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Single aggregation YOLO algorithm for airborne small target detection

Yang Huiyu Li Haiming

(School of Computer and Science, Shanghai University of Electric Power, Shanghai 201306, China)

Abstract: There are many problems in the aerial photos collected by UAV, such as complex background., dense targets,
overlapping targets, which pose a challenge to the existing target detection network. Based on YOLOv5, the original
BackBone network is modified and the improved OSA module is embedded to solve the gradient attenuation problem
caused by network depth. In view of the inaccurate positioning of small targets in the original network structure and the
insufficient semantic information obtained, a 160 X160 small target detection layer is added to deal with the problem of
difficult detection of small targets, and the feature fusion network is modified to enrich semantic information. Finally,
the original loss function CloU is improved. The length and width are no longer a unified whole to calculate the loss, but
are optimized separately to improve the accuracy of the prediction box. The experimental results of this algorithm on
VisDrone 2019 UAYV aerial photography data set show that compared with the original algorithm, mAP has improved by
5.2%, the detection frame rate has reached 45 fps, and the training model size is 18. 9 MB.
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precision, mAP) .3 #) %5 B (average precision, AP) . i &
DL B AU 4 Fh DR AR AR T 24 B

1

AP = J PdR (16)
0
S AP,

mAP = = (17

AP B AP B 3R 75 1% 58 15 00 3% 28 001 1) A6 0 200 R
4 s m AP X PPAY — AN AR R B A 42 R PR B B mAP
(7S A F) Y f B8 R 2 X 3 A RSB 4 9 28R A
T 2 G I ) MRS 2 A TR LA A/ 2 B A A 15
o B EEROBUTR A AT S L 9 102 AR M
2.4 HBASEIOXTLE

T B BRI AN [ 51 A R X e T % 1 ) 45

AL H SRz L T

AR X #

R, T — R E AL . L YOLOvSs fE 2R
Basel.ine i T B iF ot o 5B g A 0 A A vk, a8t 7
AT ML SE Y, N 2 B R A — AR R & A
AR BRI 8 A B.C.D.E.F.G, ME 2 TUF I,
16k 32 190 4% 4 B AE R 45 %o T 4G IODOKS BE B A A 2T
) A AE FE 5 BaseLine A0 HGECIR T T 2. 8%, ol LIf]
HITES MR OSA FEHC AR L 350 & 46 D0 AG I RS BE 5
0 3 BE 43 BIEEFH T 0.5%,17 fps, H 2B £ AT HLAL |-
F T 0.6 MB. MA/NHBRKZE S BaseLine 48 H 48, K
DUKS BEHRTE T 320, M T T 10 [ps, BERIFAR |- F+
T 2.7 MB;finA EloU i 2% bR £ I 21 22 5 488 70 A K /)N
WA U R A A BRI B 0. 2W R, =2
J& B SESR M AN B AR R )2 5 B A VoV Net 1T LLAHINE
KK BE 5 BaseLine # L2000 5 48 T+ T A MRS BE4R T+ T
5 % o {H JE A I 3 2R 5 R R AL F AR AN K BaseLine, £ I 3 %
TRET 16 fps, REREHBE K 5.1 MB,

®2 HEKESH

- - mAP  WiFE AR

/% /fps  /N/MB
A YOLOv5s 32.8 61 13.8
B YOLOvSs+OSA #itk  35.1 34 15.9
C  YOLOvSs+ it OSA il 35.6 51 16. 5
D YOLOvss+/NEFREMZE  35.8 52 16. 4
E YOLOv5s+EIoU 33.0 61 13.8
F C+/ B Frae i 2 37.8 45 18.9
G F+EIoU 37.8 45 18.9

2.5 FAEEBEMNENHREER

S T BRI AR SC Rk FE A4 A R 5 R il A B AR T A
HASM S it ., ASC5EA ML YOLOvVSs,SSD,
Faster-RCNN, YOLOv3™/, YOLOv4, YOLOv5m™"
YOLOX™ | PP-YOLOv1™ | PP-YOLOv2™, TPH-YO-
LO™ S FERUHE4E VisDrpne2019 HE47 5250 X L , 52 50 45 5
Mk 3 iR,

S gk BRI, TR R £ VisDrpne2019 F A C4
PR AL RS AR A 5 AR T HC A 32 Y B BRI SR A I
T AR A DUAS B L AR TR 3R YOLOv5s A6 RS JiE 42
BT 5.2%.5 TPF-YOLO Bk i 46 I AR 0 A0 HE 5 7 46
3 2 A0 228 22 B 1 0 T R IDRS BE B 3 00, A5 A AL
HEHBNORH M 28. 1% . SHEMAA PP-YOLO %
I35  FER DK BE B 5 V1 A A H AR T T 2. 4%,
PRI AARS A AN LY 22. 6 % AR R L H s 5 fps; 5
V2 AR AH LS DR R & T 1. 706, A TR R R A
H 21, 8% K E R L 1 7 fps; 5 YOLOX # Hu#&
A BE L LT 4. 390, AR I3 3 L LR 7 fps, B AU
PR HA 38. 7% . %% 4 45 R KW, £/ HH5 I, pedestri-
an.people, bicycle, tricycle, awning, motor X $6 /N H #1 |-

EAARFMEEAR — 137 —



R X it

R3 FREHBUBRILE

mAP  WiFE R

c023%F 4 B
425 B 4 1

BET& Y 4G IR BE R 6.6%.6.3%.4.3%.7. 7% . 6.1%.,
7.3% , K HFR car. van. truck. bus ¥ F 19 ¥ M ks = N

il FF W% J%  Jips /MB 2.9%.3.4%.3. 2% .3. 9% » AT LA H A SO i 455 A
FasterRCNN ReaNetso s 21 106 SEAE/N B AR b B9 R UOKS B 5 Baseline A8 Fb 4 38 T+ W1 8,
SsD) - ol 35 062 g5 b S un g AL AT DL E AR SCHUHE B9 B A 25 e e Y T
YOLOWS DarkNet 53 256 sg s K BE O HLORFR T 0 1) 52 B[] e A I A8 T A R
o AN TR ER T —E A S B GIE B T AR SO ik R A A —
YOLOv3-SPPF DarkNet-53 28.9 58 118.3 o B
YOLOv4 CSPDarkent53 31. 4 56 245 2.6 KSR TSR XL 4 AF
YOLOWs - CSPDrelnetsd 32661 13.8 0T AP A S A BB LB L 0 R 5
TPH-YOLOv5 ## CSPDraknet53 34.8 48  69.5 SR SR F R B A 0 2 8 TE M5 gradient-weighted
YOLOX gk CSPDraknet53  33.5 52 50. 4 class activation mapping, Grad-CAM) £ AR XF 45 1iF & i 17
YOLOvSm B CSPDraknet53 34.6 55 42.2 T RLAL A 15 75 . e o L 9 2 T Ak i 2% T A
PP-YOLOvl  ResNet50—vd-den 35.4 40 86. 1 HSE A SR AR B AE B AT YOLOvbs [l 25 B 8
PP-YOLOv2 Heift CSP v6 36.1 38 89.4 K B A TN IR, 3 Al I UK B T 32 T R AE R 2% 5 4
LS VoVNet39 37.8 45 18.9 TE Rl 25 0 B B il AR T B8 2 M ARAESE B U R AR E
FE AR E R LI 7E VisDrone2019 $UHE4E |- (1 I He 45 3 B/ BRRE R . MET YOLOvVSs BT 33T
R4 AXEBEE YOLOVSs &K B & N5 & %)
g pedestrian  people bicycle car van truck tricycle awning bus motor
YOLOv5s — 48.4 9.2 12.1 75.5 39.5 37.4 15.2 15.0 48.3 25.7
AR SR 55.0 15.5 16. 4 78. 4 42.9 40. 6 22.9 21.1 52. 2 33.0

FEM/PMEWRFER, RoMGER T MANES, &
YOLOv5as 3B BRI TE 8 i 45 48 10/ B b5 5 35 3 B b 3K
(ESES-WAR N Al i % N7y I v 0 N E R B i
HARERIRA T R AR E £k,

(a) JRHE
& 15

(b) FERHE
Ji YOLO 5t YOLO # ) B

(o) But#AE

16 FF 7~ S A 260 ) G R 2R ) 16 A R Y
FCAA X A7 B, B AR AT B — H B 444 T L TR YOLO
2R SO R R AT D b ARG R AR B B bR (1
EHEELBMCH . BFBRERER AR HEEIFHLES
B, LB IR YOLOvSs 76 i 5 %5 4 4 F Bl
K Z 7 015 B0 (H R AR SCRE B A G o 5 AR LT
R0+ Ok A S B AR A X TE — AR AR E T R Ak
Ry
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Bl 16 K s Rt b
3 & i

ARSI TEJE A Y YOLOvSs 558 i JL Al 3 4 &
TARAE BB 26 T B TR K 6 R 24 R 8 R B0 B
U5 REAE AR B S R 0 IR S B OSA B, H 0
OSA B b i J5 bh i A 224 L% A J@ I A — > eSE 42
Hss Jn i i RRAE & 22 18] 5 28 15 B8 0 5 TERRAE @l & I 45 3R 43
T — AR 160X 160 /N B ARG 2 LLE B/ B F7
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MRS e 23 5 30 1 SEAE 5 7000 A K 5 EE A [ B R
K FE R O 2 AE T R FH S S50 000 A A D U9 S 85 R Al 9 )
AL, DR SR I 5 40 S AR R K i 2kt RE 8 3 R /)N

FREG T, 76 S8 AY 45 S T LLAE K RS B R T
5.2% M HF R R TF T 16. 56 %6 A& I R F AR T
16 fps; BEBFBEIG K T 5.1 MB, SR 4S Uk 52 56 70 1 ) K5
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