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Fig. 3 Schematic diagram of CBAM
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Fig. 4 Schematic diagram of EL-CB
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Fig. 6 GE-FPN model

R BB MBI G S5 R

Table 1 Parameter configurations of hardware and software platform

Configuration

Model

CPU (central processing unit)
GPU (graphic processing unit)
Operating system
Running memory
Video memory

Language and framework

Intel(R) Xeon(R) CPU E5—2696 v3 @ 2. 30 GHz
NVIDIA GeForce RTX 3060
Windows 10
64 Gb
12 Gb
Anconda3 + Python3. 8 + PyTorchl. 13.0
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NGRS B0 45 2 Fis .
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TR FH B S 36 VF A 46 AR o8 HE 8RR (P) L AR
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Table 2 Training parameter configurations

Training parameter Configuration

Momentum

0.937
parameter
Initial learning rate 0.001
Batch size 8
Epoch 300
o SGD (stochastic gradient descent
Optimizer

optimizer)

M - 240K5 BE CE 4 7E#6 %) 1A K& mAPO. 50:0. 95(4%
2 ToU K [ {8 M 0. 50 F1] 0. 95 B} (9 S-S il %) , &
I A Koy s

T
p=—"—, 1
Ty + Fy (1)

T
R=——, 2
TP+FN ( )

1

V=] P(R)IR, (3)

0

A T K8 HAE W IEFEA (true positive) ; Fp R R 5
R AT IEFEA (false positive) ; Fy 387~ A BE AL I H (19 1EAF
7K (false negative) .
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BT T 6.4 H 43 4 o EL-CB il Inception NeXt fi B
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Table 3 Comparison of the effects of various improvement points in ablation experiment

Model P/% R /% mAP0.5/%  mAP0.50:0.95/%
YOLOvV? 92.9 88.5 92.5 55.7
YOLOv7+CBAM 92.2 93. 2 96. 4 61.9
YOLOv7+EL-CB 93.6 93. 4 97.2 62.3
YOLOV7+ Inception NeXt 93.6 93.3 96.5 61.2
YOLOv7+EL-CB+ Inception NeXt 94.4 96. 1 97.9 65.0
YOLOv7+EL-CB+InceptionNeXt+GE-FPN 95. 4 97.4 98.9 65.6

T A 5 EAFENet 5 YOLOV7 (1946 I 25 5 4 (5]
THiR . MWE 7TEEE A I, #HE T YOLOV7 , EAFENet
FEAS TP 2495 50 N S AT R 0 R T A50C2R R A 3
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B B TR AT T B AN R0 HE B A — i
B 5L, EAF ENet #5780 K6 I H i) i i 4 5 A B 5
TS A R] B A R0 A4S I T A B RS A B B
RO S
3.5 XtbeXImHMm

R T 2 R B PR RE S M AT R R
RHEAT T X B SR, SIS PR F A [A], HLH4 R FH A R Y
YII 2 42 F 3K 4 . CenterNet, SSD | Faster R-CNN
YOLOvV5,YOLOvV7 5 ff #£ EAFENet A9 4% 3 48 45 40
FAPIR, i FPSAR R AR ML, ALK [rame/s.

TEMERR R 25 )5 T , EAFENet 8 51 AH X T Ho Al 32 3%
G E Mm%, ME B R GR B T 95.40%, Hok 2

YOLOV5 A1 YOLOV7, i % 43 5135 5] T 93. 32% M
92.90%, 1fii SSD HI Faster R-CNN # # i 2 43 %] Ky
84.10% M 82.70% o X J& M EAFENet i i T % i
YR AR B OB B, fE — o AR B TR A
SSD % 3 I 5k FE R AR S BRSSO T RO RS, LR RE
HE Bl A 3 B P A IR A b Bl A R 2 R AR, S B
W25 SR XS AN GE HERG . A6 2408 B 5 1l , EAFENet 4
H £ Bl &% & , mAPO.5 ik 2| T 98.90%, H & J&
YOLOv5 Hl YOLOvV7, mAPO. 5 43 5l ik 3] T 94.25%
F192.50% , SSD #il Faster R-CNN % mAPO. 543 51 Jy
86.01% M189.17% . 4R , EAFENet 1 W 4% 45 4 I
WA THEHRIZRE A SR FPS A YF TR, (H 2R
B ofe B, AH X T A 2 LRV | BT 8 EAFENet 78 3 ¥
| BA KA T H EAFENet B A9 15 46 2 B %
T 2 S R I B JE AR FF oK . K1 8 S EAFENet . SSD
Faster R-CNN Hl CenterNet {46 I 25 5 %F [t 14
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K7 YOLOvV7 5 EAFENet B3GR X b (a) BLSEME ; (b) YOLOVT Kl 45 5% 5 (c) EAFENet K 1 45
Fig. 7 Comparison of real detection effects between YOLOv7 and EAFENet. (a) Real values; (b) YOLOv7 detection results;
(¢c) EAFENet detection results

R4 PR UCIEREAL 5 T AR AL Y 6 45 R

Table 4 Comparison results of improved model and mainstream

3.6 ThAEMMZ
EAFENet 5 YOLOv7 & 0 i 2 A /Y loss |l 2% .

mAPO. 5 1 £ DL &2 mAPO. 50: 0. 95 1 £ 4n [& 9~11
B o

% 9 &7~ T EAFENet 5 YOLOvV7 B loss il £k X
Rl LLE ), — 0 3 22 05 R O (HEFE I 2k
304 A 2 05 T HR U B loss 1 28 T A3 P 2
SE, HCSUE AR, X 2= B CBAM /Y e A &
GE-FPN {4 RFAE fil -G (A5 80 ] LUSE oS v i 42 B 4
FRAE  [) I ol 4% i ad B2 P A0 £ B 0 AT R AR H B

models

mAP0.5  FPS/

Model P R/ /% (frame/s)
CenterNet 87. 20 78.62 90. 34 23.15
SSD 84.10 89. 34 86.01 46.13
Faster R-CNN 82.70 88.62 89.17 24.47
YOLOvS 93. 32 89. 96 94.25 33. 88
YOLOvV7 92.90 88. 50 92.50 36. 18
Ours 95. 40 94.70 98. 90 31.40
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Synthetic Aperture Radar Ship Detection Method Based on Highly
Efficient Aggregated Feature Enhancement Network
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Yinsheng"*
'School of Electronics & Information Engineering, Nanjing University of Information Science & Technology,
Nanjing 210044, Jiangsu, China;

’School of Electronic & Information Engineering, Wuxi University, Wuxi 214105, Jiangsu, China
Abstract

Objective Synthetic aperture radar (SAR) is a microwave imaging radar that utilizes the principle of synthetic aperture to
achieve high resolution. It has various characteristics such as all day, all weather, high resolution, and wide bandwidth. It
is not affected by weather, day, and night and can obtain high-quality, high-resolution, large-scale, and long-distance
images. SAR ship target detection technology can provide important technical support in industries such as ocean, oil, port
management, marine resource development, and marine scientific research, as it can detect ships and equipments on the
sea and detect potential safety risks in advance. At the same time, ship target detection technology has important strategic
significance for strengthening maritime monitoring, border patrol, maritime rescue, and safety assurance of maritime
channels. We aim to improve the accuracy of SAR ship detection, reduce false positives, and enhance the adaptability of
the model.

Methods Traditional SAR image target detection methods include texture analysis, polarization characteristics, and
constant false alarm rate (CFAR) algorithms. Among them, the most widely used is the CFAR detection algorithm,
which has certain advantages in speed, but its drawbacks are high computational complexity and susceptibility to complex
backgrounds, resulting in unsatisfactory detection efficiency. In the actual SAR imaging process, the backgrounds of SAR
images are mostly ports, islands, reefs, and other buildings. These backgrounds have high grayscale characteristics and
strong confusion. Therefore, for the detection of ship targets on the sea, multiple complex backgrounds, various irregular
arrangements of ships, similar target misdetection, and other uncertain factors should be considered. The target features of
uncertain factors have a certain degree of similarity with ships. Therefore, we propose an efficient aggregation feature
enhancement network (EAFENet) to solve the problems of low accuracy, serious false detections, and unstable effects in
current SAR ship target detection. The core idea is to efficiently aggregate stacking modules and introduce residual
structures to effectively transmit gradient and feature information and alleviate the problem of gradient vanishing and
feature loss. The combination of the CBS (convolution+batch normalization+ SiLU) module, CBAM (channel spatial
attention mechanism), and leaky Rel.U activation function increases the sensitivity of the network to target features and
introduces low-dimensional feature fusion. Through multi-layer feature pyramid connections, the expression of features is
further extended and enhanced, and the residual idea is used for skip connections, enhancing the learning ability and

generalization of the model.

Results and Discussions In this article, qualitative and quantitative experiments are conducted on EAFENet and other
mainstream models for detecting SAR ships, as well as ablation experimental analysis. To demonstrate the effectiveness

of each improvement point in this article, the YOLOvV7 network model is used as a benchmark, and six sets of experiments
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are conducted on the SSDD dataset, with the same environment and parameters. The detected images include multiple

targets, few targets, and complex backgrounds. As shown in Table 3, the effect is not ideal only when attention is used
alone, and the effect is significantly improved when the mentioned EL-CB (efficient layer convolutional block) is used.
The proposed global enhanced feature pyramid network branch structure is used to improve the performance of the feature
pyramid and enhance the fusion of shallow features. The accuracy is improved by nearly three percentage points; the recall
rate and mAPO. 50 : 0. 95 are both improved by nearly 10 percentage points, and mAPO. 5 is improved by 6. 4 percentage
points, proving the effectiveness of each module in this article. In order to further compare the performance of the
proposed model, the improved algorithm is used for comparative experiments with the current mainstream algorithms.
The experimental environment is the same, and the same training and testing sets are used. The indicators of Faster R-
CNN, SSD, YOLOv5, YOLOv7, CenterNet, and our algorithm are shown in Table 4. In terms of accuracy, the
EAFENet model is more prominent than other mainstream algorithms. EAFENet performs the best with an accuracy of
95.40%, followed by YOLOv5 and YOLOvV7, with an accuracy of 93.32% and 92.90% , respectively. The accuracy of
SSD and Faster R-CNN is 84.10% and 82.70% , respectively. Compared with other algorithms, EAFENet uses a more
efficient feature extraction module, which to some extent reduces misjudgment. However, mainstream algorithms such as
SSD have relatively weak designs in feature extraction and other aspects, as well as a lack of deeper fusion of shallow
features in the feature fusion process, resulting in relatively inaccurate prediction results. Therefore, when considering the
mAP value, EAFENet still performs the best, reaching 98.90% of mAPO0.5, followed by YOLOv5 and YOLOv7,
reaching 94.25% and 92.50%, respectively. The mAPO.5 of SSD and Faster R-CNN is 86.01% and 89.17%,
respectively. However, the proposed algorithm has undergone deeper fusion in the network structure, resulting in a slight
decrease in FPS (frame per second). Overall, compared with other classic algorithms, the proposed algorithm still has

significant advantages in speed, and the greatly reduced false detection rate can meet the basic needs of real-time detection.

Conclusions In response to the problems of low accuracy and high false detection rate in SAR ship detection, we propose
a SAR ship detection method based on an EAFENet. An EL-CB is constructed through spatial channel attention as the
feature extraction module of the backbone network, and Inception NeXt is used as the feature extraction part of neck to
improve algorithm efficiency, enabling the network model to better understand multi-scale information with detail
perception ability. In the network structure, a global enhanced feature pyramid branch structure is constructed by fusing
deep-level features with low-level features. This enables the feature extraction network to simultaneously consider both
low-level and deep-level information, effectively enhancing the ability to obtain features and ensuring better stability for
ship detection in complex backgrounds. The experimental results show that compared with various current detection
algorithms, the proposed algorithm has higher detection accuracy and can meet the needs of real-time detection. In future

research, the network structure will be further optimized to improve detection accuracy and efficiency.

Key words deep learning; target detection; highly efficient aggregated feature enhancement network; attention

mechanism; synthetic aperture radar ship detection
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