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Abstract 

The rapid advancement in technology today has given significant importance to gaze 

prediction. Ranging from virtual reality to monitoring humans in a specific environment, 

gaze prediction plays a vital contributor in these fields. This paper focuses on 

implementing a system that can monitor human gaze direction using the traditional 

techniques of computer vision and the more advanced convolutional neural networks. 

The traditional technique implemented in this paper relies on the famous HOG classifier 

for extracting human eyes from face images and a modular approach for facial feature 

extraction using convolutional neural networks for gaze prediction. We use the 

Columbia Gaze dataset, which is a popular dataset in the field of gaze prediction, for 

training and evaluating the systems developed for this paper. The aim of this study is to 

develop and exploit the limitations of each technique that predicts the human gaze. The 

paper, at the end, discusses various analysis techniques, comprising visualisations and 

evaluation metrics such as precision, recall, f1-score and accuracy. To contribute further, 

a recommendation is made by evaluating the metrics between the employed techniques 

for their use in different gaze prediction environments.  

 

1 Introduction 

1.1 Background 

 

Gaze prediction is a field of computer vision which refers to the identification and monitoring 

of the direction in which a person looks. The ability of computers to detect and track eye 

movement has given rise to superior methods of analysing human behaviour and the way 

humans interact with machines for example, vehicles equipped with driver monitoring use 

gaze detection to monitor driver attention, online exams and recruitment test portals use 

proctoring technology that use gaze detection to check if a candidate is using multiple 

displays.  

     Tracking the movement of eyes can help assist in determining the attention, focus, and 

intentions of individuals, which makes this beneficial across many industries. Many fields, 

such as advanced driver assistance systems (ADAS), behaviour analysis, simulators, the 

gaming industry, and assistive technologies for the disabled, use this technology as a core 

feature. In a study performed by (Ryu et al., 2024), gaze monitoring was combined with 

behaviour analysis to evaluate human reaction in road accident situations, the results of the 

implemented GCN model showed a notable contribution of eye behaviour in the overall 

analysis, which proves the influence of gaze prediction in human monitoring. Furthermore, 



 

2 
 

 

extensive research is being conducted to improve the interaction between humans and robots. 

For this purpose, (Samaniego et al., 2024) explored the gaze prediction module in pepper 

robots, emphasising that it is essential for the robots to understand human expressions to 

improve social interaction. 

1.2 Motivation 

 

Throughout the years, the evolution in machine learning has led to the development of 

various approaches used to detect human gaze emerging from simple machine learning 

techniques to the more advanced convolutional neural networks. However, despite the large 

contributions made to this field, effective gaze prediction proposes new challenges across 

various real-world environments and systems due to lighting conditions, facial features, head 

pose and limitations in hardware. These challenges are further highlighted by (Chandel et al., 

2024) where the authors insist on addressing these challenges for an efficient integration of 

gaze prediction systems in IoT devices for paediatric healthcare. Thus, due to these 

challenges developers and researchers spend substantial time researching what approach to 

follow in their use case.  

     This research investigates the two state-of-the-art technologies used for human gaze 

prediction. The first technique utilises the OpenCV and Dlib library, which incorporates 

simple machine learning models such as the Histogram of Oriented Gradients (HOG) for 

extracting eye regions from face images. On the other hand, the modular convolutional neural 

network system developed for this study uses a pipelined approach to detect face, eye 

regions, and finally predict the gaze direction from the given image. The goal is to implement 

robust systems and investigate the competence of each system to provide future researchers 

and developers recommendations and starting points for their applications through various 

analysis techniques. 

1.3 Research Question 

 

Which gaze prediction technique should be used in a particular gaze detection application? 

     (J. Li et al., 2022) conducted a comparative study on the different techniques used for gaze 

prediction, such as template-matching, machine learning models, and neural networks. For 

future work, the researchers focused on providing a detailed explanation and comparison of 

the system architecture of the individual techniques. It is not only essential to link and 

evaluate the results with the mechanism of the system but also necessary to connect the 

outcomes of the comparison to the specific requirement of gaze prediction applications. 

Further, their study utilised a self-collected dataset, which can sometimes be inefficient for 

future evaluation and simulating real-world scenarios such as head-pose angles. 

1.4 Research Objective 

 

The objective of this research is to implement gaze prediction systems using OpenCV and 

CNNs to reveal the trade-offs and advantages of each technique such as the performance in 
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resource-abundant and resource-scarce environments. The list below highlights the steps 

carried out for developing the gaze prediction systems for this research: 

 

• Develop and implement gaze prediction using OpenCV and Dlib libraries. 

• Design and train CNN-based models. 

• Evaluate the systems developed for this research. 

• Identify and evaluate models for different environments. 

 

2 Related Work 
 

Previous research in gaze prediction has led to many advancements in the technology used 

for gaze prediction systems. The recent work utilises state-of-the-art tools, particularly 

OpenCV and CNNs, to build robust eye-tracking systems. Even though being a legacy 

technology, OpenCV provides quality results with efficiency due to its wide adoption and 

accessibility in hardware-constrained environments. As machine learning has seen huge 

growth over the years and computational resources are more readily available to the public, 

new approaches such as CNNs are being adopted in gaze prediction systems offering 

promising solutions in complex execution environments.  

2.1 Traditional Techniques Used in Gaze Prediction 

 

This approach for predicting gaze has been used extensively due to the feasibility of running 

on simple hardware and producing effective results. The systems designed on these 

techniques rely on a pipelined approach by first detecting the face region from an image, then 

identifying the eye regions, and finally predicting the gaze direction. These steps remain 

similar across many of the previous research however, the tool or algorithm used varies. 

     (Viswanatha et al., 2023) produced a low-cost eye movement-controlled wheelchair that 

utilised Haar Cascade for face extraction and template matching technique for eye region 

extraction. The research elaborates on the Haar Cascade algorithm, which works by using 

square functions computed through the principles of integral image. The output of the Haar 

cascade algorithm produces a huge set of results, which is narrowed down using the 

Adaboost technique. To detect the gaze direction, a 68-point facial landmark template is used 

to detect the eye regions, these cropped regions are then binarized followed by calculating the 

ratio of dark regions in an eye to identify the location of the pupil, therefore determining the 

gaze direction. The system developed in this research produced robust results but with a high 

inference time compared to other algorithms due to the use of ensemble learning. (Kathpal et 

al., 2021) used the same template-matching technique to develop a typing application for 

disabled people utilising eye tracking which also demonstrated robust results with lesser 

inference time compared to the system produced using the Haar Cascade classifier.  

     (Maralappanavar et al., 2016) established a system in their study to monitor driver 

distraction by utilising gaze monitoring. They implemented the Viola-Jones algorithm, which 

is used for object detection using an algorithm pipeline and training data to detect face 

regions from an image. It is influential to note here that Haar Cascade is an application of the 

Viola-Jones algorithm and is narrowed down to pre-trained models that are ready to use. The 
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face region produced by the Viola-Jones algorithm is then converted to a YCbCr colour 

space, and edge detection is used to produce a rough estimate of the eye regions. Finally, 

these eye regions are used to calculate the distance of the pupil from the eye corners. The 

results of the study showed an accuracy of 75% but struggled to maintain this accuracy in 

low-light environments. From this study, it can be seen that the Viola-Jones technique can 

lead to limited accuracy due to adaptability problems in gaze prediction environments.  

     The feature of low processing requirements in traditional techniques, hybrid systems have 

been introduced by researchers, which harvest computer vision algorithms for some of the 

initial steps of gaze prediction. (Cao, 2023) utilised a hybrid approach in which face 

prediction was performed using the HOG classifier and the later steps, such as eye region 

detection, were performed using SVM. HOG classifier works by encoding of intensity 

gradients and edge directions for identifying areas of interest. It is a popular tool in less 

resource-available object detection systems where the shape of the object is a distinct feature. 

The results of another approach by (K R et al., 2023) showed that the use of the HOG 

classifier for face detection in a hybrid approach produced less error during training and 

testing, improving the overall results of the system.  

     The work done by (Mounica et al., 2019) brings a hybrid approach in which the face and 

eye region localisation is performed by the Haar cascade classifier, and the gaze direction is 

predicted by a neural network. To simplify the complex computation, the system only used 

the left eye to perform gaze detection. This step ultimately reduced the overhead of training a 

sophisticated model. However, this step hides the left eye when a person is looking to their 

left, causing the model to fail. Further, testing phase of the neural network in this research 

was capable of training on new images, which can cause the size of the neural network model 

to increase and, therefore, reduce inference speed. Another system made by (Yuli Cristanti et 

al., 2017) incorporated gaze prediction for developing assistive pointer control for people 

with physical disabilities. The system used the same Haar cascade classifier for face 

detection, and for the next step, calculations comprising of face width and height were used 

to perform eye region localisation for the left eye. It is crucial to note here that face 

dimensions vary from person to person and can lead to errors in systems when used across 

different test subjects. This proposed system then performed iris segmentation using inverse 

binary threshold and morphology to locate the iris in the eye image. To identify the gaze 

direction, the x-axis movement of the iris was tracked where an x value greater than the 

initial value was found the system outputs a right gaze and vice-versa to output a left gaze. 

This system showed some restrictions, such as the limitation of working at a maximum eye 

and camera distance of 100cm and poor performance in low light conditions. 

     Unmanned aerial vehicles (UAVs) require the training of individuals before they can be 

deployed. To provide a simpler solution to UAV control, (Zhu et al., 2021) utilised eye 

tracking to manoeuvre UAVs. As a first step for eye tracking, a template matching technique 

is utilised by the authors for eye region extraction. To track the pupil, the authors use IR-

LEDs with a camera to track the pupil movement in video frames. The use of IR-LEDs 

significantly reduces the preprocessing as face images captured in IR light significantly 

highlight the pupil. This technique provides a much simpler solution to gaze tracking but 

requires special hardware, controlled lighting, and relies on video frames to track the x and y-

axis movement of the pupil in subsequent frames. Further, the more hardware is used in a 
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system, the chances of equipment failure significantly increase, which can lead to 

catastrophic results if proper failsafe measures are not used, such as in the case of UAV 

control.  

2.2 Advanced Techniques Used in Gaze Prediction 

 

CNNs are one of the cornerstones in the field of computer vision. Many tasks that were 

computationally challenging using machine learning have been made possible by CNNs due 

to their robust and accurate feature extraction capabilities, unlike traditional machine learning 

techniques, which require manual feature extraction. CNNs have the advantage of capturing 

spatial and semantic patterns in data, making them robust to different head poses, and 

illumination problems, ensuring reliability in real-world and diverse scenarios. The review 

below explores some of the architectures used by previous researchers to develop the CNN 

models. 

     The system proposed by (Ewaisha et al., 2020) implemented a convolutional neural 

network which predicts driver gaze direction and head pose detection for automotive safety. 

The authors of the paper approached the task as a regression problem in which their model 

predicted the gaze and head pose angles at the same time. This use of this technique helped 

the model to better understand the relationship between the gaze and head pose angles, which 

can be a difficult task to perform when two separate models are used for each task. The 

dataset they utilised was the Columbia Gaze dataset, along with dataset augmentation, which 

increased the size of the dataset to 45000 images. For the architecture, eight convolutional 

layers were used, followed by dense layers with weights initialised using the VGG face 

descriptor model. The final model achieved an accuracy of 78.2% in testing. It is realised 

here that using weights of a pre-trained model for further training can cause the model to 

overfit. Furthermore, using a low number of layers can obstruct the model’s ability to learn 

and differentiate between two different tasks. 

     (Herashchenko & Farkaš, 2023) developed a modular system for gaze prediction 

comprising artificial neural networks. The authors used transfer learning in their architecture 

for the face (RetinaFace) and head pose prediction (6DRepNet), along with custom CNN 

layers for estimating gaze and head pose angles. A synthetic dataset was made for the 

research and combined with the Columbia Gaze dataset for training and testing the system. 

Pipelining these individual tasks has the advantage of training and evaluating every module 

separately, therefore increasing the reliability of the system. The results of the system prove 

this factor, which deliver an MAE of less than 2 degrees in both head and gaze angle 

predictions. 

     (Lemley et al., 2019) came up with a low hardware utilising gaze detection system based 

on a CNN model that took cropped eye images as input and estimated the gaze angle from 

both eyes. The use of both eyes for predictions is important as head pose can sometimes 

cause the portion of an eye in the image to disappear, resulting in the failure of the model to 

locate the eye.  The authors utilise the MPII Gaze dataset and highlight that small and high 

camera distance images in the dataset have a poor impact on the model’s performance. 

Keeping a note of this, it is essential to perform augmentation on the dataset. The CNN 

architecture was made up of 3x3 stacked convolutional layers, which reported a mean error of 
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3.65 degrees. The results of this work show that careful data preprocessing is an important 

step when there is a dataset quality issue. 

     (Ansari et al., 2021)  highlight in their paper that gaze prediction requires special hardware 

and proper lighting environments. To solve this issue, they designed a lightweight CNN 

model with no requirement for special hardware. For training this model, the researchers 

utilised a simple webcam to collect the images for different gaze angles however, the use of a 

low-quality webcam resulted in low-quality eye images. The first model out of three utilised 

a single eye for gaze detection, the second used full-face images, and the third included both 

eye images for predicting gaze directions. It was reported that the model that utilised the left 

eye images was able to produce the highest accuracy of 88% on front-face images. The 

review of this study shows that the system was not tested on images with head pose, and for 

the system to be reliable, it should be tested on all real-world scenarios. The findings made by 

the researchers show that even though the model was not able to compete with the best 

systems, its simplicity makes it useful for human-computer interactions.  

     (Prince et al., 2020) put stress on the use of eye tracking in the bio-medical field for the 

diagnosis of many diseases, such as Alzheimer’s. They further highlight the issues related to 

system design, for example, the requirement for a high-quality camera, the need to regularly 

update the model, and the availability of a quality dataset. The authors used the Eye Chimera 

dataset and experimented with different techniques for face detection, such as HOG classifier, 

neural networks and template matching using facial landmarks. Finally, the system developed 

with CNN, SVM, and Electrooculography reflected the best results in classifying eight gaze 

directions. To improve the efficiency of the model, the authors recommend increasing the 

size of the dataset and incorporating RNN for real-time prediction purposes.  The findings 

and challenges faced by the authors highlight the need to address the problems associated 

with the dataset used in a study. 

     The paper by (Hu et al., 2020) introduced a CNN model named DGaze for predicting gaze 

directions in different environments. The authors collect eye tracking data from 43 different 

subjects in 5 different scenes, including both indoor and outdoor conditions. The statistical 

analysis of the dataset revealed that the gaze direction, head pose velocities, position of 

objects the individuals looked at, and saliency (attention regions) of visual features were 

correlated with each other. Taking note of this statistical analysis, a CNN model was 

developed, which took encoded sequences of head velocity, position of objects, and gaze 

position as input, along with saliency maps extracted from the images as a separate input. It 

can be inferred here that producing a high number of input variables can cause a pre-

processing overhead, ultimately reducing the efficiency of the model. The results produced 

by the DGaze model outperformed the previous SGaze model, showing a 22% improvement 

in dynamic and a 9.5% improvement in static scenes. These results produced by the model 

were further evaluated using an ablation study where the contribution of each of the inputs to 

the model was verified. The results of the DGaze model show a huge improvement, but the 

model is not evaluated in real-world scenarios and there is a trade-off of resource and 

preprocessing overhead. 

 



 

7 
 

 

2.3 Evaluation of Gaze Prediction Techniques 

 

A review of previous research highlights the issue of different techniques used by researchers 

for evaluating gaze prediction systems. (Kar & Corcoran, 2017) emphasised the use of 

standard evaluation metrics, i.e. precision, recall, F1-Score, etc, to cross-evaluate different 

gaze prediction systems. The same authors (Kar & Corcoran, 2018) presented a software tool 

in their other study to mitigate the issue of different evaluation metrics. They utilised 

powerful evaluation metrics and visualisations that provide quantitative and statistical results 

to benchmark different gaze prediction systems. In another research, (J. Li et al., 2022) and 

(Xiang et al., 2021) perform experiments on CNN-based gaze prediction systems, including 

the same metrics highlighting the run-time performance and insights for each of the systems. 

The review of the evaluation techniques narrows down the metrics that can be used in this 

study for the individual and cross-evaluation of gaze prediction systems that are developed 

for this study. However, these analyses studies lack the absence of architecture specifications 

for the gaze prediction system, which is essential to debug performance issues, provide 

insights into model behaviour in different execution environments and optimise the resource 

usage of the system.  

     Reviewing the existing work done on gaze prediction unveils the methods and approaches 

that need to be followed for developing efficient gaze prediction systems. Understanding the 

core features and working of each of the techniques can help in addressing and handling any 

issues encountered during the development of each approach. Further, this review identifies 

the downsides of each technique, which can help in producing a better implementation of the 

previous work.  

 

3 Research Methodology 
 

To explore and evaluate the gaze prediction systems proposed for this study, it is essential to 

follow a certain path and build up on the methods used by previous research for the 

development of gaze prediction systems. 

 

Figure 1: Methodology plan and tools 

     To reach the objectives of this research, a modified version of the CRISP-DM process 

shown in Figure 1, is used to align the development of different phases of this study. The 
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project plan includes the steps of problem understanding, data exploration and preprocessing, 

system modelling, evaluation, and reporting of results, each section is explained in the 

following individual sub-sections. 

3.1 Problem Understanding 

 

Gaze detection is a crucial field in computer vision, with its usage applications spanning from 

high-tech devices to medical diagnosis usage. The two most popular methods used in 

predicting gaze direction include tools such as OpenCV and CNNs. The problem addressed in 

this research is to identify the use case of each technique by evaluating the trade-offs and 

advantages of each technique. The goal of this study is to analyse for what scenario a 

particular technique should be used. To achieve this, the study plans to build separate gaze 

prediction systems based on OpenCV and CNN and analyse the performance and results to 

get a better view of what technique can be used in a particular gaze prediction environment. 

3.2 Dataset Exploration and Preprocessing 

 

To train and evaluate the systems in this research, it is essential to gather data that is most 

used by previous research for conducting a thorough analysis. From the literature review, it 

was seen that public datasets and self-collected datasets are used extensively. It is essential 

here to highlight that self-collected datasets may give rise to several problems, such as bias in 

the model, overhead of arranging resources and test subjects. Further, to cross-evaluate the 

developed model with previously developed models many conditions need to be kept the 

same in which dataset plays a key factor. 

     The Columbia Gaze dataset, prepared by (Smith et al., 2013), is a widely used dataset in 

the field of gaze prediction and has been used to develop and evaluate many of the gaze 

prediction algorithms, for this study, the Columbia Gaze dataset is used due to a variety of 

features. The dataset contains 58880 face images of 56 people (32 male and 24 female) with 

different ethnicities to ensure diverse facial and eye features. Each person in the dataset is 

photographed under standard lighting conditions (to minimise variability) with five vertical 

head poses, seven horizontal gaze directions, and three vertical gaze directions. The key 

features of this dataset include: 

 

• High-resolution images (5184 x 3456 pixels). 

• Diverse head poses simulating real-world scenarios. 

• 7 gaze directions, enabling CNN models to learn variations. 

• Test subjects wearing spectacles 

• Labelled gaze directions and head poses in the form of angles 

 

     Even though this dataset provides controlled variations, there are some challenges 

associated with it. The dataset has an absence of dynamic background, limiting the 

complexity of environments, such as those seen in driver and online exam monitoring 

scenarios. Further, the size of the dataset is small compared to other datasets, such as the 

MPII gaze dataset, which contains millions of images (Y. Li & Li, 2024). Another issue 
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associated with this dataset is that there is a need to develop the bounding box data for the 

eye regions in the images. Much of the previous research uses cropped eye regions as input 

for the gaze detection systems, and the Columbia Gaze dataset does not provide this 

information directly, requiring researchers to use their techniques, such as manual and 

automatic tools, for producing cropped eye regions. To cater to such issues for this study, 

techniques such as face region cropping, removal of extreme head poses, and grayscale 

conversion are used.  The later sections of this study will elaborate on the tools and methods 

used for the pre-processing before using this dataset in the gaze prediction systems for this 

study. 

3.3 Traditional and Advanced System Modelling 

 

For this research, the gaze prediction systems are categorised into traditional and advanced 

approaches. These systems differ from each other significantly in terms of methodology, 

computational resource requirements and the adaptability to handle complex scenarios. These 

two techniques are designed and evaluated separately for this research to provide a detailed 

explanation of the strengths and weaknesses of each technique. 

     The traditional gaze prediction designed for this study relies on classical algorithms of 

computer vision, particularly HOG (Histogram of Oriented Gradients) and template matching 

technique, along with rule-based methods to detect the gaze direction. The previous research 

by (Miah et al., 2022) shows that these types of systems are used popularly in environments 

with less computational resources and real-time inference. The advanced gaze prediction 

system developed for this study uses transfer learning and convolutional neural networks. 

This study experiments with a direct approach and a pipelined CNN approach for a deeper 

investigation of the advanced system. The direct approach uses CNNs to directly estimate the 

gaze direction from an input image whereas the pipelined approach uses face detection, eye 

region detection and gaze detection module. Previous research shows that advanced 

techniques are more suitable in handling complex scenarios such as head-poses and lighting 

issues but demand more computational resources compared to the traditional algorithms thus, 

giving an advantage to traditional approaches in the areas where computing power is low.  

     As computer hardware has improved over the years, more processing power is available 

on smaller hardware devices, such as the latest Raspberry Pi 5, which provides enough 

computing power to run lightweight neural networks (Al Hamdi et al., 2023). To cater for the 

issue of the heavy resource requirement of CNNs, pre-trained models that provide a balance 

in performance and efficiency, such as MobileNet is used in this research. 

3.4 Evaluation 

 

To achieve the goal of this study, it is essential to follow the techniques that were used by 

previous research to evaluate the systems. (Kar & Corcoran, 2017) highlighted a significant 

issue with gaze prediction systems, which is the lack of standard tools used for the evaluation 

of systems. In their next study, they prepare a software which solves this issue by using 

numerical and visual techniques to gauge the performance of the gaze prediction systems. 

This technique is also used by (J. Li et al., 2022) where the same set of metrics were used to 
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evaluate the performance of gaze prediction systems. These metrics include recall, precision, 

accuracy, f1-score, and different visualisations which will be used for this study as well. 

 

4 Design Specification 
 

The system design for this research follows a systematic approach for developing the CNN 

model (advanced gaze prediction) and OpenCV model (traditional gaze prediction) to answer 

the research question of this study.  

 

Figure 2, Design Specification Diagram 

     Figure 2 highlights the design specification diagram. The first step was to load the 

Columbia Gaze dataset in the Visual Studio Code IDE to perform the necessary 

preprocessing to prepare the data for the CNN and OpenCV systems. Several steps, such as 

image resizing and cropping were performed to prepare the data for training and testing of the 

systems. 

     The CNN models represent the deep learning-based systems developed for this study. The 

CNN models process the data prepared in the previous step for identifying complex facial 

patterns for predicting the gaze direction. The OpenCV model represents the traditional 

algorithm-based gaze prediction system developed for this study. The traditional algorithm 

incorporates the use of Dlib and OpenCV libraries, providing pre-trained models for facial 

feature detection and facial template matching which are the classical approaches used in face 

detection-based applications.  

     The results produced by the CNN model and OpenCV algorithms are then fed to the 

evaluation step, where the results are compared and evaluated using various metrics and 

visualisations mentioned in the previous section. Based on these evaluations, the deployment 

of these approaches in various environments is discussed for future research references. 

 

5 Implementation 
 
In this study, the gaze prediction systems are categorised into traditional and advanced 

approaches. The systems differ from each other significantly in terms of methodology, 

computational resource requirements and the adaptability to handle complex scenarios. To 

train and test the advanced gaze prediction systems of this study, Kaggle Cloud notebooks are 

used, and the traditional gaze prediction system is developed and tested on Apple M3 SOC. 
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The below sections will elaborate on the architecture, tools, and frameworks used to develop 

each of the systems. 

5.1 Dataset Preprocessing 

 

The preprocessing steps implemented in this study needed to be addressed thoroughly to 

minimise the limitations of the dataset and to prepare it for an efficient implementation of 

gaze prediction systems. The steps implemented are as follows: 

 

1. Face Cropping and Eye localization: This step of image preprocessing was 

performed using Google’s MediaPipe library. This tool provides ready-to-use 

functions for various computer vision and machine learning tasks with reliability and 

efficiency. Using this tool, the original images were cropped to keep the face region in 

the images, and these face photos were then used to create the bounding box 

coordinates of the left and right eyes.  

2. Removing Extreme head poses: In the previous step, it was observed that the 

MediaPipe functions for eye region detection failed to localize eye regions at head 

pose above -15 and +15 degrees therefore, it was essential to remove such images as 

this could produce error in the dataset. This step reduced the size of the dataset to 

3197 images. 

3. Classification and Encoding of Gaze Directions: To reduce the processing overhead 

in the OpenCV implementation and to categorise the gaze directions, the Sklearn 

library was utilised to convert the gaze angles into three classes with all negative 

angles categorised as left gaze, all positive angles as right gaze and the 0 angles 

categorised as centre. In the end, these classes were one-hot encoded to ensure the 

compatibility of the dataset with the output layer of the CNN model.  

4. Cropping and Resizing: To meet the requirements of the CNN model, the original 

images were resized to 244 x 244 pixels using the OpenCV library. 

5. Conversion to Grayscale Images: The images in the dataset were converted to 

grayscale using OpenCV’s image colour conversion methods to reduce the 

computation complexity, keep an influence on edges and contrast in the images and 

minimise the influence of eye colours. However, to follow the input requirement of 3 

colour channels for pre-trained CNN models, the grayscale images were expanded to 

3 dimensions for the advanced gaze prediction systems using the Numpy library. 

6. Pixel Normalization (For Advanced Modelling): Keeping in mind the previous 

research, the pixel values were normalized to values between 0 and 1 range. This step 

reduces variability caused by lighting conditions. 

7. Annotation Refinement: To combine the eye-bounding box data and to remove the 

head-pose directions, a new CSV file was created to store all the labels to ensure 

simplicity and to remove the overhead of separate label files. 

8. Data Splitting: For the training and testing sets, 70% of the data was allocated for 

training and 30% was allocated for testing the systems. 
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5.2 Traditional Gaze Prediction System 

 

This system relies on classical computer vision algorithms used for detecting facial and eye 

regions for gaze detection. These techniques are known for their low resource requirement 

while producing promising results. For this system, the OpenCV and Dlib libraries are 

utilised as they are popular tools for computer vision tasks, and almost all the algorithms and 

techniques used by previous research are available in this library.  

 

Figure 3: Pipeline for traditional system 

     Figure 3 outlines the architecture for the traditional gaze prediction system developed for 

this research, which follows the classical approach used in the previous work. The first stage 

of the system uses a Histogram of Oriented Gradients (HOG) classifier to detect the face 

region from the input image. The HOG classifier is a pre-trained SVM classifier that detects 

areas of interest by capturing edges and textures, making the system more robust to lighting 

variations, which mitigates a popular issue seen in the previous work. The face detection 

stage narrows down the area of interest for the next detector stage, therefore allowing the 

detector to focus on more relevant areas. 

     The eye detection stage uses a popular technique known as the template matching 

algorithm to detect individual features of the face, such as nose, eyes, mouth, etc. This 

algorithm incorporates an ensemble model of regression trees trained on a labelled facial 

landmarks dataset to output the 68 coordinates of facial landmarks. The landmarks present on 

points 37 to 48 are the eye regions which are sent to the final stage of the system. 

 

Figure 4, Ratio method for detecting Gaze direction 

     The gaze detection stage uses the eye landmarks from the previous stage to crop eyes from 

the face image. These cropped images are then used to predict the gaze direction by utilising 

the ratio method. This method works by first converting the images to binary, which leaves 

the area around the pupil as 0 and the area covering the pupil as 1 by utilising a threshold 
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value between 0 and 255 as a cutoff point. The pixel values below the threshold value are the 

dark regions making up the pupil therefore, the values are set to 1 and pixel values above the 

threshold value are the white area around the pupil hence, they are set to 1. Figure 4 

highlights the further working of the ratio method, where the eye image is divided into three 

segments to calculate the position of the pupil. The pixel values in each of the segments are 

summed, and the region with the highest value is where the pupil is positioned, hence 

corresponding to the direction where the eye is looking. This method is applied for both eye 

regions, and a particular gaze direction is returned by the system when both eyes gaze in the 

same direction, e.g. if both eyes gaze in the right direction, then the output of the system is 

right, any different directions are considered as undetectable by the system.   

5.3 Advanced Gaze Prediction System 

 

This system refers to the use of advanced machine learning models, such as neural networks 

that can uncover and learn complex data patterns. The previous research particularly, by 

(Herashchenko & Farkaš, 2023) and (Ewaisha et al., 2020) utilises transfer learning and 

convolutional neural networks to develop robust gaze prediction systems. The following 

paragraphs explains the architecture of the two CNN models that are developed using the 

TensorFlow library for the advanced system of this study. 

5.3.1 Direct Approach CNN Model 
 

The architecture for the direct approach model uses the facial feature extraction ability of the 

VGG-Face model at its core followed by custom CNN and max pooling layers to learn the 

data patterns for predicting gaze directions. (Ewaisha et al., 2020) used the weights of the 

VGG-Face model in the first four layers of their CNN model, which emphasises the power of 

transfer learning in their study to produce quality performance in their gaze prediction 

solution.  

 

Figure 5, CNN Direct Approach Architecture 

     This CNN model in Figure 5 follows the same structure used by (Ewaisha et al., 2020), 

with the VGG-Face model as the base model with an input shape of 224 x 224 x 3. The base 

model is followed by CNN layers with the ReLU activation function to achieve a detailed 

feature extraction. A max pooling layer with a 2 x 2 kernel is attached after every 2 CNN 

layers to reduce spatial dimension while preserving relevant information. The feature maps 

produced by the feature extraction phase are then flattened, followed by a dense layer with 

256 units and another dense layer of 128 units. With a large model, it is essential to keep in 

mind the problem of overfitting, so a dropout layer is added with a rate of 0.3. Finally, a 

SoftMax-activated output layer is attached to the model to produce probabilities for the three 



 

14 
 

 

gaze directions. In the end, the model is compiled with the Adam optimiser, categorical 

cross-entropy as the loss function, and accuracy as the evaluation metric. 

5.3.2 Pipelined Approach CNN Model 

 

The pipelined CNN model for this study offers a systematic and modular approach to 

achieving a robust model. (Herashchenko & Farkaš, 2023) used a similar architecture in their 

gaze prediction study, which reflected several advantages of a modular approach compared to 

the direct approach. The use of this technique allows the individual CNN modules to be 

trained, tested and tuned separately, maximising the potential of the whole system.  

 

Figure 6, CNN Pipelined Approach Architecture 

     Figure 6 shows a high-level working of the pipelined approach developed for this study. 

The first eye region localisation model takes the input image and finds the bounding box 

coordinates for both eyes. The following module utilises the lambda layer in TensorFlow to 

crop the eye region using the input face image and coordinates from the previous module. 

Finally, the Gaze Detection model takes the images of left and right eyes to predict the gaze 

direction. The next paragraphs further explain the working of the eye localisation, eye region 

extraction module and gaze detection module. 

 

 

Figure 7, Eye Region Localization Module Architecture 

     The eye region localisation module shown in Figure 7 uses MobileNetV2 as the base 

model, followed by custom CNN layers. The input layer shape is kept at 224 x 224 x 3 to 

meet the requirements of the base model.  MobileNetV2 is a pre-trained model trained on the 

ImageNet dataset which serves as a high-level feature extraction segment in the architecture 

and thus, all the layers of the pre-trained model are kept frozen to retain its feature extraction 

capabilities. 

     The features extracted by the MobileNetV2 model are then refined by custom layers CNN 

layers with ReLU activation functions. Each convolution layer with a 3 x 3 filter size is 

followed by a batch normalisation layer for stability, a dropout layer with different rates 

(depending on the number of filters) to reduce over-fitting, and a max pooling layer with a 2 
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x 2 kernel is added to reduce the spatial dimensions. The technique of starting with a low 

number of filters, moving to a high number of filters, and finally reducing the number of 

filters is inspired by the implementation by (Ewaisha et al., 2020). This technique in building 

a CNN architecture mimics how human vision works where, at first, low-level features are 

extracted (edges and textures), and the higher-level features are extracted through successive 

processing. These high-level features are then summarized by convolution layers with a low 

number of filters. At the end of convolution layers in the model, a global average pooling 

layer is added which compresses the spatial dimensions into a single vector followed by 

dense layers with 256 neurons for a high feature representation and a dropout layer with a 

rate of 0.3 to maintain regularisation. This dense layer is then attached to an output layer with 

eight neurons to produce the bounding box coordinates for the two eyes. This model predicts 

continuous values of the eye coordinates which makes it a regression model therefore, no 

activation function is used in the output layer. Finally, the model is compiled using an 

RMSProp optimiser, mean squared error as the loss function, and intersection over union 

(IoU) as the evaluation metric. 

     The eye region extraction module present in Figure 6 serves as a sandwich module to 

provide input to the Gaze detection module. The eye region extraction module utilizes the 

lambda layer present in the Tensorflow library to crop eye regions using the original image 

sent as input to pipeline and the bounding box coordinates produced by the eye region 

localization module. The resultant eye images are then sent to the final gaze detection module 

for predicting the gaze direction. 

 

Figure 8, Gaze Detection Module Architecture 

     The gaze detection module shown in Figure 8 uses a multi-input CNN model for 

predicting the gaze direction of eye images. In this model, two separate MobilNetV2 models 

are used to extract visual features from each eye image. The resultant feature vectors are then 

combined using a concatenation layer, which produces a single feature vector. This combined 

feature vector is then passed down to the convolution layers in the architecture for further 

feature extraction. The architecture shown in Figure 7 follows a similar approach and 

parameters as the eye localisation module. However, this module does not follow the 

increasing and decreasing number of filter trends, as the input images need to be fully 

interpreted by the model. In the end, the convolution layers are followed by the global 

average pooling layer, a dense layer with 256 units, a dropout layer with a rate of 0.4 and an 

output layer containing three neurons with SoftMax activation function to output the gaze 

direction (left, center, right). Finally, the model is compiled with the Adam optimiser, 

categorical cross-entropy as the loss function, and accuracy as the evaluation metric. 
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6 Evaluation 
 
In this section, different experiments are carried out for each gaze prediction system 

developed for this research to achieve the best-performing systems. For the evaluation, 

numerical metrics proposed by previous research, such as recall, precision, accuracy, and f1-

score, are used to evaluate the individual systems. Visualisations are also a crucial aspect as 

they help to visually understand the performance of the models during the different phases of 

model development, especially in the case of neural networks. Tools such as confusion 

matrices, accuracy and loss plots, and ROC-AUC curves are used to evaluate class-specific 

performance. 

6.1 Experiments With Traditional System 

 

The traditional system developed for this study uses ready-to-use algorithms therefore, there 

are very few parameters which can be fine-tuned. Particularly, the binary threshold and centre 

eye segment ratio parameters are experimented with different values to achieve the optimal 

system. 

 

Figure 9, Experiments with Traditional System 

     Figure 9 shows the table with different parameter values used to conduct the experiments. 

From the table, it is evident that a binary threshold value of 100 and a centre eye segment 

ratio value of 0.2 produced the best result for this technique. 

 

Figure 10, Evaluation Metrics for Traditional System 

     Figure 10 shows the evaluation metrics and the confusion matrix for the traditional gaze 

prediction system. The results of the confusion matrix show that the system produces a 

significant number of misclassifications and almost fails to correctly predict the center gaze 

direction. This system also fails to predict any gaze direction on 117 images out of 959 that 
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are used for testing. However, the system performs well in identifying the right gaze 

direction. 

     The evaluation metrics show that only 53% of the predictions were correct. A precision 

value of 66% reflects that the system is reliable in predicting positive predictions but a recall 

of 53% shows that the system struggles to identify the actual positive cases. This imbalance 

between the precision and recall value results in a lower F1-Score of 49%. 

6.2 Experiments with Direct Approach CNN Model 

 

The direct CNN approach built for this system involved directly feeding the face images into 

the model to produce gaze predictions. For the training, the number of epochs used were 10 

and a batch size of 16 was used. However, this approach struggled to learn the complex facial 

patterns from the data and failed to learn the gaze features. 

 

Figure 11, CNN Direct Approach Evaluation Graphs 

     Various fine-tuning steps, including adjustment of filters in layers, use of different 

optimiser functions, and adjustment of filter size, were conducted to expect better 

performance from the model. However, after a careful examination of the accuracy and loss 

plots shown in Figure 11, it was realised that the model completely fails to understand the 

expected outcome from it. Further analysis of the issue revealed that eye regions in face 

images occupy a very small area relative to the image, making it complex for the model to 

learn the critical features for gaze detection. For this reason, a pipelined model was developed 

to address the issues faced by the direct approach model. 

6.3 Experiments with Pipelined CNN Model 

 

Since this model works with a junction of two CNN models, each model was trained 

separately on the same test sets to achieve consistent evaluation. Several experiments were 

conducted with different numbers of epochs, kernel sizes, and dropout rates. For this model, a 

batch size of 16 was used to achieve a balance between model efficiency and training time. 

The final models for each of the modules were then used in the pipelined model for a detailed 

evaluation. The below sections explain the metrics and visualisations for the modular and the 

final pipelined model. 
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Figure 12, Experiments with Pipelined CNN Model 

     The set of parameters used in the experiments for the modular models is shown in Figure 

12, which represents the metrics achieved by the modular models with the parameters that 

achieved the best result highlighted in the image. In these experiments, the filter size and 

number of epochs were tuned, and the rest of the parameters, such as the optimisation 

function and number of layers, were kept the same as these were implemented in the model 

architectures recommended by the previous research. 
 

 

Figure 13, Training Performance for Pipelined CNN Modules 

     The visualisations in Figure 13 show the performance of the eye localisation and gaze 

detection modules during the training. The eye localisation module shows a significant 

increase in IoU during the initial epochs, with the training loss decreasing sharply, showing 

that the model quickly learns to localise the eye regions. However, the gaze detection module 

shows a gradual and steady increase in accuracy, and a smooth decrease of loss, which 

indicates that the model is optimised consistently without any regularities. These 

visualisations reflect that a stable training process was performed, unlike the direct approach 

model, which failed to achieve this. These results further validate the decision to train the 

models separately, enabling each module of the pipeline to focus on specific tasks. 
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Figure 14, Testing Performance of Pipelined CNN model 

     The metrics and visualisations in Figure 14 represent the testing performance of the 

pipelined model. Starting with the evaluation metrics, an accuracy value of 68% reflects the 

success of the model in predicting gaze directions. A value of 0.75 for the precision metric 

shows that the predictions made by the model are accurate with low false positives. Further, a 

recall value of 0.68 indicates a good proportion of true instances. However, the model 

struggles to predict the left gaze direction. Finally, the F1-Score value of 0.69 reflects a 

decent performance of the model, leaving some room for further improvement in 

generalisation.  

     The confusion matrix values and the ROC curve achieved by the model show that the 

model performs the best in classifying the right gaze direction and performs the weakest in 

predicting the left gaze direction. The ROC curve for the left gaze class further confirms that 

the model fails to identify the difference in the left gaze class.  However, the model performs 

significantly well in predicting the centre gaze direction compared to the traditional gaze 

prediction, which failed to predict the centre gaze direction.  

6.4 Discussion 
 

The outcomes from the various experiments conducted in the previous section reflect many 

insights into the challenges and issues faced during the testing of traditional and advanced 

gaze prediction systems of this study. The results of the traditional system and the pipelined 

approach CNN model show that both models faced a significant challenge in predicting the 

left gaze direction. A critical inference of the results further shows that even though the 

pipelined approach did not fully succeed in learning the critical features for gaze prediction, 

utilising a pipelined approach suggested by (Herashchenko & Farkaš, 2023) was a beneficial 

decision. This is confirmed by the issues faced during the implementation of the direct CNN 

model, which highlights a potential issue with convolutional neural networks in focusing on 

small regions of interest, i.e. eye regions in face images. Similarly, the results of the 

traditional gaze prediction system show the inability of facial computer vision algorithms to 

identify face and eye regions due to head poses. 

     To improve the research and design of this study, future work could focus on 

implementing robust augmentation techniques to overcome the issue of misclassifications 

and an end-to-end pipelined model to minimise the error propagating in the pipeline, as 

shown by a low accuracy during the final test of the pipelined model. Further, the use of large 

models such as vision transformers incorporating attention mechanisms can be utilised to 
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emphasise eye regions in face images to improve the model’s ability to understand gaze 

patterns. 

     In the context of the previous research, it was seen that the modular approach aligns with 

the existing literature, which emphasises separating facial features for accurate prediction of 

gaze directions. Similarly, the issue of misclassifications reflects the previous research, where 

pipelined models struggle to differentiate among different gaze directions due to the small 

size of the dataset. The findings of this study contribute significantly to the field of gaze 

prediction by highlighting the strengths and limitations of different approaches used to 

develop gaze prediction, therefore providing valuable insights to future researchers. 

 

7 Conclusion and Future Work 
 

The motive of this research was to identify the strengths and limitations of advanced gaze 

prediction systems and traditional gaze prediction systems to provide recommendations to 

future researchers and developers for selecting a particular technique in their gaze prediction 

applications. To achieve this, various experiments were conducted using different techniques 

developed for this study. 

     The findings of this study highlight that CNN can be used in environments where frequent 

head poses are present in facial images, such as during driver monitoring, in conditions with 

various lighting, and in environments where there is a critical need for high accuracy in 

predictions such as medical diagnosis, therapy, and surveillance. On the other hand, 

traditional systems can be used where the system needs to work on small-scale hardware, 

such as VR glasses, where individuals do not show frequent or no head-poses, such as pointer 

control in VR headsets and online exam monitoring where candidates are looking straight 

towards the screen.  

     This study further reveals several insights for each gaze prediction system. It demonstrates 

the efficiency of the pipelined approach in improving feature extraction for complex tasks, 

which can encourage the research and development of pipelined gaze prediction systems. 

However, the limitations of this study, such as the preprocessing stage and imbalance in the 

predicted gaze direction reveal a need for improvement. Future work can explore the usage of 

vision transformers, multiple datasets, and cross-validation of dataset labels using different 

methods to minimise errors produced during model development. 

     There are many commercial applications, such as virtual and augmented reality, medical 

diagnosis software, and virtual reality, which utilise gaze prediction as a core feature. The 

systems developed for this study can be deployed to these applications with modifications 

and fine-tuning to meet the specific requirements of each application. Future research can 

work on refining these systems to achieve better performance in specific applications, reliable 

real-time performance, and increased generalizability to serve a wider range of execution 

environments. 
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