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Abstract Advertisements are a popular marketing strategy that shapes consumer perception and brand
image. Consumers engage in outdoor advertising messages and traditional media advertisements. Under-
standing consumer behavior and interest in advertisements is crucial for developing effective marketing
strategies. One study used computer vision techniques to analyze customer demographics, clothing pref-
erences, and facial attention cues to extract comprehensive features from individuals and assess their
attention toward advertisement displays. The methodology uses object detection models, such as YOLO,
to track individuals in a scene, followed by a fashion detection model to identify clothing styles. The
MiVOLO model predicts age and gender and creates a dataset for demographic analysis. ReginaFace
is used for face detection and head pose estimation to gauge viewer engagement. This system helps
retailers and advertisers tailor marketing strategies based on real-time customer data, providing insights

into consumer preferences and interests. This enhanced customer engagement and sales.
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1. INTRODUCTION

In the digital age, marketing has undergone significant changes because of the abun-
dance of quantitative data generated by various online and offline platforms. Marketing
is necessary for machine learning to be fully utilized in a range of corporate applications.
Because it improves the efficiency of advertising communication, a critical component of
strategic planning for companies dealing with goods or services, it is vital to corporate
success. Beyond its impact on revenue generation, this vital role creates the foundation
for other important business operations, such as customer service and sales strategy.

Although many small and medium-sized firms are still in the early phases of imple-
menting this technology, larger corporations have incorporated machine learning into their
marketing strategy. However, current trends suggest that machine learning applications in
marketing are catching on quickly. Businesses are becoming more aware of how they may
improve their decision-making, campaign optimization, and general productivity. The
future of corporate operations in this field is expected to be shaped by the anticipated
large growth in the application of machine learning in marketing [12].

In the past, mass advertising dominated the marketing industry and was typified by
consistent messaging intended for a large audience. However, this one-size-fits-all strategy
is no longer successful in today’s hyper-connected and customer-focused world. A mass
marketing strategy is less effective in satisfying the demands of modern customers, who
demand more relevant and individualized interactions from firms.

Targeted advertisements are a strong substitute that gives companies the freedom
to create campaigns that appeal to particular audience segments. Businesses can craft
customized messages that connect with people at a more intimate level by utilizing in-
formation regarding client preferences, behaviors, and requirements. By concentrating
resources on audiences most likely to convert, this strategy not only increases consumer
satisfaction but also boosts the overall effectiveness of marketing initiatives that allow
companies to better interact with their clients and adjust to the ever-changing needs of
contemporary marketplaces [3, 4, 17, 22].

A key goal of marketing strategies is to gain a deep understanding of prospective
customer’s needs and preferences. This insight allows businesses to segment their target
markets, focusing on individuals who are most likely to engage positively with advertising
campaigns [6]. In addition, this information can be leveraged to refine the presentation of
advertisements, ensuring that they are tailored to elicit a more favorable response. Nu-
merous studies have been conducted to enhance the understanding of consumer behavior,
adoption of new technologies, and brand performance across various contexts, including
online shopping, electronic banking, and social media platforms [2, 13-15, 18, 24]. These
findings provide valuable insights that inform marketing practices, enabling businesses to
align their strategies better with evolving consumer expectations and preferences.

The important determinants of market segmentation are customer-specific psycholog-
ical aspects. These elements include personality, way of life, and appearance are de-
rived from a person’s needs, wants, and preferences. Through targeted advertisements,
marketers can use these characteristics to provide more individualized and successful
communication [3]. When taken as a whole, these features are frequently called the
psycho-cognitive spectrum or consumer psychological traits [20].

Research suggests that a variety of factors such as speech patterns, body language, and
physical appearance can contribute to psychological qualities. The idea of “style” becomes
especially pertinent when discussing physical attractiveness. The term “style” describes
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unique patterns in a person’s external appearance that convey and reflect their behavioral,
psychological, societal, economic, and occupational circumstances [11]. By matching
their strategies with the distinctive characteristics of their target groups, marketers can
better understand and interact with their audience thanks to the link between style and
underlying features.

Although factors such as demographics are easily obtainable and can yield some infor-
mation, their combined nature frequently leaves them unable to satisfy commercial needs.
Psychological qualities, on the other hand, are more difficult to assess and acquire but
provide insightful information. These qualities are usually disregarded in advertisement
efforts because of the difficulty in obtaining them [5].

The concept of style holds significant importance in this study as it encapsulates psy-
chological traits through the visible aspects of an individual’s appearance [21]. By linking
readily accessible elements such as photographs or videos, with the psychological traits
essential for effective market segmentation, this approach paves the way for the develop-
ment of a model that automates these processes. Such a model offers businesses practical
tools to streamline marketing efforts and achieve their strategic objectives.

Personalized marketing has the potential to reinforce existing inequalities and biases,
particularly when it relies on sensitive data such as race, gender, or other protected
attributes. Marketers must remain mindful of these issues and adhere to ethical guidelines
to ensure that their strategies promote inclusivity [19]. By recognizing and addressing
biases thoughtfully and deliberately, marketers can design campaigns that are not only
more impactful but also contribute to equitable and responsible marketing practices,
ultimately enhancing their overall success [7].

By creating a system that can identify the styles of potential clients, this project tackles
important issues in digital advertising and improves focused marketing campaigns. By
analyzing full-body photography samples, this research discovers individual styles, which
serve as essential segmentation characteristics for automatically generating individualized
advertisements. Ultimately, this creative method bridges the gap between customer wants
and marketing effectiveness by enabling firms to create more successful product sales
tactics and assisting users in finding materials that suit their interests.

2. METHODOLOGY

This study was developed to solve problems and create business opportunities by ana-
lyzing the external characteristics of individuals. The internal subsystems were developed
and optimized for efficient operation and were tested and used only within the university.

2.1. DEVELOPING A SYSTEM TO PREDICT CLOTHING, GENDER AND AGE

The advertisement recommendation system consists of a computer processing various
models such as clothing detection, age, and gender prediction models. The system uses
two cameras, one installed near the display screen and another placed at a 45-degree angle
on either side of the test area, ensuring that both cameras cover the test area. The data is
processed through an application that receives the camera input and sends it to another
system, as shown in Figure 1.

The clothing detection system uses video input to detect people and identify their loca-
tion within a video [23]. Additionally, a fashion detection model analyzes an individual’s
clothing [23]. Moreover, age and gender prediction models determine a person’s age range
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and gender [16]. Finally, the data was forwarded to a person tracking model using the
StrongSORT model to track a person’s movement [10].

The clothing detection system uses video frames of people walking as input and pre-
trained models such as YOLOVS Detection Official for detection, setting a minimum
bounding box ratio of 1:1.5 and a maximum of 1:5.5 between width and height, with
minimum dimensions of 50 pixels wide and 80 pixels long to capture individuals standing
or walking [23]. The tracked person data is then passed on to fashion detection [10]. The
input images were resized to 640x640 pixels to obtain the bounding box positions of the
desired objects. The system collects all features, such as clothing, gender, and age, and
stores them in a database. The stored data must include individuals facing the camera
to capture their faces and must be able to identify both upper and lower clothing. See
Figure 2.

2.2. ADVERTISEMENT VIEWING DETECTION SYSTEM

The advertisement viewing detection system starts by receiving video input to a face
detection model using RetinaFace to identify the position of the face [9]. The data was
then forwarded to a face-tracking model using the BotSORT model to track facial move-
ments [1]. It also includes a head pose estimation model and an age and gender prediction
model.

The advertisement viewing detection system receives video frames of people watching
the display screen as input using RetinaFace to detect each individual’s face and determine
the direction of the gaze [9]. BotSORT was used to track faces to avoid duplicate data
collection [1]. All data was collected and stored in the database, with a minimum bounding
box size of 80 x 80 pixels for the face and a pitch range of [-20, 20] and yaw range of [-30,
30] to identify faces looking at the screen. See Figure 3.

2.3. ADVERTISEMENT ANALYSIS SYSTEM

The main function of the advertisement analysis system is to analyze and select suitable
advertisements for the target audience. The process begins by displaying the first round of
advertisements. After an advertisement ends, the system retrieves data from the database
collected by the clothing detection and advertisement viewing detection systems during
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the last 30 seconds. These data were fed into a hierarchical clustering model to analyze
and select the best advertisements for the target audience. The system then displays the
most suitable advertisement based on the analysis results shown in Figure 4.

The system determines the presentation ratio using the advertising budget based on the
following formula after identifying a target demographic and finding many advertisements
that match the audience:

G

B:i:C’iandSi: B

i=1

(2.1)

where C; is the cost of advertisement ¢, S; is the advertisement presentation ratio, and B
is the total budget for all advertisements.

Each time an advertisement is shown, its cost is subtracted from the budget, chang-
ing the selection ratio and increasing the likelihood that additional commercials will be
shown. Advertisements are shown randomly according to their ratios. In cases where the
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person viewing the advertisement is not the target group, the cost of the advertisement
is subtracted at a lower rate in this instance.
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3. EXPERIMENT

The results were divided into five parts: system performance of clothing detection,
clothing detection results, advertisement gaze detection results, advertisement recom-
mendation results, and real-world application testing.

3.1. SYSTEM PERFORMANCE OF CLOTHING DETECTION

The average precision of the model was 97.8%, indicating a high accuracy. The pre-
cision increased as the confidence level increased, with lower-confidence predictions dis-
carded, thereby improving overall accuracy, as shown in Figure 5a. The average recall
rate of the model was 93%. As confidence levels increase, recall tends to decrease owing
to an increase in false negatives, leading to lower accuracy, as shown in Figure 5b. The
precision-recall curve shows that the model’s average accuracy for classifying all types of
clothing was 79.4%, indicating the model’s high efficiency in detecting and categorizing
clothing. The model performs better at classifying certain types, such as dresses and
trousers, while some categories have lower accuracy owing to insufficient training data, as
shown in Figure 5c. The average F1-score of the model is 74.0%. As the confidence level
rises, the F1l-score drops sharply because of the decline in the recall, affecting the overall
F1-score calculation as shown in Figure 5d.
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Over 100 training rounds, error metrics such as box loss, classification loss, and detection-
focused loss consistently decreased, reflecting an improvement in object detection accuracy
as shown in Figure 6. However, errors for the test set remained higher, suggesting over-
fitting. The model achieved its highest performance, with a mAP@50 score of 78.66%,
precision at 70.56%, and recall at 77.41%. However, the test set’s total box loss was still
high at 1.078, indicating further refinement is needed.

3.2. CLOTHING DETECTION RESULTS

The clothing detection system was tested with participants walking toward the camera
to capture gender, age, and clothing information. The test included three video datasets
as listed in Table 1.
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TABLE 1. Results of accuracy testing for gender, age, and clothing detection.

Video Data Gender| Age |Upper Clothing|Lower Clothing
Students walking toward [13 people||84.82% |53.85% 100% 100%
Night street scene [31 people] 64.52%(90.32% 93.55% 87.88%
Random walking people [32 people] [90.91% |96.97% 93.94% 87.88%

3.3. ADVERTISEMENT GAZE DETECTION RESULTS

The advertisement gaze detection system was tested using a video of students from
King Mongkut’s University of Technology Thonburi. Gaze detection was also evaluated
by 11 assessors, comparing the system’s results with the assessors’ observations as shown
in Table 2. From the results of these two groups, it was found that if the participants
had a clear gaze direction and their faces were captured clearly by the system, the gaze
detection system could accurately detect where they were looking. However, if the facial
image was smaller or less clear, the system’s gaze detection accuracy tended to decrease.

TABLE 2. Results of advertisement viewing test.

People 1 2 3 4 5 6 7 8 9110 |11 |12 (13| 14 | 15

Look yes |no | yes | no | yes | no | yes |no | no | yes | no | yes | no | yes | no
Evaluator1 | vV |V |V |V | X |V |V |V |V |V | X |/ |V |V |/
Evaluator2 | vV |V |V |V | X |V |V |V |V |V | X |V |/ | X |V
Evalvator3 | vV |V |V |V | X |V |V |V |V |V | X |/ |V | X |/
Evaluator4 | v |V |V |V | X |V |V |V |/ |V | X |V | X | X |V
Evaluator 5 | vV |V |V |V | X |V |V |V |V |V | X |/ | X ]| X |/
Evaluator 6 | v |V |V |V | X |V |V |V |/ |V | X |V | X | X |V
Evaluator 7 | vV |V |V |V | X |V |V |V |V |V | X |V | X | X |/
Evaluator8 | vV |V |V |V | X |V |V |V |V |V | X |V | X |/ |V
Evaluator9 | vV |V |V |V | X |V |V |V | X |V | X |V |/ |V |V
Evaluator 10 | v |V | V |V | X |V |V |V | X |V | X |V | X | X |V
Evaluator 11 | v |V |V |V | X |V |V |V |V |V | X |V |V | X |V

3.4. ADVERTISEMENT RECOMMENDATION RESULTS

The advertisement recommendation system was developed using hierarchical clustering
owing to the high data variance and uncertainty of the ideal number of clusters. Based
on this data, a linkage technique was applied to determine the optimal number of groups.
The dendrogram graph indicates that the data should be divided into three groups, which
is deemed the most appropriate segmentation, as shown in Figure 7a. After determining
that three groups were the optimal number based on the dendrogram analysis, the devel-
oper created a model using hierarchical clustering with the agglomerative method. This
method was used to group the data into three identified clusters, as shown in Figure 7b.
Upon analyzing the clustering results, the following observations were made:

Group 0: Primarily men who wear long sleeves and trousers.
Group 1: Women with a wide variety of upper and lower clothing types.
Group 2: Predominantly women who wear T-shirts, shorts, and trousers.
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3.5. REAL-WORLD APPLICATION TESTING

The system successfully logged the participant’s data using clothing and gaze detection
systems, as shown in Figure 8. However, there were delays in saving the participant data,
causing issues with the advertisement recommendation system. This delay affected the
systems ability to analyze and recommend advertisements in real-time owing to missing
or incomplete data.

FicURE 8. Images of actual application usage.

4. CONCLUSION

The project developers created a demographic-based recommendation system for ad-
vertisements, focusing on clothing detection and gender-age prediction. The clothing
detection system categorizes clothing into eight types: dresses, jackets, long sleeves, short
pants, skirts, t-shirts, tops, and trousers. It uses data from the Roboflow website and the
YOLOV8m model for training. Additionally, the YOLOV8x model enhances the tracking
and detection process before sending the detection person images to the clothing detec-
tion model. The system operates using a computer equipped with a camera for real-time
clothing detection. The gender and age prediction system classifies data into two gen-
ders, male and female, and divides ages into three groups: 15-19, 20-59, and 60-99 years
old. It uses the MiVOLO model, which is known for its flexibility and high accuracy, al-
though it requires significant processing time. To optimize resource usage, the MiVOLO
model runs on a server developed using Django, thereby reducing the burden on the
camera-connected computer. All the data collected by the detection models are stored in
a database, which is then displayed on a website and used to develop an advertising rec-
ommendation model. The data were obtained from CCTYV footage and video recordings
at King Mongkut’s University of Technology Thonburi. The advertising recommendation
system employs a hierarchical clustering model, an unsupervised learning technique, to
group the data and recommend appropriate advertisements based on detected clothing,
gender, and age.
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