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Abstract

View difference is a factor that degrades the accuracy of

gait recognition. A solution to reducing accuracy degra-

dation is applying a view transformation model (VTM) that

encodes a joint subspace of multi-view gait features trained

from multiple training subjects. In the VTM framework,

once an intrinsic vector of a test subject in the joint sub-

space is estimated from a gait feature with a source view

(e.g. probe view), a gait feature with a destination view

(e.g. gallery view) is generated for the same-view match-

ing. Although this family of methods can improve the total

accuracy, the quality of generated gait features depends on

a test gait feature, and may be relevant to the accuracy of

gait recognition. We therefore propose a method of incor-

porating the quality measure of the generated gait feature

into the VTM framework. We employ the projection error

into the joint subspace as the quality measure. A posterior

probability is then computed by incorporating the quality

measure. The accuracy evaluation against a subset of a

public database collected from 1,912 subjects shows that

the proposed method further improves the accuracy.

1. Introduction

Gait recognition is a biometric method used to recognize

a person from their walking style [40], which can be ac-

quired from a camera. Unlike many biometric techniques

such as fingerprint, iris or face recognition, gait recognition

can authenticate a person some distance from the camera,

because it has high accuracy even when the resolution of an

image sequence is relatively low (e.g., individual with its

height of 30 pixels). However, the accuracy of gait recog-

nition is often degraded by several covariates (e.g., views,

clothes, and belongings) [44]. Among these, view differ-

ence is the most problematic covariate inducing accuracy

degradation in gait recognition [4, 49], and hence in this pa-

per we focus on the issue of view difference in gait recog-

nition. The main reason why the change of view causes

accuracy degradation is that it changes the appearance of

Figure 1. Images of a subject captured from different views

a person as shown in Fig. 1. We can observe that the im-

ages are different even though they are captured simultane-

ously from the same subject with the same pose. Because

appearance-based methods use image-based features, their

accuracy is highly influenced by view change.

In general, two families of approaches to gait recognition

have been proposed: appearance-based [44, 14, 35, 30] and

model-based [5, 47, 48, 3]. Appearance-based approaches

use captured image sequences directly, while model-based

approaches calculate the model parameters from the im-

ages. From the viewpoint of appearance change caused by

view difference, model-based approaches seem to be prefer-

able because of their view-invariant nature. However, calcu-

lating model parameters with high accuracy is often difficult

from the images captured in surveillance or criminal scenes;

thus, there are inherent difficulties in applying model-based

approaches in these cases, and consequently appearance-

based approaches generally achieve higher accuracy than

model-based ones. Therefore, we focus on the appearance-

based approach and discuss possible solutions to the view

change problem. We refer the readers to [12] for solutions

regarding model-based approaches to this issue.

There are several approaches to the problems associated

with matching gaits with different views (cross-viewmatch-

ing): visual-hull based approaches [45, 31, 6, 18], view-

invariant-feature based approaches [19, 21, 15, 34, 33], and

view transformation model (VTM)-based approaches [35,

26, 27, 28, 29, 38] have all been proposed. In this paper,

we focus on the VTM-based approach, the mainstream ap-

proach for cross-view matching.

In the VTM framework, the training phase involves con-

struction of the VTM (e.g., a joint subspace of multi-view



gait features in [35] and a regression model from one view

to another view in [29]) using multi-view gait features of

multiple training subjects. Given a pair of gait features

with two different views (let them be “source” and “des-

tination” views, respectively) in the test phase, a gait fea-

ture in the destination view is generated from a gait feature

in the source view, and a matching score between the orig-

inal gait feature and generated gait features is calculated.

In this approach, only calculated matching score is used

for recognition without considering the quality of the gen-

erated gait feature (i.e., the transformation accuracy). We

believe, however, that the quality should be different from

feature to feature, and that it should also be relevant to the

matching score. Once we quantify such a quality, it can

be used as auxiliary information to improve the accuracy of

recognition, because many studies report improvements in

accuracy using these kinds of quality measures [16, 32, 37].

Therefore, we estimate the transformation accuracy and use

it to improve the recognition accuracy of VTM-based ap-

proaches for cross-view matching.

The contributions of this paper are summarized in the

following two points to enhance the VTM framework:

Proposal of a quality measure

We focus on a VTM [35] that is based on the joint sub-

space learning of multi-view gait features. In this VTM, the

joint subspace is learned by training multi-view gait fea-

tures, and then an input gait feature is projected into the

subspace for future transformation. We hypothesize that

the transformation accuracy must be related to the projec-

tion error into the subspace, and dependent on the input gait

feature. Therefore, in this paper, we use data captured by

multiple temporally synchronized cameras to show that the

transformation accuracy is dependent on the input gait fea-

ture. Using the same data, we also show the relationship

between the projection error of each input gait feature into

the learned subspace and the transformation error that is a

measure of transformation accuracy. Further, we propose

to use the projection error as an estimate of transformation

error that is related to the quality of generated gait features.

Quality-dependent score normalization in the posterior

domain

The computed quality measure is used together with a

matching score to calculate a normalized score, namely a

posterior probability that the given pair of gait features orig-

inate from the same person. More specifically, the posterior

distribution is estimated in the framework of linear logis-

tic regression (LLR) using a training set composed of pos-

itive (genuine) and negative (imposter) pairs of the match-

ing score and the quality measure. The experimental re-

sults, tested against a subset of a public large population

gait database [17], show that the proposed method further

improves the recognition accuracy of gait recognition for

cross-view matching.

2. Related work

Gait recognition approach for view difference

Appearance-based approaches that can tackle the view dif-

ference issues are classified into three groups: visual-

hull-based approaches [45, 31, 6, 18], view-invariant

feature-based approaches [19, 21, 15, 34, 33], and view

transformation-based approaches [35, 26, 27, 28, 29, 38].

Visual-hull-based approaches assume that for all target

subjects, 3D gait models or gait image sequences captured

by multiple temporally synchronized cameras are available.

From the 3D models, images that correspond to a virtual

view can be generated by re-projecting the 3D objects to

the image plane, and hence gait images from any view can

be generated from the 3D gait model. These generated im-

ages are then used for recognition [45, 31, 18]. On the other

hand, Bodor et al. apply image-based rendering to recon-

struct gait features for any required view direction [6]. This

type of approach can achieve high accuracy, but one limita-

tion is that data from all target subjects captured by multi-

ple temporally synchronized cameras are necessary for 3D

gait model generation or image-based rendering. Thus, this

approach cannot be applied to cases where only two gait

image sequences (one for the gallery, and another for the

probe) are given for verification.

In a different way from the visual-hull-based approach,

the view-invariant feature-based approach does not necessi-

tate that the gait data of the target subjects be synchronized,

and hence this method can be applied to cases where only

two gait image sequences are given for verification. View-

invariant feature-based approaches can be further divided

into two types: geometrical-based approaches [19, 21, 15]

and subspace-based approaches [34, 33]. Geometrical-

based approaches extract view-invariant features by consid-

ering their geometrical properties, whereas subspace-based

approaches learn a joint subspace using training data and

compute view-invariant features by projecting the original

features onto the learned subspace. Although the subspace-

based approaches are similar to those of VTM-based ap-

proaches, the subspace-based approaches do not reconstruct

gait features unlike VTM-based approaches.

The limitation of the geometrical-based approach is its

narrow range of applicable view differences. For example,

Kale et al. propose a method to generate side view gait im-

ages from any other arbitrary view [21]. In this method,

they generate gait images of the side view from any other

arbitrary view under the assumption that the person (3D ob-

ject) can be represented by a planar object in the sagittal

plane. This type of approach can work well when the angle

between the sagittal plane of the person and the image plane

is small; however, when the angle is large, the accuracy is

drastically degraded. The limitations of the subspace-based

approach are almost the same as those of the VTM-based

approach, as we discuss later.



Methods that take the VTM-based approach construct

a view transformation model using gait image sequences

of multiple subjects taken by multiple temporally synchro-

nized cameras set on the target views, and use the model

to generate gait images or gait features with a destination

view from those with a different view. For construction of

the VTM, either a matrix factorization process by Singular

Value Decomposition (SVD) technique [46, 35, 26, 38], or

a regression [27, 28, 29] is used. Whereas regression-based

VTMs generate a gait feature directly from a source gait

feature, SVD-based VTMs calculate an intrinsic vector by

first projecting the source gait feature into the learned sub-

space, and then generating a gait feature from the intrinsic

vector.

These types of method require data not from the

recognition-target, but from non-recognition-target subjects

captured by multiple temporally synchronized cameras, un-

like the visual hull-based methods, which require data from

recognition-target subjects. Therefore, methods using this

approach can verify a target subject only from a pair of gait

image sequences, and have a wider range of applicable view

differences than those of the geometrical view-invariant

feature-based approach. A limitation of this method is that

training data associated with the required views are neces-

sary and transformation accuracy depends on these data. In

order to solve the former limitation, Muramatsu et al. pro-

posed an arbitrary VTMmethod that generates training data

from a 3D gait model of non-target subjects [38]. However,

the latter problem has not yet been addressed to the best of

our knowledge.

The evaluation of transformation accuracy is not a

straightforward task, because we do not have the ground

truth in a cross-view setting, and thus we cannot directly

measure the accuracy. An alternative method is to esti-

mate the accuracy. Thanks to the extra processing associ-

ated with intrinsic vector calculation inherent in of SVD-

based VTMs, the intrinsic vector can be a clue to estimat-

ing the transformation accuracy. Therefore, using the SVD-

based VTM, transformation accuracy can be incorporated

into recognition.

Quality of biometrics

Because the quality of the biometric sample is very impor-

tant in obtaining high accuracy in biometric systems, qual-

ity measurement/assessment algorithms are discussed, and

the measured quality is used to improve recognition accu-

racy [13, 42].

Generally, the term quality is considered to be measur-

able auxiliary information that cannot be used to distinguish

the genuine class and the imposter class by itself, but that

makes an impact on the matching scores. For example,

texture richness [8], ridge frequency [20] and local orien-

tation quality [7] are all considered in fingerprint recogni-

tion. Similarly, illumination variation, head pose, and facial
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Figure 2. Algorithm of the proposed method

expression are considered in face recognition [1], while tex-

ture richness [8], the difference between iris diameter and

pupil diameter [41], and occlusion and blurring of the iris

region [22] are considered in iris recognition; entropy of

signature is considered in signature verification [11]; and

quality of silhouette [32, 37] and clothing variation [16] are

considered in gait recognition. However, no quality mea-

sures for cross-view gait recognition have been proposed to

the best of our knowledge.

These measured qualities are used in different levels

of processing. For example, quality measures are used

at the data acquisition level in order to make decisions

about whether the input data is used or rejected for re-

capturing [13]; at the preprocessing level, they are used

to set a threshold associated with preprocessing [37]; at

the score calculation level, they are used to normalize

a uni-modal score, or generate uni- or multi- modal fu-

sion [9, 24, 16, 10, 39, 43, 41]; and they are also used at the

decision making level [25]. Among these, usage at the score

calculation level is the most popular in biometric fields, and

these methods are unified in biometric person authentica-

tion frameworks [23, 42].

3. Algorithm

3.1. Overview

Figure 2 shows an algorithm of the proposed method.

Given a pair of gait image sequences with different views,

we generate silhouette image sequences from each given

image sequence by background subtraction-based graphcut

segmentation [36]. We then extract a gait feature from each

silhouette image sequence. Because the extracted gait fea-

tures are derived from different views, we generate a gait



feature with the same view from one of the gait features

with another view using the VTM. In a different way from

the VTM methods reported in [35, 26, 27, 28, 29, 38], the

proposed method estimates the transformation error of each

generated gait feature as a quality measure, and uses this

quality measure to calculate a posterior probability for de-

cision making. In this section, we first briefly explain the

method of view transformation between two views, and

then explain how to estimate the quality measure associated

with the generated gait feature. We finally explain how to

incorporate this quality measure into a posterior probability

for decision-making.

3.2. VTM

View-dependent transformation matrix generation

We assume that pairs of gait features with two views θ and

φ from M subjects are available. Let Xm
θ and X

m
φ be N -

dimensional gait features of the m-th subject with views θ

and φ, respectively. Using these gait features, we generate

a training matrix by arranging the gait features as Eq. (1),

and decompose it by applying singular value decomposition

(SVD):
[

X
1
θ · · ·X

M
θ

X
1
φ · · ·X

M
φ

]

= USV
T

=

[

R(θ)
R(φ)

]

[

v1 · · · vM
]

, (1)

where U ∈ R
2N×M is an orthogonal matrix that con-

tains a set of bases for the joint subspace of concatenated

gait features from the two views [XT
θ ,X

T
φ ]
T ,V ∈ R

M×M

is also an orthogonal matrix, S ∈ R
M×M is a diagonal ma-

trix whose on-diagonal elements are singular values. R(θ)
and R(φ) are submatrices of US which back-project the

individual vector v into gait features Xθ and Xφ, respec-

tively. Consequently, the gait feature Xm
ψ of the m-th sub-

ject with view ψ ∈ {θ, φ} is described by

X
m
ψ = R(ψ)vm,

ψ ∈ {θ, φ},m = 1, 2, ...,M. (2)

Generating gait features by view transformation

From a gait feature with view θ/φ, we generate a gait feature

with view φ/θ. For simplicity, we assume that we generate

a gait feature with view φ from a gait feature with view θ in

this section, and describe the target input gait feature by xθ
and the generated gait feature by x̂φ. In order to distinguish

test data gait features from training data gait features, we

describe the test data gait features with the symbol x and

not byX, though the type of both gait features is the same.

The generated gait feature x̂φ is derived from the fol-

lowing two steps: Step 1: We define a projection error

e (v;xθ, R(θ)) by

e (v;xθ, R(θ)) = ||xθ −R(θ)v||2 , (3)

and estimate the vector v̂(θ) in the joint subspace that min-
imizes the squared error in Eq. (3) by

v̂(θ) = argmin
v

e (v;xθ, R(θ))
2
. (4)

Step 2: Using v̂(θ), a gait feature with view φ is generated

by

x̂φ(θ) = R(φ)v̂(θ). (5)

3.3. Quality estimation

The success of VTM-based cross-view matching relies

closely on transformation accuracy, i.e., how similar the

generated gait feature is to an original gait feature with the

destination view. Therefore, the transformation error be-

tween the generated gait feature x̂φ(θ) and the original gait
feature xφ, defined by

Transformation error = ||x̂φ(θ)− xφ||2 , (6)

can be useful auxiliary information for accuracy improve-

ment if we can measure it. However, we cannot measure it

directly in a real situation, because an original gait feature

xφ with the destination view is unavailable in a cross-view

matching problem setting. On the other hand, we note that

the success of the view transformation relies on how well

the joint subspace of multi-view gait features derived from

the non-recognition-target training subjects describes a gait

feature of a target subject, namely projection error. This

error can be described by

Projection error = ||xθ −R(θ)v̂θ(θ)||2 . (7)

Figure 3 shows scatter plots of the relationship between the

projection error and the transformation error of gait features

from several subjects. In this figure, different point shows

error of different subject. These errors are calculated using

gait features that are extracted from gait image sequences

captured by two temporally synchronized cameras with dif-

ferent views. From this figure, we obtain the following two

observations:

• Transformation errors differ from feature to feature,

namely, the degree of success of the view transforma-

tion varies depending on the feature.

• The correlation between the projection errors of the

source-view gait features and the transformation error

of the destination-view gait features is quite high. This

result provides evidence that the projection errors of

the source-view gait feature can be used to infer the

transformation error of the destination-view gait fea-

tures.

From these observations, we use the projection error as a

quality measure of the generated gait feature, and incorpo-

rate it to calculate a posterior probability as explained later.
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Figure 3. Scatter plots between the projection error and the trans-

formation error

3.4. Matching score calculation

Let xGθ and xPφ be a gallery gait feature with view θ and

a probe gait feature with view φ, respectively. When we

transform the gallery gait feature with view θ to that with

probe view φ, a matching score is calculated by

dV TM (xGθ ,x
P
φ ) =

∣

∣

∣

∣x̂
G
φ (θ)− x

P
φ

∣

∣

∣

∣

2
. (8)

On the other hand, when we transform the probe gait fea-

ture with view φ into that with gallery view θ, the matching

score is

dV TM (xPφ ,x
G
θ ) =

∣

∣

∣

∣x̂
P
θ (φ)− x

G
θ

∣

∣

∣

∣

2
. (9)

Note that the first argument of the dissimilarity function

dV TM (·, ·) is transformed to a gait feature with another

view.

3.5. Posterior probability calculation

We consider the posterior probability that a pair

of gait features originates from the same subject

given the matching score and the quality measure.

Let ξ ∈ {S(same), D(different)} be a label,

and let dV TM (xA,xB) and e(xA) be a matching

score and a quality measure associated with x
A.

We then calculate a posterior probability distribution

P
(

ξ = S|dV TM (xA,xB), e(xA)
)

over two-dimensional

evidence space (dV TM (xA,xB), e(xA)) based on the

linear logistic regression (LLR) framework. More specif-

ically, the logarithm of the posterior probability ratio is

approximated by a weighted linear sum of the matching

score and the quality measure as

log

(

P (ξ = S|dV TM (xA,xB), e(xA))

1− P (ξ = S|dV TM (xA,xB), e(xA))

)

= Θ0 +Θ1dV TM (xA,xB) + Θ2e(x
A), (10)

whereΘ = (Θ0,Θ1,Θ2) are parameters of the LLR. Once
the parameters Θ are trained by minimizing the objective

function of the logistic loss proposed in [2], the posterior

probability is calculated as

P
(

ξ = S|dV TM (xA,xB), e(xA)
)

=
1

1 + e−(Θ0+Θ1dV TM (xA,xB)+Θ2e(xA))
.(11)

4. Implementation

We chose an arbitrary view transformation model

(AVTM) [38] from the VTM family because of its appli-

cability to any combinations of arbitrary views. We con-

structed 3D gait volumes of 103 training subjects from

multi-view synchronized silhouette sequences by a visual

cone intersection technique. We then projected the 3D gait

volumes into silhouettes of source and destination views us-

ing the associated projection matrices. Thereafter, we ex-

tracted frequency-domain features [35] as the gait features

from the projected silhouette, and constructed the training

matrix in Eq. (1). Note that frequency-domain features

are phase-independent and that this fact enables us to skip

troublesome phase synchronization processing in both view

transformation and matching stages.

5. Experiment

5.1. Database

We used a subset of the publicly available OU-ISIR gait

database, a large population data set called OULP-C1V2

(later called OULP for simplicity) [17]. In this database, in-

dividual subjects walked along a straight course, and images

were captured using a single camera placed approximately 5

meters from the course. We chose a subset of 1,912 subjects

captured by a calibrated camera and two image sequences

per subject were available. Each image sequence was di-

vided into four sets based on the observation azimuth an-

gles, 55, 65, 75 and 85 deg, where 90 and 0 degs means

side and frontal views, respectively. In this paper, we used

the 55 deg set from the second image sequence per subject

as a gallery, and the 75 and 85 deg sets from the first image

sequence per subject as probes. Examples of the gallery

and probe images are shown in Fig. 4, and gait features ex-

tracted from normalized silhouette sequences with the size

of 44×64 pixels are shown in Fig. 5. The OULP is suitable
for evaluating the accuracy of the cross-view matching, be-

cause the two image sequences per subject in OU-ISIR were

captured in similar conditions (e.g., the same day, the same

attire, and with natural facial expressions), namely exclud-

ing covariates other than view. Note that the OULP evalu-

ation data set is different from the 3D gait volume data set

for VTM training explained in Section 4.

5.2. Experimental setting

Because the parameter Θ for the posterior probability

calculation needed to be trained, we divided the OULP ran-



(a) (b) (c)
Figure 4. Captured gait images of gallery and probes for two sub-

jects: (a) gallery gait images with 55-deg observation angle, (b)

probe gait images with 75-deg observation angle, (c) probe gait

images with 85-deg observation angle.

(a) (b) (c)
Figure 5. Gait features of gallery and probes for the same two sub-

jects in Fig. 4: (a) gallery gait feature with 55-deg observation

angle, (b) probe gait feature with 75-deg observation angle, (c)

probe gait feature with 85-deg observation angle.

domly into two disjoint groups, training and test sets, and

performed two-cross validation tests. In order to remove

any effects associated with the random grouping, we re-

peated the two-cross validations five times with different

groupings.

The projection matrices associated with the 55, 75 and

85 deg views for the AVTM were calculated using the cali-

brated camera parameters and estimated subject positions.

For comparison purpose, we evaluated the following two

methods:

• AVTM [38]

The matching score dV TM (xGθ ,x
P
φ ) in Eq. (8) or

dV TM (xPφ ,x
G
θ ) in Eq. (9) was directly used for recog-

nition. In this method, the quality measure e(xGθ ) or
e(xPφ ) was excluded.

• No transformation (No trans.)

The matching score was directly calculated between

original gait features with different views without the

view transformation as ||xGθ −x
P
φ ||2, and was used for

recognition.

5.3. Experimental result

We calculated false acceptance rates (FARs) and false

rejection rates (FRRs) in a verification scenario (one-to-

one matching), and drew receiver operation characteristic

(ROC) curves for recognition accuracy evaluation. Fig-

ures 6 and 7 show ROC curves for two settings; probe
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Figure 6. ROC curves: gallery of

55 [deg] and probe of 75 [deg]
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Figure 7. ROC curves: gallery of

55 [deg] and probe of 85 [deg]

Table 1. EERs [%]

Probe [deg]

Method 75 85

Proposed (G2P): dV TM (xG,xP ), e(xG) 8.0 10.1

AVTM (G2P): dV TM (xG,xP ) 13.1 15.4

Proposed (P2G): dV TM (xP ,xG), e(xP ) 7.4 10.2

AVTM (P2G): dV TM (xP ,xG) 11.7 14.5

No trans.: d(xG,xP ) 14.3 18.6

observation angles were 75 [deg] and 85 [deg], while the

gallery observation was 55 [deg] in both settings. In ad-

dition, we also summarize equal error rates (EERs) in Ta-

ble 1. Because recognition accuracy is somewhat dependent

on the combination of the source and destination views,

namely, dependent on whether the gallery feature or the

probe feature is transformed in our experimental setup, we

show both results in the figures and the table, and distin-

guish them by denoting them as “G2P” and “P2G”, respec-

tively.

From these results, we can observe that recognition ac-

curacy for the 85-deg probe improves from 18.6 % to 15.4

and 14.5 % for G2P and P2G, respectively, and for the 75-

deg probe improve from 14.3 % to 13.1 and 11.7 %, respec-

tively. Moreover, the proposed quality-dependent method

produces a further improvement. More specifically, the

EERs for the 85-deg probe further improve to 10.1 and 10.2

%, and those for the 75-deg probe improve to 8.0 and 7.4

[%] for G2P and P2G, respectively. We can also confirm

that the proposed method outperforms the benchmarks for

all the operating points in the ROC curves.

We therefore conclude that the proposed method

achieves better accuracy than the AVTMwithout the quality

measure and the no transformation method.

6. Conclusion

We proposed a quality measure for cross-view gait

recognition, and also a quality-dependent VTM framework



for better recognition accuracy. Since the success of the

VTM relies on how well the joint subspace derived from the

multi-view gait features of training subjects describes a gait

feature of a test subject, we adopted the projection error of

the source-view gait feature to the joint subspace as a qual-

ity measure. We then incorporated the quality measure into

the LLR framework to calculate the posterior probability of

the genuine subject.

The proposed method was evaluated against a subset of

the OU-ISIR gait database, a large population data set, and

the experimental results showed that the proposed method

improved the recognition accuracy.

In this paper, we only use a projection error as a quality

measure. However, we think that there are other factors that

impact the matching scores (e.g., silhouette qualities of the

original gait features). By using these factors, the proposed

method can further improve the recognition accuracy.

Moreover, since we used the indoor OU-ISIR gait

database with relatively clear silhouette sequences to eval-

uate the improvement of the proposed method and did not

consider other covariates, in a way we investigated a kind of

upper bound accuracy as a fundamental study. We therefore

plan to evaluate the proposed method against more realistic

outdoor gait databases such as the USF gait database [44]

in our future work.
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