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ABSTRACT

Facial recognition and age estimation are being implemented in apparel
retailing which is undergoing significant changes due to fashion and technol-
ogy. To improve interaction with customers and refine marketing strategies. The
paper proposes an approach based on a Siamese neural network and the use of
tools such as MediaPipe for face detection and DeepFace for age and gender
estimation. In addition, the four stages of the research work, real-time image
capture, ID assignment, facial feature extraction, and data storage, are described.
Early approaches to age estimation were based on biometric features, such as
eyes, nose, mouth, and chin, resulting in limited accuracy and low performance
in older adults. To improve accuracy, additional elements, such as the presence
of wrinkles, were considered and a diverse database of images was used. The
proposed methodology achieves a positive result for real-time age classification
and gender ID. The results include information on gender, age, ID, time and date
for each person identified.
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1. INTRODUCTION
Today, apparel retailing is constantly changing, influenced by fashion trends and technological ad-

vances. Because of this change, malls and stores are constantly looking for innovative ways to improve their
customers’ shopping experience. By getting to know their customers better, they can recommend products
according to individual preferences. Among the many factors that define the customer profile, age and gender
stand out as crucial aspects. These two elements are particularly significant because of the different preferences
and styles exhibited by various demographic groups depending on their age and gender.

Therefore, it has become necessary to classify ages in groups of four years, as well as to identify the
gender of the person and collect this information through the use of neural networks. This technique of age
classification and gender identification (ID) plays a fundamental role in shopping malls and stores to interact
with their customers and refine their marketing strategy. Furthermore, accurate age and gender classification
using neural networks not only benefits marketing strategies but also provides the opportunity to personalize
the customer experience. This personalization translates into the ability to offer specific products and services
tailored to each demographic group, which contributes to improved consumer satisfaction. Consequently, the
use of these technologies is seen not only as a strategic enhancement but also as a means to strengthen customer
and retailer relationships.
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In recent years, facial recognition and age estimation have experienced remarkable growth, this
increased interest is due to its broad potential in a variety of commercial applications, ranging from targeted
advertising to visual monitoring and robotics, among others [1]–[5]. It is essential to highlight that age and
gender classification are present in several sectors of commerce to improve sales [2], [6]. In addition, its
application extends to compliance with legal regulations, such as restricting the sale of alcoholic beverages or
prohibited products to minors [7], [8].

The ages of individuals are considered important biometric traits for ID [6], [9]. Early studies on age
estimation were based only on certain biometric features such as eyes, nose, mouth, and chin, thus generating a
classification with a low estimation percentage [2], [5]. In addition, accuracy decreased for adults over the age
of 65, due to decreased elasticity and firmness of the skin [10]. For best results, Zighem et al. [7] mentioned for
a better estimation of ages not only considering the features of eyes, nose, mouth, and chin, it began to consider
additional elements such as the presence of wrinkles. On the other hand, it also mentions the use of databases
that should be vast and varied, which should include images such as race, gender, and descent from different
parts of the world [11]. This research has a low sample size, which suggests increasing the sample size of the
population [12]. Other challenges presented by facial recognition for age estimation include illumination, full
face coverage, as well as the presence of facial accessories [13], [7]. On the other hand, Dozdor et al. [14]
proposed an age estimation method that involves cropping the image at neck level, and they also chose to detect
the face in different positions to ensure wide and accurate coverage.

The research in [15]–[17] proposed solutions to combat the problems of unaligned profiles in the
image and body postures at different camera angles. For example, the research in [1], [13], [15] chose
to use the radial basis function with support vector machine (RBF-SVM) classifier method to extract facial
features from the face such as eyes, eyebrows, and nose. Also, a multiple convolutional neural network (CNN)
was used to train each of the neural networks with diverse sets of facial features [8], [18], [19]. The latter
method stands out for its good performance and high percentage accuracy for age estimation. In comparison,
Opu et al. [20] mentions that he worked with a lightweight CNN, which does not require much computational
demand but the estimation accuracy is low. To obtain a better result, Guo and Mu [21] recommends the use of
a MORPH-II dataset, because it presents a wide variety of images, to improve the accuracy of the result.

In conclusion, the review of the literature on age and gender estimation and classification highlights
the need for an extensive database to achieve accurate results. The main objective of this article is to identify
and characterize individuals by age and gender in real-time, with subsequent storage of the data in an archive.
Determining age and gender ranges are complicated to determine due to several factors, such as the location
of the person and the surrounding environment. Our project consists of five fundamental stages. First, we
capture the image in real time using a camera, this is done through OpenCV which is a tool that allows us to
capture what happens in real-time. In the second stage, we use MediaPipe to perform face detection, which
allows us to accurately locate each face within a frame. In the third stage, we assign a unique ID to each
identified person. This assignment is performed by a Siamese neural network, ensuring that the same person
is not assigned different IDs. Then, in the fourth stage, we extract the facial features to determine the age and
gender of each individual, which will be carried out using DeepFace which allows facial recognition and facial
tribute analysis. Finally, in the last stage, the acquired data is sent and stored in their respective groups. After
this process, we obtain visual results that show the image of the person along with detailed information about
their gender, age and an associated unique ID.

2. METHOD
This paper presents a method for age and gender ID based on DeepFace technology [22]. This

technology can detect 300 faces simultaneously and consists of 176 face reference points. A Siamese net
was also used [23], for verification and ID assignment to each subject. This work recognizes the person’s face
as soon as it is in range of the camera and displays the data on the screen. For this work, public domain images
were used, and tests were carried out with four hundred images, one hundred of each category.

The ID of age and gender has been divided into five essential stages, as shown in Figure 1, the diagram
of the methodology is presented. In the first stage, image capture is performed through the camera. In the
second stage, we employ the MediaPipe library for accurate face detection in the captured images in real-time.
The third stage involves the comparison of the detected image with the existing database. If no matches are
found, the image is automatically saved and assigned an unique user ID. In the fourth stage, data related to
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age and gender are accurately extracted using the DeepFace library. This fundamental step provides detailed
information about each identified individual. Finally, in the fifth stage, the acquired data is submitted and
organized into a table, allowing clear and accurate visualization of the classification results.

Figure 1. Methodology flowchart

2.1. Real-time image capture
The real-time capture stage is performed by computer vision, an open-source library. Real-time video

capture is performed by a camera, which records a sequence of images in rapid succession, allowing real-time
processing and analysis of visual data. Subsequently, the image is displayed on a graphical interface that allows
users to visualize in real time what the camera is capturing, thus facilitating the transition to the next stage of
detection.

2.2. Face detection via MediaPipe
Facial recognition is carried out using artificial vision. The captured frame goes through a CNN

model, MediaPipe, developed by Google open source [24]. This model not only detects the face in real-time
but also identifies specific facial features, such as the eyes, nose, and mouth [25]. The ability of this model to
recognize and locate these facial features is crucial to identifying the region of interest, which in this case is
focused on the accurate detection of people’s faces while being able to detect several faces at once.

2.3. ID assignment
At this stage, each identified face goes through the process of assigning a unique ID. To perform this

task, a Siamese neural network is implemented, an architecture that allows comparing two different inputs and
evaluating the similarity between them. The network uses two branches that share the same set of weights.
Each branch processes the input data independently through its layers, using the same set of weights. This
architecture is fundamental to obtaining a representation that indicates the similarity between the resulting
vectors, which results in the conclusion of whether the original inputs are similar or not [23]. Once the similarity
has been established, a check is made in the database. If a match is found, the information is extracted. If not,
a new ID is assigned to the face and the database is updated for future comparisons. This approach ensures
accuracy and efficiency in the assignment and management of IDs for each detected face.
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2.4. Age and gender classification
Age classification presents greater complexity due to the variability in the facial aging process, in-

fluenced by factors such as gender, ethnic descent and the person’s quality of life. In this work, we use the
DeepFace library [22], for age estimation. In this work, we classified ages into four groups: child (0-12 years),
adolescent (13-18 years), young adult (19-35 years), and older adult (36-100 years). This categorization is done
due to the complexity of determining the exact age of a person, since each experiences a unique aging process,
for this reason determining age presents a challenge, grouping the ages would not present a large range of error
in age estimation.

Gender ID is presented as a low cognitive load task for people because we can visually recognize
gender through facial features. This process of gender classification is simplified by dividing people into two
distinct categories: male or female. The implementation of a binary model in this context is natural, as there
are only two possibilities. To carry out this process, the DeepFace library, recognized for its open codes and the
availability of previously trained models, is used. The use of this library facilitates the accurate ID of gender
from facial features captured in real-time [16].

DeepFace represents a specialized library that focuses on the ID of various attributes, including age,
gender, emotion, and race. Its functionality is based on a pre-trained deep learning model, consisting of 16
convolutional layers (CNN) and 3 connected layers, which has been rigorously trained on a large dataset span-
ning up to four million faces. This training process has culminated in an impressive 97.35% accuracy on the
labeled faces in the wild (LFW) dataset benchmark. The robustness and accuracy of the model make DeepFace
a formidable tool for detailed analysis and accurate ID of facial features in a variety of applications [26].

To determine age and gender, the process starts with the detected face in the face detection stage.
Before DeepFace analyzes the image, it is adjusted to the dimensions of the pre-trained model, which are
224x224 pixels. Then, the pixels are normalized within a range of 0 and 1. For feature extraction, DeepFace
uses a CNN, these features may include details of the shape and texture of the face, as a result, the estimation
of age in numerical values and gender is obtained.

2.5. Record the data
The storage of data records is essential for our project. Figure 2 shows the data logging flowchart.

We start this process by creating a DataFrame, a tabular data structure that acts as an organized container. This
data frame is composed of five key columns: ”ID, age, gender”, date and time, providing a structured format
for storing the results of our detections.

Figure 2. Data logging flowchart
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The aforementioned collected data are directed into a table where they are carefully organized in
the corresponding columns. During program execution, each new detection contributes to the creation of
an additional row. The addition of ”index=false” during this process ensures that no unnecessary columns
are added, keeping the data structure clean and ready for further analysis. This strategic approach not only
allows for the efficient capture and storage of information during program execution but also facilitates the
visualization and analysis of the detections made. The ability to keep a detailed record of each detection made
during runtime facilitates understanding the process of identifying people in real-time.

3. RESULTS AND DISCUSSION
The implemented model can predict ages and classify them into four groups: children, adolescents,

young adults, and older adults, in comparison with [3], [11], [18], which group them into eight age classes
(”0-2”, ”4-6”, ”8-13”, ”15-20”, ”25-32”, ”38-43”, ”48-53”, and ”60-80”). Since these authors employ the same
pre-trained neural network model. In turn, by comparing it with the approach of [8], although the latter shows
the exact age of the person, it has a higher margin of error in its predictions, reaching 85% in general. It also
performs gender classification, identifying between men and women by analyzing facial features in real-time.
This model was trained with an extensive dataset consisting of four million images, which contributes to a
higher accuracy in the results. It is worth mentioning that, due to time constraints, we chose to use a previously
trained model.

In the validation of the model, a real-time manual evaluation of the faces was carried out using
individual tests to assess the accuracy of age and gender detection. The model demonstrated its ability not
only to detect the face and estimate age and gender frontally, as shown in Figure 3(a) but also to perform this
detection in real-time from a side view of the face, as illustrated in Figure 3(b). This lateral detection capability
is a significant improvement over previous work by [8], that he could only effectively detect from a frontal
view.

Figure 3 presents the results of gender and age classification in real-time, where the person is facing the
camera. The results show an accuracy in estimating gender and age correctly to the person, who is 27 years old,
in the corresponding young adult group. This test highlights the model’s ability to make real-time predictions
accurately and efficiently. The combination of gender and age classification demonstrates the versatility and
applicability of the model in practical situations.

(a) (b)

Figure 3. Gender and age prediction results: (a) frontal view and (b) lateral view

To expand the coverage of the model tests, evaluations were carried out with a larger group of people
spanning various ages and genders. The results of these tests are presented in Figure 4, which was carried out
with a sample of 100 images for each category, taken from public persons, with an ID accuracy of 76%, gender
of 85% and age of 92% in the children’s category. The same sample size and procedure are applied to the rest
of the categories. The results of 87%, 86%, and 91% for adolescents, 93%, 95%, 97% for young adults, and
88%, 85%, and 89% for older adults, as compared to the above mentioned in Abirami which provides an overall
accuracy of 68.89% in correctly predicting age and gender. It is important to note that, when predicting age
and gender, negative results were observed for certain individuals due to varying facial characteristics, as well
as external conditions such as light, as illustrated in Figure 5. Despite these variations, the overall accuracy of
the model demonstrates its effectiveness in the classification task.
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Figure 4. Gender and age prediction results

Figure 5. Negative results in age estimation

Figure 6 shows the table that stores the information of the people recognized through the camera. The
process of storing data in a file involves taking the information collected on the faces detected in real-time and
saving it in a structured format. To achieve this, ID matching using Siamese neural networks is used, in case
a face is not found in the database, it is assigned a unique ID and added to the table along with details such as
age, gender, date, and time of detection. This approach ensures the organization of the information collected
during the process of identifying people in real-time.

Figure 6. Results in the excel-generated dataset

Little variation is observed in the age and gender predictions, mainly attributable to external factors.
To improve accuracy, it is suggested that a more rigorous model be implemented in future iterations. The
effectiveness of this detection network lies in its ability to recognize faces both frontally and laterally, as well as
the detection of several faces simultaneously, making it a suitable choice for crowded environments. However,
it is important to note one limitation: the network may have difficulty recognizing faces at long distances. In
situations requiring long-distance recognition, it is recommended to explore other networks that offer optimal
results.
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4. CONCLUSION
The results obtained in gender and age classification have yielded positive results. However, it is

crucial to recognize that age classification is affected by a variety of external factors, such as lighting, facial
expressions, skin tones, and the person’s gender. Despite these influences, the overall accuracy of the model
remains remarkable. In this research, specific tools were employed to address each component of the process.
Using MediaPipe, efficient and accurate real-time face detection was achieved 100%. In addition, DeepFace
played a key role in gender and age estimation, providing satisfactory results 88.75%. Additionally, a unique
strategy was implemented to assign a unique ID to each person detected. Through the use of a Siamese neural
network, effective matching and assignment of IDs was achieved 86%, thus contributing to uniqueness in the
ID of individuals over time. This combination of approaches provides a comprehensive and robust solution for
the real-time ID of individuals. The result of this study is the combination of real-time gender classification and
age classification from live camera streams, which represents an achievement of the stated objectives. Although
much research has been conducted in these fields independently, no similar study has been found that combines
all of these applications in the field of computer vision.
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