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 The aim of this study was to evaluate the relationship between vegetation change obtained by NDVI analysis and climatic comfort factors by using 
an artificial neural network model.

Fethiye, Elmalı, Kaş, Finike, Kemer, Korkuteli, Antalya, Tefenni and Kale climatic station's temperature, humidity and wind data were 
evaluated during this study. Moreover, four Landsat TM satellite images (2006 - 2016) were used as 2 for each year to detect Normalized Difference 
Vegetation Index (NDVI) values. Climatic comfort maps were created by 
ArcMap10.3 software using  Kriging Method. Difference maps for climatic 
comfort and NDVI values of satellite images between 2006 - 2016 were 
created. At the pixel scale, these data were used for teaching artificial 
neural network model by Neural Designer software in randomly selected 
500 points. All NDVI values (-1 - 1) and possible vegetation changes (-1 - 1) 
that could occurs in the study area were entered as input to the trained 
neural network model and the possible values of climate comfort change 
values were determined.

 Most significant 2006 NDVI average and mean values were 
observed at 0.7, 0.6 and 0.5. In the value of NDVI in 2016 forecast, climatic 
comfort values could get higher in an area which can change into a 
mediocre or low vegetation value. The maximum average and mean values 
were 1.0, 0.9 and 0.8. This forecast shows that there could be positive and 
negative major changes between the climatic comfort values that may 
occur. 

 Artificial neural networks are the recent ways for such 
studies and are rapidly developing. Understanding artificial neural 
networks boundaries and advantages will allow for more efficient modeling 
tools. As in every part of life, the use of artificial neural networks is expected 
to  increase day by day in landscape planning and design studies.
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Introduction

Urbanization in the world is increasing due to economic, 
political, technological and socio-political reasons (Ozturk et al., 
1991, 2011; Ozturk and Caliskan, 2019). After industrial 
revolution, especially in the second half of 20th century, 
urbanization increased considerably. While 30% of the world’s 
population lived in urban areas in 1950, in 2018 this ratio 
increased to 55%. According to population projection realized for 
2050, 68% of the world’s population is expected to live in urban 
areas (UN, 2018). Depending on these developments in the 
world, especially in Turkey after 1950, there has been 
tremendous increase in the urban population with migration from 
rural to urban areas. According to Turkish Statistical Institute 
(TUIK) data, 92.3% of the country’s population lives in cities while 
7.7% live in villages.

The cities are complex structures within certain system 
integrity that integrate natural, economic, social and ecological 
environments within a certain period and space (Nurlu et al., 
2008; Zhang et al., 2011; Zou et al., 2012; Kanta and Zechman, 
2014; Zhou et al., 2015; Olgun, 2018). In cities within this complex 
structure, increase in population density together with unplanned 
development due to industrialization cause the change of land 
cover/land use of cities in time and, thus, deterioration of natural 
and ecological structure. This deterioration in the city natural and 
ecological structure has been investigated by many researchers. 
They have examined relationship between the change of land 
cover/land use and local climate change in relation to 
temperature/other climatic parameters, population growth and 
population density relations in the cities (Liu and Deng, 2011; 
Zhang et al., 2013; Shi et al., 2015; Moradi and Gorer, 2017). 
Latest work in this connection shows that rapid urbanization and 
consequently vegetation loss have important effects on local and 
regional climate. In this context, the negative effects of 
urbanization and urban population growth accelerate climate 
change and cause global cycles to deteriorate (Grimm et al., 
2008; Moradi and Gorer, 2017).

In addition, scientific studies have shown that increase in 
urban areas is effective on climate comfort provided by the city 
(Sarvestania et al., 2011; Emadodin et al., 2016; Bagheri and 
Nedae, 2018; Roshan et al., 2018). Evaluation of human comfort 
in the world shows that human life is mostly affected by the 
climate. Therefore, climate has significant effect on the behavior 
and physiological conditions of people. The climatic differences in 
urban areas affect the quality of life together with health, economy 
and recreation (Ghanghermeh et al., 2019). Climatic comfort 
expresses healthy and dynamic weather conditions for human 
mood and, hence, it is clearly related to the human satisfaction 
(Topay, 2013; Cetin, 2015; Cetin, 2016). In this context, people 
should be present in environments that have certain temperature, 
wind, and humidity range to be comfortable in their environment. 
This range is expressed as climate comfort zone (Boz, 2017).

The amount of thermal comfort temperature is calculated 
by activity, clothing levels of occupants, air velocity, air 
temperature and relative humidity. Missenard’s Formula 
(Formula 1) can be used for outdoor thermal comfort temperature 
calculations for summer months. In this formula; the comfort 

 temperature is between 16.8º and 20.8ºTEE for a person dressed 
lightly in the shade and resting. Under 16.8º TEE records 
discomfort by cooling and over 20.8º TEE, uncomfortable heat 
come to the forefront (Alam, 2014; Teodoreanu, 2016).

Formula 1. Formula Missenard

TEE = Thermal comfort value; ts = Air tempature (ºC); f = Relative 
humidity (%); v = Wind speed (m/sec.) (Teodoreanu, 2016).

The climatic condition of a region is directly proportional 
to the vegetation structure (Ali et al., 2017). Any change in the 
vegetation structure directly affects the increase or decrease of 
climatic comfort. Therefore, it is important to determine the 
change in vegetation structure of a region in order to determine 
the change in the climatic comfort over time. In addition to the use 
of different vegetation indices in studies on vegetation analysis, 
the use of Normalized Difference Vegetation Index (NDVI) 
analysis, which is free of topographic and atmospheric effects, is 
quite common (Duran, 2007; Pekkan, 2018). The NDVI analysis; 
as the ratio of infrared and near-infrared bands; provides an 
important source of data in terms of determining and evaluating 
the changes in the vegetation structure of land cover over a time 
scale. The value range of NDVI is -1 to 1. Negative values of NDVI 
(values approaching -1) correspond to water. Values between -
0.5 to -0.2 correspond to urban structures. Values close to zero (-
0.1 to 0.1) generally correspond to barren areas of rock, sand, or 
snow. Low positive values represent shrub and grassland 
(0.2–0.4), while high values (values approaching 1) indicate 
vegetation values such as temperate and tropical rainforests 
(Sentinel Hub, 2019).

The present study aimed to evaluate relationship 
between vegetation change obtained by NDVI analysis and 
climatic comfort factors by using an artificial neural network 
model.

Materials and Methods

The study area Demre – Akçay sub-basin is located in 
2Antalya, Turkey, covering a total area of 6,144,242.8 m . For this 

study the average values of July for years 2006 and 2016 
temperature, humidity and wind speed data from Burdur, Fethiye, 
Elmalı, Kaş, Finike, Kemer, Korkuteli, Antalya and Kale 
meteorological stations were used to create climatic comfort 
maps. These stations are located in and around the study area. 

A. Benliay et al.: Relationship between vegetation change and climatic factors

f
100

TEE = 37 - 37 -  ts

0.68 + 0.00014 f + (                        )
1

0.751.76 + 1.4v

- 0.29 t.s (1 -      )



O
n
l
i
n
e
 
C
o
p
y

¨ Journal of  Environmental Biology, March 2020¨Special issue, 

maps and NDVI values of satellite images between 2006- 2016 
were created with the image difference tool in ArcMap 10,3 
software. 

At pixel scale, these data were used for teaching artificial 
neural network model by Neural Designer software in randomly 
selected 500 points from different maps. Quasi-Newton model is 
used as a training algorithm in an approximation project. All NDVI 
values of the year 2006 (-1 - +1) and possible vegetation changes 
(-1 - +1) that could happen in the study area were entered as input 
to the trained neural network model and the possible values of 
climate comfort change values were determined. As a result, the 
relationship between vegetation and climatic comfort change and 
the advantages and disadvantages of created artificial neural 
network model are discussed.

Results and Discussion

NDVI value calculations changed between -0.608011 and 
0.633307 in the study area. Although distributions were 
heterogeneous, NDVI values decreased in coastal and 
residential areas but the values increased in inner parts of the 
study area which are mainly forests. As against this, the changes 
in thermal comfort maps were more homogeneous and increased 
all through the study area, however, in the inner parts values were 
higher (Fig. 2).

When the change in NDVI values was examined, the areas with 
less or no change in values,which are between -0.2to0.2, 
occupied 71.30% of the study area. These areas were mainly 
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Fig. 1 : Demre-Akçay Sub-Basin and spatial distribution of meteorological stations.

Also LC81780342016206, LC81780352016206 coded Landsat 
TM 8 (2016) and LT0517803520060729, LT0517803420060729 
coded Landsat TM 5 (2006) satellite images were used to detect 
NDVI. Study area and location of meteorological stations are 
given in Fig. 1.

There are different methods used by researchers to 
examine the relationship between climatic comfort and 
vegetation changes. One of these methods is artificial neural 
network model. Artificial neural networks are application of 
artificial intelligence and have been used as an important tool in 
predicting the future; pattern recognition, data interpretation, 
optimization processes, non-linear function approaches for 
estimation of much variable-dependent time series (Sen, 2004; 
Sarıtekin and Sahin, 2016). Current studies in this field prove 
strong pattern classification and estimation capacity of artificial 
neural networks (Zhang, 2004; Aslay, 2013). In this context, the 
artificial neural network model is one of the powerful tools used to 
define the relationship between the change in vegetation and 
climatic comfort conditions on yearly basis.

Kriging Method was used to create average monthly 
temperature, humidity and wind data maps of July 2006 and 2016 
in ArcMap 10.3 software. These maps were used for creating 
climatic comfort maps for each year with the use of Missenard 
Formula. The study area remains within the boundaries of two 
satellite images. The two orthorectified satellite images for the 
same date were merged into one mosaic raster data set for each 
year. Following this, the NDVI values for 2006 and 2016 were 
calculated for the study area. Difference maps for climatic comfort 

A. Benliay et al.: Relationship between vegetation change and climatic factors
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vegetationless areas such as water bodies, sand dunes, rocky 
sites or urban areas. The regions where NDVI values increased 
mostly varied between 0.2 to 0.4. This can be considered as 

expansion of vegetation in the land cover or growth of plant cover 
in the land, and this change had occurred in 21.34% of research 
area over a 10-year period is concentrated in the western and 

A. Benliay et al.: Relationship between vegetation change and climatic factors

Fig. 2 : NDVI and climatic comfort value change maps.

Table 1 : Distribution of change in NDVI and climatic comfort values

2 2Change in NDVI % Area (m ) Change in Climatic Comfort % Area (m )

1 (-0.6) – (-0.4) 0.63 38,607.3 1 0.60 - 0.90 39.39 2,420,163.5
2 (-0.4) – (-0.2) 4.97 305,487.0 2 0.90 - 1.20 8.30 509,690.9
3 (-0.2) – (0.0) 24.96 1,553,589.8 3 1.20 - 1.50 5.46 335,362.0
4 (0.0) – (0.2) 46.34 2,847,462.9 4 1.50 - 1.80 0.52 32,111.1
5 (0.2) – (0.4) 21.34 1,311,138.4 5 1.80 - 2.10 5.24 322,167,8
6 (0.4) – (0.6) 1.74 106,981.1 6 2.10 - 2.40 32.10 1,972,473.6
7 (0.6) – (0.8) 0.02 976.2 7 2.40 - 2.65 8.99 552,273.9
TOTAL 100.0 6,144,242.8 TOTAL 100.00 6,144,242.8

Table 2: Artificial neural network data set structure

1 2 3 4 5 6 7 ... 499 500

NDVI (2006) 0.061 0.197 0.030 0.112 0.031 0.034 0.093 ... 0.224 0.132
Difference in NDVI 0.092 0.019 0.094 0.026 0.103 0.095 0.061 ... 0.001 0.097
Change in Comfort 0.709 0.491 0.576 0.448 0.400 0.606 0.614 ... -0.245 -0.245
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central regions. The biggest decrease in NDVI change was found 
in Kumluca and Adrasan region. The reason for this could be the 
forest fire that took place on 26 June 2016.

Climatic comfort values mainly differ between 0.60 to 0.90 
and 2.10 to 2.40 in the study area. The values of these 

 calculations changed between 0.55º and 2.75º TEE which is 
higher in Elmalı region. Distribution of change in NDVI and 
climatic comfort values are given in Table 1.

Data values for NDVI in the year 2006 for data gathering 
points were considered as the initial situation of the vegetation. In 
addition, change in NDVI and thermal comfort values between the 
years 2006 and 2016 were acquired from different maps. These 
data values have been altered for values between 0 and 1 for 
training the artificial neural network model (Table 2).

Similar to this study, Emmanuel (2003) found that strong 
and statistically significant trends exist in land use changes and 
climatic and bioclimatic changes. The model predicts that there 
could be a change in TEE values between -15.55º and 7.01º. 
While evaluating the forecast, there could be a decrease in TEE 
values, if the change in vegetation values are same or increase in 
the areas classified as high vegetation (1.0 – 0.5) in 2006 NDVI. 
TEE values can decrease in the areas that are classified as rocky 
surfaces or urban areas in 2006, if the classifications are changed 

into high vegetation areas or water bodies. It is predicted that TEE 
values could increase to a smaller extent in most of the regions. It 
is foreseen that the increase in TEE values can be higher in the 
case of transformation of high vegetation areas to urban areas. 
These results are similar toGabor and Jombach's (2009)study. 
They stated that vegetation cover and land surface temperature 
are in strong negative correlation. It is also estimated that TEE 
values could increase in the areas which are classified as water 
bodies, even if they have transformed into areas with vegetation. 
This result is consistent with Wu and Zhang (2019)'s article. They 
have stated that thermal cooling effects decrease as the distance 
from the water bodies increases. Most significant 2006 NDVI 
average and mean values are observed at 0.7, 0.6 and 0.5,which 
can be interpreted as an area of mediocre features, as vegetation 
value is more important and also more sensitive to changes. 
Likewise, the climatic comfort values generally tend to increase in 
the change of high vegetation areas and water bodies. 

In the value of NDVI in 2016 forecast, climatic comfort 
values could get higher in an area which can change into a 
mediocre or low vegetation value. Also the maximum average 
andmean values are as 1.0, 0.9and 0.8.This forecast shows that 
there could be positive and negative major changes between the 
climatic comfort values that may occur. The change in climatic 
comfort model which has been created with an artificial neural 
network model is given in Table 3 and Table 4. 

A. Benliay et al.: Relationship between vegetation change and climatic factors

Table 3: Artificial neural network predictions 

NDVI VALUE OF 2016

1.0 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 0.0

1.0 -2.17 -2.19 0.32 0.28 0.28 0.28 0.29 0.67 0.74 1.39 1.44
0.9 -2.17 -2.17 -2.52 0.28 0.28 0.28 0.29 0.61 0.79 1.38 1.42
0.8 -2.18 -2.17 -2.17 -1.49 0.28 0.28 0.29 0.56 0.82 1.34 1.29
0.7 -15.30 -2.37 -2.17 -2.18 0.36 0.28 0.28 0.51 0.83 1.24 0.71
0.6 -15.55 -15.52 -6.69 -2.16 -2.28 0.29 0.28 0.48 0.82 0.82 -1.73
0.5 -5.46 -9.56 -15.13 -14.22 -1.98 -3.05 0.29 0.45 0.74 -0.87 -0.12
0.4 -6.29 0.86 2.71 -5.85 -9.47 -0.19 0.30 0.43 0.21 -2.07 -1.84
0.3 -2.59 -2.76 -1.55 4.98 4.78 0.41 0.64 0.37 0.50 -2.74 -2.67
0.2 0.72 0.82 1.06 1.61 3.81 5.14 4.96 -0.48 0.56 0.32 0.01
0.1 0.29 0.29 0.30 0.31 0.36 0.55 0.55 1.26 0.74 0.72 -2.11
0.0 0.29 0.29 0.29 0.32 0.49 0.85 0.66 0.41 0.55 0.45 1.63

-0.1 0.29 0.29 0.31 0.44 0.84 0.63 0.39 0.57 0.58 0.54 1.09
-0.2 -0.05 0.27 0.40 0.78 0.58 0.42 0.53 0.68 0.61 0.54 0.54
-0.3 -0.56 0.05 0.33 0.59 0.49 0.49 0.67 0.70 0.63 0.54 0.55
-0.4 -2.68 -0.16 -0.01 0.22 0.45 0.65 0.70 0.71 0.64 0.53 0.55
-0.5 -4.99 -2.55 -1.45 -0.05 0.22 0.70 0.71 0.71 0.66 0.53 0.55
-0.6 -3.56 -3.54 -0.65 -0.15 -0.13 0.66 0.71 0.71 0.67 0.53 0.55
-0.7 -2.65 -2.02 -0.25 -0.78 0.21 0.54 0.71 0.71 0.68 0.53 0.54
-0.8 -1.25 0.55 0.22 -0.22 -0.11 0.05 0.70 0.71 0.69 0.53 0.54
-0.9 1.25 1.01 0.98 1.55 0.98 0.65 0.70 0.70 0.68 0.52 0.54
-1.0 1.98 1.34 2.89 2.35 1.77 1.12 0.68 0.70 0.67 0.51 0.54

Average -2.80 -1.87 -1.08 -0.64 0.10 0.53 0.73 0.58 0.66 0.35 0.19
mean 4.57 3.87 3.70 3.63 2.60 1.30 0.96 0.30 0.14 1.01 1.19

for positive NDVI value of 2016
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Artificial neural networks (ANN) have stepped in at global 
scale and are rapidly developing. As in every part of life, the use of 
artificial neural networks is expected to increase day by day in 
landscape planning and design studies. ANN compute any 
computable function by the appropriate selection of the network 
topology and weights values. This model can learn from 
experience that has been shaped by the interrelation of inputs 
and outputs. The initial NDVI values and change in NDVI data 
used as input, are numerical values between -1 and 1. In other 
words, the model does not know which data are matched in a 
spatial manner in the study. Nevertheless, the data interpreted by 
the model contains significant results in terms of spatial 
characteristics. This study shows that ANN can adapt to unknown 
situations and model complex functions. Also, it is easy to use, 
learns by example, and needs very little user domain-specific 
expertise. The model created has its own practical results and 
each option has its own specific practical consequences. In this 
study, it has been estimated that the increase in the vegetation or 
water structures will cause a decrease in climatic comfort values. 
However, it is assumed that climatic comfort values will increase if 
vegetation decreases. Likewise, the values set forth suggest that 
there will be an increase in climatic comfort values even if land 
use does not change. This situation can be interpreted as a result 
of global warming. This study demonstrates the importance of 
vegetation in the land cover for climatic comfort values. In 
conclusion, understanding ANN boundaries and advantages will 

allow us for more efficient modeling tools. Identifying all possible 
changes in a region and calculating their TEE change values can 
be an important guide for decision makers. It should be 
considered that these results are formed by climate and 
vegetation land cover characteristics of the study area. Therefore, 
it is of great importance to carry out this type of studies for other 
regions and time intervals for a more efficient outcome.
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