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Infrared Ship Detection Using Attention Mechanism and Multiscale Fusion
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Abstract To address the issue of inadequate accuracy and real-time performance of infrared ship target detection methods
on coastal defense scenarios, a novel lightweight ship detection algorithm based on improved YOLOv7 framework is
proposed. This framework incorporates several enhancements to augment its capabilities. First, to achieve model
lightweight processing, the algorithm integrates the MobileNetv3 network into the architecture of the Backbone network.
This addition contributes to efficient computation and model size reduction. Second, an attention mechanism is introduced
within the Neck network to mitigate noise and interference, thereby improving the network’s feature extraction capability.
In addition, we employ a bidirectional weighted feature pyramid to enhance feature fusion within the network, promoting
more effective information integration. Finally, the algorithm incorporates Wise IoU to optimize the loss function,
improving convergence speed and model accuracy. Experimental evaluations on the Arrow dataset demonstrate
noteworthy improvements over the standard YOLOv7 approach. Specifically, the proposed enhanced algorithm exhibits a
0.9 percentage points increase in accuracy, 2.5 percentage points increase in recall, and 1. 2 percentage points increase in
mean average precision (mAP) at ToU thresholds of 0.5 and 0.5 : 0.95. In addition, it achieves approximately 38.4%
reduction in model parameters and a 65.5% reduction in floating point operations per second (FLOPs). This enhanced
algorithm delivers superior inspection accuracy while meeting the speed requirements for efficient ship inspection.
Consequently, it effectively enables high-speed and high-precision ship detection.

Key words YOLOvV7; attention mechanism; multiscale fusion; ship detection
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Fig. 1 Network structure of improved algorithm

2.1 FFMEEMisH
MobileNetv3 J& 4+ #K MobileNet £ 4 B9 & #r A%

R B MobileNet 241 1 OB A, HAT S 80at b
T JRE R S ARG 00 B8 PR S5 R, T2 I T R A SR

2212008-2



B sh it . 5 [ BE SR 5 o 2% 0 4% 9 ShuffleNetv2! Al
GhostNet"#f It , MobileNetv3 75+ 2 6 1 . N A7 4 #E
A4 B SE ) O T L — 2 B, 1B T A R
P, 30 B R 1 F torchstate T A8 5 4531, 4k B 4E 1) 45
i 2 A F NCNN i 38 AE 42 76 W 3 IR 4B [ 2 47 4 2
AW . AT D B S B RO IE s B
(FLOPs) , fifi /] %% £ 2% M 4% MobileNetv3 ¥ # 5L A 1Y
YOLOV7 &1 P 2% HEA TR AF $2 5, 52 BB AY (1) 4% Ak .
F1 G M RER L

Table 1 Performance comparison of light weight network

Network FLOPs /10° Memory /MB Latency /ms
MobileNetv3 68. 62 18.99 27
ShuffleNetv2 149. 58 20. 84 41
GhostNetvl 148.17 40. 04 90
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Table 2 Comparison experiment of target detection networks

@) @)
Method Precision /% Recall /% F1 score ??5; 0. 5%1(?1;?/% Speed /(frame-s")
CenterNet 88.16 91.21 0.90 91.71 58.80 33
SSD 82.03 80. 50 0.81 86. 86 42. 80 39
EfficientDet 83.66 88.98 0.86 91.85 57.40 26
RetinaNet 85.00 86. 17 0.85 90. 88 53. 30 13
YOLOv3 87.35 75. 66 0.81 84.87 39.75 20
YOLOv4s 89. 26 78.04 0.83 86.71 41. 30 22
YOLOV5s 91.50 88.70 0.90 92.78 60. 88 62
YOLOvV? 91.80 89. 64 0.91 93.11 61.45 60
YOLOVSs 92. 20 87.33 0.90 92.21 64.72 105
*3 ALY AR
Table 3 Results of ablation experiments
) Improvement strategy o
Alias Precision Recall mAP@O0. 5 mAP@O0. 5:0. 95
MobileNetv3 BiFPN SENet Wise IoU
A X X X X 0.914 0.884 0.923 0. 609
B N, X X X 0. 894 0. 847 0.899 0. 582
C v v X X 0.911 0. 884 0.919 0.604
D NG NG N X 0.921 0. 894 0.928 0.613
E v v N, v 0.923 0.909 0.935 0. 621
N e — L B UE B £ B Al REE , 7551 A MobileNetv3 R4 ERIHUHIR LK
A BIFPN (4 26l b 0 % 1 25 7 L 30 hm A J8) RE 14 Table 4 Comparative experiments of attention mechanisms
o b TEZ AR AT 22X S5, S0 45 2R Model Precision Recall mAP@  mAP@
FATEAR . S BT 4SS S R A L3I A e
MobileNetv3 il BIFPN (i 35 [ % , 3] A SENet .CA Fi YOLOvE-C 0911 0,858 0,919 0,604
CBAM £ i % £ mAP@O. 54 74 T 0.9 4 4545 .0. 8 YOLOV7-C+SENet  0.921 0.894 0.928 0.613
AT A AR 0. 64 T 4 21 s SENet [ 28 B R o 1) YOLOv7-C+CA 0.925 0.890 0.927 0.612
YOLOv7-C+CBAM  0.928 0.886 0.925 0.615
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Fig.4 Training loss function graphs
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Table 5 Lightweighting results
Model Inference time for GPU /ms  Inference time for CPU /ms FLOPs /10’ Parameter /10°
YOLOvV7 12.1 554. 6 105. 2 37.2
Proposed algorithm 5.1 150. 5 36.3 22.9

PRI RS F) WAL I JRE 4 PR, I LA ASE R A O il 2 i Bt
AR B/, X 3 W b i A SR 4R T T R R A S Y
L RS N Gk o

3.6 ARAAEINIRE
PR T ) B R I AR RE A I ) AR AR T A%
HANE SR .

PSS AR G 0 AR
Fig.5 Ship inspection renderings
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