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Abstract—This paper proposes a method of gait recognition
using not only shape feature but also motion feature from
silhouette image sequences. The inner silhouette motion called
pseudo motion is constructed by dividing the silhouette shape into
small clusters and by computing many-to-many correspondence
via earth mover’s morphing framework. The raw pseudo motion,
however, tends to be locally fluctuated in the spatio-temporal
domain, and hence the spatio-temporal regularization is imposed
to provide the smooth pseudo motion. The smooth pseudo motion
image sequences are further partitioned into images with eight
different orientations, and then averaged over each gait period to
produce images of oriented smooth pseudo motion. Both shape
and motion cues are integrated in score-level fusion framework
based on linear logistic regression and the single-dimensional
fused distance is returned by the learned optimal weights. The
experiments with the publicly available gait database show the
effectiveness of the proposed method compared with the case
where the shape information is used alone.

Index Terms—Gait recognition, Pseudo motion, Earth mover’s
distance, Score-level fusion

I. INTRODUCTION

Gait recognition is one of the behavioral biometrics which
has attracted much attention because it can be applied to
uncooperative subjects and/or subjects at a distance from
cameras. In fact, a burglar’s gait captured by a CCTV camera
was accepted as evidence in a UK court [1].

Due to such promising properties, many efforts on gait
recognition have been done for the last decade in computer
vision, pattern recognition, and biometrics communities. Ap-
proaches to gait recognition mainly fall into two categories:
model-based and model-free approaches.

In the model-based approaches, a human body is usually
modeled as articulated body composed of links and joints and
the model parameters such as joint angles, joint position, link
length and width are estimated by fitting the model to the
observation (e.g., silhouette image or edge image). Bobick
et al. [2] extracted parameters of shape and stride, Wagg et
al. [3] extracted static shape parameters and gait period with
an articulated body model. Urtasun et al. [4] extracted joint
angles with a 3-D articulated body model. Cunado et al. [5]
and Yam et al. [6] extracted periodical features of leg motion
by Fourier analysis, and Goffredo et al. [7] extracts trajectories
of joint positions. Although some of model-based approaches
have the advantages of view-invariant and clothing-invariant
properties, they often requires high computational cost and are

error-prone in model fitting stage.
On the contrary, the model-free approaches, also known as

appearance-based approaches directly analyze holistic images
to extract features without the body models and have been
widely used in gait recognition community. The model-free
approaches are further divided into two categories: textured-
based and silhouette-based approaches. In the textured-based
approaches, Niyogi et al. [8] and Ohara et al. [9] constructed
a spatio-temporal volume (𝑥-𝑦-𝑡 volume) by combining gait
images and matched features extracted from the volume.
BenAbdelkader et al. [10] utilizes self-similarity plot as motion
features, while Little and Boyd [11] extracts optical flows as
motion features. The textured-based approaches, however, have
a disadvantage that clothes difference between a gallery and a
probe may degrade the gait recognition performance.

Hence, the silhouette-based approaches are dominant in
the gait recognition community. Sarkar et al. [12] proposes
a baseline algorithm where silhouette sequences are directly
matched to each other by synchronizing phase. Liu et al.
[13], Veres et al. [14], and Han et al. [15] propose a simple
averaged silhouette-based gait representation, also known as
gait energy image (GEI), where the silhouettes from gait image
sequences are averaged over one gait cycle. Bashira et al. [16]
propose a gait entropy image (GEnI) and utilize it to mask
out the static part of the GEI to enhance clothing-invariant
or carrying-invariant properties. Wang et al. [17] propose a
chrono-gait image where phase information is encoded as color
information in the process of averaging over a quarter gait
cycle.

Whereas the above approaches are based on silhouette
sequence, several approaches try extracting the explicit motion
information from the silhouette sequence. Lam et al. [18]
directly exploits motion information, namely gait flow image
(GFI), which is obtained by averaging the optical flow on the
contour of the silhouette over one gait cycle. The method,
however, relies only on contour motion and discards useful
inner silhouette information.

Therefore, we try exploiting useful inner silhouette motion
in this paper, which have potentially much more motion
information than the contour-based optical flows [18]. For
this purpose, a shape morphing technique so-called earth
mover’s morphing (EMM) [19] is employed to extract the inner
silhouette motion. In this framework, a silhouette image is
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Fig. 1. Overview of pseudo motion extraction

clustered into small regions and many-to-many correspondence
is computed so as to minimize the transportation cost via
earth mover’s distance (EMD). Because this many-to-many
correspondence is regarded as a kind of motion information
(but not actual motion information), this is called pseudo
motion in this paper.

The pseudo motion, however, tends to be locally fluctu-
ated in the spatio-temporal domain due to random clustering
processes. Therefore, the spatio-temporal regularization is im-
posed to provide smooth pseudo motion. Moreover, due to
the efficacy of feature averaging over one gait period (e.g.,
GEI), the smooth pseudo motion is further partitioned into
eight different directions and the motion intensity is averaged
over one gait period for individual directions, which construct
images of oriented smooth pseudo motion (IOSPM). Finally,
the matching scores by the baseline algorithm [12] and by the
IOSPM are combined in the score-level fusion framework [20]
to get better performance.

The remainder of this paper is organized as follows. Section
II presents extraction of EMD-based pseudo motion and its
variations. Section III discusses the methods to calculate the
distances between gallery and probe and Section IV describes
a score-level fusion technique of both shape and motion cues.
Section V presents experiments using a publicly available gait
database. Section VI gives conclusions of this paper and also
future work.

II. FEATURE EXTRACTION

A. EMD-based Pseudo Motion Extraction

In this section, EMD-based pseudo motion extraction is
briefly presented as shown in Fig. 1. Because the pseudo
motion corresponds to the intermediate results in the shape
morphing process, the details are found in [19].

First, a silhouette image 𝐼(x , 𝑡) at 𝑡-th frame is defined as

𝐼(x , 𝑡) =

{
1 for outside shape
0 for inside shape

, (1)

where x = [𝑥, 𝑦]𝑇 is a two-dimensional position in the
image. A set of points within the shape is indicated by
𝑋𝑠(𝑡) = {x ∣𝐼(x , 𝑡) = 1}.

(a) Silhouette image sequence

(b) Pseudo motion sequence

(c) Smooth pseudo motion sequence

(d) Color code

Fig. 2. Pseudo motion

The silhouette image 𝐼(x , 𝑡) is then decomposed into a
number of small clusters by Fuzzy c-means clustering [21] (see
Fig. 1, left-bottom and right-bottom). Let the mean position
and weight of 𝑖-the cluster (𝑖 = 0, . . . , 𝑁𝑡 − 1) at 𝑡-th frame
be x̄ 𝑡,𝑖 = [�̄�𝑡,𝑖, 𝑦𝑡,𝑖]

𝑇 and 𝑤𝑡,𝑖, respectively. Next, the EMD
𝑑𝐸𝑀𝐷 between the small clusters of 𝑡-th and (𝑡+1)-th frames
is calculated so as to minimize the transportation cost as

𝑑𝐸𝑀𝐷 = min
{𝑚𝑖,𝑗}

𝑁𝑡−1∑
𝑖=0

𝑁𝑡+1−1∑
𝑗=0

𝑚𝑖,𝑗∥x̄t,i − x̄t+1 ,j ∥ (2)

s.t.

𝑁𝑡−1∑
𝑖=0

𝑚𝑖,𝑗 = 𝑤𝑡+1,𝑗 (3)

𝑁𝑡+1−1∑
𝑗=0

𝑚𝑖,𝑗 = 𝑤𝑡,𝑖 (4)

𝑚𝑖,𝑗 ≥ 0, (5)

where 𝑚𝑖,𝑗 is a flow amount from 𝑖-th cluster at 𝑡-th frame
to 𝑗-th cluster at (𝑡 + 1)-th frame. Note that only non-zero
flow amount 𝑚𝑖,𝑗 > 0 corresponds to the weights for effective
many-to-many correspondence between the small clusters. In
this way, we obtain 𝑀𝑡 effective flows composed of a triplets
of the flow amount 𝑚𝑡,𝑠, the original points in the spatio-
temporal domain x 𝑡,𝑠 = [𝑥𝑡,𝑠, 𝑦𝑡,𝑠, 𝑡]

𝑇 , and spatial displace-
ment (pseudo motion) f 𝑡,𝑠 = [𝑓𝑥

𝑡,𝑠, 𝑓
𝑦
𝑡,𝑠]

𝑇 as {𝑚𝑡,𝑠,x 𝑡,𝑠, f 𝑡,𝑠}
(𝑠 = 0, . . . ,𝑀𝑡 − 1). The resultant flow and its color-coding
version are shown at bottom-middle and top-middle images in
Fig. 1, respectively.

This process is repeated for all the adjacent frame pairs.
As a result, a pseudo motion sequence is extracted from a
silhouette image sequence as shown in Figs. 2(a) and (b).
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B. Smooth Pseudo Motion Extraction

Because the raw pseudo motion tends to be locally fluctu-
ated in the spatio-temporal domain as shown in Fig. 2(b), the
spatio-temporal regularization is imposed. For this purpose,
control points are placed on an image sequence, namely, a
spatio-temporal three-dimensional space, and then finding the
smooth pseudo motion at each control point.

Intervals of the control points for each 𝑥, 𝑦, and 𝑡 axes
are set to Δ𝑥, Δ𝑦, and Δ𝑡, respectively. The spatio-temporal
position set of the control points are then defined as 𝑋𝑐𝑝 =
{x 𝑐𝑝

𝑖,𝑗,𝑘} (𝑖 = 0, ⋅ ⋅ ⋅ , 𝑁 𝑐𝑝
𝑥 − 1; 𝑗 = 0, ⋅ ⋅ ⋅ , 𝑁 𝑐𝑝

𝑦 − 1; 𝑘 =
0, ⋅ ⋅ ⋅ , 𝑁 𝑐𝑝

𝑡 − 1), where x 𝑐𝑝
𝑖,𝑗,𝑘 is a spatio-temporal position of

𝑖-th horizontal, 𝑗-th vertical, and 𝑘-th temporal control point,
and 𝑁 𝑐𝑝

𝑥 , 𝑁 𝑐𝑝
𝑦 , and 𝑁 𝑐𝑝

𝑡 are the numbers of the control points
for each horizontal, vertical, and temporal axes, respectively.

A set of the smooth pseudo motions 𝐹 𝑐𝑝 = {f 𝑐𝑝
𝑖,𝑗,𝑘} at

control points are estimated by minimizing the energy function

𝑆(𝐹 𝑐𝑝) = 𝑆𝐷(𝐹 𝑐𝑝) + 𝑆𝑆(𝐹
𝑐𝑝) + 𝑆𝐵(𝐹

𝑐𝑝) (6)

𝐹 𝑐𝑝∗ = argmin
𝐹 𝑐𝑝

𝑆(𝐹 𝑐𝑝), (7)

where 𝑆𝐷, 𝑆𝑆 , and 𝑆𝐵 are respectively data term, smooth
term, and background term.

The data term is defined by the sum of squared errors
between a raw 𝑠-th pseudo motion f 𝑡,𝑠 at 𝑡-th frame and its
linearly interpolated flows f̂ (x 𝑡,𝑠, 𝑋

𝑐𝑝, 𝐹 𝑐𝑝) derived from the
original point x 𝑡,𝑠, the surrounding control points 𝑋𝑐𝑝 and
their smooth pseudo motion 𝐹 𝑐𝑝, as

𝑆𝐷(𝐹 𝑐𝑝) =

𝑁−1∑
𝑡=0

𝑀𝑡−1∑
𝑠=0

𝑚𝑡,𝑠

∥∥∥f̂ (x 𝑡,𝑠, 𝑋
𝑐𝑝, 𝐹 𝑐𝑝)− f 𝑡,𝑠

∥∥∥2 (8)

The smooth term drives flows on the adjacent control points
to be close to each other and is defined as

𝑆𝑆(𝐹
𝑐𝑝) = 𝜆𝑆

𝑁𝑐𝑝
𝑥 −1∑
𝑖=0

𝑁𝑐𝑝
𝑦 −1∑
𝑗=0

𝑁𝑐𝑝
𝑡 −1∑
𝑘=0

{∥f 𝑐𝑝
𝑖+1,𝑗,𝑘 − f 𝑐𝑝

𝑖,𝑗,𝑘∥2 (9)

+ ∥f 𝑐𝑝
𝑖,𝑗+1,𝑘−f 𝑐𝑝

𝑖,𝑗,𝑘∥2+∥f 𝑐𝑝
𝑖,𝑗,𝑘+1−f 𝑐𝑝

𝑖,𝑗,𝑘∥2}, (10)

where 𝜆𝑆 is the coefficient which controls the strength of the
smoothness.

The background term is introduced to attenuate the pseudo
motion outside the silhouette, where there should not be any
motion flow, it forces the flows in the background area remain
close to zero as

𝑆𝐵(𝐹
𝑐𝑝) = 𝜆𝐵

𝑁𝑐𝑝
𝑥 −1∑
𝑖=0

𝑁𝑐𝑝
𝑦 −1∑
𝑗=0

𝑁𝑐𝑝
𝑡 −1∑
𝑘=0

∥f 𝑐𝑝
𝑖,𝑗,𝑘∥2𝛿𝐼(𝑖Δ𝑥,𝑗Δ𝑦,𝑘Δ𝑡),0, (11)

where the coefficient 𝜆𝐵 determines how strong the constrain
should be in controlling the pseudo motions in the background
area, and 𝛿 is Kronecker’s delta, that returns 1 when the control
points x 𝑐𝑝

𝑖,𝑗,𝑘 are outside the silhouette, namely, background
𝐼(𝑖Δ𝑥, 𝑗Δ𝑦, 𝑘Δ𝑡) = 0.

Figure 2(c) shows the result of the smooth pseudo motion
extraction. While the local fluctuation are found in the raw
pseudo motion (Fig. 2(b)), the smooth pseudo motion is much
more consistent in the spatio-temporal domain.

Fig. 3. Image of oriented smooth pseudo motion. Each column indicates
each orientation from orientation code 0 to 7.

C. Image of Oriented Smooth Pseudo Motion

Due to the efficacy of feature representation which average
over one gait period (e.g., GEI [15] and GFI [18]), the smooth
pseudo motion is also averaged over one gait period.

First, the gait period 𝑃 is detected by maximizing normal-
ized autocorrelation of the silhouette sequence [22]. The whole
sequence 𝐼 = {𝐼(x , 𝑡)}(𝑡 = 0, . . . , 𝑁 − 1) is divided into
subsequences, where 𝑖-th subsequence is denoted as 𝐼𝑠𝑢𝑏𝑖 =
{𝐼(x , 𝑡)}(𝑡 = 𝑖𝑃, . . . , (𝑖+1)𝑃 − 1} (𝑖 = 0, . . . , 𝑁𝑝𝑒𝑟𝑖𝑜𝑑 − 1),
where 𝑁𝑝𝑒𝑟𝑖𝑜𝑑 = ⌊𝑁

𝑃 ⌋.
We then consider the averaging the smooth pseudo motion.

Because simple averaging of the smooth pseudo motion may
cancel each other out (e.g., left and right motions), the smooth
pseudo motion is first partitioned into eight different orienta-
tions (see middle row of Fig. 3) according to the color code
shown in Fig. 2(d). Here, we denote the intensity image of
𝑘-th oriented smooth pseudo motion at 𝑡-th frame as 𝐹𝑘(x , 𝑡).
Consequently, an image of oriented smooth pseudo motion
(IOSPM) for 𝑖-th period and 𝑘-th orientation is constructed
by averaging the intensity image 𝐹𝑘(x , 𝑡) over one gait period
as

𝐹𝑖,𝑘(x ) =
1

𝑃

(𝑖+1)𝑃−1∑
𝑡=𝑖𝑃

𝐹𝑘(x , 𝑡) (12)

The extracted IOSPMs are shown at the bottom of Fig.
3. We can see that the intensity for every orientation is well
preserved without canceling out each other.

III. MATCHING

A. Shape Matching

As for the shape cue, we simply use raw silhouette image
sequences and adopt a variant of the baseline algorithm [12]
for matching the silhouette image sequences. Given gallery
silhouette image sequence 𝐼𝐺(x , 𝑡), (𝑡 = 0, . . . , 𝑁𝐺 − 1) and
probe one 𝐼𝑃 (x , 𝑡), (𝑡 = 0, . . . , 𝑁𝑃 −1), gait period 𝑃 for the
probe silhouette image sequence is detected by maximizing
normalized autocorrelation [22]. The probe silhouette image
sequence is then divided into subsequences, where 𝑖-th subse-
quence is defined as 𝐼𝑃𝑖 (x , 𝑡), (𝑡 = 𝑖𝑃, . . . , (𝑖+ 1)𝑃 − 1).
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Next, the distance between the gallery silhouette image
sequence and 𝑖-th probe silhouette image subsequences is
calculated by shifting the gallery frame so as to minimize the
sum of Euclidean distance as

𝑑𝐼𝑖 = min
𝑠

𝑃−1∑
𝑡=0

∑
x

∣𝐼𝐺(x , 𝑡+ 𝑠)− 𝐼𝑃 (x , 𝑡+ 𝑖𝑃 )∣2. (13)

The whole distance 𝐷𝐼 is finally computed as a median of
{𝑑𝑖}, namely,

𝐷𝐼 = Median𝑖𝑑
𝐼
𝑖 . (14)

B. Motion Matching

As for the motion cue, the IOSPMs described in II-C are
utilized. Since the IOSPMs have already averaged over one
gait cycle, phase information is degenerated, which means that
phase synchronization is unnecessary. Let the IOSPM for 𝑖-th
period of gallery and 𝑗-th period of probe be F𝐺

𝑖 = {𝐹𝐺
𝑖,𝑘} and

F𝑃
𝑗 = {𝐹𝑃

𝑗,𝑘}, (𝑘 = 0, . . . , 7), respectively, and the number
of periods for the gallery and probe be 𝑁𝐺

𝑝𝑒𝑟𝑖𝑜𝑑 and 𝑁𝑃
𝑝𝑒𝑟𝑖𝑜𝑑,

respectively. A distance between them is defined as Euclidean
distance as

𝑑𝐹𝑖,𝑗,𝑘 =
∑
x

∣𝐹𝐺
𝑖,𝑘 − 𝐹𝑃

𝑗,𝑘∣2. (15)

The whole distance 𝐷𝐹
𝑘 for 𝑘-th orientation is finally

computed as the minimum of all the combination {𝑑𝐹𝑖,𝑗},
namely,

𝐷𝐹
𝑘 = min

𝑖,𝑗
𝑑𝐹𝑖,𝑗,𝑘. (16)

IV. SCORE-LEVEL FUSION

For the purpose of better performance, score-level fusion
techniques are applied to the distances derived from shape and
motion cues. In particular, we adopt linear logistic regression
(LLR) [23] as a training-based score-level fusion method in
this paper.

Assume that 𝑁 training samples are given and that
𝑖-th training sample is composed of a pair of posi-
tive/negative label and nine-dimensional distance vector d 𝑖 =
[𝐷𝐼 , 𝐷𝐹

0 , . . . , 𝐷
𝐹
7 ]

𝑇 derived from both shape and motion cues.
Figure 4(a) shows the distributions between shape-based dis-
tance 𝐷𝐼 and motion-based distance 𝐷𝐹

𝑘 . Because the shape
and motion cues have different properties, we can see that the
distributions are not completely correlated each other.

In addition, non-overlapped test samples are also shown
in Fig. 4(b). We can see the similar tendencies between the
training and test samples distributions to some extent, which
indicates the possibility of performance improvement by score-
level fusion.

Hence, the training-based score-level fusion find a kind of
the optimal weights w = [𝑤𝐼 , 𝑤𝐹

0 , . . . , 𝑤
𝐹
7 ]

𝑇 for each distance
component in the distance vector d , and this is done by
minimizing the logistic loss function of the training sample in
the LLR framework in conjunction with Z-normalization [24]
for each distance component as preprocess. Then, the learnt

optimal weights is applied to the test samples and the single-
dimensional fused distance is returned as a weighted linear
combination of the distance components as

𝑑 = 𝑤𝐼𝐷𝐼 +

7∑
𝑘=0

𝑤𝐹
𝑘 𝐷

𝐹
𝑘 . (17)

Finally, if the fused distance 𝑑 is less than an acceptance
threshold 𝑇 , a trial is accepted as a genuine, otherwise rejected
as an imposter.

V. EXPERIMENTS

A. Data Set

The proposed method was tested on the publicly available
gait database, that is, the OU-ISIR Gait Database, the Tread-
mill Dataset D, 𝐷𝐵ℎ𝑖𝑔ℎ [25]1.

The 𝐷𝐵ℎ𝑖𝑔ℎ consists of 100 subjects with relatively high
stability, which means it has higher normalized autocorrelation.
Each subject consists of a pair of gallery and probe silhouette
image sequence, where each of them has been already size-
normalized and registered with regard to silhouette centroids.
Sample silhouette image sequences are shown in Fig. 5.

In order to train the optimal weights for score level fusion,
50 subjects are randomly chosen as a training set and the other
50 subjects are employed as a test set. These random trials are
repeated five times and averaged performance is evaluated.

B. Results

For evaluating the performance in the verification sce-
nario (one-to-one matching), Receiver Operating Character-
istics (ROC) curves is employed. The ROC curve denotes
a trade-off curve between False Rejection Rate (FRR) and
False Acceptance Rate (FAR) [26] when the operator changes
acceptance thresholds. FRR denotes the rate when the system
mistakenly recognizes a genuine to be an impostor, while FAR
denotes the rate when the system mistakenly recognizes an
impostor to be a genuine.

The resultant ROC curves for one of the five random trials
are shown both for the training and test set in Figs. 6(a) and (b),
respectively, with comparison to the case where the baseline
algorithm is used alone. The ROC curves of the training data
indicate that the proposed method outperforms the baseline
algorithm for all the operating points, while that the proposed
method is sometimes comparable to the baseline algorithm for
the test set. One of major reasons of performance degradation
is so-called generalization errors derived from the distance
distribution difference between the training and test sets.

For the further analysis, Error Equal Rates (EERs) of FRR
and FAR are confirmed. The statistics of EERs both for the
training and test sets for the five random trials are summarized
in Table I. As a result, the proposed method shows better
performance than the baseline algorithm for the training set,
and it shows slightly better performance than the baseline
algorithm.

1This database is distributed at http://www.am.sanken.osaka-
u.ac.jp/GaitDB/index.html
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Fig. 5. Sample silhouette image sequences of the Treadmill Dataset D, 𝐷𝐵ℎ𝑖𝑔ℎ. Each row shows each different subject.

TABLE I
AVERAGED EERS (%) (BRACKET: STANDARD DEVIATION).

Data set Baseline algorithm [12] Proposed method
Training data 4.2 (± 0.5) 3.1 (± 1.0)

Test data 4.4 (± 0.4) 4.1 (± 1.1)

From these results, although it is an essential future work
to cope with generalization errors, the effectiveness of the
proposed method is confirmed to some extent.

VI. CONCLUSION

In this paper, a method of gait recognition that uses not
only shape feature but also motion feature was proposed.

In order to obtain inner silhouette motion (pseudo motion)
unlike the previous method only utilized contour motion, a
technique for shape morphing, EMM [19] was introduced. The
raw pseudo motion, however, tended to be locally fluctuated
due to random clustering process in the EMM framework,
the spatio-temporal regularization is imposed to obtain the
smooth pseudo motion. The smooth pseudo motion image
sequences is further partitioned into eight images according
to the orientation of the smooth pseudo motion and averaged
over every gait cycle to construct images of oriented smooth
pseudo motion (IOSPMs).

Finally, motion features of IOSPMs were fed into the score-
level fusion framework in conjunction with shape features via
the baseline algorithm, to achieve better performance. More
specifically, LLR for the nine distance vector was applied
to obtain the optimal weights for each distance component
and the fused distance was defined as a weighted linear
combination of them.

Evaluations were done by using the publicly available
gait database showed that the proposed method worked well

compared with the case where the baseline algorithm was used
alone.

Future work related to this work is to cope with general-
ization error to improve the performance of the test set.
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