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Abstract
We propose an end-to-end system for estimating biomechanical function of patients using a mobile
device. A two dimensional pose estimation machine learning model (OpenPose) was used to estimate
positions of body keypoints. The model was exported to iOS (CoreML) and configured to analyze a
video stream from the phone camera. As an example application, we replicated the Sit-to-Stand Test,
routinely used in motion analysis. We constructed a summary metric of movement using the position,
displacement, and angle of certain body parts over time. Based on this metric, we extracted the number
of squats and their regularity.
Keywords: Signal Processing, Data-Collection, Biomechanics, Sit-to-Stand, Pose Estimation, Machine
Learning, Bioinformatics

test without visiting a clinic.

1. Introduction

Movement disorders can be symptoms of a number of neurological pathologies, such as Parkinson’s disease [5], Alzheimer’s disease [9, 8], multiple sclerosis [7], muscular dystrophy [3], and cerebral palsy [4]. Accurate measurement and monitoring of these disorders requires expensive motion capture equipment available only in specialized clinics.
Recent developments in computer vision and
deep learning allow one to collect movement information using commodity cameras at very low cost,
without visiting a clinic [2]. One of the main obstacles for wide adoption of these techniques in research and in clinics is the lack of reliable implementations on mobile phones. In this work, we describe our end-to-end system for analyzing movement. As an example application we implement the
Sit-to-Stand Test [1].
The Sit-to-Stand Test measures the number of
consecutive times a patient is able to transition
from the sitting to the standing position. It has long
been an important tool for clinicians to preempt atrophy and weakness and has been correlated to
the health of an individual [10]. Furthermore, the
limb dysfunction highlighted by an Sit-to-Stand has
been linked to the onset of chronic respiratory and
cardiovascular diseases [11]. Our methodology allows patients to monitor their performance in the

2. Methodology Overview

Our mobile iOS app, referred to as MobileClinic,
employs a CV Pose Estimation Model (OpenPose)
to determine JSON keypoints of human body parts:
ankles, knees, hips, shoulders, elbows, hands,
eyes, ears and the nose (following COCO keypoints [6]). The iOS app produces rough estimations of cadence and smoothness of movement
(regularity) on the fly (Figure 1). Optionally, these
metrics can be send to a remote server for further
analysis.
2.1. Implementation details

In Figure 2 we present an overview of our data
processing pipeline, from the patient opening and
recording a video of their Sit-to-Stand test, to the
signal processing and periodogram analysis. To
aid in our human keypoint detection, we adapted
SwiftOpenPose1 . Both the MobileClinic2 App and
Python3 signal processing code are available on
GitHub.

1 https://github.com/infocom-tpo/SwiftOpenPose
2 https://github.com/kidzik/MobileClinic
3 https://github.com/SreehariRamMohan/
Sit-to-stand-Test
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Figure 1: MobileClinic App Video Capture Screens
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2.2. Use case: Sit-to-Stand

For our case study, we compute two metrics of the
Sit-to-Stand of an individual: the number of squats
and regularity. First, we selected relevant metrics
that could be computed from the keypoints, such
as the right/left leg angle, head y position, and
the x, y positions of the hip. Iterating over every
frame in a given video, we extract and compute
these metrics. Next, we normalize them and sum
them into one signal representing the Sit-to-Stand
movement. We linearly interpolate the signal to account for NaN values coming from keypoint estimates with low confidence score. Given the low
frame rate on our iOS mobile device, we apply a
1D box filter to the signal to smooth minute fluctuations.

Figure 2: Data processing workflow in MobileClinic.

Figure 3: Sliding Window Peak Finding

All computed metrics are constantly updated to
a localized CSV for easy data analysis and investigation by future researchers.
2.2.1

2.2.2

Regularity of squats

The measure of regularity attempts to determine
how natural the patient’s movement is. For example, a struggling patient will be unable to perform
the Sit-to-Stand in a smooth up and down movement. Our regularity metric quantifies this irregularity by measuring how different the performed
squat was from a smooth squat. Regularity was
computed by smoothing the signal and taking the
cosine similarity between the raw and smoothed
signal. (Figure 4).

Number of squats

The key statistic from the Sit-to-Stand test is the
number of squats completed in fixed amount of
time. In this project, we use a deterministic method
based on classical signal processing. We use
the Swift Accelerate Framework to deal with matrix computations involved in computing the periodogram. We expect that the peak in the periodogram is associated with the cadence of the
movement. Cadence divided by time of the trial
gives a crude estimate of the number of squats
performed (Figure 3). Testing the performance of
this squat-based counting on a small sample of
n = 10 STS tests yielded an average percent error of 12.47% indicating that the data produced by
this system can be a valuable tool for benchmarking patient performance.

3. Discussion & Conclusion

Our work allows researchers to crowd-source data
collection for movement analysis tasks. The software architecture proposed in MobileClinic, along
with the unique signal processing pipeline enable
large scale studies at very low cost using only
commodity mobile devices. In the future, we plan
on performing larger scale studies to accurately
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• left and right leg angle
• height of head
• x, y position of right and left hip
4.3. Linear Interpolate

Figure 4: Cubic Spline Interpolation. The raw signal is represented in red, while the cubic spline interpolation is shown in
blue.

Our model is a simplified version of OpenPose,
which is unable to identify keypoints in some
poses, thus we encounter numerous NaN values
in the multivariate time series. Before proceeding
in analysis, we linearly interpolate these values to
provide a constantly sampled signal. The matrix
operations required for linear interpolation were implemented using the Accelerate Swift Library.
Given a point to linearly interpolate (x, y) between (x1 , y1 ) and (x2 , y2 ), the linear interpolation
can be calculated as follows
y2 − y1
y = y1 + (x − x1 )
x2 − x1

benchmark the accuracy of our squat detection on
a larger sample size as well as compare our frequency domain based method to more deterministic (time domain) based, logic-driven squat counting methods such as peak detection/thresholding.
4. Materials and methods
4.1. Pose Estimation

The mobile clinic app captures a patient performing a Sit-to-Stand test before passing each frame
through a pose estimation model (OpenPose) to
output 2 dimensional JSON information about body
keypoints. OpenPose works by extracting body
parts from heatmaps (matrices representing confidence the network has that a pixel contains a
certain body part) and Part Affinity Fields (provide
information about the orientation of pairs of body
parts).
The OpenPose model was exported to a CoreML
(.mlmodel) file and utilized within the MobileClinic
app to allow for on-the-fly keypoint detection.

4.4. Normalization and Filtering

Due to the fact that the different metrics computed
operate on different scales, normalization of each
signal was necessary to ensure that large ranging
metrics didn’t wash over finer ones. Each signal
(see section on Signals Computation above) was
min-max normalized where X represents the signal, Xmin is the minimum value in the signal and
Xmax is the maximum value in the signal.
Xscaled =

X − Xmin
Xmax − Xmin

To remove irregularities due to noise and interference, a moving average filter with kernel size of
m = 3 input vector f of length n was slid over the
summed signal in the following linear 1D convolution.
(f (t) ∗ g(t))(i) =

m
X
j=1

Where g(t) =
nal.

[ 13 , 13 , 31 ]

g(j) · f (i − j +

m
)
2

and f (t) is the original sig-

4.5. Periodogram

Periodograms measure magnitude of information
on different frequencies of the signal. For our offline analysis we use a numpy implementation of
the Fast Fourier Transform. Our computation requires an array of M complex values x0 , x1 ...xM −1
with i being the imaginary unit.

Xk =

Figure 5: Standard COCO Keypoints

M
−1
X

(xj )(e−i2πkj ), k = 0, 1, ...M − 1

(1)

j=0

4.2. Signals Computation

P̂ =

The COCO keypoints (See figure 1) were manipulated to store the following information:
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2∆t
|Xk |2 , fk = k/∆t, k = 0, 1, ..., N − 1 (2)
N
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Figure 6: Periodogram

4.6. Regularity

Regularity was calculated to determine the ease
with which the patient performed the squat. The
cubic spline interpolation simulated a fluid and
smooth squat common in physically fit individuals.
The spline interpolation was then compared with
the original signal using the cosine similarity.
The cosine similarity compares two nonzero vectors by taking the cosine of the angle between
them. Cosine similarity solely takes into account
the angle between the two vectors, therefore it
does not measure magnitude, only the orientation.
Let A be the spline interpolation and be B the original signal. Then cos(θ) represents the cosine similarity.
A·B
cos(θ) =
||A||||B||

[6] T.-Y. Lin, M. Maire, S. Belongie, J. Hays,
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[8] S. W. Muir, M. Speechley, J. Wells, M. Borrie, K. Gopaul, and M. Montero-Odasso. Gait
assessment in mild cognitive impairment and
alzheimer’s disease: the effect of dual-task
challenges across the cognitive spectrum.
Gait & posture, 35(1):96–100, 2012.

4.7. Analyze

In order to determine the number of squats attempted, the fundamental frequency of the signal
needed to be computed - involving interpretation
of the periodogram computed. The fundamental frequency (frequency with the greatest power)
was determined by finding the argmax of the periodogram. To ensure that less pronounced peaks
could be flagged by the system, a sliding window
peak finding algorithm was written with window
size of 3. Then the frequency of the peak with the
greatest power was chosen from those flagged by
the peak-detector. Computing the period from the
frequency, allowed us to determine the number of
squats the patient performed in the given amount
of time.
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2016.
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