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An Improved YOLOvV8 Object Detection Algorithm for UAV Aerial Images

HU Huijuan', QIN Yifeng' ,XU He'*?and LI Peng'*
1 School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China

2 Jiangsu HPC and Intelligent Processing Engineer Research Center,Nanjing 210023, China

Abstract Aiming at the problems of diverse target scales,complex backgrounds,small target aggregation,and limited computing
resources of drone platforms target detection of aerial images,an improved YOLOvS8 target detection algorithm YOLOv8-CEBI is
proposed. Firstly,a lightweight Context Guided module is introduced into the backbone network to significantly reduce the num-
ber of model parameters and computation. At the same time,a multi-scale attention mechanism EMA is introduced to capture
fine-grained spatial information and improve the detection ability for small targets and complex backgrounds. Secondly. the weigh-
ted bidirectional feature pyramid network BIFPN is introduced to transform the neck,and the multi-scale feature fusion ability is
enhanced under the premise of maintaining the parameter cost. Finally.the Inner-CIOU loss function is used to generate the auxi-
liary bounding box to calculate the loss more accurately and accelerate the bounding box regression process. Experiments on the
VisDrone dataset show that compared with the original YOLOv8s algorithm,the proposed method parameter amount is reduced
by 51.3 % ,the computation amount is reduced by 28.5 % ,and the mAP50 is increased by 1.6 %. The proposed model ensures
the improvement of accuracy and achieves a balance between reducing computing resources and ensuring accuracy.

Keywords Drones., Aerial images, Attention mechanism,Loss function, Lightweighting
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TN . IS EOHE & KN 8, YIZREE 80 200, 2% 2] %
900,01, AU I AR EH 0.0005, FEHLFN T [ 5E 2 1, 5 A K

FOSE N 640 X 640, Yk A 0 FF 1, A F AT AT 151 Y1l 25 42
&, HR SR FFRA .
3.3 EWIFMHigER

R T A PR AR R () P RE L SR FH I B % (Precision) |
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rams) M 7 108 B8 (FLOP) /R AR 1545 .
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18 3K J5 BUX 2 AP (197 408 , 455 PP SR E R W 2600 1
FPERE . mAP50 8 10U B 0. 5 B BT A 28 51 19 F 3RS B
FH F 7 i MR AR R i SRR B . ME AR R L R mAP (1
FE Ay s (13) — X (15) frs

T
P (13)
__Tp
R= (14)
n 1
mAP:%Z J P(R)dR (15
i = 0

Hoh . T, 278 TE 8 B (9 TERE AR AN B0 Fy 2R 92 BRJ2 IEHE AR
B TR TN Sk SR A B AN B0 Fp 28 78 2R 2 070 R AR (B 152 3510
N IEREAR B30 T 227 TE B K SRE 2R 0 W 8 60 A A4

AR i S W ASE Y [ /DN 5 A R 2 g AR R I L
SO I8 B G W R AR AT S R P TR R UB R E L
FH T flir e A5 A (9 5 2 R R R R, TR S B R N ROR
A T 8 B 1 T 5 R D R
3.4 BiFPN ¥t EE I8

J T IR AR SCHR Y 5L T BIFPN (19 2 R BE 4% 4F fl &
W02 1A B A SCHEAT T — R AN Ay M SE S . T o X
BiFPN $5: 4 fil & 45 # 55 YOLOvS w4 1% %5 1) PAN+ FPN
SEA UEAT HEE L O b ok OE S 4 45 R RGO R L S B &b R
mE 1y,

MWFE 1 rr LA B BT YOLOVS H i) PAN+ FPN
S50, 5T BIFPN A9 2 R EF4RE Al & W 4 308 T — A 12 )2
T A0 B R JE 3 2 0 v S SO BRI )5 K, FPS M4 T 3 ofe
REAUMEAT T B AH R 45 4 7 Hofh 2 48 3 R 4R T,
BT T 60N B R IR B O R T LAY f B FE SR
HAT R E R A

TEDR & RO R AE Rl & b R AR R B9 ala o 2023 4
A = A R R (00 . 7 BIFPN SR E fil 4 45 kg vh 3T 1 5 Fh
A ) B A O 3R 40 R A i A (Weighted Fusion) | H i I
fil A (Adaptive Fusion) . #: 8% fil & (Concatenation Fusion) . R
9 — 4k Fl & (Fast normalized fusion) Fl 5 X {5 B #0140 35 fil
4121 (Semantics and Detail Infusion), 5 7E#% &K i & J A #L
TR e Ry

# 1 PAN-FPN 4# 5 BiFPN %} Lt

Table 1 Comparison of PAN+ FPN structure with BiFPN
Methods P/%  R/%  mAP50/%  mAP50:95/% Params GFLOPs  FPS
YOLOv8s 50. 4 37.9 39.1 23.6 11.12X10° 28.8 165
YOLOv8s+BiFPN  52.8 39.5 40.7 24.4 7.22X106 25.1 162
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SCEG AE RN SR 2 B A R U — K RS AT AR
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Table 2 Comparison of different fusion methods

Methods mAP50/ % Params GFLOPs FPS
Weighted Fusion 40. 4 7.60Xx106 26.8 132
Adaptive Fusion 40. 3 7.60x108 26.8 126

Concatenation Fusion 40.7 7.72X108 26.2 155

Semantics and
. . 40.5 7.52X%106 26.2 145
Detail Infusion

Fast normalized fusion 40. 6 7.40%108 25.4 156

TET AN/ BARK AT 55 o B T AT T 2T R AR
BB CHERE S L0, MBI RIERM G M PAN
it byt 6 AR B R RAE T 2L A RN 2 1 3X3
i % L (Conv) 53 ] IR B 5 e 45 BUBEEL (SPD-Conv) L /)
W F R KEPT (Haar Wavelet Downsampling) . YOLOv7 " )
MP TR YOLOvO™ i) ADown T SRAR A4 5 7 AE 4 SR
FEALH ) (Robust Feature Downsampling) » 5 7E 5 R ¥ A 4%
BB /NHARME BT R

FERLE RN 3 A A X L YOLO R 5% MR

SRAE T VA LR B B R R AR U A AT, YOLOVT H MP 2R
FEA M T /N B b5 B £ R B, H FPS A — & A iR
T, 1 B2 07 ¥ Tl T e ML A R AR IAE 45 .

%3 R REE) R T

Table 3 Comparison of different downsampling methods

Methods mAP50/ % Params GFLOPs FPS
Conv 140.6 7.40%10° 25.4 156
SPDConv 40.3 8.29x10° 27.2 158
Haar Wavelet N . _
. 40.5 7.24X10° 25.1 150
Downsampling
MP 40.7 7.22%108 25.1 162
ADown 40. 6 7.19x10° 25.0 151
Robust Feature .
40. 2 73.5X106 25.3 149

Downsampling

3.5 HEXRLERSHM

T TR DA A SCHE 9 Btk O vk RO 7E YOLOVSs
FEAERE RS bR AT I TG, LA G I A I i 2k Ok T i Y R
W, BARSEE LRI T 5 S Caf BBl CG #idh +
EMA [F 2 I HLH i/ B S BOMTH 36 B S 5 B 4 1
B BiIFPN R AF 4 85 4 45 0 I )5 8% TR AT 1) CIOU
P PRBCE N Inner-CloU, 4 1 i 44 52 56 19 2 F- 1 L 78 A
[ ) 552 6 v 8 A O A B P4 5 2 58 04 B 6 D 1k R R
SH—H,

A RS IE AR Y H A

Table 4 Comparison of ablation experimental indexes

Bh:: CG EMA BiFPN I(“Ir; P/% R/% mAP50/% mAP50:95/% Params GFLOPs  FPS
N 50. 4 37.9 39.1 23.6 11.12x10° 28.8 165
N N 19.2 37.2 38.6 23.3 9.30x10° 23.3 169
N NG 50.5 38.7 39.3 23.7 11.21x10° 29.8 155
N N 52.8 39.5 40.7 24. 4 7.22X10° 25.1 162
NG N 50.3 38.4 39.3 23.7 11.12x10° 28.8 165
N/ N/ NG 49.5 37.9 39.0 23.5 9.36x10° 24.3 155
NG NG N 50. 8 38.6 40. 0 24.0 5.35x10° 19.6 163
N/ N/ NG N 51.5 39.0 40. 4 24.2 5.41x10° 20.6 151
NG NG NG N N 52.3 39.4 40.7 24. 4 5.41%10° 20. 6 151
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UL 2 e T M Tl ] CG BB B gl C2f sk, B 2 8
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SN SER . B S . 1A BIFPN 45 1iF 4 52 B W 4% 25 4,

HEREAR T /N B AR B9 I KL% 8 mAP50 32 F 1. 4%, Rl B 7
PR B 22 BT 7 FH 5 U2 R R S R, AR S R
T KWE T B U T RHIE RS 0 3T SR R0 P A SR 32 R A
PETFROCR B2 . BT 00 S AR AR Al A I 4% 7 IR )2 R 4% R A
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BLHUFI AL T BIFPN [ 2 RO S AE Rl 199 46 19 16 1 F A 3%
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Fig. 10 Comparison of precision,recall and mAP50
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Fig. 11
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Detection effectt of YOLOvS8s and YOLOv8s-CEBI in

different scenarios
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BEAs ST AT FES B H AR e 1 A X AR, YOLOw3-
tiny, YOLOv7-tiny Fl YOLOv8n 528 T % & R4 1, (5 28
BE 2k 7, B AL IR RE ) R g W R R I AT 55 T oK
YOLOV7 J& T Ja L4 i 1 R A, fF R A TR R~ A X A, 1R )
R B — M . #£ YOLO R 35 %, YOLOv5s Al YOLOvSs
M7E B FRAG T ATk 51 2 T )92 688, YOLOvSs B9 5 H 45 0 oA
A A 9 I 4% R M BE L T YOLOv8s T3 i 33 — 25 1k 4k
Pewmn 7KW ORS B R0 & B M. {2 YOLOvS-CEBI M # F
YOLOv5s il YOLOvSs & H A — & i L v HAEAT 55 ROCR F
BT R 2 [ A8 7145 . 55 YOLOvSs 4 L, 78 32 il 1
BB IF A BT R SRR A RIS T S HOAE, FLAG DU
K B FPS KRR T 5 YOLOvSs AH LG, U B AT 58 /0 il 5 80
IV e (0 R RS BE L ELATS R AR e B DR i R R R, B A, B 4k
R A YOLO-gold™ ) # H , 4% 3C BT #ic ik (9 3% F BiFPN 1
Z RERAERNG M T8 TN R, 456 % WdEin ok
B AR SCEL AR TE AP AT 0 B bR A AT 55 B R4
PERE . i 3 H A SO A R

#5 VisDrone2019 $44E E YOLO R 5 M998 b5 L 4%
Table 5 Comparison of indicators of YOLO series algorithms on VisDrone2019 dataset

Models P/% R/ % mAP50/ % mAP50.:95/ % Params GFLOPs FPS
YOLOv3 49.2 38.3 38.3 23.1 61.55x10° 154. 90 69
YOLOv3-tiny 38.2 24.8 23.8 14.2 12. 10106 8.68 175
YOLOv4 36.0 48.6 42,1 25.6 60.99X10° 111.35 66
YOLOv5s 44.8 34.1 33.3 33.2 7.20%106 16. 50 146
YOLOv7 51.3 41.9 39.6 22.6 37.20%10° 104. 80 96
YOLOv7-tiny 47.5 36.2 35.3 19.6 6.02x10°8 13.20 130
YOLOvS8s 50.4 37.9 39.1 23.6 11.12x 108 28. 80 165
YOLOv8n 42.8 32.9 32.3 18.8 3.15%10° 8.90 186
YOLOv8s-CEBI 51.3 39.2 40. 6 24.4 5.60x 108 20.90 151
YOLO-gold 50.6 38.6 39.5 23.8 21.50x10° 46.00 155
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¥ YOLOv8s-CEBI 5 H A 4o Wl 45 3 3L il 3= U A9 55 32 ik
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AR AR LA S5 g 1) ARG 4 i

# 6 VisDrone2019 $4li 5 b 3£ 550 1k A48 b LU AR
Table 6 Comparison of indicators of mainstream algorithms on

VisDrone2019 dataset

Models mAP50/ % Params GFLOPs FPS
Faster R-CNN 37.50 41.19X 106 134. 38 21
RetinaNet 20.12 36. 10105 127.82 32
Centernet-31] 33.50 32.67 X108 109. 34 61
SSD 23.50 24.50X10° 87.90 50
Cascade R-CNNI32] 39.50 69.17 <108 52. 64 17
YOLOv8s-CEBI 40. 60 5.60>10°8 20.90 151
RT-DETR!33] 44,60 32.00X108 110. 00 182
BERWE  ASCEEN T —Fhim e JC N HL Y L A0 B Bk

YOLOv8s-CEBI, #%H¥EZIE T RERELR TE NG . 2
BT LA 2% pR S SR, B 76 30 43 R T 3 k0t R 9T U
BT SR Je b R R EE AR Ak OB LR S L H AR Y
SRS G R TEARAE SR IR B T R 4 b R B
25 1A R SO B SRR AR HR B CG B e, 3F A EMA &
3B 4 SRR R AR S M P BB 4% W e T B R R A R R
BRI REAE SR ICAR ) . 7E TUER AR AR AL A R 46 b, B % AL
M AT /I B bR I R Y 3 3 5] B, 51 A BIFPN 1 UL, 78 R 7T
RE TR 45 2 BOUB A S 38 0 ) T 42 TR S B0 T S ik | S8 R 1 AR AE
A4 . fJE - R Inner-CloU 45 4% o %5 . 8 a3 4l Bh 4 . A5 3%
/N B AR 0 T SRR B e AR A R R AL SR, FE Vis-
Drone2019 BB 4 1 ik A7 255, 45 S R A, A Hb 36 2R A, Bl
PE G R A S B A RS B AR T T 16X, SRR I A
BB TFHET 51, 3% M 28. 5%, 76 1 F5 5 i K RS B (4 [+
B B T i B G T ASE A 4 & e M AT R Ak, AR FPS A —
T EAE T YOLOvSs. BE Bl L J6 A BLSZ i A AT 45 Y
TR F—#HBIE 0718 N 1) % 58 3 52 Bk N FH 3 5 0 IR A 1
B2 W I o — A0 e Ak T A B R L 51 A P4 B i R (G
AR KBRS TR AR B e R BE P A e s 2) g Bk
— b i Al 3l o B R 4 BRI 2 B A R R R R AR T
B, AN W faT AL TR 25 0, DT A6 LR 35K B A [7) B 552 30 A5E 0 0 A
B 32— 25 40

2 % X M

[1] LENG]J X,MO M C,ZHOU Y H,et al. Research progress on
target detection from the perspective of UAV []J]. Chinese Jour-
nal of Image and Graphics,2023,28(9) :2563-2586.

[2] DUAN Z J,LI S B,HU ] J,et al. Review of Deep Learning
Based Object Detection Methods and Their Mainstream Frame-
works[]]. Laser & Optoelectronics Progress,2020(12) ;59-74.
[3] GIRSHICK R,DONAHUE J,DARRELL T,et al. Rich Feature
Hierarchies for Accurate Object Detection and Semantic Seg-
mentation[ C] // Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition ( CVPR). Columbus:
IEEE.2014:580-587.

[4] GIRSHICK R. Fast R-CNN[ C] // Proceedings of the IEEE In-

[5]

[7]

[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

ternational Conference on Computer Vision. 2015:1440-1448.
REN S Q,HE K M,GIRSHICK R,et al. Faster R-CNN:To-
wards Real-Time Object Detection with Region Proposal Net-
works[ J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence,2017,39(6) : 1137-1149.

HE K M,GKIOXARI G.DOLLAR P,et al. Mask R-CNN[J].
arXiv:1703.06870,2017.

LIU W,ANGUELOV D,ERHAN D,et al. SSD:Single Shot
MultiBox Detector[ C]// Proceedings of the 14th European Con-
ference on Computer Vision CECCV). Amsterdam: Springer,
2016:21-37.

REDMON J,DIVVALA S,GIRSHICK R,et al. You Only Look
Once: Unified s Real-Time Object Detection[ C]J // Proceedings of
the IEEE Conference on Computer Visionand Pattern Recogni-
tion(CVPR). Las Vegas:IEEE,2016.:779-788.

REDMON J,FARHADI A. YOLO9000 ; Better, Faster, Stronger
[C]//1EEE Conference on Computer Vision & Pattern Recog-
nition. IEEE,2017:6517-6525.

REDMON J,FARHADI A. YOLOv3:An Incremental Improve-
ment[]]. arXiv:1804. 02767.2018

BOCHKOVSKIY A,WANG C Y,LIAO H'Y M. YOLOv4:Op-
timal Speed and Accuracy of Object Detection[ ]]. arXiv:2004.
10934,2020.

ZHU X,LYU S,WANG X,et al. TPH-YOLOvV5:Improved
YOLOvV5 Based on Transformer Prediction Head for Object De-
tection on Drone-captured Scenarios[J]. arXiv: 2108. 11539,
2021.

LIN T Y,GOYAL P,GIRSHICK R,et al. Focal Loss for Dense
Object Detection[ C] // Proceedings of the IEEE International
Conference on Computer Vision (ICCV). Venice: IEEE, 2017
2980-2988.

WANG J,ZHANG F,ZHANG Y,et al. Lightweight Object De-
tection Algorithm for UAV Aerial Imagery[ J]. Sensors, 2023,
23:5786.

NIU Y,CHENG W, SHI C,et al. YOLOv8-CGRNet: A Light-
weight Object Detection Network Leveraging Context Guidance
and Deep Residual Learning[]]. Electronics. 2024,13(1) :43.
PAN X,CHEN Q B, HUANG A, et al. Small target detection
algorithm for UAV aerial images based on improved YOLOX
[J]. Journal of Nanjing University of Posts and Telecommunica-
tions(Natural Science Edition),2024,44(1) :90-100.

GONG Y, YU X,DING Y,et al. Effective Fusion Factor in FPN
for Tiny Object Detection[ C] // Workshop on Applications of
Computer Vision. IEEE,2021.

LI Y,FAN Q.HUANG H,et al. A Modified YOLOv8 Detection
Network for UAV Aerial Image Recognition[ J]. Drones, 2023,
7(5):304.

WU T,TANG S,ZHANG R,et al. CGNet:A Light-Weight
Context Guided Network for Semantic Segmentation[ ] ]. IEEE
Transactions on Image Processing,2021,30:1169-1179.
OUYANG D, HE S,ZHANG G Z, et al. Efficient Multi-Scale
Attention Module with Cross-Spatial Learning[ C]// 2023 IEEE
International Conference on Acoustics, Speech and Signal Pro-

cessing(ICASSP 2023). Rhodes Island, Greece,2023:1-5.



W R L 45 < T 1 G A HUALIA ER B9 YOLOVS s A6 I ke itk 3 1k

211

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

TAN M X,PANG R M, LE Q V. EfficientDet: Scalable and Ef-
ficient Object Detection [ C] // Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR).
2020:10781-10790.

WANG C Y,BOCHKOVSKIY A,LIAO H Y M. YOLOv7:
Trainable bag-of-freebies sets new state-of-the-art for real-time
object detectors[ C]// Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. 2023:7464-7475.
ZHANG H,XU C,ZHANG S. Inner-IoU: More effective inter-
section over union loss with auxiliary bounding box [J]. arXiv:
2311.02877,2024.

DU D W,ZHU P F,WEN L Y,et al. VisDrone-DET2019: The
Vision Meets Drone Object Detection in Image Challenge Re-
sults[ C] // Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision Workshop (ICCVW). Seoul: IEEE,
2019.213-226.

YAO P,SONKA M,CHEN D Z. U-Net v2:Rethinking the Skip
Connections of U-Net for Medical Image Segmentation[ ] ]. ar-
Xiv:2311.17791,2023.

SUNKARA R,LUO T. No More Strided Convolutions or Poo-
ling: A New CNN Building Block for Low-Resolution Images
and Small Objects[J]. Machine Learning and Knowledge Discov-
ery in Databases,2023,13715.:27.

XU G P,LIAO W T,ZHANG X, et al. Haar wavelet downsam-
pling: A simple but effective downsampling module for semantic
segmentation[ J]. Pattern Recognition,2023,143:109819.
WANG C Y, YEHITH,.LIAO HY M. YOLOvV9:Learning What
You Want to Learn Using Programmable Gradient Information
[J]. arXiv:2402. 13616, 2024.

LU W,CHEN S B, TANG J,et al. A Robust Feature Downsam-

pling Module for Remote-Sensing Visual Tasks [ J]. IEEE

Transactions on Geoscience and Remote Sensing,2023,61:1-12.

[30] WANG C C.HE W.NIE Y,et al. Gold-yolo: Efficient object de-

tector via gather-and-distribute mechanism [ ]J]. arXiv: 2309.

11331,2023.

[31] DUAN K,BAI S,XIE L,et al. Centernet: Keypoint triplets for

object detection[ C] // Proceedings of the IEEE/CVF Interna-

tional Conference on Computer Vision. 2019:6569-6578.

[32] CAI Z,VASCONCELOS N. Cascade R-CNN: Delving into high

quality object detection[ C] // Proceedings of the IEEE Confer-
ence on Computer Vision and Pattern Recognition. 20186154~

6162.

[33] LV W,XU S,ZHAO Y.et al. Detrs beat yolos on real-time ob-

ject detection[ ] . arXiv:2304. 08069,2023.

HU Huijuan, born in 1975, master, lec-
turer. Her main research interests in-
clude artificial intelligence and Internet

of Things technology.

XU He, born in 1985, Ph.D, professor,
master supervisor, is a senior member
of CCF (No. 19957S). His main re-
search interests include big data and In-

ternet of Things technology.

(R gR38 AT 4D



