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Abstract  

Screen time is among the major factors leading to the increasing cases of eye strain and 

other health problems in the world today. In this regard, there is the need to develop solutions 

to help address this problem. Hence, this research introduces Blinkora, an android-based smart 

system that helps to analyze and control excessive screen usage. The proposed system 

combines application usage analytics and face detection capabilities on-device for the effective 

tracking of user interaction. Using the built-in device camera, the system is capable of 

confirming the active participation of the user(s) on the screen. The Blinkora system uses 

Android Usage Stats APIs and simple image processing algorithms to perform application-

level analytics and face detection respectively. Moreover, it calculates measures of exposure 

levels and addiction scores that measure dependency on screens. The entire process occurs on 

the device itself to achieve efficiency and guarantee privacy. Experiments conducted show that 

Blinkora efficiently merges the processes of monitoring, analyzing, and providing feedback to 

help increase user awareness. The presented method provides an effective solution that is both 

feasible and efficient for controlling screen usage and protecting one’s eyes from harm. 

Keywords: Screen Time Monitoring, Eye Health Analysis, Android Application, Face 

Detection, Usage Analytics, Digital Well-Being, Smart Alerts, Mobile Health. 
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1.  Introduction 

The rapid evolution of the smartphone technology industry has revolutionized 

communication, learning, and entertainment. Nevertheless, the rapid development of this 

industry poses numerous health risks. Excessive use of smartphones has been linked with 

computer vision syndrome, characterized by eye discomfort, blurry vision, and headaches, 

among other problems that can have negative consequences on productivity [1]-[3].  

It is essential to consider this issue and implement measures to monitor and mitigate 

the health risks posed by excessive smartphone usage. Currently existing apps aimed at 

measuring screen time tend to concentrate mostly on time spent using devices rather than on 

several more crucial components such as presence of a person using the device, the way of 

usage, and potential health risks associated with it [3], [4]. Furthermore, most systems take into 

account only one user, despite the possibility of several users using the same device at once 

[5].  

In order to overcome such limitations, Blinkora, an intelligence-based Android 

application designed for analyzing the screen time and monitoring eye health, is proposed in 

this paper. Blinkora combines usage metrics with facial recognition features in order to track 

screen interactions and ensure the presence of the user. Using the captured face pictures, the 

system identifies the users of an Android application and calculates personal statistics on screen 

usage. Besides, Blinkora analyzes the continuous duration of using devices and applications in 

order to identify behavioral patterns. Additionally, Blinkora includes an alert system that sends 

notifications based on the set boundaries. This alerting feature includes not only visual 

notifications but also advice on how to protect eyes (e.g., eye exercises).  

The Blinkora system design was done through Android Studio using the Kotlin 

language. Moreover, all the operations of the system are done on-device to guarantee low 

latency and higher data security. By incorporating user identification, real-time tracking, 

adaptive warnings, and use visualization, the Blinkora system provides a practical framework 

for encouraging digital wellness as well as mitigating the possible dangers of screen addiction. 

The rest of this paper is structured as follows: Section II gives a review of previous research 

on the topic of screen use tracking and digital wellness tools. Section III elaborates on the 

methodology behind the Blinkora system. Section IV discusses the results of this study. 
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2. Literature Survey 

The rise of smartphone usage has caused increased studies on how constant exposure 

to digital screens affects humans' health. It has been established that the extensive use of digital 

screens leads to digital eye strain, resulting in such issues as dryness, blurred vision, headaches, 

and low productivity [1]-[4]. Young people are especially prone to developing those disorders 

because they constantly interact with their phones and other digital screens [3]. Moreover, the 

increased usage of digital screens during the COVID-19 pandemic has exacerbated the 

situation [5]. Health organizations, such as the World Health Organization, advise limiting 

screen exposure and engaging in physical activities in order to avoid adverse consequences [6]. 

Also, the scientists underline the need to measure and monitor screen time and develop 

prevention methods that will help decrease visual strain [7]. However, most of the existing 

tools for measuring digital well-being neglect this advice, concentrating solely on counting 

screen time [3], [4]. 

Machine learning and computer vision developments have led to the creation of 

intelligent surveillance systems. The deep learning model put forward by Ian Goodfellow et al. 

enhances the extraction of features and patterns [8], whereas the statistical pattern recognition 

technique suggested by Anil K. Jain et al. forms a robust base for classification operations [9]. 

Object detection algorithms in real-time such as YOLO designed by Joseph Redmon et al. 

facilitate effective object detection in varying settings [10]. Moreover, mobile sensing 

technology and smartphone imaging systems offer continuous surveillance through mobile 

phone sensors and cameras [11], [12]. Yet, these techniques usually demand significant 

computing capabilities, which makes them less feasible for real-time mobile surveillance 

applications [13], [14]. 

Screen time monitoring applications possess numerous limitations. In most cases, they 

assume a single user and fail to accommodate multiple users for accurate usage attribution in 

devices that may be used by more than one person at a time. Besides, they lack real-time 

exposure detection capability and personalized alerts based on the user's usage habits. These 

applications tend to use fixed threshold values, which do not necessarily match different usage 

patterns; hence, they become ineffective when it comes to health risk evaluation and generating 

alerts. Vision-based detection techniques tend to perform excellently in object detection 

applications but tend to be computationally expensive and not real-time adaptable [15]. In the 

same vein, deep learning methods tend to be expensive to implement owing to the large amount 
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of data required and high processing capabilities [13], [14]. In addition, mobile sensing 

techniques are geared towards activity detection and monitoring without health risks evaluation 

[11]. 

The other major issue with the existing systems is the issue of privacy. Most of the 

techniques use cloud computing which leads to latency and potential threats related to data 

security. On-device computing is the more secure and efficient option but necessitates the use 

of optimized models that can run efficiently in real time. On the whole, present-day systems 

are constrained by lack of multi-user capability, adaptive thresholding, health-based alert 

mechanism, and private data protection measures. This reveals the importance of developing a 

smart, light, and real-time monitoring system. With its implementation of face detection on the 

device, continuous usage analysis, and adaptive health-based alerting, the Blinkora system 

fulfills all these requirements. 

3. Proposed Methodology 

The proposed Blinkora system is designed to monitor screen usage and detect user 

presence using face detection techniques, as illustrated in Fig. 1. This process starts when the 

app runs and monitors screen usage based on the Android UsageStats API. There is an 

assessment made concerning the predefined usage limit. In case there is still room left, the 

system continues monitoring screen usage. Once the limit is met, the front camera gets 

activated in order to take a picture of the user’s face. Preprocessing activities include 

normalization, noise removal, and extraction of key facial features. Then the process of 

detecting faces takes place according to a predefined confidence value. If there is no face 

detected, the user is notified about that and further monitoring continues. However, in case 

there is a face detected, the system logs screen usage time, saves the taken picture of the user 

and updates the information about user’s usage time. Then it calculates the overall time used 

for playing games in terms of hours and minutes and notifies the user about that. Moreover, it 

keeps track of all the face pictures taken and their associated usage time for each particular 

session. 
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Figure 1. Proposed Work Flow 

A. Face Detection Model 

The Blinkora platform utilizes a pre-trained face detection model that has been 

optimized for mobile devices and operates completely on-device without requiring any training 

within the Blinkora platform. The model works on images taken by the front camera of the 

device when the user interacts with it. The image is first acquired, then undergoes several stages 

including resizing, normalization, and noise reduction. Noise reduction methods are used to 

get rid of any image distortion due to lighting, shadows, or motion blurring while retaining 

important information in the image. The next step is the segmentation process where the 

bounding box detection method is employed to segment the facial portion of the image. After 

this, facial landmarks are detected in a process called feature extraction to identify certain 

important parts of the face. Feature vector extraction provides important features of the face, 

which can be used to validate the presence of the face. The validation is done using confidence 
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thresholding, whereby a face is said to have been detected if the confidence exceeds a 

predetermined threshold. This makes the process accurate and fast enough to detect users 

reliably. It should be noted that due to its size and pre-training on the side of the framework 

provider, it works efficiently on devices like mobile phones. 

B. Classification and Screen Time Analysis 

In the classification stage, the collected screen usage data is classified based on the 

predefined threshold values. The classification does not make use of any machine learning 

classification algorithms. The user's screen exposure level can be classified as: 

• Low Usage: Less than 60 minutes 

• Moderate Usage: Between 60 to 120 minutes 

• High Usage: More than 120 minutes 

The classification of user screen exposure level can be made to determine the level of 

digital exposure and the risk involved. An addiction score is also generated to determine the 

level of user addiction to screen usage. 

𝐴𝑑𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑆𝑐𝑜𝑟𝑒 =  (
𝑇𝑜𝑡𝑎𝑙 𝑆𝑐𝑟𝑒𝑒𝑛 𝑇𝑖𝑚𝑒

𝑅𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑒𝑑 𝐿𝑖𝑚𝑖𝑡
𝑅) ×  100 

For example, let's assume the user has spent 120 minutes in front of the screen, and the 

recommended limit is 60 minutes. In this case, the addiction score would be 200%. 

C. Adaptive Alert Mechanism    

An adaptive alarm system is activated depending on the screen time exposure 

classification. In case the user breaches a pre-set time period during the use of the screen, an 

alarm message is displayed with information on time spent, health risk levels, and eye exercise 

suggestions. When the user ignores the alarm, further alarms are set at progressively higher 

duration periods (such as 30 minutes and 45 minutes).  

Algorithm 

The working process of the Blinkora system can be expressed in the following 

algorithm: 

Step 1: Start the application   

Step 2: Initialize screen time monitoring by using the "UsageStats API"   
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Step 3: Continuously monitor screen time   

Step 4: Compare screen time with the limit   

Step 5: If screen time < limit   

            Continuously monitor screen time   

           Else   

            Enable the front camera   

Step 6: Capture the image by using the front camera   

Step 7: Perform face detection on the captured image   

Step 8: If face detection == "yes"   

            Store the image in local storage   

            Record screen time   

            Update user history   

           Else   

            Discard the image   

Step 9: Classify the level of screen time   

Step 10: Generate an alert by using the screen time level   

Step 11: Display screen time statistics and recommendations   

Step 12: End 

4. Results and Discussion 

The Blinkora system was developed and tested using an Android system, enabling 

evaluation of its efficiency in real-time tracking of screen time and presence detection. In 

addition, the system combines the use of application statistics generated using the Android 

UsageStats API and facial recognition in order to track users’ interactions accurately. The test 

results prove that the system can track screen interactions efficiently while confirming user 

presence with minimal delay since the process occurs locally. 

As shown in Fig. 2, the system uses the authentication interface to provide a secured 

entry into the system using user identification details and personalizes their screen usage. On 

successfully logging into the system, the system supports multiple users through the profiling 

feature, as illustrated in Fig. 3, which categorizes users into either Owner, Friend, or Guest. 

This approach ensures accurate tracking of users’ screen usage without duplication, especially 

in cases where the device is used by multiple users. 
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Figure 2. Blinkora User 

Login Interface 

 

Figure 3. User Identification 

and Profile Selection Module 

 

Figure 4. Screen Limit and 

Alerts 

The screen monitoring and alarm system illustrated in Fig. 4 lets the user set the time 

threshold for screen use, and constantly checks whether the actual usage meets that threshold. 

Upon crossing the threshold, alerts would be issued and instant feedback provided. The screen 

monitoring system also offers manual checking of usage via “Check Usage & Alert Now” on 

the interface, providing users with timely information about their usage. Face capture system 

illustrated in Fig. 5 is a crucial component that validates the presence of the user during 

interactions with the device. Facial images captured by the front-facing camera will be 

processed locally, providing a high level of privacy and minimizing latency time. 

The system offers usage analytics via dashboard visualization, as shown in Fig. 6. It 

gives screen usage statistics on an individual basis so that total screen usage time can be clearly 

identified. Moreover, the usage profile and weekly usage analytics, as presented in Fig. 7, 

reveal temporal screen usage trends so that peaks in usage can be easily detected. Usage level 

classification (low, medium, or high) and addiction calculation offer quantitative measures of 

screen usage. In addition, application-wise usage distribution reveals popular applications, 

helping users make informed decisions about controlling their screen time usage. 
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Figure 5. Face Capture 

Interface for User 

Identification 

 

Figure 6. Screen Usage of 

Guest 

 

Figure 7. User Profile and 

Weekly Usage Analysis 

The proposed system maintains a historical repository of usage data and associated face 

detection events, enabling retrospective analysis of user behavior. The integration of adaptive 

alerts and personalized recommendations, such as reminders for breaks and eye exercises, 

further enhances the system’s capability to promote digital well-being. Overall, the results 

indicate that Blinkora delivers a reliable, efficient, and user-centric solution for monitoring 

screen exposure, improving awareness, and encouraging healthier usage patterns. 

5. Conclusion 

An intelligent Android-based application, “Blinkora” was developed to monitor screen 

time and promote digital well-being through real-time analytics and user presence detection. 

The system incorporates the usage analytics together with face detection functionality, making 

it possible to monitor the actual level of user engagement with the screen effectively. The 

developed system introduces several improvements to current screen time monitoring systems, 

including multi-user capabilities, adaptive monitoring techniques, and personalized feedback 

generation methods. The system allows for successful detection of excessive screen usage cases 

and provides users with valuable feedback by applying visual analytics, risk classification 
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techniques, and recommendation mechanisms. On-device analytics allows the application to 

achieve low latency, high performance levels, and better user data privacy. Observations made 

during the experiment demonstrate that Blinkora is capable of monitoring user activities, 

supporting multiple users and generating useful feedback. Future research efforts could be 

aimed at cross-device synchronization capability introduction, implementation of predictive 

models based on machine learning algorithms, as well as integration with wearables. 

Improvement in adaptive alerts and health analytics could enhance the effectiveness of the 

developed solution. 
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