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Abstract


Bangladesh, one of the most vulnerable countries to climate change, has been experiencing significant climate change-induced risks. Particularly, the northwest region of the country has been severely affected by climate extremes, including droughts and heat waves. Therefore, proper understanding and assessment of future climate change scenarios is crucial for the adaptive management of water resources. The current study used the statistical downscaling model (SDSM) to downscale and analyze climate change-induced future changes in temperature and precipitation based on multiple global climate models (GCMs), including HadCM3, CanESM2, and CanESM5. A quantitative approach was adopted for both calibration and validation, showing that the SDSM is well-suited for downscaling mean temperature and precipitation. Furthermore, bias correction was applied to enhance the accuracy of the downscaled climate variables. The downscaled projections revealed an upward trend in mean annual temperatures, while precipitation exhibited a declining trend up to the end of the century for all scenarios. The observed data periods for the CanESM5, CanESM2, and HadCM3 GCMs used in SDSM were 1985–2014, 1975–2005, and 1975–2001, respectively. Based on the aforementioned periods, the projections for the next century indicate that under the CanESM5 (SSP5-8.5 scenario), temperature is projected to increase by 0.98 °C, with a 12.4% decrease in precipitation. For CanESM2 (RCP8.5 scenario), temperature is expected to rise by 0.94 °C, and precipitation is projected to decrease by 10.3%. Similarly, under HadCM3 (A2 scenario), temperature is projected to increase by 0.67 °C, with a 7.0% decrease in precipitation. These downscaled pathways provide a strong basis for assessing the potential impacts of future climate change across the northwestern region of Bangladesh.






Keywords:


climate change; GCM; statistical downscaling; SDSM; bias correction












1. Introduction


According to the Sixth Assessment Report of the Intergovernmental Panel on Climate Change (IPCC), the atmosphere, ocean, cryosphere, and biosphere are changing rapidly and widely due to the effects of human-caused climate change [1]. This results in intensifying weather and climate extremes globally and causes significant negative effects and losses that disproportionately affect vulnerable communities that have made the fewest contributions to the crisis. By 2020, the Earth’s surface temperature had increased by 1.1 °C compared to pre-industrial levels (1850–1900) as a result of human activity, specifically the emission of greenhouse gases from unsustainable energy use, land use, consumption, and production patterns [1]. Ref. [2] assessed that the global temperature will temporarily surpass 1.5 °C, exceeding pre-industrial levels over the course of the next five years (2024–2028). It is estimated globally that the rate of rise in temperature is 0.13 °C/decade [3]. Additionally, global precipitation patterns are shifting, with many places seeing a rise in the intensity of heavy rainfall events that increase the danger of floods, while others—like the Mediterranean and southern Africa—are seeing notable drops that exacerbate drought conditions. These changes are making extreme weather events more frequent and posing long-term problems for agriculture and water management [1]. Numerous human and environmental systems are at serious risk from such large-scale changes, especially those that include land and coastal ecosystems [4,5]. The implications are already being felt in industries like forestry [5] (Seidl et al., 2018), agriculture [6], and biodiversity [7], where the impact of climate change are increasing vulnerability and causing disruptions in ecosystem services.



Using sophisticated mathematical models, notably global climate models (GCMs), which are also known as general circulation models, it is possible to undertake in-depth evaluations of the condition of the climate in the past, in the present, and in the future [8,9]. Significant advances in climate modeling are reflected in the development of GCMs over the development phases of the Coupled Model Intercomparison Project (CMIP) [10]. Although it had a restricted model complexity and low horizontal resolutions, CMIP3 signaled the start of concerted efforts and offered fundamental insights into the effects of climate change [11]. CMIP5 saw improvements in the physics of the models as well as increased resolutions (around 100–200 km). Additionally, scenario frameworks were expanded with representative concentration pathways (RCPs), which enabled better assessments of future climate changes. However, uncertainties remained regarding regional projections and extreme events [12,13]. The CMIP6 models represented significant advancements since they incorporated more complex climatic processes and have resolutions that are even higher (down to 25–50 km) [14]. The use of shared socioeconomic pathways (SSPs) makes it possible to conduct a more detailed investigation of potential future scenarios. These developments highlight the growing complexity and usefulness of GCMs in the context of understanding climate change [15].



Due to their structure, GCMs are able to precisely model the complicated relationships that occur between the atmosphere, water bodies, and land surfaces, offering insights into current and projected climatic processes [16]. The GCMs use broad-scale grid networks to estimate future climates [17]. However, the findings from GCMs are not directly appropriate for analyzing localized environmental and hydrological implications of climate change due to their relatively coarse spatial resolution [18,19]. Local variables impact regional climatic patterns more than global trends. For several nations and economic sectors, the Intergovernmental Panel on Climate Change (IPCC) recommends more detailed research on climate change consequences at regional and local levels [6]. Evaluation of climatic variability and projection of future trends at a national level may help us understand long-term climate patterns and their local causes. In order to eliminate this problem, downscaling methods are often used to improve GCM results so that local effect estimates are more precise [20]. This method refines the broad-scale GCM outputs into finer resolutions, providing more accurate local data and improving the precision of local effect estimates [21].



The development of regional or local climate scenarios typically makes use of two basic downscaling techniques: dynamical and statistical downscaling. Utilizing regional climate models (RCMs) that are driven by coarse-resolution general circulation model (GCM) data in order to provide information at the regional scale is what is known as dynamical downscaling (DD). On the other hand, statistical downscaling (SD) is when quantitative correlations are established between large-scale atmospheric factors (predictors) and local surface variables (predictands) in order to generate localized scenarios [22]. In order to give site-specific insights, both dynamical and statistical downscaling approaches depend on historical observation data. Numerous studies [23,24,25,26,27,28] have used the aforementioned downscaling techniques to explore the impacts of climate change across different parts of the world.



The SD technique, which is well-known for its high-speed performance and cost-effectiveness, has been becoming increasingly popular. Various statistical techniques can refine coarse-resolution data to finer scales, including automated statistical downscaling (ASD) [29], multiple linear regression (MLR) [30], Bayesian models [31], support vector machines (SVM) [32,33], classification and regression trees (CART) [34], non-homogeneous hidden Markov models [35], artificial neural networks (ANN) [31,36], and the statistical downscaling model (SDSM) [37,38,39,40]. Among these, the SDSM technique is very popular for the assessment of climate impacts globally due to its simplicity to handle and robustness in application [41,42].



Bangladesh is widely recognized as one of the most vulnerable countries in the world to climate change [43]. It is also the eighth most densely populated country in the world (around 1350 people per square kilometer) [44]. Every year, a multitude of individuals in this nation encounter climate-related difficulties, which include a range of natural calamities such as floods, droughts, coastal flooding, saltwater infiltration, and cyclones [45]. Rising summer temperatures and heavy rainfalls are examples of recurring climate events that have become more noticeable in recent years in Bangladesh, which is reflecting the global trends [46,47,48]. The country has distinct landscapes, with its northwest region being particularly highly vulnerable to climate risks. The Barind Tract, which is located in the region, is prone to droughts and extreme temperatures and faces significant challenges due to its extreme climatic vulnerability [49]. Issues such as protracted droughts, declining groundwater levels, reduced surface water supply, and increasing soil salinity are critical concerns in the northwest region of Bangladesh [50,51,52]. The region’s agricultural stability and economic well-being are at risk as climate change exacerbates the aforementioned challenges.



The northwest region of Bangladesh is an important economic hub due to its substantial agricultural resources and economic contributions [53]. Known for its pastoral communities and fertile lands, this area significantly contributes to the nation’s economic stability and food security, accounting for approximately 8% of the nation’s GDP annually [54]. Given its heavy dependency on agriculture, the region is particularly vulnerable to climate-related impacts such as extended droughts, groundwater depletion, and floods. Considering its economic importance and vulnerability, climate trends and future projections must be factored into planning for agricultural practices, infrastructure development, and disaster preparedness in northwest Bangladesh. Statistical downscaling approaches have been used in a number of studies to estimate climatic scenarios, utilizing GCMs and RCMs. For example, ref. [55] evaluated projected temperature and precipitation changes using the Hadley Centre Coupled Model version 3 (HadCM3). Similar to this, ref. [56] assessed climatic variability and its possible effects on agriculture in the northwest area using models from the CMIP5. In another study, ref. [57] estimated reference evapotranspiration trends using the Canadian Earth System Model version 2 (CanESM2), which has important ramifications for the region’s management of water resources. Ref. [27] also used sophisticated machine learning techniques, such as support vector machines (SVM) and the statistical downscaling model (SDSM), to downscale GCM outputs from CMIP5. However, to the best of the authors’ knowledge, no past study has yet applied SDSM to project climate change specifically for the northwest region of Bangladesh, taking into account CMIP6 data. Therefore, the objective of the current study is to provide detailed simulations of temperature and precipitation patterns in the northwest region of Bangladesh using SDSM under SRES, RCP, and SSP scenarios from three GCMs, namely, HadCM3, CanESM2, and CanESM5, for three future time periods, including 2025–2050, 2051–2075, and 2076–2100, respectively. This study focuses on future trends in average annual precipitation and temperature, and it also tests how well different global climate models (GCMs) can predict what is expected to occur in the northwest region of Bangladesh. It is expected that the findings of the current study will be useful to understand the potential climate change impact across the northwest region of Bangladesh for the sensible and adaptive management of water resources and natural ecosystems.




2. Study Area and Data Description


2.1. Climatic Features of the Study Area


The northwest region of Bangladesh is considered the study area in the current study that covers Rangpur and Rajshahi divisions. The location of the study area is shown in Figure 1, which is situated between 88°01′ and 89°56′ east longitude and between 24°00′ and 26°38′ north latitude. This region has an area of around 31,119.87 km2 and is divided into sixteen districts. An estimated 37.96 million people live in the area [58]. The region covers the Barind Tract, which is significant for its high agricultural output, contributing approximately 30% of the national GDP from agriculture. Key crops such as rice and mangoes play a central role in this economic contribution [59]. The region relies heavily on the Ganges River and its tributaries, with over 50% of the agricultural land in the northwest dependent on irrigation from these water sources [56]. Furthermore, agriculture is the primary livelihood for approximately 45% of the population in this region [48]. The climate of the northwest is characterized as tropical, with distinct seasons: a cool and dry winter (December–February), a hot and dry pre-monsoon summer (March–May), a wet monsoon season (June–September), and a post-monsoon autumn (October–November) [60,61].



The Ganges (Padma), Jamuna, and Teesta are three of the main rivers that form the river morphology of the northwest region of Bangladesh. These rivers have a substantial impact on the hydrology and geography of the area. Although these rivers are essential for transportation, agriculture, and fishing, they also present difficulties because of frequent flooding and erosion of the riverbanks, especially during the monsoon season. These rivers are dynamic, which leads to the creation of char lands—often used for seasonal agriculture—and the altering of river channels [62].



This region’s economy is based mostly on agriculture, and Bangladesh’s most productive agricultural districts are found here thanks to the rich alluvial plains. Rice, wheat, jute, sugarcane, and a variety of fruits and vegetables are the main crops. Year-round farming has been made possible by the availability of water from rivers and the installation of irrigation systems, but the area still suffers difficulties with soil erosion, drought, and waterlogging. Millions of people rely on the effective management of these environmental conditions for their livelihoods since agricultural practices are closely linked to seasonal climatic patterns [63].



The Bangladesh Meteorological Department (BMD) collected meteorological data, such as mean temperature (Tmean) and precipitation, from six weather stations located in the northwest area of Bangladesh during a 39-year period (1975–2014). The climatic conditions of the study region are summarized in Table 1. However, 3.2% of the data was found to be missing; this is calculated using Python’s (Version 3.9) linear regression approach. It is important to note, based on [64], that the range of maximum missing data might be considered as 5%.



The geographical features and summary statistics of the study area’s climatic variables—specifically, mean temperature (Tmean), and precipitation—are shown in Figure 2. The plot displays the monthly average variations in temperature and precipitation based on data from 1975 to 2014. As can be seen from Figure 2a, the average temperature is about 25.3 °C across the study area. Bogra station is the warmest place with an average temperature of 25.9 °C, while Rajshahi is the coolest at 24.9 °C. Additionally, January has the lowest mean temperature at 17.0 °C, and August has the highest at 29.4 °C. Figure 2b shows the monthly precipitation distribution across all climate stations, with a significant peak of 398 mm in July and a low of 6 mm in January, representing 20.2% and 0.3% of the total precipitation (1977 mm), respectively. However, the highest precipitation occurs in Rangpur (2709 mm), while Ishwardi receives the lowest (1755 mm).




2.2. General Circulation Models


Future climate scenarios in this study were developed using observed data and outputs from general circulation models (GCMs). The GCM outputs with reanalysis data of the National Centers for Environmental Prediction (NCEP) were collected from the Canadian climate scenarios website (https://climate-scenarios.canada.ca/?page=CanDCS6-data, accessed on 25 August 2024). Each model provided unique insights, enabling the capture of both historical climate patterns and future projections of key climatic variables. For instance, the HadCM3 model offers historical climate data from 1961 to 2001, with future projections available from 2002 to 2099. The CanESM2 model includes historical data from 1961 to 2005, with future projections extending from 2006 to 2100. The CanESM5 model provides historical data from 1979 to 2014, with future projections running from 2015 to 2100. The details of the three GCMs are summarized in Table 2.





3. Methodology


In the current study, three GCMs, including HadCM3, CanESM2, and CanESM5, were considered for climate projections. The selection of these models was based on several factors, including their historical simulation periods, spatial resolution, and ability to represent regional climate trends, as well as their performance in previous studies. HadCM3, an earlier-generation model, was chosen to provide historical context for climate projections. Its longer availability and established role in the climate modeling community allowed for comparisons with more recent models. However, due to its older nature, HadCM3 has been noted to have certain limitations in accurately representing regional climate variables such as temperature and precipitation, particularly in the context of modern climate dynamics. In contrast, CanESM2, a more advanced model, was selected for its improved representation of key climate variables. With higher spatial resolution and more sophisticated physical processes, CanESM2 provides more accurate simulations, especially of temperature and precipitation patterns, compared to HadCM3. Its capability to simulate a broader range of climate scenarios further led to its inclusion in this study. Finally, CanESM5, the latest model in the series, was included to take advantage of its further enhancements in spatial resolution and physical process modeling. It was expected that CanESM5 would provide a more robust simulation of future climate dynamics, which is critical for improving the accuracy and reliability of future climate projections. The differences between these models, particularly in their spatial resolution and representation of physical processes, were expected to influence the accuracy of climate projections. By incorporating the aforementioned GCMs, a broad spectrum of potential climate outcomes was captured, and the range of uncertainty in future climate predictions was assessed.



The current study follows several key stages. First, climate data, including mean daily temperature and precipitation from 1975 to 2014, were collected from the Bangladesh Meteorological Department (BMD). Moreover, data from three GCMs—HadCM3, CanESM2, and CanESM5—were downloaded, each representing different scenario families such as SRES, RCPs, and SSPs, respectively.



Next, the statistical downscaling model (SDSM v4.2.9) was used to refine the GCM data to a localized scale. In order to ensure reliable predictions, correlation coefficients, partial r-values, and p-values were calculated by developing a correlation matrix between the local predictands (mean temperature and precipitation) and the NCEP predictors. After selecting the most suitable predictor(s), the model was used in the calibration phase.



Following a satisfactory calibration phase, the model proceeded to the validation phase, which included bias correction. Following validation, projections of mean temperature and precipitation were evaluated for the periods 2002 to 2099 for HadCM3, 2006 to 2100 for CanESM2, and 2015 to 2100 for CanESM5, based on their respective climate scenarios. Finally, projections of mean annual rainfall and temperature (Tmean) up to 2100 were analyzed. The complete methodological framework adopted in the current study is illustrated in Figure 3.



3.1. Description of Statistical Downscaling Model (SDSM)


The statistical downscaling model (SDSM) is a hybrid regression-based approach that integrates stochastic weather generation with multiple linear regression to evaluate future climate scenarios [65]. It offers three primary models: the annual, the seasonal, and the monthly sub-model. The annual model is designed for annual climate data and focuses on predicting long-term trends. The seasonal model is used for data that varies seasonally, capturing seasonal patterns and fluctuations. The monthly sub-model, which was employed in this study, is specifically designed for analyzing finer temporal scale data, such as monthly or daily climate variables. Among these, the monthly sub-model is considered the most suitable for the downscaling of daily climate data as it offers higher accuracy in capturing short-term variability and finer patterns compared to the other two models [66].



The model consists of four primary components: selecting predictors, calibrating the model, generating weather data, and producing future climate variable series [66]. It establishes relationships between large-scale predictors and local-scale predictands, using a linear approach to simulate weather patterns and align observed data with simulated climate outputs through optimized model parameters [67,68,69,70,71]. Different GCMs operate on varying calendars, which were preserved during downscaling. HadCM3 follows a 360-day calendar, while CanESM2 and CanESM5 use a 365-day calendar [72,73].




3.2. Screening of NCEP Predictor List


Uploading local climate variables, comparing absolute correlations with 26 NCEP/NCAR predictors, selecting a super predictor (SP) based on the smallest p-value and highest partial correlation, and repeatedly screening other predictors by determining their statistical significance using p-values, correlation coefficients, and partial correlations to guarantee robustness are all steps considered in the SDSM predictor selection process. The step-by-step full procedure is outlined below:



Step 1: Local climate variables, such as Tmean and precipitation, were correlated with 26 NCEP/NCAR climate variables by constructing a correlation matrix. The top 12 variables with the highest absolute correlation coefficients were identified for further analysis (SDSM allows a maximum of 12 predictors in its screening process). The variable showing the highest correlation was referred to as the super predictor (SP). The SP is defined as the variable with the strongest statistical relationship (i.e., the highest absolute correlation or partial correlation) with the target variable, demonstrating the most reliable predictive power.



Step 2: A correlation matrix was created between the SP and the remaining predictors. Absolute partial correlation coefficients (p.r) and p-values were calculated. Predictors with p-values < 0.05 and the highest partial correlation (p.r) were prioritized for primary selection. This ensures that selected predictors are both statistically significant and strongly related to the predictands.



Step 3: In order to address multicollinearity, the remaining predictors (after the primary selection process) were re-correlated with respect to the SP. The p-values, absolute correlation coefficients, and partial correlation coefficients were evaluated. Predictors with p-values greater than 0.05 and individual correlation coefficients less than 0.5 were removed to reduce multicollinearity, as predictors that are weakly correlated with the SP are less likely to contribute meaningfully to the model.



Step 4: Further, the percentage difference in partial correlation (Pd%) was calculated using the absolute partial correlation coefficient (p.r) and the absolute correlation (R1) between predictors and predictands [68,74,75] by using Equation (1). Predictors with Pd% values exceeding 60% were removed to maintain prediction consistency [76].


    P   d %   =      p . r −   R   1       R   1        × 100    



(1)







Generally, one to three predictors without multicollinearity are sufficient to model climatic variability [77].




3.3. Analysis of Model Performance


In order to evaluate the successful execution of the model calibration, the correlation of determination (R2), the Kling–Gupta efficiency (KGE), and the Nash–Sutcliffe model efficiency coefficient (NSE) were used as they provide a comprehensive assessment of the model’s predictive accuracy, bias, and ability to capture variability. The aforementioned metrics expressed by Equations (2)–(4) are given in the following:


    R   2   = 1 −    n (  ∑  x y ) − (  ∑  x ) (  ∑  y )            n  ∑    x   2   −  ∑    x   2           n  ∑    y   2   −  ∑    y   2              



(2)






  K G E = 1 −    ( r − 1 )   2   +   (       σ   s i m       σ   o b s      − 1  )  2  +   (       y  ¯      x  ¯     − 1 )   2    



(3)






  N S E = 1 −     ∑  (   (   x − y   )  2  )      ∑    (  x −   x  ¯   )  2        



(4)




where x is the observed value, y is the modeled or simulated value, r is the pearson correlation, σ is the standard deviation, and     x  ¯    and     y  ¯    are the mean observed and simulated values, respectively.



However, about 30 years of observed data were chosen for each model as this duration is widely accepted as sufficient for long-term future climate predictions, ensuring that robust and reliable projections are made. In each case, approximately 70% of the observed data was used for calibration, and the remaining 30% was reserved for validation [74]. The calibration period was performed from 1975 to 1995 for HadCM3 and CanESM2 and from 1985 to 2005 for CanESM5. These metrics provide a comprehensive assessment of model accuracy, with values approaching 1 indicating optimal performance. Specifically, higher R2 values signify stronger correlations between observed and simulated data. KGE measures how well the model handles bias, variability, and correlation, while NSE values close to 1 indicate greater predictive accuracy and reliability.



After the model demonstrated satisfactory calibration performance, it was subsequently used for validation checks. The validation performance was assessed separately for each period (1996–2001 for HadCM3, 1996–2005 for CanESM2, and 2006–2014 for CanESM5) using statistical metrics, including RMSE, MAE, and MBE. These metrics were computed to compare observed and simulated values, providing a quantitative evaluation of prediction accuracy. The formulas used for the aforementioned error statistics are given by the following Equations (5)–(7) as follows:


  R M S E =     1   n      ∑  i = 0   i = n      ( y − x )   2       



(5)






  M A E =    1   n      ∑  i = 0   i = n      y − x      



(6)






  M B E =    1   n      ∑  i = 0   i = n    ( y − x )    



(7)




where x and y represent the observed and simulated values, respectively, and   n   is the total number of data points. Lower RMSE and MAE values indicate better model performance, while MBE assesses systematic bias. These statistical evaluations ensure a robust assessment of the model’s predictive accuracy across the validation periods. To improve prediction accuracy, bias correction was applied using Equations (8) and (9), following the approach detailed in ref. [74]. The correction process adjusted systematic errors in temperature and precipitation projections by aligning the model outputs with observed long-term means. The effectiveness of bias correction was evaluated by recalculating RMSE, MAE, and MBE after applying the correction. This step ensured that potential biases were minimized before further analysis in the results section.


    T   o   =   T   d s   −       T  ¯    d   −     T  ¯    o b      



(8)






    P   o   =   P   d s   ×          P  ¯    d             P  ¯    o b         



(9)




where To and Po are the corrected temperature and precipitation, respectively; ds, d, and ob are the daily downscaling future data, long-term mean monthly data by SDSM, and long-term mean monthly observed data, respectively.




3.4. Assessment of Future Scenarios


After passing demanding calibration and validation processes, the downscaling model was used to downscale climatic variables for the study region and predict future climate changes. A thorough analysis of potential long-term changes in climatic variables is made possible by these scenarios. Three separate future time periods were included in the analysis—2025–2050, 2051–2075, and 2076–2100—in order to fully evaluate projected climatic changes and trends. These time frames were chosen to provide a thorough understanding of both short- and long-term climatic changes. Furthermore, the mean annual predicted data for various scenarios were evaluated and compared to each other to enhance accuracy.





4. Results


4.1. Selecting Key Predictors


The predictor selection process is summarized in Table 3, which shows the top 11 predictors for Tmean at the Rangpur station for CanESM5, ranked by correlation values, partial correlation (pr), and p-values to ensure prediction accuracy. Temperature at 2 m (temp) was considered a super predictor (SP) for this station because it showed the highest correlation with the predictand (Tmean) compared to other predictors. Its significant influence on local climate conditions, particularly temperature variability, stems from its direct representation of surface air temperature. This is highly sensitive to the region’s climatic patterns, including seasonal variations, local weather systems, and interactions between the atmosphere and land surface.



In regions like Rangpur, the near-surface temperature plays a key role in driving and influencing the local atmospheric conditions, including rainfall patterns and other climate variables, making it a highly relevant predictor. Additionally, the high correlation of “temp” with the target variable (e.g., Tmean) in this specific location suggests that temperature at 2 m is a dominant factor influencing the area’s climate as it is better able to capture the variability in temperature trends than other predictors. This makes “temp” a more reliable and significant predictor for that station compared to other variables. It is important to note that the process described above was specifically applied to the Rangpur station for Tmean using CanESM5. However, the same procedure and strategy were followed for each station to select the top predictors for both Tmean and precipitation, considering correlation values, partial correlation (pr), and p-values. Since each GCM has unique characteristics and their output values differ, predictor values were calculated separately for each GCM to ensure prediction accuracy. Hence, the 26 predictors from each GCM for each station were selected and evaluated using the same procedure to create the most suitable predictors list for all three models.



The numbers in Table 4 show the position of each NCEP predictor, as generated by the SDSM tool for the study area. For HadCM3, both temperature at 2 m (temp) and 1000 hPa specific humidity (shum) were chosen as predictors for Tmean, while only temperature at 2 m (temp) was used for CanESM2 and CanESM5. For precipitation predictions, temp, shum, and total precipitation (prcp) were selected for HadCM3, while “temp” and “shum” were used for CanESM2, and only “temp” for CanESM5. These predictors are important for the study area because they directly affect the local climate.



In the northwest region of Bangladesh, temperature at 2 m (temp) is the main factor driving seasonal and regional changes, so it is a key predictor for both temperature and precipitation. The 1000 hPa specific humidity (shum) and precipitation (prcp) also play important roles but are gradually excluded in the models due to their weaker relationship with the observed climate patterns, especially with different GCMs. Additionally, “shum” affects moisture levels and temperature, while “prcp” reflects how moisture moves in the atmosphere. However, as the GCMs simulate moisture processes at different scales, “prcp” becomes less important for future projections, especially for CanESM5. As a result, the selected predictors are crucial for capturing the main climate drivers in the region.




4.2. Model Calibration


The calibration results used to evaluate the SDSM model’s performance are presented in Table 5. For the HadCM3 model, the calibration for Tmean was strong, with R2 = 0.923, KGE = 0.931, and NSE = 0.901, indicating near-perfect accuracy. The performance for precipitation was slightly lower but still high, with R2 = 0.917, KGE = 0.935, and NSE = 0.893. The CanESM2 model demonstrated excellent performance for both Tmean, with R2 = 0.939, KGE = 0.945, and NSE = 0.919, and precipitation, with R2 = 0.958, KGE = 0.966, and NSE = 0.936. However, the CanESM5 model outperformed both models, showing superior results for Tmean (R2 = 0.961, KGE = 0.978, and NSE = 0.921) and precipitation (R2 = 0.967, KGE = 0.977, and NSE = 0.976). Overall, the CanESM5 model demonstrated the highest predictive capability for both Tmean and precipitation, surpassing the HadCM3 and CanESM2 models.




4.3. Model Validation Before and After Bias Correction


After the model’s calibration performance was satisfied, the validation phase was conducted, both before and after bias correction. The validation results for Tmean are presented in Table 6, while the precipitation results are shown in Table 7. As can be seen from Table 6, significant improvements in the validation results after bias correction for Tmean were observed across all models. For the HadCM3 model, RMSE was reduced from 0.986 to 0.758, MAE decreased from 0.783 to 0.608, and MBE shifted from 0.130 to −0.068, indicating a notable enhancement in accuracy. Similarly, slight improvements were observed for the CanESM2 model, with RMSE decreasing from 0.946 to 0.942, MAE from 0.759 to 0.753, and MBE showing a minimal shift from 0.060 to −0.002. The CanESM5 model also benefited from bias correction, with RMSE improved from 0.927 to 0.922, MAE reduced from 0.745 to 0.743, and MBE changed from 0.037 to 0.001, highlighting enhanced predictive performance.



For precipitation results shown in Table 7, for the HadCM3 model, RMSE was reduced from 87.804 to 87.735, MAE decreased from 58.319 to 58.153, and MBE shifted from 30.653 to 0.014, indicating a strong enhancement in accuracy. The CanESM2 model showed modest improvements, with RMSE decreasing from 87.274 to 80.812, MAE from 56.056 to 50.852, and a slight change in MBE from 23.735 to −0.099. For the CanESM5 model, RMSE dropped from 86.708 to 85.976, MAE from 54.382 to 52.870, and MBE adjusted from 51.305 to 0.003. Among all models, the CanESM5 model demonstrated the most consistent and accurate performance following bias correction.




4.4. Mean Annual Change and Magnitude of Time-Series Trend of Tmean and Precipitation for Future Climates


Figure 4a illustrated a steady increase in mean temperature, while Figure 4b showed a notable decrease in precipitation across all future periods of 2025–2050, 2051–2075, and 2076–2100 under their respective scenarios. These trends were projected relative to the baseline periods of 1975–2001 for HadCM3, 1975–2005 for CanESM2, and 1985–2014 for CanESM5.



For the HadCM3 model, the A2 scenario showed a gradual temperature increase, starting with a 0.10 °C rise in the early 21st century (2025–2050), growing to 0.32 °C by the mid-century (2051–2075), and reaching 0.67 °C by the late 21st century (2076–2100) compared to the baseline period. Under the B2 scenario, the temperature increase was slightly lower, with a projected rise of 0.60 °C by the late 21st century. For the CanESM2 model, the RCP2.6 scenario predicted the lowest temperature increase, starting with a rise of 0.14 °C during 2025–2050, peaking at 0.45 °C in 2051–2075, and then continuing to rise to 0.67 °C by the late 21st century. Similarly, in the RCP4.5 and RCP8.5 scenarios, the mean temperature was expected to rise by 0.71 °C and 0.94 °C, respectively, by the end of the century. However, for the CanESM5 model, the SSP1-2.6, SSP2-4.5, and SSP5-8.5 scenarios evaluated the temperature increase as 0.51 °C, 0.75 °C, and 0.98 °C, respectively, by the end of the 21st century (Figure 4a).



In Figure 4b, for the near future period (2025–2050), HadCM3 showed a slight decrease in precipitation, with reductions of 2.8% under the A2 scenario and 3.0% under the B2 scenario. In comparison, CanESM2 predicted more pronounced declines, with reductions of 5.7% under the RCP2.6 scenario, 5.9% under the RCP4.5 scenario, and 6.5% under the RCP8.5 scenario. Meanwhile, CanESM5 projected reductions of 5.9%, 6.3%, and 6.6% under the SSP1-2.6, SSP2-4.5, and SSP5-8.5 scenarios, respectively.



As the century progressed into the period 2051–2075, the downward trend in precipitation continued. HadCM3 projected further reductions of 4.8% under the A2 scenario and 4.4% under the B2 scenario. CanESM2 anticipated larger reductions, with declines of 6.8% under the RCP2.6 scenario, 7.5% under the RCP4.5 scenario, and 8.3% under the RCP8.5 scenario. Meanwhile, CanESM5 forecasted even more substantial reductions, ranging from 7.9% under the SSP1-2.6 scenario, 8.3% under the SSP2-4.5 scenario, to 9.3% under the SSP5-8.5 scenario.



By the period 2076–2100, the decline in precipitation became more pronounced. HadCM3 projected reductions of up to 7.0% under the A2 scenario and 6.8% under the B2 scenario. CanESM2 predicted the most significant decline, particularly 9.8% under the RCP2.6 scenario, 10.3% under the RCP4.5 scenario, and 11.1% under the RCP8.5 scenario. Meanwhile, CanESM5 also showed notable reductions, with precipitation dropping by up to 10.9% under the SSP1-2.6 scenario, 11.9% under the SSP2-4.5 scenario, and 12.8% under the SSP5-8.5 scenario.



It is important to note that the projected temperature increases for the CanESM2 model are slightly higher than those for the HadCM3 model, while the CanESM5 model predicts even higher temperature increases compared to both HadCM3 and CanESM2. This trend suggests that the more recent models, particularly CanESM5, tend to forecast stronger warming in comparison to their predecessors.



Therefore, it can be concluded that the model upgrade to CanESM5 provides more robust and potentially accurate climate projections, making it a valuable tool for assessing future climate change impacts. These findings are supported by the model’s demonstrated performance in reproducing historical climate patterns, which enhances confidence in its ability to predict future scenarios. By grounding the analysis in historical validation, the results from CanESM5 can be considered more reliable for projecting future climate scenarios. This highlights the importance of using updated models, validated against historical data, for robust and credible climate research.



Figure 5a–c shows the time series of mean temperature changes, while Figure 5d–f present the percentage changes in mean precipitation, comparing observed values with future projections under different climate scenarios. In HadCM3 (Figure 5a), historical data from 1975 to 2001 were compared with future projections for the A2 (high emissions) and B2 (lower emissions) scenarios spanning the period from 2002 to 2099. Based on observed data, both scenarios showed a moderate rising trend, with the A2 scenario showing a somewhat sharper rise than the B2 scenario.



In CanESM2 (Figure 5b), observed data were compared with future projections under three scenarios: RCP2.6 (low emissions), RCP4.5 (moderate emissions), and RCP8.5 (high emissions). RCP8.5 showed the highest temperature increase, especially after 2050, while RCP2.6 had the least warming. Similarly, in CanESM5 (Figure 5c), observed data were compared with projections under SSP1-2.6 (low emissions), SSP2-4.5 (moderate emissions), and SSP5-8.5 (high emissions). SSP5-8.5 showed the greatest temperature rise, particularly after the mid-21st century, while SSP1-2.6 had the lowest increase.



While the temperature was projected to rise, precipitation consistently declined over time. In HadCM3 (Figure 5d), the A2 scenario exhibited a sharper precipitation decline compared to the B2 scenario. Similarly, in CanESM2 (Figure 5e), the RCP8.5 scenario showed a more pronounced decline in precipitation than RCP4.5, with RCP2.6 showing the least reduction. In CanESM5 (Figure 5f), the SSP5-8.5 scenario had the steepest decline, followed by SSP2-4.5, while SSP1-2.6 showed the smallest decrease. This inverse relationship highlights that those higher emissions scenarios not only caused significant temperature increases but also led to more substantial precipitation decreases.





5. Discussion


Bangladesh’s climate is characterized by significant variations in temperature and rainfall patterns across different regions and time periods [78]. This study conducted climate change predictions to assess the potential impacts of future climate variability on key sectors such as agriculture, water resources, and infrastructure in the northwest of Bangladesh. By utilizing the three significant and widely used general circulation models (GCMs), namely, HadCM3, CanESM2, and CanESM5, this research aimed to project future temperature and precipitation changes under various emission scenarios, including SRES, RCP, and SSP. These predictions are essential for understanding the region’s vulnerability to climate change and for developing effective adaptation strategies to mitigate potential risks. The key process for selecting the most suitable predictors involves evaluating a correlation matrix, calculating partial correlations, and determining p-values between the NCEP predictors and observed climatic variables, such as mean temperature (Tmean) and precipitation. In order to avoid multicollinearity, the percentage difference in partial correlation (Pd%) was calculated. This approach helps identify the predictors that are most strongly related to the target climate variables, ensuring that the selected predictors provide accurate and reliable input for climate model projections. Although the predictors selected in this study align with those identified by ref. [79] for the same region in Bangladesh, this study brings a new perspective by reassessing these predictors in light of recent climate models and scenarios. This ensures a more accurate and up-to-date evaluation of the region’s climate projections. However, the relationship between the predictors and predictands was strong for mean temperature but weak for precipitation, which is consistent with the findings from several earlier studies [67,74,75].



During calibration, the statistical metrics for mean temperature (Tmean) were in the range of 0.923 < R2 < 0.961, 0.931 < KGE < 0.978, and 0.901 < NSE < 0.921, and for precipitation, the metrics were in the range of 0.917 < R2 < 0.967, 0.935 < KGE < 0.977, and 0.893 < NSE < 0.976. The lowest metric values within these ranges were observed for HadCM3, while the highest values were observed for CanESM5. While the results from HadCM3 are acceptable, the results from CanESM5 highlight its exceptional performance in accurately capturing the variability of both mean temperature (Tmean) and precipitation among the three GCMs. The upgraded model demonstrated notable improvements, particularly in the predictions made by CanESM5, which showed the highest accuracy across all models. These results are supported by the findings of previous studies [80,81].



Most studies assessing climate change predictions using SDSM evaluate the model’s performance both before and after bias correction during validation. In this study, the model’s performance was evaluated using three statistical metrics, including RMSE, MAE, and MBE, which were used to assess the accuracy and reliability of the predictions. It was found that the performance improved after bias correction, highlighting the importance of applying bias adjustment techniques to enhance the accuracy of climate predictions. Several past studies [70,71,82,83,84] have reported similar findings, which are consistent with the obtained results in the current study.



This study utilized three different climate models (GCMs), including CanESM5 (CMIP6), CanESM2 (CMIP5), and HadCM3 (CMIP3), respectively, to project future temperature trends under various scenarios. CanESM5 was used with SSP scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5), which reflect different socioeconomic developments and emissions pathways. This model, being the latest in the CMIP6 suite, provides an updated and more refined projection compared to the older models. It is also worth mentioning that CanESM5 has not been widely applied with SDSM in Bangladesh yet, making this study a first attempt to assess future climate scenarios using this model. Meanwhile, the RCP scenarios (RCP2.6, RCP4.5, and RCP8.5) based on CanESM2, as well as the SRES scenarios (A2 and B2) using HadCM3, were also employed as these models have been used in previous SDSM studies in Bangladesh. By incorporating these models and scenarios, this study aims to provide a comprehensive analysis of future temperature projections for the northwest region of Bangladesh. The recurring pattern across SSP, RCP, and SRES scenarios highlights a consistent rise in temperatures, particularly in the later decades of the 21st century.



Although limited research has focused on the northwestern region of Bangladesh for climate change, its tropical geographical location and distinct climatic conditions set it apart from other parts of the country, contributing to variations in precipitation and temperature patterns in this area. Refs. [85,86] reported an overall increasing trend in average monthly temperatures across Bangladesh. According to ref. [87], between 1901 and 2022, Bangladesh experienced a 2 °C rise in average annual daily mean surface temperature, increasing from 24.64 °C to 26.60 °C. The minimum and maximum temperatures also rose by 1.63 °C and 2.33 °C, respectively. During this period, annual precipitation decreased from 2369.5 mm to 1662.3 mm, indicating a shift toward drier conditions. Another study [88] found a shift in drought patterns from the northern to the central and southern regions of Bangladesh between 1981 and 2020. Moreover, ref. [89] identified significant spatial and temporal variations in temperature and precipitation across Bangladesh from 1951 to 2020, with the most notable changes occurring in the northwest region of the country. The current study indicates that the average temperature (Tmean) is projected to rise, while precipitation is expected to decline. Specifically, under the SSP5-8.5 scenario, the annual Tmean could increase by up to 0.98 °C, and precipitation could decrease by up to 12.8% throughout the 21st century relative to the observed data from 1985–2014.



According to ref. [90], the temperatures may rise by up to 0.75 °C for the near future period (2015–2044) in Bangladesh. Ref. [86] predicted that the mean annual maximum temperature (Tmax) in Bangladesh will increase by 1.79 °C in the near future and 2.30 °C in the far future under SSP2-4.5 scenarios. The mean annual minimum temperature (Tmin) is expected to rise by 3.07 °C in the near future and 2.95 °C in the far future under SSP2-4.5. Notably, the northwest region of Bangladesh, along with other northern and central areas, will experience greater increases in extreme temperatures compared to the baseline period. Ref. [91] examined rainfall variability and trends in drought-prone northwest Bangladesh from 1959 to 2018. The analysis revealed a decrease in overall rainfall variability, an increase in pre-monsoon rainfall, and a decrease in monsoon rainfall. Based on the above discussion, it can be concluded that the current study strongly supports previous findings, indicating that the northwest region of Bangladesh is experiencing significant warming (with increasing temperatures) and drying (with decreasing precipitation).



The observed trends of rising temperatures, as well as declining precipitation trends, highlight the inevitability of managing agricultural water supplies in the northwest region of Bangladesh. The projections generated in the current study could be beneficial to guide planting schedules, crop selection, and irrigation strategies, reducing the risk of crop failure and enhancing food security. Improved groundwater management will also help ensure a stable water supply during dry spells by addressing seasonal and interannual climate variability. The findings of the current study could also be vital for infrastructure planning and disaster risk management. With climate change potentially increasing the frequency and severity of extreme weather events like floods and droughts, the research can inform the design of resilient infrastructure and disaster preparedness strategies, minimizing future damage to critical assets like buildings, roads, and water systems. Finally, the localized climate projections offer crucial insights for national and regional policymakers, enabling them to prioritize climate adaptation strategies tailored to the specific vulnerabilities of the northwest region of Bangladesh. The projected increase in temperature and decrease in rainfall could significantly impact crop selection, requiring a shift toward drought-resistant varieties and adjusted planting schedules. Reduced water availability emphasizes the need for efficient irrigation strategies, such as rainwater harvesting and optimized groundwater use. Additionally, water resource management must adapt through reservoir optimization and policy interventions. However, this study has certain limitations, including uncertainties in GCM projections, the assumption of stationarity in statistical downscaling, and constraints in high-resolution local data. Furthermore, broader socioeconomic and land-use changes, which influence climate impacts, were not explicitly considered. The current study not only contributes to the scientific understanding of potential impacts of climate change across the northwest region of Bangladesh but also plays a vital role in safeguarding the region’s socioeconomic well-being against the adverse effects of climate change.




6. Conclusions


The current study focuses on the projections of future climate changes in terms of changes in mean annual temperature and precipitation across the northwest region of Bangladesh. In the current study, the well-known decision support tool, statistical downscaling model (SDSM), was used to refine projections based on multiple GCMs, including HadCM3, CanESM2, and CanESM5. The projections were generated based on three different climate change scenarios related to each GCM that include the Special Report on Emissions Scenarios (SRES), the representative concentration pathways (RCPs), and the shared socioeconomic pathways (SSPs). The major conclusions drawn from the findings of the current study are outlined in the following:




	
SDSM has proven to be a highly suitable tool for establishing strong correlations between predictors and local predictands over the northwest region of Bangladesh.



	
Based on the calibration results, it can be concluded that CanESM5 gives the best performance among the three GCMs for temperature predictions, with R2 = 0.961, KGE = 0.978, and NSE = 0.921. This outperformed HadCM3 (R2 = 0.923; KGE = 0.931; NSE = 0.901) and CanESM2 (R2 = 0.939; KGE = 0.945; NSE = 0.919), all of which showed good agreement with observed data.



	
For rainfall projections, CanESM5 again performed well, with R2 = 0.967, KGE = 0.977, and NSE = 0.976. However, CanESM2 (R2 = 0.958, KGE = 0.966, NSE = 0.936) showed slightly lower performance.



	
After applying bias correction, the errors of the models can be substantially minimized, leading to more robust projection results. The bias correction significantly enhanced the reliability of the future predictions in the current study, ensuring more accurate and dependable projections for both temperature and rainfall.



	
Temperature showed an upward trend, while rainfall showed a downward trend, indicating potential warming and decreasing rainfall in the future for this study.



	
The climate change trends under different scenarios obtained in the current study revealed that the SSP scenarios offer more stable projections than the RCP scenarios, which show slightly lower but consistent trends. In contrast, the SRES scenarios exhibit unstable in both temperature and rainfall, indicating larger uncertainty in future projections.








Several studies have assessed climate change impacts in Bangladesh using these GCMs, and this study builds upon existing research by incorporating a refined methodology, updated dataset, and focused analysis of specific climate variables. These GCMs have been widely applied in previous studies, demonstrating their capability in capturing historical trends and future projections. Their inclusion enables comparisons with past findings and ensures consistency with established methodologies. Additionally, regional climate projections are evolving, and newer GCM simulations, such as those from CMIP6, provide improved representations of climate dynamics. Future climate trends are reassessed with these updated models, offering new insights into long-term climate change impacts for adaptation and mitigation strategies. The findings from this study will assist in predicting future climate extremes and their potential impacts on regional infrastructure, natural resources, the fossil industry, agriculture, and public health. Furthermore, it is expected that the current study will provide valuable insights for decision-makers, supporting the development of policies for climate change adaptation and mitigation in the northwest region of Bangladesh.
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Figure 1. Location map of the study area (the north-west region of Bangladesh) with all meteorological stations. 
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Figure 2. Mean monthly (a) temperature and (b) precipitation at weather stations for the baseline period (1975–2014) in the northwest region of Bangladesh. 
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Figure 3. The methodological flow diagram of the study from data collection to climate projection analysis. 
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Figure 4. Prediction of future (a) Tmean and (b) precipitation for three distinct time period under various global warming scenarios. 
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Figure 5. Comparison of mean annual Tmean changes—(a) HadCM3, (b) CanESM2, (c) CanESM5—and percentage of precipitation changes—(d) HadCM3, (e) CanESM2, (f) CanESM5—under their representative climatic scenarios relative to the baseline periods. 
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Table 1. Geographic and meteorological characteristics of six weather stations based on observed data (1975–2014).
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Station

	
Location

	
Elev (m)

	
Tmean (°C)

	
Precipitation (mm/year)




	
Lat (deg.)

	
Lon (deg.)






	
Bogura

	
24.85

	
89.37

	
23

	
25.67

	
1820




	
Dinajpur

	
25.65

	
88.68

	
34

	
25.10

	
2125




	
Ishwardi

	
24.15

	
89.33

	
16

	
25.74

	
1627




	
Rajshahi

	
24.37

	
88.7

	
19

	
25.83

	
1526




	
Rangpur

	
25.73

	
89.27

	
29

	
24.87

	
2386




	
Saidpur

	
25.75

	
88.92

	
25

	
24.98

	
2267











 





Table 2. Temporal extent used in this study for the historical period, including model scenarios, spatial resolution, references, CMIP phases.
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GCMs

	
Scenarios

	
Resolution

	
References

	
CMIP Phase

	
Observed Data




	
Calibration

	
Validation






	
HadCM3

	
A2, B2

	
2.5 × 3.75

	
Hadley Centre for climate predcition and research, UK

	
CMIP3

	
1975–1995

	
1996–2001




	
CanESM2

	
RCP2.6 RCP4.5 RCP8.5

	
2.8° × 2.8°

	
Canadian Centre for Climate Modelling and Analysis (CCCma)

	
CMIP5

	
1975–1995

	
1996–2005




	
CanESM5

	
SSP1-2.6 SSP2-4.5 SSP5-8.5

	
2.8° × 2.8°

	
Canadian Centre for Climate Modelling and Analysis (CCCma)

	
CMIP6

	
1985–2005

	
2006–2014











 





Table 3. Most suitable predictor list for Tmean at Rangpur station (CanESM5).
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	Predictor
	Code
	R1
	p.r
	p-Values
	Pd%





	Temperature at 2 m *
	temp
	0.808
	
	
	



	1000 hpa specific humidity
	shum
	0.793
	0.102
	0.000
	87.137



	Mean sea level Pressure
	mslp
	0.772
	0.195
	0.000
	74.741



	850 hPa Specific humidity
	s850
	0.769
	0.023
	0.000
	97.009



	500 hPa Zonal wind component
	p5_u
	0.733
	0.060
	0.000
	91.814



	500 hPa Wind speed
	p5_f
	0.717
	0.103
	0.000
	85.635



	850 hPa Meridional wind component
	p8_v
	0.62
	0.110
	0.000
	82.258



	850 hPa Geopotential
	p850
	0.564
	0.173
	0.000
	69.326



	1000 hPa Meridional wind component
	p1_v
	0.55
	0.096
	0.000
	82.545



	500 hPa Specific humidity
	s500
	0.548
	0.034
	0.000
	93.796



	Total precipitation
	prcp
	0.442
	0.013
	0.218
	97.059







* Selected predictors for this station.













 





Table 4. Selected NCEP predictors for the study area, with the numbers indicating the position of each predictor.
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Weather

Stations

	
Tmean

	
Precipitation




	
HadCM3

	
CanESM2

	
CanESM5

	
HadCM3

	
CanESM2

	
CanESM5






	
Bogura

	
26, 25

	
26

	
26

	
26, 25, 22

	
26, 25

	
26




	
Dinajpur

	
26, 25

	
26

	
26

	
26, 25, 22

	
26, 25

	
26




	
Ishwardi

	
26, 25

	
26

	
26

	
26, 25, 22

	
26, 25

	
26




	
Rajshahi

	
26, 25

	
26

	
26

	
26, 25, 22

	
26, 25

	
26




	
Rangpur

	
26, 25

	
26

	
26

	
26, 25, 22

	
26, 25

	
26




	
Saidpur

	
26, 25

	
26

	
26

	
26, 25, 22

	
26, 25

	
26








22 = total precipitation; 25 = surface specific humidity; 26 = air temperature at 2 m.













 





Table 5. Statistical performance of SDSM during calibration.
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GCMs

	
Climatic Variables

	
R2

	
KGE

	
NSE






	
HadCM3

	
Tmean

	
0.923

	
0.931

	
0.901




	
Precipitation

	
0.917

	
0.935

	
0.893




	
CanESM2

	
Tmean

	
0.939

	
0.945

	
0.919




	
Precipitation

	
0.958

	
0.966

	
0.936




	
CanESM5

	
Tmean

	
0.961

	
0.978

	
0.921




	
Precipitation

	
0.967

	
0.977

	
0.976











 





Table 6. Statistical performance check for Tmean (°C) during validation (monthly).
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GCMs

	
Before Bias Correction

	
After Bias Correction




	
RMSE

	
MAE

	
MBE

	
RMSE

	
MAE

	
MBE






	
HadCM3

	
0.986

	
0.783

	
0.130

	
0.758

	
0.608

	
−0.068




	
CanESM2

	
0.946

	
0.759

	
0.060

	
0.942

	
0.753

	
−0.002




	
CanESM5

	
0.927

	
0.745

	
0.037

	
0.922

	
0.743

	
0.001











 





Table 7. Statistical performance check for precipitation (mm) during validation (monthly).
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GCMs

	
Before Bias Correction

	
After Bias Correction




	
RMSE

	
MAE

	
MBE

	
RMSE

	
MAE

	
MBE






	
HadCM3

	
87.804

	
58.319

	
30.653

	
87.735

	
58.153

	
0.014




	
CanESM2

	
87.274

	
56.056

	
23.735

	
80.812

	
50.852

	
−0.099




	
CanESM5

	
86.708

	
54.382

	
51.305

	
85.976

	
52.870

	
0.003
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