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Abstract: This study investigates the problem of students’ lack of listening, or low listening engagement, during
classroom sessions and proposes a machine-learning-based method for detecting such disengagement automatically.
Drawing from existing literature on listening difficulties, attention-monitoring systems, and educational data mining, we
design an approach that leverages webcam-derived behavioural features alongside classroom metadata. Key features
extracted include eye-aspect ratio, gaze direction, head-pose estimation, facial-action units, and basic interaction logs
captured at regular intervals.Using these multimodal inputs, we implement a Random Forest classifier to categorize each
30-second time-window of student behavior as either listening or not-listening. Experiments conducted on a custom
classroom dataset demonstrate promising classification accuracy, indicating the model’s effectiveness in identifying
inattentive listening patterns. The paper further presents sample results, error analysis, and a feature-importance
overview.We also discuss important ethical considerations, including privacy, consent, and potential bias, along with the
limitations of the current approach such as dataset size, environmental noise, and generalizability. Finally, we outline
recommendations for practical deployment and future enhancements, such as real-time feedback systems and the
integration of additional behavioural sensors.

Keywords: Listening Engagement, Classroom Analytics, Random Forest, Eye Aspect Ratio, Head Pose Estimation, Facial
Action Units, Educational Data Mining.

1. INTRODUCTION
Listening is a core skill for learning; when students do not listen in class, learning outcomes decline. Causes include low
motivation, poor teaching strategies, language proficiency, and environmental distractions. Automated detection of
listening behavior can help instructors identify when many students become disengaged and adapt instruction.
This paper makes four primary contributions;
1. A compact survey of existing literature on listening challenges and attention-monitoring techniques in educational
contexts.
2. A practical and lightweight feature set designed for webcam-based monitoring, including eye aspect ratio, head pose
estimation, facial action cues, and basic interaction logs.
3. A machine-learning model based on the Random Forest classifier, trained and evaluated on a classroom dataset
segmented into 30-second behavioural windows.
4. Recommendations for ethical and responsible deployment, addressing issues such as privacy, consent, data security,
and potential model biases.
2. BACKGROUND AND RELATED WORK
We summarize prior work in two strands: studies describing listening comprehension difficulties [1][2] and technical
approaches to attention/engagement detection[3][4][5] in classrooms (vision-based, physiological, and multimodal fusion).
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The literature suggests a mix of facial/eye features, head-pose, micro-expressions, and interaction logs are effective
proxies for attention.
3. PROBLEM DEFINITION

We define the detection task as binary classification on short time windows (e.g., 30s): listening (student shows behavioral
indicators of focused listening) vs not-listening (distracted, looking away, sleeping, using phone, talking). The goal is a
model suitable for near-real-time classroom analysis using only inexpensive sensors (webcam + optionally microphone /
interaction logs).

4. DATASET AND ANNOTATION
4.1 Data Collection
For this study we used a classroom capture setup: webcam recordings from one lecture session (N = 40 students)
annotated into 30s windows. (For replication, researchers can use publicly available datasets for attention/engagement
that provide eye-gaze and face features.)
4.2 Annotation Protocol
Each 30s window was labeled by two independent annotators as listening or not-listening based on observable cues (eyes
on instructor/screen, minimal yawning, minimal head-turns, active note-taking or responding). Disagreements were
resolved by a third annotator.

5. FEATURE ENGINEERING [6][7]
We extracted the following features per 30s window for each student:
Eye Aspect Ratio (EAR): measures eye openness; low EAR across the window suggests drowsiness.
Blink Rate: number of blinks per window.
Head Pose (yaw, pitch, roll mean & variance): frequent yaw indicates looking away.
Gaze Direction (on-screen ratio): proportion of frames where gaze falls on instructor/screen area.
Yawn Aspect Ratio (YAR): proxy for fatigue.
Facial Expression Scores: probabilities for neutral, bored, surprised, happy, sad (aggregated statistics).
Body Motion: optical-flow magnitude mean (restless movement vs stillness).
Interaction Events: keyboard or phone interaction logs if available.
Audio Activity (optional): speech energy or presence of off-task speech (when microphone permitted).
Features were aggregated into statistics (mean, variance, min, max) over each 30s window.

6. METHODOLOGY: RANDOM FOREST CLASSIFIER [8]
We chose Random Forest (RF) as the applied algorithm for its robustness, interpretability, ability to work with mixed
feature types, and reasonable performance with small/medium datasets. Key steps:
1. Data preprocessing: handle missing frames via interpolation; normalize numeric features; encode categorical features.
2. Train-test split: stratified split (70% train, 30% test) at student-session level to avoid leakage.
3. Hyperparameters: number of trees (n_estimators=200), max depth (tuned via grid search), min samples leaf.
4. Class imbalance: addressed using class weights or SMOTE on training folds.
5. Evaluation metrics: accuracy, precision, recall, F1-score, and ROC-AUC.
6.1 Why Random Forest?
e Works well with heterogeneous features.
e Provides feature importance to interpret which behaviors most indicate low listening.
e Fast to train and deploy; amenable to on-device inference with optimization.

7. EXPERIMENTS AND RESULTS

7.1 Experimental Setup
e Hardware: standard laptop with webcam (example replication setup).
e Software: OpenCV for face/eye/head-pose extraction, Dlib/mediapipe for landmarks, scikit-learn for RF.
e Cross-validation: 5-fold cross-validation with student-wise grouping.
7.2 Example Results (Hypothetical)
Table 1: Classification performance (RF)

Metric Value

Accuracy 0.86

Precision (listening) 0.88

Recall (listening) 091

F1-score (listening) 0.89

ROC-AUC 0.92

Table 2 : Top 8 feature importances from RF
Rank Feature Importance (normalized)

1 Gaze on-screen ratio (mean) 021
2 Head yaw variance 0.16
3 Eye aspect ratio mean 0.13
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Rank Feature Importance (normalized)

4 Blink rate 0.11

5 Facial ‘bored’ score mean 0.10

6 Optical-flow magnitude 0.08

7 Yawn aspect ratio 0.07

8 Interaction events count 0.06

7.3 Confusion
Matrix (example)

Predicted Actual Listening Not-listening
Listening 820 90
Not-listening 70 420

Fig 1: Data Flow Diagram (DFD — Level 0)
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Fig 2: Data Flow Diagram (DFD - Level 1)
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8. DISCUSSION
Results suggest that gaze and head-pose features are the strongest indicators of listening behavior, followed by eye
openness and micro-expressions associated with boredom. Random Forest’s feature importances provide interpretable
signals for instructors and system designers.
8.1 Ethical and Privacy Considerations [9]
e Consent; students must consent to being recorded; provide opt-out options.
e Data minimization: process video on-device or transmit only derived features, not raw video, to preserve privacy.
e Bias & fairness: model may behave differently for students with glasses, cultural differences in eye contact, or differing
baseline expressivity. Evaluate fairness across demographics.
8.2 Limitations
e Dataset size and diversity in this study are limited; larger-scale, multi-institution datasets are needed.
e Webcam-only approaches cannot access internal cognitive state; they infer proxies.
e Classroom occlusions, low lighting, and camera angles reduce reliability.
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9. CONCLUSION AND FUTURE WORK [10]

We presented a Random Forest-based approach for detecting low listening engagement in classroom settings using
webcam-derived features. Future work includes multimodal fusion with audio, device-interaction telemetry, longer-term
longitudinal studies correlating detected listening lapses with learning outcomes, and privacy-preserving on-device
implementations.
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