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Motivation

• Sensors measuring real-life physical processes play a critical role in acquiring 
data for downstream pattern recognition or decision making

• Challenge: noisy measurements degrade data quality

• Environmental interference

• Electrical fluctuation

• Imprecision of the sensors



Motivation

• Traditional filtering methods

• rely on prior knowledge of signal characteristics

• Supervised machine learning methods

• assume availability of ground truth clean data

• Unsupervised machine learning methods

• make simplified assumptions on noise/signal distributions

Limitation



Motivation
Key Observation

• Different variables of sensor data often have correlations that can be 
characterized by physics equations

• Motion law: location, acceleration

• Ohm’s law: voltage, current

• Ideal gas law: pressure, temperature

• And more!



Motivation
Key Observation

• Key observation: Such physics-based constraints among measured channels 
can be used to make the learning process of denoising easier 

• Example: Regions with higher noise level in the orientation data map to 
regions with large misalignment of physics equations

Noisy orientation Physics Equation Misalignment



Motivation
Key Contributions

• The first Physics-Informed Learning for denOising Technology (PILOT) that 
supports practical sensing applications

• Inertial navigation

• CO2 monitoring

• HVAC control system

• State-of-the-art denoising performance with real-world deployment
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Method
Example - Inertial Navigation

• Data collection

• Camera: position/orientation

• IMU: angular velocity/acceleration



Method
Example - Inertial Navigation

• Manually add noise to position and orientation

• Conditional denoising autoencoder (4 convolutional layers)

• Reconstruction loss



Method
Example - Inertial Navigation

• Physics modeling: compute 1st and 2nd order derivatives of reconstructed 
orientation and positions

• Physics loss 



Method
General Framework

• Phase 1: reconstruction loss as warm-up phase

• Phase 2: reconstruction loss + physics loss



Method
More Applications

• Inertial navigation
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Experiments
Datasets

• Inertial navigation: public OxIOD dataset 

• CO2 monitoring: deployment in lab

• HVAC control: deployment on campus

CO2 Desk CO2 Vent
HVAC HVAC

IMU + Vicon



Experiments
Metrics

• Three perspectives to evaluate the performance

• Reconstruction performance

• High quality data collected from other sources as approximate ground 
truth clean data

• Visualizations

• Physics alignment: how well the denoised data align with physics

• Performance of downstream task based on the denoised data



Experiments
Inertial Navigation

• Reconstruction performance

• Visualizations (top: best baseline, bottom: PILOT)  

Location Orientation



Experiments
Inertial Navigation

• Physics alignment (left: original noisy, middle: best baseline, right: PILOT)

Angular Velocity from IMU vs 1st-order Derivative from Orientation

Acceleration from IMU vs 2nd-order Derivative from Location



Experiments
Inertial Navigation

• Downstream performance

Example Trajectory 2

Example Trajectory 1



Experiments
CO2 Monitoring

• Reconstruction and physics alignment

Example 2Example 1 Example 3 Example 4



Experiments
HVAC Control

• Reconstruction and physics alignment

Example reconstructions Example physics alignment

Sample period 1 Sample period 2 Sample period 1 Sample period 2



Experiments
Ablation Study

• w/o physics loss

• w/o reconstruction loss

• w/o 2-phase training



Experiments
Sensitivity Analysis

• Adaptive loss ratio between physics loss and reconstruction loss works the best

• Random noise performs better than zero masking 



Experiments
Edge Deployment - Inertial Navigation

• Use Raspberry Pi 4 as an example edge device

• 8-bit training-aware quantization

• Time efficiency: 4 ms to denoise a 1s-sequence (100 readings)

• Memory efficiency (model size)
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Conclusion

• The first physics-informed sensor denoising algorithm

• Inertial navigation

• CO2 monitoring

• HVAC control system

• State-of-the-art denoising performance with real-world deployment
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