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Research on ground—-to—air infrared small target detection and recognition
based on improved Siamese Network

JIANG Hongxi, LI Zhi

(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract; After decades of development, the mainstream research on visual target detection and localization technology still mainly
focuses on visible light video. However, in infrared imaging scenarios, especially in the observation tasks of aircraft targets from
long—range unmanned aerial vehicle (UAV) platforms, due to the lack of rich surface textures in infrared thermal radiation imaging
itself, the targets often present insufficient detail problems. At the same time, the dynamic offset of the imaging equipment and the
motion generated by the autonomous flight of the UAV are superimposed, forming complex compound motion interference, which
significantly increases the failure risk of traditional tracking algorithms. In response to these challenges, this study proposes an
efficient and stable infrared target detection and localization framework. This framework organically combines the feature
enhancement mechanism with the adaptive strategy of dynamic search regions, innovatively optimizing the representation and
matching capabilities of the Siamese Network in complex infrared scenarios. Experimental verification on the authoritative anti—
interference UAV infrared dataset shows that this method not only has good real —time processing performance but also maintains
excellent robustness under multi-source interference conditions.
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Fig. 1 Architecture of the Fully Convolutional Network
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Fig.3 Architecture of the SwinTransformer Network
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Fig. 4 SiamRPN network architecture diagram
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Fig. 6 Detection success rate comparison between SiamGG and SiamFC

IR Fixed Measure

10 | Max: 0.850 1
SiamGG #
| Max: 0
i SiamRCNN ‘) 08556

0.8
0.7 |
0.6
0.5
0.4
0.3
0.2

IR Fixed Measure

|
0.1 Fatin00934

01 \;u-\:U.UlS() 20 40 60 80 100 120
Sequence

7 MFEMZ SiamGG 5 SiamRCNN #il 5 Th 2 37 Lk &

Fig. 7 Detection success rate comparison between the improved SiamGG network and SiamRCNN
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Fig. 8 Localization performance comparison between SiamGG and SiamFC

9 KM LS SiamRCNN E i 5 R %t bt B

Fig. 9 Localization performance comparison between SiamGG and SiamRCNN



UG, 25 BT O AR A 2% A 23 2051 H R RIS 179

AR Siamese P48 4T £LA1IN H bR B9 R0
ENWFFE, 454 SwinTransformer F5F1FE 2 HL 5 RPN
P 268 A iAok H AR X8R, il i R—CNN 35 B AR
B B AR RLRE 4350, Siam L5445 < B ARSI LIAR
BB ARG VT BE B B R SR i 1] 5 5 A P L —
Ao e DX, AT AR TR 2R | i k| M T A
BEAEAT S ORI R DA, O HLAy SO | %
St LA ] — A5 H /A2 PEAOCTR , A7 B TR IR AR 14 |
PSSO SEAT T IRFFILEARE o PR Bk
LL RPN ALA [, 5 b AR BLRORS 0 , 45 F TR M, 45 82
s N R ERZ RES S | BRI w5 D
FIb 45 g o 128 B 2 o 8RR AR — i 32 1) AR 0032
% >] (R-CNN) JEC 22 By Rol Rk L, F %
REFFTE A BN gE it 5 R SUE R 4N
JE—BrE B AR

[mRE(E A58 7 2 A0 ) B8 2 7F SwinTransformer
B AT B AL R R i D SR —
SO A i 5 S T RN SRR 7 1,
FEREAN G TN BRI A T ), AT R AR5
SLARBE ., SR XA AL AR M FR ) TR R i 1 2
[ P RAE S B, RN DR B R e —A
ST Y DA B 3 5 0 RCE B AR SR S A
HORAAEXA Rl N, % 101 8] A9 A 2 0k B
DL

FELLAN N ARRRIAT: 55 v 2 F AR A L
MEER BEEARSS SOE RN, A Bt
TEAETT 3 S H2s e U153 B R o 1 ep ) B 1
HANE 2 H AR — 5 0 slge i 545 o W B, i g K
Z 8] A R TE s P R R X — 14 R g TR — > H
Bro IXEPRAE BORITETE B O B ek e x/hH
PR AR FRAE , FOREAE SR8 B 2 T 9IS A i
WL, RELLAN H AR A 58, A DU BE ) R

S 3k

[ 1] JHFIHT, 200 BUG3 5 R aR wr ot (1] THEHLN FH 5T,
2017,34(7): 1921 - 1928. DOI; 10. 3969/j. issn. 1001 — 3695.
2017. 07.001.

[2] AR FE TR BE 2% > W21 40 55 /I E A AH 56 8 U5 BR 0 SRR P 5T
[D]. W L FRHE K2, 2019.

[3] YERAH. S 2415 5L M2 4/ BARK I 3L LT 98 [ D). B
78 . P82 HL PR KA 2021.

(4] AREMG. BTF70A: W41 2 HARBRER B o X [ D] b
at AL ACE KA, 2020.

[5] ¥raest. B2 25 T 2ndhas s B ARR i ik i E [ D). Jbat . h

B2 K2, 2020.

[6] BERTINETTO L, VALMADRE J, HENRIQUES F J, et al.
Fully—convolutional siamese networks for object tracking [ C]//
Proceedings of the 14™ European Conference on Computer Vision.
Cham ; Springer, 2016.:850-865.

[7] WU Han, LI Weigiang, LI Wanqi, et al. A real —time robust
approach for tracking UAVs in infrared videos[ C]//Proceedings
of 2020 IEEE/CVF Conference on Computer Vision and Pattern
Recognition Workshops. Piscataway ,NJ ;. IEEE,2020 . 4448-4455.

[8] ZOU Zhengxia, CHEN Keyan, SHI Zhenwei, et al. Object
detection in 20 years: A survey[ J]. Proceedings of the IEEE,
2023,111(3) :257-276. DOI:10. 1109/JPROC. 2023. 3238524.

[9] WANG Ning, ZHOU Wengang, WANG Jie, et al. Transformer
meets tracker: Exploiting temporal context for robust visual tracking
[C]// Proceedings of 2021 IEEE/CVF Conference on Computer Vision
and Pattern Recognition. Piscataway, NJ. IEEE,20211571-1580.

[10]LIU Z, LIN Y, CAO Y, et al. SwinTransformer; Hierarchical
vision transformer using shifted windows [ C ]//Proceedings of
2021 IEEE/CVF International Conference on Computer Vision.
Piscataway ,NJ : IEEE, 2021 ; 9992 - 10002. DOI; 10. 1109/ICCV48922.
2021. 00986.

[ 11] i heshe, Bra Ry, B T OC IR I 1 B b BB B o 2l [ 1]
JEBT Tl K344 ,2020,46 (12) : 1393-1416. DOI: 10. 11936/
bjutxb2019030011.

(1210 0B, v, Mo 58 H AR R ER ST i SRR [T ], 454
A, 2020, 39(8) :14. DOI; 10. 19708/j. ckjs. 2020. 08. 003.

[13] SHAH R, SACKINGER E, BENTZ J W, et al. Signature
verification using a “ Siamese” time delay neural network [J].
International Journal of Pattern Recognition and Artificial
Intelligence, 1993,7(4) :669. DOI.10. 1142/50218001493000339.

[14]LI Bo, YAN Junjie, WU Wei, et al. High performance visual
tracking with siamese region proposal network [ C]// Proceedings
of 2018 IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Piscataway ,NJ.IEEE, 2018.8971-8980.

[15] VOIGTLAENDER P, LUITEN J, TORR P H S, et al. Siam R-
CNN'; Visual tracking by re—detection[ C]// Proceedings of 2020
IEEE/CVF Conference on Computer Vision and Pattern Recognition.
Piscataway ,NJ. IEEE, 2020:6577-6587.

[16] REN Shaoqing, HE Kaiming, GIRSHICK R, et al. Faster R—
CNN: Towards real —time object detection with region proposal
networks[ C ]// Proceedings of Advances in Neural Information
Processing Systems. NeurIPS,2015:91-99.

[ 17] CHEN Fei, ZHANG Fuhan, WANG Xiaodong. Two stages for visual
object tracking[ C]// Proceedings of 2021 International Conference on
Intelligent Computing, Automation and Applications. Piscataway ,NJ:
IEEE,2021 :165-170.

[ 18] Bk, fell. el JE AR SE HARERER SIS LRk ST A5
B, 2022,51(1) :23-40. DOI: 10. 13976/. cnki. xk. 2022. 1144

(19 Esr 3. FEFARE LI HARBRER VA BT [ D], By . Pi 22
FRHE K ,2021.

(2007 RS, E4F 5 TR/ 55/ B AR K I 5 B R B R BF 5T
[D]. BRPY ;P52 TR R, 2010.

(217215 2=, 35 F Bt YOLOvSn 9 JE AHLATH/IN H b4 Tl
SRLLT). BRSPS AT, 2025,15(5) :173-179. DOL 10.
20169/j. issn. 2095-2163. 24120902.

[22] 708, B P 3L T ik YOLOVT 4B A5 /N B A I 55 vk
[J]. BHETSEHL S R, 2025, 15(7) :99-103. DOL: 10. 20169/
j- issn. 2095-2163. 250714.



