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Fig.2 The overall architecture of the system
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Fig.3 The function module of the system
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Fig.4 The loss value and accuracy curve of deep learning model
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Fig.5 The dialog box for neural network processing
ETFEFINESSBTENSHEER X

L

B M predicttif
Value
W corn
W others
W rice
| soybean

HREMRS] ERERR{EINRE

B vor) aQ

 HESF  FEYISNSHSED | GnRBiss | ARERSHE

QNN +«»0

Bo6 HGEHEER

Fig.6 The result of image classification




- 90 - TP BT IR S5 W B AR i K R Gei it

30 6

4.3 HiBRAEHIRA

PR R A X e B A oM R, R RN TR =, FERTFET] .
b R AE PR R R B 2 20 ) 5 DR v 1 T s R A E D 2 8 b R 1R
BEMLICRE Y s, IR MBI ST B TN FEAS SRS I I Gty i TR B 2 2 A5
XIREASAT 43S, I T 2B 0 S O o R e 2R A E 2 ) (1 7). HBRAE
YO sE IR T TR, dEELE, RIEE TREMATT . BRI,

ETAEFINESEATRANSEER - ] X
mn: FEFIRLUSHEEE | 8hitfnk | RRERRSSE s

&

if!l??f FOS EmS BRI

A

= M ground truth
CROPTYPE
I others
I com
L
B soybean
W rice

-‘._.r.'-—"

—“rﬁ".-

=

7 AR R
Fig.7 The result of block classification

5 ZERIE

RGER I AT TR 27 ] HOR X SR IESAR AT RN 702 N 1 RS
BRI B H . [R5 B R 2 ) X HLAR L SORAR S, RGEARE IR = ) IS5
PEAE LAY Caffe TREEFTHEAL, 3T PaaS #2ULTIEIRS, G—AbHRE P G IR B2 )
E%,Mﬁwﬁgﬁ%mﬁﬂ$oW%ﬁ*%ﬁ%@%ﬂ%%ﬁ@%%ﬁﬁ,ﬁﬂT%
GERY SRAEPERIR SR IE . RGUFI CNN AT 27 ) D5 i AT ORI A5 2] 3 iy, AR
Je AT R B ARAAE YR, A BRSO AR VR w5 i LR, VR A 7 A B AR
s [a] RUBE A RS 5

e 554 H AT T Caffe ROTREE 7 JHESR, A f R 2 IR A0IR I 7 T HEAL,
U TensorFlow, Keras, PyTorch %, AN, oy T ORUELRAEY) /3 KRBT RME, REMEHIF



WAL A S . 91

2018 12

(1) AlexNet MIZEE5HY, 4R 25 IR TR L 7 > 7 RO EAF 5L, HEUnM TR 2 )
AREILOR, SRR AL AR o

S 3k
DU]THE, SRt , bk IR B I PN EVERT S . A ARUCE41E, 2009, 18(6): 93~96.
(2] A=, P, A58, 45 . 20 W0 b UL I (9 5 T B B 25 e . b [ R A% - R4 | 2012, 42(6):
805~813.
[ 3 ] Pacifici, Fabio, Chini, et al. A neural network approach using multi-scale textural metrics from very high—resolution
panchromatic imagery for urban land—use classification. Remote Sensing of Environment, 2009, 113(6): 1276~1292.
[ 4] Xin H, Zhang L. An SVM ensemble approach combining spectral, structural, and semantic features for the classification of
high—resolution remotely sensed imagery. I[EEE Transactions on Geoscience & Remote Sensing, 2013, 51(1): 257~272.
[ 5] Liu C, Hong L, Chen J, et al. Fusion of pixel-based and multi-scale region-based features for the classification of high—
resolution remote sensing image. Journal of Remote Sensing, 2015, 5(2): 228~239.
[ 6 ] Bengio Y. Learning deep architectures for Al. Foundations and Trends in Machine Learning, 2009, 2(1): 1~127.
[7] Krizhevsky A , Sutskever I, Hinton G . ImageNet classification with deep convolutional neural networks. Advances in neural
information processing systems, 2012, 25(2): 1097~1105.
[ 8 ] Simonyan K , Zisserman A . Very deep convolutional networks for large—scale image recognition. Computer Science, 2014,
arxiv: 1409.1556
[9] He K, Zhang X , Ren S , et al. Deep residual learning for image recognition. Computer Science, 2015, arxiv: 1512.03385.
[ 10 ] Girshick R, Donahue J , Darrell T , et al. Region—based convolutional networks for accurate object detection and
segmentation. [EEE Transactions on Pattern Analysis & Machine Intelligence, 2015, 38(1): 142~158.
[ 11 ] Redmon J , Divvala S , Girshick R , et al. You only look once: unified, real-time object detection. Computer Science,
2015, arxiv: 1506.02640.
[ 12 ] Long J , Shelhamer E , Darrell T . Fully convolutional networks for semantic segmentation. IEEE Transactions on Pattern
Analysis & Machine Intelligence, 2014, 39(4): 640~651.
[ 13 ] Noh H , Hong S , Han B . Learning deconvolution network for semantic segmentation. Computer Science, 2015, arxiv:
1505.04336.
[ 14 ] Bottou L , Chapelle O , Decoste D , et al. Large—scale kernel machines (Neural Information Processing). The MIT Press,
2007.
[15] Chen Y, Lin Z , Zhao X , et al. Deep learning—based classification of Hyperspectral data. IEEE Journal of Selected Topics
in Applied Earth Observations and Remote Sensing, 2014, 7(6): 2094~2107.

[ 16 ] X2 . FLT BRI 2% 018 MG Ay 7 AR . JEaT : Hp E SR ~% (63T, 2015.
[ 17 ) WMbR , 2213 |, ShEIUNL , 45 . BRI 2 45 A B B IS JEh B R . 2Rl | 2016, 41(9): 170~175.

[1871]is, Zhang C, Xu A, et al. 3D convolutional neural networks for crop classification with multi-temporal remote sensing
images. Remote Sensing, 2018, 10(1): 75.

[19 ] BoActt , 258, PIMEGIGE | 55 | DIGHERY Alexnet BORU R AR R DI 4 28 i . S HSEAIL T 534 | 2018, 35(7):
232~236, 278.

Design of remote sensing image crop classification
system based on deep learning service

Wang Dandan, Fan Chong®, Mo Donglin
( Central South University, School of Earth Sciences and Information Physics, Changsha 410083, China )

Abstract: [ Purpose ]With the rapid development of remote sensing technology, remote sensing

has become an important means of obtaining farmland information in the agricultural field.How to
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quickly and accurately classify large—scale remote sensing images is a hot spot in the agricultural
field.The popular deep learning is effective in image classification, but it requires high hardware
configuration for the machine. [ Method ] Therefore, while applying deep learning techniques
to crop classification, in order to reduce the IT cost of the client, this paper develops a crop
classification system of remote sensing image based on deep learning services.The system with
client/server architecture sets up a deep learning server.The server deploys Caffe’ s deep learning
framework, provides computing services through PaaS, and uniformly handles model training
and image classification tasks of the client.The client is responsible for data input, result analysis
and visualization operations, and provides user interface.The network communication between
the client and the server is performed through asynchronous RPC, and data is transmitted by
FTP.Considering the timeliness of crop classification in practical application, the system provides
a simplified Alexnet network structure which reduces the number of network layers, and the
convergence speed of the model is accelerated on the premise of ensuring accuracy. [ Result ]
The application of the collected 428, 144 crop samples shows that the training time of the server
is nearly three times shorter than that of the stand—alone training.The system not only can quickly
complete the task of deep learning model training, but also obtain the crop classification results of
remote sensing images in real time and accurately. [ Conclusion ] The research further promotes
the application of deep learning in agricultural classification, and provides important scientific
guidance for the development of remote sensing technology in agricultural applications, crop area
statistics and optimal allocation of agricultural resources.

Key words: deep learning; crop classification; C/S; PaaS; CNN



