
Healthcare with 
Real and Virtual 
Sensors using AI
Prof. Jorge Ortiz

Rutgers University

Cyber-Physical Intelligence / WINLAB



Smart Healthcare



Motivation

• Between 2006 and 2030, the U.S. population of adults aged 65+ will 
nearly double from 37 million to 71.5 million people *

• 87% of adults age 65+ want to stay in their current home and 
community as they age *

* https://www.aarp.org/livable-communities/info-2014/livable-communities-facts-and-figures.html

https://www.aarp.org/livable-communities/info-2014/livable-communities-facts-and-figures.html
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Outcomes

Subjective
• Concerns
• Patient Reported Outcomes

• Risk modeling
• Diagnostic support 
• Treatment selection 
• Guideline adherence
• Error detection/correction

Medical 
Researcher

• Situational awareness
• Population health
• Continuity of care
• Identify side effects
• Inform discovery

Objective
• Clinical measures
• Laboratory findings 
• Sensor data
Assessment
• Diagnosis
• Categorical reporting
• Prognosis/Trajectory 
Plan
• Treatment planning
• Self-care planning
• Post treatment
• Surveillance

mHealth and Connected Health: People, 
Technology, Process



Real Sensors
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Activity monitoring for disease progression 
monitoring and safety



Human Activity Recognition

• Use a set of sensors and/or 
cameras to classify 
movements as they occur

• Entertainment/Gaming
• Security/Safety
• Healthcare

• Gait analysis
• Remote monitoring in 

eldercare

From “Enhanced Computer Vision with Microsoft 
Kinect Sensor: A Review” 

Labeled points of interest from RGB-D 
camera + trajectory analysis 

Phillips “DirectLife” sensor



HAR w/Mobile Phones’ IMU

• 561 features extracted from 
Mobile phone IMU stream

• Features: statistical summaries 
over windows readings

• Observations:
• Features not independent  live 

on low-dimensional manifold
• Privacy & latency:

• Too much data to run processing on 
the mobile itself

• Concern over sending data to cloud



Our Approach

• Reduce to 6 key, raw IMU signals
• Image generation from 

multivariate time series data

O. A. Penatti and M. F. Santos, “Human activity recognition 2018 
International Joint Conference on Neural Networks (IJCNN) from 
mobile inertial sensors using recurrence plots,” arXiv preprint 
arXiv:1712.01429, 2017.



Our approach: Image Classification

Inception



We only use 6 accel/gyro signals 
since Linear accel is just total 
accel – gravity … e.g. redundant 
from an information standpoint

Objectives: Small and Accurate

SVM
Let DCNN learn the features for 
the SVM rather than use hand 
crafted ones.  Our feature vector 
is the output from the first 
convolutional layer resulting in a 
smaller feature set (e.g. 300 
members vs. 561)

We remove the Fully-Connected 
layer!  It reduces the size of the 
network by 95% and also 
eliminates the large MxM.  We 
found empirically it does not 
affect accuracy. (we use dropout 
during training to prevent 
overfitting)

Since our input signal image has 
fewer rows, our DCNN can be 
relatively shallow, one 
convolutional and one 
subsampling layer

We only use raw signals for our 
image, since we found frequency 
space to not affect accuracy



Smart Healthcare

Accuracy (%) Classifier

99.93 Our DCNN+SVM HAR pipeline on 6 IMU 
signals

99.5 Our DCNN using 9 IMU signals

97.6 Deep CNN + SVM

96.0 Multiclass SVM

95.1 Deep CNN

93.4 Retrained Inception

91.4 LSTM-HAR

Re-trained from Scratch Using Transfer Learning



Virtual Sensors





Generative Models for IMU Data from Video

• Real sensors have many limitations for 
monitoring and significantly reduce 
quality of life in the very elderly

• No requirement that sensing system 
has to be comfortable to be approved

• Track body movements from video 
and generate synthetic IMU sensor 
data from it

• Uses deep-learning based keypoint
tracking from the video. * Cao and Tomas Simon and Shih-En Wei and Yaser Sheikh, Realtime Multi-Person 2D 

Pose Estimation using Part Affinity FieldsZhe,  CVPR 2017



Progress

• Single person motion track

Track one person with eighteen joints movements in a video.



Progress

• Single person motion track

Track one person with eighteen joints movements in a video.



Current Status

• Test and calculate specific joint movement in a single person video

Track and calculate left shoulder joint position movement in the squat action as an example.



Progress

• Multi-person motion track

Track the multi-person each joints movements in a video.
Each person pose composed of eighteen joints.
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Forward
Projection
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We want a mathematical model to describe
how 3D World points get projected into 2D
Pixel coordinates.



Backward
Projection
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Note, much of vision concerns trying to  
derive backward projection equations to  
recover 3D scene structure from images  
(via stereo or motion)





Motion evaluation and 
pose stability assessments

• Generate multivariate time 
series of positions

• Cluster them
• Look at evolution of clusters

• Find outliers, compare 
similar poses, transitions, 
etc.

• Identify risks, compare 
players

Po
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Sustainability & IoT

• “Automated Metadata Construction to support Portable Building Applications” Buildsys 2015
• “The Building Adapter: Towards Quickly Applying Building Analytics at Scale”, Buildsys 2015

• “Strip, Bind, and Search: A Method for Identifying Abnormal Energy Consumption in Buildings”, IPSN 
2013

• “Towards Automatic Spatial Verification of Sensor Placement in Buildings”, Buildsys 2013

• “DeviceMein: Network Device Behavior Modeling for Identifying Unknown IoT Devices.  ACM/IEEE Conference on 
Internet of Things Design and Implementation 2019”. To appear April 2019.

• “Time Series Segmentation Through Automatic Feature Learning”, arxiv 2018

• “Deep Learning for Real-time Human Activity Recognition with Mobile Phones”, IEEE International 
Joint Conference on Neural Networks IJCNN 2018
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CONTACT:

Jorge Ortiz
jorge.ortiz@rutgers.edu
http://jorgeortizphd.info









Injury Prediction: 
Aggregate Statistics



Injury Prediction: 
Biomechanics & Game Statistics

[3] Baseball throwing mechanics as they relate to pathology and performance - a review.
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