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Research on UAV Small Target Detection Algorithm
Based on Improved YOLOVSs

Dong Huajun"?, Wang Yuqi'

(1. School of Mechanical Engineering, Dalian Jiaotong University, Dalian 116028, China; 2. School of Automation and Electrical
Engineering, Dalian Jiaotong University, Dalian 116028, China)

Abstract: [Objective] Aiming at the characteristics of various target scales, complex background and dense
small targets in aerial images of unmanned aerial vehicles (UAC), a small target detection algorithm LM-YOLO
based on YOLOVS5 is proposed. [ Method ] Firstly, the number of small target detection head was increased and
K-DBSCAN clustering algorithm was used to optimize the anchor frame, so as to generate an anchor frame more
suitable for small target detection and improve the detection accuracy of the algorithm. Then, a more efficient
MobileNetV3-CBAM was designed as a feature extraction network to reduce the size of the network model. Fi-
nally, the large kernel selective attention mechanism LSK was introduced into the feature fusion network to in-
crease the resolution of the model to similar targets. [ Result] The experimental results on the public data set Vis-
Drone2019 show that the average detection accuracy of LM-YOLO for all targets is improved by 7.6% and the
model size is reduced by 45% compared with the benchmark model YOLOVS. [ Conclusion ] Experiments show
that the proposed algorithm can reduce the model size while maintaining good detection accuracy.
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1 LM-YOLO W#&Z#E
Fig.1 LM-YOLO network structure diagram
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Tab.1 Anchor boxes scale assignment

Target size Anchor frame size

Minimal target 2,5) (4, 8) (5,6)
Small target (7,12) (10, 10) 9, 18)

Medium target (20, 18) (15, 31) (34, 42)
Large target (28, 40) (61, 46) (59, 101)

TN TXFEHTHE A /N B AR I Sk BE A% A B /N H
B, A0 38E B 1 PR AE o K Ay Sk 19 /0N H A T A
[EE
1.3 $HEREUM 4% e it

JL YOLOVSs 5 1 W 2% S Bl 55 K, R A
Pt B 2R R . AR SO TR BT TS
MobileNetV3 K 4% Fll CBAM i & 77 1) Mobile-
NetV3-CBAM M 4% , B4 J5 A7 1) T 2%, FE AR IIE
FRRUAGHIN F3 77 %) [ B R ARRAR TR A/ N

MobileNetV3 £ 7% | MobileNetV3-large 1 Mo-

bileNetV3-small ]/ i A<, A B 53 158 HRORS: 004G
T /5 1) MobileNetV3-large /F A FEAF $2 HUZ 1 L
M 2% , B2 % T MobileNetV3-large J5 % 4% Y B )5 4
2, X 4 225 KRN BRREEICCHT . IeAh 1
TS B FRAGIN S5 , YOLOVSs FOHRAE Rl 25 9 285 Ffp
T A 38 44 TR 3.6 13 EHIEE 15 2
FFIEAE R Backbone H%i tH il A BIRAIERLG 25 2
o ARG B 640x640%3

MobileNetV3 [% 2% H 434 2 5 & SEnet, ¥
26 O F S OIS B BRI E R AR i 2T
/N B AR A T ) 25 AR AR, SCRR[22]82 1 —
[Fi) B O 32 368 T 0 25 () R AF 19 7 2 145 8R (convolu-
tional block attention module, CBAM), {111%] 2 flr 7w

FH &1 2 T AT, CBAM B 4 )5 (i FH G A~ 13 2
HBE e, i DB 388 N 5[] A R AR, 284 Sigmoid
B H—1b )5 5 5 AG ERRIE HEA T AR , Fe 2 A
LAY FRE B . A SCTE MobileNetV3-large [
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Fig.2 CBAM attention mechanism
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TEAMUFA EHG b ) B AR RGHR/N  AGE R
FIEZ 5 SR, T B S GBI 5 R
FE L AR IER I T . LSKNet™ 5 8% T H
o JE BB S 14 0 56 0, AT DA ek s Al v R T AL
il , B2 AR FLRAZ BY |, ) R R i Jak sz B R 4 U
fAEG S = R SRR

LSKNet (% 0o 2 KAZBEREE 1 B 1 HLHI LSK,
ASCH LSK 3 B N %] YOLOvSs RFFIE#E
IBUDR 2, i X 265 3l A B s R MR RRAE R B T
AT A/ AR ARG

%2 MobileNetV3-CBAM M 4% 544
Tab.2 MobileNetV3-CBAM network structure

Number Input size Operation type  Extended size c?l;lrtﬁll:ls (I:nE(;)dAlll\l/le Ag:zit(i;n Step length
0 640%x640%3 Conv2d - 16 - HS 2
1 320%320%16 Bneck,3x3 16 8 - RE 1
2 320%320%8 Bneck,3x3 64 16 - RE 2
3 160x160x16 Bneck,3x3 72 16 - RE 1
4 160x160x16  Bneck,5x5 72 16 vV RE 2
5 80%80x16 Bneck, 5x5 120 16 VvV RE 1
6 80x80x16 Bneck,5x5 120 16 VvV RE 1
7 80x80x16 Bneck,3x3 240 32 - HS 2
8 40x40x32 Bneck,3x3 400 32 - HS 1
9 40x40x32 Bneck,3x3 184 32 - HS 1
10 40x40x32 Bneck,3x3 184 32 - HS 1
11 40x40x32 Bneck,3x3 480 10 VvV HS 1
12 40x40x40 Bneck,3x3 672 40 VvV HS 1
13 40x40x40 Bneck, 5x5 672 56 vV HS 2
14 40x40x56 Bneck, 5x5 960 56 VvV HS 1
15 20%20%56 Bneck, 5x5 960 56 V HS 1

LSK Mt i 1 3 7% , LSK e — A~k U=F"(U), foriin[L,N] (2)

G AL IUT PR 2 NGB K A B8 X
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X FYO) S i DR R TR ] o3 B TR
1 (depth-wise) ; U, NHRBUS HIFFHER . h T ikEM
2 HUINOCTE H AR 5 1T SCfE B FIHT SA 23 ) T
R TTHLH AN 5] ]RORE 8 26 B o R ik 1 iR A7 23
[ 4EREREHE o 15 Je xR BN RIS 7 A9 R i J&1 E
HEA
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Fig. 3 Schematic diagram of LSK module structure
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Tab.3 Results of improved YOLOVSs ablation test
Method  K-DBSCAN  MobileNetV3-CBAM iﬁ?ﬂﬁfﬁ:ﬁ . LSK  mAP@O5/% Modelsize/MB FPS/(framels)
A X X X X 28.7 13.4 96
B vV X X X 29.0 13.4 96
C X Vv X X 29.1 7.3 127
D X X V X 31.6 13.7 87
E X X X vV 33.0 14.1 79
F vV Vv X X 29.2 73 127
G vV VvV Vv X 31.5 10.6 93
H vV V vV VvV 36.3 12.7 54

PRI B . FE S0 ] K-DBSCAN R
I, B mAP@0.5 32 T+ 0.3% , 1 W] K-DBSCAN 1]
DAOCAREAE | 2E T 38 G/ H AR 55 AR HE ; 75
FAUER B T W 25 5 J MobileNetV3-CBAM 45 4%
W2, mAP@0.5 32T+ 0.4% , Fi8Y FPS 3845 1T K
M HE T, $2TF 31 frame/s, [A] B AR Y (1 K /NG 2L 6.1
MB; 76 B s I sk i), il FRLA TRZEGE R,
FEHI K mAP@O.5 4 2.9% KT , (HARA A RS
WSk 38 T BT HS K, S BRI T 0.3
MB, FPSI§/> T 9 frame/s; 75 H.l 5| A LSK {5 /)
HLHG , BT8R T35 5005 B RER AR AR
T 7 R R ORGSR, S RL Y mAP@0.5 45 T
4.3% , {HAR AR /N 0.7 MB, FPS R 17 frame/s.,
T 3 B IR L R AT, 28 3 et A A A A
BOR Pk B A

2.4 XFLEICEE

T B LM-YOLO 53k (W L it , A SCHs e
A 5 A 22 M B ARR I SR R T X L, SR 2
WM 4FR,

M4 LLE 1, A SCHE B9 LM-YOLO 5
Faster R-CNN, SSD, Swin- transformer, YOLOX #I
YOLOV5m, CornerNet £ I , mAP@0.5 43 5 #& T+
13.5%,7.2% ,4.9%,11.7%,3.4%, 12.6% ., 5% %}
i/ B bR 09 #5575 Drone-YOLO #H L, LM-
YOLO ) mAP@0.5 2 FEAX 4 0.2% , {H /2 FPS {5 th
23 frame/s, SR TPH-YOLOVS (146 IS 3 0% 25 T
AR {HIE TPH-YOLOVS L YOLOVSx 1E 5k
HERIRY 15 K H R 508, FPS KT L)L YO-
LOv5s J 3L R R ) LM-YOLO, % 45 S0 .
LM-YOLO 75K A 5 F 5 i 22 [0) 0 25 P o

F4 TEEEMREXTLL

Tab.4 Comparison of the selected detection algorithm

Target detection algorithm  mAP@0.5/%  FPS/(frame/s)

Faster R-CNN 22.8 6
SSD 29.1 35
Swin-transformer 31.4 53
YOLOX 24.6 49
YOLOV5m 329 46
CornerNet 23.7 15
Drone-YOLO 36.5 31
TPH-YOLOvV5 37.2 22
LM-YOLO 36.3 54
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(c) Small target dense scene
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Fig. 4 Detection effect of LM-YOLO algorithm in complex scenes
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Fig. 5 Comparison of detection effects between LM-YOLO algorithm and YOLOVSs
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