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1 Introduction 
 

This document contains the detailed configuration for the project Leveraging Deep Learning 

for Pedestrian and Cycle Flow Prediction in Urban Environments. The current work aims to 

provide a stable platform for the implementation of pedestrian and cycle flow predictions. 

 

2 System Configuration 

2.1 System Configuration 

The hardware requirements to successfully run this project are as follows: 

• Processor: A CPU such as i7 of 10th generation or equivalent. For cloud-based 

environment, an Intel(R) Xeon(R) model 85 is needed. 

• RAM: At least 12 GB for preprocessing and baseline modelling, and more to process 

all deep learning algorithms operations, which require sufficient memory. 

• Storage: Fast storage, at least 256 GB SSD, for storing and retrieving data, and 

access to Microsoft Azure Blob Storage. 

• GPU: NVIDIA GA100 for fast training of deep learning models with moderately 

complex architectures. 

 

3 Execution Environment 
 

This project employed Python 3 using two separate configurations in the Google Colab Pro+ 

environment (refer to Table 1), using Microsoft Azure to store and retrieve the datasets 

during the research process. 

Table 1: Google Colab Pro+ Environment implemented. 

Google Colab Pro+ Environment Tasks Accelerator System RAM 

Environment 1 – High memory 

CPU 

• Exploratory Data Analysis 

• Data preprocessing 

CPU Up to 51 GB 

Baseline models: 

• Random Forest 

• Extreme Gradient Boosting 

CPU Up to 51 GB 

Environment 2 – GPU NVIDIA 

GA100 

Deep Learning  

• LSTM 

• CNN-LSTM 

GPU NVIDIA GA100 

(40 GB VRAM) 

Up to 83.5 GB 
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4 Software Requirements 
 

The software environment needed to implement this project includes: 

• Operating system: A stable operating system such as Ubuntu Linux  6.1.123+ or 

Windows 10, able to support libraries and software. 

• Python 3.11 or higher: The programming language used to develop and run the  

project. 

• Jupyter Notebook: An interactive environment for development, can be accessed 

from Anaconda, Visual Studio, or Google Colab. 

• Tensor Flow 2.19: Main framework dedicated for building and training deep learning 

models, including Keras for LSTM and CNN-LSTM modelling. 

• Libraries: several libraries for different tasks along with the project (refer to Table 

2). Some libraries related to TensorFlow or Azure need to be strictly installed when 

the Google Colab session starts to function properly (refer to Figure 1). Also, 

libraries are imported depending on the model in the notebook (refer to Figure 2). 

Table 2: Libraries used in the project 

Purpose Library Version 

Data and text manipulation 

pandas 2.2.2 

numpy 2.0.2 

re N/A 

Data visualisation 
matplotlib 3.10.0 

seaborn 0.13.2 

Traditional machine learning and data processing 
Scikit-learn  1.6.1 

xgboost 3.0.3 

Azure storage and access 
adlfs 2024.12.0 

azure-storage-blob  12.26.0 

Irish holidays holidays:  0.78 

Randomness control random N/A 

Operating system functions os N/A 

Progress bar tqdm N/A 

Data flow management io N/A 

Map creation folium 0.20.0 

 

 

Figure 1: Mandatory pip installation for Azure retrieval and storage libraries 
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Figure 2: Libraries implemented for CNN-LSTM 

 

5 Project Implementation 
 

The project has been developed in different Google Colab notebooks, providing a unique 

view of each dataset and stage of the research.  

5.1 Data Collection 

All datasets used in the project are publicly accessible and published under the Creative 

Commons Attribution 4.0 International (CC BY 4.0). Four different datasets that contain 

Dublin city information have been collected from the Dublin City Council (DCC) Transport 

City Centre Projects (2020, 2025), Smart Dublin (2025) and © Met Éireann (n.d.). Some 

datasets were divided into different subsets that needed integration (refer to Figure 3). It is 

important to note that the files have been stored in Microsoft Azure Blob Storage for retrieval 

and access to reduce loading and processing time. 

 

The datasets can be downloaded at: 

• https://data.gov.ie/dataset/dublin-city-centre-cycle-counts 

• https://data.smartdublin.ie/dataset/dublin-city-centre-footfall-counters 

• https://www.met.ie/climate/available-data/historical-data 

• https://data.smartdublin.ie/dataset/pedestrian-and-cycle-counter-api-for-dublin-

region/resource/f80d1ec3-e915-4ef0-988f-e3304b97dd37?view_id=71a929c0-b6f8-

48ac-86bf-a2d58bc0eee7 

 

 

https://data.gov.ie/dataset/dublin-city-centre-cycle-counts
https://data.smartdublin.ie/dataset/dublin-city-centre-footfall-counters
https://www.met.ie/climate/available-data/historical-data
https://data.smartdublin.ie/dataset/pedestrian-and-cycle-counter-api-for-dublin-region/resource/f80d1ec3-e915-4ef0-988f-e3304b97dd37?view_id=71a929c0-b6f8-48ac-86bf-a2d58bc0eee7
https://data.smartdublin.ie/dataset/pedestrian-and-cycle-counter-api-for-dublin-region/resource/f80d1ec3-e915-4ef0-988f-e3304b97dd37?view_id=71a929c0-b6f8-48ac-86bf-a2d58bc0eee7
https://data.smartdublin.ie/dataset/pedestrian-and-cycle-counter-api-for-dublin-region/resource/f80d1ec3-e915-4ef0-988f-e3304b97dd37?view_id=71a929c0-b6f8-48ac-86bf-a2d58bc0eee7
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Figure 3: Cycle and footfall subsets per year in Azure Blob Storage. 

5.2 Feature Selection 

Prior the modelling stage, feature selection was completed, along with pre-processing for 

hourly footfall, cyclists, and weather data (refer to Figure 4), and static counter locations data 

from multiple sources as mentioned in Section 5.1 

 

 

 
 

 

Figure 4: Footfall and Cyclist counts, Weather conditions and counter locations datasets 

5.3 Data Pre-processing 

A detailed inspection for data quality was conducted due to inconsistencies in the name of the 

cycle and footfall counter locations. For pedestrian dataset for 2019, the granularity is 

different than the rest, so it needed to be adjusted (refer to Figure 5). Some locations 

contained all null or zero values, and the remaining variables had repeated names and typos 

(refer to Figure 6). Cyclist counter did not face many challenges rather than different names 

for a single locations, meanwhile footfall encountered difficulties that were solved through 

another dataset containing the Eco-Visio Output of the counter that helped to identify the 

right spot of data integration (refer to Figure 7). 
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Figure 5: Footfall 2019 datasets original timestamp 

 

 

Figure 6: Footfall datasets after dropping all null values columns 

 

 

Figure 7: Footfall locations and name variants. 

5.4 Exploratory Data Analysis 

 

Employing libraries such as pandas, matplotlib and seaborn, different temporal patterns were 

plotted, and analysed, such as hourly, daily and monthly patterns (refer to Figure 8, Figure 

9, Figure 10 and Figure 11), for all datasets, except the counter locations which  only a map 

was included which locates all counter available in Dublin city. Plot and lines charts shows 

the information about variables included in this study. 

 

 

Figure 8: Weather Exploratory Data Analysis 
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Figure 9: Cyclist flow Exploratory Data Analysis 

 

Figure 10: Exploratory Data Analysis 
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Figure 11: Weather Exploratory Data Analysis 

5.5 Data Integration 

 

All datasets were merged with a pipeline that preserves the individuality of the features from 

each dataset, identifying date and time as index for the alignment of heterogeneous times 

series ensuring the hourly timestamps of all data are respected. 

5.6 Data Transformation 

 

The work by different authors and institutions provided an understanding and explanation for 

the feature engineering (see Table 3) to improve the predictive power of the model, and 

resulted in the addition of more explanatory features such as dynamic and time-varying 

features (refer to Figure 12). Each model includes normalising all data suitable for their 

implementation, whether scaling the data, or creating LSTM sequences that help the model to 

detect different patterns and forecast pedestrian and cyclist counts.  

After pre-processing the data, the resulting DataFrame is stored in Microsoft Azure Blob 

Storage, combined with Power BI, it resulted key for data visualization, to understand 

patterns in data in clean file for further modelling or analysis  (refer to  Figure 13). 

Table 3: Feature Engineering references 

Feature Description Author 

Rolling averages Average of temperatures within the last three hours  ACCA Global (n.d.),  

Condensation probability 

through dew point spread 

The closer the temperature and dew point temperature are 

the probability of condensation or fog increases 

National Weather Service (n.d.) and 

Fiveable (2025),  

Weather severity thresholds 

 

Considering rough weather conditions as low temperature 

and super heavy rain, 

National Center for Hydrology and 

Meteorology (NCHM) (n.d.) 

Rainfall intensity classification 

 

The rain intensity classification   U.S. Geological Survey,  

Time components Cyclical codification of time for hour, day and month 

through sine and cosine 

Rodrigo & Escobar Ortiz (n.d.) 
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Figure 12: Time components and feature engineering.  

 

 

Figure 13: Integration of Pre-processed dataset with  Power BI. 

5.7 Data Modelling 

 

There are four models implemented in this study, categorised as baselines (2) and deep 

learning (2), deep learning is implemented with a variant to understand the influence that 
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geographical coordinates have on deep learning models, which results in a total of  six 

models being implemented to the data. The models implemented are shown in Table 4. 

Table 4: Models implemented 

Category Model Description 

Baseline 

Random Forest An ensemble of multiple tree-based model (refer to Figure 14). 

Extreme Gradient 

Boosting (XGBoost) 

Boosting algorithm that builds decision trees sequentially, focuses on error 

reduction by learning from previous trees (refer to Figure 15). 

Deep Learning 

LSTM 
Signal processed into Long-term Short-term (LSTM) network to capture 

temporal dependencies within data (refer to Figure 16). 

CNN-LSTM 
Convolutional Neural Networks for feature extraction and LSTM for data 

forecasting on pedestrian and cycle counts (refer to Figure 17). 

 

 

Figure 14: Random Forest model 

 

 

Figure 15: XGBoost model 
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Figure 16: LSTM model 

 

Figure 17: Hybrid CNN-LSTM model 
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6 Evaluation 
 

Each model was evaluated on four metrics, such as root mean square error, mean absolute 

error, coefficient of determination, and mean absolute percentage error. The development of 

each model in a separate notebook raised the need to store the results in Microsoft Azure 

Blob Storage, which provided two different outputs: 

• Evaluation metrics: MAE, RMSE, R2 and MAPE (refer to Figure 18). 

• Predictions for validation sets: index, location, predicted value and real value for 

each model, for further integration and comparison (refer to Figure 19). 

 

 

Figure 18: Evaluation of LSTM time series through metrics 

 

Figure 19: Predictions for each target and concatenation into a single DataFrame 
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Once the evaluation metric values of each model were obtained and stored, these were 

arranged into a single DataFrame (refer to Figure 20). Azure Blob Storage was accessed 

through Power BI to visualise the performance comparison from the Deep Learning 

techniques and baselines, and the predicted values were compared against each prediction per 

model to evaluate predictive power (refer to Figure 22 and Figure 22). All of which assessed 

the research question: How can deep learning techniques be effectively leveraged to 

predict pedestrian and cycle flows on an hourly basis in urban environments for Dublin 

City by integrating data from multiple sources such as footfall counts, cycle counts, 

weather conditions, temporal and spatial features? 

 

 

Figure 20: Real values and predicted values from each model implementation. 

 

 

Figure 21: results visualisation using Power BI. 
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Figure 22: predictions visualisation using Power BI 

 

7 Conclusions 
 

This is a comprehensive and well-structured guide for the configuration and deployment of 

the project “Leveraging Deep Learning for Pedestrian and Cycle Flow Prediction in Urban 

Environments” that guarantees the reproducibility and scalability of the prediction pipeline. 

Data collected from open-source and cloud-based technology, such as Google Colab and 

Microsoft Azure, combined with a reasonable selection of machine learning (Random Forest, 

XGBoost) and deep learning models (LSTM, CNN-LSTM) provide reasonable results across 

diverse scenarios for comparison purposes in the field. Multi-source data integration, pre-

processing pipeline and feature engineering allows to capture the temporal, spatial, and 

meteorological complexity of the research problem. 

 

This report shows how results can be evaluated and presented using metrics typically 

employed in regression analysis, and visualised in Power BI, promoting critical analysis and 

decision making. In conclusion, the project implementation, challenges heterogeneous data 

integration to effectively advance deep learning techniques in answering the research 

question, providing a novel contribution to previous literature in the field of pedestrian and 

cyclist flow prediction. 
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