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Executive Summary/Abstract 
This project is a multi-year and multi-task project concerned with developing a framework for 

collecting a large number of dynamic scenes in remote telehealth systems using multiple cameras 

and multiple microphones. The input data are coming from multiple sources, including a variety of 

cameras, providing both images and videos, a variety of microphones, and the like. Images coming 

from cameras identified as humans versus background will be separated and masked by 

classification and segmentation machine learning algorithms, and sounds coming from microphones 

identified as speech will be separated and masked by NLP algorithms. The current year, year 8, was 

focused mostly on data collection and initial algorithm design. 

Goals and Objectives 
The goals and objectives of this project have been to: 

 Develop a framework for collecting image, video and voice data from a dynamic scene with 

multiple cameras and multiple microphones. 

 Collect the data from a Medpod Remote Telemedicine Cart with interaction between a 

medical provider and a patient. 

 Develop machine learning algorithms for differentiating humans from background objects in 

an image.  

 Develop machine learning algorithms for differentiating humans from background objects in 

a video.  

 Develop NLP algorithms for differentiating human speech from background noise in an audio 

stream. 
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Differences from Current State of Art 
Telemedicine devices are a few and data collection of images, video and sound streams are 

uncommon and unavailable. These devices have the potential to break the boundaries of traditional 

care. This project will provide such a collection with differentiating foreground from background 

image, video and sound. 

Methods and Datasets 
The hardware used for collecting the data, images, video and sound, are the Medpod Remote 

Telemedicine Cart, sometime refer to as telediagnostics cart. There are many types of such carts, as 

seen in Figure 1. For our data collection we used the Medpod telemedicine cart shown in Figure 2 

and in Figures 3 and 4. 

 

 
Figure 1: A variety of Medpod telemedicine carts/devices 

 
Figure 2: Medpod telemedicine cart used for collecting data for our project. 
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A typical Medpod telemedicine Cart offers a full range of telediagnostics in an easy to move and 

compact frame. Powered by Medpod’s proprietary AMP software, the cart is integrated with a wide 

range of professional medical devices, giving the remote provider control of the devices and enabling 

high-quality, remote physician-patient encounters on par with a face-to-face visit, all with best-in-

class telediagnostic devices. The Telemedicine Cart elevates the medical standard for higher quality 

care between remote health provider and patient, regardless of  their physical location — maximizing 

flexibility and opportunity for the medical practice. 

 

A typical Medpod telemedicine cart includes best-in-class devices and equipment. It includes various 

configurations and devices that measure basic vitals, as well as enable the delivery of advanced 

specialty diagnostics. These typically include: Pan-tilt-zoom camera, Microphones, Vitals, Scale, 

Stethoscope, General exam camera with 3 lenses: General Scope, Otoscope, Ophthalmoscope, and 

other optional tools, such as:  EKG, Spirometry, Hearing Screener, Vision Screener, Retinopathy, 

Ultrasound, ABI, Colposcope, Concussion Testing, Dental Lens, Portable X-Ray, and Integrated Live 

Translation Services. In addition to the integrated pan-tilt-zoom camera and microphones, we have 

experimented with and used addition external cameras on tripods, as well as smartphones. 

 

We held multiple sessions in the Center of Excellence for Wireless and Information Technology 

(CEWIT) at Stony Brook University using the telemedicine cart of Medpod with the help of Medpod’s 

personnel (see Figure 2). Based on the data requirements of the project, we collected data in formats 

of video, image, and audio. All the data has been uploaded to the shared Google drive of the project.  

 

Specifically during this report period, on February 18th, 2020, we held an extensive data collection 

session with Dr. Powell and Lou Lavino, both from Medpod, at the CEWIT lab. We collected data for 

all of the project goals. In this session, 11 students and professors volunteered for the examination 

for the process of data preparation and collection. We recorded the video of all examination sessions 

using a Canon camera and an iPhone 11 device in addition to the cart devices. We set up a Canon 

camera and an iPhone 11 device with a clear view of the Medpod telemedicine data capture device. 

The video recordings of examination sessions were collected for tracking doctor-patient interactions. 

We recorded the voices using a separate iPhone device placed in front of the doctor-patient to record 

the conversations in high-quality without minimal noise, in addition to the cart microphones. 

 

As a further goal of the project, we initiated the development a framework of machine learning/NLP 

algorithms that can analyze dynamic scenes involving patients and healthcare providers, 

differentiate speech from other sounds, and videos/images of humans from background. 

  

In this project, we will develop a framework for analyzing dynamic scenes using machine learning 

and NLP algorithms. The input data are coming for multiple sources, including a variety of cameras, 

variety of microphones, and the like. Sounds coming from microphones identified as speech will be 

processed by a NLP algorithms, while other sounds and images will be processed with deep learning 

algorithms. Initial work in identifying the specific tasks and the data necessary for training have been 

completed. Data collection have started and algorithms design have started. 
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We also have an initial work on annotation of the collected videos to generate the ground truth for 

training. See Figures 3 and 4. Table 1 describes the algorithms being developed, the work that was 

completed thus far, and the work which continues during current year, year 9.  

 

 

 
Fig. 3. Annotating video samples we show a screenshot of the VIA annotation tool in action. As can be seen in the 

figure, we annotate frames with two labels: Good and Bad. The temporal extent of the good and bad actions are 

represented by yellow and blue bars respectively. 

 

 

       
 

Fig. 4. The data annotation tools for the doctor’s pose. These images show two examples of human poses. The first 

one shows touching the patient and the second one shows the action of instrument pickup. The colored strips show 

the temporal extent (start time and end time) corresponding to pose labels on the left. Black strip means currently 

playing. 
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Table 1: Algorithm Goals and Their Status 

Algorithm Goals Work Done Work Continues in Year 9 

1. Method that can 

differentiate speech from 

other background sounds. 

Layout and tasks have been 

identified and audio 

collection for training the 

algorithm have started. 

Develop an NLP algorithm 

that can differentiate speech 

from other sounds 

2. Method that can 

differentiate humans from 

background in images. 

Layout and tasks have been 

identified and images 

collection for training the 

algorithm have started. 

Develop a machine learning 

algorithms that can 

differentiate humans from 

background objects in images 

3. Method that can 

differentiate humans from 

background in videos. 

 

Layout and tasks have been 

identified and video 

collection and video 

annotation for training the 

algorithms have started. 

Develop a machine learning 

algorithms that can 

differentiate humans from 

background objects in 

dynamic scenes in videos 
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Results 
This project is a multi-year and multi-task project concerned with developing a framework for 

collecting a large number of dynamic scenes in remote telehealth systems using multiple cameras 

and multiple microphones. In year 8 scope of the project, layout and tasks have been identified and 

data collection and data annotation for training the various machine learning and NLP algorithms 

have started. 

Functionality of Innovation(s) 
The data collected are coming from multiple sources of the telehealth device, including a variety of 

cameras, providing both images and videos, a variety of microphones, and the like. Images coming 

from cameras identified as humans versus background will be separated and masked by 

classification and segmentation machine learning algorithms, and sounds coming from microphones 

identified as speech will be separated and masked by NLP algorithms. The current year, year 8, was 

focused mostly on data collection and initial algorithm design. 

Conclusions and Recommendations 
In this project we proposed and developed and experimented with an initial data collection, data 

annotation, and algorithmic approaches (including machine learning, NLP) to separate humans 

versus background in images and videos and sounds coming from microphones identified as speech 

versus background noise. 

Impact and Uses/Benefits 
Remote telehealth is critical for remote and isolated areas as well as in contaminated regions, as 

evidenced from COVID-19 situations. It also be used for extending practice reach, health professional 

shortage areas (HPSAs), hub and spoke operations, healthcare microsite, resource load balancing, 

improving workflow, expanding on-site point-of-care options, managing work/life balance, home 

hospitalization, etc. The telemedicine devices come fully equipped to deliver primary care functions 

and can be typically outfitted to manage advanced specialty care as well. Therefore, development of 

telemedicine technologies are paramount. 
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