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Table 1. Confusion matrix of Crop classification with time series spectral bands

e s S B dxig: szlpss
Summation Canola Potato Sugar Beet Alfalfa Wheet/Barley
112 7 2 8 8 88 et
Wheet/Barley
110 8 10 10 68 14 e
Alfalfa

VEo) i) oF oyl cpins 0y90 o sbasms pole aolilad

0



bl A b (55,9LaS DY gama guiy 4kl

b sl glej (5w oolid b e game s ai az.s 4y by e plagl s il - J,A? ol
Table 1. Cont. Confusion matrix of Crop classification with time series spectral bands

& I () s pres Ay 92lpass
Summation Canola Potato Sugar Beet Alfalfa Wheet/Barley
140 4 15 101 15 8 sz
Sugar Beet
117 2 75 17 17 6 )
Potato
81 32 3 1 12 30 bl
Canola
560 50 105 140 120 145 &
Summation
OO =L oy SIS Cd(0 0 s ) =24
Kappa Coefficient = 0.55 Overal Accuracy(%) = 69
el slaaily Sloj (gm0 3l oolitusl L & higel 4 Logsye atyzm g o -V S
Fig. 7- Accuracy and loss amount of training CNN with time series of spectral bands
2 SYgame 4y b anlie )5 Jyame 0 Suj5led 4 (Jgparms o aiee (Shg sl JUS 5l eolil
pleal g paglgils o ild Jlael cusl ool az3 8 L CNN &3 a5 639,9 sl JUS olgze
SrOgliie Jloj g (b slo S gl Sl 4 i @bbs s NDVI Gloy 89 oy 5l o
5 0o SYgame 550 b awslie ;0 Joaze o gly Jed 5l a5 5550 DY gaze 0,8 4 e Sluogas
Y game wilys O e 0aS o al aSll Gigw&,,mj‘si;{}w@h&)wﬁ}@aw
aalb plog, oo el g aes jued K0S, 5l ) alises 5 el 5l e ey dasl i cclils  loy j0 Jguamme
asdl (Jd cd a4 cad i S0 Loquw IS K QT G 00 iy oS gl aazin ple
Sleslaiul b asids (plpln wles zlpzeinl ) oY gaxe JU G caddllas 5590 Joame 8 51 S5 1o (gl s
JuSs ;o b e guey sle diged 5 UK o2 6umd1ﬁ%ﬁ,au&p‘oggwgm
25> ol (hiael S swyp 5l ey 90 bjgal a5 sl Cewd 4 SVgame plo 4 Cons Jgame o
oolawl b ogy ool a8 8 i b s Colu ylgie 45 a8 Iy Beos Siglgls a4y (68955 pgad (JUIS O (pl
g A JSs 4 00,5 san aib o [bigel A ) @ Jpame ;o gyl JUIS plas Lol jlasels JSas
s oo plis ) o adb s ¥ Jga Sglate Gluogas § &l ool 00ls dxwgs (g laxil j5b

VE ) s oF o )lod v s 059 e sl pole anlilad
\f2



Ol g LS

39 LU 5 ooliiul b ¥ game iy disb 4 3l Jolo La3E! Gu il -Y Jgir
Table 2. Confusion matrix of Crop classification with feature channels
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Introduction: Given that agriculture has the most important role in ensuring food security, it is necessary to
prepare a map that shows the spatial distribution, land area and type of crops cultivated with high accuracy.
Agricultural land cover is relatively dynamic and variable at relatively short intervals. This makes it difficult
to classify crops on satellite imagery. The lack or absence of ground truth data is another cause. Therefore,
methods that are less dependent on ground samples and use phenological features derived from time series of
bands and vegetation indices to classify crops will be more appropriate. The purpose of this study is to use
deep learning method based on convolutional networks to classify the crop types and improve the performance
of this network by using feature channels as input image to the network and increase the classification accuracy.

Material and methods: In this study, the visible and near-infrared bands of Sentinel-2 satellite on 10 different
dates from 2019 for an area in ldaho, USA, as an important agricultural area, and the cropland data layer for
extracting the crop types ground labels was used. Then, in MATLAB software, the time series of spectral bands
were constructed and using them, temporal profiles of NDVI for any crop were extracted to identifying the
unique phenological features of crops. Then, the functions developed based on the phenological characteristics
of crops were applied to the time series of the bands and a feature channel was obtained for each crop that in
two separate processes, once bands and once again feature channels were used as input to the CNN and the
network was trained and the results of network performance on crop classification in the test site, were
compared.

Results and discussion: In the first stage, the time series of bands formed the input of the deep convectional
neural network and the network was trained in the training area, using the tempo-spectral information of bands
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as the input channels and crops ground samples as the related labels. Due to the spectral overlap of the crops
in some time periods, network training was associated with a relatively high loss and therefore, for the test
area, the overall classification accuracy was 69% (percent) and the kappa coefficient was 0.55. In the next step,
the functions that were developed as phenological features for crops were applied on the time series of the
bands, and for each crop, a feature channel was obtained as the special feature of that crop. Then the algorithm
was implemented using these feature channels in the test area and the overall accuracy was upgraded to 86%
and the kappa coefficient to 0.82 compared to which indicated a significant improvement in the results
compared to the previous case.

Conclusion: The deep convolutional neural network is very sensitive to the type of input channels for detecting
agricultural crops and selecting the channels with suitable tempo-spectral characteristics for different types of
crops, has a great impact on accuracy of network training and can reduce the loss of training network and
increase its efficiency in the classification of various crops.

Keywords: Time series Images, Classification, Agricultural crop, Temporal profiles of NDVI, Phenologic
features, Deep convolutional Network.
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