Designing Non-Distracting Affective Interfaces for the Professional Workspace

Stabilizing Real-Time Facial Inference into Calm 4-DOF Robotic Expression
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Introduction

Affective desktop companions can support focus,
productivity, and mental well-being by sensing user states
and giving calm peripheral feedback.

Problem: direct frame-by-frame actuation creates
behavioral jitter - abrupt movements caused by blinks,
sneezes, rapid head motion, or sensor noise.

Goal: convert noisy real-time facial signals into stable,
intentional robotic postures that feel observant rather than
anxious.

Research Contributions

 17-feature sensory layer from MediaPipe Face Mesh,
including PERCLOS, blink rate, gaze variance, EAR, brow
tension, and mouth/yawn metrics.

» Two-stage temporal filter: 85% supermaijority vote buffer
over 90 frames plus state-specific hysteresis timers.

* 4-DOF 3D-printed robotic companion with synchronized
RGB chromatic feedback.

Methods: Sense—-Think—Act Pipeline

« Sense: 30 FPS video stream -> 468-point facial mesh with
iris refinement.

* Think: Random Forest classifier estimates six
cognitive/affective states.

* Filter: confidence gate, vote buffer, and hysteresis
stabilize the output.

 Act: Python sends serial commands to Arduino for servo
posture and LED cues.
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Figure 1. System architecture from MediaPipe extraction to Arduino actuation.

Feature Engineering

Facial measurements are normalized by face height to
reduce camera-distance effects. Short windows (30 frames)
capture micro-expressions; long windows (90 frames) track
baselines.

Key fatigue and attention indicators include Eye Aspect
Ratio (EAR), PERCLQOS, blink frequency, yawn rate, and
gaze iris offset variance.

The final 17-element vector balances interpretability, low
latency, and robust affective awareness.

Ethics & Privacy

 All facial landmark extraction and Random Forest
inference run locally.

* No video frames or biometric identifiers are sent to cloud
storage.

* Participants provided informed consent before data
collection.

Dataset & Inference Layer

Simulated interaction dataset: 12 participants, 5 hours of
desktop usage, approximately 540,000 telemetry frames.

Target states: FOCUSED, STRESSED, HAPPY, DROWSY,
DISTRACTED, and IDLE. The Random Forest uses 100
decision trees and an 80/20 train-validation spilit.
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FOCUSED Leaning-in, wrist level Cyan
STRESSED Retracted, head down Red
HAPPY Base oscillation, wave Yellow
DROWSY Sagging posture Purple
DISTRACTED Rotated base, head tilt White

IDLE Neutral posture Softidle

Random Forest Feature Importance (HCI Framewaork v3.0)
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Figure 2. Feature importance: PERCLOS, EAR, and gaze variance dominate the RF model.

Mechanical Design & Actuation

A rapid-prototyped PLA arm
provides four expressive
joints: base yaw, shoulder
elevation, elbow extension,
and wrist articulation.

AWS2812B RGB array adds
peripheral chromatic feedback
so state changes can be
noticed without demanding
focal attention.

Figure 3. 4-DOF affective desktop companion prototype.

Evaluation Results

Focuse: d 0.85 0.87 0.86
Stresse d 0.81 0.79 0.80

Happy 0.88 0.84 0.86

Stage A 68.5% 96.0% 4.2/m 2.8s

Drowsy 0.92 0.94 0.93

Distracted 0.78 0.82 0.80
Stage A+B 90.0% 94.5% 0.3/m 3.8s

Macro Avg 0.86 0.86 0.86

Jitter Mitigation vs Legitimate Recognition
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Stage A+B suppresses 90% of transient jitter while preserving 94.5% sustained-state recognition.

Interpretation

The RF-only baseline is highly responsive but physically
unstable, producing 12.3 transitions per minute. Stage A
reduces flicker by requiring a 3-second majority, while
Stage B makes transitions deliberate through entry/exit
timing.

The 3.8-second latency is an intentional design trade-off:
the robot becomes calmer and less distracting, which is
more suitable for peripheral HCI than instant reaction.

Results at a Glance
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Participants rated the fully filtered system as significantly
less distracting than the unfiltered baseline (p < 0.01),
describing its behavior as more observant and less
anxious.

Temporal Stability Analysis
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Temporal stability: transient noise ignored; sustained change detected.

The filter blocks short-lived false positives while responding
to genuine sustained state changes after a controlled delay.

STATE COLOR KINEMATICS CHROMATICS
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Conclusion

This poster presents a temporal mediation layer between
affective inference and physical robot expression.

Core finding: classification accuracy alone is not enough for
believable embodied HCI; temporal stability is essential for
calm, trustworthy robotic companions.

The two-stage filter translates noisy facial telemetry into
deliberate 4-DOF posture and RGB feedback.

Future Work

» Add audio prosody and keyboard telemetry for multimodal
stress detection.

» Conduct longitudinal in-the-wild studies in real workplaces
and study rooms.

« Explore personalization of hysteresis delays for different
users and contexts.
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