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1- Classification and regression tree (CART)
2- Random forest

3- Support vector machine (SVM)

4- K-nearest neighbor (KNN)
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1- Artificial neural network (ANN)
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Figure 1. Location of the study area in Iran (a), Mazandaran province and Nowshahr (b) on true color

composite image of Sentinel-2 (c).
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Table 1. Number of sample plots in the six forest types.
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Figure 2. Location of sample plots on color composite image of Sentinel-2.
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Table 2. Applied processes on each of satellite data.
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* The first component resulted from PCA was used in analyses.

1- Resampling

2- Vegetation index

3- Principle components analysis (PCA)

4- Tasseled cap transformation (TCT)

5- Fusion

6- Gram schmidt

7- Local mean and variance matching

8- Orfeo tool box

9- Sentinel application platform

10- Red edge normalized difference vegetation index
11- Simple ratio

12- Normalized difference vegetation index
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2- System for automated geoscientific analyses
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1- Multilayer perceptron (MLP)
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Figure 3. Flowchart of the research.
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Table 3. Classification accuracy of different algorithms for producing forest type maps in six classes using
three datasets of Landsat 8.

sorad 4 sad goche 4 505
Training samples (50%) Training samples (22%)
(..u_)}fj\ 031> 45 sazme
(1) S s LS 2 o) Js < LS 2 Algorithm Dataset
Overall Kappa Kappa
accuracy coefficient Overall accuracy coefficient
QL\::..:{ )bj; J:‘il.a
59.03 0.38 50.16 0.3
(SVM)
J‘uLﬂJ K»/‘.
61.82 0.42 48.15 0.28 RE
®E el el
S gan gt 4Sh Origin bands
58.5 0.37 51.68 0.31
(ANN)
alis sl
56.36 0.36 52 0.3
(ML)
QL.‘.:-\.:«-_V' Sls g Q,:.,ZLA
61.47 0.42 56 0.37
(SVM)
ol [
65.26 0.46 53.32 0.33 RE
( ) a.x..’;be;l le.&.,\.rl.‘
EFan s 4 Fused bands
59.9 0.4 52 0.33
(ANN)
wlis sl
60.4 0.41 57.35 0.37
(ML)
QL,::.:.;_ )bj.g &:.ib
59.31 0.38 52.24 0.33
(SVM)
v_‘uLAf» K»/‘.
60.97 0.43 49.47 0.29 RE) ol yen Lol slanily
Slbs glail L
N Origin bands and
58.98 0.39 5173 03 (ANN) extracted indices
wlis sl
57.94 0.38 52.91 0.31
(ML)
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Table 4. Classification accuracy of different algorithms for producing forest type maps in six classes using
three datasets of Sentinel-2.

sorls 4 50 goghel 4 ged
Training samples (50%) Training samples (22%)
P':’")Jﬁ\ 0313 42 saen
) eme Wy,s (1) S como LS o Algorithm Dataset
Overall Kappa Overall Kappa
accuracy coefficient accuracy coefficient
olazdy s cpaile
58.1 0.4 53.78 0.35
(SVM)
e
61.34 0.43 53.5 0.35 RE
RE) ol slait
LS s S Origin bands
56.67 0.39 51.63 0.33
(ANN)
wlss Sl
58.95 0.4 52.08 0.34
(ML)
olatiy ls o miile
64.51 0.45 59.49 0.4
(SVM)
o S
66.13 0.47 57.58 0.37 RE
RF) uur&:\ sl
(S sean as eSS Fused bands
62.52 0.43 58.59 0.39
(ANN)
ol Sl
60.59 0.42 56.44 0.37
(ML)
Oty b eile
58.86 0.41 54.06 0.36
(SVM)
s [ .
60.57 0.42 53.98 0.35 RF) Lol en ol slakly
Sl ol
S s 5 Origin bands and
57.69 0.4 53.67 0.34 (ANN) extracted indices
ol Sl
56.69 0.39 53.25 0.35
(ML)
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Table 5. Classification accuracy of different algorithms for producing forest type maps in four classes using
three datasets of Landsat 8.

ol 4 gad gochad 4 o3
Training samples (50%) Training samples (22%) _
(,.:.L)jﬁl 031> 48 sazes
() oS come LS s (1) S come LS ol Algorithm Dataset
Overall Kappa Overall Kappa
accuracy coefficient accuracy coefficient
Olady Ll pedle
75.59 0.62 70.5 0.53
(SVM)
ol Lo
79.35 0.66 69.67 0.52 RFng‘
RF) A;Lp\ LSUAJJL'
e s S Origin bands
73.22 0.6 67.73 0.49
(ANN)
alis Sl
72.06 0.59 68.6 0.51
(ML)
Ol Db edile
80.21 0.67 75.64 0.6
(SVM)
S
82.15 0.7 73 0.58 RE
( ) a.l..::ru—bl L;LAJ;L:
SEean eas eSS Fused bands
78.67 0.65 70.22 0.55
(ANN)
olis Sl
76.35 0.64 71.84 0.56
(ML)
Ol S eile
76.02 0.62 70.23 0.53
(SVM)
i K
78.15 0.65 70.68 0.53 RF) Lol yan Lol slaaily
slole sladlly
SE s s 4 Origin bands and
7191 0.59 67.91 051 (ANN) extracted indices
ol Sl
73.57 0.6 69.73 0.52
(ML)
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Table 6. Classification accuracy of different algorithms for producing forest type maps in four classes using
three datasets of Sentinel-2.

goel 4 503 soolal & gl
Training Samples (50%) Training Samples (22%)
(..:UJQ\ 631> 4e gazms
(1) S como WS e (D Scme LSy, Algorithm Dataset
Overall Kappa Overall Kappa
accuracy coefficient accuracy coefficient
‘-’L::-;i J\:J.! O,:..ZLA
80.76 0.66 73.5 0.58
(SVM)
solas L/K.:—
81.21 0.68 71.08 0.56 RF
RF) Q)aal sl
S Fan omas 4SS Origin bands
78.04 0.65 70.89 0.55
(ANN)
oLl Sl
77.57 0.64 71.63 0.56
(ML)
Oy s oeile
82.6 0.7 75.06 0.61
(SVM)
e
83.89 0.71 74.62 0.6 RE
( ) oMrL&J‘ L;Lh.bb
s s 4 Fused bands
80.68 0.67 73.93 0.6
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Abstract

Background and Obijectives: Information on spatial distribution of forest types is of importance
for sustainable forest management and planning. The use of remote sensing technology and
geographic information system for providing such fundamental information especially in
mountainous and remote areas is taken into consideration by many researchers and forest
managers. The current study aimed to investigate the capability of Landsat-8 and Sentinel-2
satellite images to generate forest type map in Kojur watershed of Hyrcanian forests. The
performance of some parametric and non-parametric classification methods was also compared.

Materials and Methods: Following quality assessment, for better data extraction, some
preprocessing techniques including vegetation indices (VI) extraction, tasseled cap
transformation (TCT), principal component analysis (PCA) and fusion were applied on the
satellite imagery. Field information collected in September 2018 plus available field data from
September 2013 and May 2014, in total 60 sample plots, were used to produce a ground truth
map. Forest type was determined based on the species abundances in each plot. Based on forest
types and considering the Jeffries—Matusita (JM) and transformed divergence separability
indices, six types were identified (pure beech, mixed beech, beech-hornbeam, mixed hornbeam,
pure eastern hornbeam, and eastern hornbeam-Persian oak) to be classified using satellite data.
The performance of classifiers i.e. support vector machine (SVM), random forest (RF), artificial
neural network (ANN) and maximum likelihood (ML) was analyzed using two different training
datasets.

Results: The generated forest type map with four classes using the Landsat_8 images and RF
algorithm had an overall accuracy of 82.15% with a Kappa coefficient of 0.7. The Sentinel_2
data gained the overall accuracy of 83.89% and the Kappa coefficient of 0.71. Our results
indicated that the sentinel-2 dataset performed slightly better than Landsat-8 for producing
forest type map. It was also found that applying an appropriate fusion technique on the sentinel-
2 and landsat-8 images can provide a better classification result. This research confirms the
effectiveness of number of training samples on the performance of classifiers. Respecting the
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accuracy assessment criterion, the SVM and RF algorithms showed better result while only 22%
of field data was used as training samples. By increasing the number of training samples to 50%
of field measurements, the highest accuracy was obtained using RF algorithm applying on all
datasets from two satellites.

Conclusion: Our results indicated that the Landsat-8 and Sentinel-2 satellite images showed a
moderate capability for mapping forest types in Hyrcanian forests (i.e. overall accuracy around
75% for four-class map). We recommend further evaluation of the capability of the Sentinel-2
and Landsat-8 datasets in different forest sites while considering phenology of species and
topographic attributes. Since the SVM and RF algorithms produced more stable and accurate
results compared to the ANN and ML algorithms, it proves that the SVM and RF approaches
might be applicable to the similar forested areas.

Keywords: Forest type mapping, Random forest, Satellite images, Support vector machine
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