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Multiscale feature fusion for object detection in SAR images

Zhao Zhe LiBo Xu Wenxiao Li Yao

(College of Electronic and Information Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

Abstract: To address the issues of target detection accuracy degradation and small target miss detection caused by
speckle noise interference, low signal-to-noise ratio, and multi-scale scattering characteristics of targets in Synthetic
Aperture Radar images, this paper proposes a lightweight detection model named XMNet, which balances feature
representation capability and real-time performance. XMNet incorporates an improved single-Head vision Transformer
into the backbone network to strengthen contextual semantic correlations through global attention mechanisms. A
cross-layer multi-path aggregation network is designed as the neck structure, integrating dynamic upsampling and a
parallel multi-scale convolution module to optimize multi-scale feature representation. An additional high-resolution
detection layer is introduced to leverage shallow high-resolution features, enhancing detail capture capability for small
targets. Experiments on the MSAR-1. 0 dataset demonstrate that XMNet achieves a mean average precision of 90. 4%
across all categories, representing an increase of 8. 7% over the baseline model. Detection accuracy for small aircraft
targets significantly improves by 20. 1% , with only a 2-million parameter increase while achieving an inference speed of
185 FPS. When compared against nine advanced methods including FCOS and CenterNet, XMNet ranks first in
comprehensive metrics balancing detection accuracy and computational efficiency. Through the design of cross-layer
attention mechanisms and multi-scale feature fusion, XMNet effectively resolves the challenge of balancing feature
preservation for multi-scale targets and real-time processing in SAR imagery. Its lightweight and high detection
accuracy provide a viable engineering-ready solution for real-time remote sensing monitoring across various SAR
platforms, demonstrating significant advantages particularly in complex scenes with dense small targets.

Keywords: synthetic aperture radar; dense small object detection; single-head attention;cross-layer multi-scale feature

fusion;dynamic upsampling
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Fig. 9 Typical small-sized targets in the MSAR-1. 0 dataset
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Table 1 Ablation experiment of XMNet

0 : . L AP50/ %
Baseline +SHVIiT +Head +XMPAN +DySample +PMCBlock mAP50/ % W M WL R FPS
N 81.7 91.8 82  73.3 79.6 226.1
J NG 84.1 92.9 83 77.1 83.3 192.7
J N 86.5 92.2 86.2 86.9 80.8 202.3
N N/ N 87.9 93.4 83.7 90.3 84.2 188.6
N/ N N NG 89. 8 93.9 88.7 92.4 84.1 193.5
J J J N NG 90. 1 94.0 88.3 92.5 85.4 191.6
N N N N J J 90. 4 94.1 88.8 93.4 853 185.4
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Fig. 10 Comparison and heatmap visualization of XMNet and baseline (left: Baseline, right: XMNet)
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Fig. 11 Part of detection results and heat map visualization of XMNet on the MSAR-1. 0 dataset
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Table 2 Comparative experiments of different methods on MSAR-1. 0

AP50/ %

s mAPS0/% o i ol BE B EPS
Faster R-CNN 58.0 82.4 74. 4 2.3 72.7 41.36 M 33.2
CenterNet 65.9 91.1 76.3 19.8 76. 2 32.12 M 34.5
Retinanet 58.9 87. 4 73.2 3.3 71. 8 37.97 M 38. 4
FCOS 65. 4 90. 4 76.7 16.0 78.3 32.3 M 39.8
PVT 57.1 86.0 71.7 2.3 68.5 12.95 M 43.1
HRLE-SARDet 86. 8 92.7 85.9 85.4 83.2 8.96 M 112.7
MDD-YOLOv8 78.9 90. 1 69. 8 88.7 67.0 3.64 M 134.4
YOLOvVS 75.1 87.3 80. 1 66.9 66. 0 2.51 M 257.5
Baseline/ YOLOvS 81.7 91.8 82.0 73.3 79.6 3.16 M 226.1
XMNet 90. 4 94.1 88.8 93.4 85.3 5.17 M 185. 4
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Fig. 12 Detection results of different models on the MSAR-1. 0 dataset
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Table 3 Comparison of XMNet and baseline on the SADD

I mAP50/%  P/Y% R/ % FPS
YOLOvS 63.8 65.5 56.7 176. 46
XMNet 74.3 73.2 68.9 161.08

& 4 XMNet 5E L 7775 7 SAR-Ship-Dataset £ #& &£ E 3 bt
Table 4 Comparison of XMNet and baseline

on the SAR-Ship-Dataset
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XMNet 75.0 78.3 64.1 146.51
XMNet 7EM0 37 B8R 42 1 AT A A 1 A i M i SR
S 45 SIE SE A SO B B H AR TR R ?Evzﬂaubjj,ﬁ
RIS SAR MR MR (40 A T BE R R TR 2L

O BA B VSRS SAR H AR I E’J%%%ﬁ%%
BT A R S

4 &5 ®
EF XA L FL AR 5 3K (SAR) BIMS h 2 RO B A5 K RS

JEARS T 5 /N B bs T 1 2R 5 09 Bk R, 48 0 T N 2 RO R AE
5 A SR i) XMNet BRI, 5 30 5] A 8tk 8 SHVIT
FEEF T XMPAN, 5] AShZ 1R #E (DySample) LA
K 47 % R & B HL (PMC block) , 8% i ok T 1& 5877
BTN B bR DL A B AR R REAE SR AE RO R . S
K], XMNet £ 51 78 MSAR-1. 0 %45 4 b 19 4 28 51 °F
PR ARS BEIR B T 90. 4 %0, MRS T HMEB AR T 8. 7%,
FrRHLZE /N B AR A DA S B TR AR 20, 100, UE T
15 )2 FRAE f A SRS A At . B2, XMINet 7 £ R385 A
Bafb i FE, BT TR AE SAR EIR B bR
TARSE A by i i ST e B A T 3R, RSk T

AT LR R B ARG o BF 3 SAR BSR4 b R B, 4
XA HF 3 SAR Eodi fe ot A7 g5 M it 5ok 9T H
AR AT 55 1 X6 T A 0 A e ) 5 T e 46 S I T 4 1Y
SAR BB K MIHER .

5% 3tk

[1] TSOKAS A, RYSZ M, PARDALOS P M, et al
SAR data applications in earth observation: An
overview [ J ]. Expert Systems with Applications,
2022, 205:117342.

[2] LI T, LIU ZH, XIE R, et al. An improved
superpixel-level CFAR detection method for ship
targets in high-resolution SAR images [ J]. IEEE

Applied Earth
Observations and Remote Sensing, 2017, 11 (1):.
184-194.

[3] WANG C L, BI F K, CHEN L, et al.
threshold template algorithm for ship detection in
high-resolution SAR images [ C ]. 2016 IEEE
International ~ Geoscience  and
Symposium(IGARSS), 2016:100-103.

[4] REDMON J. You only look once: Unified, real-time
object detection [ C]. IEEE Conference on Computer
Vision and Pattern Recognition, 2016:779-788.

[5] REDMON J. Yolov3: An incremental improvement[]].
ArXiv preprint arXiv:1804. 02767, 2018.

[6] REDMON J, FARHADI A. YOLOY000:
faster, stronger[ CJ. IEEE Conference on Computer
Vision and Pattern Recognition, 2017:7263-7271.

[7] LIU W. ANGUELOV D, ERHAN D, et al. SSD:
Single shot multibox detector[ C]. Computer Vision-
ECCV 2016: 14th European Conference, Amsterdam,
The Netherlands, October 11-14, 2016, Proceedings,
Part 1 14, 2016:21-37.

[8] RENSH Q, HE K M, GIRSHICK R, et al. Faster

R-CNN: Towards real-time object detection with

Journal of Selected Topics in

A novel

Remote  Sensing

Better.

region proposal networks[ J]. TEEE Transactions on
Pattern Analysis and Machine Intelligence, 2016,
39(6):1137-1149.

[9] SUN ZH ZH, LENG X G, LEI Y, et al. BiIFA-YOLO:.
A novel YOLO-based method for arbitrary-oriented ship
detection in high-resolution SAR images [ J]. Remote
Sensing. 2021, 13(21) :4209.

[10] SUN, HEJ Y. YAN Y M, et al. SII-Net: Spatial
information integration network for small target
detection in SAR images[J]. Remote Sensing, 2022,
14(3) :442.

[11] ZHAOK, LURT, WANGSY, etal. ST-YOLOA.

A swin-transformer-based YOLO model with an

¢« 50 .



519 % B F om % % K
attention mechanism for SAR ship detection under Transformers for image recognition at scale[J]. ArXiv
complex background[ J]. Frontiers in Neurorobotics, preprint arXiv:2010. 11929, 2020.
2023, 17:1170163. [22] HU J, SHEN L, SUN G. Squeeze-and-excitation
[12] LIUZ, LINY T, CAO Y, et al. Swin transformer: networks[ C]. IEEE Conference on Computer Vision
Hierarchical vision transformer using shifted windows[ C]. and Pattern Recognition, 2018.7132-7141.
IEEE/CVF International Conference on Computer [23] LINTY, DOLLAR P, GIRSHICK R, et al. Feature
Vision, 2021:10012-10022. pyramid networks for object detection [CJ. IEEE
[13] Z=9f, Z=EkE, BEW. 45540 & fEZ Lk Conference on Computer Vision and Pattern Recognition,
9 SAR A AR K U 55 1 (7], W 0 H R, 2024, 2017:2117-2125.
47(10) :134-140. [24] CAIX H, LAIQX, WANG Y W, et al. Poly kernel
LI B, LT ZH K, ZHOU Y B. SAR ship detection inception network for remote sensing detection [ C].
algorithm combining feature fusion and attention IEEE/CVF Conference on Computer Vision and
mechanism[J]. Electronic Measurement Technology, Pattern Recognition, 2024:27706-27716.
2024, 47(10) :134-140. [25] SZEGEDY C. VANHOUCKE V. IOFFE S, et al.
[14] LIUJ, LIU X, CHEN H X, et al. MDD-YOLOVvS: Rethinking the inception architecture for computer
A multi-scale object detection model based on vision[ C]. IEEE Conference on Computer Vision and
YOLOvVS for synthetic aperture radar images [ J ]. Pattern Recognition, 2016:2818-2826.
Applied Sciences(2076-3417), 2025, 15(4):2239. [26] ROSSTY, DOLLAR G. Focal loss for dense object
[15] #IRK, BmiZE. 3T YOLOvVS 1924 X 1E & /1 SAR detection[ CJ. IEEE Conference on Computer Vision
G A [T ], w70 & 5088 2+ 4, 2022, and Pattern Recognition, 2017:2980-2988.
36(8):141-149. [27] TIAN ZH, SHEN CH H, CHEN H, et al. Fcos:
HU X, MA L J. Multi-branch attention SAR image Fully convolutional one-stage object detection [ CJ.
ship detection based on YOLOv5 [J]. Journal of IEEE/CVF International Conference on Computer
Electronic Measurement and Instrumentation, 2022, Vision, 2019:9627-9636.
36(8):141-149. [28] WANG W H, XIE E, LI X, et al. Pyramid vision
[16] YUN S, RO Y. Shvit: Single-head vision transformer transformer: A versatile backbone for dense prediction
with memory efficient macro design[ C]. IEEE/CVF without convolutions [ C]. IEEE/CVF International
Conference on Computer Vision and Pattern Recognition, Conference on Computer Vision, 2021:568-578.
2024 :5756-5767. [29] DUAN K W, BAI S, XIE L X, et al. Centernet:
[17] LIUW Z, LU H, FU H T, et al. Learning to Keypoint triplets for object detection[C]. IEEE/CVF
upsample by learning to sample [ C]. IEEE/CVF International Conference on Computer Vision, 2019:
International Conference on Computer Vision, 2023: 6569-6578.
6027-6037. [30] ZHOU ZH., CHEN J, HUANG ZH X, et al. HRLE-
[18] ZHANG P, XU H, TIAN T, et al. SEFEPNet: Scale SARDet: A lightweight SAR target detection
expansion and feature enhancement pyramid network for algorithm based on hybrid representation learning
SAR aircraft detection with small sample dataset [ J]. enhancement[ ] ]. IEEE Transactions on Geoscience
IEEE Journal of Selected Topics in Applied Earth and Remote Sensing, 2023, 61:1-22.
Observations and Remote Sensing, 2022, 15:3365-3375. 1EE /N
[19] WANG Y Y, WANG CH, ZHANG H, et al. A SAR B, TR ST 7 R R R R R A
dataset of ship detection for deep learning under complex E-mail: zhaoz9e@ nuaa. edu. cn
backgrounds[ ] ]. Remote Sensing, 2019, 11(7):765. S CGEEMEE) ,BIFFIE B, T FHFIT 7 ) k1% 052 2
[20] LIUSH, QI L, QIN H F, et al. Path aggregation E-mail : libo70205830(@nuaa. edu. cn
network for instance segmentation [ C ]. IEEE Bk A RS A BAR I,
Conference on Computer Vision and Pattern E-mail:971149614@qq. com
Recognition, 2018:8759-8768. 2 M, EEAFIE T I T AN AR R .
[21] DOSOVITSKIY A. An image is worth 16x16 words: E-mail:1044970679@qq. com



