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ABSTRACT 
 
Facial feature extraction is a fundamental step in various computer vision tasks, including face recognition, 
emotion detection, and personality traits recognition. The efficiency of these tasks depends on choosing the right 
face detector model to extract facial features. As for personality traits recognition tasks, face detection is important 
in understanding the facial expressions that underlying personality traits. There are several face detector models 
like Multi-Task Cascaded Convolutional Neural Network (MTCNN), RetinaFace, and DLIB that can detect and 
extract facial features. However, the challenge arises in selecting the most effective face detector model, 
particularly when dealing with diverse facial expressions, orientations, and occlusion. There is a lack of 
comprehensive comparisons that have been made between MTCNN, RetinaFace, and DLIB for face detection 
ability, particularly in video-based personality traits recognition. Thus, this study presents a comparative analysis 
of MTCNN, RetinaFace, and DLIB models, focusing on their ability to detect human faces from key frames that 
are extracted from videos. This study used the ChaLearn dataset, which consists of 15-second videos of people 
speaking in front of a camera. MTCNN and RetinaFace were able to detect higher numbers of faces consistently, 
even in cases where the faces were not strictly frontal. In contrast, DLIB has problems detecting non-frontal faces 
and resulting in fewer face detections. We demonstrate that MTCNN and RetinaFace are more suitable for tasks 
that require robust face detection, especially across datasets that consist of a variety of facial poses. Additionally, 
using MTCNN and RetinaFace as face detector models gives prominent accuracy performance for video-based 
personality recognition. 
 
Keywords: Computer Vision; Personality Traits Recognition; Face Detector Model; Facial Features; Facial 
Landmarks. 
 
 
1.0 INTRODUCTION 
 
Personality Traits Recognition (PTR) is a computer vision task designed to automatically detect individual 
personality traits based on their behavioral signals. Behavioral signals such as facial features, facial expressions, 
gestures, or body movements can be easily collected from user-generated data, including social media posts, 
comments, online reviews, blogs or forum posts, wearable devices, and more [1]. With advancements in computer 
vision technology, personality traits recognition has the potential to automate personality judgments, which can 
enhance social interactions, help business marketing, improve user profiling, enable product personalization [2], 
and support telemedicine services [3], [4]. Personality traits recognition can be developed using artificial 
intelligence, machine learning, and deep learning techniques to analyze various data modalities including text, 
audio, and video data to automate personality judgments and predict an individual’s personality. These judgments 
commonly use personality models from the field of psychology as the foundation for final classification. A 
personality model such as the Big Five personality traits is widely employed, where it provides the criteria or 
benchmarks that the system uses to make the final decision about a person’s personality traits. The extracted 
features are processed by a machine learning or deep learning algorithm to classify personality traits in line with 
these models. For instance, someone’s high energy in speech and frequent smiling may correlate with extraversion 
as defined by the Big Five model. By grounding the classification with well-recognized frameworks in psychology, 
the judgments become scientifically informed and more consistent. 
 As for video-based personality traits recognition, the models’ accuracy highly depends on effective face 
detection and facial features extraction. Extracting meaningful features assists models in learning and 
understanding the relationship between facial features and personality traits. Facial features and facial landmarks 
are key components in face detection and recognition tasks. They also play an important role in achieving accurate 
analysis in face detection and personality traits recognition. Several popular face detector models like MultiTask 
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Cascaded Convolutional Neural Network (MTCNN), RetinaFace, and DLIB are widely used to detect human faces 
and extract meaningful features. Even though there are several well-known face detection models available, 
choosing the best one is still difficult, especially when dealing with situations like occlusion, poor lighting, or non-
frontal images. Face detection in MTCNN, RetinaFace, and DLIB follows distinct approaches. MTCNN detects 
faces in three steps using small neural networks called P-Net, R-Net, and O-Net. It gradually refines the face 
location and landmarks including eyes, nose, and mouth, at each stage to accurately detect and align faces, even 
with different sizes or angles. In contrast, RetinaFace leverages a single-shot CNN with Feature Pyramid Networks 
(FPN) to detect multi-scale faces and predict not only bounding boxes but also five facial landmarks. RetinaFace 
works well for faces in difficult conditions like non-frontal view or in poor lighting conditions. Meanwhile, DLIB 
offers two options for face detection which are a traditional Histogram of Oriented Gradients (HOG) method that 
extracts gradient-based features for frontal face detection and a more accurate deep learning method using a CNN 
with 68-point landmarks. Each of these models has its own algorithm, which provides various strengths and 
weaknesses in the detection and extraction operation. MTCNN is known for its speed and ability to handle multiple 
tasks like face alignment and key point localization [5]. On the other hand, RetinaFace excels in its accuracy, 
especially for detecting non-frontal faces. Whereas DLIB is well known for its efficiency in detecting frontal faces, 
which relies on a histogram of oriented gradients and linear classifiers. However, there is a lack of comprehensive 
comparisons that evaluate the robustness of MTCNN, RetinaFace, and DLIB for face detection in key frame 
images, particularly within the context of video-based personality traits recognition. The main challenge in 
developing an automatic personality recognition model is extracting and selecting relevant features from video 
data to provide a better classification score [6], [7], [8]. Due to the complex nature of video data, the number of 
frames or images may vary depending on the video's frame rate, or frames per second (FPS). According to 
Gharahbagh et al., [9], handling video processing for the recognition process is computationally expensive 
depending on the duration of the video. Thus, in this study, we implemented key frame extraction and selection 
methods to select the most significant frames for personality trait recognition.  
 Key frame extraction and selection is a novel process for identifying and extracting the best frames from a 
video input that significantly differ from each other [10]. Key frames are the best frames in a video that capture 
important visual features and represent significant content. The key frame usually represents the most relevant 
features of each video shot. Key frame selection typically involves an initial step of extracting candidate frames 
based on some criteria and then selecting key frames from these candidates. Clustering techniques are popular for 
key frame extraction and selection in video processing, such as K-means clustering [11], density clustering [12], 
fuzzy C-mean clustering [13], adaptive clustering [14] and HDBSCAN clustering [15]. HDBSCAN shows its 
robustness in terms of parameter selection, where the minimum cluster size is the only required primary parameter, 
which can be set in an intuitive manner [16]. The key frame selection methods aim to reduce computational 
resources, including storage, memory, and runtime spaces when extracting frames for video processing, making 
the processing of video data more efficient and faster. Several criteria have been used as the basis of key frame 
selection such as pixel-wise absolute frame differences, scene changes, visual quality, colour histogram, histogram 
difference, correlation, entropy difference, and etc., using algorithms or computer vision libraries. Key frames also 
encode the highest information compared to other frames in video input sets. These key frames are considered the 
best frames that give a significant overview of the content in the video [17]. Thus, accurately extracting and 
selecting key frames can effectively reduce processing time, required runtime space, and memory usage [18]. 
 The main objective of this study is to evaluate and compare the performance of MTCNN, RetinaFace, and 
DLIB for face detection on key frames images from video data of ChaLearn dataset. By focusing on their 
robustness and accuracy, this study aims to understand how each model handles challenging conditions typically 
encountered in real-world video-based applications, such as varied facial orientations and occlusions. In the 
following, the study also looked at how effective face detection contributed to the performance of personality traits 
recognition using CNN-based approaches. This comparative study will provide further insights on how well each 
model performs in terms of face detection accuracy in video-based personality traits recognition tasks. It will help 
researchers in choosing the right face detection model for similar research and applications. The remainder of this 
paper is organized as follows: In Section 2, we review relevant literature on facial detection models and their use 
in facial features extraction. Section 3 explains the methodology used in this study. In Section 4, we discuss in 
detail the experimental results, comparing the performance of MTCNN, RetinaFace, and DLIB in terms of both 
face detection and personality traits prediction accuracy. Finally, Section 5 provides a brief conclusion and outlines 
potential future research directions. 
 
2.0 LITERATURE REVIEW 
 
In the field of psychological study, personality measurements serve as powerful tools for understanding an 
individual’s personality and predicting outcomes such as personal preferences, academic achievement, job 
satisfaction, and job performance [19]. Personality measurements allow for more systematic approaches to 
measuring and identifying individuals' personality traits based on personality models. The Big Five (Big-5) model 
provides a structured way to assess personality trait dimensions, whether applied in recruitment, educational 
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development, or personal growth. Although various personality models are available, such as the Big-5, Myers-
Briggs Type Indicator (MBTI), the Sixteen Personality Factor Questionnaire (16PF), the Eysenck Personality 
Questionnaire-Revised (EPQ-R) and the Three Traits Personality Model (PEN), the Big-5 model is the most widely 
used in personality recognition. This is due to the widely accepted status and popularity of the Big-5 model in 
psychological literature, as it has been proven to be highly reliable in describing human personality [20]. The 
interpretation of human personality represented by each of these models differs from each other. The Big-5 model 
consists of five personality dimensions, including openness, conscientiousness, extraversion, agreeableness, and 
neuroticism. The Big-5 Model also is one of the dominant taxonomies of personality that has been proven to predict 
professional performance across decades of research [21]. These five factors are also often used as predictors in 
personality recognition during employment screening [22], [23], [24] . The implementation of employment 
screening with the adaptation of artificial intelligence has leveraged digital-based tools and gamification 
approaches in making personality recognition more engaging yet effective [25]. The primary intention of using 
digital-based tools in employment screening is to make recruiting more efficient, convenient, and cost-savvy in 
selecting suitable candidates who fit the positions [26], [27]. Personality recognition tests are commonly used in 
employment screening as tools for assessing personality traits. They can measure a candidate's capabilities and 
reveal their personality or underlying abilities. These tests are often used to identify suitable candidates by 
eliminating unqualified applicants [28]. In addition, individuals' interaction styles, personality traits, interpersonal 
communication skills, competencies, job performance, preferences, and behavioral tendencies can also be 
discovered through personality testing [29], [30], [31]. 
 Personality traits are subjective and may be perceived differently depending on the situation, culture, and 
environment. Personality traits recognition is a modern solution that tries to solve this subjective task by using 
machine-generated content, such as images, videos, text, and audio with computational approaches [32]. This 
modern solution aims to classify human personality into personality traits classes based on personality model 
dimensions or characteristics. Personality trait recognition also has a wide range of applications including 
recruitment, education, mental health assistance, user experience profiling and many more. Initially, personality 
traits recognition relied on conventional techniques like questionnaires and self-assessments, where individuals 
described their own characteristics, often using well-known models like the Big-5 inventory. However, due to the 
advancement of computer vision and machine learning technologies, there has been a transition from self-reporting 
tools to computational approaches that utilize machine generated data. This transition offers a more objective and 
scalable approach to personality recognition, reducing reliance on subjective self-reports and avoiding distortions 
in assessments. Computational approaches also enable the integration of multi-visual data, combining inputs like 
face appearance and the geometry of facial landmark features. This diversity of input enhances the ability of 
personality assessment to capture dynamic behaviors that static questionnaires cannot address. Furthermore, using 
questionnaires with closed-ended questions in personality tests to predict personality traits is inadequate and not 
comprehensive. Compared to traditional methods of personality assessment, computational approaches using 
image-based data are more natural, genuine, truthful, and language-insensitive [33]. Thus, automatic personality 
traits recognition has become the current solution to automate personality testing and mitigate issues in traditional 
approaches. This also marks a significant turning point in the integration of traditional psychology and modern 
technology, paving the way for more comprehensive personality assessments. 
 Detecting faces and their key points, such as lips, nose, eyes, and mouth, was previously a difficult task. 
However, deep learning algorithms have recently demonstrated their ability to address this challenge. According 
to Kachur et al., deep learning algorithms successfully reveal multidimensional personality profiles using facial 
features, which involve the shape and structure of the front of the head, from the chin to the top of the forehead 
[34]. Similarly, a study conducted by J. Li et al., found that that personality traits can be reliably predicted from 
faces and their key points using deep learning-based algorithms [35]. The baseline model for personality trait 
recognition developed by Kaya et al., also used a deep learning-based algorithm to extract facial features and 
achieved 91% accuracy in its final predictions [36]. Another study conducted by Cai and Liu discovered 
relationships between facial features and the Big Five personality model traits, finding that points from the right 
jawline to the chin contour showed a significant negative correlation with agreeableness [37]. Furthermore, several 
studies in personality traits recognition have utilized facial features from video data to automatically identify 
attributes of the Big-5 personality model [8], [38], [39]. Facial features are relevant for personality recognition 
because they provide valuable information about human expressions and behaviors. For example, individuals with 
higher scores in conscientiousness exhibit greater fluctuations in pupil size, while those who blink more frequently 
tend to be more neurotic [40]. The degree of mouth opening and the percentage of eyelid closure over the pupil 
over time are two metrics used to identify fatigue among drivers [41]. Thus, for successful personality traits 
recognition, an accurate and robust face detector model is essential, which will lead to an effective facial feature 
extraction process. Facial feature extraction is a key step in personality traits recognition tasks, which involve 
detecting faces and analyzing facial features on a face. Existing studies on personality traits recognition have used 
facial features extracted from random frames, such as selecting 30 random frames from the entire ChaLearn video 
[42], [43]. Another study by [8] extracted frames uniformly, taking 15 frames from the 15-second video, equivalent 
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to one frame per second. These features can be used to identify unique characteristics of an individual or to 
understand their emotions and facial expressions that underlie personality traits.  
 Numerous face detection models have been developed over the years to help in computer vision tasks, 
especially to detect faces and facial features in both image and video input. The most popular and widely used 
models are Multi-Task Cascaded Convolutional Networks (MTCNN), RetinaFace, and DLIB. Each of these 
models adopts unique methods and algorithms for detecting faces, extracting facial features, and calculating 
landmark points, which makes them suitable for different types of computer vision tasks. MTCNN was introduced 
by K. Zhang, et al., in 2016 to detect faces and five key points on the face [44]. MTCNN uses a cascade of three 
convolution networks that gradually improve detection results and ensure accurate recognition even in challenging 
conditions such as varying face orientations and occlusions. In the first stage, a fully convolutional network 
generates candidate windows and corresponding bounding box regression vectors. Next, the second stage 
processes these candidates by eliminating many false positives and improving the bounding box predictions. 
Finally, in the third stage, the model performs accurate facial landmark detection, identifying the five main facial 
points. This cascade structure, combining face detection with landmark alignment, allows MTCNN to deliver 
robust performance in a variety of scenarios. A previous study successfully proposed a classroom face detection 
method based on the improved MTCNN to detect faces under classroom scenarios with different angles of view, 
uneven distributions of face scales, and occlusion [45]. In general, the occurrence of occlusions significantly 
affects face detection and may reduce the overall accuracy of the model [46]. Another study developed a real-time 
vision system that performs face detection and transmits the detected face coordinates to a facial emotion 
classification model for further analysis [47]. A portable embedded device with face recognition capabilities using 
MTCNN was developed to facilitate visually impaired persons to recognize faces [48]. 
 On the other hand, RetinaFace is another recent face detector model based on the RetinaNet object detection 
framework. RetinaFace uses a deep convolutional neural network to detect faces and important facial features. It 
works well in difficult situations like occlusion, poor lighting, or non-frontal images. It also leverages deep residual 
networks and applies a feature pyramid network with independent context modules to extract features at multiple 
scales. RetinaFace uses ResNet50 as its backbone, supplying feature vectors from multiple layers of ResNet50 to 
the detection stages [49]. This feature makes it effective for detecting faces in crowded scenes or images with 
various face sizes. Face mask detection was a popular research topic during COVID-19, aimed at developing 
automatic mask-wearing detection systems based on monitored images. Face mask detection using the RetinaFace 
algorithm has demonstrated better performance in quickly detecting people who are not wearing masks in crowded 
places [50]. The RetinaFace model was also used to study infant faces and address the closely related issue of 
estimating infant body posture. The authors, Wan et al., presented a collection of baby faces annotated with pose 
attributes and facial landmark points [51]. Rui Zhong proposed a method for multi-view face detection and 
expression recognition using RetinaFace, and the experimental results showed that the RetinaFace algorithm is 
highly robust, demonstrating impressive detection accuracy and processing time [52].  
 DLIB is another well-known face detection model that is popular due to its ease of use and speed in landmark 
feature extraction. A variety of machine learning techniques for face detection, facial landmark extraction, object 
detection, and other applications are available in this DLIB open-source library. DLIB was an older approach 
based more on traditional machine learning techniques [53]. For example, the DLIB frontal face detector is a 
specific component within the DLIB library, designed for detecting faces in images that uses a Histogram of 
Oriented Gradients (HOG) feature combined with a linear classifier. The DLIB face detector and the DLIB facial 
landmark are combined to design drowsiness detection applications using real-time video input captured through 
a webcam [54]. DLIB has proven effective at identifying frontal faces in images, but it struggles with occlusions 
and non-frontal faces. DLIB is also a popular choice for real-time applications with constrained computational 
resources since it is lightweight and efficient, even though it may not always match the performance of more 
complex models like MTCNN and RetinaFace. However, the limitations of DLIB became clearer as the demand 
for more advanced models increased. The use of hand-crafted features and traditional machine learning methods 
makes it less effective in dealing with complex facial poses, non-frontal faces, and other real-world challenges like 
personality traits recognition. Table 1 summarizes the context in which face detector models have been used and 
implemented in various applications in previous studies. 
 Hence, the advancement of deep learning models like MTCNN and RetinaFace has helped to overcome 
limitations in DLIB’s frontal face detection. These deep learning models excel in extracting facial features more 
accurately, even under challenging conditions like varying facial orientations, occlusions, and poor lighting. The 
evolution from traditional machine learning to deep learning has significantly enhanced the ability of the face 
detection model to extract more meaningful facial features mainly for personality traits recognition which requires 
a complex interpretation of facial expressions. Several comparative studies have been done that focused on the 
performance of machine learning and deep learning algorithms in face detection systems [55], [56]. The 
performance of these algorithms is influenced by several factors, including the size and diversity of the dataset. A 
larger dataset typically provides more diverse samples, allowing the model to learn from a wide range of facial 
features and expressions. Some other challenges such as variability in angle, orientations, illumination, occlusion, 
and background also affect the performance of these systems [57].  
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Table 1: A summary context of used among face detector models 
 

Author(s) Context of Used / 
Application 

Face 
Detector 

Strength Limitation/ Future Work 
Suggested 

Baskar et al., 
(2023) [48] 

Faces recognition 
using compact 
wearable device 
for visually 
impaired people 

MTCNN Experimental results show 
the MTCNN based LPB uses 
optimal CPU utilization and 
improve the accuracy of 
real-time face recognition 

The improvements to the 
proposed system aim to 
enable it to function in 
various scenarios, such as 
capturing real-time data 
from people walking with 
wearable devices, and 
optimizing frames per 
second to enhance speed 

Kumar et al., 
(2023) [60] 

Face detection 
and recognition 
system for 
criminal 
identification 

MTCNN Different facial features are 
extracted using MTCNN 
classifiers. Grayscale images 
from this step are used to 
identify criminals and train 
the model. 

Model execution can be 
improved by considering 
different qualities other 
than face images like the 
age and sex of an 
individual. 

Huang et al., 
(2023) [50] 

To detect 
the masked face 
(people wearing 
masks) by 
utilizing 
RetinaFace in 
crowded places 

RetinaFace Uses Res2Net as the 
backbone network, and 
enhances feature extraction 
by introducing a weighted 
bidirectional feature pyramid 
and CBAM (Convolutional 
Block Attention Module) 

Future studies will further 
optimize the network 
topology and aim to apply 
it to real-world scenarios, 
provided that the accuracy 
of mask-wearing detection 
is ensured. 

Phienphanic
h et al., 
(2023) [61] 

Use of facial 
image dataset 
containing neutral 
and smiling 
expressions to 
classify facial 
weakness which 
is a common sign 
of stroke 

RetinaFace RetinaFace employs a multi-
task learning deep 
convolutional neural 
network to detect and locate 
five key facial landmarks, 
including the eyes, nose, and 
mouth. It is capable of 
detecting faces even under 
challenging conditions, such 
as varying lighting, poses, 
and facial expressions. 

Collecting more data in 
future work to increase the 
accuracy of facial 
weakness screening and 
incorporate progressive 
FGANs to enhance 
existing models so that it 
can be used on different 
face angles and 3D face 
models. 

Gu et al., 
(2022) [45] 

Classroom face 
detection under 
various angles, 
small scales 
images and 
occlusions 

MTCNN A deep residual feature 
generation module is 
introduced to improve the 
detection accuracy of small-
scale faces. Experimental 
results 
demonstrate that the 
proposed method achieved 
superior accuracy results 
over some state-of-the-art 
approaches 

MTCNNmodel has weak 
generalization ability, poor 
robustness, and poor 
performance for small 
scale face detection 

Wan et al., 
(2022) [51] 

Facial detection 
for infants 
especially in the 
early prediction of 
infants’ 
developmental 
disorder 

RetinaFace Introduce the dataset of 
infant faces annotated with 
facial landmark coordinates 
and pose attributes. 
Performed tests on infant 
faces using RetinaFace 
model and tackles the 
closely related problem of 
infant body pose estimation. 

Future work and further 
research are needed in 
infant face segmentation to 
improve the localization of 
infants faces and facial 
landmarks. 

 
 

 



157 
 

Table 1: Continued 
 

Author(s) Context of Used / 
Application 

Face 
Detector 

Strength Limitation/ Future Work 
Suggested 

     
Noor Reza et 
al., (2021) 
[54] 

Drowsiness 
detection 
applications are 
designed based on 
face landmark 
recognition 

DLIB Several facial detection 
methods such as 
computer vision, dlib 
face detector, dlib 
facial landmark, and 
eye aspect ratio (EAR) 
are combined to design 
drowsiness detection 
applications. 

The CPU and power 
consumption when the 
application is running is 
large enough to cause the 
laptop to heat up quickly, 
and the battery soon runs 
out. 

Zhou et al., 
(2021) [47] 

Face detection for 
facial emotions 
classification 

MTCNN Successfully eliminated 
the interference 
factors of the multiple 
faces in the image 

Lot of noise found in the 
facial expressions captured 
in real life like blurred 
image, blocked face etc. 

Ullah et al., 
(2021) [53] 

Face detection for 
facial emotions 
classification 

DLIB Successfully detected 
frontal face on dataset 
and 68 landmark is 
used to predict facial 
features 

Feature selection can aid in 
detecting facial expressions 
across cultures, but further 
research is needed to 
develop a generalized 
model. 

Deng et al., 
(2020) [49] 

Face detection in 
diverse datasets 
with varying 
lighting and facial 
orientations 

RetinaFace Unifies face box 
prediction, 2D facial 
landmark localisation 
and 3D vertices 
regression. 
Experimental results 
show that RetinaFace 
can simultaneously 
achieve consistent face 
detection, accurate 2D 
face alignment, and 
robust 3D face 
reconstruction 

Future work to improve the 
robustness of proposed face 
detection in other datasets 
and various conditions 

Zhao et al., 
(2020) [41] 

Driver fatigue 
status detection 

MTCNN Efficiently detect driver 
fatigue status using 
driving images. The 
percentage of eyelid 
closure over the pupil 
over time and mouth 
opening degree are two 
parameters used for 
fatigue detection. 

To further test the actual 
performance and robustness 
of the proposed method 

Gyawali et al., 
(2020) [62] 

Age range 
estimation based 
on face images 

MTCNN MTCNN helped to 
extract only the facial 
features from the image 
data which helps to 
determine the most 
relevant features from 
the face. The age range 
estimate performance 
was greatly enhanced 
by using MTCNN and 
fine-tuning the VGG-
Face model. 

There are a limited number 
of dataset available for age 
estimation, which could be 
enhanced in future efforts. 
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 Hybrid models which combine the strengths of traditional machine learning approaches like DLIB and 
advanced deep learning techniques like MTCNN and RetinaFace may offer a better solution. By leveraging the 
best features of both approaches, hybrid models have demonstrated improved performance in facial expression 
recognition, emotion prediction, and even mental health detection such as depression from facial features [58], 
[59]. Additionally, hybrid models are often more adaptable and robust in real-world scenarios as they can balance 
the accuracy of deep learning with the efficiency and speed of traditional methods. Another key advantage of these 
hybrid systems is their ability to handle dynamic and vast data, making them ideal for real-time applications. They 
also have the potential to solve problems related to facial expression variability and complexity, which have 
typically been challenges in emotion and personality trait recognition systems. 
 
3.0 METHODOLOGY 
 
Generally, in the development of the personality trait recognition model, there are several main processes that are 
carried out consecutively, namely data preprocessing, feature extraction and selection, classification modelling, 
and final prediction. The initial step of data preprocessing is the process of extracting information from raw data 
sources, such as identifying key images or frames from video sequences. Key frame extraction is an important task 
in video processing that involves selecting the best frames to represent the content of a video. The key frame 
selection step is to choose highly relevant input data that can be used in the next step of feature extraction. Feature 
extraction is the step of extracting features from the modality input as representations, while feature selection is 
related to choosing the most relevant features to improve classification accuracy and reduce computational 
resources [63]. Following the extraction and selection of relevant features, the classification step utilizes the data 
to determine feature classes based on the characteristics of the features. The final step of the personality trait 
recognition model is to classify subjects into personality traits classes based on the chosen personality model traits. 
This study used the Big Five personality model which consists of five classes of traits, namely openness, 
conscientiousness, extraversion, agreeableness, and neuroticism. Our proposed method consists of several steps 
aimed at extracting the best frames from a video for the personality traits recognition task. The steps start with 
extracting key frames from videos and then are followed by applying face detection models to detect human faces 
and extract facial features. The extracted facial features are then fed into CNN layers, fused in fully connected 
layers and finally used a sigmoid layer is used to get the final score of the Big Five personality traits model. In the 
following section, each step for key frames selection, facial feature extraction with a face detector model and 
personality traits classification using CNN-based approaches is explained in detail. 
 
3.1 Key Frame Selection 
 
In the initial stage of key frame selection, video pre-processing is carried out by converting video data in MP4 
format into a sequence of still images in JPEG format. This conversion is important to allow for the subsequent 
analysis of individual frames in each video. The pre-processing phase allows for extracting meaningful frames that 
effectively represent the content of the video. The overall process for key frame selection and extraction involves 
several sequential steps, which are frame differencing, smoothing the frame differences, finding local maxima, 
clustering similar candidate frames using HDBSCAN, and finally selecting key frames based on the Laplacian 
score. At the end of these steps, a set of key images is generated for each video. In detail, the process begins with 
frame differencing, where it starts with identifying and choosing possible frames that differ with each other as 
candidate frames. This helps identify candidate frames that capture significant differences or changes in the video. 
To calculate these differences, the cv2.absdiff function from the OpenCV library is used. The cv2.absdiff function 
highlights the areas of frame transitions by giving a measure of pixel-level changes and calculating the absolute 
difference between two consecutive frames. The degree of change between frames is reflected in these differences, 
providing important information for identifying candidates for key frames. A series of frame differences is 
generated by analyzing every pair of frames sequences in the video. 
 Following frame differences, the process moves to smoothing the frame differences. The smoothing process 
reduces the noise in the difference data and highlights the important changes between frames. By focusing on 
notable changes, this step ensures that only the most relevant frames are retained for further analysis. The 
smoothing process also eliminates inconsistencies and ensures that the dataset contains only high-quality candidate 
frames with meaningful features. This step enhances the reliability of key frame extraction and selection. Next, 
once the frame differences have been smoothed, the local maxima are identified. Local maxima are specific points 
within the data where the value of the frame difference is greater than the values immediately before and after it. 
These local maxima are used to detect frames that represent a significant peak in change. In the context of video 
key frame extraction, local maxima work as indicators of potential key points where critical changes or transitions 
occur. Identifying these peaks helps focus the analysis on frames with the most impactful changes, minimizing 
redundancy and improving the quality of candidate frames. Moving forward, the process involves the step of 
clustering the candidate key frames using the HDBSCAN clustering algorithm. HDBSCAN is a density-based 
clustering method that groups similar frames together while discarding noise or outliers. This algorithm is useful 
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for removing redundancy in the set of candidate frames by grouping visually similar frames into clusters. By 
ensuring that only distinct frames are retained, the clustering process further improves the selection of key frames. 
This step is also important for enhancing the efficiency of the model as it reduces the computational load and 
ensures that only the most representative frames are carried forward. 
 Finally, the key frames are selected based on their Laplacian score. The Laplacian score is a measure used to 
assess an image's level of texture in detail. The textures and edges are emphasized and computed using a Laplacian 
operator. Within each cluster in the previous step, the frame with the highest Laplacian score is selected as the key 
frame because it contains more detailed visual information compared to others. By calculating the Laplacian score 
for each candidate frame, it helps to identify the frame with the highest score in each cluster. In short, the higher 
the Laplacian scores, the more informative and significant the frames are. This step ensures that the selected key 
frames are rich in visual details and are able to provide a comprehensive summary of the video content. At the end 
of the entire process, a refined set of key frames is obtained for each video in JPEG format. These frames serve as 
the basis for further analysis of personality traits recognition. The combination of sequential steps including frame 
differencing, smoothing frame differences, local maxima identification, clustering candidate frames with 
HDBSCAN, and Laplacian scoring ensures that the selected key frames are both meaningful and relevant for the 
facial features extraction task. Figure 1 illustrates each step in the key frame extraction and selection process. 
 

 
 

Fig. 1: Illustration of key frame extraction and selection 
 
3.2 Facial Features Extraction 
 
After selecting the key frames, the next step is to apply face detection using three selected models, which are 
MTCNN, RetinaFace, and DLIB, each applied independently. Employing multiple models allows for a 
comparative analysis of model performance in terms of face detection accuracy, efficiency, and robustness within 
the selected key frames. These face detector models are applied to each frame to identify whether a human face is 
present in the image. The use of multiple models is particularly important for understanding the strengths and 
weaknesses of each model in handling varied scenarios such as changes in facial orientation, lighting conditions, 
and occlusions. Once a human face is detected by the face detector algorithm, the model proceeds to extract facial 
landmark features. These features are used as a basis to compute geometric features or appearance-based features 
for further processing in the CNN layer. Geometric features are those based on the geometry or shape of an object. 
In the context of facial features, geometric features refer to attributes such as positions, angles, distances, and 
relationships between key landmark points on the face. Key landmark points include eyes, nose, and mouth. These 
features provide a structured representation of the face’s spatial configuration. 
 On the other hand, appearance-based features involve the visual texture and pixel-level details of the face. 
These can include attributes like color histograms, edge orientations and features extracted by convolutional neural 
networks (CNNs). For example, VGG16 is a widely used CNN-based model for generating deep facial features 
that capture high-level abstract patterns present in the image. These appearance features complement geometric 
data, offering a richer representation of the facial structure and characteristics. To enhance the prediction 
capabilities of the personality traits recognition model, the extracted data combines both geometric and appearance 
features. The Euclidean distances between facial landmarks are calculated to represent geometric relationships 
quantitatively and then combined with CNN-based appearance features, enriching the model's input dataset. The 
result is a series of facial feature data that includes the raw image, VGG16-based deep features, facial landmarks 
extracted by the chosen detection models, and calculated geometric Euclidean distances. By integrating these 
various features, the process ensures a richer representation of facial attributes, enhancing the robustness and 
accuracy of the personality traits recognition model. This multi-visual approach improves the ability to classify 
personality traits effectively and makes the model adaptable to varying conditions in video datasets. 
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3.3 Personality Traits Classification using CNN-Based Techniques 
 
The final step in our proposed method employs a customized CNN-based approach specifically designed for 
personality traits recognition. This approach is inspired by previous research on the development of Descriptor 
Aggregation Networks (DANs) for personality traits recognition [42]. This approach is tailored to process multiple 
types of inputs, ensuring that multi-visual facial feature data can be utilized effectively for accurate personality 
classification. Our custom CNN-based model takes four inputs, including raw key images sized 224 by 224 with 
3 color channels (224X224X3), VGG16-based features with 4096 dimensions, facial landmarks, and Euclidean 
distances. The facial landmarks vary in representation depending on the face detection model used. For MTCNN 
and RetinaFace, they are represented as a 10-dimensional vector corresponding to five key points, which are left 
eye, right eye, nose tip, left corner of the mouth, and right corner of the mouth. In contrast, DLIB landmarks are 
represented as a 136-dimensional vector, capturing a vector set of 68 facial points. Similarly, the Euclidean 
distances between landmarks are a 10-dimensional vector for MTCNN and RetinaFace, while for DLIB, the 
distances span a 2278-dimensional vector, reflecting the greater number of detected landmark points. 
 All inputs are processed through distinct layers of the CNN model. The raw image input goes through several 
convolutional layers to detect key facial features and all related information. Simultaneously, the VGG16 features, 
facial landmarks, and Euclidean distances are processed independently through dense layers, which transform 
these numerical inputs into high-dimensional feature representations. These independent streams of data are then 
concatenated into a unified feature vector, which is passed through a fully connected layer. This integration allows 
the model to combine significant information from all inputs, creating a richer representation of facial features. A 
dropout layer is added to enhance generalization and prevent overfitting. The final layer of the model employs a 
sigmoid activation function to predict scores for the Big Five personality traits, which are openness, 
conscientiousness, extraversion, agreeableness, and neuroticism. Each trait is treated as an independent regression 
target, enabling the model to output continuous scores for multi-label classification. The training process utilizes 
the Adam optimizer for its adaptive learning rate, with Mean Squared Error (MSE) as the loss function, which is 
suitable for regression tasks. This approach effectively combines features from raw images and landmark features 
extracted using a face detector model. Figure 2 illustrates the steps for key frame selection, facial feature extraction 
with a face detector model, and personality traits classification using CNN-based approaches. 
 

 
 

Fig. 2: Illustration of facial feature extraction steps with face detector model for PTR 
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4.0 RESULTS AND DISCUSSION 
 
4.1 Dataset and Evaluation Metric 
 
This study used the publicly available ChaLearn dataset which was previously developed for personality traits 
recognition research during the Job Candidate Screening Coopetition [36]. The ChaLearn dataset consists of 
60,000 short videos for training and 20,000 videos for validation. The videos show people speaking in front of a 
camera, demonstrating a wide range of human behavior, facial orientations, expressions, and occlusions. The 
duration of each video is 15 seconds, and they were collected through the YouTube platform. The dataset is labelled 
with five classes of the Big Five model personality traits, which are openness, conscientiousness, extraversion, 
agreeableness, and neuroticism. The labelling process was done by human annotators using Amazon Mechanical 
Turk (AMT). The ChaLearn dataset has played a crucial role in helping personality traits recognition research 
using video data, as it provides valuable resources for researchers to conduct their studies. There are several 
personality traits recognition studies that used the ChaLearn dataset in their experiments [39], [64], [65]. 
 To provide a more comprehensive evaluation of face detection performance, we incorporated standard 
detection metrics, including recall (true positive rate), precision, and F1-score, for each face detector. These 
metrics offer deeper insights into the consistency and reliability of each model, particularly under challenging 
conditions such as occlusion and variations in facial orientation. Next, the performance of the proposed personality 
traits recognition model is evaluated by closely monitoring both training and validation metrics throughout the 
learning process. To prevent overfitting and maintain optimal performance, two callbacks are employed, which 
are ReduceLROnPlateau to adjust the learning rate used and EarlyStopping to halt the training process if validation 
loss no longer improves. As for the evaluation metric, loss and Mean Absolute Error (MAE) are tracked for both 
the training and validation datasets. Lower loss values generally indicate better model performance, meaning the 
predicted values are closer to the true labels. Lower MAE indicates more accurate predictions, as it directly reflects 
the average absolute difference between predictions and true values. The prediction accuracy is also computed as 
one minus the MAE value, providing a straightforward measure of how closely the predicted values align with the 
ground truth. This approach allows for a clear assessment of the model's performance in accurately predicting 
personality traits from the video data, ensuring that the predictions closely reflected the actual observed traits. By 
employing this evaluation approach, we were able to quantify the performance of our proposed models and assess 
their effectiveness in predicting personality traits from video data. In the following section, we discuss our 
experimental results in detail. 
 
4.2 Analysis of Experimental Result 
 
In this study, the evaluation of the proposed approach is based on two key results, which are the face detection 
performance and the accuracy of the personality traits recognition model. The consistency and effectiveness of 
face detection on key frames are important, as they directly influence the quality of extracted features and, 
consequently, the recognition performance. To assess face detection reliability, three well-known face detector 
models, including MTCNN, RetinaFace, and DLIB, were compared based on their ability to detect faces under 
varying conditions, such as non-frontal poses, occlusion, and low-resolution imagery, which are common in the 
ChaLearn dataset. The aim is to identify the model that consistently provides the most accurate and robust detection 
across the ChaLearn dataset. A total of 76,658 key frames were extracted from the training videos, and 25,409 
from the validation set. MTCNN successfully detected faces in 35,618 training and 12,142 validation images. 
RetinaFace achieved similar performance, detecting 35,513 and 11,802 faces, respectively. In contrast, DLIB 
detected significantly fewer faces, with only 17,601 in training and 6,188 in validation. To provide a 
comprehensive evaluation, performance metrics including detection rate, recall, precision, and F1-score, were 
calculated using formulas as listed below.  
 
 

i. Detection Rate (True Positive Rate, Recall): 
 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 (𝑇𝑇𝑇𝑇)

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 (𝑇𝑇𝑇𝑇) + 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 (𝐹𝐹𝐹𝐹)
=
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝐾𝐾𝐾𝐾𝐾𝐾 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝐾𝐾𝐾𝐾𝐾𝐾 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹

 

(1) 
ii. Precision 

   

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
= 1   (since False Positive (FP) = 0) 

 
(2) 
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iii. F1-Score 
 

𝐹𝐹1 = 2 X 
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑋𝑋 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 +  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

=
2 X 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
1 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 
(3) 

 
 Since all key frames are known to contain faces, false positives are absent, and precision remains at 1.0 for all 
models. Thus, recall and detection rate become the primary indicators of detection robustness. On the training set, 
MTCNN and RetinaFace achieved detection rates of 46.46% and 46.33%, respectively, while DLIB showed lower 
performance at 22.96%. Similar trends were observed on the validation set, with MTCNN and RetinaFace scoring 
47.79% and 46.44%, compared to 24.36% for DLIB. These detection rates directly correspond to recall and F1-
score, emphasizing the superior ability of MTCNN and RetinaFace to handle complex facial variations in the 
dataset. These results are also expected due to the challenges present in the ChaLearn dataset. Although all key 
frames are extracted from video frames containing faces, many of these faces appear under non-frontal angles, low 
resolutions, occlusions, or poor lighting conditions, which can significantly impact face detector performance. 
Importantly, MTCNN and RetinaFace demonstrate stronger robustness to such conditions than DLIB, as reflected 
in their higher recall and F1-score values. Table 2 summarizes the number of detected faces by each model, while 
Table 3 and Table 4 present the corresponding detection metrics across training and validation sets respectively. 
The results clearly indicate that MTCNN and RetinaFace are more robust and reliable face detectors in the context 
of personality trait recognition on the ChaLearn dataset. 
 

Table 2: Total key frame images for each face detector model 
 

Total Key Frames 
Images 

Total Key Frames 
Images with MTCNN 

Face Detector 

Total Key Frames Images 
with RetinaFace Face 

Detector 

Total key Frames Images 
with DLIB Face Detector 

Training 
76,658 35,618 35,513 17,601 

Validation 
25,409 12,142 11,802 6,188 

 
Table 3: Training Set (Total Key Frames = 76,658) 

 

Detector Detected Key  
Frames (TP) 

Recall  
(Detection Rate) Precision F1-Score 

MTCNN 35,618 46.46% 1 0.6345 

RetinaFace 35,513 46.33% 1 0.6332 

DLIB 17,601 22.96% 1 0.3735 
 

Table 4: Validation Set (Total Key Frames = 25,409) 
 

Detector Detected Key  
Frames (TP) 

Recall  
(Detection Rate) Precision F1-Score 

MTCNN 12,142 47.79% 1 0.6467 

RetinaFace 11,802 46.45% 1 0.6343 

DLIB 6,188 24.35% 1 0.3917 
 
  
 The accuracy of the personality traits recognition model is used to evaluate the performance of the proposed 
approach. Figure 3 illustrates the training and validation accuracy using three different face detection algorithms 
on key images. MTCNN achieved a training accuracy of 0.95091, closely followed by RetinaFace at 0.94780, and 
then DLIB at 0.94483. Despite these differences in training accuracy, validation accuracy remained consistent 
across all models, with MTCNN at 0.89618, RetinaFace at 0.89555, and DLIB at 0.89622. This consistency in 
validation accuracy suggests that all three models generalize comparably well on unseen data. However, it's 
important to note that DLIB only analysed half of the dataset during face recognition, so that DLIB’s accuracy 
results cannot be directly compared with MTCNN and RetinaFace. This limitation occurred because DLIB 
struggled to detect faces in certain challenging conditions such as non-frontal poses or when the face was partially 
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hidden or blocked (occlusion). In contrast, MTCNN and RetinaFace, were able to detect faces in more key frame 
images covering half of the dataset. Although DLIB achieved validation accuracy similar to MTCNN and 
RetinaFace, this result is based on a much smaller portion of the dataset. Since it missed many faces in key images, 
its accuracy is calculated on a smaller range of data, which may not fully represent the overall dataset. In simple 
words, DLIB’s performance looks good, but it was tested on fewer frames, meaning it did not cover more diverse 
data like MTCNN and RetinaFace. This makes it unfair to directly compare DLIB’s accuracy with the other two 
models. Nevertheless, the experiments demonstrated that the features extracted from detected faces are sufficiently 
reliable for personality recognition tasks. Since MTCNN and RetinaFace were able to detect more faces in the key 
image dataset, both models are more suitable face detectors for personality traits recognition, especially for the 
Chaleran dataset. 
 

 
 

Fig. 3: Training and validation accuracy of PTR for each face detector model 
 
 

5.0 CONCLUSION 
 
In this study, we presented a comparative evaluation of MTCNN, RetinaFace, and DLIB face detection models for 
personality traits recognition from video-based key frames. Our experimental results demonstrated that MTCNN 
and RetinaFace were significantly more effective than DLIB for face detection in the ChaLearn dataset, which 
contains videos of individuals speaking directly to the camera. Both MTCNN and RetinaFace detected more than 
double the number of faces than DLIB, highlighting their capability in handling facial variations. MTCNN and 
RetinaFace have been developed with multi-stage processing layers that adapt well to various angles, making them 
more robust in detecting faces regardless of face orientations and occlusions. On the other hand, DLIB struggles 
with any non-frontal view, as seen in its lower detection rates. This study emphasizes the importance of robust 
face detection for accurate recognition of personality traits recognition. MTCNN and RetinaFace demonstrated 
consistency and flexibility in detecting faces and extracting facial features, which are essential for this task. 
Furthermore, in the personality recognition task, models utilizing features detected by MTCNN and RetinaFace 
achieved higher training accuracy rates compared to those relying on DLIB. However, in terms of validation 
accuracy, all three models performed similarly, indicating stable performance across varied conditions. Given this 
stability, any of these models could be a practical option for video-based personality trait recognition, with the 
choice depending on other factors such as processing time, resource availability, and dataset complexity. Recent 
studies have demonstrated that the MTCNN face recognition algorithm offers good response speed for intelligent 
education management systems [66], RetinaFace exhibits high performance in face counting tasks using pre-
trained models [67], and DLIB has been successfully applied to detect fatigue while driving based on facial features 
[68]. 
 The challenging aspect in processing video data also lies in the high computation costs due to the nature of 
video datasets [9], [69]. With the large number of frames, video processing requires large memory and runtime 
space. To address this challenge, we implemented key frame extraction and selection from a video dataset to make 
sure that only significant frames are selected for the recognition process. In this study, we extracted key frames 
from the dataset by leveraging the OpenCV library, smoothing, and clustering techniques. The key frame selection 
method was also developed to address issues in redundancy and computational inefficiency associated with 
processing entire video frames. The key frame selection method focuses on selecting frames that capture the most 
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significant content of each video. This method makes use of techniques for identifying key frames based on their 
visual content, which significantly reduces the number of frames that need to be processed while preserving the 
essential characteristics required for accurate personality traits recognition. This study also highlights the 
importance of a large and diverse dataset in improving model accuracy, as well as the need for handling challenges 
such as facial orientation, illumination, and background variability. This study also discovered that robust and 
efficient face detection ensures that the model can capture and analyze facial features more accurately. Facial 
features are an important input for understanding personality traits, making them popular for personality 
recognition tasks [70], [71]. In addition to facial features, other modalities such as audio signals and text also make 
significant contributions to the development of more comprehensive models for personality trait recognition [72], 
[73]. This kind of recognition system has promising applications in a range of fields, including digital business 
marketing, human-computer interaction, and psychological analysis. Future research could explore combining 
multiple feature extraction models to enhance detection accuracy across diverse datasets, such as facial expression 
and non-verbal signals from disabled people. Reliable personality traits recognition can advance and promote 
human-centered AI by enhancing psychological evaluation tools, improving user experience on interactive 
platforms, and strengthening adaptive systems in social robotics. 
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