVIDIA GeForce RTX 30800] A2-¥ PCS} &

Dataset Date Source Resolution Image Size Images/Ships Train Test
Sentinel-1

HRSID 2020.06 TerraSAR 0.5m, 1m, 3m 800><800 5,604/16,951 4,483 1,121

SSDD 2017.12 | Radarsat2 im - 15m | 190 - 668 | 1,160/2,456 927 232
TerraSAR

(a) Ship augmentation method

12l 2. Hole 5L 2
Fig. 2. Data augmentation method

(b) Non-ship augmentation method
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At CAM A4 VIE]AE T3l & CAMS] 4
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GT)Ql At A& W7k w2 383192 CAMo] GT
AAol & A3} HASAE v S | & AR E
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A SAR dut FA Y E ] B8-S Bol7] 9
3l A€} &2 & Faster-RCNNTF ©]-8-31%1-2 79, CAM 3}
o|u| A & element-wisedl= W2, CAMZ} o] 1] %] S concat
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2! 3. CAM MM A1}
Fig. 3. CAM result
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channel S 713719 & 719 featureS element-wisedke] 7+
Aol = pixele] & AR Foto S st
Concat 3t WAl A= o]m| %9} CAM=S- concatdle] 3
channel¢] o]n]|x] F o] 3 channel®] CAME AAste] &=
6 channel2 7}AA 3} resnetl012] A ™A con-
volution block2] input channel 304 69 2 W7 3}o] 8
& Jsiark

83§ e %49 272 Small(O<area<32’),
Medium(32%<=area<967), Large(96°<= area)Z & ¥
Table 29} Table 3x ¥ 7} A7|vith vhg AL S A3l

1 gk |71A FEH boxE A AT

I 2. HRSID®? [|0]E{ Al CAM 7=x%|
Table 2. CAM weight for HRSID®" dataset

Small Medium Large

Threshold 0.842 0.882 0.941

I 3. SSDD™ H|o|e{ Al CAM 7[=X|
Table 3. CAM weight for SSDD?® dataset

Small Medium Large
Threshold 0.826 0.875 0.937
AuF ghx] A5 Average Precision”(Ap) & A}-£3}9

T AR A SR precision} recallS ¥]7.8}$] T precision
ojgh Edlo] FolZ E73 A FollA AA ) HlES
oju] gttt Recall> AA] Q1 A Foll A o] o]kl
&g A vl &g on|gt}. 53] precisiono] E&TE
AR BN IO R 5T o] FolA7d £ =&
ol A& precisiong Eo|m Mk g W EH]AZF Bt ¢
Qo)A YwE g} Table 4,55 717} HRSIDS}
SSDDe]| thet ojg] AF Mt &2 Ae5s YefH, F
) o]E] Al 25 Faster-RCNNW7H A1-2-31 baseline W27} o]
A2t CAMO] element-wise B2 18] 37 concat H2] 3}
H a5 W CAMF o] A& §-3ste] ARE-ated pixel
o AUt IS =AS W recallE &3 shErsHA
precision®] “F53HHA ap7} A<sstith L3 Fig. 49 (c),
(DE HXAE | A HA A= 10774, 7712 ZoE
AT, F HA A= 1137), 8072 Fo]Ex Ao F Ho}
CAM3#} o|m|7] §¢ W2 Fol IEYA7F Z&52% ROI
& & AAste 2345 & 7 Ark TS NMS &7 o] %
CAME 53l 25 o 5E ROIE U2 2H, NMS o] %
A8 A1Zke] HRSID Holg Ale] tis|A= 3.99F% A
1.732% =, SSDD H|o]¥ Alo] s+ 0.84% A 0.38
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Fig. 4. Comparison about SAR ship detection result
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Table 4. Ship detection result for HRSID dataset

Ap Precision Recall
Baseline 0.7706 0.1121 0.8093
Element-wise 0.5704 0.0924 0.6503
Concat 0.5796 0.0930 0.6537
Proposed 0.7712 0.2303 0.7906
¥ 5. SSDD H|O|E{ Ml Mk EFX] Ax}

Table 5. Ship detection result for SSDD dataset
Ap Precision Recall
Baseline 0.8775 0.1109 0.9495
Element-wise 0.4294 0.0707 0.6044
Concat 0.1720 0.0467 0.4428
Proposed 0.8808 0.2383 0.9265
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