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ABSTRACT

This work presents POSEIDON, a portable ocular surface
evaluation system built on a hardware–software co-design
paradigm for real-time, quantitative assessment of ocular sur-
face diseases. The system integrates dual-modality imaging
into an end-to-end pipeline, with a lightweight network for
meibomian gland delineation on edge devices with limited
power and memory. By unifying imaging, computation, and
clinical interpretation in a compact system, POSEIDON es-
tablishes a scalable route toward intelligent ocular surface
disease analysis and democratized eye-health monitoring.

Index Terms— biomedical imaging, ocular surface dis-
ease, meibomian gland dysfunction, infrared meibography

1. INTRODUCTION

Ocular surface diseases (OSDs) encompass chronic disorders
of the cornea, conjunctiva, and eyelids, with prevalence rising
due to environmental and lifestyle factors [1]. Among these,
dry eye disease (DED) is the most prevalent, with a global
prevalence of 7%–52% [2]. Meibomian gland dysfunction
(MGD), the primary pathogenic driver, underlies 80%–90%
of DED cases [3]. Progressive gland dropout and atrophy re-
duce lipid secretion and destabilize the tear film, therefore
objective meibomian gland (MG) morphology assessment for
early detection and clinical management is necessary [4].

Despite this need, evaluation remains largely qualitative.
IR meibography is commonly graded by visual inspection,
which suffers from observer variability [5]. Manual segmen-
tation can improve accuracy but requires 12–25 minutes per
image [6], making it impractical for large-scale use.

Early automation relied on handcrafted pipelines such
as thresholding, morphological filters, and texture descrip-
tors [7], which were vulnerable to illumination changes and
imaging artifacts. Curve-fitting models helped characterize
eyelid margins but still required manual ROI selection [8].
With the advent of deep learning, CNN-based frameworks
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have been applied to MG segmentation and severity grading.
Examples include U-Net pipelines extracting gland morphol-
ogy [9], generative models addressing reflection artifacts [6],
and semantic segmentation networks quantifying atrophic
regions [10, 11]. While effective, these models are often
computationally intensive, trained on limited datasets, and
confined to clinic-based systems.

Lightweight architectures are well established in RGB
imaging, particularly with YOLO-based detectors [12], but
efficient solutions for IR meibography remain limited. Ad-
ditional hardware and data-flow complexity in IR imaging
lead to issues of algorithmic efficiency. Meanwhile, portable
devices such as MeiboVue and Ezer Sapphire support high-
resolution acquisition but lack embedded analytics [13], cre-
ating a gap between imaging and actionable insights.

To address these, we propose a hardware–software co-
designed system for automated MG segmentation and MGD
assessment. The framework enables real-time, on-device in-
ference across both IR and RGB modalities, demonstrating
point-of-care viability. The main contributions are:
• Design of a hardware–software integrated system for real-

time segmentation and diagnostics on edge devices.
• Dual-modality pipeline integrating imaging with lightweight

neural networks tailored for low-resource deployment.
• Prototype validation on public and clinical datasets, show-

ing both segmentation accuracy and system feasibility.

2. SYSTEM OVERVIEW

The proposed system integrates RGB anterior eye imag-
ing and infrared (IR) meibography within a dual-modality
pipeline to enable comprehensive ocular surface evaluation.
As Fig. 1 shows, the workflow comprises five steps: imaging,
preprocessing, segmentation, indexing, and reporting.

During acquisition, complementary modules operate: the
RGB module captures anterior segment photos for general
ocular surface screening (e.g., pain, injury, blurred vision),
while the IR one acquires high-resolution meibography of up-
per/lower eyelids to characterize MG morphology—including
gland area, Meiboscore, and structural irregularities.
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Fig. 1: Dual-modality system overview with RGB anterior eye imaging and IR meibography.

Captured images undergo standardized preprocessing.
For IR data, this includes eyelid region extraction and glandu-
lar mask preparation; for RGB images, vascular and conjunc-
tival regions are enhanced to facilitate subsequent analysis.
Modality-specific neural networks perform segmentation: a
lightweight YOLO-based detector identifies subconjunctival
hemorrhage (SCH) and conjunctivitis in RGB images, while
a specially designed lightweight network segments glands in
IR meibography. This hardware–software co-design enables
efficient complementary analysis on low-power edge devices.

Quantitative indices are computed post-segmentation. For
RGB images, SCH area proportion and vessel thickness met-
rics are derived, targeting vessel calibers for sensitivity to
pathological dilation. For IR images, MG-to-eyelid area ratio,
gland dropout counts, and irregularity patterns are quantified
to generate interpretable measures aligned with clinical sys-
tems. Results are aggregated into a user-friendly interface:
RGB outputs visual overlays with severity indicators, while
IR outputs display MG area ratios, dropout numbers, and ir-
regularity maps, for real-time point-of-care decision-making.

3. ALGORITHM MODULE

Since the proposed system processes multimodal data streams,
an IR pathway is included for meibomian gland analysis. Un-
like the RGB domain where lightweight detectors are well
established, efficient algorithms tailored for IR meibogra-
phy remain underdeveloped. To bridge this gap, we design

a lightweight network for meibomian gland analysis in IR
images [14]. The network follows a compact U-shaped archi-
tecture, and integrates task-specific mechanisms to address
the major challenges of gland segmentation.

One key challenge arises when tortuous and densely
packed glands appear indistinguishable at their boundaries,
leading to adhesion artifacts. To alleviate this, we adopt an
attention-based gating mechanism in skip connections [15].
This module filters encoder features using decoder context,
thereby enhancing boundary discrimination and reducing
adhesion errors for closely clustered glands. Another dif-
ficulty is incomplete or fragmented gland predictions, es-
pecially for elongated, distorted, or atrophic morphologies.
To address this, the network incorporates a multi-scale rep-
resentation strategy [16, 17] with residual connections and
channel–spatial recalibration for enriched contextual learning
and improved structural continuity.

4. EXPERIMENTS

Comparative Analysis on Public Dataset. We evaluate
the efficacy of our method on the public MGD-1K bench-
mark [6], compared with U-Net [18], Attention-UNet [15],
UNet++ [19], CPFNet [20], CS2-Net [21], CE-Net [22],
IF-Net [23], and GD-Net [24]. Five established metrics as-
sess performance: Dice Similarity Coefficient, Intersection
over Union, Sensitivity, Specificity, and Accuracy. As Fig. 2
shows, ours consistently outperforms others, providing reli-
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Fig. 2: MGD-1K results across five metrics.

Fig. 3: LFSC clinical dataset results.

Fig. 4: Visualization of segmentation results.

able MG segmentation with accurate boundary delineation
and robust preservation of gland morphology.
Cross-Dataset Validation on Clinical Data. To further as-
sess clinical applicability, we validated the framework on the
LFSC dataset [25]. As Fig. 3 shows, ours again demonstrates

Fig. 5: Efficiency analysis.

(a) (b)

Fig. 6: Hardware system overview. (a) Portable IR meibogra-
phy prototype connected to a mobile phone. (b) USB imaging
module with 850 nm IR LED array for compact meibography.

superiority over existing networks across metrics. The con-
sistent ranking across datasets highlights generalization under
domain shift and supports the clinical applicability.
Visualization of Segmentation Results. As Fig. 4 shows, the
predicted eyelid and gland masks align well with the ground
truth, with a dropout ratio of 70.53% versus 72.50%, both
corresponding to Meiboscore grade 3. This confirms reliable
structural delineation and consistency with clinical indices.
Model Efficiency and Lightweight Comparison. Lightweight
networks are critical for deployment in medical imaging,
where memory efficiency, latency, and throughput are paramount.
We implement comparisons across four key dimensions: pa-
rameter count, model size, inference speed (FPS), and latency.
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As Fig. 5 shows, ours requires substantially fewer parameters
and less memory, while providing faster inference.
Portable Hardware System. To facilitate practical deploy-
ment and real-world validation, we developed a compact IR
meibography system (Fig. 6). The system enables the ac-
quisition of high-contrast eyelid images. Integrated with the
proposed framework, the system provides intelligent point-
of-care MGD assessment, enhancing accessibility for patients
with limited mobility or restricted healthcare access.
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