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Multi-scale learning algorithm for infrared UAV target detection

Zuo Zhen , Yuan Shudong”, Li Can , Huang Honghe
(College of Intelligent Sciences, National University of Defense Technology, Changsha 410073, China)

Abstract: The issues of small UAV (unmanned aerial vehicle) target size, limited pixel coverage in images, weak texture
detail information, and the difficulty in effectively extracting infrared UAV target features, which lead to low detection accuracy,
were addressed by proposing a multi-scale learning-based target detection algorithm. A multi-scale feature fusion structure was
constructed in the neck network of the model, and a multi-scale feature learning module was introduced. Features from both
deep and shallow networks were cascaded to capture target features at multiple scales, enriching the semantic and feature
information of the feature map, which significantly improved the detection accuracy of small UAV targets. During training, SloU
was used in place of CloU loss, minimizing the network model's loss and enhancing regression accuracy. Experimental results
demonstrate that, compared to other infrared small target detection algorithms and mainstream methods, the proposed approach
effectively improves the detection accuracy of UAV targets and meet the detection accuracy requirements for UAV target
detection in practical applications.
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Tab.4 Detection results of mainstream detection algorithms in different scenarios

g sRl=A7 Wi higR BAEgR REER
BoxInst 0.197 0.395
Condlnst 0.565 0.284 0.292 0.673
Mask-Rcnn 0.629 0.416 0.463 0.711
Yolact++ 0.423 0.177 0.163 0.561
YOLOvV7 0.440 0.269 0.335 0.580
YOLOV5N-seg 0.473 0.245 0.342 0.572
YOLOV8n-seg 0.477 0.253 0.337 0.591
IRSDD-YOLOV8 0.511 0.309 0.352 0.606
BoxInst 0.538 0.013 0.806
Condlnst 0.936 0.731 0.819 0.977
Mask-Renn 0.937 0.749 0.933 0.987
Yolact++ 0.902 0.625 0.445 0.958
YOLOV7? 0.877 0.746 0.930 0.974
YOLOV5N-seg 0.936 0.689 0.886 0.966
YOLOV8n-seg 0.927 0.664 0.829 0.957
IRSDD-YOLOV8 0.939 0.785 0.902 0.965
BoxInst 9.60 10.26 8.97 9.06
CondInst 9.60 10.35 8.86 8.91
Mask-Rcnn 3.97 4.04 4.04 4.03
Yolact++ 10.77 11.93 9.42 9.74
YOLOvV7 16.28 20.79 13.82 14.61
YOLOV5N-seg 35.55 49.73 25.32 26.01
YOLOV8n-seg 28.07 45.48 22.08 21.44
IRSDD-YOLOV8 29.01 38.06 19.32 22.50

(2) EMESZI SR

K| 5 F11K 6 fE7~ T 4E SIDD EdE RIS
[F37 54 IRSDD-YOLOV8 FlHAth 75 :3k45
MR . N BB MR TSR, L
50, WHs, REWs, WEBIGKIGEAR
T E RIS R . T B ARTE RS T bl
L S [ AN SR i RS TPAN (oall EA = MF R o
MIERRR 25 R 2L el brid, Rl ez r g5 8 H
R A, AR H R AR
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Fig.5 Original image and other algorithmic detection results
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Fig.6 IRSDD-YOLOV8 and other algorithms detection
results
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ER mapfH. HA, no A1 ny 2 HRKRAES 18
AR 21 F) C2f HiE.
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T, 1E exp(6)FiLF] 75.8%, AHELT exp(l)
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T3 7 20 C2f A, St B AR il
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BN 3. 3.

F 5 {EAFEZFEIN C2f Ham rsein gl R
Tab.5 Experimental results of
adding C2f quantities in different layers

S ANFER mar@ mar@

AU C2f[n,n]  0.5:0.95 0.5
exp(1) [1,1] 0.281 0.745
exp(2) [1,2] 0.270 0.733
exp(3) [1,3] 0.276 0.751
exp(4) [2,1] 0.278 0.742
exp(5) [3.2] 0.286 0.744
exp(6) [3,3] 0.282 0.758

(2) EMELS

K7 Jion 1 2 22 REERHIE - ST B b 2
I 5 R IR B FARRAE RIS R R4
EEDRARLES 2 R, BT RHIERE, #%
JEIE SR EUR RIL 2. SO SR SUFAE .
BT SEIMAR, R PRHEE S KRR 5
KEBER, FERIEAEIMER, ALt
HANNUXFERIRFE Hbr. o EFFE R DR 5
15 2RI, R TR B, BESEEN
FILIRZ S RIRIRHE, IE%A ERE 24075,
{ERZ R RHE B R R B PRI S5 18 5= IX 0
Ko FFHEJRRFERS PRRHE R 2 RUZHRFIE
SR, i RHE B R B e S TN
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Fig.7 Example of feature extraction from the

multi-scale feature learning module
4.2.2 ARl F AL GG H GRE B

T IRAIE 2 RBERHIE S ST (Multi-scale
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Fig.8 Segmentation loss and PR curves

for ablation experiments

K 6 IINANE PRSI AR (il
Tab.6 Experimental results of adding different submodules (mountain scenario)

SEEGZH MSFLM  SimAM  SloU  map@0.5:0.95 map@0.5  Paras(M)
TH RS 1 0.253 0.664 9.6

T RS 2 v 0.282 0.758 11.8
RS 3 v v 0.270 0.763 11.8
RS 4 ol v 0.309 0.785 11.8

4.3 SCH)sCLG
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HFRMITERE, AR AN T —BI=
TNHLH bRk R 5, Bt R 6 WK 9 Fios.
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LLAMENUT AT, FS B AMENUR BT AL

H BRI H% FR 2R 28 A 54 1452m.
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Fig.9 Data Acquisition Platform
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Tab.7 Comparison of detection accuracy of algorithms on
the actual collection dataset

R RFS Map@0.5  map@0.5:0.95
YOLOV5Nn-seg 0.832 0.341
YOLOv8n-seg 0.922 0.373

IRSDD-YOLOV8 0.940 0.425

Yolact++ YOLOV5n-seg

YOLOV8n-seg

TRSDD-YOLOvV8

10 SERFAE RIS Ros il
Fig.10 Example of test results for the actual collection
dataset
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