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ABSTRACT

Accurate prediction of environmental events is a result of the combination of climatic and environmental
variables. The Random Forest model was employed in this study to examine the contribution of various climatic
and environmental variables to the phenomenon in question under three scenarios: (1) all variables combined, (2)
climatic variables only, and (3) environmental variables only. Training was conducted using 70% of the data and
testing on 30%. Measures of performance like R-squared, MAE, MSE, RMSE, and MAPE were used to assess
predictive accuracy, whereas the relative contribution of each variable was calculated by employing Gini
importance index.
Results indicate that optimal prediction performance was achieved when all variables were included (R-squared =
0.98, MAE = 0.0271, RMSE = 0.0414), but the performance was lower when climatic variables alone were used
(R-squared = 0.89). Environmental variables alone gave performance which was very close to that of the full-
parameter (R-squared = 0.97) case, reflecting their better role in prediction of the model. Variable importance
analysis revealed the top contributing drivers of the variables as urbanization (NDBI) and vegetation condition
(VCI), then Albedo, PDSI, AOD, and LST. Soil moisture and actual evapotranspiration were climatic drivers with
average contribution, while atmospheric pressure and wind speed contributed the least.
These findings demonstrate that Random Forest models can effectively capture complex interactions in
environmental systems and emphasize the core role of environmental variables, particularly urbanization and
vegetation condition, in predictive modeling. This research provides insights for future environmental monitoring
and management strategies in arid and semi-arid regions.
Keywords: Random Forest, Environmental prediction, Climatic variables, Urbanization (NDBI), Vegetation

Condition Index (VCI).
Copyright © 2025. This is an open-access article distributed under the Creative Commons Attribution License.

INTRODUCTION

The rapid urbanization trend of the past decades has profoundly altered the physical and environmental landscape
of cities around the world [1,2,3]. Horizontal and vertical expansion of urban fabrics, rising housing and public
infrastructure needs, and massive land use conversions have placed great pressure on urban ecosystems and natural
resources [4,5,6,7]. Out of all elements of urban architecture, urban green spaces are an essential element in realizing
environmental sustainability as well as enhancing the well-being of citizens [8,9,10].
Urban greenspaces have impacts not only on the visual appearance and landscape of cities but also provide a number
of ecosystem services, including air pollution mitigation, microclimate management, biodiversity enhancement, and
social and recreational space provision [11,12,13,14,]. Nevertheless, population increase, land use pressures, and
unregulated urban sprawl have degraded per capita open green spaces in most cities, disrupting the connection between
humans and nature [15,16,17]. Lack of green space is likely to degrade air quality, cause ecological imbalance, and
affect social behavior and public health.
One of the most critical environmental issues associated with reduced urban green cover is enhanced urban heat island
(UHI) effect [18,19,20,21]. Substitution of natural surfaces by impermeable urban surfaces increases heat storage and
alters the urban energy balance, leading to higher air and surface temperatures, reduced wind flow, and more arid
urban atmospheres [22,23,24]. Climate change intensifies these impacts further and poses risks to human thermal
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comfort, public health, and energy consumption. For dry and hot climate conditions, these effects are typically worse
due to intense solar irradiation and high temperatures during the day [25,26].

Urban green spaces are governed by the interplay of climatic, environmental, and anthropogenic factors. Climatic
factors such as land surface temperature, rainfall, humidity, and wind systems have a direct influence on vegetation
development and stress, particularly in arid and semi-arid ecosystems where moisture limitations limit plant potential.
Environmental conditions like soil characteristics, topography, and surface albedo govern the spatial pattern and
vegetation cover in cities [27,28,29,30,31,32,33]. Interactions between such factors can either increase or decrease
stress on urban greenspaces; for example, high temperatures and low humidity can increase evapotranspiration and
decrease the healthfulness of plants [34,35]. It is necessary to understand the relative contributions of these climate-
forced and environmental factors in order to plan, manage, and restore urban green infrastructure effectively and
maintain ecosystem services and improve urban microclimates [36].

Urban vegetation cover mapping and monitoring have traditionally relied on field surveys, accurate though they are,
taking time and often not practical for extensive cities. Remote sensing has been a cost-effective alternative, allowing
the extraction of vegetation cover from vegetation indices such as the normalized difference vegetation index (NDVI)
[37,38]. With the incorporation of sophisticated image classification methods, remote sensing enables high-precision
urban green space mapping across large spatial scales [39,40]. In addition, green cover and composition monitoring
for urban areas through landscape metrics—patch size, number of patches, and aggregation index—yield data on green
patch spatial arrangement and connectivity [41,42]. These analyses, in association with environmental driver
information, can guide site-specific urban planning and environmentally sustainable green infrastructure management.
Various research work all over the world has been conducted with an emphasis on the impact of various parameters
on urban greens.[21] conducted massive research work in Puebla, Mexico, to examine the greenness of vegetation and
land surface temperature (LST) in urban greens for long durations. Using Landsat-based vegetation and LST indicators
for 80 urban green spaces during 1986-2019 and 2000-2019, the study indicated that Indian laurel-dominant green
spaces had larger and more stable vegetation index values than mixed-dominant green spaces. Larger-sized green
spaces were considerably cooler, with size explaining nearly 30% of temperature variability. Secondly, greener regions
with greater vegetation index values always possessed lower temperatures, and the association between greenness and
cooling effect became even stronger over time. The findings suggest the critical significance of vegetation type, green
space area, and vegetation density in alleviating urban heat island effects and hold significant implications for urban
planners who desire to construct more robust urban green infrastructure in fast-growing cities. Several research studies
have examined the impact of land surface temperature on urban vegetation, including: [43,44,45].

Other studies have tried targeting the specific subsets of the parameters, such as climatic parameters.[32] carried out
a study on significant Moroccan cities to investigate diurnal surface temperature behavior during the vegetative growth
period and interactions among urban and vegetation surfaces. The study introduced the Urban Thermal Impact Ratio
(UTIR), a new index that is set to quantify the urban thermal comfort from the intensity of the surface urban heat
island (SUHI). Using a land surface model (LSM) from 2010, that integrated high-resolution Landsat and MODIS
data for twelve land cover classes, active winter vegetation was the cause of moderate urban—vegetation temperature
differences in coastal cities like Tangier and Rabat. Urban form dominated in the case of inland locations, where Fes
exhibited a less intense SUHI compared to Meknes but with a higher surface area of impervious surfaces. Urban desert
Dakhla exhibited the typical trend, with nighttime SUHI of 2.1 °C and daytime cooling of —0.7 °C, under the influence
ofirrigated parks and lawns boosting evapotranspiration and shading. The study highlighted vegetation as the governor
of urban surface temperature, evened-out urban—rural thermal gradients, and provided a useful, reproducible indicator
of'urban heat stress. These findings are useful for climate-resilient city planning, effective use of energy, and the design
of public health early warning systems. [46] conducted studies to test the impact of physical indicators of urban green
spaces on the thermal environment of the areas. Temperature data and physical indicators of 36 green spaces in Xi’an
were collected, and correlation analysis was used to explore the relationship between green space characteristics and
internal temperature. The results indicated that to achieve the lowest internal temperature, the area of green space
should be between 0.6—0.7 km?, and the perimeter should range from 4000 to 4500 m. Similarly, for green urban water
bodies, the size should be between 0.3—0.4 km? and the perimeter about 5000 m so that internal temperature is reduced.
Urban planners and policymakers can directly apply these metrics to improve urban thermal comfort.

Given these results, and due to the limited studies which simultaneously emphasize climatic and environmental
conditions, the principal objective of this study is to detect and measure the most efficient factors leading to Arbil
city's urban green areas. Drawing on remote sensing data as well as advanced machine learning techniques, the
research explores both environmental and climatic variables to determine what has the greatest impact on urban green
spaces' size, distribution, and health. Outputs are expected to provide evidence-based basis for sustainable urban
design and green infrastructure management.
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Study area

Erbil, the capital of the Kurdistan Region of Iraq, is one of the world's oldest continuously occupied cities, situated
around 36.19°N latitude and 44.01°E longitude, with an approximate area of 2,200 km? (Figure. 1). The city has a
semi-arid climate with hot dry summers and cool wet winters, and most of its mean annual rainfall of 400-500 mm is
received from November to April, while the summer temperatures exceed 40°C, resulting in widespread urban heat
stress. The city has a flat topography with some low hills surrounding it, which influence the wind regime and the
urban microclimate. High urbanization in the recent decades, triggered by an increasing population, increased
development activities, and land use alteration, has put strong pressure on natural and green areas. Arbil is richly
provided with various parks, gardens, and urban green areas and thus is an appropriate case study in investigations of
interlinks between urban green spaces, environmental characteristics, and climatic conditions. Selecting Arbil as the
site for study makes it possible to examine the dynamics of urban parks in an intensively urbanizing semi-arid city,
which is the typical condition for most Middle Eastern cities sharing the same climatic and environmental concerns.
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Figure. 1: Study area: Arbil city, Iraq

Material And Methods
Research methodology involves the following major steps:

1- Downloading climatic and environmental data from remote sensing images.

2- Preparing the data for input into machine learning, including tests for multicollinearity, variance inflation,

and normalization.

3- Running machine learning models.

4- Identifying the most influential factors affecting urban green spaces.
The overall methodology is illustrated in Figure 2, and the detailed explanation of each step is provided in the
following subsections.

Remote Sensing Data

=) =3

Data

Extraction of Climatic and Environmental
Parameters

Data Standardization

! I

VIF-hased multicollinearity analysis

_____ .

Random Forest modeling under three scenarios

|

Determination of variable importance (Gini
Tndex)

Random Fa

\. Y

Figure 2. Workflow of the present study

In the present study, several climatic and environmental parameters were utilized to examine their trends and
determine their impact on urban green spaces. For getting comprehensive and high-resolution data, three datasets were
utilized: MODIS, providing high-resolution information on land surface characteristics and vegetation processes;
TerraClimate, providing high-resolution monthly climate and climatic water balance data; and CHIRPS, providing
reliable estimates of precipitation over spatially variable domains. The merging of these datasets provided a sound
determination of temporal and spatial changes in environmental conditions and thus allowed a comprehensive
examination of their influence on the distribution, status, and dynamics of urban greenspaces. Data processing was all
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performed in the Google Earth Engine (GEE) environment, utilizing its cloud-based geospatial computational power
[47]. The data were preprocessed to achieve monthly time series data from 2000 to 2025 in support of continuous
temporal monitoring and assessment of environmental and climatic parameters. GEE's high-performance computing
platform facilitates efficient manipulation of remotely sensed large-scale data, thus enabling rapid analysis, spatial
summation, and retrieval of relevant parameters for large urban regions.

Here, the urban green cover was assessed using the Normalized Difference Vegetation Index (NDVI) obtained from
MODIS imagery. Climatic indicators employed are land surface temperature, precipitation, wind speed, potential
evapotranspiration, actual evapotranspiration, soil moisture, atmospheric vapor pressure, and total incoming surface
energy. Environmental indicators are Normalized Difference Built-up Index (NDBI), Vegetation Condition Index
(VCI), Palmer Drought Severity Index (PDSI), land surface albedo, and aerosol optical depth. The specifications of
the individual products and datasets used in detail are presented in Table 1.

Table 1. Environmental and Climate variables used in the current study.

Variable Sensor Units
NDVI MOD13Ql -
LST MODI11A2 Kelvin
Albedo MCD43A3 -
NDBI MODO09A1 -
Precipitation (PreC) CHIRPS mm
VCI MODI13A2 -
Aerosol Optical Depth (AOD) MCD19A2 -—--
Actual evapotranspiration (aet) TERRACLIMATE mm
Reference evapotranspiration (pet) TERRACLIMATE mm
Wind Speed (WS) TERRACLIMATE m/s
Vapor Pressure (VP) TERRACLIMATE kPa
Downward surface shortwave radiation (srad) TERRACLIMATE W/m"2
Soil moisture (SM) TERRACLIMATE mm
PDSI TERRACLIMATE -

Methodology
Data standardization

Standardization is a significant preprocessing phase, particularly in the case of high-dimensional data, and a
requirement prior to collinearity analysis and model construction. By eliminating the impact of different scales of
various variables, this method enhances the performance and accuracy of machine learning models [48,49]. All the

variables in the present study were standardized using Equation (1) as follows:
Xi_
z,=-F (Eq.1)

In the formula above, Z; is the standard score for data X, p is the mean and o is the standard deviation of the data. By
doing this, the Z;'s will have a mean of 0 and a variance of 1.

Multicollinearity Analysis

Collinearity arises when a multiple regression model independent variable has a linear relationship with one or
more other independent variables, thereby making it, in effect, a linear combination of them. Similarly,
multicollinearity arises if many explanatory variables are linearly related and can be expressed as linear combinations
of one another. The presence of multicollinearity or collinearity in a regression equation undermines the validity of
the estimated coefficients because the effect of every variable on the dependent variable becomes enmeshed with the
effect of other variables. This results in inflated variances for coefficient estimates and can even generate biased
forecasts. Thus, even minimal changes to the input data can initiate extreme oscillations in the regression coefficients
[50,51]. The Variance Inflation Factor (VIF) is often used to quantify the level of such inflation in coefficients' variance
and is calculated as demonstrated in Equation (2), providing a diagnostic statistic for detecting collinearity in
regression models.

1 1
VIF = o= m (Eq.2)
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In this context, Ri? represents the unadjusted coefficient of determination obtained when the independent variable is
regressed on all other independent variables. The tolerance coefficient (TC) is defined as the reciprocal of the VIF. A
low TC value (TC < 0.2) signals a strong correlation among the independent variables, whereas TC values above 0.2
suggest minimal multicollinearity effects. To mitigate multicollinearity, one common strategy is to remove variables
that are highly correlated with others—a procedure adopted in this study.

Random Forest (RF)

The Random Forest algorithm is one of the most used embedded machine learning methods for variable importance
and feature selection. The accuracy of this method greatly depends on the number of trees constructed [52,53]. Feature
importance is derived using the Gini Index (or Shannon Entropy), which provides an effective measure for the
selection of predictors contributing the most. At every node z, in this process, a subset of the variables is randomly
selected as splitting candidate variables. For each splitting candidate variable, heterogeneity reduction is calculated.
When a variable splits a node, the heterogeneity index indicates by how much the split alters the Gini Index. Upon
each split of a variable, the corresponding heterogeneity reduction is saved. These values are then summed over all
nodes and scaled by the number of trees in the forest to determine the global Gini index, as illustrated in Equation (3)
[54,55]. This method facilitates stable detection and ordering of the most influential features at the topmost level in
the model.

1
Gini index = EZ[d(x, z) - 1(x,2)] (Eq.3)

zZ
Here, 1(h,z) is a function that equals 1 if variable x-th variable is used for splitting at the node z, and equals 0 if it is
not used.

Results

In Figure 3, overall temporal trends of 14 parameters are presented, with Normalized Difference Vegetation Index
(NDVI) as the explained variable and 13 environmental and climatic variables as explaining variables. The figure
presents an overall view of the dynamics and relationships between the green cover of urban areas and its potential
driving forces over time. Before passing the data to Random Forest machine learning algorithm, the normalization has
to be carried out. Then, Variance Inflation Factor (VIF) is acquired, and independent variables with lowest
multicollinearity are retained in the model only. The calculation of VIF is done iteratively: the variable with the highest
VIF is eliminated in each iteration, and this continues until all variables remaining have a VIF of less than 10. Table
2 shows the Variance Inflation Factor (VIF) analysis, which was conducted to check for the degree of multicollinearity
between predictor variables. A three-step systematic process was employed to identify and remove highly collinear
variables. For step one, PET was identified to have the highest VIF value and therefore exhibited high multicollinearity
and therefore it was removed from the data. For step two, the SRAD and LST were compared, and it was identified
that SRAD had a higher VIF value and therefore removed and the model re-run. Following these iterative processes,
all the remaining variables had VIF values less than 10, indicating that multicollinearity was successfully addressed.
These findings affirm that the chosen variables are suitable for application in the Random Forest model, yielding
consistent estimation of variable importance and stable model performance.
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Figure 3: Temporal variations of the dependent and independent environmental and climatic variables.

Table 2 — Stepwise Calculation and Presentation of Variance Inflation Factor (VIF)

Step-1 Step-2 Step-2
VIF VIF VIF
LST 59.59 LST 45.59 LST 6.5
Albedo 5.27 Albedo 4.75 Albedo 4.06
NDBI 4.9 NDBI 4.84 NDBI 4.77
PreC 5.09 PreC 4.87 PreC 443
VCI 2.99 VCI 2.85 VCI 2.78
AOD 1.8 AOD 1.66 AOD 1.57
AET 5.79 aet 4.56 aet 4.35
PET 75.09 WS 5.32 WS 4.56
WS 6.4 VP 4.59 VP 4.42
VP 4.77 srad 30.8 SM 4.23
srad 44.32 SM 4.39 PDSI 1.27
SM 4.4 PDSI 1.27
PDSI 1.28

Table 3 illustrates the prediction accuracy of the machine learning model for a 70%-30% training and testing dataset
split in three scenarios. In Scenario 1, when climatic as well as environmental factors were considered, the model
achieved the highest degree of predictive accuracy with an R-squared of 0.98, indicating that nearly all the variance
within the provided data was explained. The corresponding error measurements (MAE = 0.0271, MSE = 0.0017,
RMSE = 0.0414, MAPE = 0.2962) were very low, which justified the outstanding predictive capability of the model.
This suggests that the interaction between climatic and environmental variables provides a comprehensive description
of the system, and their interaction tends to enhance model performance.

In Scenario 2, where only climatic parameters were used, the model's predictability decreased as evident in lower R-
squared value of 0.89 and larger error measures (MAE = 0.0453, MSE = 0.0053, RMSE = 0.0728, MAPE = 0.4833).
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The results indicate that climatic variables are not sufficient to capture all the variability in the data set and that
environmental variables must be added to make more accurate predictions.

In Scenario 3 with environmental variables alone, the model had an R-squared of 0.97 with error metrics (MAE =
0.0278, MSE = 0.0017, RMSE = 0.0416, MAPE = 0.3137) similar to those of the full parameter scenario. This again
indicates how the environmental variables alone are highly informative and can nearly equal the predictive accuracy
when using the full variables.

In general, it appears that environmental parameters play a greater role compared to climatic parameters in determining
the model's predictive ability. While climatic variables also make their contributions, their contributions are secondary,
as evidenced by the decisive role of environmental parameters in this instance.

Table 3: Performance metrics obtained from the Random Forest model for three different scenarios

All parameter Climatic parameter Environmental parameter
R2 0.98 0.89 0.97
MAE 0.0271 0.0453 0.0278
MSE 0.0017 0.0053 0.0017
RMSE 0.0414 0.0728 0.0416
MAPE 0.2962 0.4833 0.3137

The results of the Gini importance index for the independent variables across the three scenarios are presented in
Figure 4. In Scenario 1, where both climatic and environmental variables were considered, the NDBI (Normalized
Difference Built-up Index), which reflects urban growth, exhibited the highest influence and importance. Following
NDBI, the drought-related index VCI (Vegetation Condition Index) demonstrated substantial importance. The relative
importance of the remaining variables, in descending order, was as follows: NDBI, VCI, Albedo, PDSI, AOD, SM,
AET, LST, PreC, WS, and VP. Among all variables, atmospheric pressure (VP) exhibited the lowest importance. These
results highlight that urbanization and vegetation condition are the primary drivers in the model, while other
environmental and climatic factors contribute to varying degrees.

All parameter

0.000

Figure 4: Importance coefficients (Gini index) for all environmental and climatic variables
In Scenario 2, considering only climatic variables, the highest influence was observed for by actual evapotranspiration
(AET) in the region. Given the arid and semi-arid climatic conditions of the study area, this result is consistent with
expectations. The relative importance of the climatic parameters, in descending order, was as follows: AET, SM (soil
moisture), PreC (precipitation), VP (vapor pressure), and WS (wind speed), as illustrated in Figure 5.

Climatic parameter

AET SM
125018 0.021257 0.014944

Figure 5: Importance coefficients (Gini index) for climatic variables
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For the next scenario, considering only environmental parameters, the Normalized Difference Built-up Index (NDBI)
exhibited the highest importance coefficient, as shown in Figure 6. Based on the Gini importance values, the relative
importance of the environmental parameters, in descending order, was as follows: NDBI, VCI (Vegetation Condition
Index), Albedo, PDSI (Palmer Drought Severity Index), AOD (Aerosol Optical Depth), and LST (Land Surface
Temperature).

05 Environmental parameter

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

Importance

NDBI VCl Albedo = PDSI AOD LST
Importance 0.931703 0.02578 0.020627 0.00929 0.0068550.005745

Figure 6: Importance coefficients (Gini index) for environmental variables

Conclusions

The present study investigated the predictive power of a Random Forest model under three sets of circumstances,
with climatic and environmental factors separately and in combination. The model showed considerable predictive
potential, particularly with the use of the two sets of variables combined. In this high-parameter scenario, the model
generated the greatest R-squared value (0.98) and smallest error metrics (MAE = 0.0271, MSE = 0.0017, RMSE =
0.0414, MAPE = 0.2962), indicating that the combined information from climatic and environmental indices provides
an extensive representation of the system behind it. These findings accentuate the importance of integrating different
types of variables to increase the strength and reliability of environmental predictive models.
Variable importance analysis using the Gini index revealed urbanization, as represented by the Normalized Difference
Built-up Index (NDBI), to be consistently in the top position for environmental variables [56,57,58,59,60]. The most
significant climatic variable was Vegetation Condition Index (VCI), followed by actual evapotranspiration (AET), soil
moisture (SM), and precipitation (PreC). The dominance of NDBI and VCI stresses the main role of land cover change
and vegetation status in controlling the simulated phenomena, particularly over arid and semi-arid regions where these
factors are very sensitive to climate fluctuation.
Based on climatic parameters only, model performance was decreased (R-squared = 0.89), mirroring the poor
predictive capability of climatic factors alone. Using environmental factors only gave results nearly identical to the
full-parameter case (R-squared = 0.97), suggesting that in regions with strong anthropogenic and environmental
gradients, environmental indicators such as urbanization and surface characteristics will be more controlling than
climate-related variables for individual prediction tasks.
Overall, the study shows how Random Forest models can integrate heterogeneous environmental and climatic data to
achieve superior predictive performance. From the results, it is clear that proper choice of influential variables,
particularly the environmental variables, is key to generating robust model performance. The Gini importance analysis
also provides insightful knowledge on the relative relevance of individual variables, which is valuable in giving
recommendations for possible future monitoring and management strategies for urbanized and ecologically sensitive
regions.
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