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Abstract 
 

Records of cases involving neurological disorders often exhibit abnormalities in the gait 

pattern of an individual. As mentioned in various articles, the causes of various gait 

disorders can be attributed to neurological disorders. Hence analysis of gait abnormalities 

can be a key to predict the type of neurological disorders as a part of early diagnosis. A 

number of sensor-based measurements have aided towards quantifying the degree of 

abnormalities in a gait pattern. A shape oriented motion based approach has been 

proposed in this paper to envisage the task of classifying an abnormal gait pattern into 

one of the five types of gait viz. Parkinsonian, Scissor, Spastic, Steppage and Normal gait. 

The motion and shape features for two cases viz. right-leg-front and left-leg-front will be 

taken into account. Experimental results of application on real-time videos suggest the 

reliability of the proposed method. 
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1.0  INTRODUCTION 
 

Gait has been defined as coordinated cyclic 

combination of movements resulting in human 

locomotion [1] [2]. Motions occur in a coordinated 

and cyclic manner thereby making gait an excellent 

biometric. Examples of gait are walking, jogging, 

climbing steps and so on. Gait possesses a potential to 

recognize individuals at a distance and at a low 

resolution, mostly in surveillance areas where other 

biometrics such as fingerprint and iris recognition 

cannot play the role. Joseph H. Friedman in his article 

entitled “Gait disorders in the Elderly” defines a normal 

gait as: “My own interpretation of Normal is that it 

would not stand out as different if I saw the person 

walking on the street, or in a crowd” [3]. On the other 

hand, disordered gait has been defined as a slowed 

or aesthetically abnormal gait either as a result of age-

associated diseases or neurological and non-

neurologic disorders [4]. According to the article 

entitled “MedlinePlus” by NIH the causes of specific 

gait patterns, for example, propulsive gait, are carbon 

monoxide poisoning and Parkinson’s disease; spastic 

gait are brain or head trauma, brain tumor and 

cerebral palsy; steppage gait, are caused by multiple 

sclerosis, spinal cord injury [5]. According to the 

literature, three approaches for abnormal gait analysis 

are image processing, floor sensors and sensors 

placed on body. This study focuses on exploiting visual 

cues associated with abnormalities of certain gait 

patterns under training and testing paradigm. Aspects 

of abnormality in gait patterns [3] include: 

 stand: ability to get up from chair and stand-up 

 posture 

 stride Length: distance between steps 

 arm swing 

 base: distance between feet during walking 

 speed: normal, slow or increased 

 turning: unlike normal gait (pivoting while turning) 

other people with disorders take several steps 

while turning 
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 balance-assessment: patient should walk in a 

straight line 

Assessment of neurological disorders highly relies on 

the experience of a neurologist. Video being a 

pervasive media type has made computer-vision 

based analysis of human activities indispensable.  

Literature reports two kinds of image processing 

techniques to enable accurate quantitative 

measurements [12]. One involves setting of body 

attachments such as motion marker systems, whereas 

the other technique involves automatic analysis from 

the visual cues extracted from a video captured 

under a simple setting. Meanwhile, rapid progresses in 

image acquisition technologies, machine learning 

technologies have satisfied the learning requirements 

of gait patterns and provide an efficient basis for other 

novel approaches. The influx of ample amount of 

research in gait analysis is mostly associated to 

identifying tasks or getting an idea of the well-being of 

an individual by classifying the gait as normal or 

abnormal. The current work takes analysis of abnormal 

gait patterns one step ahead by classifying the 

abnormal gait patterns into five different gait patterns: 

normal gait, parkinsonian gait, scissor gait, spastic gait, 

steppage gait. Among the broad spectrum of 

methods proposed for gait analysis, notable methods 

broadly fall under silhouette-based method and 

shape-based method. On the other hand, pattern 

recognition can be aided by either hand-crafted 

complex features extracted from images and video 

sequences or by view-based approaches [7]. We 

observed a lack of use of such view-based paradigms 

in classification of abnormal gait patterns associated 

with neurological disorders. Therefore a machine 

vision-based methodology has been used to envisage 

the classification of abnormal gait patterns. Research 

on human gait analysis marks its inception in 19th 

century which revolved around a quantitative aspect. 

Such research involved measurement of different 

parameters characterizing gait. This quantification-

driven gait analysis has found ample application in the 

field of sports [8] [9], identification of people for 

security purposes [10], and medicine [11]. The current 

problem revolves around assessing the degree of 

abnormality in the gait of an individual. This 

incorporates an expert evaluation of patient’s history 

subject to observation of abnormal gait patterns. Our 

contribution is towards a real-time analysis of 

abnormalities of gait patterns. This paper deals with 

classification of a gait pattern as either of five types 

based on motion and posture features. The underlying 

assumption is that each gait disorder possesses a 

certain type of pattern in terms of motion features and 

posture features.  

 
1.1  Sensor-based Analysis of Gait Abnormalities 

 

Symptoms of abnormal gait include freezing of gait, 

shuffling gait, small steps, etc. In [13] mean, median, 

coefficient of variability was calculated from readings 

taken manually by placing ultrathin force sensitive 

switches inside each subject’s shoe. In [14] temporal 

distance measures like velocity, cadence, step length, 

stride length using ink footprint records were 

considered. An ambulatory gait analysis enabled by 

the usage of a Physilog portable data logger was 

carried by each subject measures the angular rate of 

the rotations of selected body segments [15]. An 

observation of arm swing, trunk and lower limb led to 

a four-point scale with a scale of normal, mild, 

moderate, severe and was tested on patients from the 

Rivermead Rehabilitation Centre (RRC) [16]. Data 

analysis resulting in force-time diagram, were 

conducted on 50 Normal and 150 patients with 

various forms of gait disturbance [17]. A web search 

for research articles related to “gait” reports more 

than 3,400 publications between 2012 and 2013. Out 

of 3,400 publications, 40% were related to non-

wearable systems, 37.5% dealt with inertial sensor-

based systems, the remaining 22.5% were related to 

wearable systems [18]. An observation-based and 

quantitative system for assessing gait abnormalities 

considers few general parameters such as velocity, 

short step length, long step length, cadence, gait 

autonomy, duration of stops, momentum and forces, 

ground reaction force and other parameters. Alvaro 

Muro et al. [18] discussed two broad categories of 

techniques involved in observation of gait patterns viz. 

semi-subjective analysis (conducted in clinical 

conditions by a specialist) and objective monitoring 

techniques (use of devices to capture and measure 

gait-related measures). Few semi-subjective 

techniques include Timed 25-Foot Walk (T25-FW), 

Multiple Sclerosis Walking Scale (MSWS-12), Timed Get 

up and Go (TUG), Extra-Laboratory Gait Assessment 

Method (ELGAM).  

In addition, objective techniques include use of 

several digital or analog cameras for range imaging, 

Time-of-Flight (ToF) systems, structured Light, Infrared 

Thermography (IRT), Floor sensors. Furthermore, several 

recent reviews have reported that the use of 

wearable sensors, pressure and force sensors, and 

inertial sensors. Other recent works include the work of 

Hausdorff [19], Barth [20] [22], Bonato [21].  

 

1.2  Scales for Abnormal Gait Analysis 

 

It has been reported in the literature that a set of 

functional gait and balance tasks have been applied 

widely to detect and quantify the abnormalities in gait 

pattern. A short review of the existing gait assessments 

are as follows [33]: 

 Dynamic Gait Index (DGI): Evaluation of alterations 

in gait speed, head turns, clearing obstacle, 

climbing steps, turning. 

 Emory functional ambulation profile (EFAP): 

Measuring time for five conditions: 

○ 5-meter walk on hard floor; 

○ 5-meter walk on short pile carpeted floor;  

○ timed up and go 

○ step over a brick and then around a trash can;  
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○ walk up four steps, turn around, and return (using 

hand rail if needed) 

 Established populations for the epidemiologic 

studies of the elderly (EPESE) short physical 

performance battery (SPPB): Evaluation of  

○ ability for maintaining stance,  

○  time to rise from chair five times  

○ walk eight feet at usual gait speed 

 Functional obstacle course (FOC): Evaluation of 

subject’s performance along a series of 12 

simulations of functional mobility tasks or situations 

in home environment 

 Gait abnormality rating scale (GARS): Distinguishing 

between fallers and non-fallers using 4-level 

assessment of 16 gait descriptors. 

 Performance-Oriented Mobility Assessment 

(POMA): Assessment of balance and fall risk in 

adults.  

 

1.3  Video Analysis of Gait Abnormalities 

 

According to the literature, two types of methods 

were proposed viz. motion marker systems and video 

analysis techniques [26]. This paper revolves around 

the second type of technique. In [27], an image-

processing based architecture was defined and 

implemented to analyze joint angles and swing 

distances for two groups of people viz. healthy control 

persons and patients. In [28], a continuous human 

motion recognition system has been proposed 

incorporating clone-body-model. A 3d colored body 

model was mapped to persons in each video frame 

followed by tracking of joint angles to accomplish the 

task of analyzing the gait patterns [29]. Neural network 

and fuzzy clustering algorithm have been used for 

training limb joint angles and swing distances that is 

obtained by using Hough transform [30]. The system 

proposed in [31] does not analyze the gait dynamics 

but uses motion information to extract structural 

characteristics; motion history image being one of the 

widely used techniques for the same [52]. A coupled 

oscillator gait model for gait modeling and analysis 

have been proposed in [32].    

Estimation of motion intensities plays an important 

role in this aspect. In [23], the motion vector is 

computed for each of the macro-block followed by 

training using the absolute motion information and 

directional information. An activity is concluded as 

abnormal if the probabilities of the occurrence of 

feature vectors are below a threshold [24]. H. Yi et al. 

[25] incorporated the concept of Pixel Change Ratio 

Map histogram to obtain information regarding the 

intensity of the motion across the video frames. A fair 

amount of research has been dedicated to the use of 

shape and motion features from video sequences as 

mentioned in the survey [37-46]. On the other 

spatiotemporal approaches, optical flow has been 

used for gait classification in [47-51]. 

Feature extraction being a crucial part of gait 

analysis system is largely influenced by the viewpoint. 

Model-based models [57-62] have been used that 

deals with static body parameters like height of the 

silhouette, distance between head and pelvis, 

distance between left and right foot and maximum 

value of the distance between the pelvis and the feet, 

thigh joint trajectories, stick model, centroid of 

silhouette, etc. One demerit of this model-based 

approach is that computing of several parameters 

followed by searching and matching makes the 

process quite time-consuming. Model-free 

approaches [63], [40] incorporate the use of motion 

information without using any model parameters. 

Model-free approach has the advantage of faster 

processing but results are affected by background 

noise. A rich amount of computer-vision methods for 

gait analysis relies on human body shape and 

silhouettes. Although such approaches offer the merit 

of better tolerance to noise and short gait sequence 

representing one stride, they are dependent on the 

view angle and does not classify well for different 

angles other than that of training subjects.  This opens 

up scope for proposing feature extraction 

methodologies for gait patters at angles other than 

side view. 

 

 

2.0  METHODOLOGY 
 

Figure 1 shows the overview of the proposed system.  

 
Figure 1 Block diagram of the processes of the system 

 

 

Given a video of abnormal gait patterns the video 

frames are subjected to detection of human body in 

the frames. 
 

2.1  Segmenting RLF and LLF 

 
The active contour method for segmenting regions of 

interest on a video frame is followed by labeling each 

frame as either right-leg-front (RLF) or left-leg-front 

(LLF). This is accomplished by the position of the last 

white pixel starting from the bottom of a frame. An 
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example of RLF and LLF frame has been shown in 

Figure 2. 

 

 
 

 

 

 

 

 

 

 

 
Figure 2 Segmented RLF and LLF frames 

 

 

2.2  2-way (Shape-Optical-Flow) SOF 

 

A method for feature extraction has been proposed 

in this section which is termed as 2-way SOF, the sub-

modules of which are described below: 

 

OF based grouping of frames: 

Unlike other works like [12] where measurements are 

taken when legs are closest and farthest, this work 

takes under consideration the motion patterns 

between successive frames the captured video. The 

proposed system aims to classify the abnormal gait 

patterns from the frontal view. The samples of video 

taken in this work consist of video frames with the 

following assumptions: 

 Individual coming towards the camera  

 Camera is not moving.  

 The individual does not change the direction of 

walking 

 The individual walks with uniform speed 

The only difference in the video frames of a single 

video is depths. In order to address this problem, we 

group the frames into framesets based on Histogram 

of Optical Flow feature (HOOF) [36]. HOOF features 

are invariant to scale and the direction in which a 

person is moving across the video frames. 

Furthermore, this method does not require 

background subtraction prior to feature extraction. 

HOOF is used to group frames with minimal depth 

change. Subsequently these frames are used to 

detect maximal shape changes in the following step.  

 This step is analogous to detect gait cycle prior to 

feature extraction for gait patterns. For model based 

approaches that rely on the silhouettes of subjects in 

side view, width of the silhouette over time is useful to 

analyze the peaks and valleys that represents the 

distance between right and left leg. However, 

silhouette width for frontal views provide very limited 

information for the same function. These drawbacks of 

laterally-viewed silhouettes have motivated the use of 

motion cues combined with point tracking to detect 

gait cycle in this step.  

 

Shape based Farthest Frame: 

Silhouette based approaches for gait analysis has 

been effectively used by many researchers [40] [41], 

which definitely implied the strong cue that shape 

feature provides in the area of gait analysis. 

Furthermore, the contour images for individuals in 

motion for three different abnormal gait patterns are 

shown in Figure 3. The objective of this step is to obtain 

the frames with maximal shape changes in the lower 

region of human body. Kanamori [34] mentions that 

there are three methods for region-based 

correspondences viz., elliptical descriptor, Fourier 

descriptor and shape context. Fourier descriptor has 

been chosen in this context for assessing the 

difference between shapes of the lower region of a 

human body while walking, across video frames. The 

shape descriptor is computed as described in [34]. 

The nth Fourier coefficient for N segments, denoted 

by un (n= 0, 1,…,N-1) is computed as follows: 

 

 

 

Where j is imaginary unit 

In order to make the shape descriptor invariant to 

scaling the feature vector is divided by u0, which is 

dependent on scale, 

 

 

 

The pair of frames with maximal shape variation 

with minimal depth variation is termed as Farthest 

Frames (FAF). 

 

 

 

 

 

 

 

 

 

 
 

 

Figure 3 Contours of postures for Parkinsonian Gait, Scissor 

Gait, Spastic Gait 

 

 

Extract motion information from Motion History 

Image(MHI) and Contour image: 

Given the video frames with maximal shape change 

and minimal depth variation, the next step for feature 

extraction is conducted from: 
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MHI constructed from the FAF: 

Hu-moments are calculated from the MHI [35] 

obtained from the (N=3, FAF pair and the frame that 

lies between them) images belonging to a FAF as 

follows: 

 

)1,,(),,(),,(  tjiBtjiBtjiBdiff  

 

Where Bdiff is the binary difference image. 

 

Where t varies from k to (k+N-1) 

 is a constant 

Imhi is the motion history image. 

 

Seven Hu moments are obtained from each of the 

motion history image that represents a set of three 

frames containing FAF. 

 

Contour images belonging to each FAF: 

Variational approach of optical flow estimation, as 

proposed by Brox [7] is followed in this step to 

compute the dense motion features from the images 

in FAF. This results in a vectored representation of a set 

of video frames show an individual walking towards 

the camera. 

Figure 4 explains the reason behind naming the 

proposed method as 2way- SOF. It uses a motion 

based approach for grouping frames into frameset 

with minimal depth. This group of frames is used to 

detect frames with maximal shape variation thereby 

containing FAF. These FAF are used to extract motion-

oriented features for training the system with features 

of the abnormal gait types. 

 

Figure 4 2-way SOF 

 

 

2.3  Template Matching 

 

Templates are created for each gait pattern based on 

the set of frames identified as RLF or LLF. Templates for 

a test gait pattern is then used to compare with each  

existing trained patterns of gait that have been 

labelled as one of the five gait patterns viz. 

Parkinsonian, scissor, spastic, Steppage and normal 

gait. The matching score is obtained by computing 

the correlation between train and test template 

vector. Let tr and ts be a train template and test 

template vector. Then the matching score by means 

of correlation is calculated as follows: 
 

 

tstr

tstr
scorecorr



),cov(
_   

Where, cov(tr,ts) refers to the covariance measure 

and 𝜎𝑡𝑟 and 𝜎𝑡𝑠 refers to standard deviation for train 

and test template. 

 

2.4  Relationship with MHI and MEI 

 

MHI is one of the static representations of motion 

occurring in a given window of time. While Motion 

Energy Image (MEI) incorporates only spatial 

information on ‘where did the motion occur?’ MHI 

entails the temporal aspect too. The proposed 

method in this paper can be considered as a 

preprocessing step for selection of the frames for 

construction of MHI. The steps that follow extraction of 

motion features from MHI images are shown in Figure 

4. 

 

 

3.0  RESULTS AND DISCUSSION 
 

Table 1 shows a brief details on the video data used 

for classification of abnormal gait patterns. Table 2 

shows the recognition results for the following gait 

patterns: 

(G1): Parkinsonian gait 

(G2): Scissor gait 

(G3): Spastic gait 

(G4): Steppage gait 

(G5): Normal gait 
 

Table 1 Training Data 

 
Type of gait Duration Subjects 

Involved 

Normal Gait 9.05 1 

9.21 16 

2.31 2 

10.28 4 

11.43 3 

Parkinsonian 

Gait 

2.17 2 

3.45 3 

1.08 1 

Scissor Gait 00.36 1 

1.20 1 

3.21 2 

Spastic Gait 00.31 2 

1.43 1 

7.53 1 

Steppage 

Gait 

00.28 1 

00.11 1 

00.43 1 
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Table 2 Recognition Results 

Meth

od 

TL VS Number of frameset 

recognized as gait type 

TPR PL 

G1 G2 G3 G4 G5 

MHI 

 

5 

 

V1 1 0 0 5 14 0.7 5 

V2 3 4 0 0 13 0.6 5 

EDGE 

 

5 V1 6 1 0 1 12 0.6 5 

V2 4 4 0 2 11 0.5 5 

MHI 

 

1 V1 9 3 2 5 1 0.4 1 

V2 18 0 0 0 2 0.9 1 

EDGE 

 

1 V1 10 2 5 2 1 0.5 1 

V2 8 2 1 2 7 0.4 1 

MHI 

 

2 V1 3 5 4 6 2 0.3 4 

V2 4 12 0 0 4 0.6 2 

EDGE 

 

2 V1 7 3 1 3 6 0.2 1 

V2 8 4 0 4 4 0.2 1 

MHI 

 

2 V1 3 11 0 6 0 0.6 2 

V2 2 18 0 0 0 0.9 2 

MHI 

 

4 V1 3 2 6 9 0 0.5 4 

V2 2 5 0 6 7 0.3 5 

EDGE 

 

4 V1 6 2 0 7 5 0.4 4 

V2 4 1 0 12 3 0.6 4 

 

List of terms used in Table 2: 

 TL: True label of Gait pattern 

 VS: Video sequence number 

 TPR: True Positive Rate 

 PL: Predicted Label of Gait pattern 

 

 

20 pairs of FAFs are considered to test for five gait 

patterns. TPR gives the percentage of FAFs correctly 

recognized and PL is obtained from the label that is 

predicted for maximum percentage of FAF pairs. Even 

though the method proposed in this work does not 

reach above 90% accuracy in recognition of 

individual FAFs, this system correctly recognizes the 

abnormal gait pattern across a wide portion of video 

frames. Figure 5 shows the TPR for four types of gait. 

 

 

Figure 5 TPR for four types of gait on MHI and Edge images 

 

 

The proposed algorithm is experimentally 

compared with few conventional optical flow based 

techniques in order to analyze the performance of the 

same.  

3.1  Data Collection and Preprocessing 

 

Silhouette images for six subjects from CASIA-B 

silhouette dataset [53] [54] has been used for feature 

extraction and template matching using the 

proposed approach and few other variational optical 

flow estimation techniques. Dataset B is a database of 

gait data captured from 11 views with 124 subjects. 

Each video frame provides the following information: 

subject id (001-124); mm: ‘nm’ (normal), ‘cl’ (in a coat) 

or ‘bg’ (with a bag); nn: sequence number; ttt: view 

angle (‘000′, ’018′,…,’180′).  

 

3.2  Feature Extraction and training 

 

Given a set of video frames with silhouette images of 

a person walking, captured in frontal view, feature 

extraction for gait patterns respective to each person 

is accomplished by the following steps: 

1. Label each frame as RLF and LLF using the 

method described in section 3.1. 

2. Gait cycle extraction by finding frames has a 

maximum distance between the tips of right leg 

and left leg. The idea behind detecting gait 

cycle based on distance is driven by the fact 

that each gait cycle comprises of frames where 

the subject changes the limbs from either RLF to 

LLF or vice versa. It is at this point of time when 

the distance between the two legs is minimal 

across the immediate neighbor video frames.  

3. For each detected gait cycle, features are 

extracted to be used for template matching as 

described in section 3.3. For performance 

evaluation, the proposed method is compared 

with optical flow features proposed by Horn and 

Schunck [55] (HS), Lucas and Kande [56] (PYLK) 

and Brox et al. [7](Brox).  

 

3.3  Comparative Evaluation  

 
Six subjects have been randomly chosen from 124 

subjects. Only the frames under NM category has 

been used for performance evaluation. The True 

Positive rate obtained for the experiments is shown in 

Table 3. Results suggests that better TPR is achieved by 

the method proposed by Brox et al. [7] and the 

proposed method. 

 
Table 3 Performance Evaluation with other optical flow 

estimation methods 

 
 HS PYLK Brox Shape_MHI 

Sub1 0.71 1 0.65 0.73 

Sub2 0.47 0.40 0.56 0.60 

Sub3 0.24 0.50 0.82 0.91 

Sub4 0.45 0.18 0.61 0.58 

Sub5 0.33 0.88 0.84 0.82 

Sub6 0.46 0.29 0.67 0.76 
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4.0  CONCLUSION 
 

The factors that have not been taken into account in 

this study include: 

1. Distance between feet while walking: This factor 

requires a side view of the control for such assessment. 

2. Speed: Since the videos were used for training and 

testing in this piece of work varies in terms of frame-

rate hence quantification of speed would not give 

accurate results. 

3. Turning 

The contribution of this study lies in the following 
aspects: 

a. The literature has reported evaluation of 
functional gait tasks to measure the gait speed, 
time, and ability to maintain balance in order to 
conclude if the gait pattern is abnormal or normal. 
Unlike those works, this paper proposes a way 
whereby we can distinguish among types of gait 
abnormalities that can aid neurologist to predict 
the nature of neurological disorder the subject is 
likely to have. 

b. Scales like GARS, POMA, TUG aims to distinguish 
between fallers and non-fallers. This study assumes 
that every subject with abnormal gait pattern 
bears the imbalance aspect in their walking.  

c. Computer Vision algorithms has been applied in 
many research in order to detect abnormalities in 
a subject’s gait pattern. The work envisaged in this 
paper can be posed as a step-further to 
detection of normal and abnormal gait for a 
subject whereby the class of the abnormal gait 
can be determined. 

d. The videos used in this study differ in terms of 

resolution, illumination, etc. However, the features 

extracted and analyzed work well across videos 

of different characteristics. The accuracy of the 

system can be enhanced by increasing the 

number of training framesets. As the title suggests, 

the proposed classification framework of gait 

abnormalities can be used as an aid for 

neurologists. Therefore, this study is an attempt 

towards exploiting visual cues for classification of 

gait abnormalities. 
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