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Exploring Effective Deeplearning Target Recognition Models
for Small-Scale SAR Datasets
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Abstract

SAR(Synthetic Aperture Radar) images are used in various fields such as military surveillance and reconnaissance
and national disaster monitoring due to the advantage of being able to acquire images from a long distance without
relying on the weather condition. However, it is difficult to build a large-scale datasets due to data acquisition costs
and time, making it difficult to improve the performance of deep learning-based target recognition models. To solve
this problem, simulated SAR images are often utilized, and there is a method of transferring a model learned from a
large-scale optical images to a small-scale SAR images. In this paper, we select the latest state-of-the-art recognition
models developed based on large-scale optical images and explore effective target recognition models for small-scale
SAR datasets by comparing and analyzing their performance through transfer learning on simulated SAR images and
small-scale SAR real images.
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Fig. 2. Acquired and simulated SAR target images

E 1. ATE SAR EXM AlY Ho]E Al
Table 1. Small SAR target recognition datasets

Targell 2 2
i 500 250 100 60 -ton 25 Bulk ~ton
categories Pump ) Sprinkler
-ton -ton -ton vehide -ton Wing -ton | cement | wing iruck Total
crane | crane | crane crane | body | cargo | trailer | body
Datasets trailer truck
Train Real 58 58 58 84 58 70 80 70 64 76 676
D:
at/fset Simulated | 966 | 966 | 965 | 483 | 96 | 483 | 43 | 483 | 42 | 483 | 6760
Tran Real 29 29 29 42 29 35 40 35 32 38 338
Dataset

Simulated | 483 483 483 241 483 242 241 242 241 241 3,380

B
Test Dataset(real) 168

3

168 251 168 204 238 204 190 222 1,981




140 2F5 SAR HlolHA EA<Ql P

£4 48 29 g7

2 AW Do malo|E 5 W =87-8 V1EFo 2 YTk
Table 2. Number of parameters of models EfficientNet 292 B), Bl 29 % =2 AHF
Models Specific models Parameters TE HYOoH EfficientNet-Bl Zdo] 1% © =&
- EfficientNet-B0 5.3M
}\-L‘—_-__Q_ = Ea‘. Ut-ﬂo C .E-:.O 2]=0
EfficientNet ficonNeLB ! oM Btk 7t 1 8 =2 A%<
BiT-M-R50x 1 24M HA=H, o= EfficientNeto] 7 A& s2tu|HE
. BIT-M-R101x1 43M 2R3 2l uhE gkrElolg A7l £ 2de g
BIT . N
SIS T F3P)o SR e AT £ ok
TN
: ) o }o )
Swin SwinT-Base 83M BIT 23] A, ?rjt'lj} A= S0xI, 101x1 =%
transformer SwinT-Large 197M 2 878 ~ 88.1%% AYEE HIPOY HEIL &
ConvNeXt=S 50M 152x2tF R50x3 & Aso] of-¢ Az & R
conext e o of REe A4 saR HolEMoR FEY Shiol
ConvNeXt V2-T 29M olFAAA Bethe e & g Sl
ConvNeXt V2 ConvNeXxt-V2-B 89M Swin Transformer ©@-2 Base$} Large £8 =5
ConvNeXt-Ve-L 198M 97% ojAte] o A=l Ryt EJ| H|$3
9] 299l ConvNeXt-M/L 2 ConvNeXt-V2-B/L¥} 7}
a4 mde Sy 2ATHA HOlH SEL AR 2 vmsiels o we RYEE B,
9l A} AR U A ComNeXt 28 74¢ Furt %o mdry
3 32 skstloly Aol tigl sksdt Rdlee] A 2 gd7A 934% ~ 97.1%2 ASL Bk
Fd|olElo] that Top-1 *ﬂ‘“é AEEE AT 20T conNeXt-L& BIT-M-R50x3, 152x29} H|%:81A] 2
of & AZ dolHd Sgdhs 150 AF FL R gmo muogn dao] & o]2ojn AL o
< ol FolAe] /\lﬁdfﬂolEMl 3t Top-1 ALEF 2= 9tk
F 3. Dataset Aol tist ZEYH Top-1 HEET (%)
Table 3. Comparison of Top-1 accuracy for Dataset A (%)
500 220 100 60 2 25 Bulk 2
. Pump —tpn y —t_on Sprinklel
Models Specific models | —ton | -ton | -ton i -fon | wing | -ton |cement| wing Total
vehicle ) bod truck
crane | crane | crane crane | POV | cargo | trailer | Dody
trailer truck
Efficient | EfficientNet-BO | 976 | 46 | 869 | 988 | 899 | 951 | 97 | 976 | 100 | 987 | 96.2
Net EfficientNet-B1 94 | 64 | 89 | 984 | 97 | 976 | 96 | 971 100 99.1 97.2
BiT-M-R50x1 935 | 762 | 506 | 865 | 869 | 9.1 971 892 | 963 | 982 | 878
5T BiT-M-R101x1 92 | 738 | 583 | 833 | 917 | ®2 | 962 | 8.7 | 989 | 955 | 881
BiT-M-R152x2 66.1 149 00 68.5 06 29 89.5 0.0 774 | 788 | 429
BIT-M-R50x3 50.0 10.1 0.0 450 0.0 25 | 878 | 525 | 474 | 477 | 39.0
Swin SwinT-Base 100 982 | 89 | 988 | B2 | 985 100 995 100 996 | 979
fransformer | SwinT-Large | 994 | 994 | 887 | 100 | 964 | 100 | 100 | 100 | 100 | 996 | 98.6
ConvNeXt-S 982 | 976 | 87 | 968 | 935 | 1000 | 987 | 985 | 1000 | 982 | 96.7
%Ig;\t/ ConvNeXxt-B 982 | 958 | 821 9.4 | 923 | 95 | 92 | 980 | 1000 | 982 | 96.3
ConvNeXt-L 976 | 982 | 863 | 972 | 935 | 95 | 92 | 95 | 1000 | 973 | 97.1
ConvNext V2-T | 976 | 935 | 714 | 912 | 851 9.1 975 | 902 | 984 | %4 | 922
Nec'%”\’/z ConvNeXt V2-B | 958 | 923 | 780 | 936 | 899 | 985 | 996 | 97.1 | 1000 | %64 | 945
ConvNext V2-L | 917 | 952 | 821 9B6 | 87 | P¥O | 92 | 971 968 | 950 [ 937




Journal of KIIT. Vol. 23, No. 3, pp. 135-144, Mar. 31, 2025, pISSN 1598-8619, elSSN 2093-7571 141

ConvNeXt V2= #& RdiE 2 md7ix] 922
~ 94.6%9 Asg HYrl ConvNeXte} B sHH
ConvNeXt V2-B 22 0] ConvNeXt-BEZ Ht} A
YA ConvNeXt V2-LEZ O] ConvNeXt-LE DK Th
7<1_ E“J' = E(}i‘:}

F 4% 7 skgdloly Bl dial S5 BY
o] AlgdolElo gt Top-1 48 HIEE HIW
Aolt}. S5HoE B ?&QtﬂOlEi Adl| BlE)

= EEEY AF5o] 2

) OXE; l‘.?i'z ﬂlln

o]r

EfficientNet =2-& 95.1%, 94.8%% S5H o]E A
B oF 13%9 As ZaUt BAEAT &
EfficientNet-Bl-S BORTE @& AITE HY:=

4], o]& g<HolE B} EfficientNet-Bl ZdS %
gFatrlolle o] HE3%7] wEolgkal

o

BIT Z2-& 50x1, 101x1 20| 83.9%°] A52
2 ShgHlolE AdlA et AHEHG of 4%
153x2, 50x3& 9 ~

o], ATFE SAR HoJEJAl Holsle] TS
ﬂo]é“—_} T M E]'
ConvNeXt= 923 ~ 93.4%°] AZE=Z Sh5H|o|

Bl Aol HI3| oF 1 ~ 4%9 A% TA
&HolE AolAE ConvNeXt-L Edo| 714 A%59]
Z9t+=d d<5ulolH BolA+  ConvNeXt-SEHE o
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ConvNeXt V2& 84.0 ~ 89.5%2] AL Th5H)
olE] AdlA Kt} oF 4 ~ 8%2 A% ZAS Ko
ConvNeXtETH T FA Ao 7HAsIgT) ojAo=z
MAE 7|9t A 8l<5o] AqFE SAR Hlo]EAl o 29
Aolggole A7) uthe e & F AUt
g 32 gFulolEl A9k gsulolE Bell tidl
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LJ

& 2t 299 Topl AHES TAZR WG
Zelet. ¥ 3

7}
. F <5 tlolElAl =5 Swin Transformer &
7P %50 E9k) BiT A TA| ResNet
Zolgk 7] Rdll Hnp HSZHow

g0 A, & 299 Ao |
17%8 & #9 A5 247t it A s57|ed 25 WFYS Swin Transformer,
Swin Transformer =2 9A] dh5H|o]E| Bol| o EfficientNet, ConvNeXt E@o] AR SAR H|°]H
s|A 7 Bd BE oF 2%9 AT Asirh #AEA Aol A B}y g3l mddds o o Ut
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Table 4. Comparison of Top-1 accuracy for Dataset B (%)
25 25
) 500 250 100 Pup 60 “ton 25 Bulk “on [Sprinkie
Models Specific models | —ton | -ton | -ton , -ton | wing | -ton | cemat | wing Total
veide body , body | truck
crane | crane | crane Crane | ey | CAr0 traller fruck
Efficient EfficientNet-BO | 97.0 | 923 | 887 | 972 | 923 | 931 | 996 | 931 100 | 946 | 95.1
Net EfficientNet-B1 988 | 893 | 774 | 976 | 970 | 951 | 992 | 931 | 9.5 | %4 | 948
BiT-M-R50x1 893 | 774 | 577 | 709 | 768 | 90.7 | 958 | 814 | 984 | 950 | 838
5T BiT-M-R101x1 88.1 714 | 536 | 749 | 833 | 853 | 979 | 824 | 979 | %64 | 838
BiT-M-R152x2 16.1 0.0 0.0 33.1 0.0 0.0 576 | 500 | 468 | 320 | 257
BiT-M-R50x3 0.0 0.0 0.0 91.6 0.0 485 | 824 0.0 37.9 00 | 30.1
Sin SwinT-Base 994 | 988 | 756 | 948 | 8.1 | %6 100 | 990 100 | 996 | 95.6
fransfommer SwinT-Large 994 | 976 | 839 | 968 | 91.1 | 97.1 100 100 100 | 987 [ 96.8
ConvNeXt-S 964 | 964 | 768 | 904 | 893 | 951 | %66 | 961 | 95 | B0 | 934
ﬁgg‘(‘t’ ConvNext-B_ | 923 | 899 | 750 | 853 | 875 | 956 | 96 | 9.1 | 1000 | 977 | 923
ConvNeXt-L 935 | 935 | 750 | 876 | 81 | 96.1 | 987 | 96.1 | 1000 | 964 | 92.8
ConvNext V2-T | 91.7 | 708 | 589 | 829 | 667 | 897 | 992 | 8.8 | 953 | 878 | 84.0
Ng%”‘\’/z ConvNext V2-B | 845 | 899 | 637 | 876 | 792 | 971 | 979 | 917 | 974 | 937 | 89.0
ConvNext V2-L | 929 | 887 | 690 | 834 | 786 | @2 | 966 | 912 | 1000 | 919 | 89.5
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Top- 1 Accuracy Comparison
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