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Abstract 

The Ardabil Plain is pivotal in the national agricultural sector and ranks among the leading agricultural and horticultural 

production provinces. The primary objective of this study is to enhance environmental sustainability in this critical and 

vulnerable region, particularly in the face of imminent droughts and climate change. The study examines the impacts of 

climate change on agriculture and tourism in the area. It puts forward suggestions for implementing sustainable practices 

to safeguard the well-being of the local population. The results indicate a 38% reduction in precipitation, especially in the 

autumn season, with a possible alteration in the timing and strength of rainfall. Also, a notable decline in production 

volume, particularly in a specific region of the Ardabil plain, has been observed. The Ardabil Plain currently produces 

284,182 tons of wheat, with 204,980 tons from irrigated crops and 79,202 tons from rain-fed crops. However, the projected 

future scenario indicates a decrease in total wheat production to 209,196 tons, with 160,125 tons from irrigated crops and 

49,071 tons from rain-fed crops. This decline in production is expected to lead to a total net income loss of approximately 

-$75,389,059, with -$45,095,663 attributed to irrigated crops and -$30,293,396 to rain-fed crops. The study findings 

suggest that the availability of water sources in certain regions may prompt a shift in farming land from the north to the 

south of the plain to promote environmental sustainability. This demographic change could have significant financial and 

social implications for the region's growth and prosperity. Moreover, increasing temperatures in the western and northern 

regions pose flood risks and uncomfortable travel conditions, particularly concerning given the reliance on tourism and 

potential unemployment consequences. It becomes imperative to adopt sustainable practices and manage resources 

effectively to ensure the region's resilience and prosperity in the face of environmental challenges. 
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1. Introduction 

Drought, a recurring phenomenon, has significant implications for agriculture, tourism, and other aspects in Iran, 

presenting a challenging reality that can hinder planning and prospects [1]. Climate change and rising temperatures 

contribute to the development of droughts, exacerbating their severity and frequency. Climate change has led to more 

frequent and severe droughts in arid and semi-arid regions, reducing water availability for various purposes. In a study 

conducted by Ozturk et al. as part of the Coordinated Regional Climate Downscaling Experiment, the influence of 

climate change on seasonal variations in precipitation and temperature was examined in a portion of Asia. The findings 

revealed a significant warming trend in surface temperatures in the south-eastern Pacific [2]. 
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Iran is one of the countries that have experienced severe rainfall, floods, droughts, and extreme temperatures in 

recent years due to climate change [3, 4]. Ardabil province, one of the important geopolitical provinces of Iran, which 

plays an important role in the country's agriculture and tourism industries, has faced the problem of drought in recent 

decades [5]. Numerous research studies have been conducted in the Ardabil region, focusing on climate change and 

drought. Yazdani et al. (2021) utilized climate models to predict increasing precipitation in some months, such as March, 

January, and November, while observing a decrease in other months, which can have implications for water resources 

and drought patterns [5]. Similarly, Ghorbani et al. (2021) noted that temperature variations were more pronounced than 

precipitation changes in Ardabil, underlining the significance of rising temperatures in the region [6]. 

The agricultural industry in Ardabil province provides jobs for around a third of its residents [7–9]. Disruptions to 

agriculture caused by climate change can have severe economic consequences, impacting not only local farmers but also 

the country's overall agricultural output and food security. Fatahi et al. (2022) assessed climate suitability for sunflower 

cultivation in Ardabil, highlighting the importance of temperature and water availability for successful cultivation [10]. 

Ghanbari et al. (2021) analyzed climate parameters for corn cultivation and zoning in Ardabil, emphasizing the 

significance of temperature, rainfall, and topography [11]. Deihimfard et al. (2022) projected potential changes in water 

footprint for wheat agro-ecosystems in Iran, suggesting both positive and negative effects on water use efficiency due 

to climate change [12]. Satari & Khalilian (2020) explored the impact of climate change on soybean yield in Ardabil, 

Golestan, and Mazandaran provinces, forecasting increased yields in response to climate change [13]. Tayyebi et al. 

(2023) conducted a study to examine the uncertainties in estimating agricultural water demands over three future 

timeframes in the northern region of Ardabil province. This assessment involved 10 GCM models and 2 AR6 

propagation scenarios. Additionally, they evaluated a total of nine adoption scenarios using the WEAP model, taking 

into account the available options [14]. 

In addition, the tourism industry, particularly water tourism, is another important sector that plays a role in the 

region's economy. Numerous hot springs and majestic snow-capped peaks attract tourists and generate revenue for the 

local community, which is a significant source of income and employment in Ardabil [15]. Research within the field of 

the tourism industry has been conducted in this region. Roshan et al. (2016) conducted a study to assess the impact of 

climate change on the Tourism Climate Index (TCI) in Iran. The research involved the calculation of monthly TCI values 

for 40 cities across Iran for the years spanning from 1961 to 2010. Subsequently, the study examined how the TCI 

changed over this period for each of the cities. The results showed that there were increases in TCI for at least one station 

every month, with some months showing no decreases. Notably, in October, a maximum of 45% of the stations exhibited 

significant changes in TCI, whereas in December, only 10% of stations demonstrated such changes [16]. Sobhani & 

Safarian (2020) used the TCI to evaluate climate comfort for tourism in northwestern Iran, providing insights into the 

seasonal suitability for tourism activities [17]. Amininia et al. (2020) focused on climate comfort in Ardabil province 

for health tourism, emphasizing its significance for attracting tourists [18]. 

The Ardabil Plain, in particular, holds great importance within this economic framework in Ardabil province. As 

both the agricultural and water tourism sectors heavily rely on water resources, extensive research has been conducted 

to address this crucial issue [19–21]. However, the region is also affected by drought-related issues and a general trend 

towards aridification, which poses challenges for agricultural activities [22, 23]. In the Ardabil Plain, previous studies 

have addressed climate change, as will be highlighted in this study. Nourani et al. (2023) examined the enduring effects 

of climate change on groundwater fluctuations within Iran's Ardabil Plain. To achieve this, they introduced a 

groundwater-level modeling approach. This involved utilizing climate change data derived from the outputs of Global 

Climate Models (GCMs) from the sixth report of the Coupled Model Intercomparison Project (CMIP6), as well as future 

scenario information from the Shared Socioeconomic Pathway 5-8.5. These climate change variables were integrated 

into machine learning models for analysis [24]. Nouri-Khajebelagh et al. (2022) conducted a study in Ardabil Plain, 

Iran, with the objective of assessing the overall value of water resources. They conducted separate valuations for 

agricultural water and drinking water. For agriculture, they used the production function method to evaluate major crops. 

Additionally, the study explored the willingness of individuals to pay extra for municipal drinking water. Ultimately, 

the findings from both the assessment of irrigation water and drinking water were integrated to determine the 

comprehensive value of water in the region [25]. 

There are numerous tools available for conducting research in the field of climate change, and one of these tools is 

Artificial Neural Networks (ANN). The application of ANN in climate change and water resource management has 

proven to be valuable in addressing complex challenges and improving decision-making processes. ANN models have 

been widely used to analyze and predict water-related phenomena, such as stream flow, groundwater levels, rainfall 

patterns, and water quality [26–28]. By training ANN models with historical data, they can learn and recognize patterns, 

relationships, and nonlinear dependencies within the data [29–31]. By analyzing real-time data inputs, including rainfall, 

river flow, and water levels, ANNs can help in predicting extreme events and issuing timely warnings, enabling proactive 

measures to mitigate potential damages, and utilizing Geographic Information Systems (GIS) to enhance water resource 

monitoring and mapping [32]. This integration allows for the efficient analysis of large-scale data sets, providing 

spatially distributed information on water availability, land use changes, and hydrological processes [33–35]. 
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The Standardized Precipitation Index (SPI) is a useful tool for monitoring drought conditions and implementing 

early warning systems. It is calculated by standardizing observed precipitation data using long-term averages and 

standard deviations [36–38]. It has been widely adopted as a drought index due to its robustness, versatility, and ability 

to capture both short-term and long-term droughts [39, 40]. The SPI has been integrated into drought monitoring systems 

at local, regional, and global scales to provide timely information for decision-making and water resource management. 

In agricultural and water resource management, the SPI is valuable for tasks such as irrigation scheduling, crop yield 

forecasting, and water allocation decisions [41, 42]. Lotfirad et al. (2022) applied models like SPI and SPEI to predict 

drought patterns in different climates in Iran, providing valuable insights into future water scarcity [43]. By incorporating 

SPI-based drought information into decision support systems, stakeholders can optimize water resource management 

strategies and minimize the negative impacts of drought on agriculture and ecosystems [44–47]. 

In the context of past research, which has largely overlooked the concurrent impacts of climate change on both 

agriculture and the tourism industry in the Ardabil Plain, this study assumes a pioneering role. Recognizing the critical 

significance of wheat production in this region, particularly from the perspective of local officials, the research focuses 

on wheat as a vital agricultural product. By employing advanced tools, including an ANN model and the SPI, in 

conjunction with climate scenarios for Iran's northwest between 2040 and 2050, the aim is to bridge the existing 

knowledge gap. There is currently no existing research that conducts a simultaneous evaluation of the consequences of 

climate change on water resources, agriculture, and tourism in this area. Furthermore, there is a lack of studies that 

examine how climate patterns have evolved over time and space and their influence on the livelihoods of the local 

population. The primary objective remains twofold: first, to comprehensively assess the multifaceted impacts of climate 

change on both agriculture and tourism, and second, to propose sustainable practices and strategies that address these 

challenges. This research endeavors to offer a holistic perspective on the region's vulnerabilities and opportunities, 

aiding local stakeholders and policymakers in making informed decisions to enhance environmental sustainability. 

Ultimately, the study seeks to ensure the well-being and resilience of the Ardabil Plain's communities in the face of 

impending climate-related challenges, laying the foundation for a more sustainable and prosperous future. 

2. Materials and Methods 

2.1. Study Area 

This study focuses on the Ardabil Plain in a semi-arid northern Iran region. Geographically, Ardabil province 

occupies a strategic position for the export of agricultural products, thanks to its shared border with the Republic of 

Azerbaijan (Figure 1). The Sarein station records the highest annual rainfall in the plain, measuring 370 mm, while the 

Namin station shows the lowest, with 220.8 mm and a relative humidity of 63.12%. Agriculture and the tourism industry 

form the primary economic sectors in this basin, which is home to approximately 500,000 people [48–50]. 

 

 

Figure 1. (Right) The agricultural viability of Iran's land, as determined by soil and topographic factors (Mesgaran et al. [51]); 

and (left) Ardabil Plain  

Ardabil province boasts excellent potential for the development of water tourism, thanks to its abundance of hot 

springs, waterfalls, natural lakes, and constructed dams. With over 110 mineral springs, including 75 thermal springs 

and 35 cold springs, the region offers a diverse range of aquatic experiences. Over the past two to three decades, the 

establishment of hydrotherapy complexes and the development of hotels and accommodation centers have significantly 

contributed to the growth of water tourism, particularly in the city of Sarein. In addition to hot springs and waterfalls, 

natural lakes such as Neor and Shorabil near Ardabil attract a multitude of tourists from all over the country each year. 

Shorabil Lake, which has become integrated into the urban fabric of Ardabil in recent years, sees many local residents 

and visitors flocking to its shores. The lake's surroundings have been enhanced with shopping and accommodation 
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facilities to cater to the needs of visitors. Mount Sabalan, located in the western part of Ardabil Plain, stands as another 

prominent tourist attraction. The mountain remains snow-capped for most of the year, making it an ideal destination for 

snow sports enthusiasts. Ardabil's unique natural features and the development of tourism infrastructure have 

transformed the province into an appealing destination for water tourism, attracting both domestic and international 

visitors [48, 52]. To facilitate a more in-depth analysis of the study area, we will partition this plain into three sections. 

Subsequently, we will assess the economic aspects of agriculture and tourism in these divided regions (Figure 2). 

 

Figure 2. The Ardabil plain map 

Ardabil Plain possesses significant capacity to produce various agricultural products. The province holds impressive 

rankings in several agricultural items, including first in lentil production, second in potato production, third in honey, 

fifth in sugar beet, and seventh in beans, wheat, and barley. The province has a total of 780,000 hectares of registered 

agricultural lands, comprising 515,000 hectares of rain-fed lands, 225,000 hectares of non-rain-fed lands, and 40,000 

hectares dedicated to horticultural crops. These lands yield approximately 4,500,000 tons of diverse agricultural products 

[48, 49]. Despite owning slightly over one percent of the country's agricultural land, Ardabil province stands as a pivotal 

hub for agricultural production in the country. Figure 1 shows the agricultural viability of Iran's land as determined by 

soil and topographic factors and the location of Ardabil Plain. It contributes more than four percent of the nation's 

agricultural output within this comparatively smaller area. Currently, the agricultural sector in Ardabil employs 30 

percent of the province's workforce, marking the highest employment share among development groups. Table 1 

displays the farming areas in this study, measured in hectares. Table 2 provides data regarding the Average Income, 

Cost, Water Consumption, and Yield per cultivated area for wheat in Ardabil Plain, where wheat comprises over 50 

percent of the agricultural activities [53]. Ardabil province's remarkable agricultural performance and advantageous 

geographical location demonstrate its potential and significance in the agricultural landscape [49]. The province's rich 

natural resources, combined with the expertise of its farmers, play a vital role in sustaining its agricultural success and 

contributing to the overall agricultural productivity of the country [51]. 

Table 1. The Farming Areas in Ardabil province and this Study (hectare) 

Attributes 
Irrigated Farming Land Rain-fed Farming Land Total Farming Land 

Crop Garden Crop Garden Irrigated Rain-fed Total 

Ardabil Province 185,652 30,780 485,218 370 216,432 485,588 702,020 

Ardabil Plain 83,156 3,492 148,430 39 86,648 148,469 235,117 

Region 1 58,209 2,444 103,901 27 60,654 103,928 164,582 

Region 2 24,947 1,048 44,529 12 25,994 44,541 70,535 

Table 2. Average income, cost, and water consumption and yield per cultivated area for wheat per hectare of agriculture in 

Ardabil Plain [53] 

Attribute Income ($) Cost ($) 
Water consumption 

(m3) 

Production/Area 

(Total) 

Production/Area 

(Irrigated) 

Production/Area 

(Rain-fed) 

Amount 1715.23 709.85 4604/56 1.53 4.25 0.92 
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2.2. Data 

Temperature and rainfall data were collected from seven synoptic stations within the Ardabil Plain. The observed 

climatic data for the period from 2010 to 2020 were obtained from these seven key synoptic stations in the province. 

Figure 3 presents the average monthly temperature across all research sites. It is important to note that variations in data 

from different stations can lead to systematic errors in rain gauge measurements due to factors such as wind, humidity, 

and evaporation from the gauge's instruments [54, 55]. Despite efforts to establish an extensive network of measurement 

stations, there will always be areas with no available temperature data [56]. 

 

Figure 3. Monthly Temperature and days of precipitation in the Ardabil plain 

To estimate future temperature and precipitation patterns, the data from CMIP5 provided by the official website of 

the Intergovernmental Panel on Climate Change (IPCC) were utilized. This data resource offers raw data from models 

for past and future climate scenarios at various time periods and conditions. However, one significant drawback of using 

GCM output is its low resolution, which limits its suitability for regional studies. Consequently, several research 

institutes have made downscaled versions of GCM output available, providing data on smaller grids to facilitate global 

access for academic research. In this study, the output from CMIP5 with a grid size of 0.5º×0.5º was used to assess the 

near-future period of 2040-2050 [57]. 

3. Research Methods 

3.1. Framework Research 

The data employed in this study comprises a comprehensive set of hydrology and agriculture data, enabling a 

multifaceted examination of the Ardabil Plain's environmental dynamics. To project the potential effects of climate 

change, the research leverages Climate Change Scenarios, specifically the RCP 8.5 scenario, which provides future 

climate data crucial for predictive analyses. The simulation aspect of the research integrates advanced tools, such as the 

ANN, facilitating runoff simulations to model changing hydrological patterns. Additionally, the study utilizes the SPI 

to pinpoint drought periods, offering a critical insight into the region's susceptibility to water scarcity. The core analysis 

delves into the Climate Change Impact on Agriculture and Tourism, with a particular emphasis on wheat, a pivotal crop 

for the Ardabil Plain. Meanwhile, the tourism analysis meticulously assesses climatic conditions pertaining to various 

trip seasons, offering invaluable insights for the tourism industry. Through this multifaceted approach, the study aims 

to comprehensively evaluate and address the challenges posed by climate change in the Ardabil Plain, ensuring the well-

being of its local population and promoting environmental sustainability. The research process flowchart is illustrated 

in Figure 4. 
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Figure 4. The research process flowchart 

In this research, the ANN method was used as a spatial interpolation tool to estimate temperature and precipitation 

data inflow simulation in Ardabil plain [58-60]. ANN, or Artificial Neural Network, has found applications in hydrology 

for estimating and predicting hydrological parameters [61-63]. In this study, a specific architecture called Multi-Layer 

Perceptron (MLP) is used. The MLP consists of interconnected units, also known as perceptrons or neurons, organized 

in layers including an input layer, an output layer, and potentially one or more hidden layers. The input vector is 

propagated forward through the network, and the hidden layers employ a nonlinear activation function to linearly 

combine and transform the input signals. The subsequent layers then utilize the output from the hidden layer as their 

input. The synaptic weights, which are associated with the connections between neurons and their input channels, 

represent the linear combinations. It's important to note that an MLP lacks feedback connections, meaning that each 

layer's neurons are only connected to those in the layer directly preceding it. If the input vector has a dimension of P and 

the output vector has a dimension of Q, the nonlinear mathematical relationship used to convert the input into the k-th 

component of the output vector is as follows: 

outk =  fout(∑ λkj←fhid
M
j=1 (∑ wjiini + bj0) + bk0)

p
i=1   (1) 

where wji is the link weights between unit 𝑖 of the input layer in and unit 𝑗 of the hidden layer, λkj is the link weights 

between unit j of the hidden layer and unit k of the output layer, bk0 and bj0 are the bias parameters, M is the number of 

output hidden units, P is the number of input hidden units, ini is the input value from the i-th input neuron, outk is the k-

th output unit, and fout and fhid are the activation functions in Equation 1 [64]. 

3.2. The Standardized Precipitation Index (SPI) 

The SPI is widely recognized as a crucial tool for monitoring drought conditions. It stands out among other indicators 

by considering the element of time. In fact, it can be considered the sole indicator that considers time scales when 

monitoring dry periods. Determining the appropriate time scale relies on understanding the hydrological impact of 

drought on various agricultural resources. The time scale can range from one month to several years [65]. 

To calculate the SPI index, only rainfall data is utilized, focusing solely on the climatic aspect. The monthly rainfall 

measurements for each station are calculated within the specified time scale. For example, when determining the 3-

month scale, the sum of rainfall in April, May, and June is considered as the precipitation index for June. Similarly, the 

total rainfall in May, June, and July represents the index for the last month in that range. Essentially, for a 3-month scale, 

the rainfall index for each month is the sum of rainfall in that month and the two preceding months. The cumulative 

rainfall period is calculated in a similar manner for each month based on the chosen time scale [65]. 



Civil Engineering Journal         Vol. 9, No. 11, November, 2023 

2636 

 

In the specific study at hand, a 12-month time scale was chosen to examine the effects of drought on agricultural and 

soil moisture. Once the monthly rainfall values for each station are calculated within the desired time scale, they are 

fitted into a gamma distribution. Ultimately, this distribution is transformed into a normal distribution using the gamma 

distribution function and its associated probability density function (PDF). 

𝑔(𝑥) =
𝑥𝛼−1𝑒

2
−𝑥
𝛽

𝛽𝛼𝛤(𝛼)
  (2) 

where, the function 𝑔(𝑥) represents the probability density function. The variable 𝑥 signifies the cumulative rainfall 

for each time scale and every month of the year at each meteorological station. The symbol 𝛤 denotes the gamma 

function, while 𝛼 and 𝛽  represent the shape and scale parameters, respectively. The symbol 𝑒 in the mathematical 

expression represents Euler's number. The calculations for Equations 3 and 4 involve these elements [65]. 

𝛼 =
1

4𝐴
(1 + √1 +

4𝐴

3
)  (3) 

𝛽 =
�̅�

𝛼
  (4) 

The value of A is derived from Equation 5. 

𝐴 = ln (𝑋)̅̅ ̅- 
∑ ln (𝑥)

𝑛
 (5) 

Regarding this matter, the variable �̅� represents the mean of cumulative rainfall calculated across all comparable 

instances in each station and at any given time scale. Additionally, 𝑥 signifies the cumulative rainfall for each time scale 

in each month. Meanwhile, n represents the count of opposing rainfall occurrences during the same month within the 

rainy season on any given time scale. As a result, the calculated SPIs for each month within the statistical period are 

denoted as Z, and they are subsequently normalized [65-67]. Once the index is computed, the drought intensity in the 

SPI index is determined based on the values presented in Table 3. 

Table 3. The categorization of the SPI index to determine the severity of drought and intensity of wetness (McKee et al. [68]) 

Categories of drought Values of the SPI indicator 

Extremely heavy rainfall 2 ≥ 

Intense rainfall 1.5–1.99 

Moderate rainfall 0.99–1.39 

Light rainfall 0.5–0.99 

Normal conditions − 0.39 to 0.39 

Mild drought −0.99 to − 0.5 

Moderate drought − 1.39 to − 1.00 

Severe drought − 1.99 to − 1.50 

Extremely severe drought ≤− 2 

3.3. Future Projection and Downscaling 

Several studies have highlighted the limitations of GCMs due to their coarse resolution and systematic biases [69, 

70]. These models struggle to accurately capture regional climate dynamics due to their low resolution, and the biases 

can become more pronounced when simulating climate change under global warming conditions. To address these 

issues, bias adjustment is necessary for each model  [70] . Downscaling is a technique used to interpolate GCM results 

to meet local-scale requirements and reduce biases [71] . In this study, the bias-correction change factor approach was 

employed to scale down the 0.5x0.5 gridded GCMs to the size of weather stations, ensuring higher resolution and 

preserving the seasonal variability of the observed data [72, 73]. Equations 7 and 8, as proposed by Yang et al., were 

applied to verify the consistency between the downscaled data mean and the observed data mean using the change factor 

approach. These equations were used to downscale recorded precipitation and temperature for the projected period of 

2040-2050, with the historical reference period being 2010-2020 [70]. 

𝑃𝑑𝑜𝑤𝑛𝑠𝑐𝑎𝑙𝑖𝑛𝑔 (𝑚) = 𝑃𝑂𝑚 
̅̅ ̅̅ ̅̅  × (

𝑃𝑓̅̅ ̅̅

𝑃𝑝̅̅̅̅
)

𝑚

                            m = 1, 2, …, 12 (7) 

𝑇𝑑𝑜𝑤𝑛𝑠𝑐𝑎𝑙𝑖𝑛𝑔 (𝑚) = 𝑇𝑂𝑚 
̅̅ ̅̅ ̅̅ – (𝑇𝑓𝑢𝑡

̅̅ ̅̅ ̅ − 𝑇ℎ𝑖𝑠
̅̅ ̅̅ ̅)𝑚                m = 1, 2, …, 12 (8) 

where, P downscaling (m) is the projected and downscaled precipitation for a specific month 'm'. It represents the estimated 

amount of rainfall for that month in the future. 𝑃𝑂𝑚 
̅̅ ̅̅ ̅̅ is the observed (historical) precipitation for the same month 'm'. It's 
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the recorded amount of rainfall in the past for that month. 𝑃�̅� is a factor representing future precipitation. It's typically 

derived from climate models and represents the expected changes in precipitation patterns due to climate change. 𝑃�̅� is 

a factor representing past (historical) precipitation. It's used as a reference and is typically calculated as the long-term 

average of observed precipitation for each month. T downscaling (m) is the projected and downscaled temperature for a 

specific month 'm'. It represents the estimated temperature for that month in the future. 𝑇𝑂𝑚 
̅̅ ̅̅ ̅̅  is the observed (historical) 

temperature for the same month 'm'. It's the recorded temperature in the past for that month. 𝑇𝑓𝑢𝑡
̅̅ ̅̅ ̅ is a factor representing 

the future temperature. Like P_f, it's derived from climate models and represents the expected changes in temperature 

due to climate change. 𝑇ℎ𝑖𝑠
̅̅ ̅̅ ̅ is a factor representing historical temperature. It's typically calculated as the long-term 

average of observed temperatures for each month [57, 70]. 

4. Results 

4.1. Simulation of Hydrological Parameters 

For validation of ANN applied various statistical parameters including Mean Error (ME), Normalized Root Mean 

Square Error (NRMSE), and Coefficient of Determination (R2). These parameters were calculated to analyze the 

outcomes of the techniques by comparing the estimated and measured monthly temperature, precipitation and inflow 

outlet values. It was observed that the accuracy of the air temperature cross-validations varied from month to month, 

which could influence the interpolation accuracy for each specific month. The simulation results of the ANN model 

revealed favorable performance metrics, with an average R2 value of 0.93. Additionally, the ME and NRMSE values for 

this model were found to be 1.08 and 0.99, respectively. Overall, the R2 values for all models indicated satisfactory 

performance. 

In Figure5, the average monthly rainfall is compared between the past eleven-year period and the future eleven-year 

period. The future rainfall generally shows a decrease compared to the base rainfall throughout the year. The highest 

decrease in rainfall occurs in October, with a future rainfall of 61.99 mm compared to a base rainfall of 122.42 mm, 

representing a difference of 60.43 mm. The lowest decrease is observed in June, with a future rainfall of 14.24 mm 

compared to a base rainfall of 27.98 mm, resulting in a difference of 13.74 mm. It is evident that there will be a decline 

in rainfall by approximately 38% over the next three decades. The graph highlights that the reduction in rainfall during 

the autumn months is more significant compared to the rest of the year. Additionally, the decrease in rainfall is relatively 

equal between the winter and summer months. 

 

Figure 5. Comparing the average monthly precipitation between a past period and a future period 

Figure 6 shows a compression of the average monthly temperature and flow outlet between a past period and a future 

period. The average base temperature for the year is approximately 9.55°C, while the average future temperature is 

around 12.46°C. This indicates a significant increase of approximately 2.91°C in the future temperatures compared to 

the base temperatures with growth 30%. The highest increase in temperature occurs in July, with a future temperature 

of 23.4°C compared to a base temperature of 19.5°C, representing a difference of 3.9°C. The lowest increase in 

temperature occurs in January, with a future temperature of 1.2°C compared to a base temperature of –0.8°C, resulting 

in a difference of 2°C. The average base flow for the year is approximately 28.25 m3/s, while the average future flow is 
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around 22 m3/s, with decreasing 22%. This indicates a decrease of approximately 6.25 m3/s in the future flow compared 

to the base flow. The highest flow occurs in April, with a base flow of 52 m3/s, and the future flow remains relatively 

similar at 50 m3/s, indicating a minimal change. The lowest flow occurs in July and August, where both months have 

no flow at all in the future scenario, while the base flow in July is 6 m3/s and in August is 3 m3/s. The data shows that 

temperatures gradually increase from January to August, and then start to decrease from September to December. In 

contrast, the water flow decreases from January to August, hitting its lowest points in June, July, and August, and then 

starts to recover from September to December. The data indicates that Ardabil Plain is vulnerable to water scarcity 

during certain months, which could have severe implications for agriculture, ecosystems, and the overall environment. 

The data indicates that Ardabil Plain faces water scarcity during the summer months (June to August) due to reduced 

flow and lower rainfall. The decrease in flow and rainfall could have adverse effects on agriculture, ecosystems, and 

water resources availability in the region. In conclusion, the numerical analysis of temperature, flow, and rainfall data 

in Ardabil Plain suggests a warming trend, decreased flow, and reduced rainfall during certain months. Water scarcity 

during the drier months poses significant challenges for the region's water resources and agriculture. Implementing 

sustainable water management practices and monitoring climate change impacts are vital for maintaining a balance 

between water supply and demand in Ardabil Plain. 

 

Figure 6. Comparing the average monthly temperature and flow outlet between a past period and a future period 

4.2. Future Changes 

The ANN model was utilized to generate a spatial dataset representing precipitation and temperature patterns from 

January to December 2050. As illustrated in Figure 7, monthly temperature patterns based on RCP8.5 scenarios were 

also generated using ArcGIS software. In January, the temperature pattern reveals the coldest areas in the south (region 

2) and west (region 3), with temperatures hovering around -15 0C. However, by February, noticeable cold is primarily 

concentrated in the southeast portion of the plain (region 2). This temperature trend persists in Ardabil until May, with 

April serving as the transition month, exhibiting temperatures ranging from 0 to 15 0C. April marks the midpoint of 

spring in this region. Come May, high temperatures dominate the northwest area, gradually diminishing towards the 

eastern basin. Over the subsequent three months, June, July, and August, temperatures experience a consistent rise, 

maintaining an average of approximately 27 0C across the plain. As September and October roll in, a cooling trend 

becomes evident in the southern and western regions of the basin, with temperatures spanning from -1 to 22 0C. 

November presents a significant temperature drop in region 2 of the Ardabil plain, contrasting sharply with the northern 

regions of the basin, where temperatures plummet from 10 to -15 0C. December, one of the coldest months in Ardabil 

plain, ushers in uniform cold throughout the northern regions. The study predicts an overall increase in the average 

temperature for all months compared to the observed period, particularly under the RCP8.5 scenario where temperatures 

exceed past data values. 
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Figure 7. Mean monthly temperature of the Ardabil plain in 2040 

Figure 8 provides a spatial representation of the anticipated seasonal precipitation variations in the Ardabil plain in 

the near future that making with RCP8.5 scenario. In terms of rainfall patterns, January's data indicates reduced 

precipitation in the central parts of Ardabil plain. February witnesses an uptick in rainfall, particularly in the western 

regions (region 3) of the basin, with precipitation levels ranging from 5 to 120 mm during these two months. March 

showcases nearly uniform rainfall across the basin. April and May stand out as months with the highest precipitation, 

especially in May when central and western regions of the basin, as well as some areas in the south (region 2), experience 

the greatest rainfall, varying between approximately 20 and 220 mm during these two months. Starting from June, a 

declining trend in rainfall becomes apparent, reaching near-zero levels in August and September. Come October, rainfall 

emerges across most areas, with the western region (region 3) receiving more significant amounts, ranging from around 

10 to 130 mm in the northern part of the basin. November marks a resurgence of rain in the Ardabil plain, particularly 

in the southern and western regions. December sees a return to uniform rainfall patterns across most parts of the plain, 

completing the annual climatic cycle. 
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Figure 8. Maximum monthly precipitation of the Ardabil plain 

4.3. SPI Results 

The data provided in Tables 4 and 5 offers a comprehensive view of drought patterns in Ardabil, utilizing the 

Standardized Precipitation Index (SPI) on a 12-month scale. SPI serves as a crucial tool for assessing and quantifying 

drought severity, providing valuable information about the region's climatic conditions during two distinct time periods: 

2010-2020 and 2040-2050. 

In the historical dataset spanning from 2010 to 2020 (Table 4), Ardabil's climate exhibited a dynamic range of 

drought conditions. Throughout this decade, the SPI values varied, showcasing the region's susceptibility to fluctuations 

in precipitation. Notably, the year 2011 stood out with an SPI of 1.42, representing "Moderate rainfall," indicating 

favorable precipitation levels. Conversely, the year 2017 experienced "Moderate drought," marked by an SPI of -1.12, 
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signifying below-average rainfall. Between 2013 and 2015, Ardabil enjoyed a period of "Normal conditions," marked 

by SPI values hovering around zero, indicating balanced precipitation levels. In essence, this decade presented a diverse 

range of drought scenarios, encompassing mild droughts, moderate rainfall, and extended periods of "Normal 

conditions."  

Table 4. The SPI index on a 12-month scale used to assess the drought levels in Ardabil between 2010 and 2020 

Year SPI Categories of drought 

2010 -0.98 Mild drought 

2011 1.42 Moderate rainfall 

2012 -0.98 Mild drought 

2013 -0.05 Normal conditions 

2014 -0.25 Normal conditions 

2015 0.14 Normal conditions 

2016 1.49 Moderate rainfall 

2017 -1.12 Moderate drought 

2018 0.36 Normal conditions 

2019 -0.03 Normal conditions 

2020 0.88 Light rainfall 

Table 5. The SPI index on a 12-month scale used to assess the drought levels in Ardabil between 2040 and 2050 

Year SPI Categories of drought 

2040 -0.48 Normal conditions 

2041 0.08 Normal conditions 

2042 -0.80 Mild drought 

2043 0.19 Normal conditions 

2044 -0.72 Mild drought 

2045 -0.62 Mild drought 

2046 -0.13 Normal conditions 

2047 -0.37 Normal conditions 

2048 -0.70 Mild drought 

2049 -0.92 Mild drought 

2050 -1.16 Moderate drought 

Contrastingly, the future projection for the years 2040 to 2050 (Table 5) offers insights into the evolving drought 

patterns expected in Ardabil. This projection begins with two years of "Normal conditions" in 2040 and 2041, where 

SPI values approach zero, suggesting an equilibrium in precipitation levels. However, starting from 2042, a shift towards 

milder drought conditions becomes apparent, as indicated by consistently negative SPI values. An exception occurs in 

2043, marked by "Normal conditions." The most striking observation in this projection is the year 2050, categorized as 

"Moderate drought," with an SPI of -1.16, suggesting a significant reduction in precipitation. While sporadic instances 

of "Normal conditions" are observed, the prevailing trend in this decade leans towards mild drought conditions.  

Comparing these two datasets, it becomes evident that the temporal context plays a pivotal role in understanding 

Ardabil's drought dynamics. Table 4, representing historical data from 2010 to 2020, reveals a decade marked by varying 

drought intensities. Conversely, Table 5, offering projections for 2040 to 2050, indicates a shift towards milder drought 

conditions, with "Normal conditions" becoming less frequent in the latter half of the decade. This contrast underscores 

the likelihood of increased drought challenges facing Ardabil in the coming years, as reflected in the higher prevalence 

of mild and moderate droughts in the 2040-2050 projection. 

4.4. Agriculture Analysis 

Approximately 58% of the agricultural land in Ardabil Plain is dedicated to cultivating wheat, a staple food for both 

the people of Iran and the broader region. This section discusses the production, profitability, and potential losses 

resulting from climate change on this critical crop in the area. For this analysis, it is assumed that all other factors 

affecting wheat production will remain constant in the future, except for the amount of rainfall and water used for 

irrigation in wheat cultivation. Figure 9 illustrates a general trend of decreasing wheat production volume in proportion 
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to its cultivation area. Specifically, for irrigated lands, the production value is expected to decline from 4.25 to 3.32, 

while for rain-fed lands, it will decrease from 0.92 to 0.57. 

 

Figure 9. Comparison amount of wheat production to area farming land for two period present and future 

Table 6 displays the production volume and alterations in wheat production between the present and future periods. 

Overall, there is a notable decline in production volume, particularly in a specific region of Ardabil Plain. In the present 

scenario, Ardabil Plain produces a total of 284,182 tons of wheat, with 204,980 tons from irrigated crops and 79,202 

tons from rain-fed crops. In the future scenario, the total wheat production is projected to decrease to 209,196 tons, with 

160,125 tons from irrigated crops and 49,071 tons from rain-fed crops. Both irrigated and rain-fed wheat productions 

show a significant decrease in the future. In the case of irrigated crops, there is a reduction of 44,854 tons, and for rain-

fed crops, there is a reduction of 30,131 tons.  

Table 6. Amount of Wheat Production in the Ardabil Plain at present period and future period (ton) 

Attributes 
Present Future Changing Productions 

Irrigated Rain-fed Irrigated Rain-fed Irrigated Rain-fed Total 

Ardabil Plain 204,980 79,202 160,125 49,071 -44,854 -30,131 -74,986 

Region 1 143,486 55,442 112,088 34,350 -31,398 -21,092 -52,490 

Region 2 61,494 23,761 48,038 14,721 -13,456 -9,039 -22,496 

Based on the information provided in Table 2, to calculate the net income from wheat production, you need to 

multiply the volume of wheat production by the value of $1005.38 US dollars. This will give you the amount of losses 

incurred due to climate change for wheat production. The data also indicates the projected net income changes resulting 

from the decrease in wheat production in both present and future scenarios. In the future, the total net income will be 

lost for wheat production, around -$75,389,059, with -$45,095,663 from irrigated crops and -$30,293,396 from rain-fed 

crops. In the future scenario, the total net income in region 1 is projected to decrease to -$52,772,341, with -$31,566,964 

from irrigated crops and -$21,205,377 from rain-fed crops. Similarly, in region 2, both irrigated and rain-fed crops show 

a decrease in net income of around -$ 22,617,028. In the case of irrigated crops, there is a decrease of $13,528,699, and 

for rain-fed crops, there is a decrease of $9,088,019. 

4.5. Tourism Status in the Future 

Regarding the net income status of tourism industry, specific details have not been provided for this area. However, 

considering the future climate conditions, particularly in the 3rd region of Ardabil Plain, it can be determined whether 

the area is suitable or unsuitable for tourists. Amininia et al. categorized the Ardabil province into three statuses with 

characteristics suitable, average, and unsuitable for tourism [18]. 

With attention Figure 7, in the spring months, from March to May, temperatures vary widely between region 1 and 

region 3, ranging from 0.5 0C in mountainous regions to a warm 30 0C in lowlands. Spring emerges as a favorable season 

for tourism, with lowlands being particularly inviting, while May's increasing heat can discourage travel to foothill areas. 

Summer, spanning June to August, sees most regions in the Ardabil plain with temperatures above 15 0C. However, 
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region 1 and part of region 3 become less conducive to tourism due to unfavorable temperatures, while mountainous 

regions remain relatively attractive. In autumn, September's warmth, around 26 0C in the north, might deter tourists, but 

October and November bring a significant temperature drop, making November the preferred autumn travel month, 

particularly in the south. Finally, winter, from December to February, brings cold temperatures, averaging between -1 

and -15 0C across most regions. Despite the chill, the presence of hot springs sustains tourism, especially in February 

when certain northern areas offer more pleasant temperatures. These temperature fluctuations influence the choice of 

travel months for tourists in Ardabil. 

According to their findings the west of Ardabil Plain (section 3 of Figure 2) demonstrated suitable conditions for 

tourists based on temperature and weather conditions in the spring and summer months over a twenty-year period until 

2019 [74]. However, concerning SPI, which indicated normal conditions during the base period, projections show that 

the SPI will display moderate drought conditions in 2050. This suggests that the region may face unsuitable conditions 

for tourism in the future in the spring and summer months, presenting a concerning outlook for officials and individuals 

in the tourism industry of the province. There is a potential risk of unemployment and reduced revenue in the tourism 

sector due to this prediction. 

5. Discussion 

The information provided presents a comprehensive analysis of various factors impacting the Ardabil region, 

including climate change effects, water availability, agricultural productivity, and the tourism industry. The analysis 

highlights the potential challenges and implications that the region may face in the near future. The Ardabil region is 

projected to experience rising temperatures and changing rainfall patterns over the next three decades. This will have 

significant implications for agriculture, water availability, and the tourism industry. Region 1 (north of the plain) will 

face higher temperature increases, posing challenges for farmers. In contrast, Region 2 (south of the plain) may become 

more suitable for agriculture due to higher precipitation levels. However, the melting of snow on Sablan mountain peak 

during the spring season in Region 3, a beloved tourist attraction, is currently at risk, and the increasing temperature 

might not be suitable for tourists during the summer. The analysis shows a 38% decline in rainfall, particularly during 

autumn, and a potential shift in precipitation timing and intensity. The situation is far from optimal, as the Ardabil plain 

alone contributes to approximately 45% of the irrigated crops and 30% of the rain-fed crops in Ardabil province. The 

majority of rain-fed crops (nearly 70% rain-fed) in Region 1 face significant challenges, causing farmers to encounter 

serious issues. Given the focus on the region's primary crop, which is wheat, and considering the significant water 

consumption associated with wheat cultivation, it is projected that wheat production in the region may experience a 

decrease of approximately 26%. The potential decline in net income from wheat production in the near future is 

concerning for the region. The projected total net income loss for wheat production is estimated to be approximately -

$75,389,059. 

The findings suggest that the availability of water sources in regions 2 and 3 may result in a shift in population 

density towards these areas in the future. This demographic change could have significant financial and social 

implications, some of which may be irreversible. Firstly, the agricultural infrastructure in Region 2 is ill-equipped to 

handle a large influx of people. Secondly, this migration may lead to the separation of families due to the limited capacity 

of smaller communities in the South. Nevertheless, it is important to acknowledge the potential risks of floods in the 

western areas (region 3) due to rising maximum temperatures compared to the current period. This is particularly 

concerning because part of this region comprises snow-covered mountains, which can contribute to the exacerbation of 

natural disasters like floods. These floods not only pose threats to human health but also have the potential to create an 

unemployment crisis in the tourism industry. Furthermore, the rise in temperature in the future will lead to unfavorable 

conditions, particularly in Region 3. This is concerning for the residents of the region, as their primary livelihoods rely 

heavily on tourism. 

To address these issues, it will be crucial for farmers to relocate agricultural lands from region 1 to region 2 and 

adopt sustainable farming practices. In order to tackle this challenge, stakeholders should take several measures. Firstly, 

infrastructure improvements should be undertaken to support the relocation process and ensure the smooth transition of 

agricultural activities. Secondly, proactive communication among all relevant parties is necessary to facilitate 

coordination and collaboration during the relocation process. Lastly, early investments in advanced irrigation systems 

are essential to adapt to changing conditions and ensure the successful establishment of sustainable farming practices in 

Region 2. Furthermore, the changes in temperature and rainfall patterns in the Ardabil region have significant economic 

implications for the entire country. Given the region's heavy reliance on agriculture and tourism, the potential economic 

consequences of climate change in Ardabil are significant. Addressing these challenges requires comprehensive 

strategies that focus on sustainable agricultural practices, efficient water resource management, and measures to preserve 

and enhance the region's tourist attractions. Additionally, investment in diversifying the local economy, exploring 

alternative sources of income, and promoting employment opportunities in other sectors can help mitigate the economic 

risks associated with climate change in Ardabil, ensuring the region's long-term economic stability and growth. 
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6. Conclusion 

This study aims to enhance environmental sustainability in a critical region by identifying areas prone to drought in 

the near future with an ANN model that was used to determine the optimal method for interpolating monthly temperature 

and precipitation data. Using ArcGIS software, monthly temperature patterns for the Ardabil basin in 2050 were 

generated, and the severity of the drought was evaluated using SPI. The results showed favorable performance metrics 

for the ANN model, with an average R2 value of 0.93, indicating a high level of accuracy. The analysis of future climate 

scenarios indicates a significant increase in temperature across all months. Particularly under the RCP8.5 scenario, 

temperatures are projected to rise, with variations observed across different regions of the Ardabil plain. Additionally, 

there is a noticeable decrease in rainfall, with the autumn months experiencing the most significant reductions. For the 

analysis of crops as a sample, wheat production, a staple crop in the region, is projected to decrease due to changing 

precipitation patterns and increased temperatures. Irrigated and rain-fed wheat production is expected to decline, with 

potential losses in net income for farmers estimated at approximately -$75,389,059. The decline in rainfall and changing 

precipitation patterns pose a risk to water resources in the Ardabil region. The analysis suggests a potential shift in 

population density towards areas with more accessible water sources, which could have socio-economic implications. 

The tourism industry in the region may face challenges due to rising temperatures and shifting climate conditions. Areas 

that were previously suitable for tourism may become less attractive, potentially impacting local economies and 

employment. The SPI analysis reveals evolving drought patterns. While the historical period from 2010 to 2020 

exhibited varying drought conditions, the projection for 2040 to 2050 suggests an increase in mild and moderate 

droughts, highlighting the changing climatic conditions. To address these challenges, it is imperative to implement 

sustainable water management practices, monitor climate change impacts, and adapt agricultural strategies to the 

evolving climate. Furthermore, efforts to diversify the local economy and create employment opportunities outside of 

the agriculture and tourism sectors will be vital for the long-term stability and growth of the Ardabil region. 

In pursuit of advancing environmental sustainability in the Ardabil region, this study has unearthed critical insights 

into the impending challenges climate change poses. While the current findings provide a comprehensive overview of 

the region's future, there are exciting avenues for further research and action. One promising direction is using agent-

based models. This powerful tool can simulate complex climate adaptation scenarios, facilitating a deeper understanding 

of the dynamic interactions between environmental, social, and economic factors. By incorporating agent-based models 

into future research, we can explore innovative strategies and policies that harness the collective efforts of various 

stakeholders, fostering adaptive responses to the evolving climate landscape. Looking ahead, it becomes evident that 

Ardabil's journey towards climate resilience demands multifaceted solutions. The region must embark on proactive 

measures, starting with climate-resilient agriculture that encompasses drought-resistant crop varieties, precision farming 

technologies, and efficient irrigation practices. Water resource management remains paramount, necessitating intelligent 

water conservation and sustainable groundwater governance. Diversifying the tourism sector through cultural, eco, and 

adventure tourism can mitigate reliance on climate-sensitive offerings. In contrast, economic diversification into sectors 

such as renewable energy and technology ventures can enhance overall resilience. Community engagement and 

education programs empower locals to actively participate in climate resilience initiatives, while international 

collaborations offer valuable resources and insights. Continuous climate monitoring and research will guide informed 

decision-making and adaptive strategies. 
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