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ABSTRACT N

5

Palm date is one of the most valuable garden products in Iran, which includes for 16% of e\xports to the
world. Kerman province is ranked as the second date cultivation area in Iran. The aim/ofthis study was to
measure Landsat 8oli power of identifying and determining date palm. To this purpese, four supervised
classification method (Maximum likelihood classifier (MLC), Support vector machinesy(SVM), Neural network
(NN), and Mahalanobis distance classifier (MDC)) and one unsupervised classificatigh method (k-means) were
evaluated. Classifications results revealed that Was obtained overall cla35|f|cat|on accuracy by using NN was
99.10% (kappa 0.973), by MLC 98.77% ( kappa 0.975), by SVM 98.66% (kappa 0.973), and by MDC 98.52%
(kappa 0.97). Root mean square error (RMSE) in the NN method was calculated (0) in the MLC method (0.2),
in the MDC method (0.06), in the SVM method (0) and in the K-Means (\O) method. According to the above
results, NN method was the best method. Although MLC had hlgher averall accuracy and kappa than SVM, it
was SVM with overall accuracy of 98.66% (and 0.973 kappa) that\got the second place. K-Means can detect
dates palm trees, but also identify areas with a dark brownish color s dates palm trees. Altogether, each of the
four supervised classification methods can accurately identify;the palm tree.

Keywords: Landsat 8, Neural networks, Support Vectar Machines, Supervised Classification, Unsupervised
Classification Q
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Fig. 2. Landsat8 image pre-processing ﬂOV{I chart
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Fig. 3. The results
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(a and b) two examples of incorrect palm date recognition by unsuperyised classification (K-Means)
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Table 1. Neural network confusi atrix Ground Truth (Pixels)

A\

(class) (palm) (vegetation)  (soil) (sum) (user
(%) accuracy)
(palm) 1708 4 21 1733 98.56
(vegetation) 0 44 0 44 100
(soil) 0 13 2417 2484 99.48
(sum) 1708 61 2492 4261
(producer 100 72.13 99.16
accuracy)(%)
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Table 2. Maximum likelihood classifier confusion matrix Ground Truth (Pixels)

(class) (palm) (vegetation) (soil) (sum) (user
accuracy)(%o)

(palm) 1685 0 0 1685 100
(Vegetation) 21 48 16 85 56.47
(soil) 2 13 2476 2491 99.40
(sum) 1708 61 2492 4261
(producer 98.65 78.69 99.36
accuracy)(%)
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(Support vector machines) b Jusy slasi (wlwl p (Siid] oy ylo ¥ Jgu
Table 3. Support vector machines confusion matrix Ground Truth (Pixels)

(class) (palm) (vegetation) (soil) (Sum) (user
accuracy)%

(palm) 1708 5 35 1748 97.71
(vegetation) 0 39 0 39 100
(soil) 0 17 2457 2474 99.31
(sum) 1708 61 2492 4261
producer ) 100 63.93 98.60
(%)(accuracy

Sl [AVY LIS o i g ZANES] P850 ¢ o plolid uyd a1y Julo FYF Sy FYSY 5 IS s

(Mahalanobis distance classifigF) Juse slax ol g (Kxisl o yilo F Jgoor
N
Table4. Mahalanobis distancé Elassifier confusion matrix Ground Truth (Pixels)

N
(class) (palm) (vegetation) (soil) (sum) (user
accuracy)(%o)

(palm) 1706 1 19 1726 98.84
(vegetation) 2 58 39 99 58.59
(soil) 0 2 2434 2436 99.92
(sum) 1708 61 2492 4261
(producer 99.88 95.08 97.67
accuracy)(%)
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(K-Means) Juusey sloxi bl p Sl (s yilo O Jguo

Table 5. K-Means confusion matrix Ground Truth (Pixels) N

(class) (palm) (vegetation) (soil) (sum) (user
accuracy)(%o)

(palm) 1708 708 8 2424 70.46
(vegetation) 0 508 25 533 95.31
(soil) 0 1276 28 1304 2.15
(sum) 1708 2492 61 4261
(producer 100 20.39 45.90
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