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Gait recognition is one of behavioral biometrics and has an advantage over the other biometrics in terms that it can
be used even at a distance from a camera. Accuracies of the gait recognition, however, degrade if observation views
of matching pairs of gaits are different. In order to suppress the accuracy degradation, a family of view transformation
models (VTMs) for the gait recognition have been proposed, where a gait feature from one view is transformed to
that from another different view so as to match the gait features under the same view. Although the transformation
view of the VTM approaches can affect the authentication accuracy in general, its effect has not yet been well investi-
gated in previous work. In this paper, we therefore evaluate the effect of the transformation view for gait recognition
experimentally, and report the evaluation results using a publicly available large-population gait database.
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1. Introduction

In modern society, biometric person authentication has at-
tracted increasing attention in many different applications,
including surveillance, forensic, and access control. While
the most of biometrics such as DNA, fingerprints, finger/hand
vein, iris, and face, requires subject’s cooperation and con-
tact/approach to a sensor, gait biometrics have promising
properties: person authentication at a distance from camera
and without subject’s cooperation(3). In fact, the gait biomet-
rics have been applied to the forensic science field(6) and also
admitted as an evidence of a burglar in UK courts(32). In addi-
tion, the first packaged software of a gait verification system
for criminal investigation has been recently developed(11).

Approaches to the gait recognition roughly fall into
two families: model-based approaches(1) (5) (7) (33) (36) (37) (40) and
appearance-based approaches(2) (8) (10) (20) (25) (27) (29) (30) (35) (39). Be-
cause the model-based approaches often suffer from the hu-
man model fitting error and relatively high computational
cost, the appearance-based approaches are currently domi-
nant in the gait recognition community and achieve better
performances than the model-based approaches in general.

The appearance-based approaches are, however, suscepti-
ble to various covariates (e.g., views, shoes, surfaces, cloth-
ing, carriages, and walking speeds). Among these covariates,
view variation is one of the most important issues for the gait
recognition since CCTVs in the street are installed at var-
ious positions and angles and also a pedestrian walks into
various directions in real situations. The difference of views
causes significant changes of the appearance-based gait fea-
tures, and hence it makes the gait recognition much more dif-
ficult. In fact, BenAbdelkader(4) and Yu et al.(38) report that
view changes cause significant drops of the gait recognition
accuracies.

Approaches to such a cross-view gait recognition fall into
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two families: discriminative approaches and generative ap-
proaches. The discriminative approaches aim at extract-
ing view-invariant gait features via uncorrelated discriminant
simplex analysis(23) and joint subspace learning(22).

On the other hand, the generative approaches aims at gen-
erating a gait feature of a canonical view from that of another
different view. They further fall into three approaches: 3D
gait volume-based approaches, geometric approaches, and
example-based approaches.

In the 3D gait volume-based approaches(13) (21) (31), a 3D gait
volume is stored as a gallery by reconstructing from multi-
view synchronous gait silhouettes by a visual intersection
method at first, and then an arbitrary-view gait silhouette is
generated by projecting the 3D gait volume so as that the
generated gallery view can coincide with a probe view. It
is, however, quite difficult to collect multi-view synchronous
gait silhouette sequences for uncooperative subjects such as
a perpetrator or a suspect in criminal investigation scenarios,
and hence the 3D gait volume-based approaches are unsuit-
able for real applications such as surveillance and criminal
investigation.

The geometric approaches often assume that a person (a
3D object) is well approximated by a planar object on a sagit-
tal plane† in conjunction with the weak perspective hypoth-
esis. Jean et al.(14) and Goffredo et al.(9) extract foot and
head trajectories in the 2D image plane and project them into
the sagittal plane, which are equivalent to trajectories in side
view. Kale et al.(15) generate not trajectories but gait silhou-
ettes themselves from side-view in a similar way. These ap-
proaches work well in case where an angle between the sagit-
tal plane of the person and an image plane is small enough
and also the person is observed at a sufficient distance, other-
wise they fail.

The example-based approaches mainly employ a frame-
work of a view transformation model (VTM) learnt from the
examples. In this family of approaches, multi-view gait fea-

† A vertical plane dividing an animal intoleft and right parts.
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Fig. 1. Overview of theproposed framework

tures are collected not for uncooperative test subjects (recog-
nition target such as a perpetrator and a suspect) but for coop-
erative training subjects (non-recognition target such as stu-
dents in a laboratory, colleague in a research institute, volun-
teers to joint a data collection experiment), and a VTM which
transforms a gait feature from one view into that from another
view, is constructed using the training data. The VTMs are
formulated in a variety of forms such as a matrix factorization
by singular value decomposition (SVD) technique(16) (25) (28) (34)

and regression(17)∼(19). An underlying assumption for this fam-
ily of approaches is that gait features from different views are
correlated each other to some extent and that such correlation
is expressed in a common way among the training and test
subjects, and hence the constructed VTMs are applicable not
only to a training subject but also to a test subject.

A key issue of the VTM family is degree of the view dif-
ference for transformation. It is essentially difficult to accu-
rately transform gait features between largely different views,
because the correlation of the gait features gets weaker as the
view difference gets larger. For example, it is difficult even
for us to infer a frontal-view gait feature from the side-view
gait feature because the forward-backward motion observed
in the side-view gait feature is degenerated in the frontal-view
gait feature. In such a situation, the VTM suffers from large
transformation errors.

We therefore propose a method of view transformation into
intermediate viewsbetween two different views to reduce the
transformation error in total. For example, given a pair of
frontal-view gait feature as a probe and side-view gait feature
as a gallery, we transform both the frontal-view gait feature
and the side-view gait features into gait features from front-
oblique view, rather than transform the frontal-view gait fea-
ture into the side-view gait feature or transform the side-view
gait feature into the frontal-view gait feature. We then match
the transformed probe and gallery gait features under the
same front oblique-views with reduced transformation errors.

In addition, we investigate which intermediate view be-
tween the two different views achieves the best gait recogni-
tion accuracy. Since conventional discrete VTMs(16)∼(19) (25) (34)

generate gait features from limited number of discrete views
included in the training set (e.g., 18 deg interval), they are in-
sufficient for fine-grained analysis on the intermediate views.
We therefore employ state-of-the-art VTM, namely, arbitrary
VTM (AVTM) (28) which takes advantages of both the 3D
gait volume-based approaches and the examples-based ap-
proaches, and which also enables us to generate gait features
from arbitrary intermediate views for the fine-grained analy-
sis.

2. Gait Recognition with AVTM

2.1 Overview of the Proposed Framework In this
subsection, we describe an overview of the proposed frame-
work along with Fig. 1. Once we extract gait features in
each of enrollment and recognition phases as a gallery and
a probe, respectively, we transform the gait features so as to
match under the same view.

We employ the AVTM(28) for this purpose. More specifi-
cally, we construct 3D gait volume sequences for cooperative
training subjects which are independent from test subjects.
Given a pair of gait features of a test subject as well as cam-
era calibration data in enrollment and recognition phases, re-
spectively, we transform the 3D gait volume sequence of the
training subjects into 2D gait silhouette sequence to train a
custom-made VTM for a specific pair of gallery and probe
views for the test subject. We then transform the gait features
of the test subject from one view to another view with the
learnt AVTM.

2.2 Preprocessing Since we employ an appearance-
based gait feature, more specifically, silhouette-based gait
feature, we extract a gait silhouette sequence from an in-
put gait image sequence. First, given an input gait image
sequence as well as a background image, a gait silhouette
for each frame is extracted as a foreground region by back-
ground subtraction-based graph-cut segmentation(26). Next, a
normalized gait silhouette sequence of pre-determined size is
generated by image size-normalization and registration based
on the height and the center of gravity of each silhouette.
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Fig. 2. FDFs from various views. Left: 0-times
frequency, middle: 1-time frequency, right: 2-times
frequency.

2.3 Frequency-domain Feature Among a large va-
riety of appearance-based gait features(2) (8) (10) (20) (25) (27) (29) (30) (35) (39),
we employ a frequency-domain feature (FDF)(25) since
the FDF achieved state-of-the-art gait recognition accu-
racy in performance evaluation with the world largest gait
database(12). In this subsection, we briefly describe a feature
extraction process of the FDF.

We first detect a gait period, namely, a time of a pair of left
and right steps, by maximizing autocorrelation of the size-
normalized silhouette sequence along the time axis. We then
apply one-dimensional Fourier transformation to the size nor-
malized silhouette sequence again along the time axis and
compute the amplitude spectra for 0-, 1-, and 2-times fre-
quency elements for each pixel independently. Figure 2
shows extracted FDFs from various views.

2.4 Training AVTM A training process of the
AVTM is composed of two steps: generation of training data
and construction of view transformation matrices. At first, let
θn andPθn ∈ R3×4(n = 1, . . . ,N) be then-th target view for
view transformation and a projection matrix for then-th tar-
get view, respectively, whereN is the number of target views.
Moreover, letSm(t)(m= 1, . . . ,M, t = 1, . . . ,Tm) be a 3D gait
volume of them-th training subject at thet-th frame, where
M andTm is the number of training subjects and the num-
ber of frames of one gait period for them-th training subject,
respectively. We train the AVTM with these data as follows.
Step 1: Generation of training data

We generate a gait silhouetteξ m
θn
(t) of the m-th training

subject at thet-th frame from then-th target view with the
3D gait volume and the projection matrix as

ξ m
θn
(t) = Project(Sm(t);Pθn), (1)

where Project(·;P) is a mapping function from a 3D gait vol-
ume into a 2D gait silhouette via the projection matrixP.

We then extract the FDFxm
θn
∈RK of them-th training sub-

ject from then-th target view with the projected 2D gait sil-
houette sequence{ξ m

θn
(t)}(t = 1, . . . ,Tm) as described in Sub-

section 2.3, whereK is the dimension of the FDF.
Step 2: Construction of view transformation matrices

We first set up a training matrix composed of the FDFs of
M training subjects fromN target views and apply SVD to it
as x1

θ1
· · · xM

θ1
...

. . .
...

x1
θN
· · · xM

θN

=UΣVT=

 Rθ1
...

RθN

[
v1 · · ·vM

]
, (2)

whereU ∈ RNK×NK andV ∈ RM×M are orthogonal matrices
andΣ ∈ RNK×M is a matrix whose diagonal components are
singular values. In addition,vm ∈ RM is an intrinsic column
vector for them-th subject andRθn ∈RK×M is a submatrix of
UΣ which projects the intrinsic column vectorv into a gait
feature from then-th target view. Now, we can write the FDF

of them-th subject from then-th view as

xm
θn

= Rθnvm. (3)

2.5 View Transformation In this subsection, we de-
scribe view transformation for a test subject. Let an FDF of
the test subject from viewθn bexθn and we try transforming
it into that from viewθl . At first, we estimate the intrin-
sic column vector for the test subject by the following least
square

v̂θn = argmin
v
||Rθnv−xθn||

2 · · · · · · · · · · · · · · · · · · · (4)

=
(
(Rθn)

T Rθn

)−1
(Rθn)

T xθn. · · · · · · · · · · · · · · · (5)

Once we obtain the estimated intrinsic column vectorv̂θn,
we can estimate an FDF̂xθl←θn transformed from viewθn to
view θl based on Eq. (3) as

x̂θl←θn = Rθl v̂θn. (6)

2.6 Matching In this subsection, we consider match-
ing a pair of gallery FDFxG from view θ G and probe FDF
xP from viewθ P. We generate gallery and probe FDFs trans-
formed from viewsθ G and θ P into the same intermediate
target viewφ , respectively, by the trained AVTM. We then
compute a dissimilarity scored between gallery and probe
FDFs under the same viewφ as

d(xG,xP;φ) = ∥x̂G
φ←θG− x̂P

φ←θP∥2
= ∥Rφ (v̂G

θG− v̂P
θP)∥2, · · · · · · · · · · · · · · (7)

where x̂G
φ←θG and x̂P

φ←θP are the transformed gallery and

probe FDFs from viewθ G andθ P into the same viewφ . As
we can see, the dissimilarity score between the gallery and
probe FDFs is a function of the target viewφ , and hence the
gait recognition accuracy may change as the target viewφ
changes. While this kind of target view has not been actively
discussed in the previous VTMs due to a limited number of
discrete views, we can arbitrarily select the intermediate tar-
get views so as to improve the gait recognition accuracy.

Note that previous VTMs only have two options: transfor-
mation from probe view to gallery view or from gallery view
to probe view. Under such a situation, dissimilarity scores
with the previous VTMs are computed as either

dP2G(xG,xP) = ∥xG− x̂P
θG←θP∥2

= ∥xG−RθGv̂P
θP∥2, · · · · · · · · · · · · · · · (8)

or

dG2P(xG,xP) = ∥x̂G
θP←θG−xP∥2

= ∥RθPv̂G
θG−xP∥2. · · · · · · · · · · · · · · · (9)

3. Experiments

3.1 Data Sets We used the OU-ISIR Gait Database
for our experiments. We drew 103 training subjects to con-
struct 3D gait volume sequences for the AVTM from tread-
mill data set(24). Moreover, we drew a subset of the large
population data set(12) composed of over 4,000 subjects for
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Fig. 3. Transformed FDF with theAVTM

performance evaluation. More specifically, we chose walk-
ing image sequences of 1,912 subjects whose camera cali-
bration data was available. Each of the subject was asked to
walk twice along with a specified course and was captured
by a camera. This data set was further divided into subsets
depending on the observation views; 55, 65, 75, and 85 deg.

3.2 Setup In the first experimental setup, we as-
signed 55-deg view to a gallery view and the other views (65,
75, and 85 deg) to the probe views. In the second experimen-
tal setup, we assigned 85-deg view to a gallery view and the
other views (55, 65, and 75 deg) to the probe views. In both
cases, the intermediate views changed from 50 deg to 90 deg
at 5 deg interval.

3.3 Transformed FDF In this subsection, we shows
the transformed FDFs into the intermediate target views from
each of gallery and probe views with the trained AVTM in
Fig. 3. As a result, we can see that the transformed FDFs are
smoothly transited from front-oblique view (50 deg) to side
view (90 deg) for each of gallery and probe FDFs and also
FDFs under the same target views are similar to each other
among the gallery and probes.

3.4 Quantitative Evaluation in Verification Scenario
We evaluated the proposed framework in a verification sce-
nario, namely, one-to-one matching. The verification perfor-
mance is generally evaluated with a so-called receiver oper-
ating characteristics (ROC) curve which indicates a tradeoff
between false acceptance rate (FAR) of imposter (false match
pair) and false rejection rate (FRR) of genuine (true match
pair) when changing an acceptance threshold for the dissim-
ilarity score. Figures 4 and 5 show ROC curves for matching
of 85-deg gallery and 55-deg probe, and 55-deg gallery and
85-deg probe, respectively. In both cases, we assign the target
views to just intermediate view (70 deg) as well as the gallery
and probe views (55 deg and 85 deg). As a result, we can see
that intermediate target view yielded better performance in
the both cases.

Moreover, we picked up an equal error rate (EER) of the
FAR and the FRR as a typical evaluation measure for the ver-

Fig. 4. ROC curves for55-deg gallery

Fig. 5. ROC curves for85-deg gallery

Table 1. EERs [%]. Bold indicate the best performance
for each setup, while the same views as either gallery or
probe views are underlined.

Gallery view [deg] 55 85
Probe view [deg] 65 75 85 55 65 75
Target view [deg]

50 4.8 6.6 9.5 9.2 7.0 5.3
55 4.8 6.4 9.1 8.8 6.7 5.4
60 4.9 6.5 8.8 8.5 6.7 5.4
65 5.2 6.4 8.7 8.3 6.4 5.3
70 5.4 6.5 8.4 8.2 6.3 5.2
75 5.4 6.6 8.3 8.2 6.0 5.0
80 5.5 7.0 8.3 8.2 6.2 4.9
85 5.9 7.5 9.1 8.8 6.7 4.9
90 6.0 8.1 9.9 9.4 7.1 5.0

ification scenario and summarized them as shown in Table
1. As a result, we can see that intermediate target views
yielded better performance as a whole. More specifically,
while the performance improvement is limited in case of rel-
atively small view difference between the gallery and probe
(e.g., 55 deg vs. 65 deg), the performance clearly improve
in case of relatively large view difference (e.g., 55 deg vs.
85 deg). For example, in case of 55-deg gallery and 85-deg
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Fig. 6. CMC curves for 55-deg gallery
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Fig. 7. CMC curves for 85-deg gallery

probe, 0.9% improvement from 9.1% EER for 55-deg and
85-deg target views to 8.3% EER for 75-deg target view.

3.5 Quantitative Evaluation in Identification Sce-
nario We also evaluated the proposed framework in an
identification scenario, namely, one-to-many matching. The
identification performance is generally evaluated with a cu-
mulative matching characteristics (CMC) curve which indi-
cates a ratio of correct match pairs within each specific rank
in the horizontal axis. Figures 6 and 7 shows CMC curves
for matching of 85-deg gallery and 55-deg probe, and 55-
deg gallery and 85-deg probe, respectively. In both cases, we
assign the target views to just intermediate view (70 deg) as
well as the gallery and probe views (55 deg and 85 deg). As a
result, we can see that intermediate target view yielded better
performance in the both cases.

Moreover, we picked up rank-1, rank-5, and rank-10 iden-
tification rates as typical evaluation measures for the identifi-
cation scenario and summarized them as shown in Tables 2,
3, and 4. As a result, we can draw similar conclusions to the
verification scenario. While the performance improvement is
limited in case of relatively small view difference between
the gallery and probe (e.g., 55 deg vs. 65 deg), the perfor-
mance clearly improve in case of relatively large view differ-
ence (e.g., 55 deg vs. 85 deg). For example, in case of 55-
deg gallery and 85-deg probe, 5.6% and 4.5% improvements
from 38.1% rank-1 identification rate for 55-deg target view
and 39.2% rank-1 identification rates for 85-deg target view
to 43.7% rank-1 identification rate for 75-deg target view.

4. Conclusion

We proposed an extended framework of the previously pro-
posed VTM. Whereas the previous VTMs transform the gait
features either from gallery view to probe view or from probe

Table 2. Rank-1 identification rates [%]

Gallery view [deg] 55 85
Probe view [deg] 65 75 85 55 65 75
Target view [deg]

50 74.3 55.4 36.2 37.2 51.8 68.1
55 74.6 56.6 38.1 40.3 55.0 69.4
60 74.6 57.8 40.2 43.1 57.9 70.8
65 73.9 58.4 41.4 45.4 59.5 71.8
70 74.3 58.9 43.1 46.7 61.9 72.7
75 72.8 58.2 43.7 45.4 62.3 73.4
80 71.5 55.9 42.3 45.3 62.3 74.2
85 70.1 53.5 39.2 43.3 61.3 74.1
90 67.8 50.8 35.3 39.3 58.2 73.3

Table 3. Rank-5 identification rates [%]

Gallery View [deg] 55 85
Probe View [deg] 65 75 85 55 65 75
Target View [deg]

50 87.3 74.8 60.4 62.5 73.1 83.0
55 87.8 76.3 62.0 63.9 75.8 83.9
60 87.9 77.0 64.0 66.4 77.5 84.5
65 87.6 78.0 66.0 69.0 79.6 85.4
70 87.2 77.7 68.0 69.9 81.0 86.0
75 86.6 76.9 67.8 70.6 81.4 87.0
80 86.2 75.7 66.6 69.8 81.8 87.6
85 84.7 73.8 64.1 67.5 81.0 87.0
90 84.3 71.1 60.8 64.2 79.4 86.9

Table 4. Rank-10 identification rates [%]

Gallery View [deg] 55 85
Probe View [deg] 65 75 85 55 65 75
Target View [deg]

50 91.0 81.7 69.0 70.9 80.8 87.2
55 91.2 82.4 70.9 72.8 82.6 87.8
60 90.8 82.8 73.2 74.9 84.4 88.4
65 90.8 82.9 75.1 77.6 85.6 89.4
70 90.4 83.1 76.0 79.1 86.2 90.7
75 89.5 82.6 75.7 77.9 86.7 90.6
80 89.4 82.0 75.5 77.4 86.9 91.3
85 88.9 80.6 73.6 75.9 86.3 90.5
90 87.9 78.6 69.6 73.6 84.8 90.5

view to gallery view, we rather transform the gait features
into intermediate viewsbetween gallery and probe views to
reduce the transformation error in total. As a result of experi-
ments with large population gait database, we confirmed that
the proposed transformation into intermediate target views
yielded better performance than previous transformation into
gallery or probe views.

In future, we further investigate a way how to automati-
cally select the optimal intermediate target views given a pair
of gallery and probe views.
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