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Abstract 

Automated strabismus screening using video is difficult in unconstrained settings, where brief events 

such as blinking, head movement, or tracking errors can easily be mistaken for true ocular 

misalignment. The objective of this study is to improve diagnostic specificity while maintaining 

sensitivity in automated pre-screening scenarios. To address this problem, a temporal analysis 

framework, termed the Temporal Cross-Eye Regression Network (T-CER-Net), is proposed. The 

method introduces the Cross-Eye Regression Error (CERE), a scale- and position-invariant temporal 

signal that characterizes deviations in binocular coordination by measuring prediction error between 

the two eyes. Rather than relying on frame-level deviation estimates, the approach analyzes extended 

CERE sequences using a Transformer Encoder to assess temporal consistency. In addition, the 

training procedure explicitly accounts for real-world variability through oversampling of normal 

sequences containing common artifacts and the use of class weighting. The proposed method was 

evaluated against static threshold-based classifiers and a CNN–LSTM temporal baseline. On a held-

out test set, T-CER-Net achieved an area under the ROC curve of 0.9140, with a sensitivity of 0.8421 

and a specificity of 0.8500, showing improved robustness to noise-induced false positives. The 

findings suggest that treating binocular misalignment as a temporal pattern, together with attention-

based sequence analysis, offers a practical and robust basis for automated strabismus pre-screening 

in real-world settings. 
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1- Introduction 

Strabismus, defined as a misalignment of the visual axes, affects approximately 2–4% of the global population and 

remains a leading risk factor for amblyopia when diagnosis and treatment are delayed during early visual development 

[1, 2]. Early detection is therefore a long-standing clinical priority. In practice, however, access to specialist ophthalmic 

assessment remains limited in many settings, including school-based screening programs, primary care, and 

telemedicine. These constraints have driven growing interest in automated screening systems that can operate reliably 

outside controlled clinical environments. 

Standard clinical assessments, such as the cover–uncover test and the prism alternate cover test, rely on expert 

judgment under carefully controlled conditions [3]. While these methods are well established and effective in routine 

clinical practice, they are difficult to scale and are poorly suited to large, community-based screening initiatives. As a 

result, substantial research effort has been directed toward computer vision and machine learning approaches for ocular 
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alignment assessment [4]. Prior studies have examined corneal light reflex–based techniques [5–7], landmark-based and 

appearance-based gaze estimation methods [8, 9], and image-based photoscreening systems [10–12]. More recently, AI-

enhanced wearable eye-tracking and smartphone-based solutions have demonstrated promising sensitivity for detecting 

intermittent strabismus, although performance has largely been evaluated under controlled or semi-controlled conditions 

[13]. 

1-2-Limitations of Existing Automated Screening Approaches 

Despite these advances, a persistent challenge remains: maintaining high diagnostic specificity in unconstrained, real-

world scenarios. Many existing automated systems rely on frame-wise or instantaneous measurements of ocular 

deviation, often applying fixed thresholds to peak error values [4, 11, 12]. In practical use, these measurements are easily 

influenced by brief events such as blinking, short gaze shifts, head movement, camera motion, or occasional landmark 

tracking errors. Consequently, short-lived spikes in estimated deviation can occur that are difficult to distinguish from 

true pathological misalignment, leading to a high rate of false-positive detections. 

This limitation has been repeatedly identified as a major barrier to the clinical deployment of automated strabismus 

screening systems, particularly in pediatric and telemedicine applications, where subject cooperation and environmental 

control are inherently limited. These observations suggest that reliance on isolated or peak deviation measurements is 

insufficient for reliable pre-screening in real-world settings. 

1-3-Temporal Perspective on Pathological Ocular Misalignment 

Recent work in medical video and time-series analysis suggests that this problem is inherently temporal. Pathological 

behavior tends to persist over time, while noise-related effects are usually brief and irregular. As a result, short deviations 

from blinking or tracking noise should be distinguished from sustained binocular misalignment. 

Attention-based and Transformer-based architectures have demonstrated clear advantages over recurrent models in 

capturing long-range temporal dependencies and suppressing transient noise in medical video analysis and physiological 

signal processing [14-16]. At the same time, Transformer architectures have gained increasing traction in biomedical 

applications because they can model global temporal context without the sequential constraints typical of recurrent 

networks [17, 18]. Despite these developments, their application to automated strabismus detection remains limited, 

with most existing approaches continuing to rely on frame-level measurements or short temporal windows. 

1-4-Feature Robustness and Binocular Coordination 

Feature robustness represents a related and equally important challenge. General-purpose gaze estimation models are 

commonly developed for human–computer interaction tasks and often require subject-specific calibration or stable head 

pose, limiting their suitability for pathological screening [9]. Even when temporal models are employed, many operate 

directly on raw landmark trajectories or gaze angles, which remain sensitive to scale variation and camera geometry. 

Recent work on unconstrained facial and ocular behavior analysis emphasizes the importance of representations that 

reflect underlying binocular coordination rather than absolute gaze direction alone [19]. From a physiological standpoint, 

normal oculomotor function is characterized by conjugate eye movements, whereas strabismus manifests as a sustained 

disruption of this coordination. Representations that explicitly capture deviations from conjugacy are therefore better 

aligned with the clinical nature of the disorder. 

1-5-Theoretical Framework and Problem Formulation 

From a theoretical perspective, automated strabismus pre-screening can be framed as a temporal pattern recognition 

problem rather than a frame-wise deviation detection task. Pathological ocular misalignment is assumed to produce 

sustained, temporally coherent deviations in binocular coordination, while non-pathological disturbances generate short-

lived and inconsistent fluctuations. Effective screening therefore requires both a physiologically meaningful 

representation of binocular behavior and a temporal modeling strategy capable of distinguishing persistence from noise. 

Within this framework, the Cross-Eye Regression Error (CERE) is introduced as a scale- and position-invariant 

temporal signal that quantifies deviations from normal conjugate eye movement by measuring prediction error between 

the two eyes. By learning expected binocular correspondence from normal-eye data, CERE establishes a stable 

physiological reference that reduces sensitivity to head motion, camera distance, and uncalibrated acquisition. The 

screening task is then formulated as the classification of extended CERE sequences, where the objective is to assess 

temporal stability rather than isolated error magnitudes. 

Attention-based temporal modeling is particularly well suited to this formulation. By evaluating global temporal 

context across an entire sequence, Transformer-based architectures can emphasize sustained patterns of binocular 

instability while down weighting brief, non-pathological fluctuations. This theoretical perspective directly motivates the 

design of the proposed Temporal Cross-Eye Regression Network (T-CER-Net). 
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1-6-Contributions and Overview 

Motivated by these considerations, this study proposes T-CER-Net, a noise-resilient framework for automated 

strabismus prescreening that explicitly models the temporal stability of binocular coordination. The proposed approach 

combines a physiologically grounded, conjugacy-based feature representation with attention-based temporal modeling. 

The method is evaluated against a static threshold-based classifier and a CNN–LSTM temporal baseline. Experimental 

results show that T-CER-Net achieves an area under the ROC curve (AUC) of 0.9140 and a specificity of 0.8500, 

outperforming both frame-level approaches and recurrent temporal models. These findings demonstrate that integrating 

noise-robust binocular representations with global temporal reasoning substantially improves the reliability of 

automated strabismus pre-screening in unconstrained environments. 

2- Related Works 

Automated strabismus screening lies at the intersection of clinical ophthalmology and computer vision, requiring 

methods that move beyond static deviation estimates toward temporally informed and reliable diagnosis. Existing studies 

can be broadly categorized into three areas: static ocular and gaze-based measurement, feature robustness based on 

binocular conjugacy, and temporal sequence modeling for ocular behavior analysis. 

2-1- Limitations of Static Ocular Measurement 

Early approaches to eye alignment assessment relied on corneal light reflexes (Purkinje images) and related optical 

cues [5–7]. Although effective under controlled illumination and head pose, these methods are highly sensitive to 

lighting variation, facial geometry, and corneal properties, limiting their robustness in unconstrained environments. 

More recent markerless approaches based on deep learning have enabled general-purpose gaze estimation in naturalistic 

settings [8]. However, when applied to clinical strabismus screening, important limitations become apparent. Gaze 

angle–dependent protocols typically require subject-specific calibration and are not designed to separate pathological 

misalignment from voluntary eye or head movements [9]. 

Prior work indicates that relying on a single frame or on the maximum measured deviation is often not sufficient for 

dependable strabismus detection [10]. Short, commonplace events—such as blinking, brief lapses in fixation, or 

occasional landmark tracking errors—can produce temporary spikes in the estimated deviation that are difficult to 

distinguish from true misalignment, leading to an increased number of false positives [11, 12]. Taken together, these 

findings suggest that static measurements alone are unstable and that temporal context is necessary for more reliable 

ocular alignment assessment. 

2-2- Feature Robustness: Marker-Based Conjugacy Principles 

To improve robustness, many recent systems rely on high-fidelity facial and ocular landmarks extracted using 

frameworks such as MediaPipe or OpenFace [20, 21]. These approaches are typically based on the principle of binocular 

conjugacy, which holds that coordinated movements of the two eyes are a hallmark of normal oculomotor function [13, 

22]. In practice, this often involves estimating the position of one eye from the observed position of the other and 

interpreting the resulting prediction error as a marker of ocular misalignment. 

This conjugacy-based approach has been investigated in both classical and learning-based studies as a physiologically 

meaningful way to characterize disruptions in binocular coordination [23, 24]. Emphasizing the relative motion between 

the two eyes, rather than absolute gaze direction, makes these methods less sensitive to variations in camera distance, 

head pose, and scale. The CERE formulation used in this work builds on the same principle by learning normal conjugate 

behavior and using deviations from that behavior as a reference for identifying strabismus-related misalignment. 

2-3- Evolution of Temporal Sequence Modeling 

The importance of temporal stability has long been recognized in disciplines such as electrophysiology and 

movement analysis, where diagnosis often depends on sustained patterns rather than instantaneous measurements [25, 

26]. In ophthalmology, however, temporal modeling has received comparatively limited attention. Early efforts 

incorporated recurrent neural networks (RNNs) and long short-term memory (LSTM) architectures to analyze eye 

movement sequences [27, 28]. 

LSTM-based models represented a clear improvement over static approaches by capturing short- and mid-range 

temporal patterns [29, 30]. However, their limitations become more apparent when longer sequences are considered. 

Because recurrent models process information step by step, they can be less efficient and may struggle to retain 

information over extended time spans. In addition, LSTMs do not explicitly model global temporal relationships, which 

makes it more difficult to separate sustained pathological behavior from isolated noise events in longer observation 

windows. Recent analyses in medical time-series modeling indicate that these limitations are particularly pronounced in 

noisy clinical data, where diagnostically relevant information may be distributed across temporal spans [14, 16, 31]. 
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2-4- Transformer Architecture and Advanced Validation 

Transformer-based architectures have been increasingly considered as an alternative to recurrent models for temporal 
sequence analysis. By relying on self-attention, Transformer Encoders examine entire sequences at once and are able to 
relate distant time points without depending on step-by-step state propagation [32]. This property has been shown to be 
useful in a variety of time-series applications, including long-horizon forecasting and medical signal analysis [33-35]. 

Recent studies further indicate that Transformer-based models are well suited to noisy data, as attention mechanisms 
can downweight transient or inconsistent patterns while emphasizing sustained temporal structure [14, 15, 17]. In 
biomedical and medical video analysis, these architectures have demonstrated improved reliability relative to recurrent 
baselines when applied to complex, unconstrained data [16, 18, 19]. 

In addition to model architecture, increasing attention has been given to validation strategies that account for class 
imbalance and real-world noise. Prior studies have shown that targeted data augmentation can help reduce false-positive 
detections in medical classification tasks [36]. Similarly, class-balanced loss formulations have been reported to improve 
model calibration when pathological cases are relatively rare [37, 38]. Together, these findings motivate validation 
pipelines that combine noise-aware augmentation with attention-based temporal modeling to improve diagnostic 
specificity in automated strabismus screening. 

 

Figure 1. Overview of the T-CER-Net pipeline, comprising (top) CERE time-series generation using cross-eye regression, 

(middle) data augmentation with targeted noise oversampling and class balancing, and (bottom) comparative evaluation of 

CNN–LSTM and Transformer Encoder architectures. 
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3- Research Methodology 

Our proposed T-CER-Net framework is shown in Figure 1, which combines fine-grained extraction of anatomical 

features with a noise-resilient temporal modeling approach to identify pathological binocular misalignment. The pipeline 

starts with landmark acquisition and normalization, followed by the computation of the scale-invariant CERE, which 

quantifies frame-wise breakdowns in binocular conjugacy. The middle part illustrates the targeted data augmentation 

stage: the real-world noise is oversampled by fourfold, and inverse class weighting is then applied to enhance specificity 

and mitigate class imbalance. Finally, in the bottom section, it represents the temporal sequence classification process 

where a CNN–LSTM baseline and our proposed Transformer Encoder are compared to justify the model selection. 

3-1- System Architecture and Data Acquisition  

Monocular video recordings were acquired at 30 frames/s and segmented into fixed-length 150-frame sequences (5 

s). This window length was chosen to capture multiple fixation periods, spontaneous blinks, and brief gaze fluctuations. 

Observing these events over several seconds is important for distinguishing intermittent strabismus from short-lived, 

non-pathological gaze shifts. 

Facial landmarks were extracted using the MediaPipe Face Mesh with iris landmark model [20], executed with iris 

refinement enabled (refine_landmarks=True), which produces 468 standard facial landmarks together with additional 

iris landmarks (total: 478 landmarks per frame). The following points were utilized: 

• Left pupil center: y_L,t (index 473), 

• Right pupil center: yR,t (index 468), 

• Left inner canthus: x33,t, 

• Right inner canthus: x263,t, 

where t indexes the frame within the sequence. 

3-2- Data Sourcing and Processing  

This study employed two distinct data sources to develop and validate the T-CER-Net: (i) the Columbia Gaze Dataset 

(CGD) [39], used exclusively for modeling healthy conjugate behavior, and (ii) a curated collection of licensed stock 

footage and images from Dreamstime, used for real-world noise augmentation and pathological samples. No new data 

were recorded, and all media used were fully de-identified. 

A. Columbia Gaze Dataset (Normal Category) 

CGD comprises 5,880 images collected from 56 participants across 21 controlled and calibrated gaze directions. 

Subjects in CGD have clinically normal binocular function, making the dataset the ideal source for training the 

foundational Cross-Eye Regression (CER) models. For this work, a total of NCGD = 3,360 high-quality eye crops were 

extracted in which the MediaPipe Face Mesh detector successfully localized pupil and canthal landmarks. These samples 

formed the exclusive training source for the CER models and defined the noise characteristics of healthy binocular 

coordination. The dataset contains no personal identifiers and is provided under a research license permitting academic 

use. 

B. Dreamstime Stock Collection (Augmentation and Testing) 

To incorporate high-variability, unconstrained real-world motion and expand the pathological feature space, A 

collection of licensed stock video clips and photographs was curated from the Dreamstime commercial repository. This 

data was critical for the noise-resilient augmentation strategy (Section 3-3-4). The collection included: 

• NDS-N = 420 normal-eye source clips (images or short videos) were collected, capturing unconstrained 

photographic conditions. 

• NDS-S = 185 source clips were collected, depicting visible ocular deviations, including esotropia, exotropia, 

hypertropia, and intermittent misalignment. 

Image-to-Sequence Conversion: Since the T-CER-Net requires dynamic input, all media were processed into 150-

frame sequences: 

• Short video clips were processed frame-by-frame. 

• Static images were converted to dynamic sequences by replication (150 times) with the addition of low-amplitude 

Gaussian jitter to simulate minute frame-to-frame noise inherent in real-world capture, ensuring the pathology was 

represented as a sustained signal. 

All images are distributed with commercial licenses and model releases, ensuring legal and ethical compliance. 
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C. Data Synthesis and Final Composition 

The total raw dataset volume was calculated after sequence construction, prior to augmentation: 

• NNormal = NCGD + NDS-N = 3,780 sequences 

• NStrabismus = NDS-S = 185 sequences 

This yielded a substantial class imbalance of 95.3% Normal versus 4.7% Strabismus, which motivated the inverse 

class weighting and targeted oversampling strategies described in Section 3-C. 

To alleviate the pronounced class imbalance in the training data and to construct the final dataset used for model 

learning, synthetic pathological sequences were generated. Specifically, the synthesis process described in Section 3-D-

1 was applied exclusively to the training partition after subject-wise data splitting, ensuring that no synthetic sequences 

were derived from the validation or test sets. In total, 3,235 synthetic strabismus sequences were generated from normal 

CERE time-series using clinically plausible temporal perturbations. When combined with the original real sequences, 

this resulted in a final balanced dataset of N = 7,200 temporal sequences used in all subsequent experiments. 

D. Preprocessing Pipeline 

All media underwent the same standardized preprocessing procedure prior to CERE computation: 

• MediaPipe Face Mesh was used for initial landmark extraction. 

• Frames with low landmark-confidence scores were discarded (7.2% exclusion rate across the dataset) to prevent 

propagation of unreliable measurements. 

• Ocular landmarks were cropped and normalized according to Inter-Canthal Distance (ICD) and centering 

procedure (Equations 1 to 3), yielding a scale- and translation-invariant coordinate system. 

• The CERE temporal sequence was generated for each 150-frame sample utilising conjugacy-based regression. 

• Outliers, characterised as sequences beyond three standard deviations from the conventional CERE error 

threshold, were eliminated to maintain data integrity. 

Although the pipeline relies on external landmark extraction, the proposed CERE formulation mitigates moderate 

landmark noise through normalization and binocular conjugacy modeling, such that prediction error reflects loss of 

coordinated eye movement rather than absolute landmark precision. Extreme landmark failure cases (e.g., severe 

occlusion) were excluded and are identified as a direction for future end-to-end modeling. 

Table 1. Specific Dreamstime Clip IDs Used for Data Augmentation and Testing 

Category Clip ID Category Clip ID 

Normal Eye Clips (NDS-N = 420) 

Normal Eye 138137050 Normal Eye 357053905 

Normal Eye 170400122 Normal Eye 357054540 

Normal Eye 175589778 Normal Eye 366053856 

Normal Eye 205252777 Normal Eye 401644794 

Normal Eye 227349987 Normal Eye 272049211 

Normal Eye 258201453 Normal Eye 258269600 

Strabismus Clips (NDS-S = 185) 

Strabismus 124197414 Strabismus 252652595 

Strabismus 128812138 Strabismus 276208579 

Strabismus 142681115 Strabismus 328289543 

Strabismus 165165736 Strabismus 372604642 

Strabismus 205575906 Strabismus 389486585 

Strabismus 227177477 Strabismus 249973691 
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E. Ethical Considerations and Data Availability 

Both datasets are publicly available and fully de-identified. CGD participants provided consent under the original 

dataset license. All Dreamstime media include signed model-release agreements, classifying the data as non-human 

subject research. In accordance with institutional guidelines, this study did not require separate ethics committee 

approval. The specific Dreamstime clip IDs utilized for augmentation are detailed in Table 1 for full reproducibility. 

3-3- Feature Generation Using Cross-Eye Regression Error (CERE)  

A. Landmark Normalization 

Raw image coordinates are influenced by subject-to-camera distance and head position. To obtain a normalized 

representation, the ICD is computed at frame t as: 

ICD𝑡 = ||𝑥33,𝑡 − 𝑥263,𝑡||2  (1) 

where ||.||2 denotes the Euclidean norm. 

The midpoint between the inner canthi is: 

𝑚𝑡 =
1

2
(𝑥33,𝑡 − 𝑥263,𝑡)  (2) 

A generic raw landmark xraw,t is then normalized by: 

𝑥𝑛𝑜𝑟𝑚,𝑡 =
𝑥𝑟𝑎𝑤,𝑡−𝑚𝑡

ICD𝑡
  (3) 

This transformation yields a dimensionless and approximately scale- and translation-invariant coordinate system, in 

which deviations in ocular alignment are comparable across subjects and sessions. 

B. Cross-Eye Regression (CER) Models 

To model the natural binocular coupling, two single-layer perceptron (SLP) regressors are trained on normal subjects 

from CGD: 

• CERL->R: predicts right pupil position from left-eye features, 

• CERR->L: predicts left pupil position from right-eye features. 

The SLP architecture was selected because the geometric relationship of binocular conjugacy in healthy subjects is 

inherently stable and near linear. By utilizing a simpler regressor, the model establishes an accurate physiological noise 

floor without the risk of overfitting to transient artifacts that more expressive, non-linear regressors might capture. 

Let xL,t and xR,t denote the normalized landmarks of the left and right eyes at frame t, respectively. The predictions of 

the two regressors are: 

𝑦̂𝑅,𝑡 = 𝑓𝜃𝐿(𝑥𝐿,𝑡),  (4) 

𝑦̂𝐿,𝑡 = 𝑓𝜃𝑅(𝑥𝑅,𝑡),   (5) 

where 𝑓𝜃𝐿 and 𝑓𝜃𝑅 are parameterized by weights 𝜃𝐿and 𝜃𝑅. 

The CER models are trained using a mean squared error (MSE) loss over sequences of length T: 

ℒ𝑀𝑆𝐸 =
1

𝑇
∑ (||𝑦𝑅,𝑡 − 𝑦̂𝑅,𝑡||2

2 + ||𝑦𝐿,𝑡 − 𝑦̂𝐿,𝑡||2
2)𝑇

𝑡−1   (6) 

On the validation set of normal subjects, the CER models achieved a mean absolute error (MAE): 

𝑀𝐴𝐸𝐶𝐸𝑅 = 0.01077 (7) 

which defines a stable physiological noise floor for the prediction error. 

C. Cross-Eye Regression Error (CERE) 

At each frame t, CERE is defined as the average prediction error of both eyes: 

𝐶𝐸𝑅𝐸𝑡 =
1

2
(||𝑦𝑅,𝑡 − 𝑦̂𝑅,𝑡||2 + ||𝑦𝐿,𝑡 − 𝑦̂𝐿,𝑡||2)  (8) 

Low values of CEREt indicate intact conjugate motion, whereas sustained elevations suggest pathological binocular 

misalignment. 

𝐶𝐸𝑅𝐸 = [𝐶𝐸𝑅𝐸1, 𝐶𝐸𝑅𝐸2, … , 𝐶𝐸𝑅𝐸150]  (9) 
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3-4- Data Augmentation and Specificity Optimization  

To improve specificity under real-world noise, three forms of augmentation are employed. Robust training with 

targeted data augmentation is essential for ensuring that medical classification models generalize to unseen clinical 

presentations and effectively reject non-pathological variations [36]. 

A. Synthetic Pathological Sequences 

Let 𝐶𝐸𝑅𝐸𝑡
𝑛𝑜𝑟𝑚𝑎𝑙 denote a CERE sequence from a normal subject. To synthesize pathological patterns, controlled 

offsets 𝛿 (e.g., 0.02 - 0.04 normalized units) are injected to emulate persistent or intermittent strabismus: 

𝐶𝐸𝑅𝐸𝑡
𝑝𝑎𝑡ℎ

= 𝐶𝐸𝑅𝐸𝑡
𝑛𝑜𝑟𝑚𝑎𝑙 +  𝛿 (10) 

where 𝛿 may be applied across all frames or confined to selected temporal segments to simulate constant or intermittent 

deviation patterns. These synthetic sequences are used to regularize the temporal classifier and expand coverage of 

plausible deviation behaviors within the CERE feature space, rather than to model detailed oculomotor biomechanics or 

replace real pathological data. 

The offset 𝛿 range was selected to be larger than the variability typically seen in normal conjugate eye movements, 

while still remaining within a conservative and physiologically reasonable range. These values are not intended to 

represent exact clinical deviation magnitudes (e.g., prism diopters), but rather to introduce sustained temporal patterns 

that encourage the classifier to distinguish persistent misalignment from short-lived noise. 

These synthetic sequences are used to regularize the temporal classifier and expand coverage of plausible deviation 

behaviors within the CERE feature space, rather than to model detailed oculomotor biomechanics or replace real 

pathological data. 

B. Oversampling Real-World Normal Noise 

Let 𝐷𝑛𝑜𝑖𝑠𝑒 be the set of normal sequences containing real-world artifacts (e.g., head motion, blinking, tracking jitter). 

These are oversampled by a factor of four: 

𝐷𝑛𝑜𝑖𝑠𝑒
́ = {𝐷𝑛𝑜𝑖𝑠𝑒 ∪ 𝐷𝑛𝑜𝑖𝑠𝑒 ∪ 𝐷𝑛𝑜𝑖𝑠𝑒 ∪ 𝐷𝑛𝑜𝑖𝑠𝑒}4× (11) 

This encourages the classifier to learn that large but transient CERE excursions can occur in non-pathological 

recordings. 

C. Inverse Class Weighting 

Let Ns and Nn denote the number of strabismus (positive) and normal (negative) sequences in the training set. Class 

weights are defined: 

𝑤𝑠 =
1

𝑁𝑠
, 𝑤𝑛 =

1

𝑁𝑛
, (12) 

For a sample with ground truth label 𝑦 𝜖 = {0, 1} and predicted probability 𝑝 𝜖 = [0, 1], the weighted binary cross-

entropy (WBCE) loss is: 

ℒ𝑊𝐵𝐶𝐸 = −[𝑤𝑠 𝑦 log(𝑝) + 𝑤𝑛 (1 − 𝑦) log(1 − 𝑝)]. (13) 

This formulation penalizes misclassification of the minority pathological class more heavily while still leveraging the 

oversampled normal data. Such a strategy aligns with modern best practices for addressing significant class imbalance 

in medical image classification to ensure calibrated and fair diagnostic performance [37]. 

3-5- Temporal Classification Models  

A. CNN-LSTM Baseline 

Each CERE sequence is treated as a one-dimensional signal of length T = 150 and single channel. A 1-D convolutional 

layer extracts local temporal patterns: 

ℎ𝑐𝑜𝑛𝑣 = 𝐶𝑜𝑛𝑣1𝐷(𝐶𝐸𝑅𝐸), (14) 

where ℎ𝑐𝑜𝑛𝑣𝜖 ℝ𝑇×𝑑𝑐𝑜𝑛𝑣  and 𝑑𝑐𝑜𝑛𝑣 is the number of convolutional filters. 
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The LSTM layer then processes these features: 

(ℎ𝑡
𝐿𝑆𝑇𝑀, 𝑐𝑡) = 𝐿𝑆𝑇𝑀(ℎ𝑡

𝐶𝑂𝑁𝑉) , 𝑡 = 1, … , 𝑇, (15) 

where, ℎ𝑡
𝐿𝑆𝑇𝑀 and 𝑐𝑡 are the hidden and cell states, respectively. 

The final hidden state ℎ𝑇
𝐿𝑆𝑇𝑀 is passed through a dense layer and a sigmoid activation to yield the probability of 

strabismus: 

𝑝 = 𝜎(𝑤𝑇ℎ𝑇
𝐿𝑆𝑇𝑀 + 𝑏), (16) 

where 𝑤 and 𝑏 are trainable parameters, and 𝜎(. ) denotes the logistic sigmoid. 

B. Transformer Encoder (Proposed T-CER-Net) 

In the proposed T-CER-Net, the scalar CERE values are first linearly projected into a higher-dimensional embedding 

space: 

𝑧𝑡 = 𝑊𝑒𝑚𝑏 𝐶𝐸𝑅𝐸𝑡 + 𝑏𝑒𝑚𝑏 , 𝑡 = 1, … , 𝑇,  (17) 

where, 𝑊𝑒𝑚𝑏 𝜖 ℝ𝑑×1 and 𝑏𝑒𝑚𝑏 𝜖 ℝ𝑑, yielding 𝑧𝑡 𝜖 ℝ𝑑. 

Let 𝑍 𝜖 ℝ𝑇×𝑑 denote the matrix of embedded tokens. For each attention head i, queries 𝑄𝑖, keys 𝐾𝑖, and values 𝑉𝑖 are 

computed as: 

𝑄𝑖 = 𝑍 𝑊𝑖
𝑄,  (18) 

𝐾𝑖 = 𝑍 𝑊𝑖
𝐾 ,  (19) 

𝑉𝑖 = 𝑍 𝑊𝑖
𝑉 , (20) 

where 𝑊𝑖
𝑄

, 𝑊𝑖
𝐾 , 𝑊𝑖

𝑉𝜖 ℝ𝑑×𝑑𝑘 

Scaled dot-product attention for head i is given by: 

ℎ𝑒𝑎𝑑𝑡 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝑖𝐾𝑖

𝑇

√𝑑𝑘
) 𝑉𝑖 ,  

(21) 

Outputs from all h heads are concatenated and linearly projected: 

𝐻 = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1, … , ℎ𝑒𝑎𝑑ℎ)𝑊𝑂,  (22) 

with 𝑊𝑂𝜖  ℝℎ𝑑𝑘×𝑑. 

A position-wise feed-forward network (FFN) is then applied: 

𝐹𝐹𝑁(𝐻) = 𝑚𝑎𝑥(0, 𝐻𝑊1 + 𝑏1)𝑊2 + 𝑏2,   (23) 

where 𝑊1, 𝑊2 and 𝑏1, 𝑏2 are learnable parameters. 

Residual connections and layer normalization are employed: 

𝑍́ = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝐻 + 𝑍),  (24) 

Two such encoder blocks are stacked in the T-CER-Net. 

Finally, the representation at the last time step (or a pooled representation) is used for classification: 

𝑝 = 𝜎(𝑤𝑇𝑍𝑇
́ + 𝑏),  (25) 

where 𝑍𝑇
́  is the encoder output at frame T. 

3-6- Evaluation Protocol 

Both the CNN-LSTM and the Transformer-based T-CER-Net were trained using the Adam optimizer and the 

weighted binary cross-entropy loss in Eq. 13, with early stopping applied based on validation performance. 
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On the held-out test set, performance was measured using: 

• Sensitivity (true positive rate), 

• Specificity (true negative rate), 

• Area Under the ROC Curve (AUC). 

Let TP, FP, TN, and FN denote true positives, false positives, true negatives, and false negatives, respectively. 

Sensitivity and specificity are defined as: 

Sensitivity =  
TP

TP+FN
,  (26) 

Specificity = 
TN

TN+FP
.  (27) 

A decision threshold of 0.5 was applied to the predicted probabilities: 

𝑦̂ = {
1, 𝑝 ≥ 0.5,
0, 𝑝 < 0.5,

   (28) 

where 𝑦̂ denotes the predicted class label. The Transformer-based T-CER-Net achieved superior specificity and 

robustness compared to the CNN-LSTM baseline, demonstrating the effectiveness of combining the CERE feature with 

global self-attention for noise-resilient strabismus detection. 

4- Experiments and Results 

This section presents the experimental configuration, model architectures, dataset partitioning strategy, and a detailed 

comparative analysis of the three evaluated classifiers: (1) a static threshold-based method, (2) a CNN-LSTM sequential 

baseline, and (3) the proposed T-CER-Net Transformer. Quantitative and qualitative evaluations are used to validate the 

noise-resilient temporal methodology and to demonstrate the superiority of self-attention mechanisms for modeling 

binocular misalignment. 

4-1- Setup and Data Split  

All experiments were implemented in TensorFlow/Keras and executed on NVIDIA V100 GPUs. Dynamic classifiers 

were trained using the Adam optimizer (𝛽1 = 0.9, 𝛽2 = 0.999, with a maximum of 100 epochs and early stopping 

(patience = 10) based on validation loss. Batch size and training parameters were selected to ensure stability while 

preserving temporal structure in the CERE sequences. 

The complete dataset consisted of N = 7,200 sequences, including clean normal sequences, curated real-world noise 

samples, and synthetic pathological sequences of varying deviation magnitudes. The dataset was partitioned into training 

(70%), validation (10%), and strictly held-out test sets (20%), with the test set (N = 1,440) reserved exclusively for final 

model evaluation. 

Followings are the architectural parameters: 

• Static Baseline: A non-temporal comparator using the maximum CERE value within a sequence. Based on 

distributional analysis of normal CERE noise, the fixed decision threshold was set to 𝜏 = 0.025. 

• CNN-LSTM Baseline: A sequential classifier consisting of a 1D convolutional layer (32 filters, kernel size k = 

5), followed by max pooling and a single LSTM layer (64 units). This architecture models local and medium-

range temporal patterns in the CERE signal. 

• T-CER-Net Transformer: The proposed model includes two stacked Transformer Encoder blocks, each 

comprising multi-head attention (4 heads), an embedding dimension of d = 64, position-wise feed-forward layers, 

residual connections, and layer normalization. The architecture enables global temporal reasoning across all 150-

frame. 

4-2- Comparative Performance Analysis  

The three models were evaluated on the held-out test set (N = 1,440). As shown in Table 2, performance increases 

substantially with the introduction of temporal modeling, with the Transformer demonstrating the strongest diagnostic 

reliability. 
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Table 2. Comparative Classification Metrics on the Unseen Test Set (N = 1,440). 

Model Accuracy AUC Sensitivity Specificity 

Static (Max CERE, 𝜏 = 0.025) 0.7532 0.5250 1.0000 0.0500 

CNN-LSTM (Baseline) 0.7662 0.8149 0.8421 0.5500 

T-CER-Net (Transformer) 0.8442 0.9140 0.8421 0.8500 

4-3- Failure of Static Classification 

The static threshold classifier achieved an AUC of 0.5250, barely above the random baseline of 0.50. Although 
sensitivity was perfect (1.0000), specificity dropped to 0.0500, meaning that 95% of normal sequences were incorrectly 
classified as pathological. This result confirms that static magnitude-based features cannot distinguish transient noise 
from true binocular deviation and therefore lack clinical utility. 

4-4- Validation of Temporal Modeling  

The addition of temporal processing through the CNN-LSTM baseline yielded substantial improvements. The model 
achieved an AUC of 0.8149 and specificity of 0.5500, demonstrating that treating CERE as a sequence rather than a 
static value provides meaningful diagnostic information. However, limitations of recurrent architectures—particularly 
their difficulty modeling long-range temporal dependencies—restricted further gains. 

4-5- Architectural Superiority of the Transformer  

The proposed T-CER-Net Transformer achieved the strongest performance across all metrics: 

• AUC: Improved from 0.8149 to 0.9140, demonstrating superior modeling of global temporal structure. 

• Specificity: Increased from 0.5500 (CNN-LSTM) to 0.8500, indicating substantial noise-resilience and effective 
suppression of transient artifacts. 

• Sensitivity Maintained at 0.8421, showing that improvements in specificity did not compromise the model's ability 
to detect true pathological sequences. 

The balanced diagnostic profile of the Transformer—high sensitivity and high specificity—establishes it as the most 
clinically viable architecture. The ROC analysis in Figure 2 reinforces these findings: the T-CER-Net ROC curve lies 
consistently above the baselines and approaches the ideal top-left corner, confirming its effectiveness in distinguishing 
pathological from noise-induced deviations across real-world sequences. 

 

Figure 2. Receiver Operating Characteristic (ROC) Comparison. The T-CER-Net Transformer (solid green) demonstrates 

superior separability with an AUC of 0.9140, outpacing both the CNN-LSTM (dashed blue) and the Static Baseline. The gap 

highlights the importance of global self-attention for robust temporal noise filtering. 
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4-6- Convergence and Efficiency to Train 

For evaluating the stability and learning dynamics of the time classifier, training and validation AUC results were 
observed for the entire training period. The obtained convergence profiles are presented in Figure 3. These curves offer 
some indication of how well all models can extract the temporal structure from the CERE sequence and generalize 
against noise sources. The results indicate significant differences in convergence behavior of the two dynamic 
architectures: 

• T-CER-Net (Transformer): The Transformer showed an overall continuous and gradual improvement in 
validation behavior, with its highest achieved AUC of 0.9451 at Epoch 32. Early stopping was then induced at 
Epoch 47, confirming that the model kept refining its internal representation on a few epochs without overfitting. 
This extended convergence window indicates that the self-attention mechanism is appropriate to capture the global 
temporal structure of the CERE signal when training the model and can take advantage of the entire training data 
without saturating the full set prematurely. 

• CNN-LSTM Baseline: CNN-LSTM displayed a speedier, but less extensive learning curve, reaching 0.8905 AUC 
in validation at Epoch 13 and stopping at Epoch 28. While the early convergence indicates the model’s potential 
for addressing both short and mid-range temporal dependencies, the reduced performance ceiling and earlier 
plateau are in line with its limited integration of long-term temporal connections, which are vital for differentiating 
long term ocular deviance from transitory artifacts. 

The validation curves evolve relatively well in both models and the activation of early stopping at the right time 
confirms stable optimization behavior. The use of best-epoch weight restoration guaranteed that Table 2 included the 
last models in their highest generalization capability, with no overfitting, and accurately representative of their real 
discriminative performance. 

 

Figure 3. Model Training Convergence on Validation Data (AUC vs. Epochs). The T-CER-Net Transformer (solid green line) 

exhibits superior learning capacity and stability, achieving a peak validation AUC of 0.9451 at Epoch 32. The earlier plateau 

and lower peak of the CNN-LSTM (solid blue line) demonstrate the architectural advantage of global self-attention over 

sequential memory for this time-series classification task. 

5- Discussion 

The results presented in Section 4 demonstrate that T-CER-Net provides a practical and robust solution for dynamic 
strabismus detection under noisy, unconstrained conditions. In particular, the findings show that explicitly modeling 
temporal stability can overcome the long-standing problem of low diagnostic specificity that has limited earlier 
automated screening approaches based on static or frame-level measurements. Rather than relying on isolated deviation 
estimates, the proposed method leverages temporal consistency as a defining characteristic of pathological binocular 
misalignment. This discussion therefore focuses on three closely related aspects: (a) the validity of the Temporal Cross-
Eye Regression Error (CERE) as a physiologically meaningful representation of binocular coordination, (b) the role of 
temporal modeling in reducing false-positive detections caused by transient noise, and (c) the implications of using a 
Transformer Encoder for capturing long-range temporal structure in ocular behavior. 



Emerging Science Journal | Vol. 10, No. 2 

Page | 861 

Although the CERE signal itself is one-dimensional, the underlying diagnostic decision depends on evaluating how 
this signal evolves over time. Sustained elevations in CERE reflect genuine breakdowns in conjugate eye movement, 
whereas brief spikes are typically associated with non-pathological events such as blinking or momentary tracking errors. 
The Transformer Encoder is well suited to this distinction because its self-attention mechanism enables direct 
comparison across the entire sequence, allowing transient fluctuations to be downweighted in favor of persistent patterns. 
This capability is difficult to achieve with recurrent architectures, which process information sequentially and have 
limited access to global temporal context, and it plays a central role in the observed improvement in diagnostic 
specificity. 

5-1- Validation of Temporal CER methods  

The central component of the T-CER-Net framework is CERE, which serves as a compact and physiologically 
meaningful representation of binocular coordination. By normalizing anatomical landmarks with respect to inter-canthal 
distance and training the CER models exclusively on conjugate eye movements from normal subjects, the resulting error 
signal largely reflects genuine disruptions in binocular coupling rather than extrinsic factors such as head motion, camera 
distance, or scale variation. This design allows CERE to function as a proxy for binocular coordination itself, rather than 
as a direct or absolute estimate of gaze direction. 

A key conceptual shift introduced by this formulation is the move away from static threshold-based decision rules 
toward temporal sequence analysis. When CERE is treated as a single-frame or peak-value measurement, diagnostic 
performance is poor: static classification based on the maximum observed CERE value yields near-random 
discrimination, with an AUC of 0.5250. This result underscores the limited diagnostic value of isolated deviation 
measurements in unconstrained settings. In contrast, incorporating temporal structure through a sequential model leads 
to a marked improvement. The CNN–LSTM baseline, which captures short- and mid-range temporal dependencies in 
the CERE signal, increases the AUC to 0.8149 (Table 2). 

These results reinforce the idea that strabismus is fundamentally a dynamic condition and is difficult to identify 
reliably from isolated frames. In practice, useful diagnostic information comes from observing how binocular 
misalignment changes over time. Persistent deviations are more indicative of strabismus than brief, isolated fluctuations. 
Treating strabismus detection as a temporal analysis problem, rather than relying on frame-by-frame decisions, therefore 
provides a more reliable basis for automated screening. 

5-2- Correcting the Specificity Issues  

A major obstacle for automated strabismus screening is the tendency of existing systems to produce a large number 
of false-positive detections. In real-world recordings, brief events such as blinking, short gaze shifts, or momentary 
landmark tracking errors are common and can easily be mistaken for pathological misalignment. This issue is clearly 
reflected in the static baseline, which achieved a specificity of only 0.0500 (Table I), indicating that most normal cases 
would be incorrectly classified as abnormal. Such behavior makes purely frame-based approaches impractical for use in 
realistic screening settings. 

The proposed framework tackles this limitation by taking into account the kinds of variability that commonly appear 
in unconstrained recordings. During training, normal sequences that include everyday artifacts were deliberately 
overrepresented, allowing the model to encounter a wide range of non-pathological temporal fluctuations. This broader 
exposure allows the classifier to recognize that brief, irregular deviations commonly occur in normal eye movement, 
thereby reducing false-positive detections. 

A brief sensitivity check showed that reducing the degree of oversampling led to a noticeable drop in specificity, 
suggesting that explicit exposure to real-world noise during training plays an important role in suppressing false-positive 
detections. 

In addition, the use of attention-based temporal modeling enables the system to assess deviation patterns over the 
entire 150-frame sequence rather than reacting to isolated events. By considering how deviations evolve and persist over 
time, the model can distinguish brief, noise-related spikes from sustained patterns that are more consistent with true 
strabismus. As a result, transient disturbances are naturally down weighted, while temporally stable misalignment signals 
are preserved. 

These design choices lead to a substantial improvement in diagnostic specificity. When evaluated over 150-frame 
sequences, specificity increased from 0.5500 with the CNN–LSTM baseline to 0.8500 with T-CER-Net, representing an 
improvement of approximately 30 percentage points. This improvement highlights the importance of long-range 
temporal consistency in strabismus detection and indicates that reliable screening cannot rely on peak deviation values 
alone. The steadier training behavior and stronger validation performance observed with the Transformer-based model 
further indicate that attention-driven architectures are well suited for managing the variability present in real-world 
ocular data. 

5-3- Architectural Superiority and clinical Readiness  

The improved performance of T-CER-Net appears to stem from differences in how temporal information is 

represented and integrated, rather than from increased model complexity alone. Although both the CNN–LSTM baseline 
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and the proposed Transformer-based architecture operate on the same one-dimensional CERE signal, their treatment of 

temporal structure differs substantially. In recurrent models, sequential processing can make it more difficult for 

information from earlier frames to be retained when analyzing longer sequences. In contrast, the self-attention 

mechanism used in T-CER-Net allows the model to examine all time points together, making it easier to determine 

whether deviations are sustained over time or occur only as brief, isolated events. 

This distinction is especially important for strabismus screening, where pathological misalignment is defined by its 
persistence over time rather than by brief peaks in deviation. The achieved test AUC of 0.9140 indicates that the model 
is able to reliably separate these two behaviors. Equally important is the balanced operating point, with both high 
sensitivity (0.8421) and high specificity (0.8500). In practical screening scenarios, a high false-positive rate can place 
unnecessary strain on referral pathways and reduce clinician confidence in automated tools. Maintaining specificity 
without a noticeable loss in sensitivity is an important consideration for clinical prescreening, and this balance is reflected 
in the proposed approach. The resulting improvement in specificity therefore represents a meaningful step toward real-
world deployment, rather than a purely statistical gain. 

From a clinical perspective, the results suggest that T-CER-Net does not simply detect large deviations but instead 
evaluates the temporal coherence of binocular misalignment. This behavior aligns more closely with how clinicians 
interpret ocular stability during examination. The model’s resistance to transient noise, together with its ability to operate 
without subject-specific calibration, supports its suitability for use in high-variability environments such as telemedicine, 
school-based screening, and community pediatric programs. 

Taken together, the results indicate that modeling temporal information with attention can be beneficial for screening 
applications. The observed reduction in false positives, achieved without a clear loss in sensitivity, indicates that T-CER-
Net may be useful as a supportive prescreening tool within existing clinical assessment workflows. 

5-4- Comparison with Previous Studies 

Earlier work on automated strabismus screening has largely relied on static images, gaze-angle estimation, or short 
temporal segments, and has typically been evaluated under controlled acquisition conditions. Image-based 
photoscreening and corneal light reflex methods have shown good sensitivity for detecting manifest strabismus, but their 
performance is often affected by factors such as lighting, head position, and camera calibration, which limits their 
reliability outside the clinic. In a similar way, general-purpose gaze estimation models can achieve accurate angle 
estimates in laboratory settings, yet they are not specifically designed to separate pathological misalignment from 
voluntary eye or head movements encountered in everyday use. 

More recent learning-based approaches have begun to incorporate temporal information, typically using recurrent 
neural networks or short temporal windows. While these methods improve robustness relative to frame-level analysis, 
they often remain sensitive to transient artifacts such as blinking or brief tracking failures. As a result, reported 
specificity varies widely and tends to degrade when evaluated on unconstrained or real-world data. In contrast, the 
present study formulates strabismus detection explicitly as a problem of temporal stability rather than peak deviation 
magnitude. By using a conjugacy-based feature representation and examining longer temporal sequences, T-CER-Net 
focuses on persistent binocular misalignment while reducing the influence of short-lived, noise-related fluctuations. The 
attention-based temporal modeling further differentiates this approach from recurrent architectures by allowing 
information from distant time points to be considered directly within a sequence. 

It should be noted that direct numerical comparisons across studies are inherently difficult because of differences in 
datasets, acquisition conditions, and evaluation protocols. Many prior works report results obtained under controlled 
settings or with subject-specific calibration, whereas the present study targets unconstrained recordings without 
calibration. Within this context, the balanced sensitivity and specificity achieved by T-CER-Net suggest that modeling 
long-range temporal consistency provides a meaningful advantage for real-world strabismus pre-screening. 

6- Conclusion 

This work presents the Temporal Cross-Eye Regression Network (T-CER-Net), an attention-based method for 

strabismus detection using video data. The method is intended for use in unconstrained recording conditions and focuses 

on improving robustness to noise while preserving diagnostic specificity, which remains a challenge for many existing 

automated screening methods. 

A central contribution of this work is the introduction of the Cross-Eye Regression Error (CERE) as a compact 

temporal representation of binocular coordination. By measuring deviations from expected conjugate eye movement 

under normalized geometry, CERE shifts the problem away from absolute gaze estimation toward a relative measure 

that is less affected by head motion, camera distance, or lack of calibration. This formulation allows temporal patterns 

of ocular alignment to be analyzed in a stable and interpretable manner. 

The results show that handling real-world variability during training is important. Oversampling normal recordings 

that include common artifacts, along with class weighting, helps the model learn that brief changes caused by blinks or 

tracking noise are usually part of normal eye movement. This design choice directly addresses the issue of low specificity 

that has limited the practical use of many automated screening systems. 
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In addition, the use of a Transformer-based temporal model enables the analysis of extended sequences without 

relying on sequential state propagation. By evaluating temporal consistency across the full sequence, the model is better 

able to distinguish sustained misalignment from short-lived noise. Compared with the CNN–LSTM baseline, this 

approach achieved higher specificity without a noticeable loss in sensitivity. 

T-CER-Net showed balanced performance, with an AUC of 0.9140, a specificity of 0.8500, and a sensitivity of 

0.8421. The results suggest that using noise-robust features together with attention-based temporal modeling can lead to 

more reliable automated prescreening. Further clinical studies are still needed, but the approach provides a reasonable 

starting point for video-based screening tools that could assist existing clinical workflows. 

6-1- Limitations and Future Work  

The results are encouraging, but several limitations remain. At this stage, T-CER-Net is designed to perform a simple 

binary decision between strabismus and normal ocular alignment. This is appropriate for prescreening, where the main 

goal is to flag potential cases, but it does not provide an estimate of deviation magnitude. In future work, the framework 

could be adapted to estimate continuous values, such as prism diopters, to better reflect routine clinical measurement. 

This work mainly considered variability that commonly occurs in everyday recordings, including blinking, moderate 

head movement, and occasional landmark tracking errors, and addressed these effects through augmentation and 

oversampling. More extreme conditions, such as rapid head motion or heavy occlusion of the eyes, were not studied. 

Evaluating performance in these scenarios would help define the limits of the method. 

A further limitation is the dependence on external landmark detection with MediaPipe Face Mesh. While the 

conjugacy-based CERE feature helps limit the impact of small tracking errors, failures in landmark detection can still 

affect performance. Exploring end-to-end models that learn both feature extraction and temporal classification directly 

from video data may help reduce this dependency. 

Finally, the present work addresses a technical limitation—low specificity in unconstrained recordings—but does not 

replace the need for clinical validation. Evaluation in real screening environments, particularly with pediatric or 

uncooperative subjects, will be necessary before the method can be considered for wider deployment. 
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