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Abstract—Parkinsons disease (PD) can affect a person’s gait
and potentially lead to some gait impairments (e.g., freezing gait,
shuffling gait,etc.) for a PD patient. Analyzing a person’s gait
characteristics is important for both the early diagnosis and
evaluation of their PD. In this work, a novel computer vision
based technique is proposed for gait analysis to classify normal
or Parkinson’s gaits, by using a normal RGB camera. Based
on recorded videos of normal gaits, a mask R-CNN, which
is a modern deep neural network for objects segmentation, is
applied for extracting human silhouettes from video frames. Gait
energy images (GEIs) are then obtained from human silhouettes
extracted from video clips of normal gaits and processed as
features, which are applied to construct a one class support vector
machine (OCSVM) model for normal/PD gaits classification.
Comprehensive experimental studies show that the proposed
technique can successfully classify normal/PD gaits with a high
accuracy of more than 97%.

Index Terms—healthcare,mask R-CNN, one class classification,
gait classification

I. INTRODUCTION

Parkinson’s disease is a progressive neurological condition.
It is a condition affecting the brain that can worsen over time,
and can have adverse effects on psychological and physio-
logical function, including walking ability (gait). According
to Parkinson’s UK [1], the number of people diagnosed with
Parkinson’s in the UK is about 145,000; moreover, more than
1 million people in the UK are affected, either by living with
Parkinsons, or as a friend, colleague, or family member of
someone who is. It is important to both early diagnose Parkin-
son’s as well as evaluate the seriousness of the Parkinson’s
disease (PD), in order to provide timely medical care for
Parkinson’s patients and to monitor disease progression.

This work has been supported by the Zibo University and City Integration
Development Project (2019ZBXC114).

Gait is one of the most affected motor characteristics,
although symptoms of Parkinson’s disease are varied. Parkin-
sonian gait is characterized by small shuffling steps and a
general slowness of movement, or even the total loss of
movement (akinesia) in the extreme cases [2], which is an
indication of PD. Considering the high relevance between gait
characteristics and PD, gait analysis has been widely applied
in diagnosing and evaluating PD. Normal gaits and abnormal
ones indicating PD can be distinguished through certain gait
analysis techniques for both diagnosing and evaluating PD [3].

Traditionally, gait analysis for normal/PD gaits classification
is made by a neurologist through qualitative or semi quantita-
tive assessment on patients or it is based on patients subjective
complaints. With the development of modern technologies,
specific devices such as a 3D motion capture system [4],
accelerometer [5], or force plate [6] are used to capture
the spatiotemporal and kinematic gait parameters information,
for gait analysis tasks such as classifying normal/PD gaits.
However, the 3D motion capture system is too expensive to be
used by a resident at home for gait analysis during his/her daily
living. For the accelerometer/force plate based approaches, a
person has to wear certain devices or be limited to walk on
a specific area in order to analyse his/her gait, which incurs
inconveniences.

In order to ameliorate limitations of the aforementioned gait
analysis methodologies, computer vision based gait analysis
methodology based on a normal RGB camera can be exploited
to effectively and efficiently distinguish normal/PD gaits. Only
a normal RGB camera is needed without the demand of
high cost devices such as a 3D motion capture system. In
addition, the computer vision based gait analysis methodol-
ogy does not require a person to wear any devices, which
makes it convenient be applied. Currently, there are many



research works related to the exploitation of modern computer
vision and machine learning techniques for distinguishing
normal/PD gaits, as summarized in [7]. These works follow
such a procedure: i). from recorded videos of normal/PD gaits,
human silhouettes are firstly extracted ii). from human silhou-
ettes different types of features (e.g., anthropometric features,
spatiotemporal features, kinematic features, kinetic features
and so on) are further extracted iii). based on the extracted
features, different types of machine learning techniques (e.g.,
neural network (NN), support vector machine (SVM), hidden
markov model (HMM), etc.) are applied to train classifiers for
distinguishing normal/PD gaits.

However, these current computer vision based normal/PD
gaits classification methodologies suffer from the following
two main limitations:

i). Firstly, current computer vision gait analysis techniques
rely on background subtraction [8] for extracting human
silhouettes used for normal/PD gaits classification. Although
the background subtraction techniques can successfully extract
human silhouettes from simple background settings (i.e., con-
stant background colours that differ from the clothing worn,
constant lighting conditions, etc.) in a laboratory environ-
ment, they fail to extract human silhouettes from complex
background settings (i.e., various of static/moving background
objects, colour/context similarities between background and
the persons clothing, varying illumination conditions, etc.) in
real home environments. The limitations of the background
subtraction for human silhouette extraction constrain the cur-
rent computer vision based gait analysis techniques to be
applied in a real home environment for gait analysis.

ii). Also, for the computer vision based gait analysis
methodologies as summarized in [7], a large amount of video
clips of both normal and PD gaits are needed in order to
train corresponding classifiers for distinguishing normal/PD
gaits in videos. However, in reality, it is hard to find sufficient
Parkinson’s patients available for gait analysis, for health or
privacy reasons. Moreover, there are potential health risks (for
example, Parkinson’s patients may be more at risk of falling
due to gait disturbance) during the gait recording process,
which may deter Parkinson patients from being volunteered
for gait recordings. So, it is therefore challenging to collect
large data on PD gait compared with normal gait. In many
research works, Parkinson’s gait is simulated by healthy sub-
jects for recording in order to obtain enough video clips of PD
gaits for training classifiers for normal/PD gaits classification.
However, simulated gaits by healthy subjects may be different
from those of real Parkinson patients, which can deteriorate
the performance for the corresponding trained classifiers for
recognizing PD gaits of real patients.

In order to ameliorate the above limitations, in this work,
a novel computer vision based technique for gait analysis
to classify normal/PD gaits is proposed. Firstly, instead of
the traditional background subtraction method, the mask R-
CNN is exploited to extract human silhouettes from recorded
video frames. Based on extracted human silhouettes from
only normal gaits, gait energy images (GEIs) which encodes

the spatiotemporal information of the whole human body
movement during a gait cycle, are derived and processed as
features. One class support vector machine (OCSVM) is then
constructed for distinguishing normal/PD gaits from corre-
sponding features. Instead of video information/features col-
lected from both normal/PD gaits, only those of normal gaits
are needed for the OCSVM construction for gait classification
in the proposed method, which totally eases the burden for
collecting sufficient PD gaits video clips for classifier training
and makes it much more convenient for training a classifier
to distinguish normal/PD gaits by using only easily collected
normal gait videos. Comprehensive experimental studies based
multiple experimental participators have shown the proposed
technique can successfully distinguish normal/PD gaits in
recorded video clips with a very high accuracy.

II. METHODOLOGY

The flowchart of the proposed methodology for classifying
normal/PD gaits in videos is shown in Fig. 1. Based on
recorded video clips of normal gaits, the mask RCNN is
firstly applied for extracting human silhouettes. GEIs are then
constructed based on extracted human silhouettes as features,
which are applied to construct a OCSVM model for classifying
normal/PD gaits in video clips. Details of different parts of the
proposed methodology are shown in the next subsections.

A. Mask-RCNN

In this work, the mask R-CNN [10] is applied for extracting
human silhouettes from video frames. Compared with the
traditional background subtraction methods [8], the mask R-
CNN is able to extract human silhouettes from complex
background settings (with various of static/moving background
objects, varying illumination conditions, etc.) in real home
environments. The structure of the mask R-CNN is shown
in Fig. 2. As mentioned in [10], the mask R-CNN is a
simple extension of the faster R-CNN [11] for object detection.
Faster R-CNN consists of two stages. the first stage, which is
called a Region Proposal Network (RPN), proposes candidate
object bounding boxes based on feature maps extracted from
certain CNN backbones (such as Resnet-50, Resnet-101, etc.
as in [11]). The second stage extracts features using RoIPool
[11] from each candidate box and performs classification and
bounding-box regression. The features used by both stages are
shared.

Mask R-CNN extends faster R-CNN by adding a branch
for predicting an object mask in parallel with the branches of
faster R-CNN for bounding box recognition. Objects masks are
predicted by this branch via the fully convolutional network
(FCN). Moreover, instead of the RolPool layer in the original
faster R-CNN, a ROIAlign layer is applied for extracting
representative feature maps form ROIs. By using RoIAlign
instead of RoIPool, misalignments between the RoI and the
extracted features due to quantization in RoIPool can be totally
overcome for better predicting pixel-accurate masks. More
details are in [10].



Fig. 1. The flowchart of the proposed normal/PD gaits classification method.

Fig. 2. The general structure of the mask R-CNN [9].

As in Fig. 2, the mask R-CNN has three outputs from
classification branch, box regression branch and mask regres-
sion branch, with output dimensions of K, 4*K and K*m*m
respectively. Here K represents the number of object classes
and m*m represents the dimension of the obtained mask image
for a particular object. In our work, we only need to recognize
human object and background object so that K is equal to 2.

With respect to the training of the mask R-CNN, a multi-
task loss on each sample ROI extracted from the RPN is
L = Lcls+Lbox+Lmask. Lcls, Lbox and Lmask represent the
classification loss, bounding box loss and mask loss as detailed
in [10]. Given a training dataset containing training images of
human gaits and related annotations (such as human object
class annotations, human objects bounding box annotations
and human silhouettes annotations), L can be defined based
on the training data and certain optimization algorithms (e.g.,
SGD, Adagrad, Adadelta, etc.) can be applied to train mask
R-CNN weights by minimizing L. The trained mask R-CNN
network can then be applied for extracting human silhouettes
based on video frames. Given a video frame including a
person, the corresponding silhouettes of the person in the
frame can be obtained from the mask regression branch of
the trained mask R-CNN. Fig. 3 shows an example of the
human silhouette extraction from the mask R-CNN.

Fig. 3. An original video frame (left) and the extracted silhouette
(right) from the mask R-CNN.

B. gait energy image

Based on extracted silhouettes from mask R-CNN, gait en-
ergy images (GEIs) [12] are constructed as features. GEIs has
been widely applied for the gait recognition for biometric [13]
and recently it began to be applied for classifying normal/PD
gaits in the medical domain due to its advantages. Compared
with other features used for gait analysis (such as cadence,
step length, stride length, height in [7]), GEIs encode the
spatiotemporal information of the whole body’s movement
and can provide more comprehensive information about the
whole body’s movement during a gait cycle. Mathematically,
a GEI can be defined as the normalization of binary silhouette
sequences obtained from a video clip as follow:

GE(u, v) =
1

P

P∑
s=1

I(u, v, s) (1)

where P denotes the total number of silhouette frames, s is
the frame number at an instant and I(u,v) indicates original
silhouette image with (u,v) values indicating coordinate. An
example of the GEI calculated from multiple silhouette frames
is shown in Fig. 4.

Fig. 4. Constructed GEI from multiple silhouette frames.



From a video clip, human silhouettes in it can be extracted
by the mask R-CNN as detailed in the last section and a GEI
can be constructed from extracted silhouettes based on Eq.
(1). The non-zero region of the obtained GEI is cropped and
resized to be a fixed dimension as a feature.

C. one class support vector machine

Features extracted from video clips of normal gaits are
then applied to construct an one class support vector ma-
chine(OCSVM) model [14], which is a data description ap-
proach for one class classification (i.e., constructing a clas-
sifier from only one class of data samples). Compared with
traditional data driven modelling approaches such as the single
Gaussian model and Gaussian mixture model in [15], OCSVM
model is more general which can flexibly describe/model a set
of data with an arbitrary distribution. The basic idea behind
the OCSVM is that given a training dataset X = [x1, ..., xN ]
drawn from an underlying probability distribution P , the
estimated OCSVM based on the related training dataset can
be represented as a function f(x) shown as:

f(x) = w · Φ(x)− ρ (2)

where x represents a data sample and Φ(·) is a mapping
function which maps the data into high-dimensionality space.
The function f(x) is larger than a threshold if its input x is
drawn from P as those samples in the dataset X . Otherwise,
it is not drawn from P as samples in X are. In this way, the
OCSVM model trained can be used to determine whether a
new input data belongs to the same class as the samples in a
training dataset.

The parameters in (2) which need to be estimated include w
and ρ. In order to obtain the parameters w and ρ, the following
quadratic problem needs to be solved:

min
w,ξ,ρ

1

2
∥w∥2 + 1

νN

∑
i

ξi − ρ

subject to (w · Φ(xi)) ≥ ρ− ξi, ξi ≥ 0 (3)

where ν ∈ (0, 1] and the nonzero slack variables ξ =
[ξ1, ..., ξN ] are introduced to compensate for possible outliers
in the training dataset as in [14].

As mentioned in [14], a dual form of problem (3) can be
obtained by introducing Lagrangian multipliers as:

max
α

− 1

2

∑
ij

αiαjk(xi, xj)

subject to 0 ≤ αi ≤
1

νN
,

∑
i

αi = 1 (4)

where αi represents a Lagrangian multiplier. According to
the Karush-Kuhn-Tucker (KKT) condition, the relationship
between the optimal function parameters (denoted as w∗ and
ρ∗) and optimal solution of α∗ of (9) can be obtained as:

w∗ =
∑

i α
∗
iΦ(xi) (5)

ρ∗ = (w∗ · Φ(x′i)) (6)

where x′i represents a data sample whose corresponding α∗
i

follows 0 < α∗
i < 1

νN

By substituting (5) and (6) into (2), we can finally obtain
the OCSVM model as:

f(x) =
∑
j

α∗
jΦ(x)Φ(xj)−

∑
j

α∗
jΦ(xj)Φ(x

′
i) (7)

Usually there is a no explicit form for representing Φ(x) and a
kernel function is usually introduced as: k(x, y) = Φ(x)Φ(y)
[14]. By exploiting the kernel function, the above equation can
be written as:

f(x) =
∑
j

α∗
jk(x, xj)−

∑
j

α∗
jk(xj , x′i) (8)

Different kernels can be chosen and the most popular
kernels include the linear kernel, the Gaussian kernel, the
polynomial kernel and the sigmoid kernel. Definitions of
different kernels are shown as follows:

k(x, y) = x · y (linear) (9)
k(x, y) = exp(−γ∥x − y∥) (Gaussian)

k(x, y) = (γ ∗ x · y + c)n (polynomial)

k(x, y) = tanh(γ ∗ x · y + c) (sigmoid)

where γ, c and n are kernel parameters.
Based on GEI features extracted from multiple video clips

of normal gaits, the obtained OCSVM model f(x) can be
trained based on the aforementioned procedures and can be
applied to classify normal/PD gait given a GEI feature x, based
on the following criteria:

f(x) ≥ th → normalgait, f(x) < th → PDgait (10)

where x represents the extracted GEI feature from a video
frame and th is a preset threshold for gait classification.

III. EXPERIMENTAL STUDIES

We have tested our developed normal/PD gaits classification
technique on a dataset, which contains video clips of both
normal and Parkinson gaits recorded from more than 30 ex-
perimental volunteers as well as collected from online sources
(such as Youtube). There are totally 228 video clips of normal
gaits and 73 video clips of PD ones. The half of normal gaits
video clips (114) is used as the training dataset for OCSVM
model construction, while the other half and the PD video clips
are used for testing. Each video clip contains a gait cycle as
in Fig. 6.

We firstly test the performance of the mask R-CNN for
the human silhouettes extraction. The backbone of the mask
R-CNN we exploit is based on the feature pyramid network
(FPN) [16] and it is trained on the COCO dataset [17] for
segmenting different types of objects including humans in
images. Related human segmentation results are presented in
Fig. 5, from which we can see that human silhouettes can be



Fig. 5. Extracted silhouettes by mask R-CNN under both indoor and outdoor environments.

Fig. 6. Representative video frames for a gait cycle.The experiment
volunteer’s face is hidden for privacy reasons.

successfully extracted under different environmental scenarios
(both indoor and outdoor) to be used for gaits classification.

Extracted silhouettes from video clips can then be used
to construct GEIs based on the method as in the Section II
(b). Non-zero regions of GEIs are cropped and resized to be
64*64 image patches, which are taken as features used for
training/testing the classifier. Fig. 7 shows the cropped and
resized GEIs (features) for both normal and PD gaits. We can
observe the obvious difference between feature patterns for
normal/PD gaits.

Based on features extracted from 114 video clips of normal
gaits, the OCSVM model is constructed and its performance
for normal/PD gaits classification is evaluated based on the
test dataset. Three evaluation metrics are introduced, which
include the true positive rate (TPR), false negative rate (FNR)
and total accuracy (TA) defined as:

TPR =
No. of correctly detected PDgaits

No. of PD gaits
(11)

FNR =
No. of mistaken PDgaits

No. of normal gaits
(12)

TA =
No. of correctly classified gaits

No. of gaits
(13)

Ideally, TPR should be 1, FNR should be 0 and TA should be
1.

We have tested a variety of OCSVM models with different
kernels as mentioned in Section II.(c). With respect to each
kernel, different sets of kernel parameters are chosen and
tested for a comprehensive analysis. For each OCSVM model
with a particular kernel with associated kernel parameters,



(a) (b)

(c) (d)

Fig. 7. ROC curves for OCSVM models with (a). linear kernel (b). Gaussian kernels (c). polynomial kernels (d). sigmoid kernels under some
representative parameters settings.

Fig. 8. GEIs based features for both the normal gait (left) and PD
gait (right).

different TPRs, FNRs and TAs based on various of thresholds
in (10) are calculated. In Fig. 8, we present the Receiver op-
erator characteristics(ROC) curves, which show the variations
of (TPR,FNR) value pairs with respect to different thresholds,
for different OCSVM models with some representative kernel
parameters settings. From Fig. 8, we can obviously observe
that the ROC curves of the Gaussian kernels most approach to
the point (0,1) indicating perfect classification without errors;
besides, the areas under curves (AUCs) of those Gaussian
kernels ROC curves are obviously larger than the curves of
other kernels. So, Gaussian kernel is the optimal one to be ap-
plied with the OCSVM model for gait classification. Moreover,
quantitative metrics of OCSVM models with different kernels,
under the optimal kernel parameters settings maximizing TAs
are shown in Table I. We can see that by the aid of the
Gaussian kernel, the most accurate classification result can
be obtained. The normal/PD gaits recorded in videos can be
successfully classified with an accurate rate of 97.33%.

TABLE I
CLASSIFICATION METRICS CALCULATED BY OCSVM MODELS WITH

DIFFERENT KERNELS UNDER OPTIMAL PARAMETERS SETTINGS

TPR FNR Total accuracy
Linear kernel 74.56% 98.63% 45.99%

Gaussian kernel 98.25% 4.11% 97.33%
polynomial kernel 74.56% 98.63% 45.99%

sigmoid kernel 81.85% 100% 49.73%

IV. CONCLUSION

In this work, a novel computer vision based technique is
proposed for classifying normal/PD gaits based on a normal
RGB camera, which can be potentially applied in early diag-
nosis/evaluation of Parkinson’s diseases. This work applies the
state-of-the-art mask R-CNN for human silhouettes extraction
under complex background settings. GEIs are constructed
based on extracted human silhouettes with non-zero regions of
obtained GEIs being cropped and resized as features. Features
extracted from video clips of normal gaits are applied to
construct the OCSVM model, which is applied to classify
normal/PD gaits in videos. Experimental studies have shown
the proposed method can achieve a very high accuracy for gait
classification based on the trained OCSVM with the Gaussian
kernel. A future aim of this study is to integrate multiple
video feature types to achieve a more accurate and robust gait
classification system.
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