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7- Confusion Matrix

8- Neural Network

9- Maximum Likelihood Classifier
10- Support Vector Machines

11- Mahalanobis Distance Classifier
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1- LANDSAT

2- Thematic Mapper (TM)

3- Enhanced Thematic Mapper Plus (ETM)
4- Operational Land Imager (OLI)

5- Unsupervised Classification

6- Supervised Classification
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3- Shape file (*.shp)
4- Vector

5- Point shape file

6- Line shape file

7- Polygon shape file
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Fig.1. Landsat 8 Images of the Bam-Baravat study region with 15-m spatial resolution (A). The dominant coverage
of alfalfa farms (a), Combination of alfalfa farms and Palm date (b), The dominant coverage of palm date (c)
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3- Producer accuracy (Recall or Sensitivity)
4- User accuracy or Precision

5- Omission error

6- Commission error
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1- Cluster Analysis
2- Confusion Matrix
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Fig. 3. The results of diagnosed date palm orchard and two other classes using supervised classifications a) NN, b)

MLC, c) SVM and d) MDC in the studied area. Red, green and blue points show date palm, alfalfa fields and soil,
respectively.

Legend

k_means
Class_Name
- palm
- soil

| vegetation

yasuis 5| diges 93D g adlllaedjge (sadlaie ;> K-Means suiics)ls (canvdib jl odlitul b loyd s yasuis gl —€ JSd
K-Means suisc,llas gandib bwg bys ludss cu )l
Fig. 4. The results of diagnosed date palm orchard using unsupervised classification in studied area (K-Means). (a
and b) two examples of incorrect palm date recognition by unsupervised classification (K-Means)



VAN 290 Jlwmows ¥ 6 kot 4 ol (55 59LS sacpivlo 4 pis YYA

3 .
=3 Neural Network =) Support Vector Machines
5 5
8 85
=
5 25 5]
& /]
R
— =
g 2 s
5 8 15 .\‘\‘\‘
g 15 =
8 S
B —eo— o o =
(] (o]
g= = 05
2] w
&9 k:
&) o 0
0 0 10 20 30 40 50 60 70 80 90
0 10 20 30 40 50 60 70 80 _90 ) o
Number of different training samples(Percent) Number of different training samples(Percent)
a
- Maximum Likelihood Classifier ~ 3 Mahalanobis Distance Classifier
= =
Q
528 S
5 525
=% a¥
p— p—y
= 2 =
S S 2
5 s 5 \
o S 15
S 8
= =
= =)
—— w
a 7]
& os < 05
[3) (o]
0 0
0 10 20 30 40 50 60 70 80 90 0 10 20 30 40 50 60 70 80 90
Number of different training samples(Percent) Number of different training samples(Percent)
d c

590 (ladiges Dax 4 o oad yllas el 631 55 (gandib clas cawlus JJUT-0 JSUWS
Fig. 5. Sensitivity Analysis of classification Errors in supervised algorithms respect to the number of training
samples

(Neural network) Jusy sl Golul p (Seadl o 5le =) Joda
Table 1- Neural network Confusion matrix Ground Truth (Pixels)

oW Lo,s adgle S Qo> s Como
Class Palm Vegetation Soil Sum User accuracy (%)
(Palm) L 1708 4 21 1733 98.56
(Vegetation) 5l 0 44 0 44 100

(Soil) s1 0 13 2417 2484 99.48

(Sum) pex 1708 61 2492 4261

Sy oo 100 7213 99.16

(Producer accuracy) (%)

O cape b SYM igy o 5l dm s <2330 s oy
..\5‘0.)9.3 Lﬁu»ﬁ) ).st )‘ ).sd,.sb chuL.ml?u LsﬁL‘"L‘“" d]): «[AqAF
o j L;.«MT o pile gl (goasS Haal bjliges gl &S

ool 035 S

1- Coefficient of determination (R?)

ovgy 4 boys L Colue fp (Suwed b e & S5

L J38ley g (gaiail gy oud duslne Colus g (Sl

oanlie & IS 3 45 ysbislen Iaylges ol ol Amd o i

Ja o S ol ] Sl s () s K25 ot 39

azel BB b glaglidss plolid 5 opp Gln by
UNN (b9, €S olgs o0 290 gybae )5 €85 &S Sloj Lol s



YYa

S ) g ey gliiody (gudgalub vy 5981 oyt Gt

Table 2- Confusion matrix error in all supervised classification and unsupervised classification methods

. . Overall Kappa
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> o SIS <8 LE oo
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Fig. 7. Charts the relation between the area of palm groves of unsupervised classification and measurement field
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Introduction
Date palm is one of the most valuable horticultural products in Iran, which includes 16% of non-oil exports
to the world. Kerman province has the second rank for the cultivation area of date palm in Iran. Having
information about the exact cultivated area has gained importance for further decision makings. To determine the
cultivated area, organizations usually use census which has the disadvantages of high cost, wasting time and
labor intensive. The aim of this research was to study the feasibility of using Landsat 8 OLI images to identify
and classify the area under date palm cultivation. To accomplish this purpose, four supervised classification
methods (Maximum Likelihood Classifier (MLC), Support Vector Machines (SVM), Neural Network (NN), and
Mahalanobis Distance Classifier (MDC)) and one unsupervised classification method (K-Means) were
evaluated.

Materials and Methods

The study area was in Bam region located at 200 km southeast of Kerman province. In this research, a total
of 14 images of Landsat8 OLI satellite from the study area during fall and winter were downloaded from Landsat
official web page. After preliminary inspections for interested classes (Date palm gardens, Lands covered with
bare soil and forage crop fields), one of the images that was taken on Jan 14, 2017, was selected for further
analysis. After initial corrections and processing, 32 images of alfalfa farms, 32 images of date palm gardens and
32 images of lands covered with bare soil, were selected using GPS data points collected in study area scouting.
Shape files of all selected fields were created and utilized for supervised classification training set. The same
process was also done for the unsupervised classification method. To evaluate the classification methods
confusion matrix and Kappa coefficient were used to determine the true and miss-classified area under date palm
cultivation. It is worth mentioning that these factors alone cannot identify the most powerful method for
classification and they just give us a general overview to choose acceptable methods among all available
methods. To identify the most powerful method among selected methods, confusion matrix and investigating the
pixel transfers between classes is the crucial method.

Results and Discussion

Results of classifications revealed that the overall classification accuracy by using NN, MLC, SVM, MDC,
and K-Means were 99.10% (kappa 0.973), 98.77% (kappa 0.975), 98.66% (kappa 0.973), 98.52% (kappa 0.97),
and 52.66% (kappa 0.31) respectively. Concerning the confusion matrix in the NN method, the percentage of
producer accuracy error in date palm class was 0% and in user, accuracy error was 1.44%. In the review of other
methods, the lowest producer accuracy error value in date palm class obtained by NN and SVM methods was 0%
and the highest producer accuracy error belonged to MLC method which was 1.35%. Checking the recognition
power of other classes showed that in the soil class, the highest producer accuracy error was 2.32% by MDC
method and the least one was 0.64% by MLC. For forage class, the highest producer accuracy error was
calculated 37.07% by SVM and the least accurate one was 4.92% by MDC. Although the K-Means method with
Kappa Coefficient of 0.31 did not have a good classification quality, concerning classes and samples, it
successfully could identify date palm according to selective samples with 100% accuracy. Results of calculated
date palm area using supervised classification methods versus actual area measurements showed that NN and
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SVM methods with the coefficient of determination (R?) of 0.9995% and 0.9986% had the highest coefficients.
K-Means method with R-square of 0.9228% had a good correlation.

In general, all supervised classification methods obtained acceptable results for distinguishing between date
palm classes and two other classes. NN and SVM methods could successfully recognize date palm class. K-
Means method also could recognize date palm class but the recognition included some errors such as dark clay
soil textures which were classified as the date palm.

Conclusions
In general, overall accuracy and kappa Coefficient alone cannot identify the most powerful method for
classifying and these methods just give us a general overview to choose an acceptable percentage of accuracy
coefficients among available methods. After the initial selection, to identify the most powerful method of
classification the pixel transfer calculations in a confusion matrix would be an acceptable technique.

Keywords: Date palm, Neural networks, Support vector machines, Supervised classification, Unsupervised
classification






