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Abstract. Gait is a biometry that differentiates individuals by the way
they walk. Research on this topic has gained evidence since it is unobtrusive and can be collected at distance, which is desirable in surveillance
scenarios. Most of the previous works have focused on human silhouette
as representation. However, they suffer from many factors such as movement on scene, clothing and carrying conditions. To avoid such problems,
this work employs pose estimation to retrieve the coordinates of body
parts, which are transformed into signals and movement histograms to
be used as feature descriptors. While the former descriptors are used
with the Subsequence Dynamic Time Warping that compares signals
from probe and gallery, the Euclidean distance is used on the latter to
find the person on gallery that is closest to probe. Finally, the outputs of
both are fused. This work was evaluated on all views of CASIA Dataset
A and compared to existing ones, demonstrating its efficacy.
Keywords: Gait Recognition · Biometry · Computer Vision.
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Introduction

Gait is a biometry employed to identify individuals by the way they walk [7]. It
has gained evidence in recent years due to its advantages comparing with other
biometrics (e.g., iris, face and fingerprint), since it can be collected at distance
and it does not need the subject cooperation.
Works on gait recognition can be divided in two main approaches: modelbased and model-free. While the former models characteristics of human motion pattern, the latter employs other features to represent gait, such as silhouette [22], symmetry of human motion [5] and Fourrier descriptors [14].
An example of a model-based approach is the work of Wang et al. [20],
that uses as dynamic feature a tracking operation that calculates joint-angle
trajectories of the main lower limbs. Another work is Wagg et al. [19], where
anatomical data is used to generate shape models consistent with regular human
body proportions and create prototype gait motion models adapted to fit each
subject. The problem is that model-based methods present a high computational
cost since they need to model human motion patterns.
?
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The methods of model-free approach are simple and present lower computational requirements. They usually use the silhouette to represent a subject,
such as the gait features [10, 12, 16], where the gait energy image [13] is the most
influential, in which silhouettes from a gait cycle are normalized and aligned and
then, have their mean values calculated and used as template. However, this approach is severely effected by clothing, carried objects and the camera view of
the silhouette.
There are works that address the problems related to camera view, clothing
and carrying conditions. Liu and Zheng [1] developed a cross-view approach that
does not require prior information regarding the probe angle. It uses Gaussian
process for view angle estimation and correlation strength from canonical correlation analysis to perform gait recognition. The algorithm was tested on CASIA
Dataset B [23] and performed better than other existing works. However, the
results still need to be improved, specially when other conditions are tested, such
as carrying and clothing. Isaac et al. [6] proposed a genetic template segmentation to select silhouette parts to be used for classification. For each angle, the
genetic algorithm automates the boundary positions and selects the parts to use,
from which a view-estimator is able to determine the probe angle and selects the
suitable view-specific classifier to recognize.
Despite the advances on gait recognition with methods based on silhouettes,
there are intrinsic limitations on such representation. Silhouettes are not robust
on outdoor scenes, due to movements of people and objects. In addition, as
Sarkar et al. [18] pointed out, they change on different surface types and silhouettes from the same person obtained at different days are hard to be recognized.
Therefore, due to these limitations, we employ pose estimation to obtain the coordinates of the body parts [2]. This information is processed generating signals
and movement histograms, which are used as features, robust to the aforementioned aspects. Two methods are employed to perform the recognition. While the
first uses Subsequence Dynamic Time Warping to compare signals from probe
and gallery, ranking based on minimum matching distance cost, the second computes the Euclidean distance of the movement histograms to define the person
from gallery that is closest to the probe. Finally, a score fusion is used on the
result of these two methods to provide the identity of a subject.
Our main contributions are the following. The creation of a gait representation that is robust to clothing and carrying conditions and can be used on all
views and the development of two signal processing methods based on the pose
estimation that are efficient on gait discrimination among individuals.
We evaluate the proposed approach on all views of the CASIA Dataset A [22].
Even though our proposed approach neither uses machine learning techniques
nor deep learning-based approaches, we are able to achieve recognition accuracy
above 92.5% on all views. The results are compared to state-of-art works, showing
that our approach achieves similar accuracy to the best works on lateral and
oblique views and the same accuracy of the best work on the frontal view.
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Feature Extraction

To extract the body coordinates, we use the pose estimator proposed by Cao
i
et al. [2]. Their method returns Pb,t
for each frame t on gait sequence i and
body part indexed by b. 1 ≤ t ≤ T i , where T i is the total number of frames on
i
i
sequence i. Pb,t
is a coordinate (x, y) and x and y values are referenced by Pb,t
.x
i
and Pb,t .y, respectivelly. The coordinates have non-negative values, except when
the body part is not found due to occlusion, when they have the invalid values
(−1, −1).
The coordinates returned by the pose estimator are from 18 body parts: neck,
nose and both ears, wrists, elbows, hips, knees, ankles, shoulders and eyes. While
ears, eyes and nose are not considered because their positions do not help on
the gait recognition, the remaining 13 body parts, indexed by b ranging from 1
i
to 13, are used. For instance, the index b for the neck is 1 and P1,t
is the neck
coordinate at the t-th frame and in the i-th sequence.
The invalid coordinates generated by the pose estimator due to occlusion may
interfere with the results. So, to avoid interference, a tracking of invalid body
parts is performed, creating the noise indexing N i for sequence i that saves the
indexes of all body parts whose percentage of invalid coordinates is higher than a
defined threshold. It is used on classification to eliminate “noisy” body parts on
the Subsequence Dynamic Time Warping and the Euclidean distance calculation
(see Sections 3.1 and 3.2). N i is defined as
)
(
i
.x = −1 ∀t ∈ [1, 2, ..., T i ]}
#{Pb,t
i
>γ ,
(1)
N = b:
Ti
where γ is a parameter that represents the noise tolerance. Therefore, it should
be defined in a way that increases recognition accuracy, and this is done on
Section 4.
2.1

Feature based on Body Part Signals

Body part signals are used to get dynamic information on gait sequence, differentiating individuals by the way their body locations vary on time relative to
neck position.
Signals to represent gait movement from sequence i are created, represented
by S i . Each b from 2 to 13 (the neck is used on the formula, but signals for it
are not created because they would have only zeros) will generate two lines on
S i : one for its x coordinate value and the other for y. S i has 24 lines and T i
columns and it is obtained using

i
−1,
if Pb,t
.x = −1
i
i
i
S2b−3,t
=
(2)
Pb,t
.x−P1,t
.x
 max P i .y−P i .y , otherwise
j j,t
1,t

i
−1,
if Pb,t
.y = −1
i
i
i
S2b−2,t =
(3)
Pb,t .y−P1,t .y
 max P i .y−P i .y , otherwise
j
j,t

1,t
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According to the equations, the person position on frame is not considered
because the distances are relative to neck position. The denominator of S i is the
vertical distance of the neck to one of the feet (one foot is always on the floor,
so maximum y is from it), making the signals invariant to the person distance
on the video.
After the signal creation, each line of S i has its invalid values removed using
linear interpolation and median filter is also applied. Figure 1 shows examples
of signals from all views, where some periodicity can be observed.

Fig. 1. Examples of signals from lateral, oblique and frontal view, respectively. The
lines correspond to x and y distance of body parts to the neck position on coordinates.
The distances vary with time, changing the amplitude.

2.2

Feature based on Movement Histograms

The movement histograms capture static gait information, dividing the values
of body part signals on intervals to represent a gait sequence.
After the signals creation and processing as described in the previous section,
the movement histogram H i is created for sequence i. S i values are divided on
intervals in (−1, 1], and each occurrence of a value in S i increments its corresponding position on H i . Then, each value on H i is divided by T i , turning the
histogram values invariant to sequence size. This is represented by
(&
'
)
#
i
Hl,j
=

i
nV als(Sl,t
+1)
2

= j ∀t ∈ [1, 2, ..., T i ]
Ti

,

(4)

for 1 ≤ l ≤ 24 and 1 ≤ j ≤ nV als, where nV als is the number of intervals in
(−1, 1].
Increasing nV als make easier to differentiate individuals. The problem is that
if nV als is extremely high, the division of values of S i on H i will be sparse and
the recognition will be affected. Therefore, it is necessary to find an optimum
value of nV als that can differentiate individuals without decreasing recognition
(see experimental results section). Figure 2 shows movement histograms for different values of nV als.
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Fig. 2. Histograms with nV als equal to 5, 15 and 30, respectively. Each line is related
to one body part and each column corresponds to an interval on histogram. The images
show that increasing nV als increases the distribution of signal values on histogram,
but causes sparsity on some intervals.

3

Gait Recognition

This section present two methods used for recognition and their fusion. They
use the features of body part signals and movement histograms presented on the
last section.
In the recognition stage, each person g from gallery is compared to probe p.
p,g
p,g
The goal is to find the person g that minimizes the cost function Dsdtw
, Ddist
p,g
or Df usion .
The union operation is applied on the indexes of body parts on N p and N g ,
creating N p,g . S i∗ , S p∗ , H i∗ and H p∗ are created from S i , S p , H i and H p ,
removing lines corresponding to body parts indexed on N p,g .
p,g
The following subsection presents how Dsdtw
is calculated using Subsequence
Dynamic Time Warping. Then, Section 3.2 describes the use of the Euclidean
p,g
distance with the movement histograms to calculate Ddist
. Finally, the last secp,g
tion discusses the fusion Df usion of the results.
3.1

Subsequence Dynamic Time Warping

Dynamic Time Warping (DTW) [17] is a nonlinear dynamic programming time
normalization technique, where a warping function is computed to map the time
axis from the probe to gallery samples. Its advantages are that signals which are
compared do not need to have the same number of samples and this technique is
robust to changes in walking speed [8]. It is used on gait applications for signal
normalization [4, 20] and matching [8]. In the latter case, gait sequences that
have low minimum matching cost are more likely to be from the same person.
On this work, signal matching is applied, using a variation of DTW called
Subsequence Dynamic Time Warping (SDTW) to find S g∗ from the gallery where
a subsequence within S p∗ is optimally fitted using squared distance. This subsequence is composed of 26 consecutive columns, which is the size of a gait cycle.
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The result of SDTW is also normalized by the number of lines of S g∗ . This operation is important, giving the variation on number of lines of S g∗ for different
persons from gallery, because of N g information. The cost function of SDTW is
defined in the equation below:
p∗
SDT W (S:,1:26
, S g∗ )
p,g
Dsdtw
= p
num lines(S g∗ )

3.2

(5)

Euclidean Distance

To recognize gait using movement histograms, Euclidean distance is applied comparing probe H p∗ with H g∗ from gallery. These features have two dimensions, so
they are vectorized for comparison. The Euclidean distance used on movement
histograms is defined in the equation below:
p,g
Ddist
=

kvec(H p∗ ) − vec(H g∗ )k
p
num lines(H g∗ )

(6)

The distance is used to rank the individuals from gallery based on their
distance from probe. The result is normalized according to the the number of
lines on H g∗ for the same reason discussed in the previous subsection.
3.3

Score Fusion

Fusion of features is a common operation used to improve recognition accuracy.
In this work it is done using information from SDTW and Euclidean distance.
Score fusion is applied, combining results of the two methods as
p,g
p,g
Dfp,g
usion = αDdist + (1 − α)Dsdtw ,

(7)

with 0 ≤ α ≤ 1.
In this equation, increasing α favors the results of Euclidean distance and decreasing α favors SDTW. An experiment described in the next section estimates
the best value of α in which the fusion leads to better gait recognition.

Fig. 3. Accuracy on Dsdtw varying the noise tolerance γ. The best results are found
when γ is between 0.05 to 0.2.
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Fig. 4. Accuracy on Ddist varying the number of intervals nV als. The value 85 gives
the best results.

Fig. 5. Accuracy on Df usion varying the score fusion weight α. The value 0.75 gives
the best results.

4

Experimental Results

Experiments are conducted on the CASIA Dataset A [22], in which data were
captured at 25 FPS and has frame resolution of 352 × 240 pixels. This dataset
has sequences from lateral, oblique and frontal views. There are 20 subjects
and they have four gait sequences for each view angle. Two of these sequences
have the same walking direction and on the other half the walking direction is
reversed. For each pair of videos with the same configuration of person, angle
and movement direction, one is used as gallery and the other as probe.
The next paragraphs describe and analyze the feature, classification parameters and the results achieved are compared to other methods in the literature.
Noise tolerance. The noise tolerance γ defines which body parts will not be
used with SDTW and Euclidean distance because of occlusion. This parameter
is tested on the SDTW method and was varied from 0.05 to 1. According to the
results showed in Figure 3, occlusion has a great impact on recognition and the
best results were found when γ is between 0.05 and 0.2. Giving that lower values
remove more body parts on calculations and make the computation simpler as
consequence, 0.05 has been chosen to be used in the remaining experiments.
Number of intervals. This experiment evaluates the number of intervals nV als
on the movement histogram. It is responsible for the size of intervals, which are
used to distinguish gait on sequences. nV als was varied from 5 to 100. According
to Figure 4, the best results are achieved by nV als equals to 85, which maximizes
accuracy on Ddist . This value is used in the remaining experiments.
Score fusion weight. The score weight α is used to fuse results from SDTW
and Euclidean distance. It ranges from 0 to 1 and, when α presents higher values,
it favors Euclidean distance and when it has lower values, SDTW is favored. In
our experiment, we varied α from 0.05 to 1. According to Figure 5, the best
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Table 1. Rank 1 recognition on CASIA Dataset A.
Work/view
Lateral
Zhang et al. [24]
55%
Wang et al. [21]
88.75%
Liu et al. [11]
85%
Chen et al. [3]
90%
Wang et al. [20]
97.5%
Nizami et al. [15]
100%
Kusakunniran et al. [9] 100%
SDTW method
85%
Euclidean method
92.5%
Fusion of methods
92.5%

Oblique
80%
87.5%
87.5%
75%
100%
95%
96.25%
97.5%

Frontal
85%
90%
95%
98.75%
95%
97.5%
98.75%

results were achieved with α equals to 0.75 (i.e., the Euclidean distance should
receive more importance than SDTW).
Comparisons. The best results of the proposed methods was achieved when
γ is 0.05, nV als is 85 and α is 0.75, achieving accuracy of 92.5%, 97.5% and
98.75% on lateral, oblique and frontal views, respectively. We believe the lower
accuracy on lateral view is caused by occlusion, which is more common on that
view. Euclidean distance method is more efficient than SDTW, showing that
static information is more efficient than dynamic on gait recognition. However,
the accuracy is increased when dynamic and static gait information from SDTW
and Euclidean distance are fused.
The work is compared to others that use the same dataset. According to the
results showed in Table 1, our approach has some of the best results on lateral,
the second best on oblique and the best on frontal view (together with Kusakunniran et al. [9]). It is also interesting to note that our results are better than
Liu et al. [11], which is a recent model-based method that uses deep learning.
These results prove the efficiency of our method, despite the simplicity of the
developed algorithms.

5

Conclusions

This work used pose estimation on gait recognition to retrieve body parts coordinates and transform them to signals and movements histograms, that are
then used as features. Two methods were used for recognition. The first employs
Subsequence Dynamic Time Warping to compare signals from the probe and
gallery and rank them based on minimum matching cost; and the other uses
Euclidean distance on the movement histograms to define the gallery sample
closest to probe. A score fusion is then used on the methods results.
Experiments were performed on all views of CASIA Dataset A and we conclude that occlusion has a great effect on gait recognition. Therefore, noisy body
parts should not be used on calculations. Euclidean distance was proved to be
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better than Subsequence Dynamic Time Warping and the recognition is improved when the two methods are fused.
The accuracy of 92.5%, 97.5% and 98.75% was found for lateral, oblique
and frontal views, respectively, which is compared with state-of-art works. This
work is one of the best on lateral, the second on oblique, and the best on frontal
(together with Kusakunniran et al. [9]), proving our work efficiency on gait
recognition applications.
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