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Low-slow small infrared target detection method based on spatio-temporal
correlation under complex background interference

Bu Desen, Su Shaojing, Wang Yinglong, Sun Bei, Sun Xiaoyong

(College of Intelligence Science and Technology, National University of Defense Technology, Changsha 410072, China)

Abstract: To enhance the detection performance of infrared targets for low-altitude, slow-moving, and small (LSS) UAVs under
complex background interference, a spatio-temporal correlation-based detection method is proposed. This approach addresses both
single-frame static object detection and dynamic trajectory prediction. First, for static detection in single frames, improvements are
made to the YOLOvS algorithm to mitigate the loss of fine-grained information typically caused by downsampling. This is achieved by
introducing a no-stride convolutional layer and a P2 detection head, thereby enhancing the capability to detect small targets. Second,
for dynamic trajectory prediction, a Kalman filter is employed to estimate and track the UAV s motion trajectory. By integrating this
prediction module with the single-frame detector, the system can maintain target localization even when detection confidence drops.
Based on confidence evaluation, the system adaptively switches to the trajectory prediction mode to ensure continuous tracking.
Temporal correlation is further reinforced by aligning target information across consecutive frames and enabling inter-frame information
interaction, effectively establishing spatio-temporal associations. Experimental results show that the improved YOLOv8-P2-SPD model
achieves an average precision (mAP@ 0.5) of 86.8% for single-frame detection. Under challenging backgrounds such as clouds,
mountains, and urban structures, the proposed spatio-temporal correlation method improves detection accuracy by 12. 1% and recall
by 12.2% compared to single-frame detection alone. This approach effectively addresses the limitations of conventional deep learning
models in detecting LSS targets under complex background interference and is well-suited for real-world deployment in such scenarios.
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Fig.2 Infrared grayscale characteristic analysis of UAV imagery in complex backgrounds
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Fig.7 Low-altitude dim infrared target detection architecture based on spatiotemporal correlation
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TP + FP
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TP + FN
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AntiUAV410-TS 65 4 etk 5k 47 17 XF H 52 50,
F 1 W4, ek YOLOVS-P2-PD 854 & 40 T Hifth 5
B M EE IR AR YOLOVS, B #E /Y YOLOvS-P2-PD &3k
mAP@0.5 455 T 3. 5% ,mAP@0.5-0.95 $25 1 3. 7%,
BRI BRI T 50 4> epoch THETH , W& 10 s
A YOLOv8-P2-SPD il Z5ast 72 r (1) - 406G B fth £k RS ff R
e fndr Lk,
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Table 1 Comparison of indicators of different models

(%)
K5 R mAP@0.5  mAP@0.5-0.95
1 YOLOv6 80.4 46.5
2 YOLOv8 83.3 49.4
3 YOLOvOt 82.9 49.3
4 YOLOv10s 85.2 51.8
5 Faster R-CNN 79.3 48.2
6 FoveaBOX 76.0 42.6
7 Deformable DETR 86.5 47.4
8 YOLOv8-P2-SPD 86.8 53.1
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SRy S0 UE AN TR] P9 s 3 g X = G A 76 ) 5 o 22 B B
T AntiUAV410-TS E s S0 Hesk i Bt B Aroer 0 55 125 4
1T IHRSEES 45 N 2 R, THMSER g R Bos 7
SRR AR N P2 /N B ARG I Sk B, mAP@ 0.5 48T+ T
3.0% ,mAP@0.5-0. 95 $&Ft T 2. 4% KGR Fil e 4840
KGR TE; A FEREAE RN A SPD-Cony #EHR I} | B AR AE Hf
KA FFE, A mAP@ 0.5 2T+ T 1.4% ,mAP@0. 5-
0.95 H4K T 1.2% . YW/ BIH I Rl G B4R ) 2% rh
BF, fir 45 4 YOLOv8-P2-SPD, mAP@ 0.5 &7+ T 3.5%,
mAP@0.5-0.95 $£ T4 T 3. 7% , Al HC R 4 %t Tk 2 55
ANET A s RS0 48 T T
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Table 2 Ablation study results of the improved

single-frame object detection algorithm (%)
i) KR HEK  mAP@O0.5 mAP@0.5-0.95
YOLOv8 93.5 76.5 83.3 49. 4
YOLOv8-P2 97.9 79.0 86.3 51.8
YOLOv8-SPD 92.8 78.3 84.7 50.6
YOLOv8-P2-SPD  96.7 80.8 86. 8 53.1

3.4 BEFEEXEMNBRENAEEMIES

SR B UE A AR A 28 SE T Ty vk A A, A TROIAE Ry B
SHERS I BN 0.5 I 50 T IFRORE i R i 2 3
SCEG ARG 3 R, AN CHE T R AR I A SR th
FERTHISE T 25 SR 7 RS B R Ay 2 R i 2 = T 0
KT, ARFFE T AR L JG S BTy KG i 2T AR v
12. 1% , A4 a] DL B 12.2% o 4345 H A 5 2A ot
S E ARSI B 1) T ST 7 vk BRURAAE 25 K T B ARS
PERE T %,

R3I FEXBEFERUER

Table 3 Detection results of different association methods

(%)
5 SIS LES 4R
1 PIPSITS 36. 4 36.6
2 ASHIFSE SRR J7 15 48.5 48.8

3.5 AEFERNER

AT 22 | Ll H R T AT 540 i) R I H bR i
SCHGYRAIE, N3 4 FR WA R L ah 5%, 7Ek
R, = 21 5 T LUK F] 64. 0% , 111 Hb3F St i ik h
36.3% s AR, =2 T 50N 64. 3% , L 5t ik
K 36. 5% LR [F] S SAG I A 15 R WA T AT
HEWTRT I 25 R AE B 1 5 T ST I A 2 Ok, =
RS S Al TS SRl B T /b i L
HmEGE S 2 SN mR K, 6 a2 HT
L1 RS B 23 RN A 4 AR U B R Rz 45

F4 TRAYSTRUEE
Table 4 Detection results under different backgrounds
(%)
JF5 GBS LS HLER
1 nEER 64.0 64.3
2 TR 45.3 45.5
3 L 5 36.3 36.5

B 11~ 13 SR ARBE T 5 A 5 2 15 57 1L 5t
IR T 15 S A S PG I mT R A 45 2, JHG P b T 5 T 119
HE ARSI A DG H Y 45 2R | R T A R A S A )
Tow BSOS ) TIUIN 25 2R | B PR L R SR R ORI,
PSP DN 25 28 n] 0, AR 5T 07 Ik BB AR R AR 1T 5 R
AT ARG
3.6 BRHFEEIWEIE

AW AR Lot — ot T TRCR KL, W
P 14 R AR BRI B s s B
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Fig. 12 Detection results of mountain background
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Fig. 13 Detection results of building background
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Fig. 15 Detection results on the self-collected dataset
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Fig. 16  Experimental results of different association methods
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