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Abstract: To address the challenges faced by drones during UAV (unmanned aerial vehicle) photography in
adverse conditions, such as low image recognition, obstruction by obstacles, and significant feature loss, a novel
algorithm named SSG-YOLOv7 was proposed to enhance object detection from the perspective of drones in
complex environments. Firstly, 12803 images were augmented from the VisDrone2019 dataset, and 1320 images
were augmented from the RSOD dataset to simulate five different environments. Subsequently, anchor box sizes
suitable for the datasets were clustered. The 3D non-local attention mechanism SimAM was integrated into the
backbone network and feature extraction module to enhance the model's learning capabilities. Furthermore, the
feature extraction module SPPCSPC was restructured to integrate information extracted from channels with
different pool sizes and introduce the lightweight convolution module GhostConv, thereby improving the precision of
dense multi-scale object detection without increasing the model's parameter count. Finally, Soft NMS was
employed to optimize the confidence of anchor boxes, reducing false positives and missed detections.
Experimental results demonstrate that SSG-YOLOv7 exhibits superior detection performance in complex
environments, with performance metrics VisDrone_mAP@0.5 and RSOD_mAP@0.5 showing improvements of
10.45% and 2.67%, respectively, compared to YOLOv7.

Keywords: UAV; complex environment; YOLOvV7; simAM attention mechanism; SPPCSPC; data enhancement

(1

PAESK, BEE R P & R, Al JE AL
(unmanned aerial vehicle, UAV) 45 &8 BE 2% 2 52 )il H
FRRT AR SS IEAERSE,, TN | =Rz
LR S A 2 Tz Y, R AR AR A
TEAMUARSFEHARGE G IR EE 2 > AT LIAE S S 1) 32
REmE. X FERANBSEEGN S, kg
FEER /N BARIT HAOER Y IR R EE AR AR B, e ORT
Rz AT BRI A As ST, X IR 1Y
H AR 5232 8] 1 T 12 kAR

HARR AL 0 — D EH 53, BTEHR
PGS AR AT SR H bR DA T o 51 Bl
FEIENE TS s R R e, IR
> VIR R B ARFAE 2% 2T B )32z i ny T UG Ak 3
FE BRI . B TIREE 2% 2 1Y H Akl 559k 22500
P, S3HHELL RetinaNet™ . YOLO™™ ZF1 At
HLBYBE (one-stage) K i 7 3% AL SPPNet™, R-CNN™
FIN AR AR B (two-stage) il ik . BARBAGS:
A 3 R 3 A A B A P HSHE. (anchor-boxes) 2
Ea Mg, Ead s R R R HEE T 2R B 5
T AL By BB 0 B8 ol P — S SR, L A B4
& (selective search)”! B{ RPN"™ 2 i — 2 {6 VE HE 4R
X Az B A BERE REAT 20 2R AN R . 2015 4F 1 Joseph
Redmon 55 AT R4 HH 28 T B it 22 D 2 1) E Azl
%k YOLO (you only look once)”, H 77 %3 b — ¥k
LT AU B s AR g 2 L, 3X Al YOLO &

[l

B SV AE AR ) A U0 2 )3 R v B TR o A e
Feai, B YOLO RAIM AW B #H1%, YOLO
I HERR AW ETF, MOkl 2 1) & K28 TH IR
FEUAIAE YOLO AAY b fF 47 ek fff L5 i i H
Pra . Horb yin A5 @ TR AF-SSD, K
LRI IR R R SR R EA AL G, DA RS in
FER E AR ARFIERS B . Qi %"l SPPCSPC 2544
TG AR B 0k SImAM VEE IHLE, TR =S
W0 24 it 4 HARBORE IR BE o Liu 21 2 bl
il CA AT T/, [RIERHE BiFPN Z5445 ] A S5 M
%, ARRI T ORFEZRAEHEE R, PR E R
TR ZMIMOE R, ARG B R P
IR EBE /N F ARG IR RS - 2
A RAFRRINRCE , ZEAE A B R A RO AN B
B, MIEANMAMA T EEABEES . fikz,
Z RS, RIS B 0% ) 32 KA, AN
PG TR, ARG A ffar i . PRIk,
AR 3CLL YOLOVT' R SEZR 45, LR A4S 43
ROB . 1) {8 K-means++35 55X} Visdrone 35 5
H1 RSOD BRI TRIS T, A RGE & B Y
AR ST BFRAEHE R /N, SRISIS AR A R HE B O
BABEE M HRR ST . 20 XS 2 P
SimAM Fil B i A T 5 7 LA A AR 2 B T
B VR SRS I B L . 3) B4 SPPCSPC
Fitle, fdiH GhostConv fUF B, W T IUARK:
TERYHRI, SCPUERAE RO 45 52 Ak . 4) (i Soft
NMS 0B NMS, i = B A4 TOU KT B

240051-2



TR, . G TR, 2024, 51(5): 240051

https://doi.org/10.12086/0ee.2024.240051

REPEREREAR L, KO8 TR I R iR |
I/ NRGE AARTE B . RIS X Visdrone2019 difi
1 RSOD Kidfadie iy o B EAT = 28 K AUBAU, 56
UERACHE I 1) I 45 REA A Rt L T JC AL A B A2 2%
PRI FARAG o

2 YOLOv7 &EEN4E

W% YOLO & 41| 5 vk 9 A W 3 3 3% 10,
YOLOv7 7E 5 FPS % 160 FPS 315 B P4 34 J& FI0KS 15 247368
it HETE SR A PRI gE , 78 V100 /) GPU L,
30 FPS {9 1 Bt 52 B 4G 0 K B 7 38 56.8% AP,
YOLOV7 # R AE YOLOVS #5744 ity FE Al |- oKs 45 70 &1 2
BT I AR L5 4 rh | SR FH 5 AR 1 2 RITDC e ) b
B ELIR NG . B — R R AR 1 M 4S ELAN
DA B AL 5l B Sk I 207 vk, XA YOLOVT REAS #E
ARG AR ] A E LR 4R = R R, YOLOVT /Y
W& 2R ] LIS M A (Input) . BT M4 (Backbone)
3B (Head).

iy AFBEHRL (Input) #4465 A 288 (1) G RAT JLAS T
AbBEATR, A1FE Mixup., Mosaic FIFEALAE S E PG 1
s, HHMRFEEIEEICRN/NE bR, %K
TR TS o 5 BB 8 5 e 4 MG e — A i B b o
T (640%640%3), HIAZE T ML,

H T M (Backbone) il i IR B 45 FURFZEUR[R] R
JERRAEE R, JF H RIS B EA TR BE 1Y il
£, FE i CSB R ELAN FLHF MP #idedd i
5 ZHi YOLO & 8 iy &+ W 4 1 X 3] 3 2 7 F
ELAN 5 F MP #ibk, ELAN Bty 54~ 32 4,
BN S A I R, 2 AN
Fegad—A Ix1 BB GR E R AR Ak, SR
22t PUAS 3x3 BB TRIESE L, IFIE U4
TEA B, A s il i B R S 3 s A ke i i
W 2% (et . E-ELAN J&36F ELAN AU ITAY, Gl
WA IR VR R, SEIUOR BRI AR B AR Y
L AW 2 X6 24 2T R 7 . MP ASEHe s iy P 4>
Gy SRR, HAEREMAT T oRAE . 38— kT he
Kite Ak (Maxpool), FRZ83d—A> 1x1 A4 BUE i# 5
ks 55 AN ST A 11 BB —
A 33 B B AR IR’

SLEBM 4 (Head) FTAAEITIGN , H SPPCSPC A%
H, ELAN-W., MP-2 il Repconv 4 /i, SPPCSPC %
HueAe SPP 45| AT CSP 458y, i HHA —A4

SR LA T RBOLAL 98 EE S AR O R Rk )
Lk, WA TR

3 AXHEZE

3.1 $HIERRL

YOLOV7 M & Bk IA fifi F§ K-means 55 ¥ X COCO
B S B EEREA T RIS, PRSI Zrat FE v
3 A 3 A SR R R A A T K-means RIS
et FHRR IR B A B i X R A AR DL, R
RORAEE M TR R hO S e, S T A ie 5
ST EZ W T B R R, I
H K-means 5.7k R BEERISE R i s i, Toikik
B E . N TR — R, A SO K-
means++"" FEUE YOLOVT Hif¥) K-means #.4%:, K-
means++5 75 JE G S0 1Y K-means F75 1780k
MRS W AR R L s, IR H B
R, REE S EAGE SRR T — bR,
FHEE PTG R B SR K ol . XFPERIE
J7 A AFAG L SRR R RS L 0] TR R A,
) T4 Je B AU

TEAMA T 1 BAsREA BR RS R —
ST B SR AR, B 5L K-means 515K
B AE A R AR 4 Hb 3k W e AHLR AT B9 H AR R o
38 1R K-means++53.3% 7] LASRAS 5 SE PR da 2 VE i
R EAEE, W% 1 P, A K-means++XJ A SC{d
HfBERSE AR RSB BAs i RIS, ARE G
& RHERST

%1 K-means++4 s 49445 1ER <

Table 1 Anchor frame size generated by K-means++

EIAEING N JkaZ WY HSHE
20x20 Big [33,49],[63,73]
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Table 2 Comparison of SPPCSPC and SG-SPPCSPC

LAY Parameters/M GFLOPS
SPPCSPCHH: 12.8 16.2
SG-SPPCSPCHik 3.69 4.9
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IGFLOPs 2T 10 LUK 7% pi iz 5 R Al iR A TR 1) &2 7y
B EERTENTE R mAP, AN AR R
EMP

m@:iw—, (12)
Horpe AP FoRBA RN, AP ISR P-R
£k 5 A bRl BB R RO TR, mAP S BT A 28 ) A2
FERE AP A48, VARSI T 28 4L
AP 5 mAP #RARFAERL ARG I P RE A

TP
o TP |
precision = —0——p (13)
TP
Recall = s (14)
TP+FN
AP = lPRdR 15
= | P®R)R, (15)

Arbe TP FIOREIER], BIERAPGINIESE; FP&

ANBES], BIAREASTE R IEZE s FN R il
RO IEREAR R B 2 . BbAh, AR R A mAP
145 mAP@0.5 1 mAP@0.5:0.95, mAP@0.5 %/~ 1E
10U [H{H % & A 0.5 if i) mAP, mAP@0.5:0.95 £/r
1E TOU B {H 4L F 0.5~0.95 Z 8], K K 0.05 1Y 10
A~ 10U BIfE 1T mAP,

4.4 HEKIER RN

R T SR UEAS SCHE R AR el R T
AUV T 0 BA R R A R FE R, AR E
T A~E SR AR S, Ko R R
O3 BIAE A B TR UE, SCIRZ T i 3
Jis . Hd N ARRIZHA LTI AR T, Vis_
mAP0.5 /R Fl VisDrone 53 8 1| 4 Ja A A4 i) SE- 1
A, RSOD_mAP0.5 F/{ii fl RSOD $idE 411l
SR BRE BESAE . AR Rl SE 5 B A A HE

%3 HAkZiheE R

Table 3 Results of ablation experiments

Model K-means++

SimAM  SG-SPPCSPC  Soft NMS  Vis_mAP@0.5/%

RSOD_mAP@0.5/% Parameters’M FPS GFLOPs

A
B 3

C V J

D v v v

E J Xl J J

51.34(+10.45)

40.89 95.60 37.6 82 106.5
44.15 96.91 37.6 82 106.5
46.40 97.22 37.6 87 107.2
48.61 97.91 28.5 93 95.9

98.27(+2.67) 28.5 93 95.9
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R Komeans++, FEE IHLE] simAM . it 5
(R 45 B H: SG-SPPCSPC R AR Ak 4 I E 4% A& #10
il 557 Soft NMS i A £ LA A YOLOVT Hi. il
XF He A AR FT S B R RS . BRSO &
FRALPRMUECRIAR R 5 22, P RO TR A
A b R o A 2H 525 ff ] VisDrone %2 4 42
RSOD ¥ 543 HIXS R AR 1Y YOLOVT BRI EA T2k
fdiH VisDrone Z(5 81125 /5 1) mAP0.5 A 40.89%,
RSOD ##iE4E 45 )5 1Y mAPO.5 155 95.60%; B ZHf#
I K-means++FTRAEA K T 9 A& A AK G
fE BEHE , Vis_ mAP0.5 5 T RSOD_mAPO0.5% ] #& Tt
3.26% F11.31%. C A% 51 A 3-D TSR LI
&, BRI SHCER AR, [FE Vis_mAP0.5 #27+ T
2.25%, RSOD_mAPO0.5 £} 0.31%. D H L TE C
2R E—E5] A SG-SPPCSPC fkt, Vis mAPO0.5
$27F 2.21%, RSOD mAPO0.5 32T} 0.69%, [alif 2%
HH1 GFLOPs W] %M, FPS WL E42Th. E 4H5C6Rn
A DY I SR, R IS AR Vis mAPO.5 35 F
51.34%, %okt 2 A4 10.45%, RSOD_mAPO.5 ik
£ 98.27%, RWHEZHTHE S 2.67%, [ S5
FPS 1 GFLOPs Lt J5 1A #5754 43l F [ 24.2% . 13.4%
F110.0%, ARHIEH T SSG-YOLOvV7 7] IFETE AL
WA T 25T 10 B ARRL AT 55 b BURS: H £0  BiAR o

26 4 IR T i Imgaug JE X P AR 6 BT 8k
PSR AT S5, YOLOvV7 Fl SSG-YOLOV7 it 46 il 2% S
o ATLLEH, MRS, YOLOVT F1 SSG-
YOLOV7 7E i 4E T A ki 5 R 324 5 F B b ke p 4
Hrfr, YOLOv7 7E VisDrone #5812 7+ T 4.13%,
1E RSOD i 4E 45 Hp 42T+ T 3.59%; SSG-YOLOV7 £
VisDrone ¥4 42T+ T 8.71%, £ RSOD H¥lifEH+
BTHT 4.45%. XAWGBIUE T AR SCHE H BRI 5R
77 FCRBIS R~ o) B 5 Z2 A T RIS TR 2 (40,
PETHR TR 2 2458 T (R RS

T N B E F] SSG-YOLOVT FRIA IR
A SCN PR R AR s R — ik K R (55— =31
TR A e B A VisDrone2019 224, 45— . MU
LG B RSOD $iladE ) XFEHGHFATIZ SR . ik
. WK, #%. WHEALMAEMBL . #H

YOLOv7 5 SSG-YOLOv7 % J& & A AL e Jei () 1 4
SHEFTREIN A DU S5 S AT AR XS L anl& 6 PR, For
il (55— Z31) A YOLOvT #4746 i 45
R, A (5= 1)) RffH SSG-YOLOvVT #17
K 25 5, X T LR A4 B I T
54 YOLOVT M8 AEAE KB ek il i i e, Jo
JEN T — el SRS T EB 0 HAR, YOLOv7 1
FENRE I o H W, A SCHR Y SSG-YOLOV7 FF
TESR U Sl oF — 2D WO, Al AR L E S
3D AE LSS, f# SSG-YOLOvVT 7 L AN A F iy
Hbrsil i B I A

4.5 5EimMaEiiTIIEL

J T AR SR R A AE T AL A T
S AR BARRIAT: 55 B A IR, AR T
— RYIXF LSS, SR R i R SR A L SRR
T 5 S SR — Bk, SRR K 5 R,
X Fb 3 3 E A I S 45 5 AT LA BT X TE AL
WA T E 2B BARK D, Faster R-CNN 5
SSD [ £ K oG B2 B AR T YOLO #41 . A SCik
#9: SSG-YOLOVT f4 Visdrone mAP0.5 155 51.34%,
RSOD mAPO0.5 i5 #| 98.3%, Visdrone mAP0.5:0.95
A% 29.21%, RSOD mAP0.5:0.95 3% £ 70.0%,
YOLO R B kA, SSG-YOLOvT 7 M 4~ % 4 4
RS B R BRI AR R S RO A, Tk B
A AR YOLOVT A B 3271, Jf HAL T
SRR TR YOLOVSL 5 YOLOVSI, 4271 R45H; i
4[] B A AP P M B R . 2% BT IS, SSG-
YOLOV7 W& LETC AN T 19 HARKIAT 55, 1
REI AL T HAt R 45

5 & &

XTI AMULA T B ARSI B AR AT 55,
PA K /NROPBE B AR RS TR ARG 7)1, A SCR FH Imgaug 28
e bR BT BIX) Visdrone2019 8 4 Fil RSOD $ ik 4
PEATEE G , BT RO KA BTIACR
DL YOLOVT MRk M4, 45 —Fo i) B FrAs il 5
7% SSG-YOLOV7,, f#i F§ K-means++3 B L R AKH
JUNARIRIRCT RYEHE , A H TS S A SCRdiR g . 7R

k4 HIEIEIREE MAP(%) it

Table 4 Comparison of mAP(%) before and after data enhancement

Model JEtBVisDrone 1455 S5 VisDrone JUHRSOD 1R FFRSOD
YOLOv7 36.76 40.89 92.01 95.60
SSG-YOLOv7 42.63 51.34 93.82 98.27
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YOLOv7 YOLOv7 SSG-YOLOv7 SSG-YOLOv7

B 6 YOLOV7 5 SSG-YOLOV7 #rit R T AUALAT tb
Fig. 6 Visual comparison of YOLOv7 and SSG-YOLOv7 detection effect
A5 AEEER

Table 5 Comparison of experimental results

Method  Visdrone_ mAP@O0.5 /% Visdrone mAP@0.5:0.95 /% RSOD_mAP@0.5 /% RSOD_mAP@0.5:0.95 /% FPS Parameters/M

Faster R-CNN™ 20.0 8.91 85.6 54.1 43 137.10
Ssp# 10.2 5.1 87.4 52.6 249 26.29
YOLOv5s 27.4 15.6 94.0 59.5 126 7.28
YOLOv5m 32.0 18.8 95.2 66.4 98 21.38
YOLOVSI 36.5 215 95.1 68.3 75 47.10
YOLOv7!™ 40.8 24.0 95.6 69.6 82 37.62
YOLOvS8s 431 25.0 94.1 63.0 160 11.17
YOLOv8m 39.6 22.8 94.1 68.7 122 25.90
YOLOvsI 437 25.1 96.0 68.9 98 43.69
ARSI 51.3 29.2 98.3 70.0 93 28.49

V0 000 2 TR AL SR BOBE SR sp 5l A TE 2 O AR bl E AR A RIS GhostConv 2, fill 4442
simAM, i 2% B AF R B H AR 2 A 85 8, ICEIAY IARRR RSN =6y, IR BRI 2 S 4G e J32
I HA RIS . FARHIESRIBRER, 2R AFAr . fEEH] Soft NMS AU NMS A7 &% /b 1 K7l
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Improved YOLOv7 algorithm for target detection
in complex environments from UAV perspective

Zhang Runmei*** Xiao Yufei, Jia Zhennan', Chen Zhongl'z,
. 1,2 . 1234 . .4 . .3
Chen Zihua ~, Yuan Bin"""", Cao Weiwei’, Song Weiwei *
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Overview: Using low-cost unmanned aerial vehicle (UAV) photography technology combined with deep learning can
create significant value in various fields. Targets captured from a UAV perspective often exhibit drastic scale variations,
uneven distribution, and susceptibility to obstruction by obstacles. Moreover, UAVs typically fly at low altitudes and
high speeds during the capture process, which can result in low-resolution aerial images affected by weather conditions
or the drone's own vibrations. Maintaining high detection accuracy in such complex environments is a crucial challenge
in UAV-based target detection tasks. Therefore, this paper proposes a new target detection algorithm, SSG-YOLOv7,
based on YOLOV?7. Firstly, the algorithm utilizes the K-means++ clustering algorithm to generate four different-scale
anchor boxes suitable for the target dataset, effectively addressing the issue of large-scale variations in targets from the
UAV perspective. Next, by introducing the SimAM attention mechanism into the neck network and feature extraction
module, the model's detection accuracy is improved without increasing the model's parameter count. Subsequently, the
pooling layers at different scales of the feature extraction module are fused to enable the model to learn richer target
feature information in complex environments. Additionally, GhostConv is used to replace traditional convolutional
modules to reduce the parameter count of the feature extraction module. Finally, Soft NMS is employed to reduce the
false detection and missed detection rates of small-scale targets during the detection process, thereby enhancing target
detection effectiveness from the UAV perspective. In the experimental process, the original VisDrone dataset and RSOD
dataset are simulated under five complex environments using transformation functions from the Imgaug library. SSG-
YOLOvV7 is validated against the original algorithm. Compared to the original algorithm, the proposed algorithm
improves the average precision (mAP@0.5) of the model by 10.45% in the VisDrone dataset and by 2.67% in the RSOD
dataset, while reducing the model's parameter count by 24.2%. This effectively demonstrates that SSG-YOLOV?7 is better
suited for target detection tasks in complex environments from the UAV perspective. Additionally, the experiment
compares the detection accuracy of YOLOv7 and SSG-YOLOV7 before and after data augmentation on both datasets. In
the VisDrone dataset, YOLOv7 improves by 4.13%, while SSG-YOLOv7 improves by 8.71%. In the RSOD dataset,
YOLOvV7 improves by 3.59%, while SSG-YOLOvV7 improves by 4.45%. This effectively proves that SSG-YOLOV7 can
learn more target features from samples in complex environments, accurately locate the targets, and is suitable for multi-
target detection tasks in complex environments from the UAV perspective.

Zhang R M, Xiao Y F, Jia Z N, et al. Improved YOLOV7 algorithm for target detection in complex environments from UAV
perspective[J]. Opto-Electron Eng, 2024, 51(5): 240051; DOI: 10.12086/0ee.2024.240051
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