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Abstract—Eyeglasses are not only used to protect our vision
and prevent dust from getting into our eyes. Additionally, glass
that fits properly can give a person an elegant appearance.
However, people often find it difficult to choose eyeglasses that
fit their face shape; to address this issue, we have proposed a
novel architecture in this paper. In order to do this, we created
a pipeline that can recommend eyeglasses based on the form of
the eyes using multiple transfer learning architecture to predict
the face shape from a given image. We utilized InceptionV4 [17],
InceptionV3 [18], Vit Small [12], DenseNet121 [10], ResNet50 [9],
and VGG16 [16] to predict the facial shape from the image and
achieve a test accuracy of 75%. We used 5500 photos with five
different face shapes (Heart, Oblong, Oval, Round, Square) for
this experiment, and two distinct datasets were gathered from
Kaggle [2] and GitHub [1]. By simply uploading the photograph
to our recommendation system, our proposed solution can assist
users in selecting the appropriate eyewear.

Index  Terms—InceptionV4, InceptionV3, Vit Small,
DenseNet121, ResNet50, VGG16, Trasnfer Learning, CNN,
Eye Glass

I. INTRODUCTION

A facial shape-based eyeglass suggestion system might
assist the eyewear industry. Finding glasses that accentuate a
person’s facial traits has long been a challenge for consumers
and eyeglass manufacturers. Eyewear has the dual function of
enhancing one’s vision and allowing one to exhibit a unique
sense of style in a variety of settings. Face analysis is used
by this suggestion system to assist customers in making the
most appropriate frame selection, which in turn boosts both the
customers’ sense of style and self-confidence. Many different
pairs are tried on by the customer, making it difficult for the
sales associate to provide objective feedback.

A new eyeglass recommendation algorithm using Convolu-
tional Neural Networks (CNNs) and face shape is presented
in this paper. Convolutional Neural Networks (CNNs), deep
learning algorithms, recommend eyeglasses based on facial
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features. This paper introduces a novel strategy for improving
Convolutional Neural Networks (CNNSs) in a domain. Careful
processing and analysis of face photos allow for the proper
selection of eyeglasses that match an individual’s facial char-
acteristics. This revolutionary technology optimizes eyewear
selection by delivering personalized recommendations. Facial
recognition, tracking, and verification require precise identifi-
cation of individuals based on their facial features, especially
form [7].

According to [4], the relationship between an object’s shape
and geometric structure is intricate. Understanding identifica-
tion and user preferences is vital as a facial form is impacted
by external and internal factors [14]. In the next parts of this
study, we will assess facial forms to offer tailored eyewear
suggestions, transforming the choosing process with powerful
algorithms. This project aims to improve the user’s experience
and solve the problem of finding eyeglasses that improve
visual acuity and match a person’s face.

In the following parts, we will evaluate facial forms in order
to make tailored recommendations for eyeglasses, thereby
changing the selection process through the use of complex
algorithms in order to improve the user experience.

II. LITERATURE REVIEW

This literature review explores various studies on analysing
facial shapes and eyeglass try-ons. Some reviews are below-

The study by Young et. al [20] explored Convolutional
Neural Networks for virtual glasses try-on. They employed
the Viola-Jones algorithm on Android, using a dataset of 1300
human face photos, with a focus on oval and square faces.
An 11-user test revealed only 3 successful frame attachments,
resulting in a 27% satisfaction rate. The study highlights
the need for improving accuracy and real-time face shape
identification in future investigations.

Zafar et al. [21] used a data-driven approach for facial shape
and eyeglass style classification with 99% accuracy for shape
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extraction and 90% accuracy for classification using a nearest-
neighbour method. A user study also showed an 82% agree-
ment between recommended eyeglass frames and participants’
preferences, confirming the efficacy of their methodology in
personalized eyeglass recommendations.

Rohan et al [19] propose using Inception v3 to clas-
sify human faces into distinct shape categories. The study
compares its performance with traditional classifiers (LDA,
SVM, MLP, and KNN) on a dataset of 500 female celebrity
images. Results show superior accuracy (98.0% to 100%) for
training and overall accuracy (84.4% to 84.8%) compared to
traditional classifiers, highlighting CNNs’ effectiveness in face
shape classification without manual feature selection. Dataset
expansion is recommended for further model enhancement.

Deniz et al [6] introduced a live-video eyeglasses selection
system based on computer vision techniques. It includes face
and eye detection modules, improving eye detection accuracy
compared to the Viola-Jones detector. Future enhancements are
suggested, such as zoom and mirror-like spectacles adaptation.

Xiaoling et al [8] proposed a recommendation system for
eyeglasses based on individual facial characteristics. Using a
probabilistic graphical model, iGlasses captures dependencies
between facial and frame attributes. Outperforming baseline
methods on a dataset of face photos and eyeglass product
images, iGlasses provides personalized recommendations, en-
hancing the shopping experience and increasing user satisfac-
tion.

Another study Roha et.al [15] presents a computer-aided
system that utilizes image processing and deep learning
techniques to classify facial shapes into heart, oval, square,
oblong, and circle types, achieving an 82% accuracy. While
pre-defined features and classification methods like KNN,
LDA, SVMLIN, and MLP are mentioned, the paper suggests
incorporating convolutional neural networks (CNNs) to im-
prove accuracy and generalize facial shape recognition across
different contexts.

Mehta et al [14] propose a face shape classification method
with 70% accuracy. The method uses facial landmarks and a
classifier algorithm to categorize front-face images into heart,
oblong, oval, round, and square shapes, outperforming existing
approaches in landmark requirements and computational com-
plexity. The study discusses the use of Active Shape Model
(ASM), clustering algorithms, and support vector machines
(SVM), highlighting the need for improvements in predicting
other face shapes and acknowledging dataset limitations.

Duan et. al [7], proposes an algorithm utilizing M-
RetinaFace for face alignment, EfficientNet with an attention
mechanism for feature extraction, and a bilinear pooling layer
for classification. With a dataset of 5500 images, the algorithm
achieves an accuracy of 89.8% in classifying five face-shape
categories. The combination of alignment, attention, and bilin-
ear network enhances feature extraction, emphasizing the sig-
nificance of accurate face shape classification in applications
like face recognition and personalized recommendations.

The paper by Huang et al [11] presents a computer vision-
based system using a webcam for virtual eyeglass try-on.

The system tries on glasses via hand gestures with real-time
images, limitations in real-time processing, and head rotation.
It utilizes facial detection, eye-corner localization, fingertip de-
tection, Harr-like features, and a cascaded AdaBoost classifier
while acknowledging the limitations of non-frontal views and
creating a realistic glasses image database using Maya.

Bansode et al [4] propose a novel approach for face shape
classification using facial region similarity, correlation coeffi-
cient, and fractal dimensions. Evaluation on three datasets with
910 face images shows ellipse shape as the majority (78.73%),
with other categories ranging from 1.76% to 10.23%. The
approach demonstrates effective categorization based on ge-
ometric similarities.

Zhao et. al [22]proposed a facial attractiveness and achieves
a high correlation (Pearson coefficient of 0.862) between
machine predictions and human ratings, indicating a strong
relationship between predicted and subjective attractiveness
scores. The system utilizes 600 face images with positive and
neutral expressions, demonstrating its potential in applications
like facial beauty ranking, plastic surgery, and the entertain-
ment industry.

The proposed Liu et. al [13] paper achieves 94% recognition
accuracy. Comparisons with PCA and ELR methods confirm
superior performance. Notably, in the Yale database, the recog-
nition rate reaches 100% due to smaller, better samples. While
the collected eyeglasses face dataset is comprehensive, it may
not cover all styles and wearer appearances. They suggested
exploring advanced feature extraction techniques, like deep
learning architectures.

In the paper of Chu et al [5] the main contribution is
the development of a 3D parametric human face modelling
approach. They propose a framework that allows for capturing
and modelling the unique characteristics of individuals’ faces.
The paper shows that the Kriging model with first-order
regression achieves higher accuracy than linear regression.
However, the limitations of the parametric modelling scheme
are not discussed. Future work includes hair modelling and
physical modelling techniques for more realistic face models.

ITIT. DATASET

A. Data Collection

We have collected the training dataset from two different
sources. The datasetl [2] from Kaggle contains a total of 5000
images, and there are 5 classes in the dataset. And dataset2
[1] contains a total of 500 images of 5 classes. In order to
increase the volume of the dataset we have mixed both datasets
according to the class. Following Table I provides a short
summary of the dataset.

Our final data doesn’t contain any class imbalance, each
class contains 20% of the whole dataset. A figure shown in
Fig 1for Dataset Representation.

For training purposes, the dataset was divided into three
splits: train, validation, and test (80:10:10). The distribution
of data within each split is as follows Table II:
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TABLE I

DATA DIST
Shape | Dataset 1 Dataset 2 | Total
Heart 1000 100 1100
Oblong 1000 100 1100
Oval 1000 100 1100
Round 1000 100 1100
Square 1000 100 1100

Square

Oblong

Fig. 1. Representation of Dataset

B. Data Preprocessing

The appearance and maintenance of one’s physical appear-
ance are contingent upon the individual’s facial characteristics.
Heart-shaped faces characterized by their feminine and aes-
thetically pleasing appearance exhibit a wider forehead and a
pointed chin. Despite being longer and exhibiting a symmetri-
cal proportion from the forehead to the chin, individuals with
oblong faces possess a wider range of styling alternatives. Oval
faces possess inherent qualities of balance and adaptability.
Soft round faces have a greater degree of softness compared
to their counterparts with powerful square faces.

The data preprocessing step involves transforming the raw
images in the dataset to a format suitable for training and
testing the Facial Shape Recognition system. This is achieved
using a set of image transformations applied to both the
training and testing datasets. The following transformations
are applied:

1) Conversion to tensor format: The images are converted
to tensors, which are numerical representations suitable
for processing by the machine learning model.

2) Resizing: The images are resized to a specific height
and width (224x224) to ensure uniformity in the input
dimensions.

3) Random horizontal and vertical flips: The images are
randomly flipped horizontally or vertically to introduce
variations and augment the dataset.

4) Random rotation: The images are randomly rotated
within a specified range (-10 to 10 degrees) to further
augment the dataset and improve model robustness.

5) Normalization: The pixel values of the images are
normalized using the mean and standard deviation values
of imagenet (0.485, 0.456, 0.406) and (0.229, 0.224,
0.225), respectively. This step standardizes the pixel val-

TABLE 11
DATASET SPLITING
Train | Validation | Test
4400 550 550

ues, facilitating better convergence and training stability.

For the testing dataset, similar transformations are applied,

except for the random flips and rotations. The testing dataset

undergoes resizing and normalization to ensure compatibility
with the trained model during the evaluation phase.

IV. METHODOLOGY

Facial Shape Recognition in computer vision aims to ac-
curately classify and analyze facial shapes from images. We
merge datasets, create subsets with rigorous preprocessing, and
train state-of-the-art models using optimized algorithms and
loss functions. Evaluation metrics such as accuracy, precision,
recall, and F1 score guide model selection. Comparative
analyses emphasize the uniqueness and effectiveness of our
approach.

T
+

| Two Datasets Collected |

i

| Merge Datasets |

¥

| Split Dataset |

w
Test (10%) |

+

Preprocess Dataset

¥

| Run Multiple Models |

+

| Select Best Model |

i

Train (80%:) | | | walidation {10%a)

[ e )

Fig. 2. Methodology for Training

1) Data Collection: Two distinct datasets, Kaggle [1]
and GitHub [2], containing relevant facial images, are
sourced for facial shape recognition research.

2) Dataset Merging: The collected datasets are merged to
create a unified dataset for model training and evalua-
tion.

3) Data Splitting: The merged dataset is divided into train,
test, and validation subsets for specific data allocation in
model training, testing, and unbiased evaluation.

4) Data Preprocessing: A rigorous pipeline including im-
age resizing, pixel value normalization, and augmenta-
tion ensures standardized, high-quality, and diverse data,
improving model performance.
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5) Model Training: Multiple state-of-the-art models (In-
ceptionV3 [18], InceptionV4 [17], ViT Small [12],
DenseNet121 [10], ResNet50 [9], and VGG16 [16])
are trained on the preprocessed dataset with optimized
algorithms and loss functions to facilitate convergence
and generalization.

6) Model Evaluation: Trained models are assessed using
robust metrics like accuracy, precision, recall, and F1
score. InceptionV4 excels in facial shape identification,
outperforming other models. InceptionV3 also performs
well, while DenseNet121 and ResNet50 achieve moder-
ate accuracy, and Vit Small and VGG16 show relatively
lower performance. A separate validation set ensures re-
liable evaluation of generalization across diverse datasets
and unseen examples.

7) Model Selection: InceptionV4 is chosen as the optimal
choice for the Facial Shape Recognition system, ensur-
ing effectiveness and reliability in real-world applica-
tions.

| Start ]

v

Take User Image as Input

v

Preprocess Image

v

Predict Faceshape

v

Suggest Eye-glass
Frames

v

| End ]

Fig. 3. Procedure in Website

The website allows easy photo upload and uses advanced
preprocessing for precise facial shape analysis. The specialized
machine learning model accurately classifies facial shapes
(round, square, oval, heart, or oblong). Users receive glass
frame recommendations based on their facial shape from a
matching dataset of frames.

This methodology outlines a precise and rigorous process
for developing and evaluating a Facial Shape Recognition
system. It utilizes customized techniques, algorithms, and eval-
uation metrics to address specific research objectives, making
a significant contribution to the field.

V. EXPERIMENTAL RESULTS AND DISCUSSION
A. Experimental Setup

For our research, we use Google Colab GPU to employ deep
learning methodologies. To be specific, we used the power

of the Tesla T4 GPU for deep learning, while meticulously
documenting all results in WandB. Our deep learning models
were constructed using Python 3, PyTorch, and Poutyne.
Additionally, we incorporated poutyne as a training wrapper,
complemented by PyTorch Image Models (timm). To address
data set balance, we leveraged the combination of deep learn-
ing models and imbalance learned in this experiment. In our
models, we employed fixed hyperparameters, which are as
follows in Table III:

TABLE III
HYPERPARAMETER VALUES
Parameter Value
imgWidth, imgHeight 224, 224
Epochs 150
Batch size 32
Learning Rate 0.001
Mean (0.485, 0.456, 0.406)
STD (0.229, 0.224, 0.225)
Criterion CrossEntropyLoss
Optimizer Adam

B. Results

We evaluated the performance of several Convolutional
Neural Network (CNN) models, namely InceptionV3, Incep-
tionV4, ViT Small, DenseNet121, ResNet50, and VGG16, for
facial shape-based eyeglass recommendation. In this section,
we provide a detailed analysis of the performance comparison
among these models.

Figure 4 showcases the performance metrics of our trained
model, including test accuracy and loss values obtained during
the evaluation phase. The InceptionV4 model achieved the best
accuracy. Its test accuracy is 75.27% and a test loss is 0.85.
During the training phase, the InceptionV4 model achieved
a train accuracy of 91.77% and a train loss of 0.23. On the
validation dataset, the InceptionV4 model attained a validation
accuracy of 68.18% and a validation loss of 1.19. Although the
validation accuracy is lower compared to the training accuracy,
the model’s performance showcases its capability to generalize
and accurately classify instances on new and unseen data.

Overall, the evaluation results 4 demonstrate the
effectiveness of the InceptionV4 model in facial shape-based
eyeglass recommendation as it shows the best accuracy for
our Model. Their evaluation figure is shown in [ 4(a), 4(b)],
and [ 4(c), 4(d)]

A confusion matrix evaluates classification model perfor-
mance through a table. After analyzing the confusion matrices,
the Inception v4 model emerged as the top performer, as its
diagonal elements indicated the highest number of correct
predictions for each class.

From the confusion matrices in Figure 5, we can see that the
best-performing model Inception v4 has Correct predictions
for heart class:79, Correct predictions for oblong class:96,
Correct predictions for oval class:74, Correct predictions for
round class:79, Correct predictions for square class:86 among
the 114 data.
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train_acc train_loss

(a) Train Accuracy (b) Train Loss

valid_acc valid_loss

(c) validation Accuracy (d) Validation Loss

Fig. 4. Training, Testing, and Validation evaluation metrics of the InceptionV4
model

(b) Inception v3

(c) DenseNet121

(d) ResNet50

Fig. 5. Confusion Matrix

By referring to Table IV, we can examine the results
obtained from our models. The data highlights the superior
performance of the Inception v4 models in comparison to the
others. Inception v4 demonstrates the highest level of accuracy,
reaching around 75.27%, and also performs well in terms of
the Fl-score of 80%. On the contrary, VGG16 exhibits the
lowest performance, achieving an accuracy of only 22%.

VI. FRAMEWORK FOR RECOMMENDATION
SYSTEM

In our project, we have successfully developed a model
framework that optimizes the development process by saving
valuable time. This framework empowers developers to focus
on application tasks. By leveraging Python and FastAPI, an
open-source Python framework, we have achieved this objec-
tive. The adherence of FastAPI to the model-view-controller
architectural pattern significantly enhances the efficiency and

TABLE IV
EVALUATION SCORE OF CNN MODELS ON TEST DATASET

Class CNN Models Accuracy Precision Recall F1-Score
Heart  Inception-v3 74% 70% 76% 73%
Inception-v4 75% 76% 69% 72%
ViT Small 39% 29% 30% 30%
densenet121 65% 63% 45% 52%
Oblong Inception-v3 74% 84% 71% 77%
Inception-v4 75% 74% 86% 80%
ViT Small 39% 36% 39% 38%
densenet121 65% 68% 74% 71%
Oval Inception-v3 74% 73% 64% 68%
Inception-v4 75% 69% 64% 67%
ViT Small 39% 46% 38% 42%
densenet121 65% 55% 65% 60%
Round Inception-v3 74% 72% 80% 76%
Inception-v4 75% 80% 75% 77%
ViT Small 39% 40% 51% 45%
densenet121 65% 69% 74% 71%
Square Inception-v3 74% 73% 69% 76%
Inception-v4 75% 77% 83% 80%
ViT Small 39% 47% 40% 43%
densenet121 65% 73% 67% 65%

maintainability of our project [3]. As a result, we have
established a robust and scalable solution for recommending
eyeglasses based on face shape.

To illustrate the workflow, Figure 6 presents a user interface
allowing users to upload their pictures. Subsequently, these
pictures are automatically processed using our algorithmic ap-
proach and the designated model. The entire process operates
the predefined algorithm. Within our research, this API serves
as a testing API, employing our analytical algorithm methods
in the background. Our primary objective is to enable users to
upload pictures and automatically identify suitable eyeglasses
based on their facial shape.

Name: glass reccommendation from face shape

Version: 0.1

Choose Your Image: | Choose File |3616285007 81324 _n.jpg
submit

Fig. 6. Representation of Index page

Following the picture upload, a selection process determines
the picture’s suitability for further use, particularly in terms
of eyeglass selection based on face shape criteria. Figure
7 demonstrates this process, whereby pictures meeting the
specified criteria automatically identify suitable eyeglasses
based on their facial shape.

VII. CONCLUSION AND FUTURE WORK

This paper introduces a novel approach to eyeglass recom-
mendations based on facial shape using Convolutional Neural
Networks (CNNs). Our Facial Shape-Based Eyeglass Recom-
mendation system leverages CNNs to identify and match ideal
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Fig. 7. Framework-based Testing Result

eyeglass frames for personalized and aesthetically pleasing
choices.

With InceptionV4 achieving an impressive test accuracy of
approximately 75.27%, our system shows great potential to
transform the eyewear industry by providing tailored recom-
mendations. Moreover, our real-time application allows users
to upload photos on a website for instant personalized eyeglass
frame suggestions, enhancing the shopping experience and
user satisfaction without in-store visits. By merging technol-
ogy and fashion, we envision a future where individuals find
their perfect pair of spectacles that celebrate their unique
identity. With continued research dedication, our system can
shape the future of eyewear selection, one personalized rec-
ommendation at a time.

The paper’s limitation is the utilization of low-quality and
online datasets, which consequently lead to relatively low
model accuracy. In future, we aim to address these limitations
by working with larger and more diverse datasets, exploring
novel architectures, such as reinforcement learning, and focus-
ing on improving the accuracy of the models.
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