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1. Introduction  

This configuration manual details the installation, setup, execution, and testing instructions 

for the predictive analytics system developed as part of the MSc Research Project. The 

system utilizes Python-based computer vision and machine learning pipelines to analyze 

photographic content and predict engagement levels, offering value to photographers and 

creative small businesses.  

2. System Requirements  

• Operating System: Windows 10/11 or macOS (Ventura+)  

• Python Version: 3.12 via Anaconda  

• IDE: Visual Studio Code or Jupyter Notebook  

• RAM: Minimum 8 GB  

• Disk Space: At least 2 GB free  

3. Installation and Setup  

Step 1: Install Anaconda from https://www.anaconda.com/products/distribution  

  

Figure 3.1: Confirmation of Anaconda installation using conda --version in 

terminal.  

• Terminal command: conda –version  

• Output: conda 24.7.1  

• Environment: (base)  

• Proves Anaconda is installed and working  

 

 

https://www.anaconda.com/products/distribution
https://www.anaconda.com/products/distribution


Step 2: Creating and Activating the Virtual Environment:  

a. conda create -n photo-ai python=3.12  

• Shows command being run  

• Environment created successfully  

• Clear message : "environment location: ... photo-ai"  

Figure 3.2: Creating and activating a virtual environment using Anaconda  

b. Package Installation Progress  

• Confirms package metadata is fetched  

• Lists all packages being downloaded and installed (e.g., Python 3.12, pip, etc.)  

 

               Figure 3.2: Creating and activating a virtual environment using Anaconda     



c. Final Output  

• Confirms transaction completion  

• Provides the exact command to activate the environment (conda activate photo-ai)  

• Also shows how to deactivate  

 

Figure 3.2: Creating and activating a virtual environment using Anaconda  

Figure 3.2: Creating and activating a virtual environment using Anaconda This figure 

confirms successful creation of the virtual environment photo-ai with Python 3.12 using 

conda, along with installation of required dependencies and environment activation 

instructions.  

Step 3: Installing Required Python Libraries  

To ensure the system works as intended, install the following essential Python libraries 

using pip:    

(pip install numpy pandas matplotlib seaborn opencv-python scikit-learn)  

 

Figure 3.3: Confirmation of successful installation of required Python libraries using pip. 

Terminal output confirms all dependencies (NumPy, Pandas, Matplotlib, etc.) are installed 

and accessible in the active Python 3.12 environment.  



• All dependencies were already satisfied, indicating they were successfully 

installed.  

• Includes visual libraries (`matplotlib`, `seaborn`), data processing (`numpy`, 

`pandas`), image handling (`opencv-python`), and machine learning (`scikitlearn`).  

4. Project Structure: 

 

photo-ai-project/  

├── dataset/ (image dataset in .jpg/.png)  

├── feature_extraction.py  

├── predictive_model.py  

├── plot_class_distribution.py  

├── image_features.csv  

├── feature_importance_plot.png  

├── screenshots/  

└── practicum_report.docx/pdf  

  

          

                   

       Figure 4.1: Visual confirmation of project 
directory structure in VS Code 

 

Each component serves a distinct role in the AI pipeline:  

• dataset/: Folder containing input images used for training and evaluation.  

• feature_extraction.py: Script to compute visual features (brightness, contrast, 

etc.).  

• predictive_model.py: Trains and evaluates the Random Forest model on extracted 

features.  

• plot_class_distribution.py: Plots the distribution of engagement classes 

(low/med/high).  

• image_features.csv: Intermediate CSV file holding extracted feature data.  

• feature_importance_plot.png: Visual output showing top predictive features.  

• screenshots/: Contains supporting screenshots used in this configuration manual.  

• practicum_report.docx/pdf: Final research report documenting methods and 

findings.  

 



5. Execution Steps  

 

Run the following in order:  
 

Step 1: Running the Feature Extraction Script  

To begin processing the image dataset and extracting visual features, run the following 

command in your activated environment:  

python feature_extraction.py   

• The Python script (feature_extraction.py) open in VS Code  

Purpose: Shows the code logic that performs feature extraction (brightness, contrast, 

symmetry, etc.).  

  

Figure 5.1: Visual confirmation of the feature extraction script in VS Code.  

  

• Terminal Output with Feature Extraction in Action  

Purpose: Shows the execution of the script and confirms feature values being extracted 

and saved into image_features.csv.  



 

  

Figure 5.2: Terminal output of feature extraction showing per-image processing and 

final CSV generation.  

The feature_extraction.py script (Figure 5.1) calculates visual features from each image 

such as brightness, contrast, and symmetry. When executed (Figure 5.2), the script loops 

through each image, processes the values, and saves the extracted features into 

image_features.csv.  

 

Step 2: Running the Predictive Model Script  

To build and evaluate the engagement prediction model, execute:  

python predictive_model.py  

This script reads the extracted features, trains a Random Forest Classifier, and outputs 

the accuracy score, classification report, and confusion matrix.  

  

  

  

  



i.  Visual confirmation of the model script (predictive_model.py) opened 

in VS Code.  

 

Figure 5.3: Visual confirmation of predictive_model.py script  

• It Shows the core logic used to train the model — loading the dataset, checking 

column structure, handling missing values, binning, and initializing the classifier.  

• It demonstrates the programming structure and logic clearly to your assessor.  

ii.  Terminal Output showing model accuracy and classification report.  

 

Figure 5.4: Terminal output showing model accuracy and classification report  



It Shows actual execution results of the script, including:  

• Raw engagement values  

• Stats before binning  

• Training sample count  

• Model accuracy (0.33)  

• Classification metrics (precision, recall, f1-score)  

• It proves that the model ran correctly and validates the output of your 

implementation. 

 

iii.  CSV / Excel (image_features.csv)  

The Below screenshot of image_features.csv opened in Excel or a CSV viewer 

can enhance clarity,  

• It shows that feature values are correctly structured (e.g., Brightness, Contrast, 

R_Mean, etc.)  

• It confirms the 'Engagement' column is present and labeled correctly.  

This would serve as evidence that:  

• Feature extraction worked  

• Engagement values were added correctly  

• The file used in model training is structured properly  

  

Figure 5.5: Preview of image_features.csv showing extracted features and engagement 

labels used for training the model.  



  

Step 3 – Visualizing Engagement Class Distribution  

  

python plot_class_distribution.py  

Purpose:  

This optional step visualizes the distribution of engagement levels (Low, Medium, High) 

from the labeled dataset. It helps to:  

• Detect class imbalance, which can impact model performance.  

• Understand whether the dataset is skewed toward any particular engagement level.  

• Justify decisions around model evaluation metrics or future data collection.  

Output:  

The script produces a bar chart representing the number of samples in each engagement 

class. For example:  

• Low (0): 17 samples  

• Medium (1): 16 samples  

• High (2): 12 samples  

This chart helps you explain why model accuracy might favor certain classes or why 

rebalancing might be considered later.  

 

Figure 5.6 – Bar chart showing the sample distribution across engagement classes 

(Low, Medium, High). 

 



6. Output and Validation  

Upon completing the successful execution of all the scripts, the following outputs indicate 

that the pipeline to analyze images using AI is working as should be. The output is added 

with a figure, a brief description, as well as its) consequence to the project. All figures have 

original screenshots that are saved in the Practicum Portfolio Folder in 
/screenshots/output_validation/. 

6.1 CSV File Generation  

As a result of using the pipeline, a file named image_features.csv was created where 

the visual features that were extracted, which consisted of brightness, contrast, symmetry, 

and color moments, were stored. 

This csv file was in turn applied in Section of 3.1.3 Model Training and Evaluation of the 

dissertation to train Random Forest model. 

6.2 Confusion Matrix and Classification Report 

These outputs evaluate how well the model predicted engagement categories (Low = 0, 

Medium = 1, High = 2). 

Figure 6.1. Confusion Matrix 

Shows the true vs. predicted labels. Misclassifications are visible, particularly for Class 0 

(Low) and Class 2 (High). 

 

 

 

 

 

 

 

 

Figure 6.1: Confusion matrix (true vs predicted labels) 

 



Figure 6.2. Classification Report 

Includes precision, recall, F1-score, and support for each class. Highlights low overall 

accuracy (33%) and significant class imbalance. 

Class Precision Recall F1-score Support 

0 0.00 0.00 0.00 2 

1 0.29 1.00 0.44 2 

2 1.00 0.20 0.33 5 

Figure 6.2: Classification Report Summary Table 

Implication: 

The results indicate that the model’s performance is hindered by class imbalance, 

requiring balancing methods such as SMOTE, weighted loss, or additional data collection. 

6.3 Engagement Class Distribution 

Figure 6.3. Bar Chart 

Displays the number of samples in each engagement class (Low = 17, Medium = 16, High 

= 12). Shows minor imbalance affecting predictive performance. 

 

 

 

 

 

 

 

 

Figure 6.3: Bar Chart — Duplicate of main figure for consolidated viewing in 

appendix. 

Implication: 

Even small imbalances in class sizes can reduce accuracy. Applying data resampling or 

balancing techniques is recommended for future iterations. 



6.4 Feature Importance Ranking 

Figure 6.4. Random Forest Feature Importance 

Identifies which visual features contributed most to predictions. Brightness, symmetry, 

and color mean values ranked highest. 

 

 

 

 

 

 

 

 

 

Figure 6.4: Feature importance ranking plot from Random Forest model. 

Implication: 

The model relies heavily on visual attributes. These findings can guide future feature 

engineering efforts, such as applying Principal Component Analysis (PCA) or pruning to 

enhance model performance. 

7. Challenges and Limitations 

• Limited dataset size: Only 36 labeled images were available, which restricts 

generalizability and model robustness. 

• Synthetic engagement labels: Labels were generated from predefined 

engagement scores rather than real-world user data, reducing realism. 

• Class imbalance: Unequal distribution of classes impacted model accuracy, 

contributing to the relatively low 33% performance. 

• Lack of real-time deployment: Current version is offline-only and does not 

include a live web interface for end-user interaction. 

 

 



8. Future Enhancements 

• Integration of real user data: Connect to platforms such as Google Analytics or 

Shopify APIs to replace synthetic labels with authentic interaction metrics (e.g., 

clicks, views, time-on-page). 

• Interactive dashboard: Develop a front-end interface using Streamlit or Flask for 

visualizing engagement analytics in real time. 

• Advanced modeling: Upgrade the ML pipeline with Convolutional Neural 

Networks (CNNs) or multi-modal classifiers for improved predictive accuracy. 

• Class balancing strategies: Implement SMOTE, class weighting, or data 

augmentation (flipping, rotation, cropping) to mitigate class imbalance. 
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