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Abstract

With the widespread application of unmanned aerial vehicles (UAVs) in object tracking, especially the
increasing demand for robust performance in complex environments (e.g., low-light conditions, ad-
verse weather), the fusion of visible and thermal infrared (RGB-T) multimodal data has become a crit-
ical approach to enhance tracking accuracy. However, this fusion faces challenges such as efficient
interaction of heterogeneous features, perspective differences, and limited computational resources.
This paper proposes a lightweight object tracking algorithm named SiamTSA (Siamese Network with
Temporal and Spatial Attention). First, an improved MobileNetV3-small is adopted as the backbone
to reduce computational costs and adapt to UAV platforms. Second, a cross-modal temporal spatial
interaction attention module is designed to model visual style differences via temporal attention and
align spatial discrepancies via spatial attention, thereby suppressing redundant noise and enhancing
cross-modal consistent feature representation. Furthermore, a dual-modal adaptive penalty selection
module enhances tracking stability by selecting optimal bounding boxes through analysis of scale and
aspect ratio variations. Experiments on GTOT, RGBT234, and VTUAV datasets demonstrate that Si-
amTSA outperforms state-of-the-art methods in tracking success rate (VTUAV: 67.5%) and real-time
performance (56.3 FPS), balancing accuracy and efficiency. The proposed method provides a light-
weight solution for UAV-based multimodal object tracking in complex scenarios.
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Figure 1. Overall framework of UAVs RGB-T object tracking algorithm based on lightweight Siamese network
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Table 1. Structure parameters of backbone network
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Figure 2. Dual-modality temporal-spatial interactive attention module
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Figure 3. Performance of SiamTSA in challenging Scenarios

3. SiamTSA 7 Bk EH R HIRM

3.2.1. GTOT ¥iBgE XL 50l

GTOT [14) 5 EAF 50 4 RGB HMRL SIS, SWi%ie) 7.8 K, EisSLi=. HEHKE 16 5%
o HWLAT AL BT, B0h i EALS APFNet [15], TFNet [16], MANet [17], DAPNet [18],
ADNet [19], SiamDW + RGBT [7]% RGBT BREFEIEFATX L. 7E GTOT BREFEUE b, ACHEIESXT
SRR SR RN T 2R A ) 4 B o AN SIZE6 45 SR T %, A SCHE HE 1) SiamTSA HIAERER K Ih A F T 0.735,
HEMR RIS R T 0.907, A HEESE =R —, TERI R AR R BA 55 RN, A SCEIEEE FRE
FHEEHERIRA.
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RGBT234 [20]r RGBT210 #i MK, & 234 41 RGB 5L AN F 5%, smisik 234 K, 4t
A 12 FhEbsB MR . Pudissl. RS, 78 RGBT $dEde FdhiT 9emt a) DU 4 Hh il SR Ae
RO AR 2 28 S s I R BB, SR 2 Rl 5 B, ASCENERI N ZE N 0.578, HEMZEN 0.814, F
TESE ., MET APFNet[15], ASCHEIETEMINZR SHER % FRE, {H APFNet 22T MDNet [21]2503 (1)
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Figure 4. Comparative experimental results on the GTOT dataset
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Figure 5. Comparative experimental results on the RGBT234 dataset
5.RGBT234 HiEEXLESLILER

3.2.3. VTUAV B xT L SE16

VTUAV [13] (Visible-Thermal UAV Tracking Benchmark)#& F1 A3 FE T K24 451 11 BA T 2022 4£44
FREAI USR] WOt - RN AN A B AR BRER B 4, BRI 537 5c 2 FE 0L 12 3 % 48 RGB-T
Btk . ZHIRAEE S 500 NE R (1920 x 1080 2 E)WAFF, it 170 73X RGB-T B4, &%
250 MNZRFES 250 MRS, SR B m B I 2R S5 VP4l . fE R FEE DT, VTUAV
FIR(325 A S5®&IAI(175 FRA)MEE N 5 EEMRESRAT AL B3, a5 L 13 138, RESEN
5~20 K, HAsRFEhEEEMNEREAT 1%2 30%0L 1, BREAYVUR S shABENE 45, FR
FRiE 13 FhBb iR MRS S, W IR YA MR T RRESE, VTUAV LLE iR, KFs.
CARSFRE RS G 5t AT AN A T LS M AE TR AL 7 58 WG Sefr s 3 dEE & . A
WHFEAE VTUAV-short MK #E 5 FSRPN [22], mfDimp [23], DAFNet [24], ADRNet[25], HMFT [13]
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Table 2. Comparative experimental results on the VTUAV-short dataset
# 2. VTUAV-short HIRETEL LI LER

BRER R FIZ(%) TERI (%) # % (FPS)
FSRPN 54.4 65.3 34.7
mfDimp 55.4 67.3 326
DAFNet 458 62.0 17.5
ADRNet 46.6 62.2 214
HMFT 62.7 75.8 29.3

Ours 67.5 78.1 56.3

4. JHRGLSELS

N T AR A SCE A AP, fE VTUAV-short L #E47 i ah sz . 55— A B Nepaibl
MobileNetV3-small 15 3T P45 (224 25 B AR EREEE VL, 55 51 NS 2558 B A, 55
AR MR EF SN RS & MG TR MR 3 BTEAR . 1T DR AU I
23R8 HE T SR R T T SR () R RN UERA R, [ I XU A B T s AR R K 5] NGk
— BRI T HIE R R IR R e

Table 3. Comparative results of the ablation study
3. HRASCIEXTEE AR

Pax) BRI ZE (%) TERFH(%) #JE (FPS)
I 57.4 68.1 62.1
1l 64.6 74.9 57.9
111 67.5 78.1 56.3
5. 4ig

AICET AN G T RGB-T AR H AR ERERIPEL, 181 T — 2 84050 SiamTSA . it et
MobileNetV3-small =M%, BEFMK THBAITHEE AR PERESE 58 BRI BHUE 3Gh& 1 XU
ARHE, T ES SR T BENET R — 05T T IR e M. SRIRR W,
SiamTSA 7E GTOT.RGBT234 1 VTUAV-short (#5435 HUAF 95 ERE , JUHAETE AN 5 NI VTUAV-
short B4+, FREZ IR/ Bk ] 67.5%5 56.3 FPS, Wik 1 k& etk 59 .
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