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Ship detection in remote sensing images using
edge enhancement and multi-scale feature fusion

WANG Dewen'?, SONG Xueshuai', LI Chenghao', ZHAO Wenging'*
(1. Department of Computer, North China Electric Power University, Baoding 071003, China; 2. Hebei Key Laboratory of Know-
ledge Computing for Energy & Power, Baoding 071003, China; 3. Engineering Research Center of Intelligent Computing for Com-
plex Energy Systems, Ministry of Education, Baoding 071003, China)

Abstract: Ship objects in remote sensing images exhibit large scale variation, dense distribution, and arbitrary orienta-
tion. In particular, the low contrast between ships and the ocean background, along with blurred boundaries between ad-
jacent ships, poses greater challenges for detection. To address these issues, a model based on edge enhancement and
multi-scale feature fusion for ship detection in remote sensing images was proposed. Firstly, a high-frequency feature
enhancement module was designed to improve the ability of the model to capture fine details. Furthermore, an edge-
guided multi-scale feature fusion method was proposed to mitigate the loss of edge information on low-level during
propagation. Finally, a lightweight oriented detection head was constructed to reduce the params of the model Experi-
mental results show that the improved model improves 3.6 and 2.1 percentage points of mAP50 on the ShipRSImageN-
et dataset and the HRSC2016 Dataset, compared to the YOLO11-obb model, effectively improves the accuracy of ship
detection in remote sensing images.

Keywords: remote sensing image; ship detection; high-frequency feature; edge enhancement; multi-scale; feature fu-
sion; lightweight detection head; YOLO
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Table 1 Ablation experimental result on the ShipRSImageNet dataset

YOLO11n-obb HFFE EMFF LODH SH /10 7B A/ 100 mAP@0.5/%
y 2.7 6.6 782
\ v 2.7 6.7 79.5
y \ 3.6 103 80.3
\ Y 2.4 6.6 79.0
\ \ \ 3.6 10.4 81.3
\ v Y 2.4 6.9 79.9
\ \ Y 3.1 9.7 80.8
y \ \ Y 32 9.8 81.8
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HH 26 1 AT, 55 1 41 3 Rl R 8 A 56 7 B Y
Mt H bR B 245 8., 7E ShipRSImageNet £ 85 4 I
mAP@O0.5 {4 78.2%; & 2 4 i % i HFFE f&%
Heple it C3K2, $5 R X 415 REAE ) 4
i mAP@0.5 ik F] 79.5%, B HE BRI T T 1.3
4015 55 3 41 A EMFF, B4 31 2% 45 HE FiE X
FHAE, S8BT 3 2% A5 B i BUREE , K mAP@0.5
P 5 2] 80.3%, BEEMERREE T T 2.1 A 4 4 5
4 ZH A Sk ol LODH, A5 0 2 85 i 4 L i
FEHUIE /D 0.3x10°, H mAP@O.5 %5 5L i 45 71 45 7
T 0.8 F A 55 5 4RI fin A HFFE A3 F1 EMFF,
mAP@O0.5 BILHERHIETH T 3.1 F 43555 56 6 4
] i il A HFFE #4511 LODH, mAP@0.5 % 5 ifi:
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Table 2 Experimental results of edge information extrac-
tion at different layers

B RGN0 FRUEEEUIC mAP@O.5/%
P, 3.2 9.8 79.6
P, 3.2 9.8 81.8

XYL E TSR S T

2% 2 A, i EIG BRI P, 2 4R 1E
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PERGH 25 BRI, 51T RETE T =M,
3.43 RLGAEMNETEE

SRy 56 UE AN (7] 11 2% A5 I B %o A TR 1 R 1) 5
M, AR SCHETE T 3 41555, 55 1~3 45250 0 il R
JH Prewitt. Sobel 11 Scharr 5.1 % i1 Z¢ 47 1F 47 H2
B, sEs g IRk 3 fros .
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Table 3 Experimental results of different edge detection

operators
BT ZHEN0 WRUEEEUIC mAP@0.5/%
Prewitt 32 9.9 80.3
Sobel 32 10.4 80.8
Scharr 3.2 9.8 81.8
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Table 4 Experimental results of multi-scale feature fusion

AEE SHGE10° RSBV mAP@O.5/%
— 2.4 6.9 79.9
BT W% 28 8.0 80.5
SR P 2% 2.9 8.7 81.3
BT+ 32 9.8 81.8
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Table 5 Comparison experimental results on the ShipRSImageNet dataset

K|S A E R o

Ak p3 Backbone ZHR/10° IFEEREU10° i;ﬂ;]$iﬁ*%;§;i% mAP@0.5/%
YOLOV3-tiny — DarkNet-19 12.1 18.9 70.3 66.5 68.5
YOLOV5n — CSPDarkNet-53 2.5 7.1 75.8 74.8 75.3
YOLOvSn — CSPDarkNet-53 3.0 8.1 74.9 73.6 74.2
YOLOvVI10n — CSPNet 2.7 8.2 74.3 71.8 73.0
YOLOI1n — Modified CSPDarkNet 2.6 6.3 76.9 74.4 75.7
YOLO12n Modified CSPDarkNet 2.6 6.3 75.8 72.4 74.1
CM-YOLO?! TGRS’25 CSPDarkNet 25.3 70.9 81.2 77.3 79.3
Rol-Transformer®™  CVPR’19 ResNet-50 55.0 122.6 60.5 59.7 60.1
Oriented RCNNEY  [CCV?21 ResNet-50 41.1 121.5 72.2 71.4 71.8
R’Det"" AAAT21 ResNet-50 41.6 200.9 68.6 23.0 45.8
S2A-Net?”) TGRS*22 ResNet-50 38.5 198.0 70.0 452 57.6
S?A-Net+DSLAP  J-STARS’23 ResNet-50 38.5 198.0 74.5 68.5 71.5
PETDet?*! TGRS’24 ResNet-50 47.7 204.1 75.4 74.5 74.9
YOLO11n-obb — Modified CSPDarkNet 2.7 6.6 80.1 76.3 78.2
AT — Modified CSPDarkNet 3.2 9.8 83.8 79.9 81.8
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Table 6 Comparison experimental results on the HRSC2016 Dataset

ERCR S Backbone SHE/10°0 T RIsTEU10° mAP@0.5/%
YOLOV3-tiny — DarkNet-19 12.1 18.9 89.5
YOLOv5n — CSPDarkNet-53 2.5 7.1 91.2
YOLOv8n — CSPDarkNet-53 3.0 8.1 91.0
YOLOv10n — CSPNet 2.7 8.2 90.1
YOLOl11n — Modified CSPDarkNet 2.6 6.3 92.4
YOLO12n Modified CSPDarkNet 2.6 6.3 92.5
CM-YOLOR® TGRS’25 CSPDarkNet 25.3 70.9 91.4
Rol-Transformer” CVPR’19 ResNet-50 55.0 122.6 90.2
Oriented RCNNBY ICCV’21 ResNet-50 41.1 121.5 90.3
R*Det"! AAAI’21 ResNet-50 41.6 200.9 89.2
S?A-Net*? TGRS’22 ResNet-50 38.5 198.0 89.7
S?A-Net+DSLAPY J-STARS’23 ResNet-50 38.5 198.0 90.3
PETDet"* TGRS 24 ResNet-50 47.7 204.1 90.6
YOLO11n-obb — Modified CSPDarkNet 2.7 6.6 93.0
AR AR — Modified CSPDarkNet 3.2 9.8 95.1
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Fig. 8 Visualization of P-R curve
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Fig. 9 Visualization of edge detection results
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Fig. 10 Visualization of test results
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