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1 Introduction

The present configuration manual is a comprehensive guide to the setup, execution, and
replication of the Optimizing Footwear Recommendations Using CNN-Based Visual
Similarity and Health-Fit Filtering project. It describes the hardware and software tier, the
Python packages, and dataset preparation, after which the three-phase recommendation
pipeline is detailed in terms of implementation and evaluation procedures. The project takes
the advantage of pretrained CNN architectures, ResNet, VGG, and EfficientNetB0, and
FAISS-based retrieval methods as well as multi-label to provide both aesthetically-similar
and ergonomically relevant footwear recommendations. Based on this manual, researchers
and practitioners can replicate the experiments, know the reason behind each step, and adapt
the framework for similar fashion-tech applications involving visual and functional product
recommendation.

2 System Configuration

2.1 Software & Coding Tools

The project was primarily developed and executed in Google Colab Pro+, which provided a
hosted Jupyter Notebook environment with GPU acceleration for model training. The setup
can be fully replicated on local systems using Jupyter Notebook, Anaconda Navigator
(Anaconda, 2024), or any compatible Python IDE. Anaconda Navigator can be used to
configure the user environment and manage dependencies, while Jupyter Notebook allows for
interactive execution and debugging of Python code.



2.2 Libraries Used

os, zipfile, cv2
numpy as np
pandas as pd
rt matplotlib.pyplot as plt
from tgdm import tqdm

from tensorflow.
from tensorflow.
from tensorflow.keras.preprocessing import image

from tensorflow.keras.preprocessing.image import ImageDataGenerator

from tensorflow.keras.callbacks import Earlystopping

from tensorflow.keras.optimizers import Adam

from tensorflow.keras.applications import ResNet5e, VGG16, EfficientNetB®

from tensorflow.keras.applications.resnet5e import preprocess_input as resnet_preprocess
from tensorflow.keras.applications.vgglé import preprocess_input as vgg preprocess

from tensorflow.keras.applications.efficientnet import preprocess input as effnet preprocess

# nal

Ipip install faiss-cpu

import faiss

from sklearn.model selection import train test split

from sklearn.metrics import classi: n_report, f1_score, precision score, recall_score, roc_auc_score

os — file and directory path operations

zipfile — extraction of dataset archives

pandas — data manipulation and analysis

numpy — numerical operations and array handling

tqdm — progress bar for loops

tensorflow — deep learning framework for CNN model building and training

keras — high-level neural network (via TensorFlow)

tensorflow.keras.applications — pretrained CNN architectures (ResNet50, VGG16,
EfficientNetB0)

tensorflow.keras.preprocessing.image — image preprocessing and augmentation
(ImageDataGenerator)

PIL (Pillow) — image loading and manipulation

faiss-gpu — efficient similarity search and clustering for embedding retrieval
umap-learn — dimensionality reduction for visualization

sklearn.manifold. TSNE — t-SNE dimensionality reduction for embedding space visualization
scikit-learn (sklearn) — evaluation metrics, classification reports, and preprocessing

Also installed the following for visualizations:
matplotlib — data visualization and plotting
seaborn — advanced statistical visualizations

3 Setting up the Environment

For this project, all deep learning model development and training were carried out using
Google Colab, an online cloud-based platform provided by Google (Google Colab, n.d.).
Google Colab is particularly suited for resource-intensive tasks such as deep learning, as it
offers free access to GPU-accelerated hardware, removing the need for a high-spec local
machine.

Instead of running the code locally in Jupyter Notebook, which would require a powerful
system, Colab provided cloud-based GPUs that significantly reduced training times. In our
case, we leveraged the T4 GPU runtime, which can speed up model execution by up to 10x



compared to a standard CPU. However, availability of T4 GPUs in the free Colab tier is not
guaranteed, as it depends on current resource allocation.
Step 1: Go to: https://colab.google/

Step 2: Click New Notebook

Step 3: Navigate to Runtime — Change runtime type
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Figure 1: Change runtime

Step 4: Set Runtime type to Python 3 and Hardware accelerator to GPU (T4
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Figure 2: T4 GPU

Step 5: Make sure you SAVE.
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https://colab.google/

4.1 Dataset Creation
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Figure 3: Kaggle Dataset

Step 1: Download the Dataset from the Link - Image Data & Meta Data File
(https://www.kaggle.com/datasets/aryashah2k/large-shoe-dataset-ut-zappos50k)

Step 2: Upload it on Google Drive

My Drive ~ (v=]ls) o
[ Type ~ |[ People v || Modified ~ || source ~
Name Owner Lastmodifiedb.. v 4 Filesize
Colab Notebooks me Mar 26, 2025 -
BB Google Al Studio me Apr 29, 2025 —
| S utzapposSOkzip % | me Jun'9,2025 2926 MB
B  utzappos_metadata_healthfit.csv me Jun9,2025 4.6 MB
| B meta-datacsv % | me Jul 4, 2025 43MB

Figure 4: Dataset on Google Drive

Step 3: Extracted the Zip File from Google Colab to access the images. Loaded the Meta
Data. Added ‘File Name’ column to meta data displaying the path to the respective image
extracted from the zip folder.


https://www.kaggle.com/datasets/aryashah2k/large-shoe-dataset-ut-zappos50k

Data Extraction and Metadata Preparation

) as zip_ref:

path.join(root, file

Figure 5. Data Extarction

Step 4: Sample Data Generation
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merged df[
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), axis=1)

arch_sample = merged_df[merged_df[ t* 1].sample(n=10e0, random state=42)
cushion sample = merged df[merged df[ ].sample(n=10@@, random state=43)
breath_sample = merged df[merged df[’ i 1].sample(n=10@0, random state=44)
widefeet_sample = merged_df[merged_df[ ' 1].sample(n=1800, random state=45)

at([arch_sample, cushion_sample, breath_sample, widefeet_ sample])['CID'])
rged df['CcID"].isin(tagged cids)].sample(n=10@e, random state=46)
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print(“Final 5K Da ", final_5k_df.shape)
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Figure 7. Sample Data Generation

Engineered 4 Health Tags, concatenated 1000 images per tag + 1000 random images into a
stratified sample of 5000 (which turned out to be 4897 due to overlapping of tags). This



subset is used for entire research theory.

4.2 Data Understanding

Distribution of Health Tag Labels (Before Sampling) Distribution of Health Tag Labels (Post Sampling)
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breathability widefeet

Initially, UT Zappos50K dataset was represented by more than 50,000 footwear images with
an extremely uneven distribution of 4 tags of health-fitness (arch support, cushioning,
breathability, and wide feet). There were some categories that were overrepresented and
others with quite far fewer examples as well, which may cause biased model training.

After sampling, the curated subset of 4870 unique images that gave a better balanced
distribution of tags without making the size of the dataset too large to train the models
iteratively in a GPU enabled environment.

5 Models & Evaluation

The research is divided into 3 phases wherein, the same CNN models , ResNet50, VGG16,
EfficentNetBO0 are used with different configurations to compare performance in generating
embeddings & recommendations.

5.1 Model

Phase 1 - The pretrained CNNs, initialised with ImageNet weights, were used purely as
feature extractors by removing their final classification layers. The extracted embeddings
were indexed using FAISS for unimodal (visual-only) similarity search.

Phase 2 - Multimodal Embedding with Health-Tag Fusion

The CNN-generated visual embeddings were concatenated with binary health-tag vectors to
form multimodal representations. This fusion enabled the retrieval process to account for
both aesthetic and ergonomic attributes.

Phase 3 - Multi-Label Classification

The CNN backbones were fine-tuned with a new dense classification head to directly predict
the four health-fit attributes (arch support, cushioning, breathability, and wide feet) in a
multi-label setup.



5.2 Model Evaluation

Model performance was assessed using a combination of quantitative metrics and qualitative
visualisations across all three phases. For the retrieval tasks in Phase 1 (unimodal) and Phase
2 (multimodal), evaluation was carried out using Precision@5 to measure the proportion of
relevant items among the top-5 retrieved results. In Phase 2, an additional
HealthTagMatch@5 metric was introduced to quantify the alignment between the retrieved
items and the query image in terms of health-fit attributes.

For Phase 3 (multi-label classification), standard classification metrics such as macro-
averaged F1-score, precision, and recall were computed both overall and per health-fit label
(arch support, cushioning, breathability, and wide feet).

Model Label precision recall fl-score support

VGG16 arch_support 0.807 0.715 0.758 316.0

EfficientNetB0  breathability 0.824 0.817 0.820 240.0

VGG16 cushioning 0.710  0.998 0.829 553.0

EfficientNetB0 widefeet 0.780 0.899 0.835 476.0

Figure 10. Example Results : Phase 3

To provide an interpretable view of the embedding quality and to assess how well the models
grouped semantically similar footwear items, t-SNE (t-distributed Stochastic Neighbor
Embedding) and UMAP (Uniform Manifold Approximation and Projection) were used for
dimensionality reduction and plotted in 2D space. These visualisations offered qualitative
insight into how embeddings clustered according to health-fit tags, highlighting differences
between unimodal and multimodal configurations, as well as between the three CNN
backbones.

- Tunes Resecs0 Embeddinss by Heati Tag UMAP Projection of ire-Tuned VGG16 Embeddings by Heath Tag

Figure 11. Example UMAP (Phase 3)
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