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Multi-scale learning algorithm for infrared UAYV target detection

ZUQO 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

EEIEN S R o I MIE7E 8 7 5 EeE77h
top-hat 0.010 0. 006 0.110 0.097
MPCM 0.027 0.001 0.004 0.034
UIU-Net 0.136 0.125 0.288 0.504
Moy DNANet 0.364 0.062 0.114 0.464
ISTDU-Net 0. 608 0.367 0.480 0.586
YOLOv8n-seg 0.812 0.728 0.649 0.837
IRSDD-YOLOv8 0.824 0.752 0. 665 0.839
top-hat 0.010 0.013 0.134 0.172
MPCM 0.028 0.001 0. 005 0.043
UIU-Net 0.322 0.200 0.402 0.595
U DNANet 0.366 0.062 0.114 0.468
ISTDU-Net 0.571 0.336 0.475 0.573
YOLOv8n-seg 0.820 0.742 0.639 0. 804
IRSDD-YOLOv8 0.831 0.770 0.653 0.806
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Tab.4  Detection results of mainstream detection algorithms in different scenarios
BV RS LRlIEC RS Wl 7% ITB:R775 8 [GAIIR775 s =Y

BoxInst 0.197 — — 0.395
CondInst 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
YOLOvSn-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
CondInst 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
mp@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-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 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

YOLOvSn-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

1F 5 T % 5 F, IRSDD-YOLOv8 % 3 114
mp@0.5 10,9581 m,@0.5 4 RikF] 35.2% Fi
90.2% , M A T IR B L 4R I+ T 1.5% Fi
7.3% o 33 11 M5 s RN T 3 % i A 45 R AT
M1 SRR A A A FE AR A 37 5 ok BE 4R TH T 2

TR %5 3 5 1, IRSDD-YOLOv8 45 1 iy
mp@0.5 1 0.95 Fl m,,@0. 5 4355355 60. 6% il
96.5% , A T YOLOv8n-seg % 7% 43 il & i
L.5%#10.8% ., HTRKaH 5 LR, KEZE
R B R AR 1 00 S A ) 45 R 4 S e
AN INA SR 0

LA BRar b Rl g0, 3l 0 22 ROBERRAE Al 5 2
Aok BAFZ P RAE AL, AR B AR AR R Y
BB, BRI = S H AR A RE 7 o XL

b T T 3 PR T A AR X AR ) 3 5 g
TR P RS S N ) AR T, AR SCIT R Y
IRSDD-YOLOV8 535 X H5 B2 14 42 TH AR B0 S
Xt I AR 23 X PSRN JE . 2B 1
S, AR SO P A ASE TR 2Ry e o 1 s ) 22 RUBE
b~ J5 A A REAE BRIE | C ik 3 AR R, A 7Y
JITRESRIBORIA T B RRAE C 22 3R 780, R A
KSR T ECBIRARG , 3t — 24 TH G DO S5 7 %t
HET BV BOHE , (EAE S PR I AP AE 55
JITHR A ARSI RS B 2 RS W AR I 5K

(2) EPESS

Pl 4 J&7R T 48 SIDD i YA~ AS [ 7 5t v fifi
IRSDD-YOLOV8 FIHATT i5 AR 151 PSS R M
EERIMROOE ST 5 st T R R
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JTRSDD-YOLOvS

K14 TRSDD-YOLOVS Kz HoAbS: ik A6 I 25 2
Fig.4 IRSDD-YOLOv8 and other algorithmic detection results

Y5, WEBAT AU AN R G I 75 35 ) A 25
Reo BT HARTE BG4 LB/, P LA H bR
SR I SRR 2 R Bk A I T 9 45 2R T 4L
CRIPRIC , Bl SRS R i R bR, RA
I HARAFRIC

TER T 50, YOLACT ++ Sk A7 7E 5 DR A
I EAREIE O s 15 1 b 5%, Mask R-CNN 53095
FEAERE RIS H AR D0, YOLACT ++ B3R AE
ARSI 2 H AR5 A5 T8 T 7 5%, BoxInst 53547
TESR DR AN F AR B9 1 D0 , CondlInst 3332 R BEA 2L
K 21 B b 5 £ K25 554, YOLOv8 n-seg 533K
REA RSN 2 A AR, FIREERFW], A SCH Y
IRSDD-YOLOV8 FIAER 281 5 P RFLL/N AL
FUAR BRI RE R 47

ME 5 & RS R R F, A ST 5 Y
IRSDD-YOLOV8 %3 ity 46 K 2 £t T YOLOv8n-
seg 5134 , IRSDD-YOLOV8 B3 X i 2637 5 A2 {L 1)
R IE TSR, AL 2 R e, AU T R
SR RLRE T R KR A PEBE S T), A7 45 S o iy A 0
Ko
4.2 HEAIE
4.2.1 B RBURFAES 3] BEH b i w5 g

(1) 2 HE 45

TEA/NT R HOAE T 22 RO R~ ST B B
AR C2f BB pyPERE, SLEAT T 6 L5,
SR TIEARZHBCEAR ny Fn, (6K my,
fHo Hr, ng A ny 0 HIACERAER 155 18 JRAIE
21 JZH C2f %,

WNEE S FroR, M exp (1) £l exp(6) , Z REZHF
ik i C2f BB i N 1 51 3 A3 B
& C2f R AN, SIDD 1) m, @ 0.5 {5

BT FE exp (6) Tk E] 75.8% , MEL T exp
(DERT 1L.3% . XF exp(4) F exp(6), T
I T L C2f A, Bk B AR A I BE
5, [, K IRSDD-YOLOvS [ 25 25 44 H () 55
18, 21 JZ11) C2f (REHER 73 B 3 3,

x5 EARREBEHRRN CIHEMXWER
Tab.5 Experimental results of adding C2f quantities in

different layers

S AFEEY Mm@ myp@
2H 5 C2f [n;, m,]  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) &M

K5 R 1 4l 2 RO RAIE A S BEER AL B S
M2 5 PR FHIE A H AR IE SR AT R . T2 Fr
MRS 2 JR s R T R SRR, )2
PR e B R A I 2 SO SRR AL .
TREAAJZ )2 RURAE B A 3 K A9 T a7
BAER EEIEAEE AL LI o
JHUAE IR E Hno HIEFRAE B DA BT 15
JERY I IZIEAL T 2 R ER AL E, REAR IR [
W2 H IR L b By ZARd 2407y B
JEFFIE D BA s A PSR 579 5t ok o B
HJZ AL A5 R RAIE R A2 RBEHRFAIE 7 ) 5
B it PR I 1] RE 6 5 4 i 60 5% JC AP H AR
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Fig.5 Example of feature extraction from the
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4.2.2 R R R T EES G I AR K B

N T Bk 2 R RAE 7~ A B (MSFLM) | =
IS 1 8 T BBk (SimAM) AL AL 5 2% o KX
(SloU) FyA7 R M, ASBIE TS Al 1 HH IO 9 7 il S 56 o
N T PRUESEER A R n] FepE, e R R P i
FRIRI A IEACAE BRI 8 27 >0 3R, FFad s 1T RERLAY
oy FR R A LSS A [ BEHRER E — 49 [o]
At .

F 6 /R T £ YOLOv8n-seg 35 H ¥
AP S A5 R . SR A R T A
IR i, A5 TR ARG R R AR 2 Hh B — E
FEHE ISR T, Ho, 35 22 RO 5 ik =7 > A Bk
Xt G K JRE B 4 T e WD RO B R T T
9.4% (m,,@0.5) ,

RO RMARFEROLIWER (Lh3H=R

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

S 5] MSFLM SimAM SloU m,,@0.5:0.95 mp@0.5
TH RS 1 0.253 0. 664
TH Al S5 2 vV 0.282 0.758
T S 3 VvV vV 0.270 0.763
TS 4 vV vV v 0.309 0.785

mE 6 (a) fr~, IRSDD-YOLOv8 & ¥ LoF

(YOLOv8n-seg + MSFLM + SimAM + SloU ) 7£ 5 %l
I ZRad R b BA A RIStk B 6(b) s T
T il S 305 P S TS TR B J A B Fo 2 — 43 [ ity
o HR R, BT 2 ROE Uik ) TRSDD-
YOLOV8 Fk i) il £k 5 A A il 74 T AR B K, 138 1]
PERESE LT YOLOv8n-seg 5392
4.3 YXW

N T B UE BT SR SETE S PR RS I e AL
HARAYPERE , A SCHIESE T BATE P MRS 5 75 1

50
Y OLOv8n-seg
457 — YOLOVSn-segtMSFLM
40k Y OLOv8n-segtMSFLM+SimAM
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m 30f
*
B 25t
20F
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Fig.6  Segmentation loss and precision-recall

curves for ablation experiments

—EARA AN H AR RS, f#H Q30TIRM
MO T A 2T SN AILE Ry 21 51 G OR S5 25, o
BAZTTIEE N 17 pm , Bi 3k A2 BE S 25 mm , X6 )
M 24. 6 x 18. 5° e RAFFEARECh 4, Rk
PRI () JC AL B A5 A AR 511 FLUA 200 mm X
200 mm, J& ALY IZE 3 J5 7] 5 21 4 AH BT 1
17, BE ELTAMABLL BLIC AL H A 4% B i 2
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A3k 452 m,

TE SRR b XHE H ) IRSDD-YOLOV8 &
TRIEAT T SEBR I, I -5 At e U A B B B
H skl &k dh 17 17X e, SEm g Rang 7 r
7 AR SCHE H %) TRSDD-YOLOVS B33 75 SR 5 4
LRI ER T 94.0% (my,,@0.5) ,7E
KA B A b A 2 B 00 T LA 2R B A A
HK=R7

R HEEXRHIEE LR EITL
Tab.7 Comparison of detection accuracy of algorithms on

the actual collection dataset

ol g mp@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

A SCEPXTELL A G s Je AL H FR A7 AE
RE /N BCBRARAE 55 0 1) 8L, 3 1 T 2 ROEE 22 2T (1)
H AR 5 7% IRSDD-YOLOV8 , #  T — /N8 1
SIDD , ZEXHa 4 Hh &l 43 1 DU Fh LAY ) Te AHLAAR

X} IRSDD-YOLOvS ik 5 2 MLl 21 4N B
RS 3 | 32 DRI B3k AE A i A SIDD b kAT
TREMSLR, SLEE5 R R, 7ES T 1l
1 K25 AN 5 T, IRSDD-YOLOVS B3k 9 w0
fHiLE] T 82.4% .75.2% .66.5% .83.9% , fH#%
T IR YOLOV8n-seg B3 1 43 Jl /& i 1.2% |
2.4% 1.6% .0.2% ; m, @ 0.5 {40 3535 T
93.9% 78.5% 90.2% 96. 5% , K Iks FE 43 42
BT 1.2% 12.1% 1.3% 0.8% .

UEAN B FE T — &R T AL E A I R
45, REELHN T AN HAREIE AT 3R . 35 45
8], TRSDD-YOLOVS %4 1 7 52 R S0 8 45 110
FEDREEE (m @0, 5) IKF T 94. 0% , 1 LA /2 5K
N EE S
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