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Summary 

This work explores the challenge of real-time facial attribute recognition (emotion, age, gender) for 

Human-Robot Interaction (HRI), focusing on deployment in resource-limited embedded systems. A 

full pipeline was developed and tested, including comparisons between deep learning architectures 

(CNNs, transfer learning models, and a Hybrid CNN-Transformer), optimization with TensorRT, and 

real-time evaluation on a Jetson Xavier NX using both public datasets and a live experiment with 36 

participants. 

The Hybrid CNN-Transformer offered a good trade-off between performance and efficiency. With 

TensorRT FP16 optimization, the system reached real-time inference (64 FPS) for all three tasks, 

achieving up to 26× speedups without sacrificing accuracy. 

However, the real-time experiment revealed challenges, especially in emotion recognition, where 

performance dropped due to class imbalance, subtle expressions, and pose variation. Gender and age 

tasks also showed some biases depending on head pose and demographics. 

Overall, the thesis shows that real-time multi-task facial analysis on edge devices is feasible, but 

further work is needed on improving robustness, handling dataset imbalance, and mitigating bias – 

key steps to enable more perceptive and reliable social robots.
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Santrauka 

Šiame darbe nagrinėjamas žmogaus veido atributų (emocijų, amžiaus, lyties) atpažinimo realiuoju 

laiku iššūkis žmogaus ir roboto sąveikai (ŽRI, angl. HRI (Human-Robot Interaction)), daugiausia 

dėmesio skiriant diegimui ribotus išteklius turinčiose įterptinėse sistemose. Buvo sukurta ir ištestuota 

keletas algoritmų, atlikti gilaus mokymosi architektūrų palyginimai (CNN, mokymosi 

perkeliamaisiais modeliais ir hibridinius CNN-Transformerius), atliktas optimizavimas naudojant 

„TensorRT“ir realiojo laiko vertinimas panaudojant „Jetson Xavier NX“bei naudojant tiek viešuosius 

duomenų rinkinius, tiek 36 dalyvių tiesioginio eksperimento duomenis.  

Hibridinis CNN-Transformeris leido gauti pakankamai gerą rezultatą/kompromisą tarp efektyvumo 

ir našumo. Optimizavus su TensorRT FP16“, sistema patiekė rezultatus realiu laiku (64 FPS) visoms 

trims užduotims, pasiekdama iki 26 kartų didesnį greitį be tikslumo praradimo.  

Tačiau realaus laiko eksperimentas atskleidė iššūkių, ypač emocijų atpažinimo srityje, kur našumas 

sumažėjo dėl klasės disbalanso, subtilių išraiškų ir pozų skirtumų. Lyties ir amžiaus užduočių 

rezultatai taip pat parodė tam tikrą priklausomybę nuo galvos padėties ir demografinių rodiklių.  

Apskritai darbas parodė, kad realaus laiko daugiafunkcinė veido analizė periferiniuose įrenginiuose 

yra įmanoma, tačiau reikia toliau dirbti gerinant patikimumą, tvarkant duomenų rinkinių disbalansą 

ir mažinant tam tikrų faktorių įtaką – tai yra pagrindiniai žingsniai, siekiant sukurti perspektyvesius 

ir patikimesnius socialinius robotus.
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Introduction 

Human-robot interaction (HRI) has gained significant attention in recent years, particularly with the 

rise of social robots. These robots, built to interact with humans in meaningful and intuitive ways, are 

gradually being integrated into numerous sectors of daily life, including healthcare and entertainment. 

However, the effectiveness of such interactions heavily relies on the robot’s ability to understand and 

respond to human emotions, age, and gender, all of which are fundamental components of social 

communication [3]. 

The ability to recognize emotions, age, and gender allows robots to better adapt to human needs, 

fostering more natural and empathetic interactions. These recognition capabilities enable robots to 

respond appropriately to emotional states, tailor their behavior to specific age groups, and ultimately 

create a more personalized user experience [4]. 

For example, in geriatric care, a social robot interacting with possibly solitary individuals may detect 

negative feelings such as melancholy or distress. Recognizing these signs, together with the user's 

projected age, may cause the robot to initiate diverting activities, play favored music, or engage in 

age-appropriate discussion [5]. Similarly, in educational settings, a robot tutor could detect signs of 

boredom or disengagement in a student. This awareness, combined with age recognition, allows the 

robot to adjust its teaching methods, perhaps by simplifying concepts or modifying task difficulty, to 

recapture attention and optimize learning [6]. Furthermore, as Ritschel et al. [7] point out, interaction 

personalization based on perceived user attributes has a positive impact; for example, detecting 

gender may allow robots communicating in grammatically gendered languages (such as Spanish or 

French) to use correct grammatical forms, increasing interaction naturalness. 

The practicality of constructing models capable of executing these sophisticated recognition tasks has 

improved dramatically as artificial intelligence (AI) advances, notably in deep learning and computer 

vision. However, achieving a reliable system capable of recognizing these attributes in real- world 

and real-time scenarios presents significant challenges through only the face. Factors such as variable 

lighting, contrast, dynamic head poses, partial occlusion, and the inherent ambiguity of facial 

expressions, commonly referred to as ’in-the-wild’ conditions, drastically affect the performance of 

models compared to results obtained in controlled laboratory environments [8]. 

Moreover, social robots often operate on hardware (HW) that present significant constraints. This 

HW typically consists of embedded platforms with limited computational resources (e.g., Raspberry 

PI boards, ARM-based boards or Arduino boards) [9]. As a result, recognition models must be not 

only accurate but also computationally efficient in order to work within these resource constraints 

and meet the stringent requirements of real-time systems. 

These real-time requirements are directly influenced by the capture speed of the robot’s camera. 

Social robots may use cameras that capture images at varying frame rates, typically between 15 and 

60 frames per second (FPS) [10]. This imposes strict limits on the inference time available to process 

each frame. For example, with a 60 FPS camera, the total time budget each frame is merely 16.6 

milliseconds (ms), however at 15 FPS, it jumps to 66 ms. Recognition models must operate within 

these time constraints to ensure smooth and continuous interaction. 

Although an alternative solution could be to run recognition models on external servers (cloud 

computing) while delegating only local control tasks to the robot’s onboard hardware, this approach 
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introduces significant and unpredictable issues related to network latency and dependency on Internet 

connectivity. This latency often exceeds acceptable time thresholds, even at lower frame rates such 

as 15 FPS [11]. In addition to latency concerns, processing sensitive data such as facial images of 

individuals (including children and adults) on external servers raises serious privacy and security 

issues [12]. These factors reinforce the need to develop efficient solutions that can run locally on the 

robot’s hardware (edge computing). 

This thesis tackles the issues of improving human-robot interaction in social robots by creating and 

optimizing AI models for emotion, age, and gender recognition. The experimental platform used is 

the InMoov robot, an open-source, 3D-printed humanoid constructed by Gael Langevin [13], 

renowned for its accessibility and modular design. 

In this arrangement, the NVIDIA Jetson Xavier NX, an embedded edge-AI computing device, 

seamlessly integrates into the robot's framework to power its perceptual and decision-making 

capabilities. This device uses real-time visual input from a Logitech C270 HD webcam to perform 

recognition tasks. Additionally, a Kinect sensor is employed for complementary recognition tasks 

such as pose and gesture detection. 

Low-level tasks, including motor control for movement and gestures, are managed by auxiliary 

microcontrollers such as Raspberry Pi or Arduino, which communicate with the Jetson Xavier. A 

high-level overview of this distributed system architecture is presented in Figure 0.1. The primary 

goal of this thesis is to build, construct, and evaluate AI models that run on the Jetson platform, trying 

to strike a compromise between identification accuracy and the efficiency required for seamless, real-

time HRI. 

 
Fig. 0.1. InMoov architecture. 

This study intends to improve the perceptive abilities of social robots. It focuses on conducting a 

comparative study of recognition models, developing novel architecture, and implementing 

optimization for emotion, age, and gender recognition, ensuring their efficiency for embedded 

systems like the Jetson Xavier NX. A key part of the methodology involves evaluating the optimized 

system through experiments simulating real-world interaction scenarios. This practical validation 

provides a realistic assessment of performance and helps identify current limitations and specific 
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challenges encountered. An analysis of these findings informs a discussion on the system’s 

shortcomings and outlines potential avenues for future refinement. This comprehensive process: 

encompassing design, optimization, real-world testing, and analysis, contributes towards the main 

goal of creating robots capable of more engaging, supportive, and personalized experiences in 

applications ranging from personal assistance to therapy and education. For this reason, this thesis 

aims to address this gap by: (1) conducting a comparative evaluation of selected standard, lightweight, 

and custom-designed deep learning architectures for emotion, age and gender recognition; (2) 

optimizing these models using TensorRT FP16 quantization; (3) rigorously evaluating their 

performance on the target Jetson Xavier NX platform; and (4) assessing the system’s effectiveness in 

a simulated real-time interaction experiment.  
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1. Literature Review 

1.1. Human robot interaction 

HRI is an emerging field of study that analyzes complex relationships between people and machines, 

expanding its scope beyond physical manipulation of the environment to the realm of social 

interaction [14]. In this context, the concept of social robots is introduced, which is an important field 

in current robotics. Although scientific literature has not reached a definitive consensus on its 

definition [15], it is widely assumed that a social robot is intended to interact with humans in an 

intuitive and natural manner [3]. These robots are increasingly found in environments such as 

museums, receptions, homes, educational centers, and medical facilities [16]. The key characteristics 

that distinguish a social robot from a conventional robot include: 

– Bidirectional interaction: Social robots must be able to respond to humans in a socially 

appropriate way, acting as companions rather than as mere tools [3]. This includes the ability 

to communicate, answer inquiries, and convey emotions. The interaction should be a dynamic 

and engaging dialogue, going beyond simple pre-programmed exchanges [17]. 

– Embodiment: According to Sarrica et al., physical presence is essential for a social robot [15]. 

Its form, whether humanoid, animal, caricatured, or functional, has a huge impact on how 

people perceive it and the quality of interaction [17]. The robot’s appearance sets expectations 

about its social capabilities and the type of possible interaction [14]. 

– Emotions: Social robots must be able to communicate and recognize emotions using gestures, 

facial expressions, and words. This helps humans understand the robot’s intention and its 

interaction [14]. Furthermore, artificial emotions can serve as feedback for the user, indicating 

the robot’s internal state and its intentions [17]. 

– Autonomy: A social robot requires a degree of autonomy to make decisions and act 

independently [18]. This capability enables the robot to actively participate in social 

interactions, rather than merely reacting passively to commands [3]. 

While all these characteristics are fundamental to HRI, this thesis focuses specifically on how 

enhancing the robot’s perceptual abilities, particularly its ability of the system to distinguish human 

emotions, age, and gender can considerably increase the quality and effectiveness of bidirectional 

social interactions. Recognizing human emotions is particularly important for creating more intuitive 

and responsive HRI systems [4]. By enabling robots to interpret and appropriately respond to human 

affective states, incorporating context-specific emotional cues, the quality of these exchanges can be 

significantly enhanced [19, 16]. Furthermore, recognizing the user’s age and gender adds another 

layer of personalization, allowing interactions to be more tailored and potentially more effective [20]. 

These perceptual capabilities are critical preconditions for truly adaptive bidirectional interactions, in 

which the robot dynamically alters its behavior depending on its real-time comprehension of the user's 

status and features. 

1.2. Emotion Recognition 

Recognizing human emotions is a complex task that has been approached from two main 

perspectives: the discrete and the multidimensional approaches [21]. The theory of discrete emotions 

holds that emotions are clearly defined categories, each characterized by specific cognitive, 

psychological, and behavioral factors [22]. According to this theory, six primary emotions are widely 
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recognized: happiness, sadness, anger, surprise, fear, and disgust [23]. Other categories, such as 

anticipation and trust, have now been added to this framework [22]. 

In contrast, the multidimensional approach considers emotions as complex phenomena influenced by 

personal experiences and cultural contexts. According to this theory, emotions are shown in two- or 

three-dimensional spaces with dimensions including dominance (perceived control), arousal 

(emotional intensity), and valence (degree of positive or negativity) [24].  This method allows for a 

more nuanced understanding of human emotions, emphasizing their dynamic and multidimensional 

nature. 

To recognize human emotions, various techniques have been developed, including questionnaires, 

physical signals, and physiological signals. 

Questionnaires are assessment tools that use affective scales to undertake periodic measures, usually 

monthly, and collect self-reports on emotions experienced [22]. 

Physical signals include observable aspects such as facial expressions, speech, text, gestures, and 

body postures. Among these, speech and facial expressions are the most commonly used methods for 

identifying emotions due to their accessibility and effectiveness [25]. 

Alternatively, physiological signals provide the advantage of being activated involuntarily, making 

them less susceptible to conscious control by the subject. This allows for more authentic emotion 

detection. Commonly used methods in this field include electrocardiograms, electroencephalograms, 

galvanic skin responses, respiration measurement, body temperature, and eye tracking [25]. 

The project utilizes a social robot for emotion recognition, and the identification methods are 

constrained by the capabilities of the available hardware. Cameras are among the most common 

sensors in social robots [3], detection based on physical signals, particularly facial expressions, 

emerges as the most viable and relevant approach. Consequently, this work focuses specifically on 

recognizing emotions through facial expression analysis. 

Facial expression recognition (FER) focuses on identifying emotions by analyzing facial expressions, 

typically aligned with the discrete model of basic emotions [22]. Techniques in this field range from 

traditional computer vision algorithms to advanced AI models. In scientific research, AI models 

routinely attain the greatest accuracy rates among these.  Notably, Convolutional Neural Networks 

(CNNs), which are a type of deep learning architecture designed to capture features specific to images 

and thus particularly effective for tasks centered around visual data [26], have proven particularly 

effective for FER due to their powerful representational capabilities [27]. 

As is well known, training AI models requires high-quality datasets. In the case of emotion 

recognition, available datasets are broadly divided into two main categories: in-the-wild datasets and 

controlled datasets [27]. This distinction is crucial when selecting a dataset for real-world FER 

applications, such as those involving social robots. 

Controlled datasets, commonly used in laboratory settings, are often poorly suited for real-world 

applications. Consequently, the focus shifts to in-the-wild datasets, which better capture the 

variability of real-life scenarios. However, these datasets present considerable issues. Some, such as 

AffectNet, are not freely available, but others, especially video-based, need large storage space. 

Furthermore, even state-of-the-art models achieve only about 70% accuracy on these datasets [27]. 
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Considering the need to balance realism with practical factors such as accessibility, size, and format, 

the FER2013 dataset was chosen for this study [28]. Although larger and more diverse ’in- the-wild’ 

datasets like AffectNet, RAF-DB, and ExpW exist (see Table 1.1), FER2013 remains a widely 

adopted benchmark due to its public availability and compact structure, comprising over 30,000 

48×48 grayscale images. Despite its known limitations, it continues to serve as a common baseline 

for emotion recognition research. 

Table 1.1: Facial emotion recognition datasets. 

Dataset Name Type Scenario Number of Images/Videos Emotions 

JAFFE [29] Static Images Controlled 213 6 basic + neutral 

FER2013 [28] Static Images In-the-wild 35,887 6 basic + neutral 

Extended Cohn-Kanade (CK+) [30] Images/Videos Controlled 920 6 basic + neutral+ contempt 

AffectNet [31] Static Images In-the-wild ∼1 million 6 basic, valence, and arousal 

RAF-DB [32] Static Images In-the-wild 29,672 Basic and compound 

MultiPIE [33] Static Images Controlled 755,370 Various 

CAER [34] Videos In-the-wild 13,201 6 basic 

DFEW [35] Videos In-the-wild 12,059 6 basic 

FERV39k [36] Videos In-the-wild 38,935 6 basic 

MAFW [37] Videos In-the-wild 10,045 6 basic + 4 compound 

ExpW [38] Static Images In-the-wild 91,793 6 basic 

Oulu-CASIA [39] Videos Controlled 2,880 6 basic 

Bosphorus [40] Static Images Controlled 4,652 3D Various 

 

The FER2013 dataset, whose distribution breakdown is shown in Figure 1.1, presents a slight 

imbalance in the number of images for each emotion, which could influence the performance of 

models trained on it. In particular, the emotions of disgust and happy are the most imbalanced, with 

only 547 images for disgust compared to 8,989 images for happy. This difference in the number of 

samples may affect the model’s ability to learn balanced representations of all emotions. 

Furthermore, Figure 1.2 depicts exemplary instances of the photos connected with the emotions in 

the dataset, demonstrating the variety of face expressions utilized to represent each emotion. 

After selecting the dataset to be used, it is essential to identify the deep learning models employed 

for this task. However, studies that rely exclusively on the FER2013 dataset report limited 

performance, with accuracy reaching only 69% [41]. As a result, studies investigating ways that 

integrate FER2013 with other methodologies and datasets to improve accuracy were examined. 

Among these, the work of Zang et al. [42] stands out, as they achieve an average accuracy of 88.56% 

by combining the FER2013 dataset with the LFW dataset. Yet, the procedure for developing this new 

dataset is not specified. Taking a different approach, Chowdary et al. [43] apply transfer learning 

techniques on the CK+ dataset, utilizing pretrained architectures such as VGG19, ResNet50, 

InceptionV3, and MobileNet, achieving accuracies of 96%, 97.7%, 94.2%, and 98.5%, respectively. 

These investigations propose interesting solutions, including dataset fusion [42] and transfer learning 

[43]. However, the approach of combining datasets often lacks sufficient reproducibility details, 

limiting its practical application. On the controlled CK+ dataset, the transfer learning approach shows 

excellent accuracy; however, its performance on edge devices or in "in-the-wild" situations is yet 

unknown and might not translate well to real-world situations. 
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Fig. 1.1. FER2013 emotion distribution. 

 

Fig. 1.2: FER2013 example images. 

Similarly, Pascual et al. [44] trained a model based on transfer learning using the Xception 

architecture, achieving an accuracy of 69.87% on FER2013. Additionally, they applied this model on 

a Jetson Nano, which makes their methodology extremely pertinent to the goals of this thesis. 

Importantly, they also optimized the model for edge execution, achieving 6 FPS. While this frame 

rate may be insufficient for some real-time applications, their research represents a significant step 

toward putting FER models on embedded devices. 

 On the other hand, Seringel et al. [2] proposes an open-source framework with an emotion model 

achieving an accuracy of 57.42% on FER2013. In contrast the accuracy is minimal, this model is 

specifically built for edge devices, and its open-source nature makes it a helpful reference point for 

comparison. Finally, Priyadarshini V et al, [1] develops her own light CNN architecture trained on 

the CK+ dataset, achieving an accuracy of 97.79%. This highlights the potential of custom lightweight 

designs, although its performance on ’in-the-wild’ data or edge hardware remains unevaluated in their 

study. 
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The reviewed studies, along with broader surveys [27], reveal a recurring pattern: many high 

performing FER models are either evaluated primarily in controlled laboratory settings (e.g., using 

datasets like CK+) or consist of large, computationally intensive architectures designed for maximum 

accuracy, often neglecting deployment constraints. While some research, like that of Pascual et al. 

[44] and Seringel et al. [2], explicitly targets edge devices, a clear gap remains. Specifically, there is 

a scarcity of comprehensive comparative research analyzing the trade-offs between accuracy and real-

time inference performance for various FER architectural methods, particularly on competent edge 

AI platforms like the NVIDIA Jetson Xavier NX. Achieving this optimal balance is critical for 

effective HRI [45], yet remains an underexplored challenge addressed by this thesis. 

To close this gap, this thesis conducts a comparative study of many unique architectural techniques 

for FER on the Jetson Xavier NX platform. Based on the literature analysis, the following approaches 

were chosen for inquiry: 

– A Baseline Edge-Oriented Model: The open-source framework by Seringel et al. [2], despite 

its modest reported accuracy on FER2013, serves as a relevant baseline due to its specific 

design for edge implementation. 

– Standard High-Performance CNNs via Transfer Learning: Architectures such as 

ResNet50 [46], which uses residual connections to train much deeper networks, and 

InceptionV3 [47], which has Inception modules that perform convolutions at multiple scales 

concurrently, are widely used models known for achieving a strong balance between accuracy 

and computational cost on standard benchmarks such as ImageNet [48]. Although not 

originally designed for extreme efficiency, they are less demanding than previous designs 

(e.g., VGG) and are widely employed as effective backbones for transfer learning in a variety 

of visual tasks [43]. However, their baseline performance and potential for optimization 

specifically for real-time FER on the target Jetson Xavier NX platform remain to be 

quantified, justifying their inclusion in this comparative study. 

– A Custom Lightweight CNN: The architecture proposed by Priyadarshini V et al. [1], which 

achieved high accuracy on CK+, represents the potential of custom-designed lightweight 

models, although its performance on ’in-the-wild’ data and edge hardware needs assessment. 

– Custom Hybrid Architecture: To explore contemporary approaches, a novel architecture 

combining CNN blocks, for local feature extraction, with mechanisms inspired by 

Transformers, specifically self-attention layers [49], was designed. This helps to analyze if 

introducing layers capable of modeling long-range interdependence and global context 

improves FER within the restrictions of edge deployment. 

The detailed implementation of these selected architectures, along with the methodology employed 

for their training, optimization, and comparative evaluation, is presented in the Methodology section. 

1.3. Age and Gender Recognition from Facial Images 

Beyond emotion detection, determining a person's age and gender from facial photos are two critical 

perceptual abilities for improving HRI. The task presents significant challenges, particularly in age 

estimation, which is commonly addressed using two primary approaches: continuous regression and 

classification by ranges [50]. 

In the regression approach, the goal is to predict the exact age by treating it as a continuous variable. 

This method allows for precise evaluations using metrics such as the Mean Absolute Error (MAE) 



19 

and Root Mean Squared Error (RMSE), making it especially useful when an exact prediction is 

required. Furthermore, it can handle a variety of data distributions with more flexibility because it 

does not require predetermined age ranges. Common techniques used for this approach include CNN 

and Support Vector Machines (SVM) [51]. However, regression can be more sensitive to noisy data, 

such as images with poor lighting or complex facial expressions. 

In contrast, the classification approach organizes ages into predefined intervals or categories. This 

method is effective when an exact age is not needed, but rather a general age group. Additionally, it 

is more resilient to noisy or imprecise data, which makes it ideal for real-world uses like limiting 

access to content that is restricted to certain age groups. Algorithms such as K-Nearest Neighbors 

(KNN), SVM, and CNN are commonly used for this task [52]. 

Moreover, hybrid approaches have emerged that combine the strengths of both regression and 

classification. For instance, a regression model can be used inside a certain age range that has been 

identified using classification models to predict an age with greater precision. An additional approach 

involves framing classification as a multiclass problem, where each category corresponds to a 

particular age group. These hybrid models offer greater flexibility and adaptability, enabling them to 

perform effectively across a variety of different scenarios and requirements [51]. 

Choosing the most suitable approach depends on several factors, such as the quality of available data, 

the specific needs of the application, and whether an exact or categorical prediction is desired. 

External factors such as lighting, facial posture, and distinct individual aging processes can all have 

an impact on model performance and should be carefully studied [52]. 

The recommended strategy for a social robot is categorization, as establishing a conversation does 

not require a specified age. Instead, an age range is adequate to encourage communication and 

interaction. 

On the other hand, gender estimation is commonly approached as a binary classification problem, 

which simplifies the task. The goal is to assign a person to one of two categories: male or female [50], 

although it is important to acknowledge that this binary classification based on visual appearance may 

not capture the full spectrum of gender identity. This approach is the most widely used due to the 

availability of data [51]. To carry out this classification, various machine learning methods are 

employed, among which SVM, CNN, and Linear Discriminant Analysis (LDA) stand out [50]. 

Furthermore, feature extraction from facial pictures employing techniques such as Local Binary 

Patterns (LBP), Histogram of Oriented Gradients (HOG), and Scale-Invariant Feature Transform 

(SIFT) supplements existing classification approaches and improves their accuracy [50]. 

Age and gender recognition research rely largely on different datasets, which frequently include 

labels for both traits. These resources vary significantly in scale, annotation type, capture conditions, 

and demographic balance. For instance, IMDB-WIKI [50] offers an immense scale with over 500,000 

images, but it suffers from known label inaccuracies, limiting its reliability for rigorous training. On 

the other hand, datasets captured under uncontrolled, "in-the-wild" conditions, such as Adience [52], 

which provides age group labels, and UTKFace [53], which offers precise age and ethnicity labels, 

add valuable diversity to the dataset. Another example is MORPH [50], which is widely utilized in 

academic research due to its high-quality photographs collected under highly regulated conditions. 

More recently, databases such as FairFace [53] have gained popularity. FairFace focuses on 

addressing racial bias through fair demographic representation, gives age and gender labels for a large 
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volume of photographs (over 100,000), and, most importantly, captures these images "in-the-wild". 

Table 1.2 presents a comprehensive overview comparing these and other relevant datasets, detailing 

their specific characteristics. Understanding these distinctions is crucial for selecting appropriate 

datasets for training and evaluation based on application requirements. 

Table 1.2: Public datasets for facial age and gender recognition 

 
Note: The term "binary (male/female)" refers to the gender labels available in these datasets. Other gender identities are 

not represented. 

Regarding age recognition, some of the best results in literature are achieved with Adience, where an 

accuracy of 91.8% is reported using AlexNet, and with UTKFace, where 71.84% accuracy is achieved 

using ResNet50 [50]. For gender recognition, MUS-LFW+ achieved 97.31% accuracy with a CNN 

based model, while a ResNet model achieved 96.26% [50]. 

For this particular application, which involves a social robot interacting in potentially various real-

world circumstances, using datasets recorded in uncontrolled contexts is strongly recommended to 

assure the model's relevance and resilience. This requirement significantly narrows the choices 

among the available datasets (Table 1.2). Furthermore, the study by Karkkainen and Joo [53] 

compellingly highlights the critical importance of ethnic diversity in training data, not only because 

mitigates potential biases, a crucial consideration for social robots, but also to enhance overall model 

robustness and generalization. Their study produced remarkable results with their suggested dataset, 

prompting the use of FairFace as the principal dataset for the age and gender recognition tasks in this 

thesis. As a reference, the original study reported accuracies of 59.7% for age (9-class classification) 

and 94.2% for gender using a ResNet34 backbone trained on FairFace [53]. 

FairFace [53] contains 108,501 photos derived from the YFCC-100M dataset, expertly chosen and 

balanced among seven ethnicity groups  (White, Black, Indian, East Asian, Southeast Asian, Middle 

Eastern, Latino). It provides labels for gender (Male, Female) and age, categorized into 9 groups: 

0-2, 3-9, 10-19, 20-29, 30-39, 40-49, 50-59, 60-69, and 70+. The dataset is officially divided into 

training (86,744 images) and validation (21,757 images) sets. The age and gender distributions 

within the dataset are illustrated in Figure 1.3 and Figure 1.4, respectively. As observed in the age 

distribution (Figure 1.3), there is a significant imbalance across age categories. Specifically, classes 

such as ’70+’ (with only 842 images) and ’0-2’ (with 1,792 images) are heavily underrepresented 

compared to more populated groups like ’20-29’ (with 25,598 images). This severe imbalance may 

have an influence on the model's capacity to develop robust representations for all age groups, as 

well as overall age classification accuracy. In contrast, the gender distribution (Figure 1.4) is 

relatively well-balanced, with only approximately 5,000 more images labeled as female than male. 

Dataset Name Scenario Images Age Gender 

Table 1.2: Public datasets for facial age and gender recognition 
 
 

 
 

IMDB-WIKI [54] In-the-wild 523,051 Exact age Binary (male/female) 

FairFace [53] In-the-wild 108,501 Group age Binary (male/female) 

MORPH [55] Controlled 55,134 Exact age Binary (male/female) 

Adience [56] In-the-wild 26,528 Group age Binary (male/female) 

UTKFace [57]  In-the-wild 20,000 Exact age Binary (male/female) 

AgeDB [58] In-the-wild 16,488 Exact age Binary (male/female) 

MSU-LFW+ [59]  In-the-wild  15,699   Exact age  Binary (male/female) 
 

Note: The term "binary (male/female)" refers to the gender labels available in these datasets. Other gender identities are 

not represented. 
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The images in Figure 1.5 demonstrate the dataset’s diversity and the ’in-the-wild’ conditions under 

which they were taken.  

 

Fig. 1.3: Fair Face age distribution (Training data). 

Concurrently with the emotion recognition task, and building on insights gained from that initial 

investigation, this thesis evaluates several architectural approaches for age and gender classification 

using the FairFace dataset on the Jetson Xavier NX. The goal is to assess the trade-offs between 

accuracy and efficiency, and to determine whether architectures perform consistently across different 

facial attribute recognition tasks. The selected models represent various points along the complexity- 

efficiency spectrum, including: 

– MobileNetV2 [60]: Selected as a representative lightweight architecture, it is well known for 

its effectiveness on edge and mobile devices using methods like linear bottlenecks and 

inverted residuals. Its performance on FairFace serves as an important benchmark for highly 

optimized models designed for resource-constrained contexts such as the intended Jetson 

platform. 

– ResNet50 [46]: Included as a standard, high-performance backbone, leveraging residual 

connections to train deeper networks effectively. Its inclusion matches with architectures 

utilized in relevant age and gender research [50, 53] and provides as a comparison point 

between the lightweight and custom models, assessing the performance achievable with a 

more complex, but potentially more accurate, model before optimization. 
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Fig. 1.4: Fair Face gender distribution (Training data). 

 

Fig. 1.5: Fair Face example images. 

– The Custom Hybrid Architecture: The custom CNN-Attention architecture developed 

primarily for emotion recognition is also evaluated on age and gender tasks. This cross-task 

evaluation examines the architecture's flexibility and appropriateness for analyzing multiple 

facial attributes simultaneously. It assesses how well the model can generalize across various 

prediction tasks while maintaining a focus on balancing high accuracy with computational 

efficiency, particularly for deployment at the edge. 

The methodology section provides a detailed approach for customizing these structures, as well as 

specifics on training, optimization, and comparative evaluation. 

1.4. Nvidia Jetson Xavier 

The deployment of real-time AI models for social robotics requires sufficient edge computing 

hardware. This thesis utilizes the NVIDIA Jetson Xavier NX platform [61], a compact yet powerful 

system-on-module (SOM) readily available for this research and specifically designed to deliver 

significant AI performance at the edge. It has a processing capacity of 21 trillion operations per 

second (TOPS) for INT8 accuracy, allowing for the parallel execution of many neural networks as 

well as the processing of input from high-resolution sensors used in robotics. Key components include 

an integrated NVIDIA Volta architecture GPU, featuring 384 CUDA cores and 48 Tensor Cores 

optimized for deep learning tasks, alongside a 6-core 64-bit ARM Carmel CPU for general purpose 



23 

processing. The module is equipped with 8 GB of LPDDR4x RAM and 16 GB of eMMC storage 

[61]. 

Beyond the core CPU and GPU, the Jetson Xavier NX architecture incorporates several features 

pertinent to robotics and AI applications. It incorporates a high-throughput 128-bit LPDDR4x 

memory subsystem, which is critical for data-intensive activities. For handling sensor data, especially 

video streams, the module offers dedicated high-definition video processing capabilities, including 

multi standard hardware decoders and encoders. Furthermore, its rich set of communication interfaces 

(including PCIe Gen3/4, USB 3.1/2.0, Gigabit Ethernet, SPI, I2C, UART, and CAN) facilitates 

integration with various sensors, actuators, and network infrastructure [61]. 

The Jetson Xavier NX includes dedicated hardware accelerators known as Deep Learning 

Accelerators (DLAs), which are specifically designed to improve AI inference efficiency. These 

engines are optimized for common neural network operations and can offload tasks from the main 

GPU, potentially improving overall throughput or reducing power consumption. The platform also 

provides advanced power management features, including configurable power modes allowing 

developers to balance performance and energy efficiency based on application needs. Standard 

General-Purpose Input/Output (GPIO) pins are available for direct interfacing with low-level 

hardware components [61]. 

Although the Jetson Xavier NX has impressive processing capacity for an edge device, installing 

large deep learning models for real-time inference frequently necessitates further optimization beyond 

conventional framework execution. To address this, NVIDIA provides TensorRT, a high- 

performance deep learning inference optimizer and runtime library [62]. TensorRT integrates 

seamlessly with models trained in popular frameworks (like TensorFlow or PyTorch) and makes 

several optimizations for NVIDIA GPUs, particularly the Volta/Turing architecture found in the 

Xavier NX. This framework uses several optimization approaches, including layer and tensor fusion, 

precision calibration (which allows for optimized INT8 and FP16 quantization), kernel autotuning 

(which selects the fastest implementations for the target GPU), and dynamic tensor memory 

management [63]. The major purpose of these optimizations is to reduce inference delay while 

increasing throughput on the target device. 

Several research have shown that TensorRT is effective at accelerating inference. For example, Zuo 

and Yang [63] showed significant speedups (1.6x to 2x) for efficient networks like MobileNet and 

SqueezeNet when using TensorRT compared to unoptimized framework execution. Using 

optimization frameworks like TensorRT is not only advantageous but maybe necessary for this thesis’ 

emotion, age, and gender detection tasks, which must be completed in real-time on the social robot's 

Jetson Xavier NX. Therefore, TensorRT will be employed to optimize the selected models to meet 

the stringent real-time performance requirements. The specific optimization techniques applied are 

detailed further in Section 1.5. 

1.5. Model Optimization Techniques 

Achieving real-time performance for deep learning models on resource-constrained edge devices like 

the Jetson Xavier NX often requires specific optimization techniques. These strategies seek to 

minimize the model's computational complexity, memory footprint, and storage capacity, lowering 

inference latency and power consumption while preserving job accuracy. Common techniques 

include quantization and pruning [64, 65]. Pruning involves removing redundant model parameters 
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but often requires complex retraining cycles. Given the significant performance gains observed 

preliminary with the direct optimizations offered by the target deployment framework (NVIDIA 

TensorRT), and considering the project scope, this work focused primarily on quantization. 

1.5.1. Quantization 

Quantization is the process of reducing the numerical precision used to represent values within a 

neural network, typically weights and activations [65]. Deep learning models are usually trained using 

32-bit floating-point numbers (FP32), which offer a wide dynamic range and high precision. 

Quantization maps these FP32 values to lower-precision data formats like 16-bit floating-point 

(FP16), 8-bit integers (INT8), and even less bit widths. 

The most common approach to quantization is uniform quantization, which maps real-valued 

floating-point numbers into a lower-precision numerical range [65]. A commonly used form of the 

quantization function is defined as follows: 

𝑄(𝑟) = 𝐼𝑛𝑡 (
𝑟

𝑆
) − 𝑍 (1.1) 

Where 𝑄 represents the quantization operator, 𝑟 is a real-valued input (such as an activation or a 

weight), 𝑆 is a real-valued scaling factor, and 𝑍 is an integer zero-point. The function Int maps a real 

number to an integer via a rounding operation [65]. 

Conversely, it is possible to recover an approximation of the original value 𝑟 from the quantized 

values 𝑄(𝑟) through the dequantization operation: 

𝑟̅ = 𝑆 ∙ (𝑄(𝑟) + 𝑍) (1.2) 

Note that 𝑟̅ does not exactly match the original value r due to the rounding applied during 

quantization. 

The scaling factor 𝑆 and zero-point 𝑍 are critical factors that are determined using the range of the 

original FP32 values. This determination can happen per-tensor or per-channel, and symmetrically or 

asymmetrically around zero [65]. 

Quantization yields several benefits: 

– Reduced Memory Footprint: The memory needed to hold intermediate activations and 

model weights is decreased with lower-precision representations. 

– Faster Computation: Hardware designed for low-precision arithmetic, such as dedicated 

accelerators like DLAs and Tensor Cores in NVIDIA GPUs, can perform these operations far 

more effectively [63]. 

– Lower Power Consumption: Faster computation and reduced memory access generally lead 

to lower energy usage. 

Two main strategies exist for applying quantization: 

– Post-Training Quantization (PTQ): The trained FP32 model is then quantized. This is 

simpler to implement, but it may result in accuracy reduction, particularly when quantizing to 

very low precision, such as INT8. A representative calibration dataset is often required by 

PTQ to estimate suitable activation ranges and establish the corresponding quantization 

parameters, such as scale (S) and zero-point (Z) [65]. 

– Quantization-Aware Training (QAT): Quantization effects (the clamping and rounding) are 

simulated during the model training or fine-tuning process. This allows the model to adapt to 

the reduced precision, often resulting in better accuracy preservation compared to PTQ, albeit 

at the cost of a more complex training procedure [65]. 
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Both FP16 and INT8 precision conversion are supported by TensorRT, the optimization framework 

used in this investigation. A calibration step is usually necessary when applying INT8 precision 

utilizing PTQ capabilities. This involves providing a representative dataset to allow TensorRT to 

analyze the distribution of activation values and determine the optimal scaling factors to minimize 

accuracy loss during the FP32- to-INT8 conversion [66]. Considering the additional intricacy and 

data needs related to this calibration procedure, and the goal of streamlining the optimization 

workflow, FP16 quantization was selected as the primary optimization strategy for this thesis. FP16 

conversion in TensorRT generally does not require a separate calibration dataset, simplifying the 

deployment pipeline while still offering significant performance benefits on compatible hardware. 

1.5.2. Optimization workflow with TensorRT 

The NVIDIA TensorRT framework, introduced earlier on section 1.4, provides a practical work- flow 

to apply several optimization techniques, including quantization, targeting NVIDIA hardware like 

the Jetson Xavier NX. The typical process involves: 

1. Model Conversion: A pre-trained model from a framework like as TensorFlow or PyTorch is 

usually translated to an intermediate format, most notably Open Neural Network Exchange (ONNX). 

2. TensorRT Engine Building: The TensorRT builder applies several graph optimizations to the 

ONNX model or straight from some frameworks. This comprises: 

– Layer Fusion: Combining multiple layers into a single optimized kernel to reduce overhead. 

– Precision Optimization: Enabling lower precision like FP16 or INT8. TensorRT must carry 

out a calibration step in which it uses a representative dataset (calibration set) to observe the 

distribution of activation values to determine the optimal scaling factors for INT8 PTQ while 

minimizing information loss [66]. It can perform quantization per-tensor or per-channel. 

– Kernel Auto-Tuning: Deciding which CUDA kernel implementation on the particular target 

GPU is the most effective for each operation. 

– Memory Optimization: Optimizing memory allocation and reuse. 

3. Engine Serialization: The optimized execution plan is serialized into a deployable file called a 

TensorRT engine. 

4. Inference Deployment: The TensorRT runtime loads this engine and executes inference 

efficiently on the target NVIDIA hardware. 

This method dramatically streamlines the deployment of high-performance deep learning inference, 

allowing developers to take advantage of hardware optimizations without manually implementing 

low-level CUDA kernels [66]. 

1.6. Synthesis and research gap 

In summary, this chapter has reviewed the state of the art in facial emotion, age, and gender 

recognition, highlighting the importance of these tasks for human-robot interaction. Common deep 

learning approaches, benchmark datasets, and the unique problems of deploying these models on 

resource-constrained edge devices such as the NVIDIA Jetson Xavier NX. Additionally, the need for 

model optimization was covered, including the TensorRT framework's capabilities and methods like 

quantization. 

Despite notable advances, there is still a lack of practical, comparative evaluations that assess the 

trade-offs between accuracy, inference speed, and model size for facial attribute tasks such as 

emotion, age, and gender, when optimized for edge devices like the Jetson Xavier NX. 
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2. Methodology 

This section describes the methodology used to create, test, and optimize a real-time facial attribute 

detection system for the social robot platform. Building on the literature review in Section 1, it 

outlines the datasets used for training and evaluation, as well as the preprocessing pipeline, which 

includes face detection, alignment, normalization, and data augmentation techniques. 

Section 2.3 provides an overview of the deep learning architectures chosen for recognizing emotions, 

age, and gender. This includes both models that have been pre-trained and subsequently fine-tuned 

through transfer learning, and a custom-designed hybrid approach. Details regarding the training 

setup, such as the software frameworks employed, optimizers, loss functions, and hyperparameter 

configurations, are thoroughly described in Section 2.4. 

Model optimization with NVIDIA TensorRT, focusing on FP16 quantization, is discussed in Section 

2.5. Section 2.6 defines the performance metrics used to assess both predictive accuracy and 

computational efficiency. 

Section 2.7 describes the design and implementation of a real-time experiment with human volunteers 

to evaluate the system’s performance under realistic conditions, including variations in head pose and 

emotional expression. Finally, Section 2.8 outlines the benchmarking protocol used to assess the 

system both before and after model optimization, as well as the experiment, using standard datasets 

and the Jetson Xavier NX. 

This methodological framework supports the results discussed in Section 3. 

2.1. Datasets 

This section describes the datasets used for training, validation, and generalization evaluation. 

2.1.1. Training and validation datasets 

Two primary datasets were used: 

– FER2013 (Emotions): The emotion recognition models were trained and validated using the 

dataset [28], as explained in Section 1. The publicly available split was utilized, with 28,709 

photos for training and 3,589 for validation. FER2013 includes grayscale facial images of size 

48×48 pixels, categorized into seven emotion classes. 

– FairFace (Age/Gender): This dataset [53] was used to train and validate both the age and 

gender recognition models, as justified in Section 1. The publicly available split was used, 

consisting of 86,744 images for training and 21,757 for validation. FairFace provides color 

facial images at a resolution of 224×224 pixels. Gender is framed as a binary classification 

task, while age is divided into nine categories. 

2.1.2. Generalization datasets 

Two main datasets were used to evaluate the generalization of the trained models from the training 

datasets. These datasets also played a key role in model selection for optimization and real-world 

deployment in the experiment. 

– CK+ (Emotions): This dataset [30] was selected for several reasons. Firstly, it is a widely 

used benchmark in FER literature, allowing for comparison of results. Secondly, evaluating 

on CK+ assesses the model’s ability to recognize clearly posed expressions under controlled 
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laboratory conditions. This provides a valuable performance baseline, distinct from the 

challenges inherent in ’in-the-wild’ data like FER2013. Furthermore, testing a model trained 

on noisy ’in- the-wild’ data (FER2013) on this ’clean’ dataset is a strong indicator of 

generalization: high performance on CK+ suggests that the model has learned robust 

underlying features of facial expressions, rather than simply overfitting to the training set’s 

artifacts. The entire dataset, consisting of grayscale images at a resolution of 48×48 pixels, 

was used for evaluation, excluding the "contempt" category which is not present in the 7-class 

FER2013 setup. Consequently, 902 images were utilized for this evaluation. Figure 2.1 

illustrates a significant class imbalance, with the majority class containing 593 images, while 

other classes have fewer than 90 images. Specifically, the "sad" and "fear" classes contain 

fewer than 30 images each. This imbalance must be taken into account when performing a 

proper evaluation of the models.  

 

Fig. 2.1. CK emotion distribution. 

– UTK Face (Age/Gender): This dataset [57] was chosen to evaluate generalization 

performance due to its ethnic diversity and substantial size, over 20,000 images captured ’in-

the-wild’. The entire dataset was utilized for this evaluation. UTK Face provides facial images 

primarily at a resolution of 200x200 pixels, which were resized to 224x224 pixels for 

consistency during evaluation. Crucially, while UTK Face provides exact numerical age 

labels, these ages were mapped into the nine age categories used by the FairFace training 

dataset prior to evaluating age classification performance. The resulting age distribution, 

grouped into these categories (Figure 2.2), is somewhat imbalanced, particularly with peaks 

in the 20-29 and 30-39 age groups, although other groups are more evenly represented (around 

1,000 images each). Therefore, caution is needed when interpreting the overall age 

classification metrics. In contrast, the gen- der distribution (Figure 2.3) is fairly well-balanced, 

suggesting gender metrics should provide reliable indications of model performance.  
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Fig. 2.2. UTK Face age distribution. 

 

 

Fig. 2.3. UTK Face gender distribution. 

2.2. Data processing 

Prior to model training and evaluation, images from the selected datasets underwent preprocessing 

steps to ensure compatibility with the neural network architectures. Given that the primary training 

datasets (FER2013 and FairFace) provide pre-cropped facial images, no additional facial detection or 

alignment was applied to these standard datasets. The main preprocessing steps involved resizing and 

pixel normalization. 

2.2.1. Image resizing 

Input images were resized using bilinear interpolation to meet the specific input size requirements of 

each evaluated model: 

– For Emotion Recognition (FER2013/CK+ datasets): 

– Models presented in [2] and [1] were fed the original 48x48 pixel grayscale images. 

– Models relying on pre-trained architectures, such as ResNet50 and InceptionV3, required 

inputs scaled to 224 x 224 pixels. Because these models require three input channels, the 
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single grayscale channel of the 48x48 photos was first scaled to 224x224 and then repeated 

across all three channels. 

– The hybrid CNN-transformer were resized into 96x96 pixel grayscale images. 

– For Age/Gender Recognition (FairFace/UTKFace datasets): 

– All evaluated architectures (MobileNetV2, ResNet50, Proposed Hybrid Model) received 

input images resized to 224x224 pixels, maintaining their original RGB color format (3 

channels). 

This resizing strategy ensured input dimensionality consistency for each model across training, 

validation, and generalization testing phases. 

2.2.2. Pixel normalization 

Following any resizing steps, pixel values for all images, regardless of the dataset or target model, 

were normalized to the standard floating-point range of [0, 1]. This was achieved simply by dividing 

each pixel intensity value by 255.0. Consistent normalization was applied during all training and 

evaluation stages. 

2.2.3. Data augmentation (Training only) 

Data augmentation was applied to improve generalization, as recommended by the literature and best 

practices. For the FER2013 dataset, augmentation was used not only to simulate various real-time 

environments, such as illumination changes, but also to address class imbalance. Each class was 

augmented to contain 8,000 samples, resulting in a total of 56,000 images. The augmentation process 

included: 

– Random horizontal flipping (probability: 0.5) to simulate viewpoint asymmetry, 

– Rotation (±15°) and scaling/translation (±10% scaling, ±2% translation) to mimic pose 

variation, 

– Gamma correction (γ ∈ [0.5, 1.5]) to simulate illumination changes, 

– Gaussian noise injection (σ = 0.05) to approximate sensor noise from real-world capture de- 

vices. 

All transformations were implemented using the Albumentations library [67] in Python, ensuring both 

reproducibility and computational efficiency. 

On the other hand, for the FairFace dataset, although there was also class imbalance in terms of age 

groups, the training was constrained by hardware limitations, specifically, the use of Google Colab. 

Due to the large size of the dataset (over 83,000 images), it was not feasible to fully balance the 

classes or simulate in-the-wild conditions. Therefore, only one augmented image was generated per 

sample using a randomly selected transformation from the set defined above for FER2013 (flipping, 

rotation, scaling/translation, gamma correction, or noise injection). 

2.3. Model architectures 

2.3.1. Model architectures for emotion recognition 

Based on the literature review (Section 1) and the goal of comparing different approaches on the 

Jetson Xavier NX, several distinct neural network architectures were implemented and evaluated for 

the facial emotion recognition task using the FER2013 dataset. These included models generated 

from current frameworks, conventional pre-trained backbones updated through transfer learning, and 

new hybrid architecture. The specific structure of these models is described below. 
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Baseline Edge-Oriented Model: The first model evaluated was the CNN architecture proposed by 

Seringel et al. [2], chosen as a baseline due to its open-source availability and specific design intention 

for edge devices. Its layer structure is summarized in Table 2.1. 

Table 2.1: CNN structure proposed in [2] 

   

Layer Type Details 

Conv Convolutional 64 filters, 5x5 kernel 

MaxPool Pooling 2x2 pool 

Conv Convolutional 64 filters, 3x3 kernel 

Conv Convolutional 64 filters, 3x3 kernel 

AveragePool Pooling 3x3 pool, 2 strides 

Conv Convolutional 128 filters, 3x3 kernel 

Conv Convolutional 128 filters, 3x3 kernel 

AveragePool Pooling 3x3 pool, 2 strides 

Fully Connected Dense 1024 units 

Fully Connected Dense 1024 units 

Fully Connected Dense 7 units 

Transfer Learning Models (InceptionV3 and ResNet50): To leverage knowledge learned from 

large-scale image datasets, standard pre-trained architectures were adapted. Specifically, InceptionV3 

[47] and ResNet50 [46] backbones, pre-trained on ImageNet, were utilized. The original classification 

layer of each model was replaced with a custom layer suitable for the 7-class emotion recognition 

task. This usually entailed freezing the weights of the convolutional base and training new dense 

layers on top. Tables 2.2 and 2.3 provide details on the new classification head structure for 

InceptionV3 and ResNet50, respectively. 

Table 2.2: CNN architecture with InceptionV3 as the backbone 

   

Layer Type Details 

InceptionV3 Pretrained model Principal layer 

Flatten Flatten Flatten the input 

Dense Dense 128 units, ReLU activation 

Dropout Dropout Dropout rate of 0.5 

Dense Dense 7 units with softmax 

activation 

 

Custom Lightweight CNN: The lightweight CNN architecture developed by Priyadarshini V et al. 

[1] was implemented to represent custom-designed models with efficiency in mind. Although 

originally assessed on CK+, its structure, shown in Table 2.4, was trained here on FER2013 to 

examine its performance in ’in-the-wild’ situations. 

Table 2.3: CNN architecture with Resnet50 as the backbone 

   

Layer Type Details 

Resnet 50 Pretrained model Principal layer 

Flatten Flatten Flatten the input 

Dense Dense 128 units, ReLU activation 

Dropout Dropout Dropout rate of 0.5 

Dense Dense 7 units with softmax activation 
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Custom Lightweight CNN: The lightweight CNN architecture developed by Priyadarshini V et al. 

[1] was implemented to represent custom-designed models with efficiency in mind. Although 

originally assessed on CK+, its structure, shown in Table 2.4, was trained here on FER2013 to 

examine its performance in ’in-the-wild’ situations. 

Proposed Hybrid CNN-Transformer Architecture: Finally, a novel hybrid architecture was 

developed and deployed specifically for this thesis, with the purpose of integrating the local feature 

extraction power of CNNs alongside the global context understanding provided by attention 

mechanisms, drawing inspiration from Transformer models. The detailed configuration, which 

includes convolutional blocks and attention layers, is documented in Table 2.5. 

This selection of architectures allows for a comparative analysis across different design philosophies, 

complexities, and performance characteristics relevant to deployment on the Jetson Xavier NX. 

2.3.2. Model architectures for age recognition 

For the age classification task using the FairFace dataset (predicting 9 age groups), three distinct 

architectures were implemented and evaluated. These models were adapted to process the [e.g., 

224x224 RGB] input images from FairFace and output predictions across the nine defined age 

categories. 

Table 2.4: CNN structure proposed in [1] 

   

Layer Type Details 

Input Input Shape: (48, 48, 1) 

Conv2D Convolution Filters: 8, Kernel: 9x9 

BatchNormalization Normalization - 

Conv2D Convolution Filters: 8, Kernel: 9x9 

BatchNormalization Normalization - 

Activation Activation Elu 

MaxPooling2D Pooling Pool Size: 2x2 

Dropout Regularization Rate: 0.1 

Conv2D Convolution Filters: 16, Kernel: 7x7 

BatchNormalization Normalization - 

Conv2D Convolution Filters: 16, Kernel: 7x7 

BatchNormalization Normalization - 

Activation Activation Elu 

MaxPooling2D Pooling Pool Size: 2x2 

Dropout Regularization Rate: 0.2 

Conv2D Convolution Filters: 32, Kernel: 5x5 

BatchNormalization Normalization - 

Conv2D Convolution Filters: 32, Kernel: 5x5 

BatchNormalization Normalization - 

Activation Activation Elu 

MaxPooling2D Pooling Pool Size: 2x2 

Dropout Regularization Rate: 0.2 

Conv2D Convolution Filters: 64, Kernel: 3x3 

BatchNormalization Normalization - 

Conv2D Convolution Filters: 64, Kernel: 3x3 

BatchNormalization Normalization - 

Activation Activation Elu 

MaxPooling2D Pooling Pool Size: 2x2 

Dropout Regularization Rate: 0.1 

Conv2D Convolution Filters: 128, Kernel: 3x3 

BatchNormalization Normalization - 

Conv2D Convolution Filters: 128, Kernel: 3x3 

BatchNormalization Normalization - 

Activation Activation Elu 

MaxPooling2D Pooling Pool Size: 2x2 

Dropout Regularization Rate: 0.2 

Flatten Flatten - 

Dense Dense Units: 128, Activation: Elu 
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Dropout Regularization Rate: 0.5 

Dense Dense 7 units with softmax activation 

 

MobileNetV2-based Model: The MobileNetV2 architecture [60], pre-trained on ImageNet, was used 

to estimate age. MobileNetV2 is notable for its computational efficiency, which is achieved by the 

use of inverted residual blocks and linear bottlenecks. The pre-trained convolutional base served as a 

feature extractor, followed by a bespoke classification head tailored to the 9-class age problem. Table 

2.6 describes the specific structure of the adapted model. 

ResNet50-based Model: Similarly, the ResNet50 architecture [46], pre-trained on ImageNet and 

utilizing residual connections, was adapted. The pre-trained backbone served as the feature extractor, 

with a custom classification head appended for the 9-class age prediction. The structure is presented 

in Table 2.7. 

Proposed Hybrid CNN-Transformer Model for Age: The proposed hybrid CNN-Transformer 

architecture built for this thesis, whose complete structure is shown in Table 2.5, was also used for 

the age categorization problem. The adaptation involves two major changes: 

– Input Layer: The input layer was configured to accept 224x224 RGB images (shape: (224, 

224, 3)) consistent with the FairFace dataset preprocessing. 

– Output Layer: The final dense classification layer was replaced with one containing 9 output 

units utilizing a softmax activation function. 

Table 2.5: Sequential architecture of the proposed hybrid CNN-Transformer model for emotion recognition. 

   

Layer Type Details 

Input Input Shape: (96, 96, 1) 

Conv2D Convolution Filters: 16, Kernel: 3x3 

BatchNormalization Normalization - 

Activation Activation ReLU 

Conv2D Convolution Filters: 16, Kernel: 3x3 

BatchNormalization Normalization - 

Activation Activation ReLU 

MaxPooling2D Pooling Pool Size: 2x2 

Dropout Regularization Rate: 0.3 

Conv2D Convolution Filters: 32, Kernel: 3x3 

BatchNormalization Normalization - 

Activation Activation ReLU 

Conv2D Convolution Filters: 32, Kernel: 3x3 

BatchNormalization Normalization - 

Activation Activation ReLU 

MaxPooling2D Pooling Pool Size: 2x2 

Dropout Regularization Rate: 0.3 

Conv2D Convolution Filters: 64, Kernel: 3x3 

BatchNormalization Normalization - 

Activation Activation ReLU 

Conv2D Convolution Filters: 64, Kernel: 3x3 

BatchNormalization Normalization - 

Activation Activation ReLU 

MaxPooling2D Pooling Pool Size: 2x2 

Dropout Regularization Rate: 0.3 

Conv2D Convolution Filters: 128, Kernel: 3x3 

BatchNormalization Normalization - 

Activation Activation ReLU 

Conv2D Convolution Filters: 128, Kernel: 3x3 

BatchNormalization Normalization - 

Activation Activation ReLU 

MaxPooling2D Pooling Pool Size: 2x2 

Dropout Regularization Rate: 0.3 

Conv2D Convolution Filters: 256, Kernel: 3x3 

Dropout Regularization Rate: 0.3 

Reshape Reshape 36 × 256 

Multi-Head Attention Attention 4 heads, key dim=64 
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Add Skip Connection Element-wise addition 

Flatten Flatten - 

Dense Dense Units: 128 

BatchNormalization Normalization - 

Activation Activation ReLU 

Dropout Regularization Rate: 0.5 

Dense Dense Units: 7, Activation: Softmax 

Table 2.6: CNN architecture with MobileNetV2 as the backbone 

   

Layer Type Details 

MobileNetV2 Pretrained model Principal layer 

Flatten Flatten Flatten the input 

Dense Dense 128 units, ReLU activation 

Dropout Dropout Dropout rate of 0.5 

Dense Dense 9 units with softmax activation 

Table 2.7: CNN architecture with Resnet50 as the backbone 

   

Layer Type Details 

Resnet 50 Pretrained model Principal layer 

Flatten Flatten Flatten the input 

Dense Dense 128 units, ReLU activation 

Dropout Dropout Dropout rate of 0.5 

Dense Dense 9 units with softmax activation 

To ensure consistency, all intermediate layers and their configurations were retained exactly as 

specified in Table 2.5. The resulting architectures occupy different positions along the accuracy–

efficiency spectrum, and their performance on the FairFace age classification task is evaluated in 

Section 3. 

2.3.3. Model architectures for gender recognition 

The same three core architectures evaluated for age recognition, MobileNetV2 [60], ResNet50 [46], 

and the proposed hybrid CNN-Transformer model (Table 2.5), were also employed for the binary 

gender classification task using the FairFace dataset. 

The setup for this task followed the same structure as the one used for age recognition. It used either 

the pre-trained backbones or the custom core architecture, processing 224x224 RGB input images. 

The only major difference was in the final classification layer: for all three architectures, it was 

replaced with a dense layer that had a single output unit and a sigmoid activation function. This output 

represented the probability of one class (e.g., female), with the probability of the other class (1 − 

output). 

This minimal adaptation allowed for a direct comparison of the architectures performance on the 

gender task, reusing the feature extraction capabilities developed for the age task or inherited from 

pre-training. Performance results for gender recognition are presented in Section 3. 

2.4. Training configuration 

All models were created in Python (v3.10.0) using the TensorFlow (v2.15.0) framework and the 

Keras API. The training procedure was mostly carried out on Google Colab, using freely available 

NVIDIA T4 GPU resources. 
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The Adam optimizer was employed for gradient descent, chosen for its efficiency and adaptive 

learning rate capabilities, using the default framework parameters (β1 = 0.9, β2 = 0.999). An initial 

learning rate of 0.001 was determined. To dynamically change the learning rate during training, a 

scheduler (’ReduceLROnPlateau’ Keras callback) monitored the validation loss; if no progress was 

seen for four consecutive epochs, the learning rate was half (by a factor of 0.5). 

In terms of loss functions, Categorical Cross-Entropy was utilized to classify multi-class emotions (7 

classes) and ages (9 classes). For the binary gender classification, Binary Cross-Entropy loss was 

utilized, corresponding to the model’s single sigmoid output unit. A consistent batch size of 64 was 

used across all training procedures. 

Training was set to run for a maximum of 100 epochs. However, to reduce overfitting and pick the 

best performing model iteration, early stopping (’EarlyStopping’ Keras callback) was used. This 

callback monitored the validation loss and halted the training process if no improvement was noticed 

after 10 consecutive epochs. Specifically, the model weights from the epoch with the lowest 

validation loss were automatically recovered and preserved as the final weights for each training 

model. 

2.5. Model optimization with TensorRT 

To improve inference performance for real-time deployment, the chosen model architecture was 

optimized using NVIDIA TensorRT [66]. The optimization technique was executed directly on the 

target Jetson Xavier NX platform, which was running JetPack 4.5 for proper hardware optimizations. 

The workflow involved two main stages. First, the TensorFlow-trained models were converted to 

ONNX format using the Python tool tf2onnx. This intermediate representation improves 

interoperability with the TensorRT optimization pipeline. 

Subsequently, the TensorRT command-line tool trtexec, included with JetPack 4.5, was utilized to 

build the optimized inference engine from the ONNX model file. Crucially, the optimization targeted 

FP16 precision by invoking trtexec with the –fp16 flag. This procedure uses FP16 capabilities to 

reduce latency and memory utilization without the need for a calibration dataset, performs several 

graph optimizations, and creates a serialized engine file that is specifically tailored for the Jetson 

Xavier NX’s GPU. The real-time experiment and all ensuing performance assessments were then 

conducted using this optimized file. 

2.6. Evaluation metrics 

To comprehensively evaluate the performance of the developed facial attribute recognition models, a 

combination of standard classification metrics and efficiency measures was employed. The choice of 

metrics aimed to provide insights into both overall predictive capability and specific model behaviors, 

particularly considering potential class imbalances in the datasets. 

2.6.1. Classification performance metrics 

The following metrics were computed, usually on a per-class basis when appropriate, and frequently 

aggregated, to assess the predicted performance on emotion, age group, and gender categorization 

tasks. 
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Accuracy: Defined as the overall percentage of correctly classified samples across all classes, 

presented as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
 

(2.1) 

While intuitive, accuracy can be misleading on imbalanced datasets, as a model might achieve high 

accuracy by simply predicting the majority class well while performing poorly on minority classes. 

Therefore, it was primarily used as a general indicator alongside other metrics. 

Precision: Measures the proportion of correctly predicted positive instances among all instances 

predicted as positive for a specific class C. This calculation relies on counts of True Positives ( 𝑇𝑃𝐶, 

correctly predicted as C), False Positives (𝐹𝑃𝐶 , incorrectly predicted as C), and False Negatives (𝐹𝑁𝐶, 

incorrectly predicted as not C when they are C). Precision is calculated as follows: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝐶 =
𝑇𝑃𝐶

𝑇𝑃𝐶 + 𝐹𝑃𝐶
 

 (2.2) 

High precision for a class indicates that when the model predicts that class, it is likely correct. It is 

important for minimizing false alarms (e.g., incorrectly identifying a neutral face as angry). Precision 

analysis helps identify specific classes where the model generates many incorrect positive predictions. 

Recall: Measures the proportion of actual positive instances that were correctly identified by the 

model for a specific class C as follows: 

𝑅𝑒𝑐𝑎𝑙𝑙𝐶 =
𝑇𝑃𝐶

𝑇𝑃𝐶 + 𝐹𝑁𝐶
 

 (2.3) 

High recall for a class indicates that the model successfully identifies most instances belonging to 

that class. It is crucial for minimizing missed detections (e.g., failing to detect an important emotion 

like fear or sadness, or misclassify an older adult into a much younger category). 

F1-Score: The harmonic meaning of Precision and Recall for a specific class C, providing a single 

score that balances both metrics and is defined as follows: 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒𝐶 =
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝐶 ∙ 𝑅𝑒𝑐𝑎𝑙𝑙𝐶

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝐶 + 𝑅𝑒𝑐𝑎𝑙𝑙𝐶
 

 (2.4) 

The F1-score is particularly useful for evaluating performance on imbalanced datasets (as 

encountered in emotion and age tasks) because it penalizes models that achieve high precision at the 

cost of recall, or vice versa. Often, the macro-average F1-score (unweighted average across all 

classes) is reported to give equal importance to each class, regardless of its size. 

Confusion Matrix: A figure that visualizes the performance of a classification model by 

summarizing the counts of actual versus predicted classes. The diagonal elements represent correct 

classifications, while off-diagonal elements represent misclassifications. Analyzing the confusion 

matrix is essential for understanding how the model errors. Specifically, which classes are most 

frequently confused with each other (e.g., fear mistaken for surprise, or adjacent age groups being 

confused). This provides deep insights into model behavior beyond single aggregated scores. 

2.6.2. Classification performance metrics 

Given the target deployment on the resource-constrained Jetson Xavier NX platform for real-time 

HRI, evaluating computational efficiency was critical. The following metrics were measured directly 

on the target hardware. 

Inference Time (Latency): The average time, usually expressed in milliseconds (ms), needed for the 

model to process one input image and provide an output prediction (using a batch size of one for this 
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measurement). Low latency is critical for responsive engagement. Measurements were averaged over 

many inferences runs after an initial warm-up phase to achieve consistent timings. 

Frames Per Second (FPS): Calculated as the reciprocal of the total processing time per frame: 

𝐹𝑃𝑆 =
1

𝐼𝑛𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑇𝑖𝑚𝑒
 

 (2.5) 

FPS represents the throughput of the system, indicating how many video frames can be processed 

each second. Higher FPS is essential for smooth real-time video processing. 

Model Size: The storage space occupied by the models measured in Megabytes (MB). Smaller 

models are preferable for deployment of devices with limited storage capacity. 

These complementary sets of metrics provide a holistic view of model performance, balancing 

predictive accuracy across potentially imbalanced classes with the practical computational constraints 

of the target edge deployment scenario. 

2.7.Real-Time experiment design 

To assess the practical performance and robustness of the final optimized model under more realistic, 

dynamic conditions, a real-time experiment involving human participants was designed and 

conducted. The primary focus was to evaluate the system’s accuracy, particularly for emotion 

recognition, under varying head poses generated naturally by participants while interacting with the 

system running live on the target hardware. 

2.7.1. Participants 

A total of 36 volunteers participated in the experiment. Prior to the session, each participant’s self-

reported age group (mapped to the 9 FairFace categories) and gender were recorded to serve as ground 

truth for those tasks. The resulting age and gender distributions of the participant group are shown in 

Figure 2.4 and Figure 2.5, respectively. 

It is important to note that this convenience sample exhibits a significant age imbalance, with 30 

participants falling within the 20–29 age group, and a gender imbalance, with only 7 female 

participants. These imbalances limit the generalization of age and gender recognition results. 

However, the dataset still gives useful information about emotion recognition over a wide range of 

people in the sample. Furthermore, the presence of such an imbalance emphasizes the need of 

selecting proper evaluation metrics. 

 

Fig. 2.4. Experiment age distribution. 
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Fig. 2.5. Experiment gender distribution. 

2.7.2. Experimental setup 

The experiment took place in a typical indoor room environment with natural illumination conditions, 

meaning lighting varied depending on the time of day and weather, deliberately avoiding controlled 

studio lighting. Participants sat about a meter in front of the Logitech C270 HD webcam, which was 

mounted on the top of a computer screen. The system captured video frames at a resolution of 720, 

although the effective frame rate processed by the system during the experiment fluctuated between 

12-15 FPS due to the computational load on the NVIDIA Jetson Xavier NX platform, which ran the 

entire perception pipeline in real-time. Camera calibration, according to the principles on [68] was 

performed beforehand primarily to ensure a consistent geometric setup. Finally, the full code in 

python for the experiment is shown in the Appendices Section. 

2.7.3. Procedure 

Each participant was guided by the experimenter through the following procedure for each of the 7 

target emotions (Happiness, Sadness, Anger, Surprise, Fear, Disgust, Neutral): 

1. Emotion Prompt: The experimenter verbally told the individual which emotion to fake next. This 

triggered feeling was used as the ground truth label for emotion recognition. 

2. Simulation and Head Movements: The participant was asked to replicate the prompted facial 

expression while making continuous, natural head movements in various orientations: 

– Side-to-side rotation (yaw, approximately center-left-center-right). 

– Up-and-down tilting (pitch, approximately center-up-center-down). 

Participants were encouraged to maintain the expression throughout the movements for each emotion 

trial. 

3. Duration: Each emotion trial lasted approximately 7-15 seconds to capture various poses. 

2.7.4. Real-Time system and data logging 

The custom application on the Jetson Xavier NX executed the following real-time pipeline for each 

incoming frame (running at 12-15 FPS): 

1. Video Capture: Frame acquisition from the camera. 
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2. Face Detection: The principal face was recognized by Dlib’s HOG feature-based face detector. If 

no face was reliably detected, the frame was skipped. 

3. Preprocessing: The detected facial region was cropped and preprocessed as described in Section 

2.2. 

4. Inference: The optimized models were fed the preprocessed face in order to estimate gender, age 

group, and emotion. To gather real-world performance data, the inference time for each frame 

processing was tracked during each session. 

5. Error Logging: A crucial aspect of the system was logging instances where predictions 

potentially diverged from the ground truth. Specifically, when the predicted emotion, age, or gender 

did not match the prompted label, the system automatically saved the corresponding image, the 

incorrect prediction, and the timestamp for later analysis. 

2.7.5. Post-Processing for pose analysis. 

To analyze the impact of head orientation on prediction accuracy, a post-processing step was 

performed on the logged error frames: 

1. Facial Landmark Detection: Dlib’s facial landmark predictor [69] was used to detect key points 

on the saved face images. 

2. Head Pose Estimation: Based on these landmarks, the approximate head pose (specifically, 

horizontal orientation: left, center, right; and vertical orientation: up, center, down) was estimated for 

each error frame with explicit geometric relationships with the landmarks [70]. 

3. Image Quality Analysis: For each logged image, additional visual quality metrics were saved, 

including illumination, contrast, and blur level. These features help provide deeper insights into how 

image conditions may affect prediction accuracy. 

4. Manual Verification: The automatically estimated pose labels for the error frames were manually 

reviewed and corrected where necessary to ensure accuracy for the subsequent failure analysis. 

This combined real-time logging and post-processing methodology provided the necessary data to 

evaluate not only the overall performance but also the specific conditions under which the optimized 

system failed during the experiment. 

2.8. Evaluation protocol 

An evaluation process was developed to systematically examine the performance of the implemented 

architectures across all three tasks (emotion, age, and gender detection) and select the best candidate 

for optimization and real-time deployment. The evaluation method consisted of the following main 

steps: 

Step 1: Baseline Performance Evaluation (Before Optimization): First, all implemented 

architectures, after being trained on their respective primary datasets (FER2013 for emotion, FairFace 

for age/gender) as described in Section 2.4, were evaluated in their original, unoptimized state. This 

baseline evaluation included: 

– Validation Set Performance: Performance was assessed using accuracy and loss curves on 

the validation split of the main training datasets (FER2013 PublicTest set and FairFace 

validation set). These curves help evaluate how well the model generalized during training. 

Up-and-down tilting (pitch, approximately center-up-center-down). 

– Generalization Set Performance: Evaluating performance using the full suite of 

classification metrics defined in Section 2.6 on the independent generalization datasets (CK+ 
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for emotion, UTKFace for age/gender). This step measured the models’ ability to generalize 

data with different characteristics. 

– Computational Efficiency on Target Hardware: Measuring the baseline computational 

performance of each unoptimized model directly on the NVIDIA Jetson Xavier NX platform. 

Step 2: Model Selection for Optimization: Based on the results of Step 1, a thorough examination 

of both classification performance (especially on the generalization datasets) and baseline processing 

efficiency (latency/FPS on Jetson) was carried out. The architecture demonstrating the most 

promising overall balance between predictive accuracy and suitability for real-time edge deployment 

across the tasks was selected for further optimization using TensorRT.  

Step 3: Post-Optimization Performance Evaluation: The selected models were optimized using 

the TensorRT FP16 quantization procedure described in Section 2.5. Following optimization, the 

evaluation process from Step 1 was repeated for the optimized model(s): 

– Re-evaluation of Classification Performance: Performance on the generalization datasets 

was re-assessed using the same classification metrics to quantify any potential impact 

(positive or negative) of FP16 optimization on accuracy, precision, recall and f1-score. 

– Re-evaluation of Computational Efficiency: Inference time, FPS, and model size were 

remeasured on the Jetson Xavier NX for the optimized TensorRT engine. These results were 

compared against the baseline measurements to quantify the speedup and size reduction 

achieved through optimization. 

Step 4: Real-Time Experimental Evaluation: Finally, the selected and most effective optimized 

models were eventually deployed in the real-time experiment with human participants, as stated in 

Section 2.7. This final step was designed to test the system’s practical performance and robustness in 

a dynamic, interactive environment that resembles real-world settings. 

This structured protocol allowed for a systematic comparison of architectures, quantification of 

optimization benefits, and validation under increasingly realistic conditions, leading to the results and 

analysis presented in Section 3. 
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3. Results 

This section presents the performance metrics on the validation datasets for all trained models, 

followed by their results on the generalization datasets along with computational metrics. It then 

details the models selected for optimization, presents the post-optimization performance and 

computational metrics, and concludes with the final experimental results. 

3.1. Model performance on validation datasets (Before optimization) 

3.1.1. Emotion models 

For the emotion models, the one proposed by Seringel et al, [2], in the original paper does not provide 

information on the training loss or accuracy curves; it only reports an overall accuracy of 57.4% for 

the emotion recognition task. 

In contrast, for the InceptionV3 architecture, detailed training and validation performance are 

available. The following figure illustrates the progression of accuracy and loss across epochs, as 

shown in Figure 3.1. 

 

Fig. 3.1. Training and validation performance for the InceptionV3 model on the FER2013 dataset. 

The training accuracy improved steadily across the epochs, reaching over 53%, but the validation 

accuracy plateaued at roughly 42% after the 10th epoch. This early stabilization of validation 

accuracy, in contrast to the ongoing improvement in training accuracy, indicated overfitting. 

Similarly, the training loss reduced gradually during the training phase, however the validation loss 

exhibited little progress after the first few epochs, oscillating slightly around 1.52. This behavior 

suggested that the model had reached a plateau, implying that learning parameters were no longer 

contributing to generalization. 

Continuing with the ResNet architecture, Figure 3.2 shows the progression of accuracy and loss 

across epochs during the training process. The curves provide insight into the model’s learning 

dynamics. 
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Fig. 3.2. Training and validation performance for the ResNet50 model on the FER2013 dataset. 

The training accuracy showed a rapid improvement over the epochs, while the validation accuracy 

increased at a slower rate, reaching approximately 53% and 41%, respectively. In contrast, the 

training loss decreased steadily to around 1.35; however, the validation loss began to increase after 

epoch 15, reaching up to 1.65, which suggested clear signs of overfitting. 

Based on the architecture suggested by Priyadarshini et al., Figure 3.3 depicts the growth of accuracy 

and loss over epochs during training. These curves provide crucial information about the model’s 

learning processes. 

 

Fig. 3.3. Training and validation performance for the model in [1] on the FER2013 dataset. 

In general, this model exhibits better learning dynamics compared to the other architectures. Training 

accuracy improved across epochs and stabilized at around 69%. Similarly, the validation accuracy 

improved significantly and stabilized early, at epoch 43, reaching roughly 65 percent. On the other 

hand, the training loss steadily decreased to around 0.9; however, the validation loss reached a plateau 

near epoch 43 at approximately 1.1, suggesting that the model had stopped learning features that 

contributed meaningfully to generalization. 
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Finally, the training dynamics of the model designed for this thesis are presented in Figure 3.4. 

 

Fig. 3.4. Training and validation performance for the Hybrid CNN on the FER2013 dataset. 

The training dynamics are like those shown in Figure 3.3, but here, the training accuracy stabilized 

around 74%, and the validation accuracy reached 67% around epoch 60. Meanwhile, the loss 

remained stable at 0.85, with the validation loss around 1.1, indicating that more training did not 

result in significant increases in generalization. 

The Table 3.1 presents a summary of the best validation accuracy and the loss for the trained models 

is presented. 

Table 3.1: Summary of best validation performance for emotion recognition models on the FER2013 

validation set. 

    

Model Architecture Best Validation 

Accuracy (%) 

Lowest Validation 

Loss 

Epoch 

(Approx.) 

Seringel et al. [2] 57.4 N/A N/A 

InceptionV3 42.1 1.52 16 

ResNet50 41 1.52 11 

Priyadarshini V et al. [1] 65 1.1 90 

Proposed Hybrid CNN-Transformer 67 1.1 61 

3.1.2. Age models 

The Figure 3.5 shows the training dynamic for the age model on the MobileNetV2 architecture. 

The training and validation accuracies exhibited a similar pattern, initially increasing and then 

attempting to stabilize. The validation accuracy reached approximately 42%, while the training 

accuracy stabilized around 41.5%. In terms of losses, 1.45 was the convergence point for both training 

and validation losses. The curves leveling out suggests that the model is no longer learning efficiently. 
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Fig. 3.5. Training and validation performance for MobileNetV2 on the age Fairface dataset. 

Building on the ResNet model, the training curves are presented in Figure 3.6. 

 

Fig. 3.6. Training and validation performance for the ResNet50 on the age Fairface dataset. 

In this case, ResNet learns very quickly, reaching nearly 90% training accuracy by epoch 10. 

However, the validation accuracy stagnates at approximately 54% as early as epoch 1. Additionally, 

the training loss decreases rapidly, approaching zero by epoch 10, while the validation loss reaches 

its minimum of 1.1 at epoch 1 and begins to increase thereafter, eventually reaching 2.2 by epoch 10. 

This divergence between the training and validation curves indicates a clear and rapid overfitting 

pattern. While the best validation performance was achieved early on, the subsequent overfitting 

suggests that, for age recognition on this dataset, this architecture might benefit from adjustments to 

hyperparameters, such as a lower initial learning rate or stronger regularization. 

For the Hybrid CNN-Transformer model, Figure 3.7 illustrates the training dynamics. 
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Fig. 3.7. Training and validation performance for the Hybrid CNN-Transformer on the age Fairface dataset. 

For the accuracy curves, both the training and validation accuracy increase at the same rate until 

epoch 60, where the training accuracy continues to grow, reaching 59%, while the validation accuracy 

stabilizes at 57%. Similarly, both losses reduce steadily until epoch 60, when the validation loss 

plateaus at 1.08 and the training loss continues to fall, reaching around 1.02. 

The Table 3.2 presents a summary of the best validation accuracy and the loss for the trained models 

is presented. 

Table 3.2: Summary of best validation performance for age recognition models on the FairFace validation set. 

    

Model Architecture Best Validation 

Accuracy (%) 

Lowest Validation 

Loss 

Epoch 

(Approx.) 

MobileNetV2 41.5 1.45 30 

ResNet50 54 1.1 1 

Proposed Hybrid CNN-Transformer 57 1.09 70 

3.1.3. Gender models 

Figure 3.8 illustrates the training dynamics for the gender classification model using MobileNetV2 

architecture. 

The training accuracy increases steadily, reaching a maximum of 78%. Meanwhile, the validation 

accuracy takes approximately 15 epochs to begin improving, after which it rises slightly and stabilizes 

around 77%. On the other hand, the training and validation loss curves behave similarly, falling 

regularly and stabilizing around epoch 25, with values of 0.46 for the training loss and 0.47 for the 

validation loss. This plateau indicates that the model has ceased learning features that help with 

further generalization. 

Figure 3.9 displays the training and validation curves for both accuracy and loss of the ResNet50 

based model. 
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Fig. 3.8. Training and validation performance for the MobileNetV2 on the gender Fairface dataset. 

 

Fig. 3.9. Training and validation performance for the ResNet50 on the gender Fairface dataset. 

For the ResNet model, the training accuracy increases progressively but stabilizes after epoch 25 at 

around 67%. In contrast, the validation accuracy demonstrates a more erratic trend, with low values 

up to epoch 10, before beginning to increase and stabilizing around 69% from epoch 25 forward. On 

the other hand, the loss curves converge to approximately 0.6. However, the validation loss initially 

shows high peaks, reaching up to 2.3, but then progressively decreases and stabilizes after epoch 15. 

This convergence suggests that the model has stopped learning features that enhance generalization. 

Figure 3.10 presents the training behavior of the Hybrid CNN-Transformer model. 

Before stabilizing at about 93% and 92.5%, respectively, the training and validation accuracy curves 

show a similar upward trend until epoch 45, when the training accuracy increases a little more. 

Similarly, the loss curves reduce gradually until epoch 50, at which point the training loss continues 

to drop somewhat, reaching about 0.22, while the validation loss levels out at about 0.24. 
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The Table 3.3 provides a summary of the best validation accuracy and corresponding loss achieved 

by the trained models for gender recognition. 

 

Fig. 3.10. Training and validation performance for the Hybrid CNN-Transformer on the gender Fairface 

dataset. 

Table 3.3: Summary of best validation performance for gender recognition models on the FairFace validation 

set. 

    

Model Architecture Best Validation 

Accuracy (%) 

Lowest Validation 

Loss 

Epoch 

(Approx.) 

MobileNetV2 77 0.47 27 

ResNet50 69 0.6 26 

Proposed Hybrid CNN-Transformer 92.5 0.24 50 

3.2.Model performance on generalization datasets (Before optimization) 

3.2.1. Emotions 

Table 3.4 summarizes the overall evaluation metrics along with the F1 scores for each of the seven 

emotion classes. 

Given the large class imbalance already seen in the CK+ dataset, the macro-average F1-score gives a 

more reliable assessment of overall model performance than accuracy alone. As shown in Table 3.4, 

the proposed Hybrid CNN-Transformer model demonstrates superior performance in this regard, 

achieving the highest macro-average F1 score 0.68. It also leads in macro-average precision 0.70 and 

recall 0.69, alongside attaining the best overall accuracy 0.87. These findings imply that the Hybrid 

model has the best generalization ability across all emotion classes, including those with less samples. 

Table 3.4: Performance comparison of emotion recognition models. 

Model Architecture Overall Class-wise F1 Scores 

Acc Prec Rec F1 Ang. Disg. Fear Hap. Sad Surp. Neut. 

Seringel et al. [2] 0.70 0.56 0.52 0.48 0.14 0.26 0.17 0.86 0.18 0.89 0.84 

InceptionV3 0.82 0.61 0.54 0.55 0.21 0.57 0.09 0.98 0.30 0.75 0.92 

ResNet50 0.81 0.55 0.50 0.49 0.06 0.12 0.15 0.92 0.38 0.89 0.91 
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Priyadarshini et al. [1] 0.78 0.61 0.61 0.58 0.33 0.48 0.32 0.92 0.18 0.96 0.84 

Proposed Hybrid 0.87 0.70 0.69 0.68 0.39 0.62 0.41 0.95 0.49 0.95 0.95 

Note: Acc = Accuracy, Prec = Precision, Rec = Recall, F1 = F1-Score. Class abbreviations: Ang. = Anger, Disg. = Disgust, 

Hap. = Happy, Surp. = Surprise, Neut. = Neutral. 

Notably, the proposed Hybrid model further demonstrates its advantage by achieving respectable F1 

scores even in challenging minority classes like Anger 0.39, Disgust 0.62, Fear 0.41, and Sadness 

0.49.This contrasts sharply with the baseline model from Seringel et al.[2] (0.48 macro F1), which 

struggles significantly across most non-majority classes (e.g., achieving only 0.14 F1 for Anger, 0.17 

for Fear, and 0.18 for Sadness). While the lightweight model by Priyadarshini et al.[1] offers 

improved balance with 0.58 macro F1 compared to the baseline and performs well on Surprise 0.96 

F1, it still lags behind the Hybrid model, particularly in recognizing Sadness where it scores only 0.18 

compared to the Hybrid’s 0.49. 

In contrast to the more balanced performance of the Hybrid model, the transfer learning models based 

on deeper architectures, InceptionV3 and ResNet50, exhibit highly uneven performance across 

different emotion classes, despite their respectable overall accuracy scores 0.82 and 0.81, 

respectively. As highlighted in Table 3.4, InceptionV3 achieves near perfect recognition of Happiness 

0.98 F1 but almost entirely fails to identify Fear 0.09 F1. Similarly, ResNet50 performs well on 

Happiness 0.92 F1 yet struggles significantly with Anger 0.06 F1 and Disgust 0.12 F1. These 

discrepancies underscore their limited ability to generalize effectively to the less frequent emotion 

categories within the CK+ dataset, favoring the majority classes instead. 

Overall, the proposed Hybrid CNN-Transformer model emerges as the most robust and consistent 

solution, leading in all evaluation metrics and providing a more balanced performance in the presence 

of class imbalance. 

Although Table 3.4’s aggregated metrics offer a useful summary, examining confusion matrices gives 

more detail on the particular mistake patterns and class confusions for each model. To illustrate these 

patterns without excessive repetition, the following analysis focuses on the confusion matrices for 

three representative architectures: InceptionV3 (as a strong transfer learning baseline), the lightweight 

model by Priyadarshini et al. [1] (representing custom efficient designs), and the top-performing 

proposed Hybrid model. The following section begins with an analysis of InceptionV3’s confusion 

matrix. 

The analysis of the InceptionV3 confusion matrix in Figure 3.11 supports the uneven performance 

seen in Table 3.4. The model performs very well in recognizing Happy faces, which matches its high 

F1 score of 0.98. However, it demonstrates significant shortcomings in distinguishing other emotions. 

Fear, for example, is recognized correctly only twice and is frequently confused with Sad or Neutral, 

resulting in an extremely low F1 score of 0.09. There is also a high level of ambiguity between Disgust 

and Anger, with 19 Disgust samples predicted as Anger. A similar, albeit minor, issue arises when 

Sad is misclassified as Neutral. These patterns suggest that, despite its complex architecture, 

InceptionV3 has trouble telling apart emotions that look similar or that are less represented in the 

CK+ dataset. 

Turning to the confusion matrix for the lightweight model by Priyadarshini et al. [1] in Figure 3.12, 

we can see some of the same confusion patterns as in InceptionV3, but also clear improvements. This 

model shows better recognition for Fear, with an F1 score of 0.32, and Anger, with an F1 score of 

0.33. It also maintains strong performance on Surprise, with an F1 of 0.96, which matches the results 

shown in Table 3.4. However, there are still challenges. Disgust is often misclassified as Anger, 

though this happens a bit less than with InceptionV3. Some Sad samples are also confused with 
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Neutral. In addition, because there are so many Neutral samples in the dataset, other emotions are 

sometimes wrongly predicted as Neutral. This shows how the class imbalance continues to affect the 

model’s performance. 

 

Fig. 3.11. Confusion Matrix for Inception V3 on CK+ dataset. 

Finally, the confusion matrix for the proposed Hybrid CNN-Transformer model in Figure 3.13 

visually confirms its superior overall performance. Particularly for difficult emotions like anger, 

disgust, fear, and sadness, the accurate classifications along the diagonal are typically more prominent 

than in the prior matrices (Figures 3.11 and 3.12), suggesting fewer misclassifications. While some 

residual confusion remains, particularly between Disgust and Anger, the overall pattern clearly shows 

a more balanced and accurate recognition across all emotion classes, reinforcing its stronger 

generalization capability on the CK+ dataset. 

The evaluation on the CK+ generalization dataset, which achieved the greatest overall metrics and 

showed the most balanced recognition across the seven emotion classes, concluded that the suggested 

Hybrid CNN-Transformer was the best design. Persistent, task-inherent challenges were nevertheless 

exposed by examination of the confusion matrices. Common error patterns included significant con- 

fusion between Disgust and Anger, difficulties distinguishing Sad from Neutral, and generally poor 

recognition rates for the underrepresented Fear category across most architectures. 

3.2.2. Age 

Table 3.5 summarizes the overall evaluation metrics along with the F1 scores for each of the nine age 

group classes. 

Given the class imbalance in the UTK Face dataset, the macro-average F1-score is a better indicator 

of model performance for age recognition than overall accuracy. As shown in Table 3.5, the ResNet50 

architecture achieved the best overall results, with an accuracy of 0.54 and a macro-average F1-score 

of 0.50. It performed especially well on the youngest age groups (’0–2’: 0.86, ’3–9’: 0.66) and the 

most represented ’20–29’ category, where it achieved an F1 score of 0.71. However, its performance 
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dropped in the remaining age groups, with F1 scores generally below 0.50. Despite this, it consistently 

outperformed the other models across almost all age brackets. 

 

Fig. 3.12. Confusion Matrix for Model in [1] on CK+ dataset. 

 

Fig. 3.13. Confusion Matrix for Hybrid CNN-Transformer on CK+ dataset. 
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Table 3.5: Performance comparison of age recognition models. 

Model 
Architecture 

Overall Class-wise F1 Scores 

Acc Prec Rec F1 0-2     3-9   10-19  20-29   30-39   40-49 50-59 60-69 70+ 

MobileNetV2 0.39 0.42 0.27 0.26 0.23 0.38 0.03 0.58 0.26 0.11 0.25 0.22 0.31 

ResNet50 0.54 0.56 0.49 0.50 0.86 0.66 0.41 0.71 0.34 0.32 0.39 0.35 0.48 

Proposed Hybrid 0.49 0.50 0.40 0.41 0.79 0.65 0.31 0.66 0.34 0.24 0.28 0.10 0.29 

Note: Acc = Accuracy, Prec = Precision, Rec = Recall, F1 = F1-Score. 

The proposed Hybrid model ranked second, with an accuracy of 0.49 and a macro-average F1-score 

of 0.41. It matched ResNet50 in the ’30–39’ category (F1 of 0.34) but showed lower F1 scores in 

most other age groups. MobileNetV2 yielded the lowest performance, with an accuracy of 0.39 and 

a macro-average F1-score of 0.26. It struggled in practically every age category, particularly ’10-19’, 

where it scored only 0.03 F1. 

These results emphasize the difficulty of the 9-class age recognition task on the UTK Face dataset. 

Accurate predictions were mainly limited to the youngest age groups and the dominant ’20–29’ 

category. A deeper look into specific misclassification trends will be provided through the analysis 

of confusion matrices. 

Analyzing the confusion matrix for the top-performing ResNet50 model (Figure 3.14) reveals 

complex error patterns beyond the overall metrics in Table 3.5. While performance is high in the ’0-

2’ and ’20-29’ groups, major issues exist elsewhere. The predominant pattern seen is a systemic bias 

toward underestimating age for most groups older than ’3-9’. This is vividly visible for the ’10-19’, 

’30-39’, and ’40-49’ brackets; huge numbers of these individuals (53%, 54%, and 21% 

correspondingly) are misclassified into the dominating, younger ’20-29’ category, possibly due to 

dataset imbalance. For individuals aged ’50-59’ and older, this under-estimation bias persists but 

typically manifests as misclassification into the immediately preceding (younger adjacent) age group 

(e.g., 48% of ’70+’ are predicted as ’60-69’). While errors into the adjacent older group also occur, 

they are generally less frequent than errors predicting a younger age, especially for those above 30. 

This suggests that after reaching young adulthood, the model has difficulty distinguishing between 

consecutive age groups and frequently tends to a younger classification. 

The confusion matrix for the proposed Hybrid model in Figure 3.15) confirms its second place 

ranking in the Table 3.5 and, crucially, exhibits the same dominant pattern of age under-estimation 

bias described for ResNet50. It also struggles to discern older successive age groups and tends to 

misclassify people into younger brackets, such as the ’20-29’ category. Examining Recall, the Hybrid 

model scored slightly greater Recall particularly for the ’3-9’ age group (0.76) than ResNet50 (0.63), 

albeit this localized improvement had no meaningful effect on its overall F1-score relative to 

ResNet50 for that class. 

Finally, the confusion matrix for MobileNetV2 in Figure 3.16, reflecting its lower overall 

performance, also displays the same pronounced under-estimation bias. Errors heavily favor 

predicting individuals as younger than their true age group, consistent with the patterns observed in 

the other, better-performing architectures. This reinforces that the under-estimation tendency is a 

pervasive challenge across models for this task on the UTK Face dataset. 
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Fig. 3.14. Confusion Matrix for ResNet50 on UTK Face dataset. 

 

 

Fig. 3.15. Confusion Matrix for Hybrid CNN-Transformer on UTK Face dataset. 

In summary, although ResNet50 delivered the strongest results, the confusion-matrix review for every 

model highlight just how challenging nine-class age estimation can be. All three architectures showed 

a clear tendency to underestimate age, especially for participants older than the youngest groups. 

Misclassifications were most typically placed in the next lower age bracket, and ages close to the 

dataset’s modal 20-29 range were frequently assigned to that dominant category. This pattern 

underscores the inherent difficulty of discerning the subtle visual differences that separate adjacent, 

and particularly older, age groups. 
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Fig. 3.16. Confusion Matrix for MobileNetv2 on UTK Face dataset. 

3.2.3. Gender 

Table 3.6 shows how each model fared on the UTK Face dataset’s binary gender classification task. 

Because this dataset is fairly balanced between male and female samples, unlike the emotion and age 

tasks, overall accuracy becomes especially informative, complemented by precision, recall, and F1-

score. 

Table 3.6: Performance comparison of gender recognition models. 

Model Overall Class-wise F1 

Acc Prec Rec F1 Male Female 

MobileNetV2 0.82 0.82 0.82 0.82 0.83 0.82 

ResNet50 0.76 0.76 0.76 0.76 0.77 0.76 

Proposed Hybrid 0.91 0.91 0.90 0.90 0.91 0.90 

Note: Acc = Accuracy, Prec = Precision, Rec = Recall, F1 = F1-Score. 

The proposed Hybrid CNN–Transformer model delivered the strongest overall performance, reaching 

an accuracy of 0.91 and precision, recall, and F1-scores of 0.90. It maintained an excellent balance 

between classes, with F1-scores of 0.91 for males and 0.90 for females. MobileNetV2 followed in 

second place, with all metrics hovering around 0.82. ResNet50 ranked third, with steady but lower 

scores of around 0.76 across the board. 

The consistent alignment of accuracy, precision, recall, and F1-score across all used models 

emphasizes the balanced nature of the dataset for this particular task. While each architecture 

achieved commendable results, the proposed Hybrid model stood out with its notably superior and 

consistently reliable performance in gender classification. To visually support its high accuracy and 

balanced recognition, the confusion matrix for the Hybrid model is shown in Figure 3.17, revealing 

only a slight tendency to misclassify females as males more often than the reverse. Given the clear 

performance differences shown in Table 3.6 and considering the straightforward nature of this binary 

task compared to emotion and age recognition, confusion matrices for the other models are omitted 

for brevity. 
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Fig. 3.17. Confusion Matrix for Hybrid CNN-Transformer on UTK Face dataset. 

3.3.Computational performance on generalization datasets (Before optimization) 

3.3.1. Emotions 

Table 3.7 presents the inference times, FPS, and model sizes of various architectures in the emotion 

recognition task. As shown, the implementation by Seringel et al. [2] was the most computationally 

efficient, requiring only 34.70 ms per inference (equivalent to 28.81 FPS). While its model size is not 

reported here as the specific model file was not directly accessed, the low latency suggests a relatively 

compact design. 

With a remarkably small footprint of only 4.3 MB and an inference time of 67 ms, Priyadarshini et 

al.’s [1] approach is the second most efficient model. The proposed Hybrid CNN-Transformer 

follows, with competitive performance at 129.3 ms (7.7 FPS) and a small size of 7.8 MB. 

In contrast, standard transfer learning architectures show significantly higher computational 

demands: InceptionV3 requires 255.1 ms per inference, and ResNet50 slows to 776.3 ms (just 1.29 

FPS). These models also exhibit substantially larger memory requirements, at 253.3 MB and 282.5 

MB respectively. 

Table 3.7: Comparison of inference performance and model size for emotion recognition models 

Model Architecture Inference 

time(ms) 

FPS Size (MB) 

Seringel et al. [2] 34.70 28.81 N/A 

InceptionV3 255.1 3.920 253.3 

ResNet50 776.3 1.288 282.5 

Priyadarshini et al. [1] 67.00 14.93 4.300 

Proposed Hybrid 129.3 7.730 7.800 

Overall, these baseline results clearly show that the models specifically designed or adapted for 

lightweight deployment (Seringel et al., Priyadarshini et al., Proposed Hybrid) indeed have sizes 

under 10 MB and achieve considerably faster inference times compared to the larger, standard pre- 

trained architectures like InceptionV3 and ResNet50 on the target hardware. 
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3.3.2. Age 

The baseline computational performance for the architectures evaluated on the age recognition task 

is presented in Table 3.8. These measurements were carried out on the NVIDIA Jetson Xavier NX 

before optimization. As previously stated, MobileNetV2 achieved the maximum efficiency for this 

work, using only 63.8 ms per inference (15.67 FPS) and taking up only 9.1 MB of storage. The 

proposed Hybrid CNN-Transformer ranked second in terms of speed, with an inference time of 114.9 

ms (8.70 FPS), although its model size was larger at 28.5 MB. ResNet50 exhibited the lowest 

computational performance, with the longest inference time at 470.5 ms (2.12 FPS) and the largest 

model size at 90.9 MB. 

Table 3.8: Comparison of inference performance and model size for age recognition models 

Model Architecture Inference 

time(ms) 

FPS Size (MB) 

MobileNetV2 63.8 15.67 9.1 

ResNet50 470.5 2.12 90.9 

Proposed Hybrid 114.9 8.7 28.5 

3.3.3. Gender 

Turning to the gender recognition task, the baseline computational performance of the evaluated 

architectures on the NVIDIA Jetson Xavier NX is detailed in Table 3.9. Leading the pack in efficiency 

was MobileNetV2, achieving the quickest inference time at 62.5 ms (equivalent to 15.97 FPS). It also 

maintained the smallest memory footprint at 9.1 MB. The proposed Hybrid architecture followed, 

requiring 110.9 ms per inference (9.02 FPS); while noticeably faster than ResNet50, it occupied 28.5 

MB, similar to its configuration for the age task. In contrast, ResNet50 remained the least efficient 

option for gender recognition, with an inference time of 471.4 ms (2.12 FPS) and the highest storage 

requirement at 90.6 MB. The models’ relative performance rankings are like those achieved for the 

age task, with only minor variations in individual timings. 

Table 3.9: Comparison of inference performance and model size for gender recognition models 

Model Architecture Inference 

time(ms) 

FPS Size (MB) 

MobileNetV2 62.5 15.97 9.1 

ResNet50 471.4 2.12 90.6 

Proposed Hybrid 110.9 9.02 28.5 

3.4.Model selection for optimization 

The Hybrid CNN-Transformer architecture was chosen for TensorRT optimization because it 

provided the optimal trade-off between all three tasks, combining strong predictive accuracy (Section 

3.2) with solid baseline efficiency on the Jetson Xavier NX (Section 3.3). This architecture offered 

the most suitable trade-off, making it the primary candidate for developing an optimized, real-time 

perception system. 

The emotion recognition task had a fairly straightforward selection procedure. The Hybrid model had 

the highest generalization accuracy and F1-scores (Table 3.4) while maintaining a moderate baseline 
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computational cost compared to other high-performing alternatives (Table 3.7), making it the best 

choice for optimization. 

In the case of age estimation, although the Hybrid model slightly underperformed ResNet50 in terms 

of F1-score (Table 3.5), it was significantly more efficient computationally at baseline (Table 3.8). 

Attempting to optimize the much slower ResNet50 to meet real-time inference constraints might 

necessitate aggressive optimization techniques (e.g., severe quantization, pruning) which could 

potentially degrade its accuracy substantially. Therefore, the Hybrid model represented a more 

practical starting point for achieving acceptable accuracy within feasible time limits post 

optimization. 

Finally, for the gender recognition task, the choice was also clear. With emotion recognition, the 

Hybrid CNN-Transformer achieved the best evaluation metrics (Table 3.6) and maintained a 

favorable position regarding baseline inference time and model size compared to the alternatives 

(Table 3.9). 

3.5. Optimized model 

3.5.1. Emotion 

Table 3.10 presents the performance metrics for the emotion recognition model before and after 

optimization with TensorRT FP16. The classification performance (accuracy, precision, recall, and 

F1-score) remained stable during optimization. However, there was a significant improvement in 

computational efficiency: the inference time was lowered from 129.3 ms to 6.18 ms, reflecting a 21x 

speedup. Consequently, the achievable frame rate increased to 161.81 FPS, and the model size nearly 

halved to 4.3 MB. 

Table 3.10: Metrics for optimized architecture in the emotion task 

        

Model Architecture Accuracy Precision Recall F1-Score Time (ms) FPS Size (MB) 

Proposed Hybrid 0.87 0.70 0.69 0.68 129.3 7.73 7.8 

Proposed Hybrid Optimized 0.87 0.70 0.69 0.68 6.18 161.81 4.3 

3.5.2. Age 

Table 3.11 shows the metrics for the optimized age model. As with the emotion model, the 

performance metrics (accuracy, precision, recall, and F1-score) remain unchanged. However, there is 

a significant reduction in inference time, reaching just 4.47 ms, representing a speedup factor of 

around 25x, which allows the system to process up to 223.71 FPS. Additionally, the model size was 

reduced to only 14.8 MB. 

Table 3.11: Metrics for optimized architecture in the age task 

        

Model Architecture Accuracy Precision Recall F1-Score Time (ms) FPS Size (MB) 

Proposed Hybrid 0.49 0.50 0.40 0.41 114.9 8.7 28.5 

Proposed Hybrid Optimized 0.49 0.50 0.40 0.41 4.47 223.71 14.8 
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3.5.3. Gender 

The evaluation metrics for the optimized gender classification model are shown in Table 3.12. The 

inference time is significantly reduced to just 4.84 ms, indicating a speedup factor of about 23x, while 

maintaining the same performance metrics as the unoptimized version. This allows the system to 

handle up to 206.61 FPS, with a model size of only 14.8 MB. 

Table 3.12: Metrics for optimized architecture in the gender task 

        

Model Architecture Accuracy Precision Recall F1-Score Time (ms) FPS Size (MB) 

Proposed Hybrid 0.91 0.91 0.90 0.90 110.9 9.02 28.5 

Proposed Hybrid Optimized 0.91 0.91 0.90 0.90 4.84 206.61 14.8 

In general, the optimization process led to substantial improvements in both inference time and model 

size for all tasks. The total inference time was reduced to approximately 15.49 ms, allowing real-time 

processing at around 64 FPS. 

3.6. Experiment results 

3.6.1. Overall system performance in Real-Time 

The experiment described in Section 2.7 was conducted using the NVIDIA Jetson Xavier NX. This 

section presents the most relevant performance metrics, focusing on inference times and the 

effectiveness of face detection. 

Over the course of 252 experimental sessions, the system processed incoming images at an average 

frame rate of 11.57 FPS, with a standard deviation of 0.72 FPS. The performance of the face detection 

is summarized in Table 3.13. A total of 27,577 frames were analyzed, and a face was successfully 

detected in 22,490 of them, yielding a face detection rate of 81.5%. The remaining 5,087 frames, in 

which no faces were detected, were excluded from the subsequent analysis. 

Table 3.13: Summary of Face Detection Performance During Experiment 

Metric Value 

Total Frames with Detection Attempted 27,577 

Frames with Face Detection Failure 5,087 

Frames with Face Detection Success 22,490 

Face Detection Success Rate (%) 81.5 

As a result, the following classification performance analyses are based on the 22490 frames in which 

the models correctly spotted and processed a face. 

3.6.2. Session-Level System Reliability 

Beyond evaluating frame-by-frame accuracy, the reliability of the system during continuous, short 

interaction periods was assessed to understand its consistency. For this analysis, each of the 252 

experimental sessions was evaluated on a binary basis. A session was defined as ’error-free’ (assigned 

a score of 100%) only if no misclassifications were logged by the system, for emotion, age, or gen- 

der, across all successfully processed frames within that session. Conversely, if one or more errors 

occurred in any of the three tasks during the session, it received a score of 0%. 
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The mean session-level reliability, obtained by averaging this binary score across all 252 sessions, 

was 10.5%, with a standard deviation of 18.44%. This result clearly indicates that, in 89.5% of the 

experimental trials, the system registered at least one perception error in one or more of the tasks 

being performed. Errors were most observed in emotion and age classification, while gender errors 

were less frequent. 

3.6.3. Detailed emotion recognition performance (Frame level) 

Table 3.14 shows the detailed classification metrics for each emotion class used in the experiment. In 

general, the distribution of emotions, indicated by the Support column, is relatively balanced. 

However, the overall performance was low, with a global accuracy of only 0.232 and a macro average 

F1-score of just 0.166. 

Disgust was completely unrecognized, with an F1-score of 0.0. Surprise performed poorly, with an 

F1-score of 0.027, as did Fear, which achieved only 0.093. Angry did slightly better but still had a 

low F1-score of 0.141. Sad performed somewhat better, with an F1-score of 0.213. Neutral and Happy 

were the best-performing classes in terms of F1 scores, with 0.302 and 0.383, respectively. Their 

significantly higher recall ratings, 0.498 for Neutral and 0.741 for Happy, imply that they were the 

most correctly identified classes among all the frames investigated representing those real emotions. 

Table 3.14: Classification Report for Emotion Recognition (Experiment) 

Emotion class Precision Recall F1-Score Support 

Angry 0.277 0.095 0.141 3540 

Disgust 0.000 0.000 0.000 3278 

Fear 0.166 0.065 0.093 3154 

Happy 0.258 0.741 0.383 3181 

Neutral 0.216 0.498 0.302 3125 

Sad 0.198 0.232 0.213 3075 

Surprise 0.431 0.014 0.027 3137 

Accuracy   0.232 22490 

macro avg 0.221 0.235 0.166 22490 

The analysis of the corresponding confusion matrix in Figure 3.18, which is row-normalized to show 

recall percentages, reveals specific error patterns. Overall, there is a strong tendency for many 

emotions to be misclassified into the Happy, Neutral, or Sad categories, as indicated by the high 

values in those columns for most rows. 
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Fig. 3.18. Confusion Matrix for emotion in the experiment. 

Although they are not the most common, some misunderstandings are significant. A common 

misunderstanding between these two negative emotions is demonstrated by the fact that 11.32% of 

disgust frames were incorrectly classified as angry. Similarly, 9.66% of Surprise instances were 

incorrectly predicted as Fear, indicating some shared features perceived by the model. These specific 

confusion pairs, along with the general tendency toward Happy, Neutral, and Sad predictions, 

contribute to the low overall performance metrics observed for emotion recognition in the experiment. 

3.6.4. Detailed age recognition performance (Frame level) 

Table 3.15 presents the classification report for age recognition in the experiment. The overall 

performance metrics show an accuracy of 0.48 and a low macro average F1-score of 0.248. A notable 

imbalance exists in the dataset, with 18,249 frames corresponding to the 20–29 age group. Despite 

this imbalance, the model has a relatively high F1-score of 0.668 in this class, indicating good 

performance. Other age groups, such as 30-39, 40-49, and 60-69, had F1 scores below 0.3. The 

poorest result was seen in the 10-19 age group, with an F1-score of only 0.031. 

Table 3.15: Classification Report for Age Recognition (Experiment) 

Age group Precision Recall F1-Score Support 

10-19 0.138 0.017 0.031 1503 

20-29 0.840 0.554 0.668 18249 

30-39 0.073 0.219 0.109 1430 

40-49 0.165 0.421 0.237 639 

60-69 0.506 0.121 0.195 669 

Accuracy   0.48 22490 

macro avg 0.344 0.266 0.248 22490 

The confusion matrix in Figure 3.19, which is row-normalized to reflect recall percentages, clearly 

illustrates the performance issues discussed earlier. As seen in similar experiments with the UTKFace 

dataset, there is a strong tendency for the model to confuse age groups, especially by predicting 
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neighboring ages or defaulting to the most common group, 20–29. For example, the majority of 

instances in the 10–19 and 30–39 age groups were incorrectly classified as 20–29, with 93.07% and 

56.42% of cases, respectively. Likewise, most of the 40–49 age group was misclassified as 30–39, 

which is the closest lower age range. The age group 20–29 demonstrated relatively strong 

performance, achieving a recall rate of 68.83%. In contrast, the model encountered difficulties in 

accurately predicting outcomes for other age ranges, particularly those with limited sample sizes. 

 
Fig. 3.19. Confusion Matrix for age in the experiment. 

3.6.5. Detailed gender recognition performance (Frame level) 

Table 3.16 presents the classification report for the gender recognition task. The data is skewed, with 

just 4,318 frames tagged female and 18,172 as male. Despite this imbalance, the model had a good 

overall accuracy of 0.878 and a strong macro-average F1-score of 0.834. The male class performed 

better in recognition, with an F1-score of 0.919, while the female class did well, with an F1-score of 

0.749. These results indicate that the model performed well overall in the gender recognition task. 

Table 3.16: Classification Report for Gender Recognition (Experiment) 

     

Gender Precision Recall F1-Score Support 

Female 0.617 0.953 0.749 4318 

Male 0.987 0.860 0.919 18172 

Accuracy   0.878 22490 

macro avg 0.802 0.906 0.834 22490 

Figure 3.20 presents the row-normalized confusion matrix for the gender recognition model during 

the experiment, reflecting the generally strong performance indicated by the classification metrics. 

The matrix visually confirms the model’s effectiveness, particularly for identifying females (Recall 

= 95.3%). While 4.72% of female instances were incorrectly projected as male, 14.0% of male 

instances were misclassified as female, demonstrating an imbalance in the mistakes. This implies that 

the model’s robustness in classifying male participants was marginally lower than that of female 

participants in the experiment. 
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Fig. 3.20. Confusion Matrix for gender in the experiment. 

3.6.6. Error analysis: Influence of head pose 

To investigate the system’s robustness to variations in head orientation during the experiment, the 

distribution of the 20,208 logged error instances was analyzed across different estimated head poses. 

Due to the data logging strategy focusing on errors, this analysis cannot determine absolute error rates 

per pose but examines where errors occurred most frequently and whether specific tasks showed 

different sensitivities. Combinations of vertical (’up’, ’center’, ’down’) and horizontal (’left’, 

’center’, ’right’) orientation were used to classify the poses. 

First, the overall distribution of head poses among all logged errors was examined to identify the most 

common orientations during system failures. The majority of errors occurred when participants held 

their heads in the central-horizontal position. The most common positions were center-right at 

35.22%, followed by center-center at 25.10%, and center-left at 23.34%. These three orientations ac- 

counted for 84% of observed errors, indicating that individuals frequently chose these stances during 

error-prone trials. In contrast, poses involving vertical movement, such as gazing up or down, were 

significantly less common among the errors, accounting for only approximately 16%. This 

distribution reflects both participants’ natural preferences to keep a level gaze and the system’s 

performance in various head positions. 

Next, as shown in Table 3.17, the distribution of errors for each task (Emotion, Age, and Gender) was 

examined across the different head poses. 

Table 3.17: Granular Distribution of Errors by Exact Pose (%) 

Pose (Vertical-Horizontal) Emotion Errors (%) Age Errors (%) Gender Errors (%) 

center-center 25.08 24.57 13.94 

center-left 22.62 24.40 26.50 

center-right 35.32 36.13 40.73 

down-center 2.95 1.87 2.65 

down-left 1.02 0.83 1.16 

down-right 2.12 1.46 1.38 

up-center 4.74 5.40 3.45 
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up-left 0.99 1.08 1.45 

up-right 5.16 4.24 8.75 

tAe task-specific error distributions in Table 3.17 with the overall pose distribution among all errors 

reveals different levels of sensitivity across tasks. 

Regarding age estimation, the distribution of errors closely corresponded with the overall distribution 

of head poses. This indicates that the model maintained consistent performance across different 

angles of head orientation. Fundamentally, the errors primarily reflected how frequently each pose 

was represented in the dataset, rather than being greatly influenced by specific viewing angles. 

A similar pattern, yet with slight variations, was found in the analysis of emotion recognition. For 

instance, compared to their overall frequency of 4.83%, upright poses showed a marginally higher 

percentage of emotional error of 5.16%. Pose alignments closer to the center-left, on the other hand, 

resulted in slightly fewer errors, measuring 22.6% as opposed to the overall 23.3%. Despite these 

small differences, there is no strong indication that particular head poses had a significant impact on 

emotion recognition performance. 

In contrast, gender classification displayed a more distinct pattern. Errors in this task were noticeably 

less frequent for center-center poses, which made up only 13.9% of gender-related errors, even though 

this pose represented 25.1% of the overall error distribution. In the meantime, poses such as center-

left and center-right contributed more considerably to gender recognition errors, 26.5% and 40.7% 

respectively, compared to their overall proportions of 23.3% and 35.2%. The upright pose was 

particularly notable, with gender error rates reaching 8.75%, nearly double its representation in the 

dataset. These patterns indicate that the gender recognition model tended to encounter more difficulty 

when analyzing images from non-frontal angles, especially when the subject’s head was turned 

sideways or tilted slightly upward. 

To sum up, the analysis of pose-specific error patterns shows that the robustness to head orientation 

varies among activities. Position changes appear to have the least impact on age estimation, but 

gender classification was noticeably more sensitive, particularly when faces were not facing the 

camera. 

3.6.7. Error analysis: Influence of demographics 

This section looks at how perception errors can vary across different demographic groups of the 

participants, considering the known sample imbalances noted in Section 2.7. The goal is to identify 

potential biases or differential performance related to these demographic factors within the 

experiment. 

The percentage of participants from each age group and the percentage of logged errors coming from 

those same groups are compared in Table 3.18. The variation in age estimation errors is a significant 

finding. Only 69.6% of age errors were attributable to the dominant ’20-29’ group, indicating a lower 

error rate for this demographic. On the other hand, participants from underrepresented groups made 

disproportionately larger contributions: 12.6% of age errors were attributed to the ’10-19’ group, 

9.6% to the ’30-39’ group, and 5.0% to the ’60-69’ group. This suggests that participants outside of 

the primary ’20-29’ age range in this study had a noticeably higher age estimation error rate. In 

general, the distribution across age groups more closely reflected the participant distribution for 

gender and emotion errors. 
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Table 3.18 Error Distribution vs. Participant Distribution by Age Group (%) 

Real Age Group % of Participants % Emotion Error % Age Error % Gender Error 

10-19 5.6 6.34 12.64 1.13 

20-29 83.3 80.86 69.61 78.77 

30-39 5.6 6.16 9.56 7.01 

40-49 2.8 3.14 3.17 5.81 

60-69 2.8 3.50 5.03 7.30 

Similarly, Table 3.19 compares the participant gender distribution to the distribution of errors for 

each task. While the distribution of emotion and age errors closely matched the participant gender 

ratio, a significant asymmetry emerged for gender classification errors. Female participants accounted 

for only 7.4% of gender errors. In contrast, male participants were associated with a 

disproportionately high 92.6% of gender errors. This strongly suggests that, within this experimental 

context, the model exhibited a considerably higher error rate when classifying male participants 

compared to female participants. 

Table 3.19: Error Distribution vs. Participant Distribution by Gender Group (%) 

Real Gender % of Participants % Emotion Error % Age Error % Gender Error 

Female 19.4 18.82 15.89 7.4 

Male 80.6 81.2 84.1 92.6 

To sum up, the analysis showed that different aspects of the task were affected by the participants’ 

demographics. Those outside of the typical 20–29 age range had much worse age estimation accuracy. 

When it came to gender classification, there was a clear bias, meaning the system was less accurate 

for males than females, even though most participants were male. On the other hand, recognizing 

emotions seemed less impacted by the age or gender of participants. These results emphasize how the 

characteristics of the sample can influence the outcomes and suggest potential biases in the model. 

3.6.8. Error analysis: Influence of image quality 

To explore how image quality affected various error types, the distributions of luminosity, contrast, 

and blur metrics in the logged error instances were analyzed. Violin plots were then used to display 

these distributions for each category (Emotion, Age, Gender), providing a more nuanced comparison 

than simple averages. 

Across all three categories of errors, the luminosity distribution in Figure 3.21 seemed to be remark- 

ably consistent. Indicating that changes in lighting intensity, within the range observed during the 

experiment (primarily medium-to-high brightness, as indicated by the distribution centered around 

168), did not differentially influence whether an emotion, age, or gender error occurred, the violins’ 

shape, median, and inter quartile range (IQR) were nearly identical. 

Similarly, the analysis of the blur level metric in Figure 3.22, likely representing Laplacian variance 

where higher values indicate sharper images, showed almost identical distributions for Emotion, Age, 

and Gender errors. The violins share the same basic shape, concentrating data in a range indicating 

moderate-to-good sharpness, with a long tail towards very sharp images. This suggests that the level 

of image focus was not a distinguishing factor between the different types of perception errors logged. 

The contrast distributions in Figure 3.23 showed a slight possible difference. The median and IQR 

for gender errors seemed to be somewhat lower than those for emotion and age errors, despite the fact 
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that the general shapes were similar. Because the distributions still displayed significant overlap, this 

may indicate a weak tendency for gender misclassifications to be linked to slightly lower contrast 

images within this dataset. 

 

Fig. 3.21. Luminosity violin plot by error type. 

 

Fig. 3.22. Blur level violin plot by error type. 

 

Fig. 3.23. Contrast violin plot by error type. 

In summary, the distributional analysis using violin plots largely indicates that the measured image 

quality metrics (luminosity, contrast, blur level) did not strongly differentiate between the types of 

perception errors encountered during the experiment. Despite a slight correlation between lower 

contrast and gender errors, the largely similar distributions indicate that image quality variations were 

unlikely to be the main factor in determining which task failed. Instead, aspects like head pose or the 

inherent difficulty of each task likely played a more significant role. 
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4. Discussion 

4.1. Summary and interpretation of key findings from training and validation 

Analyzing the performance on the validation sets during model training provides initial insights into 

the capabilities and limitations of the evaluated architectures for each task. 

One of the main observations regarding emotion recognition on the FER2013 validation set is that 

the task is inherently challenging because it relies just on facial appearance. Out of all the models 

tested, the suggested Hybrid CNN-Transformer had the highest validation accuracy, but it only 

reached 67%. This raises the possibility of data set limitations or the difficulty of extracting features 

that are sufficiently discriminative. Additionally, training observations revealed overfitting or 

stagnation tendencies across different architectures, suggesting that it is difficult to capture strong, 

broadly applicable features for all seven emotions. Although optimizing hyperparameters such as 

kernel sizes, learning rate, or the amount of regularization, or extending the training time may offer 

improvements, the small amount of data in classes like Disgust, Fear, and Angry will likely impose 

a limit on validation performance and on the model’s ability to learn these categories. 

Similarly, the FairFace validation set yielded moderate age estimates. The Hybrid model 

outperformed others, including MobileNetV2, with a validation accuracy of 57%. However, there is 

still potential for improvement. This limited validation accuracy indicates potential flaws in the 

feature extraction technique for capturing the nuanced and variable properties associated with age 

groups, especially considering the FairFace dataset’s acknowledged imbalance between age 

categories. Ad- dressing this data imbalance, as well as potentially investigating more specialized 

architectures or targeted hyperparameter tweaking, likely to be critical for significant progress in this 

endeavor, even before addressing generalization. 

In contrast, gender recognition on the FairFace validation set yielded much stronger results. The 

Hybrid CNN-Tranformer model achieved 92.5% validation accuracy, indicating good competence 

for this binary classification problem. The considerable gap between the best and worst performers, 

down to 69%, demonstrates architectural decisions matter. However, the models were better suited 

to extract discriminative gender traits from the FairFace data compared to the more difficult emotion 

or age tasks. Even so, the fact that the best model’s training seemed to stall suggests that there might 

still be room for improvement, either by fine-tuning it more or training it for longer. 

These initial findings from the validation phase set the stage for evaluating how well these models 

generalize to unseen datasets and perform under real-time experimental conditions 

 

4.2. Summary and interpretation of key findings from generalization datasets 

When evaluating the trained models on unseen generalization datasets (CK+ for emotion, UTKFace 

for age/gender), several trends were confirmed, and key challenges became more apparent. As 

anticipated, architectures that performed well during validation, such as the Hybrid CNN-

Transformer, generally maintained their leading performance on these datasets, suggesting that the 

learned features were effectively transferred despite existing limitations. 

In the case of emotion recognition on the CK+ dataset, the Hybrid model performed the best overall, 

but significant issues persisted, notably with emotions that were either underrepresented in the 

training set or visually ambiguous. As shown in Table 3.4, recognition rates for emotions such as Fear 

(F1 = 0.41), Angry (F1 = 0.39), and Sad (F1 = 0.49) were relatively low. The frequent confusion 

pairs, such as disgust being mistakenly classified as angry and sadness being mistaken for neutral, 

show how difficult it is to distinguish some emotions based only on static facial features (Figure 3.13). 
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Unbalances in the dataset most likely made these misclassifications worse. Yet, the model’s 

impressive performance on emotions like happiness and neutral indicates that it was able to 

comprehend some significant expressive traits, such as smiling. 

A similar pattern of difficulty emerged for age estimation on UTKFace. All models suffered, 

presumably due to skewed FairFace training data. In Table 3.5, the results were clearly dominated by 

the ’20-29’ age group, which not only had the highest F1 score (0.71 for ResNet50, 0.66 for Hybrid), 

but also was the main target for misclassification for nearby groups such as ’10-19’ and ’30-39’. This 

reinforces the previously observed underestimation bias and highlights the critical need for 

architectures or techniques capable of capturing the subtle facial differences distinguishing adjacent 

age brackets more effectively. 

With the Hybrid model achieving an F1 score of 0.90, the gender recognition task on the UTKFace 

dataset was completed with high accuracy. This implies that separating gender-related characteristics 

was reasonably simple, and it supports the decision to use the Hybrid model for optimization due to 

its superior predictive performance over the faster but less accurate MobileNetV2. 

Finally, the computational performance on the Jetson Xavier NX prior to optimization starkly 

contrasted lightweight versus complex models in Tables 3.7,3.8,3.9. Architectures like ResNet50, 

while sometimes accurate, were prohibitively slow, whereas custom lightweight models offered 

speed but often compromised on generalization accuracy. This confirmed the expected trade-off and 

motivated the selection of the balanced Hybrid model for subsequent optimization. 

4.3. Summary and interpretation of key findings from optimization 

The application of TensorRT FP16 optimization to the chosen Hybrid CNN-Transformer architecture 

resulted in significant increases in computational efficiency while keeping the same level of 

performance, as described in Section 3.5. Inference times for the emotion, age, and gender tasks were 

drastically reduced by factors ranging from approximately 21× to 26× compared to the baseline, while 

model sizes were also significantly decreased, as shown in Tables 3.10, 3.11, and 3.12. 

These outcomes highlight how essential post-training optimization is for running deep learning 

models on resource-limited edge platforms like the Jetson Xavier NX, and they showcase the 

performance gains unlocked by TensorRT’s FP16 mode. It should be noted, however, that only FP16 

optimization was evaluated here; additional improvements might come from techniques such as INT8 

quantization or model pruning, which lie beyond the scope of this analysis. 

An interesting and somewhat counter-intuitive finding emerged when comparing the optimized 

inference times across tasks. Although the Hybrid model adapted for age and gender recognition 

processes larger input images (224x224) compared to the emotion recognition variant (96x96), the 

optimized versions for age of 4.47 ms and gender of 4.84 ms achieved faster inference speeds than 

the optimized emotion model of 6.18 ms. This occurred despite the final optimized model size for 

emotion of 4.3 MB being smaller than for age/gender of 14.8 MB. 

These results show that, in addition to input dimensions and overall model size, other factors have a 

significant impact on post-optimization performance on target hardware. Variations in internal layer 

configurations, the specific convolutional operations employed, and the degree to which those 

operations benefit from TensorRT’s FP16 optimizations likely explain why architectures built for 

larger inputs ultimately delivered faster inference engines in this scenario. 
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4.4. Summary and interpretation of key findings from optimization 

The real-time experiment provided relevant insights into the system’s performance under changing 

conditions. Starting with aspects of its procedure, the face detection phase achieved a success rate of 

81.5% as shown in Table 3.13. Although functional, due to the 19% failure rate, it can be improved 

with more robust detectors like Multi-task Cascaded Convolutional Neural Networks (MTCNN), as 

it does not lose data from difficult poses and is also a highly reliable detector in various environments. 

Furthermore, the session-level reliability analysis revealed that errors occurred in 89.5% of the short 

interaction sessions in Section 3.6.2. This highlights the considerable challenge of maintaining 

continuous, error-free multi-task perception, primarily driven by frequent errors in emotion and age 

classification during the trials. 

Examining the frame-level performance for emotion recognition, the results were significantly lower 

than those observed on the controlled CK+ dataset, yielding an overall accuracy of only 0.23 and a 

macro F1-score of 0.17 in Table 3.14. This decrease in performance highlights the disconnect between 

dynamic, interactive scenarios and controlled datasets. Despite sufficient representation in the 

experiment itself, the model had considerable difficulty identifying some negative or ambiguous 

emotions, such as anger and sadness, which is consistent with offline findings and probably reflects 

difficulties from the FER2013 training data. Disgust, Fear, and Surprise all performed terribly, with 

Disgust most likely being severely underrepresented in the training set. 

Figure 3.18, the confusion matrix, makes it clear that the emotion in the model finds hardest to 

recognize tend to get lumped in as Happy, Neutral, or Sad. Even Happy, which scored the highest 

recall at 0.74, only managed a precision of 0.26, hinting that the model might be seeing smiles where 

there are not any (for example, mistaking visible teeth for a genuine grin). Taken together, these 

findings underscore the need for richer feature-extraction methods that can pick up on subtler facial 

cues, as well as more balanced training data to shore up those weaker emotion classes. 

Regarding the model’s sensitivity to pose, image quality, and demographic variations, no direct 

correlations were found that would indicate these factors as clear causes of prediction errors, except 

for a slight trend associated with the up-right facial position. This implies that training the model on 

a real-world dataset does enhance its robustness, making it less vulnerable to these types of 

fluctuations. 

With a similar overall accuracy of 0.48 and a macro F1-score of 0.25, the model’s performance in the 

age estimation task during the experiment closely matched the pattern seen in the offline evaluations 

using the UTKFace dataset, as shown in Table 3.15. The model significantly struggled with the other 

age ranges, but as anticipated, it did best on the ’20–29’ age group, which was the most represented 

category in the data. The underestimation bias seen earlier in Figure 3.19 is probably reflected here 

as well. Although the model appears to have been able to generalize its limited learning, as evidenced 

by the consistency between offline and real-time results, the low overall metrics underscore the 

continued need for improved model architectures and more balanced training datasets, particularly 

when addressing the intricacy of fine-grained age prediction. 

Similar to the emotion recognition model, the age estimation errors did not show any strong 

correlation with head pose, image quality, or demographic attributes. This suggests that training the 

model on an in-the-wild dataset contributed positively to its robustness against these types of 

variations. 

The model performed effectively in the gender recognition task, obtaining an F1-score of 0.83 and an 

accuracy of 0.88. However, a deeper analysis, based on the classification report (Table 3.16) and the 

demographic error breakdown in Section 3.6.7, revealed a more nuanced picture in terms of bias. 
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Although the model’s precision for the Female class was relatively low (0.617), suggesting that male 

faces were often misclassified as female, the broader error analysis showed that most gender 

misclassifications actually involved male participants: 92.6% of all errors came from this group, 

which represented 80.6% of the participants. This shows that while the model tends to systematically 

predict Female when uncertain, it ends up making more incorrect predictions when the true gender is 

Male. In the context of the experiment, this bias against correctly identifying male faces stands out 

and contrasts with some patterns seen in offline evaluations, suggesting that more research is 

necessary. 

Unlike the models used for emotion and age recognition, the gender classification model showed a 

noticeable pattern in its errors, which seemed to be linked to certain head orientations. Specifically, 

lateral poses (facing left or right) and top-right angles were more likely to result in misclassifications. 

This implies that the model is potentially sensitive to changes in viewpoint, and that adding more 

training data with these particular angles could help increase the model’s accuracy and resilience in 

practical situations. 

Furthermore, there is evidence that contrast levels may influence the model's decisions. In certain 

circumstances, lesser contrast appears to result in misclassification of female faces as male. This 

limitation can be mitigated by applying data augmentation techniques that simulate varying contrast 

levels or by enhancing the model's generalization capabilities to perform reliably under such 

conditions. 

Overall, head pose, and image quality did not emerge as major factors contributing to model errors. 

However, it is important to note that there were considerably fewer frames with extreme vertical head 

orientations, suggesting that spending more time in these positions during data collection could help 

capture potential correlations. In the same way, the dataset’s range of contrast, brightness, and blur 

level was constrained, even though no significant correlations were found. Therefore, it cannot be 

said with certainty that these factors have no effect on model performance; rather, it can be said that 

no discernible effect was found within the observed ranges. 

Finally, the post-training optimization proved effective. In all experimental sessions, inference times 

were consistent with those measured on the benchmark datasets, confirming that real-time inference 

was successfully achieved. 

4.5. Comparing with existing literature 

There are both connections and gaps when the results are positioned within the body of existing 

literature. There are few direct comparisons of multi-task, real-world facial analysis deployments on 

edge hardware such as the Jetson Xavier NX, especially for gender and age recognition. However, 

context is provided by pertinent optimization studies and benchmarks. 

For emotion recognition, Pascual et al [44] offers a useful comparison, as they optimized an Xception 

model for the Jetson Nano. Their accuracy on FER2013 of 69.9% is fairly close to the validation 

accuracy of the Hybrid CNN-Transformer model in this study of 67%. However, the computational 

performance is where the real difference shows, mainly due to the hardware differences. While their 

model ran at 5.5 FPS on the resource-limited Jetson Nano, the optimized Hybrid model in this study 

hit 161.8 FPS on the much more powerful Jetson Xavier NX. Even though it is tricky to make a direct 

comparison because of the hardware differences, this result really highlights the impressive 

performance potential of the proposed optimized model on the Xavier NX platform. 

In age and gender recognition, comparisons can be made to the original FairFace benchmarks [53] 

obtained using ResNet-34. That work reported slightly higher accuracies (e.g., 0.57 vs. 0.49 for Age 

on UTKFace; 0.94 vs. 0.91 for Gender on UTKFace, compared to the Hybrid model’s baseline 
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generalization results). However, architectures like ResNet-34 typically incur substantial 

computational costs, likely comparable to the slow baseline ResNet-50 evaluated in this work. On the 

other hand, the optimized Hybrid model provided inference in 4-5 ms, albeit at the expense of a slight 

offline accuracy margin (Tables 3.11-3.12). The optimized Hybrid model is a much more practical 

option for real-time HRI applications because of this enormous speed difference, which highlights 

the crucial trade-off between deployment viability on edge devices and peak accuracy. 

This study brings into sharp relief the necessity of evaluating models on the hardware for which they 

are intended. Performance figures derived only from offline datasets or powerful server clusters often 

paint an unrealistically optimistic portrait that rarely translates well to low-power, resource-limited 

devices. By incorporating hardware specific benchmarks into the evaluation process, researchers 

obtain a realistic gauge of model efficiency and reliability, an essential step for ensuring that edge AI 

solutions will perform as expected in real-world environments. 

 

4.6. Contributions of this thesis 

This thesis provides several contributions to the field of facial analysis for Human-Robot Interaction 

on edge devices: 

1. Comprehensive Comparative Analysis: A systematic comparison of diverse deep learning 

architectures, including established baselines (Seringel et al. [2], Priyadarshini et al. [1]), standard 

transfer learning models (InceptionV3, ResNet50, MobileNetV2), as well as a proposed Hybrid CNN-

Transformer, were used to recognize emotion, age, and gender. Performance was evaluated not only 

on standard validation and generalization datasets (FER2013, FairFace, CK+, UTKFace) but also 

considering baseline computational efficiency (latency, FPS, size) on the target NVIDIA Jetson 

Xavier NX platform. This multi-faceted comparison provides valuable insights into the accuracy-

efficiency trade-offs inherent in selecting models for edge deployment. 

2. Hybrid Architecture Performance: The proposed Hybrid CNN-Transformer architecture results as 

a particularly effective solution, demonstrating a strong balance between competitive predictive 

accuracy across all three tasks, notably leading in emotion and gender generalization, and much 

superior baseline computational efficiency than deeper models such as ResNet50. Its choice 

demonstrated the possibility of integrating attention-based and convolutional methods for multi-task 

facial analysis on hardware with limited resources. 

3. Quantified Optimization Impact on Jetson Xavier NX: The work details the successful application 

and impact of NVIDIA TensorRT optimization using FP16 precision for the selected Hybrid model 

on the Jetson Xavier NX. Specific, quantified results demonstrate substantial improvements: 

inference times were reduced by factors of 21x (Emotion), 26x (Age), and 23x (Gender), achieving 

individual task speeds of 4-6 ms, while critically preserving the original predictive accuracy 

(Accuracy, F1-Score) for all three tasks. Model sizes were also significantly reduced. This provides 

concrete evidence of achieving high-performance, real-time inference capabilities (64 FPS combined 

throughput) for complex facial analysis on this specific edge platform. 

4. Experimental Insights into Real-Time Robustness: The 36-person experiment with different head 

positions gave important new perspectives on the real-world behavior of the optimal system. 

Although the analysis revealed differential robustness across tasks regarding pose variations (gender 

being most sensitive) and underlined the impact of participant demographics (age estimation and 

gender classification biases), it confirmed the challenges in maintaining perfect continuous accuracy 

(low session-level reliability). This thorough error analysis helps one to grasp the pragmatic 

difficulties beyond the evaluation of a stationary dataset. 
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4.7. Study limitations 

This work led to the identification of several limitations. First, there was a lack of access to training 

data, including larger datasets like AffectNet, which are frequently used because of their resilience in 

emotion recognition. As a result, class imbalances were evident in the datasets (FER2013, FairFace), 

especially in younger age groups and emotions like fear and disgust. This created limitations on how 

well the models could generalize. 

Secondly, hardware and software constraints influenced the methodology. The use of Google Colab's 

free tier for training reduced the practicality of computationally costly data augmentation strategies, 

especially for the large FairFace dataset. Even though the Jetson Xavier NX is a powerful target 

platform, using it required optimization using NVIDIA’s TensorRT. This made it impractical to 

investigate other optimization frameworks that might provide different trade-offs in terms of 

performance. 

Thirdly, the experimental design clearly shows limits that influence the extent of application for the 

real-time evaluation results. With a notable demographic imbalance and a clear bias toward male 

participants (80.6%) and those in the "20-29" age group (83.3%). This greatly lessens the validity of 

performance conclusions derived for underrepresented groups. Moreover, the experiment depended 

on acted emotional expressions instead of naturalistic ones, which reduced the ecological validity of 

the interactions under observation even in naturalistic surroundings. A definitive analysis of the 

effects of illumination was also impossible due to the experiment’s timing, which resulted in little 

variation in natural lighting conditions. 

Finally, regarding experimental conditions, the range of head poses naturally adopted by participants 

during the experiment, while varied, lacked sufficient instances of extreme vertical tilt (pitch). This 

limits the evaluation of the system’s resilience to the whole spectrum of possible head orientations 

encountered in dynamic HRI situations. Analogous to this, the observed range for measures of image 

quality such as contrast and blur was rather small, hence possible sensitivities outside these ranges 

could not be assessed. 

These limitations highlight areas where the current findings should be interpreted with caution and 

suggest directions for future research to build upon this work. 

4.8. Future work 

Building on the study's findings and limitations, there are several intriguing areas for further research. 

One of the most exciting next steps is to run experiments that truly mirror real-world conditions. 

Future research should use emotionally charged video clips as stimuli to record more organic, 

unplanned emotional expressions. To better understand how well the system generalizes across 

different persons, a more gender and age-balanced set of participants is required. 

One suggestion would be to control the lighting to test the model’s sensitivity in various scenarios 

and incorporate dynamic camera movements throughout the session to mimic various head poses. 

Another important point is to go deeper into qualitative analysis of the errors, looking at the specific 

segments where the model failed could help spot subtle visual cues like ambiguous expressions, 

micro-expressions, or shadow patterns that quantitative metrics might miss. 
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Future assessments should also specifically test the model’s handling of partial occlusions, which are 

typical in real-world scenarios and include things like hands close to the face, spectacles that can 

make it difficult to identify emotions like anger, and scarves that conceal parts of the face. 

With respect to modeling, additional work is needed on architectures that can learn these fine facial 

movements. The potential balance of the Hybrid CNN-Transformer suggests further investigation of 

these models. Additionally, Incorporating Explainable AI (XAI) techniques into the existing Hybrid 

architecture, such as Grad-CAM (Gradient-weighted Class Activation Mapping) or SHAP (SHapley 

Additive exPlanations), could provide valuable insight into which facial traits are leading to its 

predictions, particularly for the challenging emotion and age tasks. Furthermore, gaining insight into 

how the model forms its internal representations may inform targeted architectural adjustments or 

data augmentation strategies to address specific limitations, such as the tendency to underestimate 

age or the reduced accuracy in recognizing certain emotions. 

For unbalanced datasets, the training corpus can be enhanced by adding synthetic examples produced 

by Generative Adversarial Networks (GANs) or by synthesizing and rendering 3D faces, especially 

for age groups and emotion categories that are underrepresented. To further enhance sample diversity, 

different lighting and stance can be used. Finally, it is essential to conduct a systematic evaluation to 

verify the effectiveness of these models, trained on synthetic data, when applied to real-world data. 

Examining multimodal fusion is a very pertinent avenue from the standpoint of HRI systems. When 

paired with data from other modalities, like speech prosody (voice tone) or body language (posture, 

gestures), the facial analysis outputs (emotion, age, gender) may provide a far more comprehensive 

and accurate picture of the user’s state than when facial cues are used alone. An important area of 

research is creating and assessing architectures that can successfully fuse these disparate data streams. 

On the side of model optimization, exploring techniques beyond FP16, such as network pruning and 

INT8 or INT4 quantization (with careful calibration), could potentially achieve further efficiency 

gains on edge devices like the Jetson Xavier NX, while closely monitoring any impact on predictive 

accuracy. 

Lastly, to confirm the work’s usefulness in practice, it must be integrated into a broader HRI system. 

assessing how these metrics are used to gauge participants experiences (e.g., technical metrics with 

the perception of human-robot interactions in real scenarios in terms of task performance, user 

engagement, perceived social intelligence, etc.). 
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Conclusions 

The conclusions of this thesis are the following: 

1. Successfully demonstrated the feasibility of developing and deploying a system capable of per- 

forming real-time emotion, age, and gender recognition concurrently on an embedded platform 

suitable for HRI (NVIDIA Jetson Xavier NX) achieving 64 FPS on inference time. 

2. Post-training optimization with TensorRT FP16 was extremely effective, resulting in significant 

inference speedups (approx. 21x-26x) and model size reductions for the Hybrid model across all 

tasks while maintaining the original classification accuracy. This emphasizes the need for 

optimization for edge deployment, but it also emphasizes how crucial it is to choose a baseline 

model that strikes a balance, as optimizing extremely complicated models may still fail to satisfy 

real-time requirements without suffering a considerable loss in accuracy. 

3. The evaluation showed that performance on offline datasets does not quite match up with how 

models perform in real-world situations, especially when it comes to accurately recognizing 

emotions. This demonstrates how difficult it can be to correctly identify nuanced or ambiguous 

facial expressions and other characteristics such as age groups in less controlled circumstances. 

These challenges are even greater than those faced when working with static datasets like CK+ 

or UTKFace. 

4. Dataset limitations, including class imbalance (especially for specific emotions and age groups) 

in training data, clearly impacted model generalization and performance in the experiment. 

Furthermore, the experiment highlighted how participant demographic imbalances can lead to 

performance biases, as seen in the lower robustness of gender classification for male participants 

within the study’s sample. This underscores the critical need for diverse, balanced datasets and 

bias-aware evaluation. 

5. Although the system demonstrated a respectable level of robustness, which may have been 

derived from "in-the-wild" training data, the experimental error analysis revealed task-specific 

differences in sensitivity. Gender classification was notably more sensitive to head pose variations 

than emotion or age estimation. Pose or intrinsic task difficulty seems to have a greater differential 

influence than measured changes in image quality (luminosity, contrast, and blur) during the trial. 

6. Demonstrate substantial progress in efficient edge-based face perception; nonetheless, 

establishing highly accurate, robust, and unbiased recognition of complex human states 

(especially emotion and age) appropriate for seamless and dependable HRI remains an unresolved 

problem. Success necessitates overcoming model constraints, data inadequacies, and perhaps 

incorporating multimodal information, as well as expanding present capabilities to enable fully 

sophisticated social robot interactions. 
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Appendices  

Appendix 1. Experiment code 

 
 

 

 

1 import cv2 

2 import dlib 

3 import  numpy  as np 

4 import tensorrt as trt 

5 import pycuda . driver as cuda 

6 import pycuda . autoinit 

7 import time 

8 import os 

9 import json 

10 from datetime import datetime 

11 from collections import deque 

12 from PyQt5 . QtWidgets import ( QApplication , QMain Window , QPush Button , 

QVBoxLayout , QWidget , 

13 QLabel ,   QHBoxLayout ,   QSpinBox , 

QRadio Button ,  QButton Group ,  QMessage Box 

) 

14 from PyQt5 . QtCore import QTimer , Qt 

15 from PyQt5 . QtGui import QImage , QPixmap 

16 

17 # Create  directory  for  saving  images if it doesn ’t exist 

18 os. makedirs(" captured_images",  exist_ok = True ) 

19 

20 # Load face  detector 

21 detector  =  dlib . get_frontal_face_detector  () 

22 

23 #  Load  TensorRT  models 

24 TRT_LOGGER = trt. Logger () 

25 emotion_path = " models/ model_fp 16 . trt" 

26 gender_path  = " models/ gender_fp 16 . trt" 

27 age_path  =  " models/ age_fp 16 . trt" 

28 

29 def load_engine ( engine_path ): 

30 with open ( engine_path , " rb") as f, trt. Runtime ( TRT_LOGGER ) as 

runtime : 

31 return  runtime . deserialize_cuda_engine (f. read ()) 

32 

33 # Load the engines for all three models 

34 emotion_engine = load_engine ( emotion_path ) 

35 age_engine = load_engine ( age_path ) 

36 gender_engine  =  load_engine ( gender_path ) 

37 
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38  emotion_context   =  emotion_engine . create_execution_context  () 

39 age_context = age_engine . create_execution_context  () 

40 gender_context  = gender_engine . create_execution_context  () 

41 

42 # Define  shapes  for  input  and  output 

43 emotion_input_shape = (1 , 96 , 96 , 1) 

44 emotion_output_shape = (1 , 7) 

45 age_input_shape = (1 , 224 , 224 , 3) 

46 age_output_shape = (1 , 9) 

47 gender_input_shape = (1 , 224 , 224 , 3) 

48 gender_output_shape = (1 , 1) 

49 

50 #  Memory  allocation  for  GPU 

51 emotion_d_input = cuda. mem_alloc( int( np. prod ( emotion_input_shape ) * np. 

dtype ( np. float32 ). itemsize )) 

52 emotion_d_output  = cuda. mem_alloc( int( np. prod ( emotion_output_shape ) * 

np. dtype ( np. float32 ). itemsize )) 

53 

54 age_d_input = cuda . mem_alloc( int( np. prod ( age_input_shape ) * np. dtype ( np 

. float32 ). itemsize )) 

55 age_d_output = cuda. mem_alloc( int( np. prod ( age_output_shape ) * np. dtype ( 

np. float32 ). itemsize )) 

56 

57 gender_d_input = cuda. mem_alloc( int( np. prod ( gender_input_shape ) * np. 

dtype ( np. float32 ). itemsize )) 

58 gender_d_output = cuda. mem_alloc( int( np. prod ( gender_output_shape ) * np. 

dtype ( np. float32 ). itemsize )) 

59 

60 #  Labels  for  predictions 

61 emotion_labels = [’ Angry ’, ’ Disgust ’, ’ Fear ’, ’ Happy ’, ’ Neutral ’, ’ Sad ’ 

, ’ Surprise ’] 

62 gender_labels = [’ Male ’, ’ Female ’] 

63 age_labels = [’0 -2 ’, ’3 -9 ’, ’ 10 -19 ’, ’ 20 -29 ’, ’ 30 -39 ’, ’ 40 -49 ’, ’ 50 -59 ’ 

, ’ 60 -69 ’, ’ 70+ ’] 

64 

65 class Face AnalysisApp ( QMain Window ): 

66 def  __init__ ( self): 

67 super (). __init__ () 

68 self. setWindow Title (" Face Analysis  System ") 

69 self. setGeometry (100 , 100 , 1200 , 650) # Made taller to 

accommodate new metrics 

70 

71 # Main widget and layout 

72 central_widget = QWidget () 

73 self. setCentralWidget(  central_widget) 

74 main_layout = QHBoxLayout(  central_widget)  
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75   

76 #  Video  display  area 

77 self. video_label = QLabel () 

78 self. video_label.  setFixed Size (640 ,  480) 

79 self. video_label.  setAlignment( Qt. Align Center) 

80  

81 # Face  display  area 

82 self. face_label = QLabel () 

83 self. face_label. setFixed Size (200 , 200) 

84 self. face_label.  setAlignment( Qt. Align Center) 

85  

86 #  Control  panel 

87 control_panel  =  QWidget () 

88 control_layout  = QVBoxLayout(  control_panel)  

89  

90 #  Baseline  inputs  using  radio  buttons 

91 baseline_layout = QVBoxLayout () 

92  

93 # Baseline Emotion Buttons 

94 emotion_buttons_layout  = QHBoxLayout () 

95 emotion_buttons_layout  . add Widget( QLabel(" Baseline Emotion :")) 

96 self. emotion_group  =  QButton Group ( self)  

97 for emo in emotion_labels:   

98 radio = QRadio Button ( emo )  

99 self. emotion_group . add Button ( radio )  

100 emotion_buttons_layout  . add Widget( radio )  

101 if emo == " Happy": # default selection  

102 radio . setChecked ( True ) 

103 basel ine_layout.  add Layout(  emotion_buttons_layout  ) 

104 

105 #  Baseline  Age  Buttons 

106 age_buttons_layout = QHBoxLayout  () 

107 age_buttons_layout.  add Widget( QLabel(" Baseline  Age:")) 

108 self. age_group = QButton Group ( self) 

109 for  age  in  age_labels: 

110 radio = QRadio Button ( age ) 

111 self. age_group . add Button ( radio ) 

112 age_buttons_layout.  add Widget( radio ) 

113 if  age  ==  " 20 -29 ": # default selection 

114 radio . setChecked ( True ) 

115 baseline_layout.  add Layout( age_buttons_layout)  

116 

117 #  Baseline  Gender  Buttons 

118 gender_buttons_layout  = QHBoxLayout () 

119 gender_buttons_layout.  add Widget( QLabel(" Baseline Gender:")) 

120 self. gender_group  =  QButton Group ( self) 
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121 for gender in gender_labels: 

122 radio = QRadio Button ( gender) 

123 self. gender_group . add Button ( radio ) 

124 gender_buttons_layout.  add Widget( radio ) 

125 if gender == " Male ": # default selection 

126 radio . setChecked ( True ) 

127 baseline_layout.  add Layout( gender_buttons_layout  ) 

128 

129 control_layout.  add Layout( baseline_layout) 

130 

131 #  Session  duration  control 

132 duration_layout   =  QHBoxLayout () 

133 duration_layout.  add Widget( QLabel(" Session  Duration  ( seconds):") 

) 

134 self. duration_spinbox  =  QSpin Box () 

135 self. duration_spinbox . setRange (1 , 60) 

136 self. duration_spinbox . setValue (5) 

137 duration_layout.  add Widget( self. duration_spinbox ) 

138 control_layout.  add Layout( duration_layout) 

139 

140 #  Start/ Stop  button 

141 self. start_button = QPush Button (" Start Session ") 

142 self. start_button . clicked . connect( self. toggle_session ) 

143 control_layout.  add Widget( self. start_button ) 

144 

145 # Status label 

146 self. status_label =  QLabel(" Status:  Ready") 

147 control_layout.  add Widget( self. status_label)  

148 

149 #  Current  prediction  label 

150 self. prediction_label = QLabel(" No predictions yet") 

151 control_layout.  add Widget( self. prediction_label)  

152 

153 # Saved  images  count 

154 self. saved_count_label  = QLabel(" Images saved : 0 ") 

155 control_layout.  add Widget( self. saved_count_label)  

156 

157 #  Inference  count  label 

158 self. inference_count_label   =  QLabel(" Inferences:   0 ") 

159 control_layout.  add Widget(  self .  inference_count_label  ) 

160 

161 # FPS counter label 

162 self. fps_label = QLabel(" Camera FPS: 0.0 ") 

163 control_layout.  add Widget( self. fps_label)  

164 

165 # Inference timing label 
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166 self. inference_time_label = QLabel(" Inference time : 0.0 ms") 

167 control_layout.  add Widget( self. inference_time_label)  

168 

169 # Model breakdown timing labels 

170 self. emotion_time_label  = QLabel(" Emotion model: 0.0 ms") 

171 self. age_time_label = QLabel(" Age model: 0.0 ms") 

172 self. gender_time_label  = QLabel(" Gender model: 0.0 ms") 

173 

174 # Add model timing labels 

175 control_layout.  add Widget( self. emotion_time_label)  

176 control_layout.  add Widget( self. age_time_label)  

177 control_layout.  add Widget( self. gender_time_label)  

178 

179 # Add displays and control panel to main layout 

180 main_layout. add Widget( self. video_label)  

181 display_panel = QWidget () 

182 display_layout = QVBoxLayout( display_panel)  

183 display_layout.  add Widget( self. face_label)  

184 display_layout. add Widget( QLabel(" Detected  Face ")) 

185 main_layout.  add Widget( display_panel)  

186 main_layout.  add Widget( control_panel)  

187 

188 # Video capture initialization 

189 self. video = cv2 . Video Capture (0) 

190 if not self. video . isOpened (): 

191 self. status_label.  setText(" Error: Could not open camera ") 

192 

193 #  Timer  for  updating  video  frames 

194 self. timer = QTimer () 

195 self. timer. timeout. connect( self. update_frame ) 

196 self. timer. start (30) # roughly 30 FPS 

197 

198 #  Timer  for  session  duration 

199 self. session_timer = QTimer () 

200 self. session_timer. timeout. connect( self. end_session ) 

201 

202 #  Session  state  variables 

203 self. session_active  =  False 

204 self. saved_count = 0 

205 self. inference_count = 0 

206 self. session_data = [] 

207 self. current_session_dir = None 

208 

209 # Baseline reference values from user inputs ( set on session 

start) 

210 self. input_emotion = None 
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211 self. input_age  =  None 

212 self. input_gender = None 

213 

214 # FPS  calculation  variables 

215 self. prev_frame_time  =  time . time () 

216 self. frame_times = deque ( maxlen =30) # Store the last 30 frame 

times for smoothing 

217 

218 #  Inference  timing  variables 

219 self. total_inference_time  =  0 

220 self. emotion_inference_time = 0 

221 self. age_inference_time = 0 

222 self. gender_inference_time = 0 

223 

224 # Frame counters for FPS and no face detection 

225 self. total_frames  = 0 

226 self. frames_no_face = 0 

227 self. session_start_time = None 

228 

229 def  toggle_session ( self): 

230 if not self. session_active : 

231 self. start_session () 

232 else : 

233 self. end_session () 

234 

235 def  start_session ( self): 

236 # Read  baseline  values  from the radio  button  groups 

237 self. input_emotion = self. emotion_group . checked Button (). text () 

if self. emotion_group . checked Button () else " Happy" 

238 self. input_age = self. age_group . checked Button (). text () if self. 

age_group . checked Button () else " 20 -29 " 

239 self. input_gender = self. gender_group . checked Button (). text () if 

self. gender_group . checked Button () else " Male " 

240 

241 # Create session directory using the baseline values and a 

timestamp 

242 timestamp =  datetime . now (). strftime ("% Y% m% d_% H% M% S") 

243 folder_name = f"{ self. input_emotion } _{ self. input_age } _{ self. 

input_gender} _{ timestamp }" 

244 self. current_session_dir = os. path . join (" captured_images", 

folder_name ) 

245 os. makedirs( self. current_session_dir ,  exist_ok = True ) 

246 

247 self. session_active  =  True 

248 self. start_button . setText(" Stop  Session ") 
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249 self. status_label.  setText(" Status: Session active ( Monitoring 

changes)") 
 

250  

251  #  Reset  session  data  and  counters 

252  self. session_data = [] 

253  self. saved_count = 0 

254  self. inference_count = 0 

255  self. saved_count_label.  setText(" Images  saved :  0 ") 

256  self. inference_count_label.  setText(" Inferences: 0 ") 

257   

258  #  Reset  frame  counters  and  record  session  start  time 

259  self. total_frames = 0 

260  self. frames_no_face = 0 

261  self. session_start_time = time . time () 

262   

263  # Start the session timer ( duration in milliseconds) 

264  duration = self. duration_spinbox . value () * 1000 

265  self. session_timer. start( duration ) 

266   

267 def end_session ( self): 

268 if self. session_active : 

269 #  Calculate  actual  session  duration 

270 session_duration_actual  = time . time () - self. 

session_start_time 

271 avg_camera_fps = self. total_frames / 

session_duration_actual if session_duration_actual  > 0 

else 0 

272 

273 if  self. current_session_dir   and  self. session_data : 

274 metadata_file = os. path . join ( self. current_session_dir , 

" session_data . json ") 

275 with open ( metadata_file , ’w’) as f: 

276 avg_inference_time = self. total_inference_time / 

self. inference_count if self. inference_count > 0 

else  0 

277 avg_emotion_time = self. emotion_inference_time / 

self. inference_count if self. inference_count > 0 

else  0 

278 avg_age_time = self. age_inference_time / self. 

inference_count if self. inference_count > 0 else 

0 

279 avg_gender_time  =  self. gender_inference_time  /  self 

. inference_count if self. inference_count > 0 

else 0 

280 

281 json . dump ({ 
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282 ’ ba seline ’: { 

283  ’ emotion ’:  self. input_emotion , 

284  ’ age ’: self. input_age , 

285  ’ gender ’: self. input_gender 

286 },  

287 ’ timestamp ’:  datetime . now (). strftime ("%Y -% m -% d 

% H:% M:% S"), 

288 ’ duration ’:  self. duration_spinbox . value (), 

289 ’ total_inferences ’:  self. inference_count , 

290 ’ total_saved_images ’:  self. saved_count , 

291 ’ performance_metrics  ’: { 

292 ’ avg_inference_time_ms ’: round ( 

avg_inference_time * 1000 ,  2), 

293 ’ avg_emotion_model_time_ms  ’:  round ( 

avg_emotion_time * 1000 , 2), 

294 ’ avg_age_model_t ime_ms ’:  round ( avg_age_time 

* 1000 , 2), 

295 ’ avg_gender_model_time_ms  ’:  round ( 

avg_gender_time * 1000 , 2), 

296 ’ inferences_per_second ’: round ( self. 

inference_count / self. duration_spinbox . 

value (), 2) if self. duration_spinbox . 

value () > 0 else 0 , 

297 ’ avg_camera_fps ’:  round ( avg_camera_fps ,  2), 

298 ’ total_frames ’:  self. total_frames , 

299 ’ frames_no_face ’:  self. frames_no_face 

300 }, 

301 ’ data ’:  self. session_data 

302 }, f,  indent =4) 

303 print(f" Session data saved to { metadata_file }") 

304 

305 self. session_active  =  False 

306 self. start_button . setText(" Start  Session ") 

307 self. status_label.  setText(" Status: Ready") 

308 self. session_timer. stop () 

309 

310 # Optionally , show a message box indicating the session has 

ended 

311 if self. inference_count > 0: 

312 avg_time = ( self. total_inference_time / self. 

inference_count)  * 1000 # convert to ms 

313 QMessage Box. information ( self , " Session  Ended ", 

314 f" The session has ended .\ n Total 

inferences: { self. 

inference_count }\ n" 
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315 f" Images saved : { self. saved_count }\ 

nAvg. inference time : { avg_time 

:.2 f}  ms") 
 

316 else : 

317  QMessage Box. information ( self , " Session  Ended ", 

318 

 
 
 
 

 
319 

 f" The session has ended .\ n Total 

inferences: { self. 

inference_count }\ n" 

f" Images saved : { self. saved_count}"  

  ) 

320   

321  # Reset  inference  timing  counters for the next session 

322  self. total_inference_time = 0 

323  self. emotion_inference_time = 0 

324  self. age_inference_time  = 0 

325  self. gender_inference_time = 0 

326  self. inference_count = 0 

327   

328 

 
 

 
329 

def 

: 

save_image_with_data ( self , frame ,  prefix ,  emotion ,  age ,  gender) 

 
if not  self. current_session_dir:  

330  return  None 

331   

332 timestamp = datetime . now (). strftime ("% Y% m% d_% H% M% S_% f") 

333 # Construct file name with baseline inputs and current 

predictions 

334 filename = os. path . join ( 

335 self. current_session_dir  , 

336 f"{ self. input_emotion } _{ self. input_age } _{ self. input_gender} 
 

 
337 

_{ prefix} _E{ emotion } _A{ age} _G{ gender} _{ timestamp }. jpg" 

) 

338 cv2 . imwrite ( filename ,  frame ) 

339  

340 data_entry = { 

341 ’ filename ’:  os. path . basename ( filename ), 

342 ’ timestamp ’: timestamp , 

343 ’ type ’: prefix , 

344 ’ inference_number ’:  self. inference_count , 

345 ’ predictions ’:  { 

346 ’ emotion ’:  emotion , 

347 ’ age ’: age , 

348 ’ gender ’: gender 

349 }, 

350 ’ timing ’:  { 

351 ’ total_inference_ms ’: round ( self. total_inference_time * 

1000 , 2), 
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352 ’ emotion_inference_ms ’:  round ( self. 

emotion_inference_time * 1000 , 2), 

353 ’ age_inference_ms ’: round ( self. age_inference_time * 

1000 , 2), 

354 ’ gender_inference_ms ’:  round ( self. gender_inference_time 

* 1000 , 2) 

355 } 

356 } 

357 self. session_data . append ( data_entry ) 

358 self. saved_count += 1 

359 self. saved_count_label.  setText(f" Images saved : { self. 

saved_count}") 

360 return  filename 

361 

362 def  update_frame ( self):  

363 # Calculate FPS using a deque of frame times 

364 current_time  =  time . time () 

365 self. frame_times. append ( current_time  -  self. prev_frame_time ) 

366 self. prev_frame_time = current_time 

367 

368 if len ( self. frame_times) > 0: 

369 avg_frame_time = sum ( self. frame_times) / len ( self. 

frame_times) 

370 fps = 1.0 / avg_frame_time if avg_frame_time > 0 else 0 

371 self. fps_label. setText(f" Camera FPS: { fps :.1 f}") 

372 

373 ret , frame = self. video . read () 

374 if  not  ret: 

375 self. status_label.  setText(" Error:  Failed  to  capture  frame ") 

376 return 

377 

378 self. total_frames  += 1 # Count every captured frame 

379 

380 display_frame = frame . copy () 

381 gray = cv2 . cvtColor(  frame , cv2 . COLOR_BGR 2 GRAY ) 

382 faces  =  detector( gray) 

383 

384 face_found = False 

385 

386 for i in faces: 

387 face_found  =  True 

388 x, y, w, h = (i. left (), i. top (), i. width (), i. height ()) 

389 padding  =  30 

390 x1 = max(0 , x - padding ) 

391 y1 = max(0 , y - padding ) 

392 x2 = min ( frame . shape [1], x + w + padding ) 
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393 y2 = min ( frame . shape [0], y + h + padding ) 

394 

395 cv2 . rectangle ( display_frame , ( x1 , y1 ), (x2 , y2 ), (43 , 91 , 

132) , 2) 

396 face = gray[ y1 :y2 , x1 : x2 ] 

397 if face . size  == 0: 

398 continue 

399 

400 # Preprocess  face  for  emotion  inference 

401 face_emotion = cv2 . resize ( face , (96 , 96)) 

402 face_emotion = face_emotion . astype ( np. float32 ) / 255.0 

403 face_emotion = np. expand_dims( face_emotion ,  axis =[0 ,  -1]) 

404 

405 #  Preprocess  face  for  age  and  gender  inference 

406 face_age_gender = cv2 . resize ( face , (224 , 224)) 

407 face_age_gender = cv2 . cvtColor( face_age_gender , cv2 . 

COLOR_GRAY 2 BGR ) 

408 face_age_gender = face_age_gender.  astype ( np. float32 ) / 

255.0 

409 face_age_gender = np. expand_dims( face_age_gender , axis =0) 

410 

411 if self. session_active : 

412 # Increment inference counter when session is active 

and processing a face 

413 self. inference_count += 1 

414 self. inference_count_label.  setText(f" Inferences: { self. 

inference_count}") 

415 

416 #  Time  the  entire  inference  process 

417 inference_start   =  time . time () 

418 

419 # Emotion inference with timing 

420 emotion_start  =  time . time () 

421 cuda . memcpy_htod ( emotion_d_input  ,  face_emotion . ravel ()) 

422 emotion_context.  execute_v2 ([ int( emotion_d_input),  int( 

emotion_d_output)])  

423 output_emotion = np. empty( emotion_output_shape  , dtype = 

np. float32 ) 

424 cuda . memcpy_dtoh ( output_emotion ,  emotion_d_output)  

425 emotion_time = time . time () - emotion_start 

426 self. emotion_inference_time  +=  emotion_time 

427 self. emotion_time_label.  setText( f" Emotion model: { 

emotion_time * 1000 :.2 f} ms") 

428 

429 # Age  inference  with  timing 

430 age_start = time . time () 
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431 cuda . memcpy_htod ( age_d_input ,  face_age_gender.  ravel ()) 

432 age_context. execute_v2 ([ int( age_d_input),  int( 

age_d_output)]) 

433 output_age = np. empty( age_output_shape , dtype =np. 

float32 ) 

434 cuda . memcpy_dtoh ( output_age ,  age_d_output)  

435 age_time = time . time () - age_start 

436 self. age_inference_time  +=  age_time 

437 self. age_time_label.  setText(f" Age  model:  { age_time 

* 1000 :.2 f} ms") 

438 

439 # Gender inference with timing 

440 gender_start = time . time () 

441 cuda . memcpy_htod ( gender_d_input , face_age_gender.  ravel 

()) 

442 gender_context.  execute_v2 ([ int( gender_d_input),  int( 

gender_d_output)])  

443 output_gender = np. empty( gender_output_shape , dtype =np. 

float32 ) 

444 cuda . memcpy_dtoh ( output_gender ,  gender_d_output)  

445 gender_time = time . time () - gender_start 

446 self. gender_inference_time += gender_time 

447 self. gender_time_label.  setText(f" Gender model: { 

gender_time * 1000 :.2 f} ms") 

448 

449 #  Total  inference  time  for  this  frame 

450 total_time = time . time () - inference_start  

451 self. total_inference_time += total_time 

452 self. inference_time_label.  setText( f" Inference time : { 

total_time * 1000 :.2 f} ms") 

453 else : 

454 # If not in active session , still run inference but 

without timing 

455 cuda . memcpy_htod ( emotion_d_input  ,  face_emotion . ravel ()) 

456 emotion_context.  execute_v2 ([ int( emotion_d_input),  int( 

emotion_d_output)])  

457 output_emotion = np. empty( emotion_output_shape  , dtype = 

np. float32 ) 

458 cuda . memcpy_dtoh ( output_emotion ,  emotion_d_output)  

459 

460 cuda . memcpy_htod ( age_d_input ,  face_age_gender.  ravel ()) 

461 age_context. execute_v2 ([ int( age_d_input),  int( 

age_d_output)]) 

462 output_age = np. empty( age_output_shape , dtype =np. 

float32 ) 

463 cuda . memcpy_dtoh ( output_age ,  age_d_output)  
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464 

465 cuda . memcpy_htod ( gender_d_input , face_age_gender.  ravel 

()) 

466 gender_context.  execute_v2 ([ int( gender_d_input),  int( 

gender_d_output)])  

467 output_gender = np. empty( gender_output_shape , dtype =np. 

float32 ) 

468 cuda . memcpy_dtoh ( output_gender ,  gender_d_output)  

469 

470 emotion_idx = np. argmax( output_emotion ) 

471 emotion = emotion_labels[ emotion_idx] 

472 

473 age_idx  =  np. argmax( output_age ) 

474 age  =  age_labels[ age_idx] 

475 

476 gender_prob = output_gender [0][0] 

477 gender = ’ Female ’ if gender_prob > 0.5 else ’ Male ’ 

478 

479 # Update  current  prediction  label 

480 self. prediction_label.  setText(f" Current:  { emotion },  { age}, 

{ gender}") 

481 

482 # If session is active , compare current predictions with 

the baseline inputs 

483 if self. session_active : 

484 if ( emotion != self. input_emotion or age != self. 

input_age or gender != self. input_gender):  

485 change_filename = self. save_image_with_data ( frame , 

" change ", emotion , age , gender) 

486 print(f" Change detected ! New - Emotion : { emotion }, 

Age: { age}, Gender: { gender}") 

487 print(f" Saved  image :  { change_filename }") 

488 

489 # Draw text with outline on the display  frame 

490 font_size  =  0.7 

491 font  =  cv2 . FONT_HERSHEY_SIMPLEX 

492 font_color = (248 , 249 , 250) 

493 font_thickness   =  2 

494 l ine_spacing  =  25 

495 

496 def put_text_with_outline ( text , y_pos): 

497 cv2 . putText( display_frame , text , (x1 , y_pos), font , 

font_size , (0 , 0 , 0), font_thickness + 1) 

498 cv2 . putText( display_frame , text , (x1 , y_pos), font , 

font_size , font_color , font_thickness) 

499 
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)) 

 
 
 
 
 
 
 

 
515 self. prediction_label.  setText(" No face  detected ") 

516 

517 # Convert the display frame from BGR to RGB and update the 

video label 

518 rgb_frame = cv2 . cvtColor( display_frame , cv2 . COLOR_BGR 2 RGB ) 

519 h_frame , w_frame , ch = rgb_frame . shape 

520 q_image = QImage ( rgb_frame . data , w_frame , h_frame , w_frame * ch 
 

 

 
521 

 ,  QImage . Format_RGB 888 ) 

self. v ideo_label.  setPixmap ( QPixmap . from Image ( q_image )) 

522   

523 def close Event( self ,  event): 

524  self. timer. stop () 

525  self. session_timer. stop () 

526  self. video . release () 

527  event. accept () 

528   

529 if  __nam e__ == " __main__ ": 

530 app =  QApplication ([]) 

531 wind ow = Face AnalysisApp () 

532 wind ow . show () 

533 app . exec_ () 

 

500 

 
 

 
501 

 
502 

put_text_with_outline  ( f" Emotion : { emotion }", y1 - 

line_spacing * 3) 

put_text_with_outline ( f" Age: { age}", y1 - line_spacing * 

put_text_with_outline ( f" Gender: { gender}", y1 - 

line_spacing ) 

503   

504 # Update the fa ce  display  area 

505 face_display  = cv2 . resize ( face , (200 , 200)) 

506 h_face , w_face = face_display . shape 

507 q_face_image = QImage ( face_display . data ,  w_face ,  h_face , 
 

 
508 

 
509 

w_face   ,        QImage  .  Format_Grayscale 8  ) 

self. face_label.  setPixmap ( QPixmap . from Image ( q_face_image 

510 break #  Process  only  the first detected face 

511   

512 if not face_found :  

513 

 
 

 
514 

self. frames_no_face += 1 

detected 

self. face_label. clear () 

# Count frames with no face 

 


