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Object Detection Method Based on Improved YOLOv4 Network for
Remote Sensing Images

Xiao Zhenjiu, Yang Yueying', Kong Xiangxu
College of Software, Liaoning Technical University, Huludao 125105, Liaoning, China

Abstract Remote sensing images have many problems, such as complex background, small targets, and dense
arrangement. The target detection method based on depth learning can improve the accuracy of target detection, but there
are many problems, such as more model parameters and general detection speed. Aiming at the above problems, a remote
sensing image target detection method based on improved YOLOv4 is proposed. First, the lightweight network Mobile
NetV3 is used to replace the original feature extraction network of YOLOvV4 to improve the detection speed; second, the
self-attention mechanism is concatenated in the prediction layer, and the improved non maximum suppression algorithm is
used for post-processing; finally, in the image preprocessing, Mosaic method is used to enhance the data, K-means method
is used to obtain the candidate frame parameters that better match the remote sensing target, and Complete Intersection
Over Union (CIoU) loss function is used in the prediction layer to locate the coordinate frame. The experimental data set
consists of two classical remote sensing datasets, NWPUVHR-10 and DOTA, including 10 categories of ships, vehicles,
and ports. The results show that when the input size of remote sensing image is 608X 608, the detection speed is 54 frame/s,
1.6 times that of YOLOv4, and the average accuracy is 85.60%. The proposed method reduces the parameter amount
and improves the detection speed while maintaining a high detection accuracy.
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Z RO 9 (13,22) .(19,24) . (20,34) .(23,52) .
(30,31).(35,52).(49,79) .(111,192) .(232,245) , 3
b= £ I ) el S 2 S S IR ! i = 1)
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Fig. 5 Loss trend during model training
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K5 B /NI BE A, R 85. 62% , H S A M 2l BE A T Ak
B3R TE,FPS S 59, 2 B YOLOvA K6 I 58 B (19 1. 7 1% .
TEJR YOLOvVA Fe Al 5l A | EE LS it NMS,
P TR DUORS B R RS BEGA B T 87.23% ,FPS K
35, 5 YOLOv4 #H Lt A TR 52 Rk il 2 B 35 4 By 2
Tt o BT HE Bk A 3 b e 1 ik AR TRE B Ak )
86.50% , A FLJF YOLOv4 B AR /b (B FPS k3] T
S4RE T 21, IWNE 2T LIEREE R, At ik
T 32 J8% A AS I 92 v ke 1) 5B AV D AR A AR R, Bl
— A,

i I s 12 B 4 VEAT U 25 9% 4L, X Faster
R-CNN. SSD . YOLOv3, YOLOv4, YOLOv5s % 1% |
BT B L AR S 8 i LRV /NRT FPS J TH #E 4T X L
BRI 3FR . A LS HCE R 1. 17X 107, B
K/NR44.7 MB,FPSIE R | 54, BRARTEX 31T Hn
H AR B L S YOLOVSs M I, ¥ 8A 1k 8 e b 1
J&HH It Faster R-CNN,SSD Fil Hifth YOLO £ 41, 3%k
R K N A AR R > o B R N A EE
YOLOv3 f1 YOLOv4 T [ T3 80% . Fr 4 53 A 2L
REAR T AR /NN S B0, FLARRE T i A 4G I 3 3

U HE Y OLOvVA B3k 1A 2, (8 A 52 56
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2 ANIE T vk B R RE LR
Table 2 Performance comparison of different improvement methods
Method MobileNetV3 Self-attention PSRR-MaxpoolNMS mAP /% FPS

YOLOv4 87.17 33
1 v 85. 16 57

2 v 87.67 29

3 v 86.19 36

4 v v 86. 81 49

5 N V 85. 62 59

6 v v 87.23 35
Proposed method NG NG NG 86. 50 54

23 AFEFTENSEGE B R/NAIFPS Xt L
Table 3 Comparison of parameters, model size, and FPS of

different methods

Parameter /  Model size /

Method X FPS
10° MB

Faster R-CNN 76.81 7
SSD512 62.54 102. 50 18
YOLOv3 63.95 246.50 19
YOLOv4 61.13 244. 30 33
YOLOV5s 7.20 35.70 63
Propoed Method 11.70 44.70 54

T SRR PG B A 4R E AT X6 B S5, X L Faster R-CNN
SSD.YOLOv3,YOLOv4 . YOLOv5s 8 ¥: 7 1% &% K 1%
3 B 4 B RS AP B fI mAP i . Faster R-CNN,
SSD.,YOLOvV3.YOLOv4 . YOLOv5s 8 7 78 I 32 1% J&%

<4

B L AP mAPE N % 4 iR . BT Bk
mAP {8 5 86.50% , Fil Faster R-CNN.SSD.YOLOv3
AMEE, AR T T 5,54 4 H 4 10,7 A H A
1.6 H 45 &, M YOLOVA FEAR T 0. 67 4 H 4 &4,
AL YOLOvSs i AP F 7 4.6 A T8l B
SRAH LE Y OLOvA K K B2 T B AIC , H = 7E 2 80200
() AP B AT A 5075 H A B AN [ R B 1R 2 T

G F 2 MR 3 S EE B RN R B A
mAP B X} 45 R a7 45, YOLOv4 #H . YOLOvV3 2 %k
AR KN T REAS 22 (R 0 A5 3 T 2 ),
YOLOvV5s 5 YOLOv4 # Fb , B SR 455 780 3K 31 5 /0, K6 i
R R R E R B TR T 4.6 A AL
Fr i B L 7E YOLOvVA (5l b gk 47 ek, AR WA 1A
1) S5 07 A ARG 00 280 SR L R A A P T R, A U
BT YOLOvV4,

AN T5 A 2542 500 A ARG T 45 2R % e

Table 4 Comparison of different detection methods in each category

unit: %

Method Faster R-CNN SSD YOLOv3 YOLOv4 YOLOv5s Propoed method
plane 0.94 0.84 0.99 0.99 0.95 0.99
ship 0.82 0.62 0. 84 0.82 0.76 0.87
tank 0.65 0.78 0.89 0.88 0.86 0.87
tennis court 0.82 0.79 0.99 0.95 0.88 0.99
basketball court 0.89 0.88 0. 60 0.81 0.70 0.75
baseball court 0.95 0.89 0.96 0.95 0.90 0.97
track-and-field ground 0.92 0. 80 0.98 0.94 0.92 0.97
bridge 0.58 0.65 0.62 0.66 0.71 0.64
port 0.72 0.71 0.91 0.87 0.84 0.89
vehicle 0.77 0.62 0.70 0.81 0.67 0.71
mAP 80.96 75.80 84.90 87.17 81.90 86. 50

FE] 6 Shy Bk S 0 0 38 B R H s S ) 245 SR 1) X
e 2 s Y OLOvA B3 6 F an " RAIL s il 6 ax #h H
FR o> A To R FL B AR5 /NS5, 25t BE 7 ASER
TR S B, a1 6(al) L (a2) . (a3) 7 5 {H 2 ik
PG 9 YOLOVA 53k (A7 4G I s, 5 o7 58 Jomn ofe iy, EL
WA RERKRE, & 6(bl) . (b2) . (b3) /s .
YOLOvA B3 X T 5 75 508060 A8 L0 4250, KR X

/N R g AR S AR R B AR £ U R A O,
& 6(ad) fIts o T 2k 5 B9 Y OLOvA Bk 75 3 Fl i
T, BRI 2 B4, an ] 6 (b4) PR .

S T B AE B YOLOvVA 3% S & (% B A5 6 Iy s
B 3 5 P B 3% RSOD 048 45 b A7 5256,
RSOD H 4 48 f2 ph 50 K 27 A 4 4% 3L A% 18 85040 4
FEAAR ML A E A HE, LR R 2
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BI6 ot e AR 2> K 45 SR X U IE < (a) YOLOvA ST 5 (b) Bt Ji YOLOv4 51k
Fig. 6 Comparison of test results before and after improvement. (a) YOLOv4 algorithm; (b) improved YOLOv4 algorithm
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Fig. 7 AP and mAP of improved YOLOv4 algorithm on
RSOD dataset
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SR R 4% 4K M 2% Mobile NetV3 L #: YOLOv4
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/N Hbr £ H 83 R RRAE 78 B S TAL P AP 5 Mosaic
J5 1 AT B 1 5, 19056 A8 ] K-means J5 ¥ 3R 15 53 G
i 38 JEk A i 0 e AE S, SR TR IS B L SC IR 4
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] 20 1 3 R R R B B 4 DR R R, 55
YOLOv4 J7 % A b 76 6 i 5 5 5 18 A BH e 0 2 7
TR T AR B i AT & 17 1% B H br

G 4 47 S 5, S — AP AT T 0 ] B M R g P R
5 ARG I AR

2 % X #

[1] Sevo I, Avramovi¢ A. Convolutional neural network
based automatic object detection on aerial images[J].
IEEE Geoscience and Remote Sensing Letters, 2016, 13
(5): 740-744.

(2] VEMG, XU, ¢S, % TR 25 4Ry OG A g kK
G55y R0 WOt 5ot Tk, 2021, 58(2):
0210001.

Wang P, Liu R, Xin X J, et al. Scene classification of
optical remote sensing images based on residual networks
[J]. Laser &. Optoelectronics Progress, 2021, 58(2): 0210001.

[3] LM, D, MR . 65 m BB G MN B Ax ki 5 iR
MERRI] A kiR, 2011, 37(9): 1029-1039.

Wang Y Q, Ma L, Tian Y. State-of-the-art of ship
detection and recognition in optical remotely sensed imagery
[J]. Acta Automatica Sinica, 2011, 37(9): 1029-1039.

(4] VEWWe, EVER . BT E )RR AL G Y i R KR B
T A I AR R [T). WOt 5ot W A2 F R, 2021, 58(2):
0228003.

Wang Y N, Wang X L. Remote sensing image target
detection model based on attention and feature fusion[J].
Laser & Optoelectronics Progress, 2021, 58(2): 0228003.

[5] Liu W, Anguelov D, Erhan D, et al. SSD: single shot
MultiBox detector[M]//Leibe B, Matas J, Sebe N, et al.
Computer vision-ECCV 2016. Lecture notes in computer
science. Cham: Springer, 2016, 9905: 21-37.

[6] Redmon J, Divvala S, Girshick R, et al. You only look
once: unified, real-time object detection[C]/2016 IEEE
Conference on Computer Vision and Pattern Recognition,
June 27-30, 2016, Las Vegas, NV, USA. New York:
IEEE Press, 2016: 779-788.

[7] Redmon J, Farhadi A. YOLO9000: better, faster,
stronger[C]//2017 IEEE Conference on Computer Vision
and Pattern Recognition, July 21-26, 2017, Honolulu,
HI, USA. New York: IEEE Press, 2017: 6517-6525.

[8] Redmon J, Farhadi A. Yolov3: an incremental

0628009-8



£ 605 F 6HI/2023 F3 H/HMAESBFFHE

[12]

[13]

improvement[ EB/OL]. (2018-04-08)[2021-02-05]. https://
arxiv.org/abs/1804.02767.

Bochkovskiy A, Wang C Y, Liao H Y M. YOLOv4:
optimal speed and accuracy of object detection[EB/OL].
(2020-04-23)[2021-02-05]. https://arxiv.org/abs/2004.10934.
Ren S Q, He K M, Girshick R, et al. Faster R-CNN:
towards real-time object detection with region proposal
networks[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
[C]/2017 IEEE International Conference on Computer
Vision (ICCV), October 22-29, 2017, Venice. New
York: IEEE Press, 2017: 386-397.

Tian Z, Shen C H, Chen H, et al. FCOS: fully
convolutional one-stage object detection[C]/2019 IEEE/
CVF International Conference on Computer Vision
(ICCV), October 27-November 2, 2019, Seoul, Korea
(South). New York: IEEE Press, 2019: 9626-9635.

Duan K W, Bai S, Xie L. X, et al. CenterNet: keypoint
detection[C]//2019 1EEE/CVF
International Conference on Computer Vision (ICCV),
October 27-November 2, 2019, Seoul, Korea (South).
New York: IEEE Press, 2019: 6568-6577.

Zhang W H, Jiao L C, Liu X, et al. Multi-scale feature
fusion network for object detection in VHR optical
remote sensing images[C]/IGARSS 2019 - 2019 IEEE
International Geoscience and Remote Sensing Symposium,
July 28-August 2, 2019, Yokohama, Japan. New York:
IEEE Press, 2019: 330-333.

Han S, Pool J, Tran J, et al. Learning both weights and
connections for efficient neural networks[C]/NIPS'15:

triplets  for object

[16]

[17]

(18]

[19]

[20]

[21]

[22]

0628009-9

Proceedings of the 28th International Conference on

Neural Information Processing Systems-Volume 1,
December 7, 2015, Cambridge, MA, United States.
New York: ACM Press, 2015: 1135-1143.

Cheng Y, Wang D, Zhou P, et al. A survey of model
compression and acceleration for deep neural networks
[EB/OL]. (2017-10-23)[2021-02-05]. https://arxiv. org/
abs/1710.09282.

Howard A G, Zhu M, Chen B, et al. Mobilenets:
efficient convolutional neural networks for mobile vision
applications[EB/OL]. (2017-04-17)[2021-02-05]. https://
arxiv.org/abs/1704.04861.

Ma N N, Zhang X Y, Zheng H T, et al. ShuffleNet V2:
practical guidelines for efficient CNN architecture design
[M]/Ferrari V, Hebert M, Sminchisescu C, et al.
Computer vision-ECCV 2018. Lecture notes in computer
science. Cham: Springer, 2018, 11218: 122-138.

Yang J C, Zhu Y H, Jiang B, et al. Aircraft detection in
remote sensing images based on a deep residual network
and Super-Vector coding[J]. Remote Sensing Letters,
2018, 9(3): 228-236.

Xu Y L, Zhu M M, Xin P, et al. Rapid airplane
detection in remote sensing images based on multilayer
feature fusion in fully convolutional neural networks[J].
Sensors, 2018, 18(7): 2335.

Liu M J, Wang X H, Zhou A J, et al. UAV-YOLO:
small object detection on unmanned aerial
perspective[J]. Sensors, 2020, 20(8): 2238.
XuD Q, WuY Q. Improved YOLO-V3 with DenseNet
for multi-scale remote sensing target detection[J]. Sensors,
2020, 20(15): 4276.

vehicle


https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2004.10934
https://arxiv.org/abs/1710.09282
https://arxiv.org/abs/1710.09282
https://arxiv.org/abs/1704.04861
https://arxiv.org/abs/1704.04861

	1　引　　言
	2　改进YOLOv4的遥感图像目标检测
	2.1　改进YOLOv4的网络结构

	2.1.1　特征提取网络
	2.1.2　自注意力机制
	2.2　改进非极大值抑制
	2.3　损失函数
	2.4　遥感图像预处理
	2.5　遥感图像目标检测方法

	3　实验结果及分析
	3.1　数据集
	3.2　评价指标
	3.3　实验结果与分析

	4　结　　论

