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Abstract

Synthetic Aperture Radar (SAR) ship detection is crucial in maritime surveillance, but existing high-
precision models (such as YOLO11) have large parameter counts and computational complexity,
making them difficult to deploy on resource-constrained platforms such as spaceborne or edge
computing. To address these issues, this paper proposes a YOLO11 structured pruning framework,
SASP (SAR-Aware Structured Pruning), for SAR tasks. This framework performs in-depth architec-
ture-aware redundancy analysis on the original model, quantifies the feature correlations within the
C3k2 module and across layer connections, and accurately locates redundant structures. Through
multi-gradient channel pruning and sufficient fine-tuning of the benchmark model, experimental
results show that appropriate pruning operations can effectively remove network redundant fea-
tures and produce a significant regularization effect. This method not only significantly reduces
computational costs but also achieves a counter-trend increase in detection accuracy: at a speedup
ratio of 2.5, it achieves a high accuracy of 89.9% mAP50 while realizing a real-time inference speed
of nearly 1000 FPS. This study demonstrates that structured pruning, under specific strategies, can
serve as an efficient regularization method, providing a new solution for real-time, high-precision
target detection in resource-constrained scenarios.
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Figure 1. YOLO11 model structure diagram
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Figure 2. Overall framework diagram

2. BFERE

22. ETIEEMEBENHREHH A ZELAMP)

YOLO11 BRI 2 K HAERERAE, Rl AE C3k2 L5t ik | 2 Z 6L . XA L Z R HEB A
R RE G b T S T R ) B AR DG S WS MR, R AR R R ARG SR AT, (AR B
B BRTUAR G50 O ST E BRI AT AT S0

LAMP [10]# = Z 4 PEAl BN AT ARG 9 “ 56 T4 R se 0 A AR 2, EIEAHIGLE
Fr AN HEE RO, TR B T RS IR RE R AT T SR P REAT PR . — METEREH R E
Tk, BT RS BR e AR T OR B T b S K S TE B A i B AR R FERE . PRI, LAMP 2
SCHJEEANE DI HS pe (W) A B2 ZIHERCEH R BER S “PrA K T35 TIZBCE R sE R M IEsl.
TR BRI EENEA SR, i F R | S Ew, R E B0 LT

P
SLAMP (Wi)= |WI| P
w;|
w2
b, p FoRVEEINT S, BOAEUE Y 2.

BRI BUEBRET 1, RN IZIETE L W 2% o i B BOR . ez, WSS 0 7 ) 45 v i B 21
B, AT MR SE BT AL i@ IZ A, LAMP it — AN B A 2 LA R 7 — DM I EL
RIZIEIE 7R 4 R e B A Az, ATTSEE 1 e f A LH TR )= B & N BTk . 78 56 BT A i1 ) 2
PV G, R AR TR RPN (KA N ) o ARHE TR H AR BT R o, 1F 575 39 B 1l A
K=|Nxa|. BTG K MLERPEEME A ERBITRET « &&HATHREN: RETIAIED
S>T WIHIE, BYBRPTAVEIr S <T MUIEIE, AT SEIURS A A4 Jay A i 52 428 1 o

B R AR BB K TR R IR, (H R T BRSO IR SR IS, S EWIAEAEE R
B o AL, 3 (Fine-Tuning) 2 BT BCAURE T AN FT Bl sk ) PRI FA S B FEIERY B, 55 T BT IR AN 451
TEIR IR N ZREE S R A BUN M2 2 AT 25, X8 B AR EHIRER RACE S50 A, (ER 4%
TERHT RIS, AT K PR EEHBAMEAS i ok, L AR SR 100 T S iad I DU 80 S IS R ) Je e

3. KMRLERIH
3.1 MERNE

HRSID (High-Resolution SAR Images Dataset) [11]/&— % T T &0 MR & AR T A (SAR) B & R
ARSI 3 Sy BRI 43 BT 55 IR SR 4L, 05 5604 5K im0 73 SAR VI A FIG, KEZHEG KA

DOI: 10.12677/iae.2026.142023 204 s 5%


https://doi.org/10.12677/iae.2026.142023

800 x 800 152, & itHid 16,000 MHFAASLEIARE . HrP ISR S 3642 5k F, MRS 1962 5K F o
32. IWFEREHKE

BARF ERCE IR 1 FiR. AHFFELL YOLOL1n 1 A HESE M) (Baseline) . 155G, TEHIN /T #E% 640
x 640 HIZAF X BRAGRE RS IEAT A T S5, DARRSE M REIEME . B 5, JE T SR AR Y T R 45 M A BT A 56
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Table 1. Experimental platform configuration

#F1 LHWFEERE

KT fic &
BIERS Win11
CPU 15 12,600 kf
&R RTX 5060ti
Python 3.10
PyTorch 2.8.0
CUDA 12.9
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Table 2. Results of the pruning experiment
2 FIRSRIER

Model Speed-Up mAP50 mAP50:95 Parameters (M) GFLOPS FPS
YOLO11n 88.2 64.3 2.582 6.3 530.5
expl 2.0 90.5 67 1.301 3.1 843.2
exp2 25 89.9 66.4 1.040 2.4 958.8
exp3 3.0 89.7 65.8 0.860 2.0 1066.1
exp4 35 89.6 65.4 0.776 1.8 1128.3
exp5 4.0 89.3 64.6 0.693 1.6 1337.4
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Figure 3. Visualization of detection results
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Figure 4. Visual comparison of the thermal effects of the model before and after pruning
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