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SAR Image Artificial Target Detection Based on YOLO Model Merging
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Abstract: High-value artificial target detection is a critical application of synthetic aperture radar (SAR).
Existing deep learning-based detection methods often fail to adequately reuse parameterized knowledge from
trained models and demonstrate limited generalization across different datasets. This limitation hinders their
practical application in new scenarios. To address this issue, this study proposes a SAR image artificial target
detection method based on YOLO model merging, adopting a learning from models approach. The core idea is
to use multiple homogeneous models as knowledge sources. The method integrates the feature extraction,
multiscale feature fusion, and target discrimination capabilities developed in these source models into a unified
detection framework, thereby transforming existing model knowledge into improved detection performance.

Specifically, based on a shared pretrained backbone, the neck network parameters of multiple source models are
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first transferred to the merged model. Multiscale feature fusion is then achieved through channel concatenation

and point-wise convolution. In addition, parallel detection head branches are introduced at each feature scale to

preserve the discriminative capabilities of the source models. Experimental results on three public SAR datasets
(SADD, SSDD, and HRSID) demonstrate that the proposed method effectively improves the detection

performance of man-made targets in SAR images. Consistent improvements are observed in Recall, mAP50, and

mAP50-95, particularly under high intersection-over-union thresholds and limited-sample scenarios, where the

proposed method exhibits superior robustness and generalization ability.
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Fig. 1 Block diagram of SAR image artificial target detection method based on YOLO model merging
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Fig. 3 Network architecture of the designed merged model
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Tab. 2 Number distribution of experimental datasets

Rl K sR IZREAHL/ 5K USATIYEFN IS YT H bR (A /5K)
BN SADD 2373 593 2.64
AL SSDD 928 232 2.12
AR HRSID 3643 1961 3.02
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Fig. 4 Dataset partitioning strategy for SADD target

detection experiments
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B (PR 2 ) TR R LRSS, 4 R NMS 4
RS, BEEEVE (Voting ) PR IMAUE R A (Weighted
Boxes Fusion, WBF)",

B3 W, SR rh Y 5 I SRR 5 HUAS |
AR ERMERE . o, v5, v8FIvI1mAPS50
I3 7% $)0.968, 0.971F10.968, mAP50-957%3 Hilik |
0.593, 0.688F10.656, HEAAR I T-XF |87 1) Y A5 B4 -1
B, HAEve Svil L, &I AR
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Tab. 3 Detection results of source models, ensemble learning
methods, and the merged model on the SADD dataset

I RRA Jivk Precision Recall mAP50 mAP50-95

avg(34E)  0.933 0.900  0.954 0.576
NMS&EHK 0928 0922 0.967 0.592

v5 Voting 0.869  0.932  0.946 0.567
WBF 0.875  0.931  0.947 0.570

Merging ~ 0.918  0.939  0.968 0.593
avg(3ELE) 0925 0902  0.955 0.609
NMS#MK 0953 0.901  0.960 0.656

v8 Voting 0.872 0.947  0.958 0.661
WBF 0.879 0.953  0.957 0.663
Merging 0.938 0.955  0.971 0.688

avg(#E2) 0937 0895  0.953 0.604
NMSEH 0892 0938  0.960 0.630

vil Voting ~ 0.885  0.949  0.958 0.638
WBF 0.884  0.945  0.957 0.637

Merging ~ 0.950  0.906  0.968 0.656

e RO EE R R LS R

Precision I [FI, #t—2#HA T mAP50-95, K
AR NGE TSI A B, BRI T e iR, M
Z K, VotingfMWBF7Ev5_ [ #2751 Recall, fH
Precision ] & F &, H&Z&AmAP505mAP50-95 /% ifij
TR T 358, ULRA AT B4 5T . R 20 4 ok
FEA LIRS RN REIE 25, FL AR AZ YRR 2 (] (1 73
M5 EAMERE LR RO R B iE &
AAESILFEEm ., DA, ERPERHA
I A Y R A 4 A ) 5O A SR R TR 42
Voting MWBFEEE K S TTiE R B AN, FE
T AN [RIAS USSR f TR0 2 75 LA B A A A8
RIERAS . IS B e A 22 s FEARALL, SRR 7
TEMECASE LAY A, ST AT AR 51N TE 22 U0 AR B T
R gt B o BeEETR IS RR B2 ARG FE 5 00 5 A% TR 4K
HOE R LA, T W BF A% 56 79000 A DT T 57 & A0 B
GEEUE, AN R AT R I Recall T
M Precision® i L%

2000, A IFML A 3 EAR LR B 7 1HI -
e, A IEFEARANAE T AR B TN £ S Ak P
SPREAR S, TR R AL 2 1 5L S H R R A (]
(A 30 E, TR RE B8 7E R B3 JRASE 8 34 31 6 70 10 [
kD TUAR PR 5E, I8R5 Voting FIWBF £ 5 v i
DLk RAR . R, AR L R IR
BT B2 M Precision—Recal 7, i 17 1% SR 1% AE
% B 75 43 H R FAS RIRBE Y 1A 385 2, A2 5
afi DL I 38 T A AN e A R T A 4y
ST, vEI Voting MIWBF 2 ft LA A& BUIF 2L
R A ERFNIEWETTEE 20N “ 45 1=
AN, YRR R AR AL R ECAE OCRT, B
38 TR0 e AR J A S A Al i 4 SOR AR o F HE B
BRI o T A SRS ) 7 T H B e 1) 65 A R B
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Tab. 4 Model parameter, complexity, and inference efficiency
statistics

Params AParams FLOPs AFLOPs FPS

BRIRA  J7ik (M) (M) (G) (G)  (ips)

avg(FEZ) 208 47.9 122.1
NMS#HK  41.6 4208 958  +47.9 426

v5 Voting ~ 41.6  +20.8 958  +47.9 415
WBF  41.6  +20.8 958  +47.9 415

Merging  29.5 +8.7 64.7 +16.8 839
avg(FEZk) 23.2 — 67.4 — 91.2
NMSHEM  46.4 +23.2 1348  +674 25.1

v8 Voting 464  +23.2 1348 4674 249
WBF 464 4232 1348 4674 29.0

Merging  34.6  +11.4 964 4290 63.9
avg(FLk) 200 — 67.6 — 76.4
NMSHER  40.0 +20.0 1352  +67.6 26.3

vll Voting ~ 40.0  +20.0 1352 467.6 316
WBF 400 4200 1352 +67.6 25.7

Merging  29.7 497 960 4284 532
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(a) YOLOvSURIEA A fAz I 45 3R
(a) Detection results of YOLOvS source model A

(b) YOLOvSIHI Bl 4% 5
(b) Detection results of YOLOv8 source model B

(c) NMSEE I 45 R
(c) Detection results of NMS ensemble
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(e) WBF Al 45 5
(e) Detection results of weighted box fusion

(d) Votingfrifam & 5
(d) Detection results of the voting method

(£)YOLOvV8& H #5578 ity ar Pl 45 S
(f) Detection results of YOLOv8 merged model
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Fig. 5 Comparison of detection results among source models, ensemble learning methods, and the merged model on the SADD dataset
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Fig. 6 Bar chart of performance differences under different train-test split ratios (relative to the source model)
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Tab. 5 Cross-validation experiment between SSDD and HRSID datasets

i) SSDD-test HRSID-test
[ERYITE
ESU Precision Recall mAP50 mAP50-95 Precision Recall mAP50 mAP50-95
SSDD 0.968 0.907 0.978 0.734 0.838 0.575 0.706 0.481
vh HRSID 0.720 0.560 0.640 0.353 0.899 0.794 0.891 0.634
Merge 0.930 0.951 0.983 0.721 0.901 0.810 0.902 0.662
SSDD 0.942 0.929 0.977 0.705 0.844 0.573 0.699 0.444
v8 HRSID 0.795 0.570 0.697 0.397 0.905 0.773 0.882 0.615
Merge 0.957 0.949 0.981 0.736 0.915 0.822 0.913 0.679
SSDD 0.959 0.912 0.976 0.730 0.811 0.575 0.711 0.482
vll HRSID 0.819 0.547 0.672 0.365 0.904 0.802 0.899 0.655
Merge 0.929 0.951 0.982 0.718 0.908 0.809 0.901 0.670
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(a) SSDDVFARRIESSDD A b fAs i 5 5
(a) Detection results of the SSDD source model on the SSDD dataset
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(b) HRSIDJFH R ESSDD AR AR _F i 4 R
(b) Detection results of the HRSID source model on the SSDD dataset

(] IE I H R

[ e

O e

(c) B IFHITESSDD B | (kIS
(c) Detection results of the merged model on the SSDD dataset
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Fig. 7 Comparison of detection results between the source models and the merged model on the SSDD dataset
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(a) Detection results of the SSDD source model on the HRSID dataset
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(b) Detection results of the HRSID source model on the HRSID dataset
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(c) AIFHAI/EHRSIDE 5 b Bk 45 SR
(c) Detection results of the merged model on the HRSID dataset
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Fig. 8 Comparison of detection results between the source models and the merged model on the HRSID dataset
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Fig. 9 Comparison of ground-truth annotations and feature responses before and after fusion in the SSDD-HRSID

heterogeneous experiment
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Tab. 6 Full-data comparison of representative detection methods

SSDD-test HRSID-test
Jrik
Precision Recall mAP50 mAP50-95 Precision Recall mAP50 mAP50-95

FCOS 0.843 0.923 0.886 0.598 0.843 0.816 0.781 0.573
Faster R-CNN 0.890 0.938 0.955 0.684 0.794 0.833 0.866 0.614
Swin-Transformer 0.889 0.927 0.956 0.680 0.843 0.831 0.850 0.621
YOLOvV8(Union) 0.927 0.894 0.954 0.706 0.895 0.766 0.881 0.676
YOLOv8 (I\/[erge) 0.957 0.949 0.981 0.736 0.915 0.822 0.913 0.679

e BRI EE R R RS R

mAP50fmAP50-95% 5liA £]0.957, 0.949, 0.981
H10.736. fEHRSID-test I, 75 Precision,
mAP50FMmAP50-95%r HiA£]0.915, 0.913 01
0.679, ¥WHERMER . BEIRHRecalltE K T Faster
R-CNNMSwin-Transformer, {HEAmAPIEIRTE
Mo, ULEH A A5 Y AR OR RFBCEF H AR A H g 77 1) [F]
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9 HE B I SR B0 RS ot 4 B 2 IR 2,
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WEdE, EARTEMAE IR, L RERH, 178
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Tab. 7 Comparison of FLOPs and Params among representative

detection methods

J7ik: FLOPs(G) Params(M)
FCOS 88.6 32.1
Faster R-CNN 112.8 41.4
Swin-Transformer 94.3 27.5
YOLOvVS8 (Union) 67.4 23.2
YOLOvVS8 (Merge) 96.4 34.6
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