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ABSTRACT

Unmanned Aerial Vehicle (UAV) can currently take high-resolution orthophotos but the
camera sensor only has an RGB band. Classifying land use using UAV aerial photos through
computer needs suitable techniques. The objective of this research was to find suitable
techniques for such land use classification. Pixel and object-based classification techniques were
applied and validated using visual interpretation techniques. The study area was in the Ban Pa
Not, Mae Tha subdistrict, Mae On district, Chiang Mai province, in a total area of approximately
1,182.47 rai, with some parts in the Pa Khun Mae Tha National Reserved Forest.

We found that pixel-based classification techniques have an overall accuracy of 39.4%
with a Kappa coefficient of 0.27, while object-based classification technique has an overall
accuracy of 34.2% with a Kappa coefficient of 0.22. Pixel-based classification techniques gave a
slightly higher value but both techniques had an acceptable level of performance as indicated by
the Kappa coefficient values on the Landis and Koch scale. We conclude that orthophotos in the
RGB band obtained from UAVs are not suitable for land use classification and it is nescessary to

find additional techniques to validate such classifications.
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Figure 2 Study area in the Ban Pa Not, Mae Tha subdistrict, Mae On district, Chiang Mai province,

with some parts encroaching the Pa Khun Mae Tha national reserved forest.
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Figure 4 Land use classification through visual interpretation.
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Table 1 Comparative quantification of various land use classification techniques.

Area (Rai)

Land use type Visual Pixel-based Object-based

interpretation classification classification
Paddy field 309.17 265.55 301.03
Orchard 418.71 79.21 158.30
Evergreen forest 60.77 117.70 177.42
Deciduous forest 267.02 571.94 364.56
Miscellaneous land 3.82 0.91 12.98
Rangeland and shrub 52.10 4.53 50.67
Residential area 47.33 17.41 41.41
Road 10.87 31.38 31.01
Natural water body 9.64 74.98 45.09
Artificial water body 3.04 18.85 0.00
Total 1,182.47 1,182.47 1,182.47
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»1U Table 3

Table 2 Accuracy assessment of pixel-based classification.

Reference (Visual interpretation)

Lu_type Al A4 F1 F2 M M1 U2 U4 W1 W2 Total User'saccuracy
Al 49 26 0 5 7 10 7 1 2 107 46%
Ad 4 13 0 9 1 3 1 1 0 0 32 41%
F1 1 6 26 5 14 13 1 0 0 66 39%
.é F2 20 48 22 80 7 24 12 3 1 1 218 37%
g M 0 0 0 0 1 0 0 0 0 0 1 100%
lrjc?) M1 o 1 1 o 0o 2 0 0 0 o0 4 50%
2 U2 1 2 0 0 0 0 7 0 0 1 11 64%
5 w 4 2 1 1 1 0o 1 71 1 0 18 39%
:5) W1 19 0 0 0 0 0 2 0 6 0 27 22%
W2 2 2 0 0 0 0 4 1 1 6 16 38%
Total 100 100 50 100 10 50 50 20 10 10 500
Producer's accuracy 49% 13% 52% 80% 10% 4% 14% 35% 60% 60%
overall accuracy = 39.4% KHAT = 0.28
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Table 3 Accuracy assessment of object-based classification

Reference (Visual interpretation)

Lu_type Al Ad F1 F2 M M1 U2 uda W1 W2 Total user's accuracy
Al 58 26 1 13 1 6 8 a4 a4 3 124 47%
Ad 6 17 [ 16 1 4 1 2 0 2 53 32%
. F1 a4 11 32 16 0 11 20 1 1 0 96 33%
% F2 12 33 11 aad 5 20 5 1 1 2 134 33%
% M 0 2 0 5 2 2 0 0 0 0 11 18%
i M1 7 3 1 1 0 2 1 2 2 0 19 11%
_% U2 3 2 1 1 0 4 9 1 1 0 22 41%
% ua 4 2 0 0 1 0 3 7 1 3 21 33%
@)
W1 6 4 0 [ 1 3 2 0 0 20 0%
W2 0 0 0 0 0 0 0 0 0 0 0 0%
Total 100 100 50 100 10 50 50 20 10 10 500
Producer's accuracy 58% 17% 64% 44% 20% 4% 18% 35% 0% 0%
overall accuracy = 34.2 % KHAT = 0.22
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