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Abstract 
 

This research centers on the critical issue of increased surface runoff caused by urbanization in Rajshahi City, 

Bangladesh the primary focus and objective of the entire study. Runoff patterns have been systematically analyzed 

and compared using hydrological data, land use changes, and climatic trends to understand how rapid urban 

development intensifies water management challenges. Temperature data from 1990 to 2024 reveal a significant 

rise in the frequency and severity of heatwaves, while rainfall, sunshine, and wind speed show declining patterns, 

and humidity is on the rise indicating growing climate instability. Survey findings indicate that 94.66% of 

respondents are troubled by unbearable summer heat, 63.33% suffer during the winter, and 67.33% face recurring 

storm-related damages, especially among those living in vulnerable riverside slum areas.Urban expansion, 

deforestation, and the dramatic loss of water bodies from 729 in 2002 to 393 in 2011 have further aggravated 

runoff, drought, and public health threats. The study explores sustainable water management solutions such as 

Rooftop Rainwater Harvesting (RRWH), which can supply up to 75% of domestic water needs from 100 m² roof 

areas, and Water-Sensitive Urban Design (WSUD) practices like swales, wetlands, and bioretention systems to 

restore hydrological stability and enhance water quality. This research offers essential insights for resilient urban 

planning, urging the need for integrated policy-making, innovative design, and active community engagement to 

support disaster risk reduction and sustainable development in Rajshahi and similar climate-vulnerable cities.  
.  
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1 Introduction 
 

Anthropogenic climate change is a major global challenge, with the IPCC(The Intergovernmental Panel on Climate Change 

(IPCC) is a United Nations body that assesses the science related to climate change) confirming clear human influence on rising 

temperatures, changing rainfall, and increasing extreme weather events since the 1950(Hansen et al., 2025). Attribution science 

(A 2004 paper entitled “Human Contribution to the European Heat Wave of 2003” is generally considered to be the first 

attribution science study. It modeled how much human-induced greenhouse gases increased the likelihood of the historic 2003 

heat wave in Europe.), which examines how much human activity contributes to extreme events like heatwaves and heavy 

rainfall, shows that global warming has significantly increased the probability and intensity of many such events. While global 

models capture thermodynamic changes such as higher temperatures and moisture, regional extremes are also shaped by 

complex dynamics, making accurate attribution and local planning essential(García‐Herrera et al., 2010). 

Bangladesh is highly vulnerable to climate change, and Rajshahi City in particular faces serious environmental stress due to 

rapid urbanization, land use change, and climate hazard(Shahid et al., 2015). Over the past decades, annual rainfall in Rajshahi 

has declined while temperatures have risen, with April and May now being especially heat-prone months. These changes have 

worsened droughts, water scarcity, wetland loss, and urban heat risks, particularly affecting outdoor workers and low-income 

communities(Rahaman, Ahmed, and Islam, 2016). The Rajshahi City Corporation (RCC) has initiated projects such as the 

Climate Resilient City Action Plan (CRCAP), green space development, reforestation, biodiversity assessments, and 

sustainable infrastructure, but challenges remain. Weak governance, poor waste management, and overlapping responsibilities 

between agencies limit effective climate adaptation and service delivery. 

Land use change is one of the most important drivers of urban hydrology, as it directly influences runoff, infiltration, and water 

qualit(Astuti et al., 2019). A study in Rajshahi found that stormwater quality varies significantly across land uses residential 

areas produce the cleanest runoff, while industrial zones show the highest turbidity, suspended solids, and organic 

pollution(Rodak et al., 2020). However, despite Rajshahi’s vulnerability to climate extremes, no systematic studies have 

quantified how land use change affects stormwater runoff, groundwater recharge, or flooding. In contrast, global research such 

as Australia’s use of bioretention systems and SUDS (Sustainable drainage systems (SuDS) are designed to manage stormwater 

locally (as close its source as possible), to mimic natural drainage and encourage its infiltration, attenuation and passive 

treatment), and regional studies in Sylhet using WetSpass-M has demonstrated clear hydrological impacts of urban expansion, 

including reduced groundwater recharge and increased surface flooding(Rodak et al., 2020)(Ahammed, 2017). 

This lack of empirical evidence and predictive modeling for Rajshahi represents a critical research gap. The city is experiencing 

expanding impervious surfaces, declining groundwater recharge, and worsening heat island effects, yet it lacks baseline data, 

event attribution studies, or locally adapted stormwater management strategies(Miller et al., 2021). Tools like Water Sensitive 

Urban Design (WSUD) have been successful elsewhere in improving runoff management and water quality, but their 

applicability in Rajshahi remains unexplored. Addressing these gaps through integrated hydrological assessment, land use 
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analysis, and climate resilience planning is vital for Rajshahi’s sustainable future(Paul, and Hasan, 2021). The objectives of 

this study is to develop and evaluate machine learning models using NOAA historical weather data for predicting key climate 

variables in Rajshahi city and to analyze soil hydraulic characteristics and apply the Curve Number (CN) method for estimating 

long-term runoff in Rajshahi. 

 

2 Study Area and Methodology  
 

The administrative boundary of Rajshahi City was considered as the study area. Due to limited availability and 

difficulty in accessing detailed rainfall, temperature, and hydrologic soil property data, the results may not fully 

represent actual conditions. However, the overall methodology and workflow are demonstrated in this paper to 

provide a framework for runoff estimation and urban hydrological assessment. 

In this study, historical weather data (temperature and precipitation) for Rajshahi were collected from the NOAA 

(National Oceanic and Atmospheric Administration) database and processed using Python in Google Colab 

interface with NumPy and Pandas to clean and prepare the dataset. A simple linear regression model and an 

XGBoost model were applied to the trained and test data to analyze variation, build correlations among temperature 

and rainfall using sklearn which provides Ridge Regression model which showed the mean absolute error is  

1.3255438225769516. The mean absolute error (MAE) of the prediction model, indicating that, on average, the 

predicted values deviate from the actual observed values by approximately 1.32 units. MAE measures the average 

magnitude of errors without considering their direction, so it provides a straightforward assessment of the model’s 

prediction accuracy. In this case, a MAE of 1.32 suggests that the model’s predictions are reasonably close to the 

true values, with typical deviations being just over one unit of the target variable. Table 01, The correlation matrix 

of Rajshahi’s historical weather dataset, including PRCP, TAVG, TMAX, TMIN, and the target variable, reveals 

that all variables are positively correlated. TAVG shows very strong correlations with both TMIN (0.93) and 

TMAX (0.86), indicating that average temperature is highly influenced by daily extremes. TMAX is also strongly 

correlated with the target variable (0.88), while TAVG (0.82) and TMIN (0.72) demonstrate similarly strong but 

slightly lower correlations, highlighting temperature measures as the most significant predictors of the target. In 

contrast, PRCP has very weak correlations with TAVG (0.11), TMAX (0.03), TMIN (0.22), and the target (0.02), 

suggesting that precipitation contributes little to the predictive relationship in comparison to temperature variables.   

                  

                       PRCP                  TAVG                 TMAX                   TMIN                    Target 

PRCP       1.000000                0.105609              0.027183                0.219285              0.023089 

TAVG      0.105609                1.000000              0.855777                0.928810             0.820057 

TMAX     0.027183                0.855777             1.000000                 0.746255             0.878779 

TMIN      0.219285                0.928810              0.746255                1.000000              0.721159 

Target      0.023089                0.820057               0.878779               0.721159             1.000000 

        

Table 01. Correlation Matrix 

 

Figure 01, The difference plot illustrates the distribution of absolute differences between the actual and predicted 

values from the model, showing that most differences are concentrated near 0–5 units, indicating highly accurate 

predictions for the majority of samples. The frequency rapidly decreases as differences increase, with a few outliers 

reaching up to ~30 units, reflecting occasional prediction errors for extreme or unusual weather events. The low 

mean absolute error (MAE = 1.32) further supports the model’s strong performance, demonstrating that it reliably 

captures Rajshahi’s historical weather variables with small typical errors and only rare deviations, making it 

suitable for accurate forecasting. Also provides other ML models, metrics, preprocessing, and train-test splits and 

predict future weather trends, while Matplotlib and Seaborn were used for visualization and comparison of 

historical versus predicted data. 

Figure 02, The correlation heatmap of the XGB model shows the strength and direction of relationships between 

the input features and the target variable. Features with high positive or negative correlation have a stronger 

influence on the model’s predictions, while those near zero contribute less. This visual helps identify key 

predictors, potential multicollinearity, and informs feature selection for improved model performance. Figure 03 

shows the pair plot between parameters. 
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Figure 01. Count of difference between real                          Figure 02- Correlation Heatmap of XGB-Model 

      and predicted value of weather data 

 

 
Figure 03- Pair Plot between pattern 

 

.Missing values in 'PRCP', 'TAVG', 'TMAX', and 'TMIN' were imputed using the median, and the 'DATE' column 

was converted to datetime objects with the data sorted chronologically. New features such as year, month, day of 

the week, lagged temperature values, and a 7-day rolling average of 'TAVG' were engineered, with any remaining 

missing values handled using backward fill. The dataset was split into training (80%) and testing (20%) sets, 

yielding 1,943 training samples and 486 testing samples, each with 11 features. An initial XGBoost model trained 

with default hyperparameters achieved a Mean Squared Error (MSE) of 1.0571 and an R-squared (R²) score of 

0.9503 on the test set. Hyperparameter tuning via GridSearchCV identified the best parameters as 

{'colsample_bytree': 1.0, 'learning_rate': 0.1, 'max_depth': 5, 'n_estimators': 200, 'subsample': 0.8}, and the final 

XGBoost model trained with these tuned parameters achieved a lower MSE of 0.8802 and a higher R² of 0.9586, 

indicating improved performance. Feature importance analysis revealed that the lagged average temperature 

(TAVG_lag1) and the 7-day rolling mean of average temperature (TAVG_rolling_mean_7) were the most 

influential features for predicting average temperature. Details of Machine Learning Code was documented from 

Gemini in Google Colab Interface 
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                  Figure 04- Residual Plot                                            Figure 05- Plot of predicted and actual value 

 

                      
Figure 06- Feature importance from Tuned XGB Model                     Figure 07- Error plot of Tuned XGB Model 

 

 
Figure 08- Regression analysis plot of Actual and Predicted Average Temparature 

 

For runoff estimation, the SCS-CN method was adopted, where land use and land cover (LULC) variations over 

years were extracted from research sources and assigned appropriate Curve Numbers (CN) for Hydrologic Soil 

Group assumed as the dominant soil in Rajshahi. Soil Data was extracted from FAO- Food and Agriculture 

Organization of the United Nations, Weighted CN values were calculated, potential maximum retention (S) was 

derived, and rainfall inputs from NOAA data were used to compute surface runoff depth(Q) using the standard 

SCS-CN formula. Although the unavailability of fine-scale rainfall, temperature, and soil data limits result 

accuracy, the methodology demonstrates a clear workflow that integrates weather analysis, machine learning 

prediction, and CN-based hydrological modeling to estimate runoff variation over time in Rajshahi. 

 

C = Moderately High Infiltration (Red) 

 D = Highest Infiltration (Green) 

 
      Figure 09. HSG of Rajshahi     
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Rajshahi City has undergone significant land use changes over the past decades. The LULC maps for the years 

1993, 2003, 2013, and 2023 illustrate these transformations. For instance, urban areas have expanded, leading to a 

decrease in agricultural and vegetated lands. Such changes directly influence the hydrological characteristics of 

the region. 

1993: Predominantly agricultural and forested areas with lower CN values.  

2003: Increase in urban areas, leading to higher CN values. 

2013: Further urban expansion and reduction in vegetated areas. 

2023: Significant urbanization with minimal green spaces, resulting in the highest CN values. 

  Table 02. Land Use Land Cover Characteristics of Rajshahi 

The CN method estimates direct runoff from a watershed based on land use, soil type, and hydrologic condition. 

Urbanization typically leads to higher CN values due to increased impervious surfaces, resulting in higher runoff 

potential. Conversely, areas with vegetation or agricultural land tend to have lower CN values, indicating better 

infiltration and lower runoff. 

Like, Urban areas: CN = 89, Agricultural areas: CN = 78, Forest areas: CN = 55 

 

                                          𝐶𝑁𝜔𝑒𝑖𝑔ℎ𝑡𝑒𝑑 =
∑(𝐴𝑖+𝐶𝑁𝑖)

∑𝐴𝑖
 

Sample Calculation: 

 

Land Use Percentage CN (HSG B) 

Urban (Residential) 30% 85 

Agriculture 50% 75 

Forest 15% 55 

Water Bodies 5% 100 

 

  

𝑆 =
25400

𝐶𝑁
+ 254 

I = 0.2 × S 

Q =
(𝑃−𝐼) 2

(𝑃−𝐼+𝑆)
 

Runoff = Q×P 

Here, S = Potential Maximum Retention after Runoff 

       CN = Curve Number 

          Q = Runoff Depth 

           P = Precipitation  

Sample Calculation:     

 

Year Weighted  CN Runoff (mm) 
 

2010 72.75 32.48 

2015 76.00 38.68 

2020 79.25 44.88 

 

 

4 Discussion and Conclusion: 

 

The machine learning models applied to the NOAA historical weather data for Rajshahi demonstrated their 

potential in predicting key climatic variables. While both models captured the general trends of precipitation and 

temperature, variations in accuracy highlighted the importance of selecting appropriate algorithms and fine-tuning 

parameters. Overall, the results indicate that machine learning can be a reliable tool for climate data prediction, 

supporting further hydrological analysis and runoff estimation. This study attempted to analyze surface runoff 

generation in the Rajshahi administrative area by integrating hydrological knowledge. The literature review 

highlighted that rapid urbanization and changes in land use/land cover (LULC) significantly reduce infiltration 

capacity, resulting in increased runoff and higher flood risks. Previous studies emphasized the importance of 

accurate hydrological soil data, precipitation records, and temperature variations in estimating runoff using 

conventional methods such as the SCS-CN model. However, in developing countries like Bangladesh, access to 

fine-scale hydrological and climatic data remains a critical challenge, limiting the precision of runoff assessments 

specially for students. Although the results may not be fully accurate due to data unavailability, the procedure 

outlined in this paper provides a replicable framework for urban runoff estimation in data-scarce regions. Future 



N. H. M. K. Serker, M. N. Bari & M. M. Sazzad 

ICCEI 2025 
 

1942 

studies should focus on collecting higher-resolution rainfall intensity data, soil infiltration measurements, and 

expanding the machine learning model with more predictors. 
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