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Multi-scale learning algorithm for infrared UAV target detection

ZUO Zhen, YUAN Shudong”, LI Can, HUANG Honghe
(College of Intelligence Science and Technology, 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 the 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.3  Detection results of infrared small target algorithms in different scenarios
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Tab.4 Detection results of mainstream detection algorithms in different scenarios
R S R LRUIKERFS AR 7E IECUR75= g ) 5 Ky

BoxInst 0.197 — 0.395

Condlnst 0.565 0.284 0.292 0.673

Mask R-CNN 0.629 0.416 0.463 0.711

m,,@ YOLACT ++ 0.423 0.177 0.163 0.561
0.5:0.95 YOLOv7 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-YOLOvS 0.511 0.309 0.352 0. 606

BoxInst 0.538 0.013 — 0. 806

CondlInst 0.936 0.731 0.819 0.977

Mask R-CNN 0.937 0.749 0.933 0.987

YOLACT ++ 0.902 0.625 0.445 0.958

m,p@0.5

YOLOv7 0.877 0.746 0.930 0.974

YOLOvS5n-seg 0.936 0.689 0. 886 0.966

YOLOv8n-seg 0.927 0. 664 0.829 0.957

IRSDD-YOLOvS 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 R-CNN 3.97 4.04 4.04 4.03

YOLACT ++ 10.77 11.93 9.42 9.74

FPS

YOLOv7 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-YOLOvS 29.01 38.06 19.32 22.50

TE ¥ 1 3 &, IRSDD-YOLOvS & 3= 1Y
mp@0.5:0.95F1m,,@0.5 J3H)3K%] 35. 2% FN
90.2% , M TR B E & A T 1.5%
7.3% o 38 1L M A7 RNV TH] b 5 A AS I 45 R mT
A R TEARIDR BEAR Y 7 57 ok T S TH A

£ K %5 4 5, IRSDD-YOLOv8 5 ik 1)
mp@0.5 1 0.95 Fl m,,@0. 5 435355 60. 6% Fl
96.5% , }1 % T YOLOv8n-seg B ¥ 73 9l & H
1.5%F0.8% . T RAH 5 LKA H, RZH
o I BT L AR ERAS T 0 S5 %) s 45 S, (L 52 B B
WA ST B s o

g LR Ay BT Rl A 38 2 22 ROBE FREAE fil A R
Gk B2 BYRE L, 3 3R 3] 5 FRAS [F] RS 1Y
FE RBIEHE = B B AR R BE Sy . X)Ll

b TR T 3K A I R A X B AIK , TE IS
FHCHPG 4 G 0 S B B TR R, AR SCRT 4R Y
IRSDD-YOLOv8 B33 % 4 B 1 4 FH &5 R # W i o
X PR T R 23 3 AN R RS B L 2 A 1
S, AR SCHIT A P A R0 A T 8 1) 22 R Ay
fiE24 2] 7 T R AE G b O 200k 3 H A R, A Y
FIFBE SR IBURR FH B AE © 2B W 7540, R L RS
K FESL T L BAAR , 32F — 25 45 TH ARG ARG 32 75 22 %
BRIV | RAE S PRER I TE AHLIAT 55,
FIT$R 5k (ARG TDRG J3E £ 2 RS T LA 75 R

(2) 7Pk 5

€ 4 J&/R T 1E SIDD () YA~ A [ 37 5% v i
IRSDD-YOLOv8 FIH A /7 i3k AR i M4 R . A
FREITM RSN S L R R LR
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Fig.4 IRSDD-YOLOvS8 and other algorithmic detection results
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IRSDD-YOLOv8 FyA7E S 24 5t T X 44T A ML
H A A DU BE R4

ME i HE g REFE, A SCH#EHn
TRSDD-YOLOV8 %47 [ K6 RS JiE £ F YOLOv8n-
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(1) a5 R

TEA/NT Y HOE T 2 ROBEFRAE 2% S i P rh
ANFEECE C2f Bid i PERE, 2T T 6 IRL L,
F S HOR TTEARRZ PR EAN 0, Fn, (HET my,
Ho b, ng B, 23 GRTEE] 155 18 2 FNEH
21 JZi) C2f B,

WS Frs, N exp(1) 2] exp(6) , 2 REEFE
fE2F 2 A C2f Bk (B0 A 1 31 3 NS5, Bl
H C2f BB A3, SIDD /) m,, @ 0.5 {5

ETHES TE exp (6) HIkE] 75. 8% , AELT exp
(DFET 1L.3% o XFF exp(4) £ exp(6), f1 T
BAINT 2R C2f BB SEEE XS H AR A I fE
W5k, UL, #5 IRSDD-YOLOVS [ 45 55 44 Hh i) 25
18, 21 JZ 11 C2f MYBEHECR N 3.3,

RS ERABERRM C2f BEHLWLER
Tab.5 Experimental results of adding C2f quantities in

different layers

F g NG Ve il Mm@ m@
215 C2f [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) EHEER

KIS JEoR 1 aid 22 ROERRE S I BB Ab B S
AR )2 5 PR RIE A AR IS A SR . P24
AR RETNER 2 R i R TR SRR, %)=
H PRI S BRI 30 & BORSEARGCRAE .
THREELHAJZ 1% )2 1055 Ak 18 A 5 DR 10 B i [
(NS EFSSI N ZiliE I DAL NG I
AHUXEEIREE Hbn e P2 FRIE B Dy R ER 15
JER I JEAE T S AL, RETR R L
)2 I IRIARAL b A Z R Z Ay (H 1%
JEFFE B BA K HARFAE 575 5t XA ok . K
TRJZ AL K5 PR RFIE B8 2 RUBE A7 > 46
BRJE i B 1T A5 S5 e i 40 35 JC AL A A
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Fig.5 Example of feature extraction from the

multi-scale feature learning module
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4T 2 1 B TP (SimAM) FARL AL 31 2% bR 4L
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A TR UESE IS 45 SR o] et RN SRt FE i B
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# 6 B8 T 7E YOLOv8n-seg 57 1k H i Jin
SN QR e R S T
TR A TR R R B R 4 B —
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9.4% (m,,@0.5) .

RO AMARFERWIEER (LHHR)

Tab.6 Experimental results of adding different submodules ( mountain scenario)

SEHG4H 5 MSFLM SimAM SIoU m,,@0.5 :0.95 m,,@0.5
TH RS g 1 0.253 0. 664
THRLSEE 2 vV 0.282 0.758
TH A 3 vV VvV 0.270 0.763
TH A5 4 vV V V 0.309 0.785

mE 6 (a) frsx, IRSDD-YOLOvS % 3 Lof

(YOLOv8n-seg + MSFLM + SimAM + SloU ) 7F % %l
IR b BA A pllesiert . B 6(b) s 1
T RS20 TP S A [R] A R i Y ARG 13 — 4 [ ity
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Fig.6 Segmentation loss and precision-recall
curves for ablation experiments
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Tab.7 Comparison of detection accuracy of algorithms on

the actual collection dataset

o35 myp@0.5  m,,@0.5:0.95
YOLOvSn-seg 0.832 0.341
YOLOv8n-seg 0.922 0.373

IRSDD-YOLOV8 0.940 0.425

5 #it

A SCEF XTAELL ARG s T AL B AR AR
FOT /N SRR 55 ) [l 8, 3 T 2 RO 2T 1Y
H prAszil 3592 IRSDD-YOLOVS , #4) # T — A4~ 81 1
SIDD , 7E 554 4 Rl 43 1 DU b B 11 6 A HIL AR

X} IRSDD-YOLOv8 553k 5 22 iy 21 SN H b
R BA3 | R I S5 AE A il Y SIDD | kAT
TREMIR, SLIRLE R, FE T | 1L
i R Z5 A~ R, IRSDD-YOLOVS B3k 1 .y
L% T 82.4% .75.2% .66.5% .83.9% , Hl#&
TR IA YOLOv8n-seg B 1 43 5 @ 1 1.2%
2.4% 1.6% .0.2% ;m,, @ 0.5 {55 BI3E 5] T
93.9% 78.5% 90.2% 96. 5% , K MPkS i 43 ] 4
BT 1.2% 12.1% 7.3% .0.8% .

AN BT T — K2 T AL H R &R
G, RAELLANIC AN B ARG AT E . B0 UES,
JFEH], IRSDD-YOLOV8 59 78 SR B da 4 11
KA BE (m,@0.5) K5 T 94. 0% , ] DAl AL 52
B PRI 53K
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