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1 Technology Setup 
 

The project was implemented using Python 3.11.5 within a Jupyter Notebook environment, 

selected to ensure transparency, reproducibility, and facilitate experimentation. The 

modelling pipeline employs computationally efficient tree-based algorithms, specifically 

Random Forest and Gradient Boosting, which enable all experiments to be conducted 

successfully on a standard CPU environment. 

1.1 Local Development Environment 

• Operating System: Windows 11 

• Python Version: 3.11.5 

• Notebook: Jupyter Notebook version 7.3.2 

1.2 Required Python Libraries 

• Pandas 

• Numpy 

• Scikit-Learn 

• Matplotlib 

• Seaborn 

• SHAP 

• Joblib 

1.3 Folder Structure 

• Desktop → Traffic & Weather Analysis Code 

• Traffic & Weather Analysis Code → .csv files 

o hly532.csv 

o Traffic_Flow_Data_Jan_to_June_2022_SDCC 

o Traffic_Flow_Data_June_to_December_2022_SDCC 

o Traffic_Flow_Data_Jan_to_June_2023_SDCC 

o Traffic_Flow_Data_April_to_September_2024_SDCC 

• Traffic & Weather Analysis Code → .pkl files 

o gbr_Model.pkl 

o rf_model.pkl 

• Traffic & Weather Analysis Code → plots 

• Traffic & Weather Analysis Code → DA Code Traffic Weather.ipynb 
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2 The Code 

2.1 Imports & Settings 

The core Python libraries necessary for the analysis are imported in this section. Pandas and 

numpy are used for data manipulation, while joblib is employed for model serialisation. The 

RandomForestRegressor and GradientBoostingRegressor classes from sklearn.ensemble, 

along with the mean_absolute_error, mean_squared_error, and r2_score metrics from 

sklearn.metrics, are included for model development and evaluation. Additionally, 

matplotlib.pyplot and seaborn are imported to facilitate visualisation of exploratory analysis 

and model diagnostics. Collectively, these imports establish the computational environment 

required for the complete traffic–weather modelling pipeline. 

 
Figure 1: Import & Settings Code 

2.2 Load & Prepare Weather Data 

The weather processing module involves the reading of the Met Éireann hourly climate data 

(hly532.csv) while ignoring the metadata entries and restricting the import to the targeted 

variables named corresponding to the columns of date, rainfall, temperature, wet bulb 

temperature, vapour pressure, relative humidity, and mean sea-level pressure. The date 

column is changed to datetime format, while the vapour pressure and humidity columns are 

forced to be numeric to handle any potential issues with data type. The next step involves the 

utilization of a map function to calculate the daily averages based on the hourly data by 

resampling based on the date index to produce the cleaned weather daily data that contains 

only one record per day. 

 
Figure 2: Weather Preparation Code 
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2.3 Load & Prepare Traffic Data 

The data was collected for the purpose of the South Dublin County Council from four 

different CSV files, each of which represented a different timeframe. Each CSV file was read 

into a DataFrame with low_memory parsing set to false to maintain the integrity of the data 

type, and a new column named source_file was added to each DataFrame to track the source 

of the information. The process involved checking for the presence of target column names to 

handle slight variations in the date and flow columns. The target columns of interest were 

then transformed into datetime formats. The DataFrames were then combined to create a 

master table, and the final dataframe, traffic_daily, was derived through the elimination of 

duplicate entries or application of relevant aggregations. 

 
Figure 3: Traffic Preparation Code 
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2.4 Merge Datasets 

The integration step normalizes the daily weather and traffic DataFrames to the shared 

temporal domain. This involves the following: The weather_daily DataFrame is transformed 

into a datetime format and arranged in chronological order. This involves finding the 

maximum value of the two start values and the minimum value of the two end values to 

establish the shared temporal domain, followed by clipping both the traffic_daily DataFrame 

and the weather_daily DataFrame to the shared domain. The clipped DataFrames are 

combined through an inner join based on the date column and then sorted to form a combined 

DataFrame (df) that has the traffic and weather attributes for each day. 
 

 
Figure 4: Merge Datasets Code 

2.5 Feature Engineering Sample 

The feature engineering step is applied to the combined dataset through the duplication of the 

dataframe into df_fe, followed by the derivation of a series of temporal and historical traffic 

variables. The date column is then employed to derive the day of the week and the month, 

and a binary value is assigned to is_weekend to identify Saturday and Sunday. The following 

steps include the generation of lagged variables for traffic in the last day (traffic_lag1) and 

for the same day in the last week (traffic_lag7), and the calculation of the rolling averages for 

the last 3 days and 7 days (traffic_roll3 and traffic_roll7), respectively. This is followed by 

the elimination of rows with missing values created by the lag and rolling operations to create 

the cleaned model dataframe, stored in df_model with a reset index. 70/30 chronological split 

was added also. 
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Figure 5: Feature Engineering Code 

2.6 Train Models 

The modelling section trains the baseline and ensemble tree-based models on the engineered 

feature set. A simple mean-value baseline is created by filling an array for the test period with 

the mean of the training target values. A RandomForestRegressor is then instantiated with 

500 trees, a maximum depth of 12, a minimum of five samples per leaf, a fixed random seed, 

and parallel execution enabled, and is fitted to the training data before generating predictions 

on the test set. In parallel, a GradientBoostingRegressor with 400 estimators, a learning rate 

of 0.05, and a maximum depth of 4 is trained and used to obtain its own predictions. A hybrid 

ensemble forecast is computed as the simple average of the Random Forest and Gradient 

Boosting predictions. 
 

 
Figure 6: Train Models Code 

2.7 Metrics Output 

Model performance is evaluated using a helper function print_metrics, which computes the 

mean absolute error, root mean squared error, and coefficient of determination between true 

and predicted values. The function prints a formatted line summarising these metrics for each 

model. It is called sequentially for the baseline mean predictor, the Random Forest model, the 

Gradient Boosting model, and the hybrid RF+GBR ensemble. This produces a concise 

comparative summary of forecasting accuracy across all approaches evaluated in the study. 
 

 
Figure 7: Metric Outputs Code 
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2.8 Plotting Sample 

The plotting code provides a visual comparison between observed and predicted traffic 

volumes over the test period. A new figure with a fixed size is created, and the actual daily 

traffic values are plotted against their index as a line labelled “Actual”. The hybrid ensemble 

predictions are plotted on the same axes as a second line labelled “Predicted”. A legend is 

added to distinguish between both series. This simple diagnostic plot allows visual inspection 

of how closely the hybrid model tracks the true traffic-flow dynamics over time. This 

approach was used for the majority of plots.  
 

 
Figure 8: Example Plot Code 

2.9 SHAP 

For better explainability, the notebook uses the SHAP tool to demonstrate the predictions 

made by the Random Forest model. The SHAP library is then imported, and a TreeExplainer 

object is initialized based on the trained Random Forest model estimator. A random sample 

of no more than 200 observations is taken from the test data to ensure a computationally 

feasible process in the explanation step. The results derived from the SHAP calculation are 

presented in a SHAP summary plot formed with the sampled feature matrix and the pre-

specified feature names, clearly illustrating the contribution and effect of each feature in the 

prediction process, confirming the importance of the feature variables and lagged traffic in 

the prediction model. 

 
Figure 9: SHAP interpretability & Plot Codes 
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2.10 Joblib Train Models 

The final code block prepares the models for reuse by retraining and serialising them with 

joblib. New instances of the Random Forest and Gradient Boosting regressors are fitted on 

the full training dataset and saved to disk as rf_model.pkl and gbr_model.pkl. The models are 

then reloaded to verify the persistence process, and a convenience function hybrid_predict() 

is defined. This function takes a feature matrix as input, generates predictions using the 

reloaded Random Forest and Gradient Boosting models, and returns their average as a hybrid 

forecast. This step enables the forecasting framework to be integrated into future applications 

without rerunning the complete training pipeline. 
 

 

 
Figure 10: Joblib Code 

 

3 Plot Output Samples 
Below are some sample plots to give a flavour of the overall thesis:  

 
Figure 11: Correlation heatmap example 

 



8 
 

 

 
Figure 12: Feature Importance example 

 
Figure 13: Residual plot sample 
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Figure 14: SHAP plot example 

 
Figure 15: Scatterplot example 

 

 

 


