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Abstract: The Zagros forests in Western Iran are valuable ecosystems that have been seriously 

damaged by human interference (harvesting the wood and forest sub-products, converting the 

forests to the agricultural lands, and grazing) and natural events (drought events and fire). In this 

study, we generated accurate land cover (LC), and tree canopy cover percentage (TCC%) maps for 

the forests of Shirvan County, a part of Zagros forests in Western Iran using Sentinel-2, Google 

Earth, and field data for protective management. First, we assessed the accuracy of Google Earth 

data using 300 random field plots in 10 different land cover types. For land cover mapping, we 

evaluated the performance of four supervised classification algorithms (minimum distance (MD), 

Mahalanobis distance (MaD), neural network (NN), and support vector machine (SVM)). The 

accuracy of the land cover maps was assessed using a set of 150 stratified random plots in Google 

Earth. We mapped the forest canopy cover by using the normalized difference vegetation index 

(NDVI) map, and field plots. We calculated the Pearson correlation between the NDVI values and 

the TCC% (obtained from field plots). The linear regression between the NDVI values and the 

TCC% was used to obtain the predictive model of TCC% based on the NDVI. The results showed 

that Google Earth data yielded an overall accuracy of 94.4%. The SVM algorithm had the highest 

accuracy for the classification of Sentinel-2 data with an overall accuracy of 81.33% and a kappa 

index of 0.76. The results of the forest canopy cover analysis showed a Pearson correlation 

coefficient of 0.93 between the NDVI and TCC%, which is highly significant. The results also 

showed that the linear regression model is a good predictive model for TCC% estimation based on 

the NDVI (r2 = 0.864). The results can be used as a baseline for decision-makers to monitor land 

cover change in the region, whether produced by human activities or natural events and to 

establish measures for protective management of forests. 

Keywords: land cover (LC) map; tree canopy cover percentage (TCC%) map; Sentinel-2; Google 

Earth; supervised classification; NDVI; Zagros forests 
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Iran is a vast country with different types of climate and vegetation, a wide range of elevation, 

and varied geological formations, the combination of which led to having rich biological diversity 

[1] and numerous endemic species [2]. The Zagros forests of Iran on Zagros Mountain extend from 

the northwest to the southwest of the country, making it the regional habitat with a large 

concentration of fauna and flora [2–4]. Although the Zagros Mountain is not the most bio-diverse 

region in Iran, the Zagros oak forests are one of the most important natural ecosystems in Iran, that 

are 5500 years old [5–8]. Besides, these forests have an essential role in soil and water conservation in 

the Zagros Mountains in western Iran [9]. Over the last 30 years, climate change, population growth, 

and the dependence of people’s livelihoods on these forests (by harvesting the wood and forest 

sub-products, converting forests to the agricultural lands, and grazing) have resulted in degradation 

of these natural ecosystems [9,10]. These forests, especially in Ilam Province in Western Iran, have 

been damaged by climate change, droughts (especially in oak forests), fires and human interference 

through, for example, the dependence of the residents on these areas for the provision of wood for 

fuel and land for livestock, agriculture, and grazing [9–12]. The biodiversity, ecosystem services, and 

economical production of the Zagros forests also suffered due to the lack of a management plan for 

these forests [12,13]. On the other hand, despite the high environmental value of these forests, there 

is not a comprehensive plan for the conservation of these forests on the national scale. Therefore, 

having accurate maps of the Zagros forests (area, density, and distribution) of Iran will be very 

useful in helping to detect the loss or gain process of these forests. Providing accurate maps of 

Zagros forests faciliates the effective management of these forests [14]. For example, providing a 

precise land cover map in Zagros forests would help the managers of the natural resources to find 

the answers to questions such as (1) how natural and human-made land covers are distributed in the 

Zagros forest, (2) how large the exact area of different land covers inside Zagros forests is, or (3) how 

human-made land covers interact with the natural land covers (forests and rangelands). 

Additionally, providing an accurate forest cover map including different density classes would 

guide the forest managers to analyze (1) where the Zagros forests are distributed, (2) how much the 

exact area of Zagros forests in western Iran is, or (3) how the forest cover is disaggregated in 

different density classes. Therefore, providing land cover and forest canopy cover maps in these 

forests will be the first step to protecting them and preventing further destruction [15]. 

Remote sensing data is an excellent source for mapping, monitoring, and understanding the 

land cover changes because of its synoptic, multi-spectral, and multi-temporal nature [14–17]. 

Satellite images have been widely applied for land use/land cover mapping in different areas around 

the world, such as in Brazil [18], India [19], and Turkey [20]. Landsat-8 and normalized difference 

vegetation index (NDVI) have been used to estimate the tree species diversity in the savannah 

woodland of southern Africa [21] and mapping the tree canopy cover (TCC) in the south of 

Ouagadougou in central Burkina Faso [22] and semi-arid forests of the Sahel [23]. At a coarser spatial 

resolution, the moderate resolution imaging spectroradiometer (MODIS) imagery allowed the land 

cover mapping in other countries such as India, Germany, and Pakistan [24–26]. IRS data was also 

used for land cover mapping in some regions around the world [27–29]. In recent years, Sentinel-2 

satellite image data has proven very useful for land use/land cover mapping [30–33], achieving 

superior results for this purpose by applying the support vector machine (SVM) algorithm [30,33]. In 

the case of forest monitoring and management, Sentinel-2 images have successfully performed tree 

cover mapping [34], tree species mapping [35], vegetation mapping [36], forest type mapping [37], 

forest succession [38], forest decline [39], quantitative estimation of biophysical variables [40], and 

estimation of defoliation of needle-leaf stands [41]. The results of these studies have shown that the 

SVM algorithm has led to high accuracies for vegetation mapping and forest monitoring [36,41]. 

Regarding forest density and canopy cover mapping, vegetation indices have been widely used 

to estimate vegetation density or canopy cover mapping in forest areas. Pereira et al. [42] used 

Landsat TM imagery and fieldwork data to determine the canopy cover percentage in 

Mediterranean shrublands. They obtained the best results when using the NDVI to estimate the 

canopy cover percentage (r2 = 0.65). Oliveira [43] used field radiometry and Landsat TM imagery to 

estimate several shrub parameters in the Alto-Dao region in Portugal. Field radiometry results 
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showed that the NDVI was a vegetation index with high performance (r = 0.75). Calvao and 

Palmeirim [44] collected field data of Mediterranean shrublands and developed correlations 

between several biophysical parameters and spectral variables (single channel reflectance and 

NDVI) from Landsat TM data. The higher correlation for canopy cover was obtained with TM band 

3 (r = −0.91) and NDVI (r = 0.91). Karlson et al. [22] used the NDVI from the WorldView-2 and 

Landsat-8 image to partition a woodland landscape in Burkina Faso into three classes based on the 

tree canopy cover density. Results showed that the dry-season NDVI and other spectral and textural 

characteristics were the most important factors in tree canopy cover mapping in the study area. 

Mohamed [23] mapped the tree canopy cover in the semi-arid Sahel using Landsat-8 and Google 

Earth imagery. The developed method utilized the NDVI as the predictor variable coupled with 

estimations of tree canopy cover from Google Earth imagery as the response variable. The results 

showed a strong correlation (r2 = 0.83) between the NDVI derived from Landsat 8 imagery and the 

TCC estimations from Google Earth imagery. Soares et al. [45] mapped tree canopy cover changes in 

space and time in High Nature Value Farmland in southeast Portugal using aerial photography and 

Landsat images to prioritize reforestation efforts. The results showed that the dry-season NDVI was 

positively related to tree canopy cover changes, both across space and time. Barakat et al. [46] used a 

supervised classification algorithm on Landsat-8 and NDVI to quantify the extent and density 

change of forest covers, crops, and bare soils in Morocco. The overall classification accuracy was 

97.76% and 95.80% in 2001 and 2015 images, respectively. He adopted a method of thresholding the 

NDVI [47] to highlight the density of each forest stand. Based on the NDVI values, the image was 

classified into three distinct thematic classes: NDVI < 0.1: without vegetation, 0.2 < NDVI < 0.4: 

slightly dense forest, and 0.4 < NDVI < 0.74: dense forest. The identification of the best-fitting 

threshold value was based on the comparison between the Google Earth images and the NDVI 

results. Chasmer et al. [48] used the NDVI, simple ratio (SR), and soil adjusted vegetation index 

(SAVI) derived from a SPOT5 satellite image to estimate canopy cover. Their results indicated that 

the NDVI and SAVI are more comparable to canopy cover than other vegetation indices. 

The results of several studies mentioned above have demonstrated that NDVI is the best 

vegetation index for estimating the tree canopy cover in different forest areas around the world 

[22,23,40,42–49]. Besides, among different methods for predicting the relationship between TCC% 

and NDVI, linear regression has successfully been applied for this purpose. Many researchers have 

used linear regression to discover the relationship between the canopy cover and NDVI values in 

different areas around the world and have obtained acceptable results [21,23,45,50,51]. 

Some studies in Western Iran have used different satellite images to perform land cover and 

forest cover mapping [14,52–55]. Despite these studies, land cover and canopy cover mapping with 

Sentinel-2 satellite and Google Earth data, novel algorithms, and vegetation indices have not yet 

been performed in the Zagros forests. The extensive destruction of the Zagros forests in Western Iran 

in recent years [12–14,55–58] necessitates comprehensive research for land cover mapping and 

evaluating the area, distribution, and density of these forests. Therefore, providing a new accurate 

land cover map and forest canopy cover map for the management of the Zagros forests is very 

important to preserve the biodiversity and ensure the conservation of endemic species. Although 

Cao et al. [59] or Hansen et al. [60] developed global land cover maps, their spatial resolution (30 m) 

is not sufficient to manage the endemic forests at the regional or national scale in Iran. In addition, 

the accuracy of these global maps for the Zagros ecosystem in Iran has not yet been assessed, and 

this global map may not be up-to-date for management purposes in the study area. Furthermore, we 

detected a gap regarding the information of tree canopy cover for this region. Previous studies 

demonstrated that a global tree canopy cover product has some obvious limitations, especially 

where the canopy cover is open [61–64]. 

This study aims to determine the method that adapts best to conditions in Western Iran 

(Shirvan County) for land cover and tree canopy cover mapping. This study focuses on answering 

the following questions: (1) Is Google Earth data helpful and accurate for land cover mapping in 

western Iran? (2) Is Sentinel-2 data able to produce an accurate land cover map in the highest spatial 

resolution for management purposes in mountainous Zagros forests of western Iran? (3) Which 
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algorithm is the most accurate method for land cover mapping in the western forests of Iran for 

future applications? (4) Does NDVI, along with field data, provide a proper tool for tree canopy 

cover mapping in mountainous ecosystems of western Iran? 

This study is the first application of Sentinel-2, Google Earth, and field data for land cover and 

tree canopy cover mapping in the study area as a part of the Zagros forests of Iran. We aim to 

provide a high spatial resolution (10 m) land cover and forest canopy cover maps that serve as the 

proper baseline to manage Zagros forests and to advance further the research of land cover and 

forest changes in the study area. The results of this research will be beneficial for Iranian forest 

managers in Forest, Rangelands, and Watershed Organization of Iran (FRWOI) to manage the land 

covers, especially forest cover in the study area. The forest managers in FRWOI need more detailed 

and up-to-date maps for effective management of the western mountainous forests in Iran. The 

paper provides an estimation of the different land cover type areas, as well as the distribution and 

density of the forests for future conservation planning. 

2. Materials and Methods 

2.1. Study Area 

The study area is Shirvan County, situated in the northeast of Ilam Province in Iran, between 

618,000 to 663,000 East longitude and 3,720,000 to 3,765,000 North latitude in WGS 1984_UTM Zone 

of 38 N (Figure 1). Shirvan County, with an area of about 45,355 ha, is located in a semi-arid region of 

Zagros Mountain. In this area, human interference (harvesting the wood and forest sub-products, 

converting the forests to the agricultural lands, grazing) and natural events (drought event, fire 

occurrence) have produced significant disturbances in the ecosystems. Additionally, agricultural 

lands have widely extended in this area in recent years. Still, the forest remnants are of high 

ecological value. Previous reports stated the Zagros forests in Western Iran are the oldest oak forests 

in the world with 5500 year old trees [5–8]. The main tree species in the study area are oak (Quercus 

brantii and Quercus persica), pistachio (Pistacia atlantica), almond (Amygdalus orientalis and Amygdalus 

scoparia), wild almond (Prunus scoparia), hackberry (Celtis caucasica), hawthorn (Cratagus aronia), and 

fig (Ficus johanis), which provide a unique habitat for many endemic animal species such as the 

Persian squirrel (Sciurus anomalus), Iranian leopard (Panthera pardus tulliana), Eurasian hog (Sus 

scrofa), wild goat (Capra aegagrus), Iranian gazelle (Gazella subgutturosa), ruppell’s fox (Vulpes 

rueppellii), etc. [2,65]. Some animal species like the Persian squirrels have an essential role in the 

regeneration, proliferation, and growth of some tree species such as oak trees [10,11,66]. 

  
(a) Location of Ilam Province in Iran (b) Location of Shirvan County in Ilam Province 

Figure 1. Location of our study area in Iran and Ilam Province. 
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The land cover types considered in the study area are dense forest, semi-dense forest, sparse 

forest, dense rangeland, sparse rangeland, garden, irrigated farmland, dry farmland, bare soil, and 

urban area. The characteristics of these land cover classes are unique, and they proved to be 

spectrally different (Figure 2). Zagros forests are known as the oak forests of Iran as the dominant 

tree species is Quercus brantii and other tree species are very limited (Figure 3a–c) [8,9,12]. Therefore 

for land cover mapping in this study, we considered one tree species for forest cover (Quercus 

brantii), but different forest densities (three classes described in Section 2.3.1) (Figure 3a–c). 

 

Figure 2. The spectral properties of different land covers. 

  

(a) Dense forest (f) Garden 

 
 

(b) Semi-dense forest (g) Irrigated farmland 
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(c) Sparse forest (h) Dry farmland 

  

(d) Dense rangeland (i) Bare soil 

  

(e) Sparse rangeland (j) Urban area 

Figure 3. Different land covers in the field in the study area (Authors took all photos). 

2.2. Data 

For this research, we used two data sets for land cover and tree canopy cover mapping in 

Shirvan County: (1) Sentinel-2 images and (2) reference data including field data and Google Earth 

high-resolution data. The detailed descriptions of these data (date, resolution, and reference of data) 

are described below. 

2.2.1. Sentinel-2 Images 

Sentinel-2 is a wide-swath, high-resolution, multi-spectral imaging mission developed by ESA 

(European Space Agency) as part of the Copernicus Programme, supporting the Copernicus land 
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monitoring services [67]. Sentinel-2 has 13 spectral bands with a spatial resolution from 10 to 60 m 

(Table 1). 

Table 1. The spectral bands of Sentinel-2 data. 

Band Number Band Name Wavelength Mean (nm) Spatial Resolution (m) 

B01 Coastal aerosol 443 60 

B02 Blue 490 10 

B03 Green 560 10 

B04 Red 665 10 

B05 Vegetation Red Edge 705 20 

B06 Vegetation Red Edge 740 20 

B07 Vegetation Red Edge 783 20 

B08 NIR 842 10 

B08a Narrow NIR 865 20 

B09 Water Vapor 945 60 

B10 SWIR-Cirrus 1375 60 

B11 SWIR 1610 20 

B12 SWIR 2190 20 

For this research, we used the Sentinel-2 Level-1C product. The Level-1C product is composed 

of 100 × 100 km2 tiles (Ortho-images in UTM/WGS84 projection). This product results from using a 

digital elevation model (DEM) to project the image in cartographic geometry. Level-1C products are 

resampled with a constant ground sampling distance (GSD) of 10, 20, and 60 m depending on the 

native resolution of the different spectral bands [67]. We selected Sentinel-2 data in this study 

because of its better spatial resolution (10 m) rather than Landsat-8 (30 m). In recent years, the 

application of the Sentinel-2 satellite image for land use/land cover mapping has been very 

successful in different areas around the world [30–33]. 

For this research, we obtained the Sentinel-2 Level-1C satellite image for the study area (28 July 

2017) from the ESA website (https://scihub.copernicus.eu) (Figure 4). 

 

Figure 4. Location of 300 field square plots and Sentinel-2 satellite image of Shirvan County. 
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FRWOI provided the vector map of Shirvan County in Ilam Province. Then, the Sentinel-2 

satellite data was clipped to focus the classification on Shirvan County, which was our study area 

(Figure 4). 

2.2.2. Reference Data 

In this study, we used field data and Google Earth’s high-resolution data as reference data. 

Field data of 300 square plots (see Section 2.3.1) were used for the TCC% estimation and also the 

accuracy assessment of the Google Earth data. Later, we used Google Earth data for the accuracy 

assessment of the land cover maps obtained from Sentinel-2 (see Section 2.3.3). We selected images 

from 2017 to 2019 with 65 × 65 cm spatial resolution. The advantages of using Google Earth data are 

that they are high-resolution (65 × 65 cm), are available for free, and depict the imagery date [68,69]. 

Google Earth’s high-resolution data have been widely used as reference data in many studies. 

Previous research proved the horizontal and vertical precision of these images [68–72]. Although the 

overall accuracy of Google Earth data is established in the literature, we considered it appropriate to 

assess the accuracy of the images in our study area. For this research, we used Google Earth data 

acquired in 2017. 

2.3. Research Method 

2.3.1. Accuracy Assessment of Google Earth Data Using Field Data 

We assessed the accuracy of Google Earth data using several control points and square plots in 

the field. Figure 3 shows the different land covers in the field in the study area, Shirvan County. For 

this purpose, we randomly collected 300 control points in the center of 300 square plots during a 

field visit in July 2019 (Figure 4). Due to the heterogeneous landscape of the study area, we used a 

random sampling strategy in this study [39,45,46,49,50]. The 300 field square plots included 30 plots 

for each land cover type (there were 10 land cover types, including both forest cover classes and 

non-forest cover classes). The center of 300 square plots was found by GPS (global positioning 

system) (Model: Garmin Map 64S C) that had an accuracy of less than 1 m. 

For each non-forest land cover (dense rangeland, sparse rangeland, garden, irrigated farmland, 

dry farmland, bare soil, and urban area), thirty 10 × 10 m square field plots were taken, which 

corresponded to the pixel size of the Sentinel-2 images (Figure 5). In the case of forest cover (dense 

forest: >50% tree canopy cover, semi-dense forest: 25–50% tree canopy cover, sparse forest: 5–25% 

tree canopy cover), we took 30 30 × 30 m square field plots, corresponding to 3 × 3 pixels of the 

Sentinel-2 images (Figure 6). The dimension of 30 × 30 m for square forest plots was selected because 

of the diameter of the tree crown (5–8 m) in the study area [65] and based on recommendations of 

previous studies [22]. We noted that the estimation of tree canopy cover in a 10 × 10 m square plot 

might be possible. Still, it probably creates some errors in tree canopy cover estimation, because 

based on FRA definition, the forest is a land with at least 0.5 ha area with trees higher than 5 m [73]. 

Therefore, we considered an area of 900 m2− (3 × 3 pixels of the Sentinel-2 images) to establish square 

field plots in forest cover. Consequently, we applied 30 × 30 m square plots in forest covers and 10 × 

10 m square plots in other land covers. 

 

Figure 5. The control point and the field plot for checking the non-forest land covers. 
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Figure 6. The control point and the field plot for checking the forested land covers (the orange lines 

show two diameters of each tree in the plot). 

There was a temporal difference of two years between the field data (summer 2019) and the 

Sentinel-2 data (summer 2017) because the image processing of the Sentinel-2 image was performed 

before fieldwork. We needed to obtain a general map of land cover in the study area to allocate the 

square plots in different land covers in the field. After that, we designed our fieldwork to sample 300 

square plots. Therefore, the date of the Sentinel-2 image was before the date of field sampling. 

However, the season of Sentinel-2 image and field surveys were the same (summer) to prevent some 

errors because of physiologic and phenologic differences in the field and satellite image. In addition, 

the cutting of trees was prohibited in the study area during the time between 2017 and 2019, and 

potential changes in tree cover were assumed to be minor [22]. 

Our purpose was the measurement of dry-season NDVI (summer) in this study [22]. This was 

because the results of previous studies have shown that the dry-season NDVI was positively related 

to tree canopy cover changes, both across space and time [22,45]. 

2.3.2. Land Cover Mapping Using Supervised Classification Algorithms 

For land cover mapping, we used a combination of bands B02, B03, B04, and B08 of the 

Sentinel-2 satellite image because of their enhanced spatial resolution (10 m). In this study, we 

preferred spatial resolution to spectral resolution of the bands to determine different land covers. 

This was because the selection of four bands in visible and near-infrared spectral range was good 

enough to separate the predictable land covers in our study area (forest, rangeland, garden, irrigated 

farmland, dry farmland, bare soil, and urban area) (Figure 2). However, the separation of different 

forest density classes was more challenging. For this purpose, we applied a proper vegetation index 

(dry-season NDVI) which is described in Section 2.3.4. 

After layer stacking of bands B02, B03, B04, and B08, we applied four supervised classification 

algorithms to produce an accurate 10 m resolution land cover map: minimum distance (MD), 

Mahalanobis distance (MaD), neural network (NN), and support vector machine (SVM). These 

algorithms were selected due to their ability to adapt to the heterogeneous structure of the study 

area, the spatial resolution of a satellite image (10 m), and their suitability for land cover 

classification in the previous studies [17,30,33,36,41,74,75]. 

For the algorithm application, we selected a set of training pixels from the Sentinel-2A image for 

each land cover type. Based on the predictable land covers (dense forest, semi-dense forest, sparse 

forest, dense rangeland, sparse rangeland, garden, irrigated farmland, dry farmland, bare soil, and 

urban area) in the study area, regions of interest (ROI) were selected as pixel-based samples. We 

considered a minimum number of 500 pixels as a training area for each land cover class. Then, we 
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applied the supervised classification algorithms on the Sentinel-2 image for land cover mapping of 

the study area. The applied algorithms are described below. 

Minimum Distance (MD) 

In the minimum distance algorithm, all pixels are classified to the nearest class unless a 

standard deviation or distance threshold is specified, in which case some pixels may be unclassified 

if they do not meet the selection criteria. The minimum distance classifier computes the Euclidean 

distance (ED) between the pixel values (xp,yp) and the mean values for the classes. It then allocates 

the pixel to the class with the shortest Euclidean distance [76,77]. 

Mahalanobis Distance (MaD) 

The Mahalanobis distance classification is a direction-sensitive distance classifier that uses 

statistics for each class. It is similar to the maximum likelihood classification but assumes that all 

class co-variances are equal, and therefore, it is a faster method. The advantage of the Mahalanobis 

classifier over the maximum likelihood procedure is that it is faster and yet retains a degree of 

direction sensitivity via the covariance matrix C, which could be a class average or a pooled 

covariance [78]. All pixels are classified to the closest region of interest (ROI) class unless a distance 

threshold is specified, in which case some pixels may be unclassified if they do not meet the criteria 

[79]. 

Neural Network (NN) 

The most popular neural network classifier in remote sensing is the multilayer perceptron. 

Feedforward or multilayer perceptrons (MLP) may have one or more hidden layers of neurons 

between the input and output layers [80]. They have a simple layer structure in which successive 

layers of the neuron are fully interconnected, with connection weights controlling the strength of the 

connections. The input to each neuron in the next layer is the sum of all its incoming connection 

weights multiplied by their connecting input neural activation value [80,81]. This method is 

independent of the statistical parameters of a particular class and accepts qualitative and 

quantitative data to be introduced as input data. 

Support Vector Machine (SVM) 

The SVM algorithms are non-linear binary classifiers and aim to find a threshold that divides 

the dataset into the predefined classes using training samples [82]. The optimal separation is applied 

to minimize misclassifications, which usually occur in the training step [41,83]. Considering the 

principles of structural risk minimization [84,85], SVMs aim to minimize the upper bound of the 

expected generalization error by maximizing the margin between the separating hyperplane and the 

data. The concept of margin plays a key role in the SVM algorithm as it indicates the generalization 

capability of SVMs [86,87]. The main advantage of SVMs is the ability to transform the model to 

solve a non-linear classification problem without any prior knowledge [33]. 

2.3.3. Accuracy Assessment of Land Cover Maps Using Google Earth Data 

Many researchers have expressed opinions about the proper sampling scheme to use for 

accuracy assessment. Five common sampling schemes were applied for collecting reference 

data/accuracy assessment: (1) simple random sampling, (2) systematic sampling, (3) stratified 

random sampling, (4) cluster sampling, and (5) stratified, systematic, unaligned sampling [88]. 

To perform the accuracy assessment of the land cover classifications in this research, we 

generated a stratified random sampling of 150 points (Figure 7). We randomly distributed a number 

of points in each class proportional to the area of each class [89]. We selected the stratified sampling 

method [88] because this method proved to be more appropriate than a systematic-random method 

for the determination of forest areas in the Zagros Mountains, as reported in previous studies [90]. 
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Additionally, stratified random sampling has been highly recommended in previous studies 

concerning assigning sufficient samples to each land cover type for the accuracy assessment of the 

classified maps [21,22]. Finally, coordinates of stratified random points were extracted, and the 

locations were visited in Google Earth Pro 7 to record their land cover class. 

 

Figure 7. Location of region of interest (training areas) and 150 random square plots in Google Earth 

(validation areas) for accuracy assessment of land cover maps. 

We obtained Google Earth data in July 2017, coinciding with the date of Sentinel-2 imagery. In 

Google Earth, we checked the actual cover of each control point of non-forest classes in a square plot 

of 10 × 10 m, which was concordant to the pixel dimension in the Sentinel-2 image (Figure 5). The 

land cover of each control point in the forest density classes was checked in a square plot of 30 × 30 

m, which was accordant to the 3 × 3 pixel size in the Sentinel-2 image and also to the dimension of 

the forest field plots (Figure 6). Figure 8 shows the method for checking the different land cover 

types in plot areas in Google Earth Pro.7. 

  

(a) Dense forest (f) Garden 
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(b) Semi-dense forest (g) Irrigated farmland 

 
 

(c) Sparse forest (h) Dry farmland 

  

(d) Dense rangeland (i) Bare soil 

  

(e) Sparse rangeland (j) Urban area 

Figure 8. Different land cover plots in Google Earth used for the accuracy assessment of land cover 

maps. 

Then, we compared the Google Earth land cover classes and the classified land cover classes in 

the 150 random points to assess the accuracy of the classification algorithms. The calculated accuracy 

metrics in this study were the overall accuracy (OA) and the kappa index (��) [88,91]. 
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2.3.4. Forest Density or TCC% Estimation Based on Fieldwork and the NDVI 

Forest density mapping is an essential subject for forest management because proper 

management and planning are required for each category of forest density. For example, in the 

western forests of Iran (Zagros forests), the dense forests’ biodiversity should be protected, because 

this forest category provides a valuable habitat for much unique fauna and flora in Western Iran. On 

the other hand, the semi-dense forest requires planning for soil and water conservation in the Zagros 

Mountains as the erosion risk is an essential factor [9,12,17]. The sparse forests are the most fragile 

ecosystems in Western Iran. If they are not protected, they are at risk of being converted to farmland 

and urban area in the future [17]. 

The forest density is defined by the TCC in Iran [92]. The TCC is the land area that is covered by 

tree canopy when viewed from above [22]. 

First, the forest cover (including three density classes described in Section 2.3.1) was classified 

on the Sentinel-2 imagery. Then, we used the field data of three forest density classes (including tree 

canopy cover in each forest plot) to separate the forest density classes. Three forest densities were 

considered, which we estimated in 90 square plots with dimensions of 30 × 30 m (30 square plots for 

each forest density class) in the field (Figure 6). In each forest density class, we measured in the field 

two diameters of the crowns of all trees inside the square plots (Figure 6). The diameters were taken 

in north–south and east–west directions (Figure 6) for all trees inside a certain plot (Figure 6). We did 

not measure diameters of the tree crowns on Google Earth, but we measured all of them in the field 

by meter tape. 

Based on our measurements in the field, we did not find a big difference between the two 

diameters (north–south and east–west) of the crown of most trees. Therefore, we assumed that the 

tree crowns followed a circle shape (for instance, two diameters of the crown of a tree inside a plot 

were 5.5 and 6 m). Therefore, we calculated the average of two diameters of each tree in each square 

plot. It was divided by two to obtain the radius (r) of the crown of each tree. By assuming that a tree 

crown is a circle, the canopy area of each tree was calculated based on the circle area formula (πr2). 

Then, assuming the same area for every tree in the plot we calculated the sum of the canopy areas of 

all trees in each square plot. Finally, the canopy cover for each forest square plot was calculated 

based on the relationship of the sum of tree canopy areas to the square plot area (900 m2). Thus, the 

canopy cover percentage for each forest square plot was calculated as below: 

 Canopy Cover Percent =
∑

�
�������

���
× 100 (1) 

where TCCA is a tree canopy cover area, and SPA is a square plot area that is 900 m2 (30 × 30 m = 900) 

in this study. 

For some plots in the dense forest, there was a little overlapping among some tree crowns inside 

a plot. However, we measured the diameters of all trees inside the plot. Our final purpose was an 

estimation of tree canopy cover (relation of the sum of canopy areas of all trees to the square plot 

area). Therefore, this overlapping cannot create many errors in such estimation. Based on its 

definition, the tree canopy cover (TCC) is the land area that is covered by tree canopy when viewed 

from above [22]. If the overlapping is high, the TCC% may obtain more than 100%. However, we did 

not have TCC% more than 100% in our records, as the highest TCC% obtained in our measurements 

was 95%. 

As mentioned before (Section 2.3.2), we used a combination of bands B02, B03, B04, and B08 for 

land cover mapping such as primary forest cover mapping, because of their enhanced spatial 

resolution (10 m). Then, for canopy cover estimation in forest cover, we used the NDVI as a standard 

vegetation index and predictor variable in the estimation of the TCC%, which resulted in a nicely 

fitted correlation with forest canopy cover in previous studies [22,23,42–46,48,50,51]. In fact, for more 

exact analysis, we used dry-season NDVI for separating different forest density classes. Among all 

vegetation indexes, we used the NDVI in this study because this index has yielded a better 

correlation with tree canopy cover than other vegetation indices, especially in the dry season [22,45]. 
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It has been the most reliable vegetation index in forest density estimations [22,42–44,46,51]. The 

NDVI is described below [23,93]: 

NDVI =
��� − ���

��� + ���
 (2) 

where NIR is the spectral reflectance in the near-infrared wavelength (0.85–0.88 μm) and RED is the 

spectral reflectance in the red wavelength (0.64–0.67 μm) [23,93]. 

We then calculated the NDVI for the forest cover of Shirvan County and extracted the NDVI 

values for each forested square plot. Then, the correlation between the tree canopy cover percentage 

(TCC%) (obtained from field plots) and the NDVI value was calculated by using the Pearson 

correlation coefficient. We produced a fitted linear regression model between the TCC% and the 

NDVI values. Based on these analyses, a predictive model of the TCC% based on the NDVI was 

developed. We applied the model to all the forest cover types in Shirvan County to estimate the 

canopy cover percentage map for the whole forest area. Finally, this map was classified into three 

classes of forest density (sparse: 5–25%, semi-dense: 25–50%, and dense: >50% canopy cover 

percentage). 

3. Results 

3.1. Accuracy Assessment of the Google Earth Data Using Field Plots 

The results of the accuracy assessment of the Google Earth data using 300 square field plots are 

shown in Tables 2 and 3. Table 2 shows the confusion matrix comparing the control points in the 

Google Earth (predicted) and in the field (observed). The overall accuracy of the 10 land cover types 

was completely different. Based on the results in Table 2, garden, bare soil, and urban area, with an 

overall accuracy of 100%, yielded the highest accuracy based on field data. The dense rangeland and 

sparse rangeland have shown the same accuracies (overall accuracy of 83%). The irrigated farmland 

obtained a slightly higher accuracy than dry farmland in Google Earth. About forest density classes, 

the accuracy of Google Earth decreased from the dense forest to the sparse forest, so that sparse 

forest, with an overall accuracy of 83%, resulted in the lowest accuracy of all land cover types (Table 

3). The results of Table 3 show that the Google Earth data, with an overall accuracy of 94.4%, has 

shown a reliable accuracy as reference data in this study.
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Table 2. The confusion matrix of comparison of the control plots in the Google Earth (predicted) and in the field (observed). 

 Number of Control Plots in Google Earth (Predicted)   

Total 
Urban 

Area 
Bare 

Soil 
Dry 

Farmland 
Irrigated 

Farmland 
Garden 

Sparse 

Rangeland 
Dense 

Rangeland 
Sparse 

Forest 
Semi-Dense 

Forest 
Dense 

Forest 
Land 

Cover 
 

29 0 0 0 0 0 0 0 0 0 29 
Dense 

forest 

N
u

m
b

e
r 

o
f 

C
o

n
tr

o
l 

P
lo

ts
 i

n
 t

h
e

 F
ie

ld
 (

O
b

se
rv

e
d

) 
 

28 0 0 0 0 0 0 0 0 27 1 
Semi-dense 

forest 

27 0 0 2 0 0 0 0 25 0 0 
Sparse 

forest 

29 0 0 0 1 0 0 28 0 0 0 
Dense 

rangeland 

28 0 0 0 0 0 28 0 0 0 0 
Sparse 

rangeland 

32 0 0 0 0 30 2 0 0 0 0 Garden 

31 0 0 0 29 0 0 2 0 0 0 
Irrigated 

farmland 

33 0 0 28 0 0 0 0 5 0 0 
Dry 

Farmland 

33 0 30 0 0 0 0 0 0 3 0 Bare soil 

30 30 0 0 0 0 0 0 0 0 0 Urban area 
300 30 30 30 30 30 30 30 30 30 30 Total  
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Table 3. Evaluating the accuracy of Google Earth data using 300 field plots. 

Land Cover in 

Google Earth 
Land Cover in the 

Field 
Number of 

Square Plots 
Number of True Classified 

Square Plots 
Overall 

Accuracy (%) 

Dense forest Dense forest 30 29 96 

Semi-dense forest Semi-dense forest 30 27 90 

Sparse forest Sparse forest 30 25 83 

Dense rangeland Dense rangeland 30 28 93 

Sparse rangeland Sparse rangeland 30 28 93 

Garden Garden 30 30 100 

Irrigated farmland Irrigated farmland 30 29 96 

Dry Farmland Dry Farmland 30 28 93 

Bare soil Bare soil 30 30 100 

Urban area Urban area 30 30 100 

Total Total 300 284 94.4 

3.2. Land Cover Maps 

We produced four land cover maps of Shirvan County by classifying a Sentinel-2 image using 

different supervised algorithms: minimum distance, Mahalanobis distance, neural network, and 

support vector machine (Figure 9). Areas of land cover classes based obtained from the different 

algorithms are reported in Figure 10. 

 

(a) Minimum distance (b) Mahalanobis distance 
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(c) Neural network (d) Support vector machine 

Figure 9. The supervised classification of Sentinel-2 image using different algorithms. 

 

Figure 10. Area of different land covers by different algorithms. 

All the land cover maps showed a similar spatial distribution of the land cover classes as the 

other three methods (MD, MaD, SVM). However, we noted that the NN land cover map (Figure 9c) 

classified a large area as dense forest 8–10 times larger than the area classified as dense forest by the 

other methods (Figure 10). Based on some observed reports, the dense forest area is limited to a 

specific region in the study area, because many oak trees were affected by drought events in the Ilam 

Province in recent years [65]. The official report states that there are only 2594 ha of dense forests in 

the Ilam Province [65]. Analyzing the results, we concluded that the NN algorithm classified areas of 

semi-dense forest as dense forest, thus producing the overestimation of the latter. 

Between the MD (Figure 9a), MaD (Figure 9b), and SVM (Figure 9d) algorithms, we observed 

the most substantial differences in the classes of the sparse forest, sparse rangeland, and irrigated 

farmland. The MD classified a larger area as sparse forest compared to the other two methods, 

whereas the MaD mapped a broader area as sparse rangeland. The SVM yielded an area of irrigated 

farmland that was twice the size of that produced by the MaD and MD classifiers. In general, the 

SVM land cover map (Figure 9d) classified an area of the dense forest of 777.13 ha, which is 
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coincident with our field observations. In addition, the location of sparse forests in the northeast of 

Shirvan County is correct. Additionally, the SVM classified dense and semi-dense forests in the 

southwest of the study area, exactly where they were found in the field. Farmlands extend over a 

wide area of Shirvan County, whereas urban areas locate in the middle of Shirvan County and are 

surrounded by sparse rangelands. This qualitative evaluation of the method suggests that the SVM 

classifier is more accurate than the other classifier methods used in this study. 

3.3. Accuracy Assessment of Land Cover Maps Using Google Earth Data 

We performed the accuracy assessment of all the algorithms by computing the overall accuracy 

and kappa index (Table 4). The SVM algorithm has the highest accuracy in land cover mapping with 

an overall accuracy of 81.33% and a kappa index of 0.76 (Table 4). These results show that the land 

cover map obtained from SVM is more accurate than other land cover maps. Therefore, the areas of 

different land covers based on this algorithm represent the reality better than other algorithms. After 

the SVM method, the MaD stands out with an overall accuracy of 72.67% and a kappa index of 0.63. 

In contrast, the NN algorithm with an overall accuracy of under 50% and kappa index values of less 

than 0.5 presents the lowest accuracy of the land cover mapping of Shirvan County (Table 4). 

Table 4. The accuracy assessment of supervised classification algorithms. 

Classification Algorithm Overall Accuracy (%) Kappa Index 

Minimum distance (MD) 68 0.57 

Mahalanobis distance (MaD) 72.67 0.63 

Neural network (NN) 48.67 0.38 

Support vector machine (SVM) 81.33 0.76 

For further analysis of the accuracy assessment of the SVM land cover map, the confusion 

matrix comparing the control plots in the land cover map (classified land cover) and Google Earth 

(reference data) is shown in Table 5. In Table 6, we represent a more detailed analysis of the accuracy 

of the most accurate map (SVM) by land cover class.
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Table 5. The confusion matrix of comparison of control plots in support vector machine (SVM)-land cover map (classified) and Google Earth (reference). 

 Number of Control Plots in Land Covers in SVM Map (Classified Map)   

Total 
Urban 

Area 
Bare 

Soil 
Dry 

Farmland 
Irrigated 

Farmland 
Garden 

Sparse 

Rangeland 
Dense 

Rangeland 
Sparse 

Forest 
Semi-Dense 

Forest 
Dense 

Forest 
Land 

Cover 
 

6 0 0 0 0 0 0 0 0 0 6 
Dense 

forest 

N
u

m
b

e
r 

o
f 

C
o

n
tr

o
l 

P
lo

ts
 i

n
 L

a
n

d
 C

o
v

e
rs

 i
n

 G
o

o
g

le
 

E
a

rt
h

 (
R

e
fe

re
n

ce
) 

 

12 0 4 0 0 0 0 0 0 8 0 
Semi-dense 

forest 

26 0 0 6 0 0 0 0 20 0 0 
Sparse 

forest 

16 0 0 0 4 0 0 12 0 0 0 
Dense 

rangeland 

23 0 0 0 0 1 22 0 0 0 0 
Sparse 

rangeland 

8 0 0 0 0 7 1 0 0 0 0 Garden 

26 0 0 0 19 0 0 7 0 0 0 
Irrigated 

farmland 

14 0 0 12 0 0 0 0 2 0 0 
Dry 

Farmland 

10 0 7 0 0 0 0 0 0 3 0 Bare soil 

9 9 0 0 0 0 0 0 0 0 0 Urban area 
150 9 11 18 23 8 23 19 22 11 6 Total  
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Table 6. Accuracy assessment of land covers obtained from the SVM algorithm by Google Earth 

data. 

Land Cover 
Number of Control Plots 

(Reference) in Google Earth 

Number of True Classified Control 

Plots in SVM-Land Cover Map 

Overall 

Accuracy (OA) 

Dense forest 6 6 100% 

Semi-dense 

forest 
12 8 66% 

Sparse forest 26 20 77% 

Dense 

rangeland 
16 12 75% 

Sparse 

rangeland 
23 22 96% 

Garden 8 7 87% 

Irrigated 

farmland 
26 19 73% 

Dry farmland 14 12 86% 

Bare soil 10 7 70% 

Urban area 9 9 100% 

Total 150 122 81.3% 

3.4. Forest Density or TCC% Mapping 

3.4.1. NDVI Map of Forest Cover 

The results show that the NDVI forest cover values range from 0.101 to 0.417 in Shirvan County 

(Table 7). These results demonstrate that the NDVI values in the study area are not very high in 

comparison with other forests around the world [23,45]. It may be related to the health conditions of 

the Zagros forests in Shirvan County because these forests have gone through several drought 

events in recent decades. 

3.4.2. Correlation between the TCC% and the NDVI and Predictive Regression Model for the TCC% 

Results of the field plot data and the NDVI values for each TCC% class are shown in Table 7. 

Based on these results, the NDVI ranges from 0.101 to 0.206 in the sparse forest density class in the 30 

plots. The canopy cover percentage ranges from 5% to 25% in the sparse forest, which is within the 

standard canopy cover percentages based on the FRWOI [92] classification. 

Table 7. Details of normalized difference vegetation index (NDVI) and tree canopy cover (TCC)% 

obtained from field plots for each forest density class. 

Forest 

Density 

Class 

Standard 

Canopy Cover 

(%) 

Number of 

Field Plots 

TCC Percentage (%) NDVI 

Min Max Mean SD Min Max Mean SD 

Sparse 

forest 
5–25 30 5 25 16.36 7.25 0.101 0.206 0.181 0.028 

Semi-dense 

forest 
25–50 30 30 50 42.17 6.56 0.219 0.269 0.245 0.012 

Dense 

forest 
>50 30 55 95 73.88 10.99 0.272 0.417 0.334 0.037 

For the semi-dense forest, the minimum NDVI is 0.219, and the maximum NDVI is 0.269, and 

the canopy cover percentage ranges from 30% to 50%. 

In the dense forest, the NDVI has the highest value, with a maximum NDVI of 0.417 and a 

minimum NDVI of 0.272. The canopy cover ranges from 55% to 95%, which is within the range of the 

standard canopy cover percentage [92]. 
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Results of the correlation coefficient between the TCC% and the NDVI showed that the Pearson 

correlation between these variables is 0.93, which is significant at the 99% confidence level (Table 8). 

The graphic plot shows that there is a linear correlation between the canopy cover percentage and 

NDVI values (Figure 11). Therefore, we applied linear regression method instead of random forest 

(RF) and SVM methods for predicting TCC% in this study. So far, many researchers have used this 

method to discover the relationship between the canopy cover and NDVI values in different forest 

areas around the world [21,23,45,50,51]. 

Table 8. Correlation between the canopy cover percentage and NDVI. 

Variable n Pearson correlation Sig. 

NDVI 90 0.93 ** 0.000 

TCC% 90 0.93 ** 0.000 

** Significant at a 99% confidence level. 

 

Figure 11. Linear correlation between TCC% (forest density) and NDVI. 

We performed a linear regression based on 90 sample plots in three forest density classes (dense 

forest, semi-dense forest, and sparse forest, Table 9 and Table 10) to determine the linear correlation 

between the TCC% and NDVI values. 

Table 9. Model summary of the TCC% based on the NDVI. 

Standard Error of the Estimate Adjusted R Square R Square R Model 

9.4607 0.864 0.864 0.930 a 1 

a. Predicators: Constant, NDVI. 
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Table 10. Coefficients of the linear regression model between the TCC% and NDVI. 

Sig. t 
Standardized Coefficients Unstandardized Coefficients 

Model 
Beta Standard Error B 

0.000 −9.735  4.338 −42.226 ** Constant 

0.000 21.090 0.930 16.156 340.717 ** NDVI 

** Significant at a 99% confidence level. 

Results showed that the coefficient value (340.717) and constant value (−42.22) for the linear 

regression equation are highly significant (p < 0.001). The predictive model for the TCC% based on 

the NDVI (with r2 = 0.864) was obtained as below: 

TCC% = 340.717 NDVI − 42.22 (3) 

3.4.3. Tree Canopy Cover (TCC) percentage Map 

The NDVI map of Shirvan County is given in Figure 12a. Furthermore, the TCC% map in the 

forest area of is shown in Figure 12b. Results show that the sparse forest covers a wide area of 

Shirvan County, while dense forest covers only 745.23 ha (Table 11). 

 

(a) NDVI map of forest cover. (b) Tree canopy cover map in the forest area. 

Figure 12. NDVI and TCC% maps in the forest area of Shirvan County. 

Table 11. Forest density and tree canopy cover in the forest area of Shirvan County based on the 

predictive regression model. 

Forest Density Class TCC% Area (ha) 

Dense forest >50% 745.23 

Semi-dense forest 25–50% 1834.52 

Sparse forest 5–25% 8044.44 

4. Discussion 

Monitoring the forest cover change and understanding the dynamics of forest cover is 

increasingly important in sustainable development and management of forest ecosystems [20]. The 

Shirvan forests have a unique environmental and cultural value that needs to be preserved for future 

generations [2]. Unfortunately, these forests have been damaged by climate change, drought events 



Remote Sens. 2020, 12, 1912 24 of 32 

 

(especially in oak forests), fire, and human interference in recent years. The proper management of 

the remaining forests of Shirvan County is essential to stop their degradation and to protect the 

Zagros forest ecosystem and this biodiversity hotspot. Due to the lack of land cover and tree canopy 

cover percentage (TCC%) maps in a proper spatial resolution for the study area, the management of 

Shirvan forests is impossible. It was the main challenge in performing this research. Therefore, this 

study was performed for providing the land cover map at 10 m spatial resolution for this area as a 

part of Zagros forests for the first time. During this research, we obtained the land cover and TCC% 

maps for the Shirvan County at 10 m spatial resolution. We assessed the accuracy of the land cover 

maps by Google Earth data. The results showed that the land cover map obtained from the SVM 

algorithm had the best accuracy to manage this area. Besides, by providing the TCC% map at 10 m 

spatial resolution we produced a forest density classification in the mountainous Zagros forests of 

Iran. The total findings demonstrated the capability of SVM and NDVI in combination with 

Sentinel-2, Google Earth, and field data for land cover and TCC% mapping of Zagros forests in Iran. 

The results of this research will be beneficial for Iranian forest managers in FRWOI to have a baseline 

for the management of the land covers, especially forest cover in the Zagros forests. 

4.1. Accuracy Assessment of Google Earth Data 

The first part of this research was the accuracy assessment of Google Earth data as reference 

data. The results of the accuracy assessment of Google Earth data using 300 square field plots 

showed that the Google Earth data, with an overall accuracy of 94.4%, was reliable as reference data 

in this study. The results of many other studies have also proven the horizontal and vertical 

precision of these images as reference data [68–72]. Based on the results of this study, the overall 

accuracy for the ten different land cover types ranged from 83% to 100%. Garden, bare soil, and 

urban area, with overall accuracies of 100%, presented the highest overall accuracy based on field 

data. Bare soil is easily discovered in Google Earth (Figure 8i) because of its homogenous structure. 

Urban areas do not have a homogenous structure, but they are easily identified in Google Earth 

because of systematic format, existing buildings, and color themes (Figure 8j). Garden is a 

human-made land cover in which the systematic cultivation of the trees makes it identifiable in 

Google Earth (Figure 8f). Therefore, these three covers showed the best accuracies in identification 

by Google Earth. The dense forest and irrigated farmland, with overall accuracies of 96%, also 

showed high overall accuracies. Although the dense forest does not have a regular shape, the 

existence of intensive trees makes it easy to identify in Google Earth. The identification of the 

irrigated farmland was also easy because of its systematic format. Dense rangeland, sparse 

rangeland, and dry farming showed the same overall accuracies of 93%. Dense rangeland can be 

identified because of the existence of short shrubs around the forest areas in Google Earth (Figure 

8d). Sparse rangeland can also be identified around the urban areas and especially in the 

forest-farmland interface in Google Earth. Just like the irrigated farmland, identification of the dry 

farmland was also easy because of systematic format. However, it is not covered by crops in all 

seasons of the year, and sometimes it may misdiagnose by sparse rangelands in Google Earth. 

Therefore, the dry farmland showed less accuracy than irrigated farmland in Google Earth. The 

semi-dense forest showed an overall accuracy of 90%. Due to the heterogeneous structure of this 

cover (a combination of tree and rangeland), identification of this cover has probably created some 

errors in Google Earth. Finally, the sparse forest, with an overall accuracy of 83% showed the lowest 

overall accuracy among all land cover types. The reason, in addition to the heterogeneous structure 

of the sparse forest, is its overlapping with dryland farming in Zagros forests; because in Zagros 

forests of Iran, local farmers have started the crop farming in the understory of the sparse forests in 

the recent decades. This cultivation is named “understory cultivation” in the forests, which is a 

dangerous threat to the Zagros forests of Iran. The central policy of FRWOI in recent years focuses 

on decreasing this type of crop farming in the understory of Zagros forests, especially in the sparse 

forest class. 
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The total results show that Google Earth has different accuracies in different forest density 

classes. For example, dense forest (OA: 96%) can be detected more accurately than the semi-dense 

forest (OA: 90%) or sparse forest (OA: 83%). In the dense forest, most of the land area was covered by 

tree crowns and homogenous structures, which will increase the accuracy of detection in Google 

Earth. However, in the sparse forest, a combination of soil-tree or rangeland-tree creates complex 

structures, which mainly will decrease the accuracy in imagery. Previous studies proved that effect 

as well [22]. 

4.2. Land Cover Mapping by Sentinel-2 Data 

The second part of this research was to generate a land cover map with the highest spatial 

resolution available using free data as there was no previous knowledge of land cover distribution in 

the study area. We used the 10 m spatial resolution bands of the Sentinel-2 sensor, and we applied 

different pixel-based supervised classification algorithms. That choice implied that the analysis was 

limited to four bands covering the visible and NIR spectral ranges. These bands, in addition to 

having a good spectral resolution to separate the predictable the land covers, provided the necessary 

spatial resolution (10 m) for mapping all the land covers in the study area. The spectral dimensions 

introduced to the classification algorithms were reduced in comparison with other studies using 

Landsat data [19,20,30,57]. This limitation may affect the performance of some of the classification 

algorithms applied. However, the support vector machine proved superior to the other methods 

since it showed higher accuracies despite that limitation. The separation of different forest density 

classes by four spectral bands was challenging, which we tackled by using the NDVI. 

Sentinel-2 data at 10 m resolution showed a good ability for land cover mapping in the study 

area. In a previous study, Karlson et al. [22] used Landsat-8 image for land cover, and TCC% 

mapping in a woodland landscape in Burkina Faso. Due to some limitations of the Landsat-8 image 

in their study, they recommended Sentinel-2 data for land cover, and TCC% mapping in future 

studies. In the current study, we used Sentinel-2 data, and we believe that this data can create a more 

accurate land cover map than Landsat-8, at least in terms of superior spatial resolution. 

4.3. Accuracy Assessment of Land Cover Maps by Google Earth Data 

The SVM algorithm, with an overall accuracy of 81.33% and a kappa index of 0.76, had the 

highest accuracy in land cover mapping in Shirvan County (Table 4). The results of other studies also 

showed that the SVM algorithm had the highest precision to detect land cover and vegetation cover 

[30,33,36,41,74,75]. This algorithm has high efficiency in image classification, especially in 

heterogeneous areas, because it applies an optimal separation of pixel clusters to minimize 

misclassifications that usually occur in the training phase [41,83]. 

In terms of discrepancies between methods, it is remarkable how neural network algorithms 

showed lower accuracies compared with the support vector machine algorithm. In particular, the 

neural network method’s overestimation of dense forest area, which is 10 times higher than the 

dense forest area estimated by three of the other methods, indicated that the neural network method 

might not be an appropriate classification method for this area. This initial evaluation was confirmed 

in the accuracy assessment analysis, which showed an overall accuracy of less than 50% for the 

neural network method. These results concur with previous studies that obtained a lower accuracy 

with neural network algorithms than with the support vector machine algorithm [94]. The NN 

method is highly influenced by the number of training data, while the support vector machine 

method performs well with a limited number of training data [94]. 

We analyzed the accuracy of the land cover map obtained from the best method (SVM) based 

on the confusion matrix of comparison of land cover plots in SVM-classified map with Google Earth 

plots. We observed how, in most of the classes, the errors are balanced. In general, comparison 

between control plots in classified maps and Google Earth plots (the third part of this research) was 

more challenging than the comparison between reference plots in Google Earth and field plots (the 

first part of this research). The highest accuracy of land covers classified by the SVM algorithm was 
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observed in the dense forest (OA: 100%), urban area (OA: 100%), and sparse rangeland (OA: 96%) 

classes. In contrast, the semi-dense forest (OA: 66%) showed the lowest accuracy among all the land 

covers in the study area. In general, the dense forest was classified as more accurate than semi-dense 

and sparse forests because of its homogenous structure. 

4.4. Tree Canopy Cover Mapping 

The final part of this research was to generate a canopy cover map of Shirvan County using the 

NDVI. For this purpose, the NDVI map was extracted, and field plots in forest areas were used. 

Results of the NDVI values for each TCC% showed that the NDVI (Mean ± Sd) is 0.181 ± 0.028 in the 

sparse forest, 0.245 ± 0.012 in semi-dense forest, and 0.334 ± 0.037 in the dense forest. Additionally, 

the tree canopy cover percentage ranged from 5 to 25% for the sparse forest, 30–50% for the 

semi-dense forest, and 55–95% for the dense forest, all of which are within the standard ranges of 

tree canopy covers based on FRWOI [92]. 

Furthermore, results showed a high correlation between the canopy cover percentage (forest 

density) and the NDVI values in the forest area of Shirvan County. The results of many studies have 

also proven that the NDVI has a very good correlation with the tree canopy cover and forest density 

[22,23,42–45,46,48,50,51], which is in agreement with the results of this study. 

The results of the linear regression between the canopy cover percentage (forest density) and 

the NDVI values showed that the predictive model for the TCC% based on the NDVI (TCC% = 

340.717 NDVI - 42.22) with r2 = 0.864 was a reliable model to predict the tree canopy cover 

percentage in the western Zagros forests of Iran. Soares et al. [45] obtained a different predictive 

model in forests in southeast Portugal (TCC% = 176.34 NDVI - 41.36), and Mohamed [23] also 

achieved another model (TCC% = 155.48 NDVI - 18.512) with r2 = 81 in semi-arid forests of Sahel. 

Therefore, the predictive TCC% model based on the NDVI would be completely different in 

different forests around the world. One reason can be the existence of different types of forests in 

different areas around the world. In addition, NDVI is dependent on forest health, tree biomass, the 

density of foliage, chlorophyll content, water stress, etc. [95]. In the study area, the forests are 

covered by Quercus brantii which is an endemic tree species in the Zagros forests of Iran. Our results 

show that NDVI values in the forests of the study area are less than NDVI in other forests around the 

world [22,23,45]. The main reason for this difference is the drought event which occurred in Quercus 

brantii trees in the Zagros forests of Iran in recent years. This phenomenon is accentuated in Zagros 

forests, especially in Ilam Province [95]. This phenomenon has probably affected the NDVI values in 

the Zagros forests in recent years. The forest health decreased due to increased water stress, which 

has directly influenced the NDVI values even in the dense forest. We believe that NDVI was higher 

in Zagros forests in the past years. Our results demonstrate that the coefficient of NDVI in our 

predictive model (340.717) is higher than the reported coefficients for other forest areas around the 

world. This model shows that the values of NDVI for dense forests could not be very high, as the 

highest value of NDVI (0.417) was obtained for the TCC% of 95% (very dense forest) based on our 

results (Table 7). On the other hand, the predictive model propends to solve this issue by increasing 

the coefficient of NDVI in the equation of TCC% estimation. That demonstrates that although the 

forest is dense, it is not in complete health conditions. 

Continuing this research in a specific time interval may result in fewer values of NDVI for 

dense forests or other forest density classes. Protective management of these forests may decrease 

the destruction trend in the Zagros forests. The protective management is an environmental policy 

whose main purpose is the protection of the forests, and it has no plan for wood logging or 

sub-product harvesting in the forests. As the Zagros forests are mountainous, protective 

management is essential for conserving them [96]. 

4.5. Challenges and Suggestions 

This research involved many challenges. One of the most important challenges of this study 

was the lack of a previous land cover map in the study area to design the field plots in different land 
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covers in the study area. To overcome this problem, first, we acquired the Sentinel-2 image before 

starting the field sampling. That was the main reason that the date of the Sentinel-2 image was 

before the date of field sampling. By selection of training areas in different land covers on layer 

stacked images of Sentinel-2, we obtained the land cover maps from different supervised algorithms. 

These land covers helped us to design our field samples in different covers. 

Another challenge of this study was taking field plots in the mountainous forests, which was 

very difficult for field data collection, as accessibility to some plots was tough. As the measurement 

of tree canopy diameters in the field is very time-consuming and expensive, the estimation of the 

tree canopy cover percentage based on fieldwork in a wide area of forests would be complicated. In 

this way, we recommend that tree crown diameters would be measured on the high-resolution 

images instead of in the fieldwork in future studies. In this study, only Google Earth data was 

available as high-resolution data. We did not use this database for tree canopy cover estimation (the 

measurement of tree crown diameters) because it was not up to date for all of the square plots (300 

field plots). Although, Mohamed [23] successfully applied it for estimating the tree canopy cover 

percentage in his study performed in semi-arid forests of Sahel. Moreover, Karlson et al. [22] 

recommended Google Earth data as free reference data for future studies about tree canopy cover 

mapping. However, we believe that Google Earth data can be used for estimation of TCC% only 

where the imagery is up to date, as we used the free database of Google Earth data just for accuracy 

assessment of land cover maps where the imagery was up to date (2017). 

Another challenge of tree canopy cover estimation in this study was an extension of our field 

measurements about tree canopy cover to the whole of the study area. To overcome this challenge, 

we selected one of the best vegetation indices with a high correlation to tree canopy cover. For this 

purpose, we chose dry-season NDVI, and our results showed that it is a reliable vegetation index for 

estimating and mapping the canopy cover in the mountainous Zagros forests of Iran. 

Our results showed that NDVI values in the forests of Shirvan County are less than NDVI in 

other forests around the world [22,23,45]. We guess that the main reason for this difference is health 

conditions and drought events in Zagros forests of Iran, which has widely occurred in Quercus 

brantii trees in recent years. For proving this hypothesis, we suggest that the trees with high drought 

stress will be identified in the field, and their exact geographic locations will be recorded in a pilot 

region of Zagros in the feature studies. Then, the correlation between canopy cover of these trees and 

NDVI will be obtained. The findings can be very useful to find out the reason for the low values of 

NDVI in the Zagros forests of Iran. 

Regarding forest density classes, the accuracy of Google Earth (by field data) and the accuracy 

of land covers (by Google Earth) in the dense forests were mainly more than semi-dense forests and 

sparse forests. It is probably because of the homogenous structure of dense forest (covering land by 

trees) rather than semi-dense and sparse forests. In semi-dense and sparse forests, a part of the earth 

has been covered by soil and rangeland, which may create some errors in the identification of these 

classes in Google Earth and satellite images [22]. However, the identification and distribution of 

sparse forests in the whole of Zagros forests are essential for FRWOI managers. The sparse forest 

class represents the most fragile ecosystem in the Zagros forests, as it can easily be converted to 

farmland or urban areas. In recent years, farmland has widely been extended in the study area, 

mainly affecting sparse forests [65]. Unfortunately, under-story cultivation by local farmers has 

quickly happened in the Zagros forest of Iran, especially in the sparse forest-farmland interface. 

Using the SVM method as proposed in this study, the periodic land cover mapping could facilitate 

the consistent monitoring of land cover changes in Shirvan County. Besides, periodic canopy cover 

mapping in Zagros forests using the NDVI provides a proper tool for detecting forest density change 

in the sensitive Zagros forests for optimum management of these valuable mountainous forests.  

5. Conclusions 

This research presented an approach for mapping the land cover and tree canopy cover in 

western Zagros forests of Iran based on Sentinel-2, Google Earth, and field data. The results 
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confirmed the possibility of producing an accurate 10 m resolution land cover and canopy cover 

maps exploiting easily accessible and free satellite data. 

The accuracy assessment of Google Earth data using field data demonstrated that Google Earth 

data was reliable as reference data in this study. Assessing the accuracy of land cover maps using 

field data or other high-resolution data (WorldView, Quick bird, etc.) is very time-consuming or 

expensive. However, Google Earth data is freely available and reliable as reference data and could 

be used in similar studies in the future if the imagery is up to date. 

When evaluating the performance of commonly used classification algorithms to produce a 

land cover map of Shirvan County using Sentinel-2 10 m bands, the SVM algorithm yielded the 

highest accuracy for land cover classification in our study area. The SVM algorithm adapted better to 

the limited input spectral information, the land cover classes, and the within-class variability 

compared to other commonly used methods such as the neural network classifier. Currently, there is 

no official report on the status of the land cover in Shirvan County. Therefore, the land cover map 

generated using the SVM algorithm in this study could be used as a baseline for FRWOI 

decision-makers to monitor land cover changes in the region, whether they be the result of human 

activities or natural events, and to establish a management plan of the preservation of the current 

natural land cover. The analysis of the land cover map obtained based on this algorithm showed that 

human land uses, such as irrigated farmland and dry farmland, cover a larger part of Shirvan 

County than the forested areas. The ancient oak forests of Shirvan County with 5500 years old are 

considered as one of the most important biodiversity hotspots of Iran where endemic and 

endangered species of fauna and flora converge. Therefore, effective environmental management 

and protection of these forests are required to control the pressure of human activities in these areas. 

Therefore, continuous and consistent land cover mapping of the study area using Sentinel-2 data 

will offer the FRWOI decision-makers and policymakers the information they need to protect the 

natural and cultural heritage of Shirvan County. 

The results of this research demonstrated that the NDVI is a standard and reliable index for 

estimating the canopy cover based on some field data. Furthermore, the high reliability of the 

predictive model of the TCC% based on the NDVI means that this index could be very useful, 

especially for forest density mapping in mountainous landscapes like Western Iran, where 

accessibility to the forests is challenging. However, the reliability of this index should be further 

analyzed by collecting more field data for canopy cover estimation in future studies. The 

development of a model for the TCC% based on the NDVI in each province of the Western forests of 

Iran could be vital for the protective management of the whole Zagros forests in Western Iran. 
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