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ABSTRACT
The gait sequence analysis finds applications in several fields such
as, person identification, human action recognition and event clas-
sification. The extraction of gait sequences is the initial step in
gait sequence analysis. The Latent Dirichlet Allocation (LDA)
a type of ’Topic Model’ is used to analyse the gait sequences
for person identification and human action recognition. This is
achieved by proposing a novel method that transforms the gait se-
quences into words representation. Finally, the generated words
are then analysed using LDA for person identification and hu-
man action recognition. The proposed person identification algo-
rithm is tested using CASIA gait dataset A and human action
recognition algorithm is tested using Weizmann action recognition
dataset, resulting in correct classification rate of 85% using CASIA
Dataset A and 85% using Weizmann action recognition dataset.
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1. INTRODUCTION
The application of gait analysis in multiple domains requires
analysing the extracted gait features. These features are extracted
from input binary silhouettes. The topic models developed for
text classification is one of the potential approaches to use in
gait domain framework, such as person identification and hu-
man action recognition. Some of the existing methods to iden-
tify person and recognize human actions uses different methods
or techniques, to name few, the boundary centroid distance in
[1] is used as a gait feature for identification. The gait features
like, step length, stride length, cadence, cycle length, is used
along with body height, weight and gender are used for recog-
nizing individuals [2, 3, 4, 5]. The spatio temporal local features
in [6] are integrated with support vector machine, for human ac-
tion recognition. The probabilistic latent semantic indexing in [7]
uses unsupervised learning method to recognize human actions.
Gait biometric cues in [8] and human body movements in [9] are
also used to recognize individuals. The study of text analysis,
uses ’Topic Models’ in text domain framework, here an attempt
is made to use topic model in gait domain framework. The ma-
jor crux in use of topic models in gait domain framework is the
lack of textual concepts. This is resolved by proposing a novel
transformation method that transforms the input documents into
word representation. The Fig 1, shows the block diagram of the
proposed algorithm, that specifies the steps used to arrive at the
results.

The rest of the paper is structured as follows: Section 2 gives the
overview of methods used for person identification and human

Fig. 1. Block Diagram of the Proposed Methodology

action recognition, Section 3 specifies the steps of the proposed
algorithm and Section 4 discusses the results, followed by the
conclusion and references.

2. RELATED WORKS
This section deals with the overview of the existing methods
and algorithms that are currently being used or investigated for
recognizing the human actions. An arbitrary view transforma-
tion model in [10] is used to identify individuals. The body
shape information and their movements in [11] are extracted as
a gait features for identification. The multiple gait features in
[8, 12, 13, 14] are extracted, smoothed and normalized using
principal component analysis. Finally, a supervised pattern clas-
sification technique is employed for person identification. The
template matching based on supervised learning method [15]
uses the features, extracted from the silhouettes for real-time hu-
man action recognition. The human action recognition in [16]
uses dynamic texture descriptors. These descriptors are used to
describe human motions in a spatio temporal manner for rec-
ognizing actions. The sparse representations for human action
recognition in [17] uses the models of human actions and its
corresponding sparse representation found using spatio-temporal
descriptors extracted from the input documents. Latent dirichlet
allocation in [18] specify the topic model, that has been used for
identifying topics and concepts in textual data, which are then
analysed for identification and recognition. In the proposed algo-
rithm, latent dirichlet allocation (LDA) a ’Topic Model’ is used
to identify person and recognize human actions. This is achieved
by proposing a novel transformation method that transforms the
gait sequences into document-word representation. Finally LDA
uses these words to identify person and recognize human actions.
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3. PERSON IDENTIFICATION AND HUMAN
ACTION RECOGNITION - PROPOSED
METHODOLOGY

The ’Topic Model’ like LDA is applicable in gait domain frame-
work, only if, the concepts of image-words are mapped appro-
priately. The words are generated from the input documents,
(where document refers to an input video hereafter). The words
are the basic building blocks, which are used in the proposed
algorithm for person identification and human action recogni-
tion. The steps to generate words involves i) Extraction of pri-
mary gait sequences from the input documents ii) Deriving sub-
primary gait sequences from basic gait sequences and finally,
v)Analysing the sub-primary gait sequences to generate words.

3.1 Extraction of Primary Gait Sequences (∆) and
Sub-Primary Gait Sequences (Υ)

The extraction of primary gait sequences (∆) is an initial and
basic step in the proposed algorithm. This is achieved by enclos-
ing the pixels that corresponds to a person within the bound-
ing box. The Enclosed pixels are then tracked over the bi-
nary frames (BI ) to extract primary gait sequences such as: 1)
Horizontal-Movement (∆HM ), 2) Vertical-Movement (∆V M ),
3) Pixel-Count (∆PC ), 4) Left-Area-Counter (∆LAC ) and 5)
Right-Area-Counter (∆RAC ). The gait sequences horizontal-
movement (∆HM ) and vertical-movement (∆V M ) represents
the measure of the distance moved by an individual during an ac-
tion. The (∆HM ) is measured horizontally and (∆V M ), is mea-
sured vertical. The gait sequence pixel-count (∆PC ) represents,
the total number of white coloured pixels within an binary image
frame. The gait sequences (∆LAC ) and (∆RAC ), are extracted as
the measure of change in gait-area of the bounding box (rectan-
gle), labelled as (A,B,C,D) and (B,E,F,C) respectively, as given
in Fig 2.

The performance of the proposed LDA algorithm is tested with
the extracted primary gait sequences. It is found that, the perfor-
mance reduces when executed along with the primary gait se-
quences. This is because the LDA will not be so effective, if the
words generated in its vocabulary are small, as this would influ-
ence the topic space and its relation to words generation. In or-
der to increase the performance of proposed LDA algorithm, the
sub-primary gait sequences (Υ) are extracted from the primary
gait sequences using above-below standard deviation sequencing
technique. The sub-primary gait sequences increases the number
of gait sequences extracted, which in-turn increases the vocabu-
lary space of LDA related to gaits, in-turn increasing the correct
classification rate.

3.1.1 Above-Below Standard Deviation. In this technique, the
standard deviation (δ(∆i)) is found, by considering each ele-
ments of the selected primary gait sequence (∆i(Ej)). The stan-
dard deviation (δ(∆i)) value is then subtracted from each ele-
ments of the same sequence, the sign of the element is also con-
sidered in calculating above-below standard deviation sequence
as shown in Equation (1).∏

(i) = sign[|(∆i(Ej))− δ(∆i)| ≥ 0] (1)

3.2 Generation of Words
The words for LDA are generated by transforming the extracted
sub-primary gait sequences (Υ) into word representation. The
steps for generating the words are given below. These steps are
executed iteratively by considering other elements of the same
sequence to generate other sets of words. This process is repeated
with each sub-primary gait sequence (Υi) to populate the word
count. Finally, the generated words will be analysed by LDA to
generate two matrices as output, i) Word probability matrix or

Fig. 2. Region of Interest

word-topic distribution matrix (β) and ii) Topic probability ma-
trix or topic-document distribution matrix (α).

(1) The word (w1) will be incremented by one, if the first two
elements of the selected sequence are equal.

(2) Similarly, the word (w2) will be incremented, if the other
two elements of the selected sequence are equal.

(3) The word(w3) will be incremented, if summation value of
first two elements and second two elements of the selected
sub-primary sequence are equal.

(4) The word (w4) will be incremented, if the difference of first
two elements is zero or the difference of second two ele-
ments is zero or if the sign of the difference of the first two
elements and second two elements are equal.

3.3 Calculating the Words Proportionality
The word probability matrix or word-topic distribution matrix
(β) of LDA, is used in the proposed algorithm to find the words
proportionality. Each element of the matrix (β) is analysed as a
product of two normalized factors as shown in the Equation (2).

⊎
(i, j) =

∇(i)
N∑

k=1

∇(k)

∗ β(i, j)
M∑
i=1

λ(i)

. (2)

Where (
⊎

) represents the proportionality of words, which is
found as the product of two normalized factors.

3.4 Person Identification and Human Action
Recognition

In this section, the person is identified and human actions are rec-
ognized from the input video documents. The input videos also
known as document are segmented initially into image frames.
The binary images are constructed and the object/person needs
to be identified is selected and tracked over the segmented frames
to extract the primary gait sequences. As the performance of
LDA reduces with the extracted primary gait sequences, the sub-
primary gait sequences gains importance in classification. The
sub-primary gait sequences increase the classification rate by in-
creasing the number of words. Finally, the generated words are
analysed by LDA to generate two matrices as output, that is (α)
and (β).

3.4.1 Person Identification. In order to identify person, the
proposed algorithm divides the input documents into two groups,
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namely test and training. The proposed algorithm is then exe-
cuted independently on both these groups to generate matrix (β)
and (α) as the output of LDA from the training set of documents.
Whereas the words and its occurrences are found from the test
set. In order to identify the person, the proposed algorithm se-
lects, some of the words from the test set, based on the mean
value (µtest)), where the mean (µtest) is found using the word
occurrences of the test document set. For each word, the cor-
responding topic is found using the matrix (β). Then, for each
topic, the corresponding document is found, using the matrix
(α). The document selected, would be the maximum value found
with respect row (kth) row of the matrix (α), where (k) is the se-
lected topic index. Finally, the person is identified by selecting a
single document as a result of the proposed algorithm, which is
the maximum summation value of the selected documents in the
matrix (α).

3.4.2 Human Action Recognition. In order recognize human
actions the proposed algorithm uses quality threshold clustering.
The quality threshold clustering algorithm groups the input doc-
uments into clusters based on the human action performed. The
quality threshold clustering is an alternative method of portion-
ing the data. This requires more computation power in order to
cluster the individuals. The working of quality threshold cluster-
ing is given below:

(1) Initially, choose the maximum diameter for the cluster
(2) Build a candidate cluster for each point, by including the

closest point, the next closest and so on until the diameter of
the cluster surpasses the threshold.

(3) Save the candidate cluster with most points, as the first true
cluster, and remove all the points in cluster from further con-
siderations.

(4) Recurs with reduce set of points

4. RESULTS AND DISCUSSION
The proposed person identification algorithm has been illustrated
using CASIA gait Dataset A [13], and human action recognition
algorithm is tested using Weizmann action recognition dataset
[20]. These two are the largest datasets available as a benchmark
for person identification and human action recognition. The brief
overview of these datasets is provided below.

4.1 CASIA Gait Dataset A
The CASIA gait dataset contains 4 subsets i) Dataset A, ii)
Dataset B, iii) Dataset C and iv) Dataset D. The gait dataset A
contains people walking along a path at free cadence in three dif-
ferent views (directions) with respect to the image plane. This
dataset includes 20 persons, performing walking actions cap-
tured at a rate of 25 frames per second. The proposed algorithm
identifies person by considering only the videos, where the per-
son is allowed to walk perpendicular to the stationary camera that
is lateral view. Out of four sequences per person, three sequences
are taken as training and the remaining sequence is considered as
test. In total 60 sequences are considered as training, whereas the
remaining 20 sequences are taken as test. This partitioning is re-
peated for 4 different times, so that each video of a person is
tested. (For ex. in the first experiment, Fig 3(a), the first three
sequences, per person is taken as training, while the remaining
single sequence is considered as test. In the successive experi-
ments, Fig (3(b), 3(c), and 3(d)), shows the other combinations
of input sequences taken as test and training. At any instance of
time only three sequences per person is taken as training and the
single sequence is considered as test.

4.2 Weizmann Action Recognition Dataset
The Weizmann action recognition dataset contains 9 persons per-
forming 10 types of actions. Each action sequence contains of

Fig. 3. Person Identification - Lateral View

50-90 frames normalized to a resolution of 80X70. The num-
ber of human actions considered for recognition in the proposed
algorithm is limited to five and these actions are run, walk,
jump, hands-wave and action side. The performance of the pro-
posed human action recognition algorithm is tested using quality
threshold clustering. The confusion matrix in recognizing human
actions is shown in the Table 1. In quality threshold clustering
the maximum diameter of the cluster is chosen first, the candi-
date cluster is then built from each point, by including the closest
point, the next closest and so on. Finally, this process is re-cursed
with reduced set of points for generating clusters based on the
human actions performed.

Table 1: Confusion Matrix using Weizmann Dataset

Walk Run Jump Wave Side
Walk 0.9
Run 0.9
Jump 0.9
Hand-Wave 0.3 0.5 0.1
Side 0.2 0.1 0.1 0.5

5. CONCLUSION
The gait feature extraction and gait sequence analysis becomes
an important step in the proposed methodology. The ’Topic
Model’, developed only for text mining applications, is one of
the potential approaches to study gait sequence analysis. The ap-
plication of topic model like LDA in gait domain framework is
achieved by proposing a novel transformation method that trans-
forms the extracted secondary gait sequences into words repre-
sentation. Finally, document-topic-word distribution is consid-
ered to recognize individuals. The performance of the proposed
LDA algorithm has been illustrated using CASIA Dataset A and
Weizmann action recognition dataset, which resulted in correct
classification of 85% using dataset A and 85% using Weizmann
action recognition dataset.
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