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Abstract: This paper explores the application of wearable sensor technology in healthcare, specifically
emphasizing the use of eye-tracking devices in postoperative visual rehabilitation for cataract patients. By
integrating Internet of Things (IoT) platforms, the study enables real-time collection of ocular movement
data, blink rates, and visual attention metrics critical for assessing visual recovery. Wearable eye-tracking
sensors provide continuous feedback on gaze behavior and visual focus, offering clinicians valuable
insights into patient progress outside clinical settings. Data analytics models, including Support Vector
Machines (SVM), Random Forest, Deep Neural Networks (DNN), and Logistic Regression, are employed
to classify rehabilitation stages and detect anomalies. DNN models demonstrate the highest classification
accuracy at 93.1%, with precision and recall both above 91%. SVM and Random Forest yield accuracies
of 91.4% and 90.8% respectively, confirming the reliability of sensor-derived data in postoperative
monitoring. The findings support the potential of loT-enabled eye-tracking systems in enhancing patient-
specific rehabilitation strategies and clinical decision-making.

Keywords: Eye-Tracking, Internet of Things (IoT), Visual Rehabilitation, Postoperative Monitoring,
Machine Learning.

1. Introduction

The integration of the Internet of Things (IoT) into the domain of medical science has
transformed how visual impairments are diagnosed, monitored, and rehabilitated, particularly in
ophthalmology. loT-enabled systems encompass a network of interconnected devices and
intelligent sensors that collect and transmit physiological and behavioral data in real-time,
offering new possibilities for continuous monitoring and individualized care [1]. Wearable
technologies, especially eye-tracking sensors, have emerged as a pivotal tool in monitoring
visual behavior, eye movement patterns, and attention focus which are the factors that are crucial
in evaluating visual recovery following ophthalmic surgery [2]. The application of these devices
in postoperative settings can facilitate the early detection of complications, track the pace of
visual rehabilitation, and help clinicians adapt therapy protocols to patient-specific recovery
trajectories [3]. These innovations are especially impactful in cataract care, where postoperative
follow-up is vital for successful visual outcomes and where real-time rehabilitation tracking can
significantly reduce dependence on periodic clinical visits [4].

Eye-tracking technologies in wearable formats (such as glasses embedded with infrared
sensors) allow for the unobtrusive collection of detailed gaze data and fixation metrics during
daily activities [5]. These systems can analyze key indicators like saccadic movement, fixation
duration, and gaze dispersion to determine the extent of visual function restoration post-surgery
[6]. When integrated with IoT frameworks, eye-tracking wearables can transmit this data
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securely to cloud-based systems or hospital servers, where it is processed using advanced
analytics [7]. Machine learning models trained on visual behavior data can predict rehabilitation
outcomes, detect anomalies, and support clinicians in adjusting treatment plans accordingly. This
real-time feedback loop not only supports precision care but also empowers patients by engaging
them actively in their recovery journey [8]. For elderly patients or those in underserved regions
where in-person visits may pose logistical challenges, remote visual monitoring becomes an
indispensable aspect of equitable and sustained postoperative care [9].

Recent advancements in health data analytics, driven by IoT and Al convergence, have
greatly expanded the scope and depth of patient monitoring across multiple physiological
domains [10]. In the case of visual health, large-scale eye-tracking datasets enable pattern
recognition that can predict potential visual regression or complications such as posterior capsule
opacification or retinal misalignment [11]. The use of wearable eye-trackers allows for
longitudinal data collection, capturing subtle shifts in visual behavior over time that might
otherwise go unnoticed during routine check-ups. Moreover, these technologies can be
synchronized with patient-reported outcomes, such as visual clarity ratings or symptom logs, to
enrich the clinical understanding of postoperative recovery [12]. Such integrative data collection
facilitates a multi-dimensional assessment that combines objective behavioral metrics with
subjective patient feedback, ultimately leading to improved care coordination and therapeutic
alignment.

The application of wearable eye-tracking sensors in monitoring postoperative recovery
after cataract surgery signifies a vital step forward in patient-centered, data-driven
ophthalmology [13]. Cataract, the leading cause of reversible blindness globally,
disproportionately affects aging populations who may have comorbidities that complicate regular
clinic attendance [14]. By enabling home-based monitoring of gaze metrics and visual
functionality, wearable devices mitigate the risk of undetected complications, support early
intervention, and reduce the burden on healthcare facilities [15]. Furthermore, when combined
with mobile health applications, these devices can deliver personalized rehabilitation exercises,
track adherence to visual therapy protocols, and motivate patients through biofeedback
mechanisms [16]. The data collected can also serve broader epidemiological purposes, offering
insights into visual recovery patterns across demographic groups, surgical methods, or comorbid
conditions, thereby informing public health strategies and future ophthalmic care guidelines [17].

In this context, the deployment of [oT-enabled wearable eye-tracking systems aligns with
the broader shift toward decentralized, patient-responsive healthcare delivery [18]. By harnessing
the power of continuous sensing, secure data transmission, and Al-enhanced analytics, these
systems offer a new paradigm in postoperative visual care, the one that is proactive, personalized,
and adaptive. The incorporation of such technologies into clinical practice holds the promise of
not only improving individual patient outcomes but also optimizing resource allocation and
enhancing the overall efficiency of visual rehabilitation programs [19]. As the field advances,
further research and development into the interoperability, data privacy, and clinical validation of
these systems will be essential to ensure their responsible and effective integration into the global
eye health landscape [20].
2.Literature Review

The advent of wearable technology and its integration into healthcare through the Internet
of Things (IoT) has ushered in transformative possibilities in patient monitoring and
rehabilitation, particularly in ophthalmologic care. Among these innovations, wearable eye-
tracking sensors are emerging as a valuable tool in assessing visual behavior and recovery
patterns in post-surgical patients, such as those who have undergone cataract surgery. As these

Fringe Global Scientific Press
www.fringeglobal.com



http://www.fringeglobal.com/

Fringe Multi-Engineering Proceedings(FMEP), Oct-Dec 2025, Volume0l, Issue 04 87

devices offer non-invasive, real-time data on ocular movements and visual attention, they present
unique opportunities to monitor rehabilitation progress objectively. This literature review
examines key studies on the application of wearable eye-tracking in visual rehabilitation, with a
focused lens on cataract surgery recovery, emphasizing data analytics, sensor technology, and
privacy considerations in mobile health systems.

Recent work in visual rehabilitation highlights the potential of eye-tracking technology in
capturing subtle changes in gaze dynamics, which serve as indicators of visual function
restoration. Wang et al. (2021) demonstrated that post-cataract patients exhibit distinct gaze
behaviors during early recovery phases, which can be quantitatively analyzed using mobile eye-
tracking systems. Such behavioral metrics have become central to understanding neuro-visual
adaptation post-surgery. In a related study, Calabro et al. (2022) emphasized the neuroplastic
response observable through eye movement patterns, reinforcing the utility of wearable sensors
in tracking patient-specific recovery trajectories.

A growing body of literature is addressing how these technologies enhance the precision
of postoperative evaluations. According to Kothari and Karunakaran (2023), eye-tracking data
offer clinicians a more nuanced view of functional recovery than traditional self-reports or
standard visual acuity tests. Moreover, continuous monitoring through wearables supports
adaptive rehabilitation strategies, as real-time feedback loops can be established to tailor visual
tasks to individual recovery rates. In the context of loT-enabled health systems, such integration
allows for seamless data transfer to healthcare providers, improving response times and reducing
the risk of oversight.

Privacy-preserving mechanisms have also gained prominence in discussions surrounding
eye-tracking in mobile health contexts. Nguyen et al. (2022) explore secure transmission
protocols tailored to ocular data, noting the sensitivity of such biometrics. They argue that edge-
computing paradigms and federated learning approaches can mitigate risks by ensuring that raw
gaze data remain on the device, while only model updates are shared with central servers.
Similarly, Shih et al. (2023) underscore the necessity of incorporating encryption layers in
wearable sensor networks, especially in scenarios involving elderly cataract patients who may be
less aware of data privacy implications.

From a clinical outcomes perspective, wearable eye-trackers have facilitated the
identification of post-surgical complications earlier than conventional follow-up schedules would
permit. A study by Singh and Bhatia (2022) revealed that irregular saccadic movements recorded
during everyday tasks post-cataract surgery correlated with residual refractive errors, prompting
timely clinical interventions. Furthermore, Jain et al. (2023) argue that wearable monitoring
increases patient engagement and compliance with prescribed visual exercises, as feedback
mechanisms motivate adherence.

Technological advancements continue to refine the capabilities of eye-tracking wearables.
Lightweight form factors, improved battery life, and integrated ambient sensors have expanded
the usability of these devices in unsupervised settings. For instance, Harsono et al. (2023)
introduced a multi-modal wearable system combining eye-tracking with ambient light sensing to
evaluate how patients interact with varying light environments during visual rehabilitation. These
insights contribute not only to clinical care but also to environmental design for vision-impaired
individuals.

In summary, the literature establishes wearable eye-tracking as a transformative modality
in postoperative cataract care. Studies by Wang et al. (2021) and Calabro et al. (2022) validate
the technology’s potential in capturing recovery nuances, while Kothari and Karunakaran (2023)
highlight its clinical applicability. Privacy and data security, discussed by Nguyen et al. (2022)
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and Shih et al. (2023), remain critical in ensuring patient trust in loT-enabled systems. Singh and
Bhatia (2022), along with Jain et al. (2023), demonstrate that wearable monitoring improves
early detection and patient engagement, reinforcing the clinical value of eye-tracking sensors.
Together, these contributions support the advancement of privacy-preserving health data
transmission frameworks within mobile health systems tailored to ophthalmologic rehabilitation.
3.Data Analytics for the Health Science

Data analytics in health science encompasses the systematic processing and interpretation
of physiological and behavioral data to monitor health outcomes, support clinical evaluations,
and guide post-treatment interventions. In the context of ophthalmologic recovery, particularly
postoperative visual rehabilitation in cataract patients, wearable eye-tracking sensors have
become pivotal for generating continuous, fine-grained ocular movement data. These sensors,
when integrated into IoT-enabled health systems, produce vast streams of eye position, fixation
duration, and saccadic motion data that require robust analytical pipelines. The process of
analytics typically involves data acquisition, cleaning, transformation, modeling, and
interpretation, all tailored to assess visual function restoration and guide personalized recovery
protocols.

The raw data from eye-tracking sensors (typically time-stamped x and y coordinates of
gaze points) are first preprocessed to address noise, calibration errors, and missing values.
Common preprocessing techniques include linear interpolation for missing gaze data, smoothing
filters (e.g., Savitzky—Golay) to reduce signal jitter, and normalization to account for screen
dimensions and environmental variation. Descriptive statistics such as the mean fixation duration
() and standard deviation of saccadic amplitude (oc) are essential for baseline visual
performance assessment, expressed as:

N
1
u= NZ F (1)
0 = (A5G - w2 @)

Where F; is the fixation duration at the i-th observation and NNN is the total number of
observations. These parameters provide foundational insights into visual attention and ocular
stability post-surgery.

Predictive modeling can be applied to estimate the stage of visual recovery based on key
input features such as fixation duration (FD), saccade amplitude (SA), and fixation count (FC). A
multivariate linear regression model to predict a recovery index (RI) can be formulated as:

RI = By + B1FD + B,SA + [, FC+E€E 3)

Here, PBo represents the intercept, Pi1,B2,f3 are the feature coefficients, and €\epsilone
denotes the residual error. These coefficients are optimized using least squares estimation:

YN (FT;—FD)(RI;—RI)

Br = 12?’=1(1~"Di—FD)2 4

Bo = RI — p1FD (5)

In cases where the recovery process exhibits nonlinear patterns, machine learning models
such as artificial neural networks (ANNSs) offer enhanced predictive power. A feedforward
neural network can be employed with an input vector X=[FD,SA,FC]X = [FD, SA,
FC]X=[FD,SA,FC], weight matrix W, bias vector b, and activation function f, modeled as:

RI =f(W.X +b) (6)

During training, backpropagation adjusts the parameters W and b to minimize the
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prediction error. Activation functions such as ReLU or sigmoid may be used, depending on the
distribution of the recovery index.

IoT integration enables real-time streaming of ocular metrics to cloud-based or edge
computing systems. This not only ensures continuous monitoring but also facilitates early
detection of anomalies. For instance, a sudden drop in fixation duration or irregular saccadic
rhythms may indicate complications like posterior capsule opacification (PCO), prompting
prompt clinical intervention. Additionally, privacy-preserving data transmission mechanisms
(such as federated learning) ensure that sensitive eye movement data remain locally processed on
the wearable device, while only anonymized model updates are transmitted to healthcare
providers.

An essential component of the analytics process is contextualization. Environmental light
levels, task complexity, and screen interaction behavior are all factors that modulate eye-tracking
data. When incorporated into the analysis as covariates, these can improve the precision of
recovery assessment models.

Thus, data analytics transforms raw gaze data into actionable insights, aiding clinicians in
objectively tracking rehabilitation progress, customizing patient feedback, and optimizing
recovery outcomes. The blend of continuous eye movement monitoring, statistical modeling, and
privacy-aware data handling exemplifies the future of personalized visual rehabilitation in IoT-
enabled mobile health systems.
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Figure 1: Process in Data Analytics in Postoperative Visual Rehabilitation

(Adapted from: https://www.nature.com/articles/s41598-022-26090-5)
4.Hybrid Reinforcement Learning for the IoT Data Analytics

Hybrid reinforcement learning (RL) has emerged as a transformative approach for

augmenting loT data analytics, particularly in the domain of personalized health monitoring.
Within the context of postoperative visual rehabilitation in cataract patients, hybrid RL provides
an adaptive framework for real-time decision-making based on continuous streams of eye-
tracking data. RL operates by enabling an agent to learn optimal actions AtA tAt through
interactions with an environment characterized by states StS_tSt, rewards RtR _tRt, and policies
n(als)\pi(als)n(als) that maximize long-term cumulative rewards. The optimal policy m\pi**mx*
aims to maximize the expected return as defined in Equation below:

2
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o0
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(7)
where vy is the discount factor that balances the trade-off between immediate and future
rewards. In hybrid RL, this optimization is achieved by integrating model-free and model-based
strategies or combining reinforcement learning with other machine learning paradigms to
manage heterogeneous and high-dimensional datasets from wearable sensors.

In the context of IoT-enabled visual rehabilitation, hybrid RL can dynamically tailor
feedback for patients by analyzing patterns such as gaze fixation duration, saccadic latency, and
pupillary response. Model-free approaches like Q-learning offer a robust method to estimate the
action-value function Qx(s,a), which quantifies the expected cumulative reward of taking action
aaa in state sss, as shown in equation below:

Q(se,ai) + Qs ae) + e |1t + Y max Q(st-1,a) — Q[shm}]
(8)

Here, o denotes the learning rate. Complementing this, policy gradient methods directly
optimize the policy mp, parameterized by 6, to maximize the expected reward. This is expressed
in equation below:

o0
VoJ(6) = Ex, | Y Vologmg(ar|se) Ry

t=(0)
)
To efficiently handle the high-volume, multimodal data produced by wearable eye-
tracking sensors, hybrid RL frameworks often incorporate deep Q-networks (DQN). DQNs
approximate the Q-function Q(s,a;0) using deep neural networks, enabling representation

learning from raw data. The update rule for DQNss is articulated in equation below:

Q(s,a;0) = E |[r + IIli—;lXQ(E’, a;87) | S,ﬂ]
(10)

where 6 and 0~ denote the parameters of the current and target networks, respectively.
This architecture enables the system to make near-instantaneous predictions about a patient’s
rehabilitation trajectory, thus allowing clinicians to adjust therapy protocols in real time based on
the observed gaze behavior and recovery progression.

The integration of hybrid RL within IoT analytics provides a scalable pathway for
delivering personalized, privacy-preserving feedback loops. For instance, anomalies in gaze
stabilization patterns post-surgery can be detected and corrected early, potentially preventing
long-term deficits. Furthermore, such models can facilitate resource optimization by prioritizing
clinical attention to patients exhibiting slower-than-expected neurovisual adaptation.

By leveraging hybrid RL for IoT-based data analytics in visual rehabilitation, the system
not only personalizes treatment plans but also ensures secure, real-time learning from sensitive
health data, thus aligning with the principles of privacy-preserving mobile health systems.

Fringe Global Scientific Press
www.fringeglobal.com



http://www.fringeglobal.com/

Fringe Multi-Engineering Proceedings(FMEP), Oct-Dec 2025, Volume0l, Issue 04 91

Algorithm 1: Hybrid RL for IoT-based Visual Rehabilitation Monitoring

1. Initialize OQ-network parameters 6 and target network parameters 6'
with random weights

2. Initialize replay memory D to capacity N

3. For each patient session =1 to M:
a. Initialize initial state s;1 using real-time sensor data (e.g.,
fixation coordinates, blink rates)
b. For t=1to Tnax:
i. With probability €, select a random action at
ii. Otherwise, select a: :argﬁﬁmaxaQ(st,a;e)
iii. Execute action at: , observe sSt+1, rt, and whether the session 1is
terminal
iv. Store transition (st,at,rt,St+1,done) in D
v. Sample a mini-batch from D
vi. Compute target:
- If terminal: target=r¢
- Else: target=ritymaxa: Q(Sts1,ar;07)
vii. Update Q-network using gradient descent on (target - Q(st,ac;0))?2
viii. Every C steps, set 6'<6
ix. Decay €
c. End for

4. End for

6.Conclusion

This paper has highlighted the critical role of wearable eye-tracking sensors in advancing
postoperative visual rehabilitation monitoring for cataract patients. Through continuous, non-
invasive tracking of ocular behavior, these loT-enabled devices provide valuable real-time data
on visual engagement, focus patterns, and recovery progression, enabling clinicians to make
timely and informed decisions. The integration of such sensors facilitates a personalized
rehabilitation process, allowing early identification of irregular recovery trajectories and tailored
interventions to enhance visual outcomes. Furthermore, the evaluation of sensor performance
and data transmission integrity confirms the feasibility and reliability of this approach in clinical
environments. The findings emphasize how intelligent wearable technologies, when embedded
within healthcare frameworks, can significantly improve patient care by fostering precision
rehabilitation and enabling adaptive therapy strategies. This study contributes to the growing
body of research promoting sensor-driven, patient-centric models of care, reaffirming the value
of IoT innovations in modern ophthalmology and broader digital health applications.
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