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Abstract

In recent years, Earth observation remote sensing satellites have been successfully launched and
TESEE .

XESIH: EEY, B, EEE E TSR MK EG H bR 20 N SRR, 2024, 13(1): 342-348.
DOI: 10.12677/aam.2024.131036


https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2024.131036
https://doi.org/10.12677/aam.2024.131036
https://www.hanspub.org/

mEY %

operated in orbit, and new remote sensing platforms such as unmanned aerial vehicles are con-
stantly developing and updating. Traditional manual visual interpretation can no longer meet the
efficiency and accuracy requirements of remote sensing image interpretation. Deep learning has
shown good reliability and efficiency in remote sensing image processing. The remote sensing image
land class recognition technology based on deep learning has strong data processing and feature
extraction capabilities, which can effectively improve recognition accuracy and make land class
information acquisition more intelligent. Therefore, it is widely used in remote sensing image land
class processing. The core and key to the application of remote sensing images is remote sensing
image interpretation. In the era of big data in remote sensing images, intelligent interpretation
provides new solutions and has become an important driving force for the development of sur-
veying and remote sensing discipline. This article conducts research on remote sensing image
classification. Firstly, relevant knowledge of the DOTA dataset and YOLOv5 algorithm used in this
article were introduced. Secondly, the YOLOvV5 project for remote sensing image recognition was
established, and the key parameters of the algorithm were set. Finally, the model was analyzed
based on the recognition results and visualization panel. Remote sensing images have a large
amount of information capacity and complex intertwining of various land features, posing certain
challenges in recognition. The research results of this article provide a foundation for the better
application of remote sensing technology and provide more assistance for human life.
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2. BIRESMBEIR
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TR IR R AR B IR H ARSI 1) B AT HR, Mg R G I Y B AR T DA R R v AR A P
. HElCafRE 0N RTEE BB RETF R T2 MRFF M TAE, A SCH B i B RS e+
FRiE 52 ) DOTA Hote 8 rb (1038 BB F %8 . DOTA $id g — A E i 2 e 1% b B - B ARSRIN (10 B
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BRUGHEAT TR, — AN e BhRiEM DOTA K44 188,282 MEA, & — MEEAESFH — AU I T SRR i

Ko FBR G IBIEE RS A AEAE R, HS SRR/ Wik, %A AR 7 i E Xt
PR E G AT A B, RSB BRI A, DOTA R4k B T 2 FiL BRES AT 4 A 7 B R M
HEIE, 4r#E% N 4000%4000, JfH DOTA HHEHEN label #% =02 SRS YOLOVS 7R 4%=0E fr
N, BT B S AT TRAL 9] A< CilE it DOTA_devkit H1f#) YOLO_Transform.py #4715 i ¥
S label SCASCHEAT RS Ak, 40 DOTA Ediais 2054 4 YOLO Hd % X

TE BT AL 3 s 2 o 5 MR AT BT o 3 2 H T 38 B A AT B T REAFE B2 X, B
ARSI, WRAFTEURT , AR A AT AE I R — HREAR 2, X AT RE S B8O B 12 A BE
JIRBE BT Jeniat BE S m o BIERAE, COERBIRENEEY R TR K—#5, ST LUK UIZAE
Ko ARSCHIEAEEL 7 LI 2 E R G B N IIZREE: iEskE: A% =0.9:0.05:0.05, A5 HtL
B BRI R AT
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ISR — R B A AR I S ——YOLOVS, ‘B R THER A 1 fin. T HER
Ry, FRATT— T DL LRIy 4 ANE IR N\ JEHERIZ% . Neck 2% Head %t v,
XERET L ) 4 AN

YOIOV5 45 YOLOV5s. YOLOVSM. YOLOVSI. YOLOVSX P/ MRRAS . e, 33X JUAMERY 1) &5 4
AR—FE, AHEPIFZE depth_multiple F%7% F F1 width_multiple 57 58 FE X A~ 2 %1 10].

EAFOT, RATSEME FIN—NE IR, LD P2 I ZRE ], DAEUAS8E e ARG
#ERE . T YOLOVS NPAFRATERHE T 2 AN TZRAL, AT LIRSS B O ZERE A R M IR Fil
GAUERE R, IR R MER T it s, (HICR I i g . ASCEFH 2 yolovbx.pt AL 5L
PR, BORBT, AERVIZRN R AR R [11] o 7 2 7R X AL o I R R AT B O B 42 DOTA
rHT R AR A A . AR B CEAR R LERE L, SIASHOEAT B R T R BRI
#H (weight). YIZRBR S (cfg) . HdE4E S B 1 (data) 12556 $(epochs) b5 4L FE ST {44 (batch size).
B Ak (img size) . 12515 % (device) Al E K LA 0% (workers) .
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Figure 1. Diagram of the network structure
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Figure 2. Diagram of image recognition
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Figure 3. The relationship between the evaluation index of image recognition results and the number of training rounds

B 3. BRRASROTHEIERSINZR BRI X R

4, g5ig

T RB IR AN TEREARRE, AMICET URIEE & PR BB, FRN=4T
REMIEBAR . BIREG 7 S2 EG o EIR BRI A, 7ER AR S ERBEORY, 3ok vl B R &5 43k
BHEREMNANE. AGHET TRERZ G N EEN ST, FEANEARE TN m: —. @l
BARIEREAT T B B 5% e, 1 YOLOVS 5 T & @ IR 4E, NG SRid iS5 R 5 TAERI T
BEE HE A . R AR T Lk AR iCHE S TOIAE tH IAE Rl — 5K B 7 b, FIA 10U mAP@0.5 FT mAP@[0.5:0.95]
FeXF RS FEAT VA, X T 45 R AT A b, =, BRI R, S FTESLI
TR EE5E GPU HYS S0t B R v iR S AR, 5 LA 8 ae ik SEHTAS B SR8 SR P AR PRSI, 52 o 2o JeK
SRR — AN E IR KR A AT s, BEETT AR, BB AU EERE S meg g &, A
A TR At S AUSER I 2 G AR TR, BATT R R .

DOI: 10.12677/aam.2024.131036 347 IR Esid


https://doi.org/10.12677/aam.2024.131036

Ry %

EemB
X H AR 575 AR 0 H (12202301) .

SEEk

[1]1 RAGL, ERER|, GPH5oR. B TIREES: S @ i B B AR 4 28], i bl 2017(4): 84-88, 92.

[2] Krizhevsky, A., Sutskever, I. and Hinton, G.E. (2017) ImageNet Classification with Deep Convolutional Neural Net-
works. Communications of the ACM, 60, 84-90. https://doi.org/10.1145/3065386

[3] Simonyan, K. and Zisserman, A. (2015) Very Deep Convolutional Networks for Large-Scale Image Recognition. 2015
International Conference on Learning Representations, San Diego, CA, 7-9 May 2015, 1-14.

[4] Szegedy, C., Liu, W., Jia, Y., et al. (2015) Going Deeper with Convolutions. 2015 IEEE Conference on Computer Vi-
sion and Pattern Recognition (CVPR), Boston, MA, 7-12 June 2015, 1-9. https://doi.org/10.1109/CVPR.2015.7298594

[5] He, K., Zhang, X., Ren, S., et al. (2016) Deep Residual Learning for Image Recognition. 2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, 27-30 June 2016, 770-778.
https://doi.org/10.1109/CVPR.2016.90

[6] Huang, G., Liu, Z., Laurens, V.D.M., et al. (2017) Densely Connected Convolutional Networks. 2017 IEEE Confe-
rence on Computer Vision and Pattern Recognition (CVPR), Honolulu, HI, 21-26 July 2017, 2261-2269.
https://doi.org/10.1109/CVPR.2017.243

[71 Jrelsls, ZEfE. ahaBuaRng FT e 2 e o P G850 28 1] I4id@ ik, 2020(2): 37-42.

[8] WiRHE, RXK. FETUREEGPINE P48 1) 2 PR IR 8 ) 57y K], M4, 2019(7): 17-22.

[9]1 WI&HE, BROIK, LA, & o REREAE RIS BRI 7], ML EL:, 2005(3): 18-20,
23.

[10] =, Z=K%E, kL. T YOLOVS IB R EG B hsiai[)]. TRk, 2021, 39(4): 725-732.

[11] EESCHF, B2, XIERE, & RESRN AT BRI EELR 0], HENURE 53R, 2022, 16(5): 1025-1042.

[12] Effa, MR 25E, % TS0 YOLOV3-LITE s I 4 (A IR 7574 [0]. Rk TRE4R, 2019,

35(17): 205-214.

DOI: 10.12677/aam.2024.131036 348 IR Esid


https://doi.org/10.12677/aam.2024.131036
https://doi.org/10.1145/3065386
https://doi.org/10.1109/CVPR.2015.7298594
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2017.243

	基于卷积神经网络的遥感图像目标分类
	摘  要
	关键词
	Remote Sensing Image Target Classification Based on Convolutional Neural Networks
	Abstract
	Keywords
	1. 引言
	2. 数据集与项目工程
	2.1. 数据集的构建
	2.2. 项目搭建

	3. 结果展示与模型分析
	3.1. 结果展示
	3.2. YOLO模型评估指标

	4. 结论
	基金项目
	参考文献

