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ABSTRACT

Gait features can be extracted from low-quality image se-

quences captured at a distance, which makes gait recogni-

tion a useful method in forensics. However, the accuracy

of gait recognition is often degraded in a cross-view setting,

which often occurs in forensic cases. Therefore, we propose

a gait recognition algorithm that achieves high accuracy in a

cross-view setting. In this paper, we focus on a view transfor-

mation model-based approach, extract transformation consis-

tency measures, and propose to use these measures for cross-

view recognition. To evaluate the accuracy of the proposed

method, we draw receiver operation characteristic curves to-

gether with Tippett plots, and evaluate discrimination ability

and calibration quality. The experimental results show that

our proposed method achieves good results in terms of dis-

crimination and calibration.

Index Terms— Gait Recognition, Cross-view, Biomet-

rics, Forensics, Criminal Investigation

1. INTRODUCTION

Many closed-circuit television surveillance cameras are cap-

turing video continuously every day around the world, and

these recordings may include crime scenes. In this case, video

footage can provide useful clues for identifying the perpetra-

tors of the crime. One possible clue is the face. If the quality

of the footage including resolution and contrast is sufficient,

a perpetrator can be identified based on their face. However,

the quality is not always high, and the perpetrator may try

to hide their face by wearing a mask to avoid identification.

In such a situation, gait features can be often extracted from

lower quality footage, and can provide clues to identify the

perpetrator [1, 2, 3, 4, 5].

The method of using gait features for person authentica-

tion is called gait recognition. Gait recognition uses the shape

and motion of the person walking acquired from image se-

quences [6]. An advantage of gait recognition is its ability to

recognize people from a distance. Gait recognition can recog-

nize people even if the size of the target subject in the image

is relatively low (e.g., height of 30 pixels). This is a reason

why gait recognition can be useful for forensics.

Crime scene Gait image sequence of a suspect

Compare

Fig. 1. Typical setting of gait recognition for criminal inves-

tigation

However, a limitation of gait recognition for forensics is

that its accuracy is often degraded by several covariates such

as observation views, clothes, and belongings. Among these

covariates, view issue is the most problematic, and observa-

tion views of compared gait image sequences for forensics

cases are usually different. Figure.1 shows a typical example

of gait matching for a crime scene. In this example, the ob-

servation views of compared gait features are not the same.

This is not a special case, but is the usual case for forensics.

Therefore, we tackle the view issue, and propose an algorithm

that can achieve good accuracy in a cross-view setting. We

use a view transformation model (VTM)-based approach for

cross-view recognition, and propose transformation consis-

tency measures for recognition in this paper.

Alongside the technical matters, there is another issue.

Gait recognition has been thought to be useful for criminal

investigation, and has been used and discussed for this pur-

pose [1, 2, 3, 5]; however, the accuracy of gait recognition

has not been evaluated in a forensic situation. In most re-

search, only discrimination ability is discussed as an accuracy

measure. From the viewpoint of forensics, calibration quality

as well as discrimination ability is important. Therefore, we

evaluate our proposed approach against a publicly available,

large population dataset using criteria for calibration together

with discrimination. We think that this paper can be a baseline

for further study.

The contributions of this paper are summarized in the fol-

lowing three points:

1. Extraction of transformation consistency measures for

recognition

In the view transformation process, we estimate three differ-

ent intrinsic vectors from two gait features and reconstruct the
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gait features from the vectors. Then, we calculate the dissim-

ilarity score between the reconstructed gait features as trans-

formation consistency measures, and use them for recogni-

tion.

2. Evaluation of gait-based person authentication in a

forensic scenario

We evaluated the proposed method against a publicly avail-

able, large population data set using discrimination and cali-

bration criteria. We think that these evaluation results can be

a baseline for further study.

3. Accuracy improvement from the viewpoints of discrim-

ination and calibration

We used the publicly available, OU-ISIR gait database. The

proposed approach achieves the best accuracy of all the con-

sidered methods.

2. RELATEDWORK

Appearance-based approaches that can tackle the view differ-

ence issues are classified into four groups; visual hull-based

approaches [7, 8, 9], geometry-based view-invariant feature

approaches [10, 11], subspace-based view-invariant feature

approaches [12, 13], and VTM-based approaches [14, 15, 16,

17]. Among these, visual hull-based approaches are the most

difficult to apply to criminal investigation cases, because a

three-dimensional (3D) gait model of a target subject is nec-

essary.

Geometry-based approaches extract view-invariant fea-

tures by considering their geometrical properties. This type

of approach can work well if the angle between the sagit-

tal plane of the target subject and the image plane is small.

A limitation of this type of approach is its narrow range of

applicable view differences.

Subspace-based view-invariant feature approaches learn

the joint subspace using training data composed of pairs of

gait features with target views from multiple subjects, and

view-invariant features are extracted by projecting gait fea-

tures onto the learned subspace.

Conversely, view transformation-based approaches con-

struct a VTM using training data composed of pairs of gait

features with target views from multiple subjects. For con-

struction of the VTM, either a matrix factorization process by

a singular value decomposition (SVD) technique [18, 14, 17],

or a regression [15, 16] is used. In VTM-based approaches,

a gait feature from one particular view is transformed to one

from a target view using the VTM, and gait features are com-

pared in the same feature space with the target view.

Although the subspace-based approach is similar to the

VTM-based approach, the subspace-based approach does not

reconstruct gait features. A limitation of both the subspace-

based view-invariant feature approach and the VTM-based

approach is that training data associated with the required

views are necessary. To solve this problem, Muramatsu et

al. proposed to generate training data from a 3D gait model

of non-target subjects [17]. Therefore, these approaches can

be applied to forensic cases if a camera is properly calibrated.

However, the accuracy of these approaches is not always suf-

ficient, and hence, future work on further accuracy improve-

ment is necessary.

3. VIEW TRANSFORMATION-BASED GAIT

RECOGNITION

3.1. Overview

In cross-view gait recognition, two gait features with differ-

ent views are given as a gallery and a probe. The goal of

forensic gait recognition is to calculate a likelihood ratio from

two given gait features. To achieve this goal, we consider a

VTM-based approach. In this section, we first briefly explain

the VTM-based approach with a matrix factorization process,

then explain our proposed transformation consistency mea-

sures, and finally explain how to calculate a likelihood ratio

from multiple scores for forensics.

3.2. View transformation approach

The considered VTM-based approach is composed of three

phases: training, transformation, and matching.

Training) Let Xm
θ ∈ R

K×1 and Xm
φ ∈ R

K×1 be a gait fea-

ture of view θ and φ associated with them-th training subject,

respectively. We assume that training data from M subjects

are available. In the joint subspace-based view transforma-

tion method [18, 14, 17], we first concatenate two gait fea-

tures with different views and consider the joint space. Let

X
m = [(Xm

θ )T , (Xm
φ )T ]T ∈ R

2K×1 be a jointed gait fea-

ture associated with the m-th training subject. By arranging

the jointed gait features from multiple training subjects, we

generate a training matrix by (1), and decompose it by apply-

ing a SVD:
[

X
1 · · ·XM

]

=

[

X1
θ · · ·X

M
θ

X1
φ · · ·X

M
φ

]

(1)

= USV
T

= Rv

=

[

R(θ)
R(φ)

]

[

v1 · · · vM
]

, (2)

where U ∈ R
2K×M is an orthogonal matrix that contains a

set of bases for the joint subspace of concatenated gait fea-

tures from the two views, V ∈ R
M×M is also an orthog-

onal matrix, and S ∈ R
M×M is a diagonal matrix whose

on-diagonal elements are singular values. R(θ) and R(φ) are
submatrices of U(= R) that back-project the intrinsic vec-
tor v(= SV

T ) into gait features, respectively. We call R the

transformation matrix in this paper.

Transformation) Let XG
θ ∈ R

K×1 and XP
φ ∈ R

K×1 be a

gallery gait feature from view θ and a probe gait feature from
view φ, respectively. We generate a gait feature with view θ/φ
by applying VTM to a gait feature with view φ/θ. Equation
(2) shows that a gait feature with view θ/φ can be generated



using the intrinsic vector v and R(θ)/R(φ). R(θ)/R(φ) is
common across all individuals; therefore, we can generate a

gait feature with view θ/φ from a gait feature with view φ/θ
if we can estimate v from a gait feature with view φ/θ.

When a probe gait feature is transformed to the gallery

view θ, an intrinsic vector is estimated by

v̂P = argmin
v

||XP
φ −R(φ)v||2, (3)

and a gait feature with view θ is reconstructed by

X̂P
θ = R(θ)v̂P . (4)

Conversely, when a gallery gait feature is transformed to the

probe view φ, an intrinsic vector is estimated by

v̂G = argmin
v

||XG
θ −R(θ)v||2, (5)

and a gait feature with view φ is generated by

X̂G
φ = R(φ)v̂G. (6)

Matching) A dissimilarity score between a gallery gait fea-

ture and a probe gait feature is calculated by

dV TM(θ)(X
G
θ , XP

φ ) = ||XG
θ − X̂P

θ ||2, (7)

in gait feature space with view θ, and

dV TM(φ)(X
G
θ , XP

φ ) = ||X̂G
φ −XP

φ ||2, (8)

in gait feature space with view φ. We can also consider score

level fusion using the above scores by

dFusion(X
G
θ , XP

φ )

= F
(

dV TM(θ)(X
G
θ , XP

φ ), dV TM(φ)(X
G
θ , XP

φ );ω
)

,(9)

where F (;ω) is a fusion function with parameter set ω; this
function is explained in section 3.4.

3.3. Transformation consistency measure

An intrinsic vector v̂G and v̂P is usually estimated indepen-

dently [14, 16, 17]. From the viewpoint of transformation,

this is reasonable because we want to transform one gait fea-

ture with a view to a gait feature with the different view.

However, from the viewpoint of recognition, we have another

choice in calculating a different intrinsic vector by consider-

ing the joint gallery and probe gait feature, and this intrinsic

vector can give different useful information for recognition.

LetXJ ∈ R
2K×1 be a joint gait feature of the gallery and

probe generated by

X
J = [(XG

θ )T , (XP
φ )T ]T . (10)

We can calculate an intrinsic vector usingXJ by

v̂J = argmin
v

||XJ −Rv||2. (11)

Different from equations (3) and (5), both gallery and probe

gait features are considered for an intrinsic vector estimation.

We assume that if the gallery and probe are originating

from the same subject, the estimated intrinsic vector is a good

estimate for the subject, and the reconstructed joint gait fea-

ture from v̂J can be close to the original joint gait feature and

the reconstructed joint gait features from v̂G and v̂P . In other
words, transformations can be consistent among those gait

features. Conversely, if the gallery and the probe are originat-

ing from different subjects, the calculated intrinsic vector can-

not reconstruct reasonable gait features for any subjects, and

the reconstructed joint gait features can be different from the

original and reconstructed joint gait features from v̂G and v̂P .
In other words, transformations can be inconsistent. From

these assumptions, we calculate the following transformation

consistency measures (TCMs):

TCM(O−J) : δ(O−J) = ||XJ −Rv̂J ||2, (12)

TCM(J−G) : δ(J−G) = ||Rv̂J −Rv̂G||2, (13)

TCM(J−P ) : δ(J−P ) = ||Rv̂J −Rv̂P ||2, (14)

TCM(O−J−G−P ) :

δ(O−J−G−P )=F
(

δ(O−J), δ(J−G), δ(J−P );ω
)

.(15)

Here, TCM(O−J−G−P ) is calculated using the score level

fusion function F (·;ω) explained in section 3.4.
Moreover, a dissimilarity score between the reconstructed

joint gait features from v̂G and v̂P can be a useful measure

related to transformation consistency. This measure is calcu-

lated by

TCM(G−P ) : δ(G−P ) = ||Rv̂G −Rv̂P ||2. (16)

This measure is deeply related to the score calculated in

the subspace-based view-invariant feature approach [12, 13].

Different from a score associated with view-invariant fea-

tures, this measure is calculated in the reconstructed original

joint gait feature space.

3.4. Score calculation

Different from the usual recognition task, matching scores

should be transformed to an absolutely meaningful value for

forensics, and the likelihood ratio (LR) is a popular mea-

sure [19]. In this paper, we consider the linear logistic regres-

sion of the matching score/score vector. Let s(XG, XP ) be a
matching score vector composed of N pieces of dissimilarity

scores discussed in section 3.3. Based on the linear logistic

regression (LLR) framework, we calculate the LR by

log
(

LR(XG
θ , XP

φ )
)

=log

(

P (s(XG
θ , XP

φ )|ξ = SS)

P (s(XG
θ , XP

φ )|ξ = DS)

)

= ω0 +

N
∑

i=1

ωisi(X
G
θ , XP

φ ) (17)

where P (s|ξ = SS) and P (s|ξ = DS) is the probability den-
sity function (PDF) of score s associated with the same sub-

jects and the PDF of scores associated with different subjects;
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Fig. 2. Frequency domain features

and si(X
G
θ , XP

φ ) is the component dissimilarity score of the
score vector. The parameter set ω = [ω0, ..., ωN ] is trained by
minimizing the objective function proposed in [20].

4. EXPERIMENT

4.1. Database

We used a publicly available OU-ISIR gait database, a large

population data set OULP-C1V2 [21](later called OULP for

simplicity) for evaluation. In this database, each subject were

asked to walk indoors along a straight course at their own

usual speed, and gait image sequences were captured using a

single camera. We chose a subset of 1,912 subjects captured

by a calibrated camera and two image sequences for each sub-

ject are available. Each image sequence was divided into four

sets based on the observation azimuth angles, 55, 65, 75, and

85 deg, where 90 and 0 deg means side and frontal views, re-

spectively. In this paper, we used the 55 deg set from the first

sequence per subject as the gallery, and the 85 deg set from the

second sequence per subject as the probe. Although gait data

in this database were captured under controlled conditions,

we think that evaluation against a large population database

is meaningful in terms of determining the fundamental accu-

racy.

4.2. Experimental setting

Two types of training datasets are necessary: data for the

VTM generation, and data for the LR calculation.

For the VTM generation, we used 3D gait volume se-

quences from 103 subjects reported in [22], and generated

pairs of gait image sequences associated with the considered

views.

For the LR calculation, we randomly divided the subset of

OULP into two disjoint groups, training and test sets, and per-

formed two cross-validation tests. We repeated the two cross-

validations five times with different groupings to remove ef-

fects associated with grouping.

As gait features, we used frequency-domain features

(FDF) [14]. Examples of FDFs are shown in figure 2.

4.3. Evaluation criteria

We evaluated the accuracy of the proposed method from the

viewpoints of discrimination and calibration. For this pur-

pose, we calculated false acceptance rates and false rejection

rates in a verification scenario, and drew receiver operation

Table 1. EERs and ROMEs [%]
Approach EER ROME (SS) ROME (DS)

TCM(O−J) 29.65 26.82 34.66

TCM(J−G) 11.17 10.09 12.75

TCM(J−P ) 12.19 10.81 13.87

TCM(O−J−G−P ) 7.92 7.02 9.13

TCM(G−P ) 9.57 8.69 10.52

VTM (G2P) 15.37 13.68 15.54

VTM (P2G) 14.51 13.43 15.93

VTM (Fusion) 14.35 13.68 15.54

VIF 9.33 8.63 10.43

QVTM 10.28 8.69 12.13

characteristic (ROC) curves and Tippett plots. We also cal-

culated equal error rates (EERs) and rates of misleading evi-

dence (ROME) of the same source/subject (SS) and different

source/subject (DS) [23]. The ROME (SS)/(DS) shows how

much the same/different subjects rates are falsely supported

by an incorrect hypothesis.

4.4. Experimental results

We evaluated the efficiency of the proposed measures together

with the following approaches for comparison purposes:

View transformation model: Gait features were transformed

to the same view using arbitrary view transformation [17],

and matching scores were calculated in (7) or (8). We

called the former score VTM(P2G) and the latter scores

VTM(G2P). We also evaluated the accuracy of score level

fusion of VTM(P2G) and VTM(G2P); this approach is called

VTM(Fusion) in the figures and tables.

Quality-dependent VTM: Projection errors of VTM were

calculated together with matching scores, and were used to

normalize the matching scores [22]. We call this approach

QVTM in the figures and tables.

Joint subspace-based view-invariant features: In the same

way as VTM, the joint subspace was generated using training

data, and a view-invariant feature was calculated by project-

ing each gait feature into the joint subspace. This approach

was reported in [12, 13]. In this experiment, the joint sub-

space was generated in the same way as for the VTM. We call

this approach “VIF” in the figures and tables.

We show ROC curves in figure 3 and 5, and Tippett plots

in figure 4 and 6. We summarize EERs and ROMEs in Ta-

ble 1. From these experimental results, we can see that the

proposed measure TCM(O−J−G−P ) achieved the highest ac-

curacy in all the evaluation measures EER and ROMEs. EER,

ROME(SS), and ROME(DS) of TCM(O−J−G−P ) were 7.92

[%], 7.02 [%], and 9.13 [%], respectively. The measure also

achieved the highest accuracy for almost every operating

point as shown in Figures 5 and 6, while VIF achieved the

second highest accuracy. Because TCM(G−P ) is a similar

measure with VIF, the accuracy of TCM(G−P ) and VIF is

almost the same.
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5. CONCLUSION

In this paper, we focus on transformation-based cross-view

gait recognition, and propose transformation consistency

measures for recognition. In the proposed methods, we es-

timated three different intrinsic vectors and reconstructed

the gait features from the vectors. Then, we calculated the

dissimilarity of reconstructed gait features as transformation

consistency measures, and used them for recognition. The

accuracy of the proposed method was evaluated against a

publicly available, large population database. Both discrim-

ination ability and calibration quality were evaluated using

ROC curves and Tippett plots. The experimental results show

that the proposed method achieves the highest accuracy, with

EER of 7.92 [%], ROME(SS) of 7.02 [%], and ROME(DS) of

9.13 [%]. Gait recognition can be a useful method for foren-

sics, and so these evaluations may be useful in furthering the

biometric and forensic fields.

In this paper, we perform recognition using transforma-

tion consistency measures only without fusing different mea-

sures such as the dissimilarity measures used for VTM and

QVTM. We think that combining the transformation consis-

tency measure with different measures would further improve

recognition accuracy, In this paper, we used the OU-ISIR

gait database with relatively clear silhouette sequences, but

we plan to evaluate the proposed method against more real-

istic gait databases such as the USF gait database [24] in our

future work. It is well known that several factors including

walking speed, video frame rate, clothes, and belongings af-

fect recognition accuracy in the biometric field, and they also

affect the calibration results that are important in the forensic

field. Moreover, available training data for calibration is lim-

ited in the forensic case. Therefore, tackling these issues is

also included in our future work.
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