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ABSTRACT 
 

Parkinson’s disease diagnosis traditionally relies on subjective clinical evaluation and 

expensive medical equipment, resulting in prolonged wait times, substantial costs, and 

misdiagnosis affecting nearly 20% of cases. Many machine learning approaches require data 

from medical-grade imaging systems such as MRI, limiting accessibility. This paper presents a 

lightweight screening system utilizing facial movement analysis from standard video recordings 

to provide objective, accessible PD detection. The methodology processes videos through 

MediaPipe to generate facial mesh representations, extracting landmarks that are transformed 

into Action Unit features including eye aspect ratio, mouth aspect ratio, angles, velocity, and 

acceleration. A supervised Gradient Boosting classifier processes these features to distinguish 

PD patients from healthy controls. Experimental evaluation demonstrates 86.7% classification 

accuracy, substantially outperforming unsupervised K-Means clustering (46.7%). The proposed 

multi-region, dynamics-aware approach offers practical preliminary screening suitable for 

resource-limited clinical settings where specialist access remains constrained. 
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1. INTRODUCTION 
 
Current Parkinson’s disease diagnostic methods typically require medical-grade imaging 

equipment or rely on subjective evaluation by clinical specialists, introducing potential for 

diagnostic errors [1]. This process imposes substantial burdens including extended wait times 

averaging 2.75 years and costs reaching thousands of dollars, creating barriers particularly for 

patients in underserved regions [2]. 

 

Clinical diagnosis accuracy across studies averages approximately 80.6%, indicating that nearly 

20% of cases result in misdiagnosis [3]. Furthermore, clinicopathologic studies report interrater 

reliability (Cohen’s kappa) of only ~0.54 at initial visits, demonstrating merely moderate 

agreement among clinicians rather than near-perfect consensus [4]. This substantial subjectivity 

indicates the need for more objective diagnostic approaches. 

 

The diagnostic process frequently necessitates multiple revisits, compounding temporal and 

financial burdens while delaying appropriate treatment initiation [5]. Patients cannot receive 

proper therapeutic interventions during extended diagnostic evaluation periods, potentially 

allowing disease progression that earlier treatment might mitigate. 

https://airccse.org/cscp.html
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Three research methodologies addressing hypomimia-based Parkinson’s disease detection were 

analyzed. The first study focused on dynamic cheek surface modeling, achieving 80.6% accuracy 

but limiting analysis to a single facial region. The second approach analyzed smile-related Action 

Units using statistical summaries (mean and variance), achieving 79.8% accuracy but reducing 

temporal sensitivity through aggregation. The third methodology compared classical machine 

learning and deep learning models using FaceMesh landmarks, achieving 82.6% with CNN 

architectures but requiring larger datasets and greater computational resources. 

 

Each methodology aimed to objectively quantify facial expressiveness but exhibited limitations 

in spatial coverage, temporal sensitivity, or computational practicality. The proposed 

methodology improves upon these works by analyzing multiple AU regions across the entire face 

and explicitly modeling temporal dynamics through velocity and acceleration features. By 

employing Gradient Boosting rather than deep neural networks, competitive accuracy (86.7%) is 

achieved while maintaining computational efficiency suitable for resource-constrained 

deployment. 

 

The proposed method introduces a convenient and objective approach for parkinsonism screening 

utilizing commercial-grade smartphone cameras combined with machine learning classification 

[6]. The system generates facial mesh representations using MediaPipe and analyzes extracted 

features through trained classifiers, providing data-driven diagnostic support that is inherently 

objective. 

 

Smartphone-based acquisition makes diagnosis accessible to most patients while providing 

clinicians with quantitative, reproducible information [7]. By analyzing subtle facial movements 

often overlooked during traditional examination, the application can detect early signs of 

parkinsonism with improved sensitivity. Compared to traditional methods requiring in-person 

evaluation and specialized equipment, this solution is non-invasive, cost-effective, and suitable 

for remote deployment [8]. 

 

This accessibility makes the proposed system particularly valuable in regions with limited 

neurologist availability. Additionally, the machine learning framework enables continuous 

improvement as additional training data becomes available, progressively enhancing diagnostic 

accuracy over deployment lifetime [9]. 

 

The experimental evaluation assessed classification performance of supervised versus 

unsupervised learning for Parkinson’s disease detection using facial motion features. Specifically, 

the study tested whether Gradient Boosting (supervised) would outperform K-Means clustering 

(unsupervised) when trained on features extracted from MediaPipeFaceMesh, including EAR, 

MAR, angles, velocity, and acceleration metrics. 

 

The dataset was constructed by segmenting videos into fixed-length clips, extracting facial 

landmarks, computing AU-related features, and assigning diagnostic labels. Following dataset 

partitioning into training and testing subsets, model performance was evaluated using accuracy 

and confusion matrices. 

 

Results demonstrated that Gradient Boosting significantly outperformed K-Means, achieving 

86.7% accuracy compared to 46.7%. This outcome confirms that supervised models leverage 

labeled data to learn discriminative patterns effectively, whereas unsupervised clustering lacks 

explicit class information necessary for identifying subtle PD-characteristic facial motion patterns. 

The experiment successfully validated supervised learning approaches for facial motion-based 

PD classification. 
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2. CHALLENGES 
 

In order to build the project, a few challenges have been identified as follows. 

 

2.1. Video Processing and Segmentation 
 

Fixed-length segmentation ensures consistency and reliability in feature extraction and model 

training by standardizing the temporal baseline across all samples. Processing variable-length 

recordings would introduce inconsistencies in velocity and acceleration calculations, since 

differing numbers of frames can significantly alter derivative values. For example, additional 

frames may produce meaningfully different motion gradients, potentially leading to false 

positives or false negatives in region-specific metrics. By segmenting videos into fixed-length 

intervals, the system generates comparable feature representations across samples, thereby 

supporting more stable and robust classifier training.  

 

2.2. Facial Feature Extraction (FaceMesh/AU System) 
 

The system utilizes MediaPipeFaceMesh to extract detailed facial landmarks from each video 

frame. Although MediaPipe does not directly compute Facial Action Units (AUs), anatomically 

relevant subsets of landmarks—corresponding to regions such as the eyes, mouth, eyebrows, and 

nose—are selected to approximate AU-related regions. Temporal dynamics are then derived from 

the trajectories of these landmarks by calculating metrics including Eye Aspect Ratio (EAR), 

Mouth Aspect Ratio (MAR), velocity, acceleration, and slope [18]. These features capture subtle 

motion patterns over time, enabling the identification of reduced facial expressivity characteristic 

of hypomimia. 

  

2.3. Machine Learning Classification 

 
Supervised learning methods such as Gradient Boosting outperform unsupervised approaches like 

K-Means because they utilize diagnostic labels to directly learn discriminative patterns aligned 

with the classification objective. In contrast, unsupervised clustering identifies inherent data 

groupings without reference to clinical categories, meaning the resulting clusters may not 

correspond to medically meaningful distinctions. Experimental results indicate that facial motion 

differences between Parkinson’s disease patients and healthy subjects are subtle and distributed 

across multiple features, requiring explicit supervision to be effectively captured. By leveraging 

labeled data, supervised models can optimize decision boundaries specifically for diagnostic 

separation, leading to superior performance.   

 

3. SOLUTION 
 

This section describes the system architecture, technologies employed, and operational workflow 

of the proposed Parkinson’s disease detection application. 
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Figure 1. System architecture flowchart depicting the complete processing pipeline from video input to 

classification output 

 
The proposed system processes video input through a sequential pipeline designed for efficient 

facial motion analysis. Initially, video recordings are converted to facial mesh representations 

using MediaPipe’sFaceMesh module. Subsequently, Action Unit (AU) regions are extracted from 

the mesh data and organized into structured DataFrames for analysis. 

 

The feature extraction phase computes multiple metrics from the landmark data, including 

velocity, acceleration, and angular measurements that characterize facial motion dynamics. These 

calculated features serve as input to a Gradient Boosting machine learning classifier, which 

performs binary classification to distinguish between Parkinson’s disease patients and healthy 

control subjects [16]. 

 

The following subsections detail three primary system components: video processing, feature 

extraction, and machine learning classification. 

 

Video data is sourced from publicly available YouTube recordings of individuals with confirmed 

Parkinson’s disease diagnoses alongside healthy control subjects. The preprocessing pipeline 

converts raw video into facial mesh representations and segments the data into discrete frames. 

Each video segment receives appropriate labeling indicating the subject’s health status 

(Parkinson’s or healthy) encoded as boolean values for subsequent supervised learning [17]. 
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Figure 2. Video segmentation and facial landmark extraction algorithm pseudocode 

 

The video processing algorithm performs temporal segmentation and facial landmark extraction. 

The code initially separates input video into individual frames, subsequently organizing them into 

5-second segments corresponding to approximately 150 frames based on the standard 30 fps 

frame rate. For each frame, MediaPipe generates a three-dimensional facial mesh from which x, y, 

and z coordinates are extracted for all 468 landmarks [19]. 

 

The algorithm maintains a running collection of landmark data that is periodically exported when 

segment boundaries are reached. Each exported CSV file receives a filename encoding both the 

source video identifier and subject health status label, facilitating subsequent supervised learning. 

Upon processing completion, video capture resources are released to prevent memory leaks. 

 

The dataset construction component extracts clinically relevant features from facial landmarks 

corresponding to specific Action Unit regions [20]. The primary AU regions analyzed include the 

mouth, eyebrows, and eyes, which are known to exhibit reduced expressiveness in Parkinson’s 

disease patients. 

 

Following landmark extraction, the system computes Eye Aspect Ratio (EAR), Mouth Aspect 

Ratio (MAR), jaw angles, eyebrow movement metrics, and slope measurements for both left and 

right facial regions. These static features are augmented with temporal derivatives including 

velocity and acceleration to capture motion dynamics. 
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Figure 3.Feature extraction pipeline for AU-based temporal metrics computation 

 

The feature extraction algorithm constructs a comprehensive dataset by computing multiple 

metrics from facial mesh landmarks. The code first defines arrays of MediaPipe landmark indices 

corresponding to key facial regions including the mouth, bilateral eyes, eyebrows, chin, and nose 

reference points. 

 

For each input CSV file containing frame-by-frame landmark coordinates, the algorithm 

computes regional features: Eye Aspect Ratio (EAR) quantifies eye openness, Mouth Aspect 

Ratio (MAR) measures oral aperture, jaw angle captures mandibular position, and eyebrow 

metrics track vertical displacement and inclination [15]. Temporal dynamics are computed using 

a fixed frame rate of 30 fps, calculating both velocity (first derivative) and acceleration (second 

derivative) to detect movement speed abnormalities characteristic of hypomimia. 

 

All computed features are concatenated into a unified DataFrame and exported for machine 

learning classification. 

 

The classification component employs Gradient Boosting, implemented via the scikit-learn 

library, to perform supervised binary classification [14]. The model is trained on the feature 

dataset constructed from processed video segments, learning to distinguish patterns characteristic 

of Parkinson’s disease versus healthy facial motion.  
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Figure 4.Gradient Boosting classification pipeline and dataset preprocessing workflow 

 

The classification pipeline begins by importing necessary scikit-learn modules for model training 

and evaluation. The get_training_dataset function from the anglefunction module aggregates all 

processed CSV files, reshaping each video segment’s temporal data by unstacking rows into a 

single wide feature vector where each original feature is indexed by frame number. 

 

Label encoding assigns binary values: 0 represents healthy subjects while 1 indicates Parkinson’s 

disease. Following dataset aggregation, preprocessing removes unnamed index columns and fills 

missing values with zeros [13]. The dataset is partitioned with 67%  allocated for training and  

33%  reserved for evaluation. 

 

The Gradient Boosting classifier is instantiated with optimized hyperparameters: 100 estimators 

provide ensemble complexity, learning rate of 1.0 enables aggressive parameter adjustment, 

maximum depth of 1 creates simple decision stumps, and random state ensures reproducibility. 

Model accuracy is computed on the held-out test set. 

 

4. EXPERIMENT 
 

4.1. Experiment 1 
 

This experiment evaluates the classification performance of supervised versus unsupervised 

learning approaches for Parkinson’s disease detection using facial motion features. 

Approximately 45 video segments were analyzed, with extracted features including facial mesh 
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coordinates, acceleration, velocity, and AU region metrics. The comparative study examines 

Gradient Boosting (supervised) against K-Means clustering (unsupervised) to determine whether 

explicit diagnostic labels are necessary for effective classification. 

 

To evaluate the effectiveness of supervised and unsupervised learning approaches for Parkinson’s 

Disease classification, a controlled comparison was conducted. The Gradient Boosting classifier 

(supervised) was trained on labeled examples using a 67/33 train-test split, while K-Means 

clustering (unsupervised) was applied to the same feature space without access to diagnostic 

labels. 

 

Both models received identical preprocessed feature matrices containing EAR, MAR, angular, 

velocity, and acceleration features. Performance was assessed using accuracy, F1 score, and 

confusion matrix analysis. This experimental design isolates the impact of learning paradigm 

while controlling for feature representation. 

 

 
 

Table 1. Classification performance comparison between supervised and unsupervised approaches 

 

 
 

Figure 5. Comparison of Gradient Boosting versus K-Means classification performance showing accuracy 

and F1 scores with corresponding confusion matrices 

 
The Gradient Boosting model demonstrated strong classification performance, achieving 86.7% 

accuracy with an F1 score of 0.865. Confusion matrix analysis reveals that the model correctly 

classified all healthy samples with zero false positives, while successfully identifying the 

majority of Parkinson’s disease cases. A small number of PD samples were misclassified as 

healthy, representing false negatives that warrant attention in screening applications. 

 

This performance indicates that the Gradient Boosting model effectively learns discriminative 

patterns from labeled training data, particularly excelling at identifying healthy subjects while 

maintaining strong sensitivity to PD-characteristic motion patterns. The model’s ability to utilize 

labeled features enables construction of complex decision boundaries appropriate for 

distinguishing subtle facial motion differences. 

 

In contrast, K-Means clustering achieved only 46.7% accuracy, performing near chance level. 

The unsupervised approach failed to identify meaningful clusters corresponding to diagnostic 

categories, confirming that explicit class labels are essential for effective PD detection using 

facial motion features. 
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5. RELATED WORK 
 

Rios-Urrego et al. investigated dynamic cheek surface modeling for enhanced hypomimia 

detection in Parkinson’s disease [10]. Their study analyzed cheek surface variability within video 

frames to evaluate disease presence, collecting data from 112 participants (32 PD patients, 80 

healthy controls). Their machine learning approach achieved 80.6% prediction accuracy. 

 

In contrast to their single-region focus on cheek dynamics, the proposed methodology analyzes 

multiple facial regions including eyes, mouth, and eyebrows, potentially capturing a broader 

range of hypomimia manifestations. Additionally, explicit temporal dynamics (velocity, 

acceleration) are computed rather than relying solely on spatial variability measures. 

 

Adnan et al. proposed an AI-enabled screening framework that predicts Parkinson’s disease 

status by analyzing smile expressions [11]. Participants were recorded during smile production, 

and Action Unit regions were extracted to achieve 79.8% classification accuracy. Their approach 

relies on statistical summaries including variance and mean values. 

 

The proposed methodology differs by processing individual frames rather than aggregated 

statistics, explicitly computing velocity and acceleration to preserve temporal dynamics that 

statistical aggregation obscures. Furthermore, the proposed system does not require specific 

elicited expressions, enabling analysis of spontaneous facial behavior. 

 

Castillo-Chica et al. compared classical machine learning and deep learning approaches for 

hypomimia-based PD classification using facial videos [12]. Their methodology employed 

FaceMesh landmark extraction with Support Vector Machine classification, while deep learning 

experiments using CNNs achieved 82.6% Unweighted Average Recall. 

 

The proposed Gradient Boosting approach achieves competitive accuracy (86.7%) while 

maintaining substantially lower computational requirements than deep neural networks. Although 

deep learning models can capture complex hierarchical patterns, they require larger training 

datasets and greater computational resources, making Gradient Boosting more practical for 

deployment in resource-constrained clinical settings. 

 

6. CONCLUSIONS 
 

Several limitations warrant acknowledgment regarding facemesh quality and detection accuracy. 

MediaPipe generates facial landmarks through machine learning inference on pixel data, 

potentially missing extremely subtle movements that specialized depth sensors or radar-based 

systems could capture. Future implementations should evaluate alternative sensing modalities to 

obtain true motion measurements rather than machine-estimated approximations. 

 

The current dataset comprises approximately 45 video segments, limiting statistical power for 

generalization assessment. Expanding training data through clinical partnerships would 

strengthen model robustness and enable evaluation across diverse demographic groups. 

Additionally, more sophisticated machine learning architectures including deep neural networks 

could be explored given sufficient training data, potentially improving classification sensitivity 

for challenging cases. 
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Future development priorities include mobile application deployment for practical clinical use, 

integration with electronic health record systems, and longitudinal studies evaluating the system’s 

potential for monitoring disease progression and treatment response. 
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