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Evaluating the spatial and temporal evolutionary patterns of future rainfall and temperature at 

a basin scale under different emission scenarios is essential for formulating sustainable 

responses to climate change. Nevertheless, research in Iraq has not extensively addressed this 

issue. The aim of this study is to investigate the spatial and temporal properties of minimum 

and maximum temperatures as well as rainfall in the Little Zab River Watershed (LZRW) 

using the LARS-WG 8 model. Five General Circulation Models (GCMs) and two emission 

scenarios were used to project the weather variables for three projection periods (2041-2060, 

2061-2080, and 2081-2100). Satellite data from 1985 to 2015 were used from ten 

meteorological stations adjacent to the watershed to perform model calibration and validation. 

Analysis of the results revealed that both minimum and maximum temperatures exhibited 

increasing trends during the projection periods, with a higher rate of increase for the minimum 

temperature. The SSP5-8.5 showed that the mean minimum and maximum temperatures 

increased by 58.09 and 26.65%, respectively, for the third period compared to the baseline 

values. Furthermore, the projected rainfall exhibited an unsteady increasing trend. The most 

significant rainfall increment (9.35%) was projected by the SSP2-4.5 for the period 2041-2060. 
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1. INTRODUCTION

Climate change is identified as one of the most significant 

environmental challenges confronting the globe today, as 

mentioned in the Sixth Assessment Report (AR6) released by 

the Intergovernmental Panel on Climate Change (IPCC) [1]. 

The report stated that the surface temperature of the globe rose 

by 1.1℃ by 2020 relative to the levels from 1850 to 1900. This 

increasing pattern is anticipated to continue until the beginning 

of the 22nd century, reaching 1.5℃ [2, 3]. The impacts of 

climate change have been observed in numerous regions 

worldwide, including elevated temperatures, sea-level rise, ice 

melting, and degradation of air quality [4]. These effects are 

acknowledged as the most significant threat to human 

existence and livelihood on Earth [1, 2, 5]. The leading cause 

of climate change is the emission of greenhouse gases (GHG) 

due to the utilization of fossil fuels and alterations in land use/ 

land cover. The consequences of global warming are expected 

to worsen in the future, exerting a significant impact on 

hydrological processes [6]. 

The Middle East has been significantly impacted by global 

climate change because of its arid and semi-arid environment 

[7]. Iraq is one of the countries in the Middle East that has been 

most severely affected by climate change. Accordingly, Iraq 

will encounter significant environmental issues, including 

sudden floods, water shortages, sandstorms, and heatwaves 

[8]. Abdulsahib et al. [2], Hassan and Hashim [9], Mohammed 

and Fallah [10] revealed that extreme events are anticipated to 

increase in Middle Eastern countries due to the impacts of 

climate change. 

Scientists frequently employ General Circulation Models 

(GCMs) to simulate and project climatic conditions under 

different emission scenarios [11]. The GCMs are numerical 

models with outputs of inferior spatial resolution. Thus, the 

GCMs' results cannot be employed directly to examine the 

effects of climate change. Consequently, downscaling 

methods must be applied to enhance the spatial resolution of 

the data [12, 13]. Downscaling techniques are classified into 

two categories: dynamic and statistical. An overview of 

downscaling methods was provided by Trzaska and Schnarr 

[14]. The GCM outcomes generated by the CMIP, an 

abbreviation for the Coupled Model Intercomparison Project, 

are the most widely applied [15-17]. The Working Group on 

Coupled Modelling (WGCM) has introduced the latest CMIP6 

scenarios, which involve the most recent set of emission 

scenarios referred to as shared socio-economic pathways 

(SSPs), based on various socio-economic assumptions [2]. 

The Long Ashton Research Stations Weather Generator 

(LARS-WG) software is one of the most common Statistical 

Downscaling (SD) methods that reliably identifies complex 

patterns in spatial-temporal data prediction. The LARS-WG 

model requires fewer computational resources and provides a 

user-friendly interface compared to dynamical downscaling 

methods [1, 2].  

The LARS-WG model has been effectively applied in 

various parts of the globe [11, 18-21]. Several investigations 
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in this regard were carried out in Iraq. Mohammed et al. [22] 

applied LARS-WG to examine the impacts of climate change 

on ten weather stations around the Lower Zab River Basin in 

northeastern Iraq. Mohammed and Hassan [1] utilized LARS-

WG 6 to predict changes in temperature and precipitation in 

southern Iraq under RCP4.5 and RCP8.5 over the three periods 

from 2021 to 2100. Abdulsahib et al. [2] used LARS-WG 8 to 

predict climate variables from 2021 to 2040 in northern Iraq 

by two scenarios (SSP2-4.5 and SSP5-8.5). The results of 

these studies revealed a continuous rise in minimum and 

maximum temperatures, while the rainfall trend exhibited 

noticeable fluctuation depending on the region, scenario, and 

period. 

The Little Zab River (LZR), also known as the Lesser or 

Lower Zab, represents the Tigris River's second major 

tributary within Iraqi lands [23]. The length of the river is 

about 375 km. The LZR has a catchment area of 20000 km2 

located in northeastern Iraq and northwestern Iran [24-26]. In 

addition to supplying the Tigris River, the Little Zab River 

Watershed (LZRW) is a significant area for agricultural and 

natural resources [25]. Throughout the 20th century, the 

LZRW has been significantly affected by conflicts, population 

growth, and climate change [27]. 

Although many researchers have conducted studies on 

climate change and forecasting climate factors in Iraq, 

including [28-30], there is a lack of thorough studies showing 

the impact of climate change and its repercussions on the 

watershed scale. Thus, the current study aims to project 

precipitation, minimum, and maximum temperature in the 

LZRW for three future periods: 2041-2060, 2061-2080, and 

2081-2100. The LARS-WG 8 model was applied to project the 

climatic factors for 10 weather stations adjacent to the LZRW 

using five GCMs and two emission scenarios (SSP5-8.5 and 

SSP2-4.5). The Kriging tool in ArcMap 10.2 was used to 

convert the point data source at the weather station into a 

spatial map covering the LZRW. The research methodology 

employed will provide a precise vision of the extent to which 

each part of the study area is affected by climate change 

impacts. The results of this study will provide policymakers 

with a strong tool for fulfilling the requirement of sustainable 

natural and water resources within the basin. 

2. MATERIALS AND METHODS

2.1 Study area and data set 

The Little Zab River Watershed (LZRW) (Figure 1) 

comprises numerous substantial drainage basins characterized 

by diverse climatic and hydrological circumstances. The lower 

and upper parts of the basin differ considerably, resulting in a 

much broader range of uncertainties about the impact of 

climate change on water resources availability [29]. The 

basin's topography ranges from flat terrain in the southeast to 

high mountains in the northeast [31]. The range of the basin's 

elevation is between 120 and 3600 m above mean sea level. 

The LZRW has an arid to semi-arid climate. The mean annual 

temperature ranges from 10 to 25℃ [25]. The annual rainfall 

over the watershed ranges from 1 m/year in the northeastern 

parts to less than 0.2 m/year in the southwest [32]. 

Approximately 90% of the annual rainfall occurs between 

November and April [33].  

The daily climatic data from 10 meteorological stations 

located adjacent to the LZRW, spanning 31 years (1985-

2015), were used to project the future rainfall, minimum, and 

maximum temperature for three future periods. The elevation 

of the stations shown in Figure 1 ranges from 306 m 

(Makhmoor) to 1536 m (Sachez). 

Figure 1. Study area and the location of weather stations 
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The deficiency of continuous daily weather data from 

ground stations is a crucial issue in developing nations. The 

meteorological data from 1990 to 2018 are discontinuous 

because of the extraordinary conditions of terrorism and 

conflict in Iraq [2]. Tayyeh and Mohammed [34] stated that 

satellite data can be regarded as efficient and promising for 

hydrological and climatic research. Furthermore, satellite data 

have been effectively utilized to forecast future climatic data 

in various research studies, including [35, 36]. Thus, satellite-

based weather data were used in this study. The daily 

temperature data were downloaded from 

https://power.larc.nasa.gov, while the precipitation data were 

downloaded from https://www.chc.ucsb.edu (CHIRPS). 

Before applying the climatic data, statistical measures were 

used to assess the degree of correspondence between the 

satellite data and the available weather stations. The daily 

minimum temperatures obtained from NASA for the Kirkuk 

station, spanning from 1981 to 2001, were compared with the 

recorded data [37]. The statistical measures used (i.e., R2, 

PBIAS, and NSE) showed good to very good results.  

Regarding the precipitation data, the analysis of NASA's 

data indicated unsatisfactory results. Consequently, the 

researchers pursued an alternative source of data, CHIRPS. 

Monthly-averaged precipitation data from 1980 to 2002 were 

examined at four weather stations: Erbil, Sulaymaniah, 

Salahaddin, and Kirkuk. The statistical indices exhibited very 

good to excellent results. Details for the weather stations used 

are shown in Table 1. 

Table 1. Details of the weather station 

No. Station Longitude )° ( Latitude )° ( Elevation  )ma ( 

1 Chemchamal 44.83 35.52 701 

2 Erbeel 44.00 36.15 1088 

3 Halabcha 45.94 35.18 651 

4 Kirkuk 44.40 35.47 319 

5 Mahabad 45.70 36.75 1356 

6 Makhmoor 43.60 35.75 306 

7 Sachez 46.26 36.25 1536 

8 Salahddin 44.20 36.38 1088 

9 Soran 44.63 36.87 1132 

10 Sulaymaniyah 45.45 35.53 885 
a above mean sea level 

Figure 2. A flowchart explains the study's methodology 

2.2 Using LARS-WG for downscaling 

The LARS-WG, a widely used model for stochastic weather 

generation, was used to downscale the outputs of the GCMs. 

The model generates daily precipitation, temperature 

(maximum and minimum), and solar radiation at a specific 

location for present and future periods [38]. The first version 

of LARS-WG was released in 1990 by the Assessment of 

Agricultural Risk Project (Hungary). Semenov et al. [38], 

Babaeian and Najafi [39] investigated and confirmed the 

efficiency of the model at 18 weather stations in the USA, 

Asia, and Europe. In general, three steps are required to 

generate synthetic climatic data using the LARS-WG 

software, involving calibration and validation of the model, 

followed by data generation [2]. First, the model requires 

calibration. The ''Site Analysis" function evaluates the 

recorded meteorological data, including precipitation and both 

maximum and minimum temperatures, to determine their 
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statistical characteristics. Secondly, throughout the model 

validation, the parameter files derived from the observed data 

in the calibration stage are used to generate synthetic 

meteorological data having the same statistical properties. To 

compare the probability distributions of simulated and actual 

meteorological data at the station under investigation, the 

Kolmogorov-Smirnov (K-S) goodness-of-fit test was used. 

Finally, the calibration parameter files are used to generate 

synthetic data similar to the GCM-simulated scenario [2, 40]. 

Figure 2 illustrates the methodology of the current study. 

The most recent LARS-WG model (i.e., 8.0) was employed 

with two SSPs to downscale the coarse-scale temperature and 

precipitation data obtained from five GCMs. The main steps 

in generating synthetic temperature and rainfall data were 

model calibration and validation, as well as obtaining climate 

weather data. Model calibration was performed using the 

baseline data from 1985 to 2015 (31 years) at the ten weather 

stations. The K-S test was used to assess the model's 

efficiency. The test was used to determine whether the 

seasonal distribution of the wet and dry series (WDS), the 

distribution of the daily maximum and minimum temperatures 

(TmaxD and TminD), and the distribution of daily 

precipitation (PD) derived from downscaled and observed data 

are the same [2]. The final stage is to produce future climatic 

data sets. In the current investigation, three future periods were 

studied (2041-2060, 2061-2080, and 2081-2100). 

Tables 2 and 3 present the five GCMs and the two scenarios 

used in this study to project maximum and minimum 

temperatures, as well as rainfall. Applying a single GCM 

cannot precisely project future climatic data [41]. The average 

ensemble of GCMs results may provide precise estimations. 

Applying more than one GCM eliminates GCM biases and 

reduces uncertainties [42]. Thus, such a technique enables 

more reliable projections [43]. 

Table 2. The GCMs used in this study 

No. GCM Models Institution Resolution (°) 

1 MRI-ESM2-0 Meteorological Research Institute, Tsukuba, Japan. 1.1 × 1 1 .  

2 CNRM-CM6-1 Centre National de Recherche Meteorologiques, Toulouse, France. 1.4 × 1.4 

3 ACCESS-ESM1-5 Australian Community Climate and Earth System Simulator, Acton, Australia. 1.9 × 1.2 

4 HasGEM3-GC31-LL Met Office, United Kingdom. 1.8 × 1.2 

5 MPI-ESM1-2-LR Max Planck Institute, Hamburg, Germany. 1.9 × 1.9 

Table 3. The two scenarios used in this study 

No. SSP Description 

1 SSP2-4.5 
Moderate greenhouse gas emissions: Carbon dioxide emissions will continue at present concentrations until 2050, 

then decrease, but not entirely vanish by 2100. 

2 SSP5-8.5 Exceedingly high greenhouse gas emissions: By 2075, Carbon dioxide emissions are projected to increase fourfold. 

3. RESULTS AND DISCUSSION

3.1 Calibration and validation of the LARS-WG 

The daily rainfall and temperature data from the ten weather 

stations associated with the LZRW, spanning from 1985 to 

2015, were used for model calibration and validation. The 

model's efficiency in downscaling the GCMs' outputs in the 

study region was evaluated by statistical tests. The K-S test 

was used to verify the similarity of the daily weather data 

distribution derived from observed and simulated data. 

Furthermore, this research employed a p-value test to 

determine whether the hypothesis that both data sets (observed 

and projected) may have the same distribution. The simulated 

data is considered identical to the measured data if the p-value 

is high and the K-S value is low [2, 44]. The statistical indices 

calculated for the Halabcha station, as an example, are shown 

in Table 4. 

According to Semenov and Barrow [45], the fit is poor if 

the p-value is less than 0.4. For 0.4 ≤ p-value < 0.7 and 0.7 ≤ 

p-value < 1.0, the fit is considered good and very good,

respectively, while a perfect fit is achieved for p-value equal

to 1.0. The evaluation results displayed in Table 4 indicate that

the model's performance in predicting the distribution of daily

Tmax, Tmin, and rainfall is perfect (P), with occasional

instances of very good (VG) results. As a result, the

downscaling technique was employed with more confidence

in this study.

Additional statistical indicators were used to assess the 

performance of the LARS-WG model in Halabcha station. The 

indicators applied are the root mean square error (RMSE), 

coefficient of determination (R2), and mean bias error (MBE) 

[1, 2]. 

RMSE is a model evaluation statistic that works as an error 

index. The nearer the RMSE is to zero, the higher the model's 

efficiency: 

𝑅𝑀𝑆𝐸 = √
∑ (𝐺𝑖 − 𝑂𝑖)2𝑛

1

𝑛
(1) 

R2 signifies a relativity coefficient that spans from zero to 

unity, with the optimal value being 1: 

𝑅2 =
∑ 𝐺𝑖𝑂𝑖

𝑛
1

√∑ 𝐺𝑖
2 ∑ 𝑂𝑖

2𝑛
1

𝑛
1

(2) 

MBE signifies the error in the model estimation. It may 

possess either a negative or a positive value. Nevertheless, the 

optimal value is zero: 

𝑀𝐵𝐸 =  
∑ (𝐺𝑖 − 𝑂𝑖)𝑛

1

𝑛
(3) 

where Gi is the generated value of the weather variable, Oi is 

the observed value, and n is the data number. 

The results (Table 5) revealed that the LARS-WG model 

can effectively predict weather variables. The statistical 

criteria demonstrated a good agreement between the observed 
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and generated data, as the indicators determined were within 

acceptable limits [46, 47]. 

Table 4. The K-S test and p-value for Halabcha station 

A. K-S Test for Seasonal WDS Distributions

Season Wet/Dry N K-S p-value Evaluation

Dec. to 

Feb. 

Wet 11.5 0.037 1.000 P 

dry 11.5 0.050 1.000 P 

Mar. to 

May 

Wet 11.5 0.038 1.000 P 

Dry 11.5 0.074 1.000 P 

Jun. to 

Aug. 

Wet 11.5 0.000 1.000 P 

Dry 11.5 0.131 0.982 VG 

Sep. to 

Nov. 

Wet 11.5 0.065 1.000 P 

Dry 11.5 0.152 0.934 VG 

B. K-S Test for Daily Tmax Distribution

Month N K-S p-value Evaluation

Jan. 11.5 0.106 0.999 VG 

Feb. 11.5 0.053 1.000 P 

Mar. 11.5 0.053 1.000 P 

Apr. 11.5 0.053 1.000 P 

May 11.5 0.053 1.000 P 

Jun. 11.5 0.053 1.000 P 

Jul. 11.5 0.053 1.000 P 

Aug. 11.5 0.053 1.000 P 

Sep. 11.5 0.053 1.000 P 

Oct. 11.5 0.053 1.000 P 

Nov. 11.5 0.033 1.000 P 

Dec. 11.5 0.053 1.000 P 

C. K-S Test for Daily Tmin Distribution

Month N K-S p-value Evaluation

Jan. 11.5 0.106 0.999 VG 

Feb. 11.5 0.053 1.000 P 

Mar. 11.5 0.053 1.000 P 

Apr. 11.5 0.053 1.000 P 

May 11.5 0.053 1.000 P 

Jun. 11.5 0.106 0.999 VG 

Jul. 11.5 0.053 1.000 P 

Aug. 11.5 0.053 1.000 P 

Sep. 11.5 0.053 1.000 P 

Oct. 11.5 0.053 1.000 P 

Nov. 11.5 0.053 1.000 P 

Dec. 11.5 0.053 1.000 P 

D. K-S Test for Daily Rainfall Distribution

Month N K-S p-value Evaluation

Jan. 11.5 0.130 0.984 VG 

Feb. 11.5 0.130 0.984 VG 

Mar. 11.5 0.065 1.000 P 

Apr. 11.5 0.065 1.000 P 

May 11.5 0.130 0.984 VG 

Jun. 11.5 0.150 0.891 VG 

Jul. 11.5 0.138 0.941 VG 

Aug. 11.5 0.130 0.984 VG 

Sep. 11.5 0.152 0.934 VG 

Oct. 11.5 0.130 0.984 VG 

Nov. 11.5 0.070 1.000 P 

Dec. 11.5 0.130 0.984 VG 

Table 5. Statistical indicators result for model calibration and 

validation during the baseline period 

Climatic Variable RMSE R2 MBE 

Tmin 0.679 0.995 -0.056

Tmax 0.818 0.999 -0.061

Rainfall 0.490 0.970 0.033

Figure 3. Results of minimum temperatures for the observed and projected maps (2041-2060) 
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3.2 Projection results 

The calibration and validation results obtained from the 

LARS-WG model indicated that its effectiveness was 

sufficient for downscaling and predicting daily precipitation 

and temperature (minimum and maximum) at the ten weather 

stations. Consequently, the calibrated model was used to 

forecast the daily climatic variables for each station over the 

three intervals (i.e., 2041-2060, 2061-2080, and 2081-2100) 

using five GCMs and two scenarios. 

A prevalent method in climate change effect research is to 

evaluate the phenomenon at a specific location separately [1, 

13, 30, 48]. Abdulsahib et al. [2], Noor et al. [49] displayed 

the phenomenon spatially using the Inverse Distance 

Weighted (IDW). In this study, the Kriging tool in ArcGIS 

software was employed to create the spatial-temporal maps of 

the climatic variables. Kriging is a geostatistical prediction 

technique that generates weights from adjacent known values 

to estimate values at unmeasured sites [50]. Amelia et al. [51] 

and Shi et al. [52] stated that Kriging is superior to IDW, as it 

exhibits the highest interpolation accuracy and effectively 

captures the changing trends of precipitation across extensive 

areas. Additionally, Abdulsahib et al. [2] stated that the bull's-

eye effect is one of the IDW's defects which can be overcome 

using the Kriging tool. 

Figure 4. Results of minimum temperatures for the observed and projected maps (2061-2080) 

Figure 5. Results of minimum temperatures for the observed and projected maps (2081-2100) 
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Figure 6. Percentage change of minimum temperature for the 

projection periods 

According to the author's cartographic skills and previous 

works [2, 53], the following points were considered while 

preparing the maps: (1) the weather variables were divided 

into five classes, choosing smaller and larger number of 

classes makes the maps uninformative or confusing, 

respectively, (2) the lowest and highest possible values of the 

weather variable of all scenarios and future periods were 

determined to fix the classes across all maps, enabling the 

reader to compare the results by simply seeing the maps, and 

(3) the classes' coverage percentage (%) relative to the entire

area was calculated and written for each class.

3.2.1 Projection of minimum temperature 

The spatial maps of the annual average minimum 

temperature (Tmin) for the LZRW are displayed in Figures 3 

to 5. For all the figures, the minimum temperatures were 

equally divided into five classes, ranging from class 6-9℃ (the 

lowest) to class 18-21°C (the highest). Figure 3 shows the 

mean Tmin maps during the first future period (2041-2060) 

using the two scenarios (SSP 2-4.5 and SSP 5-8.5) compared 

to the observed map (1985-2015). The observed map involved 

the first three classes. The eastern parts of the watershed 

exhibited the lowest temperatures (class 6-9℃), followed by 

the central and western parts. The projected maps indicated an 

increase in the minimum temperature as a new class (15-18℃) 

appeared and covered the western areas. In the SSP 2-4.5 map, 

the extent of class 6-9℃ reduced from 38.32% in the observed 

map to 4.87%, while class 15-18℃ increased from 0% to 

26.74%. It can be observed that the coldest class (6-9℃) 

disappeared in the SSP5-8.5 map, and the map was 

approximately similar to the observed map, but with one class 

shifting. In other words, the area of class 6-9℃ was covered 

by the higher class (9-12℃) and so on. 

The comparison between the Tmin of the baseline period 

and the projection results for the second future period is shown 

in Figure 4. The figure indicated a continuous rise in Tmin 

from 2061 to 2080 across the LZRW. The most significant 

increase can be observed in the SSP5-8.5 map, where the 

hottest class (18-21℃) covered 20.72% of the basin. 

Furthermore, one can notice that the SSP2-4.5 map is 

approximately similar to that of the SSP5-8.5 in the first 

period. 

Figure 5 depicts the effect of climate change on the 

minimum temperature at the LZRW during the third period 

(2081-2100). The same increasing trend can be observed 

within the basin. The predominant class in the central part, for 

instance, of the basin during the baseline period was class 9-

12℃, while it shifted to class 12-15℃ and 15-18℃ in the 

maps of the SSP2-4.5 and SSP5-8.5, respectively. 

Figure 7. Results of maximum temperatures for the observed and projected maps (2041-2060) 
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Figure 8. Results of maximum temperatures for the observed and projected maps (2061-2080) 

Figure 9. Results of maximum temperatures for the observed and projected maps (2081-2100) 

Figure 6 summarizes the predicted effects of climate change 

on the minimum temperature within the LZRW. The figure 

displays the percentage change in the mean minimum 

temperature (Tmin) of the basin during the future periods 

compared to that of the baseline period. The SSP2-4.5 

predicted that the mean minimum temperature will increase by 

19.14, 28.13, and 33.97%, while the SSP5-8.5 projected higher 

percentages of 29.38, 42.49, and 58.09% during the periods 

2041-2060, 2061-2080, and 2081-2100, respectively. The 

SSP5-8.5 projected a greater rise in Tmin than the SSP2-4.5 

due to the unrestrained greenhouse gases [2]. 
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3.2.2 Projection of maximum temperature 

This section displays and discusses the projected mean 

maximum temperatures (Tmax) in the LZRW by the two 

scenarios and for the three future periods. The temperatures 

were divided into five equal classes. The lowest Tmax values 

were represented by the class 20-23℃, while the highest 

values were categorized by the class 32-35℃. 

Figure 7 shows the mean Tmax for the observed and the first 

projection period (2041-2060). The majority of the LZRW 

(44.17%) was occupied by the coldest class (20-23℃). On the 

other hand, the projected maps revealed a significant increase 

in Tmax, with the warmer class (29-32℃) appearing in the 

western parts of the basin. The extent of class 29-32℃ was 

25.98% in the SSP2-4.5 map and 30.35% in the SSP5-8.5 map. 

At the same time, the coldest class (20-23℃) decreased by 

42.81 and 98.32% in the SSP2-4.5 and SSP5-8.5 maps, 

respectively. 

A greater increase in the maximum temperature can be 

observed during the second future period, as shown in Figure 

8. The SSP5-8.5 exhibited the most significant rise, with the

spatial extent of the warmest class (32-35℃) increasing to

21.73%, accompanied by the disappearance of class 20-23℃.

The projection outcomes for the third period are displayed 

in Figure 9. Compared to the observed map, the class 6-9℃ 

vanished totally in the SSP2-4.5. Thus, the predominant class 

in the eastern, central, and western parts was changed from 20-

23, 23-26, and 26-29℃ to 23-26, 26-29, and 29-32℃, 

respectively. A higher increase in Tmax can be observed in the 

SSP5-8.5 map, where the warmest class covered 23.43% of the 

basin. 

Figure 10 explains the percentage change of the projected 

Tmax compared to the observed data. The increasing pattern 

is similar to that of Tmin, but with a slower rate of increase. 

The figure illustrates that the percentage change in the SSP2-

4.5 scenario is always smaller than that of the SSP5-8.5. In the 

third future period, the Tmax increased by 15.68 and 26.65% 

using the SSP2-4.5 and SSP5-8.5 scenarios, respectively, 

compared to the baseline's Tmax. 

Figure 10. Percentage change of maximum temperature for 

the projection periods 

One can notice that the percentage change of Tmin is greater 

than that of Tmax. This could be attributed to the calculation 

of the percentage change. For example, Tmin during the 

baseline period and during the third future period (2081-2100) 

by the SSP5-8.5 was 10.45 and 16.52℃, respectively. This 

means that the Tmin increased by 6.07℃. During the same 

period, the Tmax increased from 24.05 to 30.46℃ (i.e., 

increased by 6.41℃). To determine the percentage change, the 

increase in Tmin (6.07℃) is divided by the initial Tmin value 

(10.45℃), resulting in a percentage change of 58.09%. On the 

other hand, the increase in Tmax (6.41℃) is divided by 

24.05℃, resulting in a smaller percentage change (26.65%). 

3.2.3 Projection of precipitation 

The observed and projected rainfall maps are displayed in 

Figures 11 to 13. The annual accumulated rainfall over the 

LZRW was divided into five classes, ranging from 375-475 

mm (the lowest) to 775-875 mm (the highest). 

Figure 11. Rainfall results for the observed and projected maps (2041-2060) 

4733



Figure 12. Rainfall results for the observed and projected maps (2061-2080) 

Figure 13. Rainfall results for the observed and projected maps (2081-2100) 

Figure 11 shows the comparison between the observed 

rainfall map and the projected maps for the period 2041-2060. 

The observed map shows the first four classes. The class 375-

475 mm covers 27.23% of the basin, and it extends mainly in 

the western parts of the watershed. The class 475-575 mm 

covers the majority of the LZRW (40.22%), with a spread 

across the central and eastern parts. The class 575-675 mm 

represented 29.29% of the catchment area. The highest rainfall 

occurred in the northern region, where the class 675-775 mm 

was extended. Both of the projected maps revealed increasing 
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rainfall; the higher rise was observed in the SSP2-4.5 map. The 

spatial extent of the lowest class (375-475 mm) decreased by 

21.00 and 18.66% in the SSP2-4.5 and SSP5-8.5 maps, 

respectively, compared to the observed map. Meanwhile, the 

spatial coverage of the class 775-875 mm increased from a 

non-existent state in the observed map to 3.38 and 0.48% in 

the SSP2-4.5 and SSP5-8.5, respectively. 

Figure 12 depicts the observed map and the results of the 

second projection period. The SSP2-4.5 exhibited increasing 

rainfall. The lowest rainfall class reduced by 28.76% in the 

projected map compared to the observed map, while the 

highest class rose from zero in the observed map to 0.82% in 

the projected map. In contrast, the SSP5-8.5 and the observed 

maps had approximately similar rainfall distribution. 

The comparison between the observed map and the 

projected maps of the third future period is displayed in Figure 

13. A significant increase is observable in the projected maps.

Most of the rainfall increment occurred in the northern parts

of the LZRW, where the class 675-775 mm increased from

3.35% in the observed map to 5.83% in the SSP2-4.5 map, and

similarly, the class 775-875 mm rose from zero to 0.48%.

Figure 14 illustrates the precipitation trend during the future 

periods. One can observe that the projection scenarios for all 

periods exhibited rainfall increment. The SSP2-4.5 predicted 

the most significant rise of 9.35% during the first period 

(2041-2060). This increment decreased in the subsequent 

periods. On the other hand, the SSP5-8.5 showed a fluctuating 

increase trend; the percentage changes during the first, second, 

and third periods were 3.18, 0.02, and 2.59%, respectively. 

Figure 14. Percentage change of rainfall for the projection 

periods 

The results obtained align with studies on climate change 

undertaken in Iraq and neighboring nations [1, 2, 6]. Global 

warming, induced by increasing GHG emissions, will 

ultimately lead to elevated temperatures in the oceans and 

rising levels of water, increasing water evaporation and 

boosting global humidity and precipitation [54]. Nonetheless, 

it must be acknowledged that the predicted rise in rainfall may 

also pose some challenges, including an elevated risk of 

flooding and soil erosion, depending on the intensity, duration, 

and season of the rainfall [55]. 

4. CONCLUSIONS

The research was conducted to elucidate the spatiotemporal 

distribution properties of mean rainfall, and minimum and 

maximum temperatures (both historical and projected) within 

the Little Zab River Basin. The study used the LARS-WG 8 

model to forecast daily weather variables for three future 

periods (2041-2060, 2061-2080, and 2081-2100) based on the 

baseline period (1985-2015). Five General Circulation Models 

(GCMs) were used to project future weather data, therefore, 

reducing uncertainty and enhancing the forecast range. 

According to the research results, the main conclusions are as 

follows: 

1-The LARS-WG 8 model can effectively downscale daily

weather variables at the ten stations, as indicated by the K-S 

test conducted. 

2-The SSP5-8.5 emission scenario projected minimum and

maximum temperatures higher than those of the SSP2-4.5 for 

all the projection periods. Additionally, the minimum 

temperatures exhibited a higher percentage change than the 

maximum temperatures for the projection periods under both 

scenarios. 

3-The mean minimum temperature under the SSP5-8.5

increased by 29.38, 42.49, and 58.09% for the periods 2041-

2060, 2061-2080, and 2081-2100, respectively, compared to 

the baseline temperature. 

4-The mean maximum temperature under the SSP5-8.5 rose

by 13.35, 19.88, and 26.65 % for the periods 2041-2060, 2061-

2080, and 2081-2100, respectively, compared to the baseline 

value. 

5-The rainfall projection results exhibited fluctuating trends

for both scenarios. During the first and second periods, the 

SSP2-4.5 showed the highest rainfall. In contrast, the SSP5-

8.5 projected the highest rainfall. 

6-The most significant rainfall increment was recorded

during the first period under the SSP2-4.5, when the rainfall 

increased by 9.35% compared to the baseline rainfall. 

Despite the findings acquired are relevant to the LZRW, 

they provide a powerful indication of the effect of climate 

change on Iraq's weather variables and water resources. 

The essential strength of the current research was its 

emphasis on the need to consider the temporal and spatial 

investigation of climate change impacts. Such a manner gives 

a delicate representation of climate change consequences 

compared to investigating them at specific locations (weather 

stations). Thus, it provides a clearer insight into how decision-

makers and planners can adopt sustainable plans to mitigate 

the hazards associated with climate change. 
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NOMENCLATURE 

LZRW Lower zab river watershed 

LARS-

WG 

Long Ashton research station weather 

generator 

SSP 

Tmax 

Shared socio-economic pathways 

Maximum temperature 

Tmin Minimum temperature 
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