Opto-Electronic Engineering Art|C|e

% & x

2022 5,55 49%, 5 3 8

DOI: 10.12086/0ee.2022.210372

£ it YOLOvVSs /Y
T AL EN& 2B B Rty

*

%ofe, AR, & W
B B TR R B Sk, Wivl A 310018

E: AT AAMBERE T AL, 29HES. BHRRALFRFHL, RET A %0 B 4740 % YOLOVSsm+,
B, AT M EAR ST RAME G M0 Frm, BT TN 3 KA L B 69 5% £ 2R AR R IR & 2 1)
BAEEg AR &, KT YOLOvVSs &t 7 —HP it 49 % & W% YOLOVSsm, AR & AANBBRGENAEE, RE, &
T —APAFAEGR A SCAM, BT BIAFAE A BB F AR S @V LA R E, B33 RERKIEAZBREGRZTF
XBAARG S EMRE. R, ®iHT A Ewma s oL Mmameiamkam, #—FRGT 2 LHE. %A VisDrone
FAMALIOEAE R F 34 R A, 424 YOLOVESM+EA! s 364 45 ) X AT 35Ttk o 0.5 B 69 F 345 E 3444
(mAP50) i£%] 7 60.6%, #8:tF YOLOvSs #2% mAP50 2 5 7 4.8%, A1k YOLOVSM AEA! 6945 5, ) AT 381k jE
BA RS, BT DIOR HEBRAAEE LT/ TG IE T R G B0k, REGKEHEA LA EERK, 25
B ARRA R Z 0045 5, E46 T RAMB K B ARERIES,

KHEIR: RAMEG; FE8 B AF4R; YOLOvSsm+

FESHES: TP391.41 XEARERD: A

BRI, 2455, AR, ST Eul YOLOVSs 1 JC AHLEMG SERT H AR [J]. Y T A2, 2022, 49(3): 210372
Chen X, Peng D L, Gu Y. Real-time object detection for UAV images based on improved YOLOv5s[J]. Opto-Electron Eng,
2022, 49(3): 210372

Real-time object detection for UAV images based
on improved YOLOv5s

Chen Xu, Peng Dongliang, Gu Yu
School of Automation, Hangzhou Dianzi University, Hangzhou, Zhejiang 310018, China

Abstract: As unmanned aerial vehicle (UAV) image has the characteristics of complex background, high resolution,
and large scale differences between targets, a real-time detection algorithm named as YOLOv5sm+ is proposed in
this paper. First, the influence of network width and depth on UAV image detection performance was analyzed, and
an improved shallow network based on YOLOv5s, which is named as YOLOv5sm, was proposed to improve the
detection accuracy of major targets in UAV image through improving the utilization of spatial features extracted by
residual dilated convolution module that could increase the receptive field. Then, a feature fusion module SCAM
was designed, which could improve the utilization of detailed information by local feature self-supervision and could
improve classification accuracy of medium and large targets through effective feature fusion. Finally, a detection
head structure consisting with decoupled regression and classification head was proposed to further improve the
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classification accuracy. The experimental results on VisDrone dataset show that when intersection over union

equals 0.5 mean average precision (MAP50) of the proposed YOLOv5sm+ model reaches 60.6%. Compared with
YOLOv5s model, mAP50 of YOLOv5sm+ has increased 4.1%. In addition, YOLOv5sm+ has higher detection
speed. The migration experiment on the DIOR remote sensing dataset also verified the effectiveness of the

proposed model. The improved model has the characteristics of low false alarm rate and high recognition rate

under overlapping conditions, and is suitable for the object detection task of UAV images.

Keywords: UAV image; real-time object detection; YOLOv5sm+
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Fig. 1 YOLOv5 backbone network architecture diagram

210372-3


https://doi.org/10.12086/oee.2022.210372

WRE, 4. St T/, 2022, 49(3): 210372

https://doi.org/10.12086/0ee.2022.210372

TRJRHFIE Cat

Detect

Upsample

A

Upsample

RIZFHIE

SP-Convs}—»

CSP-Convs’—»
CSP-Convs}—»

Conv (s:2)

Conv (s:2)

I
I
I
I
I
I
I
I
I
I
I
I
I
Detect |
I
I
I
I
I
I
I
I
I
Detect 1
I

I

B2 AFAERRSARY LA

Fig. 2 Structure diagram of feature fusion module
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Table 1 Receptive field analysis table
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Focus 6 32 Conv 3*3 (stride:2) 3 24
Conv3*3 (dilation:2) 15 48
ToRAE 10 64 Conv3*3 (stride:2) 19 96
Res-Block 27 96
C3_x1 18 64 Res-Dconv 51 96
ToRAE 26 128 Conv 3*3 (stride:2) 59 192
C3_x3 74 128 C3_x3 107 192
ToRAE 90 256 Conv3*3 (stride:2) 123 384
C3_x3 186 256 C3_x3 219 384
ToRAE 218 512 Conv3*3 (stride:2) 251 768
Spp 218~634 512 Spp 251~667 768
C3_x1 282~698 512 C3_x1 315~731 768
k2 FRBZET. TAREGHETULE
Table 2 Pre-setting anchors in response to the receptive field and down-sampling
TRFERF 3 4 5
IRIEZ B Ipixel 111 255 731
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Fig. 4 Improved module structure
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Table 4 Performance comparison experiment results of depth and width models
B i mAP50 mAP BFLOPs
0.33 0.5 0.502 0.288 16.5
0.33 0.75 0.540 0.319 36.3
1.33 0.5 0.525 0.311 354
% 5 Res-Dconv A3 3iE LI R
Table 5 Verification experiment results on Res-Dconv module
Baseline Res-Dconv mAP50 mAP BFLOPs
v 0.502 0.288 16.5
J V 0.516 0.299 19.8
k6 AXHikAES A VisDrone 435 4 L9l ko s &
Table 6 The ablation experiment results of our algorithm modules on the VisDrone dataset
Baseline SM SCAM SDCM mAP mAP50 BFLOPs Infer AP-small AP-medium AP-large
YOLOv5s 0.319 0.548 16.5 4.8 0.220 0.437 0.495
V 0.358 0.589 30.1 8.3 0.280 0.476 0.495
\ 0.324 0.555 14.7 3.8 0.225 0.446 0.511
\ 0.333 0.555 19.5 4.9 0.250 0.448 0.482
V vV 0.356 0.593 38.0 9.0 0.278 0.475 0.512
V V v 0.360 0.596 30.8 7.7 0.281 0.479 0.505
TE: T AR Z S A
&/ 7 X ik VisDrone #0358 & b ag#bml b 4
Table 7 Detection performance of different algorithms on VisDrone dataset
Bk mAP50 mAP mAP75 AP-small AP-mid AP-large BFLOPs Infer/ms
YOLOv3 0.609 0.389 0.417 0.297 0.496 0.545 154.9 27.8
Scaled-YOLOv4 0.620 0.400 0.428 0.305 0.514 0.626 119.4 271
ClusDet" 0.562 0.324 0.316 - - - - -
HRDNet" 0.620 0.355 1 0.351 - - - - .
YOLOv5s 0.548 0.319 0.317 0.220 0.437 0.495 16.5 4.8
YOLOv5m 0.595 0.365 0.372 0.285 0.482 0.525 50.4 9.8
YOLOX-s 0.535 0.314 0.317 0.225 0.415 0.485 41.65 5.1
MobileNetv3 0.554 0.329 0.329 0.245 0.443 0.495 23.8 8.0
MobileViT 0.555 0.333 0.337 0.249 0.442 0.418 - 13.7
YOLOv5sm+ 0.596 0.360 0.369 0.281 0.479 0.505 30.8 7.7
YOLOv5sm+* 0.606 0.367 0.378 0.295 0.478 0.439 - -
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BIESR s X TR R4 MobileNetv3 Kid, KL
T YOLOvSs #iAY, FUZ# A FIRT YOLOvSs; T
HE R I Transformer 559 SRR L IFA L3
TCEEHT I YOLOX WS REfefR, RIFEREEEH T M 2%
T, JCHERINEE TS AR, MR
YOLOvSsm-+15 5 45 35 o 45  mAPS0 & 5.6%,
PEF m AR FLHE R ST 21.4%, WEHIE T G
BAET MBS L0 30k . HIE 7 W, A
YOLOv5sm+15 RIFE 7 5% /)y H AR B4 R8T s Al m

B, il 8 Ak, EE R R AR, AL
SR mT A A ORIt S PRAY F AR, R TR I
A

4.3 DIOR ¥iB&EF LI

R T I B UEAR ST A R S R, AR
1¥ DIOR i@ /BHHi 4L FaEfT 17X HUIGiE . 28 4E 2
PO Tl R2: T 2019 4F KA T — A R HUEE Y 25 Sl i
BEEE, BUREARF GRS, RAOMZET TR
L)

B 20 A HARZE, KA, KNZHE,

B 7 REFEixi VisDrone AN = F 694 5245,
(a) YOLOV5m #£# ; (b) YOLOVSsm+4£# ; (c) YOLOv5s #A!

Fig. 7 The detection examples of different algorithms in the VisDrone UAV scene.
(a) YOLOv5m model; (b) YOLOv5sm+ model; (c) YOLOv5s model

lwﬁ‘

B8 =MAREREFHGT O

u‘““

gc‘

S \\. .~“ vk t’e‘*“ o sy s

SR,

(a) YOLOv5m; (b) YOLOVv5s; (c) YOLOv5sm+
Fig. 8 Comparison of the detection effects of three algorithms in dense vehicle scenes.
(a) YOLOv5m; (b) YOLOvVS5s; (c) YOLOvSsm+
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REEZESIER, HREMR, EaEBRIEARSCIEA
Bk o RS0 IRERIA SE L, 22 RO I A
#1200 457K . DIOR B4 4R 1 B O 08l %l 43
43R 5876 KIZAE, 876 SKIRUFEAE, 14885 Hiillil4E,
FHBNES O E

SEHGZE IR NS 8 N, 7E 20 2509 DIOR & B4
PEEE b, AXFT YOLOvSs #5170 | ek A 0 AG: I
PTHE 4.2%, K3 T 66.7%, PiT Faster R-CNN Hi
BB, A 9 AR o R U S AT R, AR R
TER R AR bR HEE L RIET YOLOvSs 52
R, SEERM, ASCRIENTT/NERRARE . REXES
K. EARE S B R EAREE T LS A i B e

5 & it

AN 5 i 5, 81 T VisDrone
T AW BARE N HAR . HAER TE

UAV BR4E T U FN 98 BEXT YOLOVS A5 7Y [)RG FE 14
R, SCERZERRY], TETLRANBIESE L, BIRTRER
RYPURZTE SR T REORS R, (HUR B T R
2, REERRIPEREZE TSR, F B RS K
(2 TR RRIE B i . TR A 7% 25 25 TR G BB B,
P T — R A p SE S H AR R R YOLOVSsm,
K5 B = T YOLOVSs 61 4.1 N 43 5. SCAM HHE
AR & T RRIE S AR FH SRR IR RS R, 3
— AT T KIS BE . 7E VisDrone 0¥ 4 T 1945

W, HARRESK, KERASE, 55T
R ) SEAE RGN Sk 254, b — AT TR K .
835 Scaled-YOLOv4, MobileNetv3 5% 1 1k [ 2% |
MobileViT R I 4% . YOLOX Jof A& Il #5 XF kb ]
A, BCHERIRIET G S P m AR B, B IEEE mAPSO
ik 60.6%, 5T m AR H s T 21.49%, FEAH
RTNHN G FPERE . FEEEZR . 7F DIOR 44

% 8 AR k7 DIOR 4048 & b o940 m i 48
Table 8 Detection performance of different algorithms on DIOR dataset

LAY BackBone mAP50

Faster R-CNN VGG16 0.541
PANet®” ResNet50 0.638
Retina-Net”! ResNet50 0.685
SCHR32] ResNet50 0.732
CAT-Net™ ResNet50 0.763
YOLOv5sm+(ours) 0.667

T ML AOZBN R L, A A SR LA R

B 9 itk DIOR 4048 & 494t vt
(a) YOLOvS5s; (b) YOLOv5sm+

Fig. 9 Detection comparison of improved algorithm in DIOR dataset.
(a) YOLOvS5s; (b) YOLOvSsm+
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Real-time object detection for UAV images
based on improved YOLOv5s

Chen Xu, Peng Dongliang, Gu Yu’

YOLOv5sm+ model detection result on VisDrone UAV dataset

Overview: The real-time object detection under unmanned aerial vehicle (UAV) scenario has a wide range of military
and civilian applications, including traffic monitoring, power line detection, etc. As UAV image has the characteristics
of complex background, high resolution, and large scale differences between targets, how to meet the requirements of
both detection accuracy and real-time performance is one of key problems to be solved. Thus, a balanced real-time
detection algorithm based on YOLOV5s, which is named as YOLOv5sm+ is proposed in this paper. First, the influence
of network width and depth on UAV image detection performance was analyzed. The experimental results on VisDrone
datasets show that, due to the less internal feature mapping, the detection performance improves with model depth
rather than model width. Moreover, with the depth of the model grows, semantic information can improve detection
accuracy under generic object detection scenarios. An improved shallow network based on YOLOvV5s, which is named as
YOLOv5sm, was proposed to improve the detection accuracy of major targets in UAV image through improving the
utilization of spatial features extracted by residual dilated convolution module that could increase the receptive field.
Then, a cross-stage attention feature fusion module (SCAM) was designed, which could improve the utilization of
detailed information by local feature self-supervision and could improve classification accuracy of medium and large
targets through effective feature fusion. Finally, a detection head structure consisting with decoupled regression and
classification head was proposed to further improve the classification accuracy. The first stage completes the regression
task, and the second stage uses the cross-stage convolution module to assist in the classification task. The contradiction
between regression and classification was alleviated, and the accuracy of the fine-grained classification was improved.
Under the synergistic of the balanced light-weight feature extraction network (YOLOv5sm), the cross-stage attention
feature fusion module (SCAM) and the improved detection head, the algorithm named YOLOv5sm+ was proposed. The
experimental results on VisDrone dataset show that when intersection over union equals 0.5 mean average precision
(mAP50) of the proposed YOLOv5sm+ model reaches 60.6%. Compared with YOLOv5s model, mAP50 of
YOLOv5sm+ has increased 4.1%. In addition, YOLOv5sm+ has higher detection speed. The migration experiment on
the DIOR remote sensing dataset also verified the effectiveness of the proposed model. The improved model has the
characteristics of low false alarm rate and high recognition rate under overlapping conditions, and is suitable for the
object detection task of UAV images.

Chen X, Peng D L, Gu Y. Real-time object detection for UAV images based on improved YOLOv5s[J]. Opto-Electron
Eng, 2022, 49(3): 210372; DOI: 10.12086/0ee.2022.210372
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