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Abstract

This paper describes a method for multi-view multi-

modal biometrics from a single walking image sequence.

As multi-modal cues, we adopt not only face and gait but

also the actual height of a person, all of which are simul-

taneously captured by a single camera. As multi-view cues,

we use the variation in the observation views included in a

single image sequence captured by a camera with a rela-

tively wide field of view. This enables us to improve the au-

thentication of a person based on multiple modalities and

views, while retaining the potential for real applications

such as surveillance and forensics using only a single im-

age sequence (a single session with a single camera). In the

experiments, we constructed a large-scale multi-view multi-

modal score data set with 1,912 subjects, and evaluated the

proposed method using the data set in a statistically reli-

able way. We achieved 0.37% equal error rates for the false

acceptance and rejection rates in the verification scenarios,

and 99.15% rank-1 identification rate in the identification

scenarios.

1. Introduction

Image-based pedestrian authentication has been in high

demand for many applications including but not limited

to access control, security, surveillance, and forensics, be-

cause surveillance cameras have been increasingly installed

in both public and private spaces. Image-based biometric

cues such as iris, ear, face, and gait, have potential for per-

son authentication, of which face and gait are particularly

promising modalities because they can be effective even if

target images are captured at relatively large distances.

Face recognition has been extensively studied in re-

cent times and we refer the reader to the excellent sur-

veys of [39, 1, 17] for details. Although face recognition

achieves high performance in a controlled situation, it en-

counters difficulties under the so-called PIE (pose, illumi-

nation, and expression) variations [11], and also in the case

of significantly low image resolution, occlusion (e.g., mask,

sunglass, and full-face helmet), and observation from the

rear.

Gait recognition is a relatively new family of biometrics

compared with face recognition and we refer the reader to

[30] for details. An advantage of gait recognition is its abil-

ity to ascertain identity from a distance and hence it works

well even if the image resolution is significantly low (e.g.,

just 30-pixels in height). The performance of gait recogni-

tion is, however, often degraded by many of the covariates:

views [18, 25, 22], walking speeds [27], clothing [15].

In both face and gait recognition, while the pose or

view difference between a probe and a gallery is a trou-

blesome covariate, a common view variation in a probe and

a gallery is a useful cue for improving person authentica-

tion because the different views contain different types of

cues (e.g., forward-backward arm swing in the side-view

gait and body width in the frontal-view gait). Therefore,

several researchers focus their efforts on multi-view face

recognition [8, 29, 20, 37, 28] or multi-view gait recog-

nition [5, 35, 26, 21, 13]. In particular, approaches using

multi-view observation from a single image sequence (a sin-

gle session from a single camera) [13, 34] have good poten-

tial for application to real situations, because we cannot al-

ways expect view variations from multiple cameras and/or

multiple sessions in surveillance and forensic scenarios.

Moreover, fusion of face and gait recognitions [32, 19,

23, 38, 42, 14] is also a promising approach for improving

person authentication, because face and gait biometrics can

be captured by a single device, namely, a camera, and can

also be used as complementary cues to each other.

Therefore, we propose a method of person authentication

based on multi-view multi-modal biometrics from a single

walking image sequence. We extract multiple cues derived

from multiple views as well as multiple modalities includ-

ing not only face and gait but also the height of a person and

we fuse them into a score level for better performance. The

contributions of this paper are summarized by the following
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three points.

1. Multi-view face and gait recognition from a single

image sequence

We simultaneously combine both multiple modalities

(face and gait) and multiple views observed from a single

walking image sequence in score-level fusion frameworks.

This enables us to improve the person authentication per-

formance based on multiple modalities and views, while re-

taining the potential for real applications such as surveil-

lance and forensics, because we use only a single image

sequence (a single session with a single camera).

2. Fusion with the height

We employ the height of a person as another modality

in addition to face and gait, while existing methods of gait

recognition often overlook the useful height information.

Note that we use the actual height, which is computed based

on camera calibration and ground plane constraints and is

therefore independent of person-to-camera distance.

3. Construction of a large-scale score data set

We have constructed a multi-view multi-modal (face and

gait) and height score database using the data set [16] that

contains image sequences of 1,912 walking subjects cap-

tured by a camera with a relatively wide field of view 1.

Since previous studies on the fusion of face and gait

recognition employed at most the order of a hundred sub-

jects [32, 19, 23, 38, 40, 41, 43, 42, 10, 9, 14], we signifi-

cantly improve the statistical reliability of the performance

evaluation with this data set.

2. Related Work

2.1. Multi-view face recognition

It is well known among those using face recognition that

video-based recognition achieves a higher performance than

single-image-based recognition because the variations in

the video such as pose or expression enhance the individual

characteristics. A typical method for video-based recogni-

tion is a subspace-based method. Fukui and Yamaguchi [8]

proposed a constrained mutual subspace method (CMSM),

and Nishiyama et al. [29] extended it into multiple CMSM.

Kim et al. [20] formulated the multi-view face recognition

in a discriminative canonical correlation framework.

Another way of using multiple views is by incorporating

a 3D face model. Chen and Hauptmann [37] exploit two

orthogonal views to reconstruct a 3D face model for robust

face recognition. Mayo and Zhang [28] proposed an algo-

rithm for 3D face recognition based on point cloud rotation,

multiple projections, and voted keypoint matching.

2.2. Multi-view gait recognition

Multi-view observations are also effectively used in gait

recognition. Cuntoor et al. [5] combine scores provided by

1http://www.am.sanken.osaka-u.ac.jp/BiometricDB/BioScore.html

width vectors from side and frontal views using a summa-

tion rule, while Yu et al. [35] fuse scores provided by a

key Fourier descriptor from multiple views using several fu-

sion rules.Multi-view observations are also used to enhance

view-invariant gait recognition [33, 25, 22].

Whereas the above approaches assume multiple cameras

and/or sessions, several approaches extract multi-view gait

features from a single image sequence. Han et al. [13] find

and match the optimal pair of subsequences with similar

views between two image sequences containing view tran-

sitions in the context of the view-invariant gait recognition,

while Sugiura et al. [34] extract multi-view gait features

captured by a camera with a wide field of view (e.g., om-

nidirectional camera [36]) and fuse them at a score level.

2.3. Fusion of face and gait

Because we can simultaneously capture face and gait

biometrics using a single camera, the fusion of face and gait

is a promising fusion pair for real applications.

Kale et al. [19] fuse view-invariant gait recognition and

face recognition based on sequential importance sampling

with hierarchical (sequential) or score-level fusions. Zhang

et al. [38] introduced geometry preserving projections ap-

proaches for selecting a subspace of multi-modal biomet-

rics and conducted experiments using chimera data of faces,

palm prints, and gaits. Lee et al. [23] brought out a chaotic

measure for fusing frontal face and gait. Hofmann et al. [14]

used alpha matting preprocessing to accurately separate

foreground and background layers and also to obtain alpha

GEI for better fusion.

Zhou et al. [40] fused side-view gaits and super-

resolution face images using hierarchical or score-level fu-

sions, and further introduced dimension reduction and dis-

criminant analysis for better performance in [41]. Zhou et

al. [43] also exploited fusion with face profiles and Zhou

and Bhanu [42] proposed a feature-level fusion scheme of

side view faces and gaits in conjunction with discriminant

analysis.

Whereas the above existing methods make use of single-

view face and gait features, Shakhnarovich and Darrell [32]

constructed a texture-mapped visual hull using multiple

cameras and synthesize a frontal-view face and a side-

view gait. Liu and Sarkar focus on outdoor case, and fuse

frontal-view face and side-view gait using several fusion

scheme [24]. The multi-camera setting is, however, not al-

ways available in real scenarios such as surveillance and

forensics.

Geng et al. [10] proposed an adaptive fusion scheme

of the face and gait to cope with the view and subject-to-

camera distance changes and also introduced four different

types of fusion weights and determined the weights by prior

knowledge or machine learning techniques in [9]. Whereas

the change of subject-to-camera distances within a single

__________________________________________________
ICB-2013, 6th International Conference on Biometrics 

________________________________________________________ _________________________________________________

ICB-2013 June 4-7, 2013         Madrid, Spain



image sequence is considered, the change of views are not

considered in [10, 9], and hence multi-view fusion is out of

scope.

In summary, to the best of our knowledge, up to now

there have been no studies on the fusion of multi-view face

and gait from a single image sequence.

3. Multi-view multi-modal walking person au-

thentication

3.1. Overview

We consider authenticating a walking person using a sin-

gle image sequence captured by a single camera at a single

session. In this case, the face and gait biometrics are candi-

dates for person authentication, because both face and gait

are observed from the camera. In this setting, the image se-

quences are composed of several image subsequences ob-

served with different views, even if the walking direction is

unchanged as long as the camera has a relatively wide field

of view [34], and hence we can extract multi-view face and

gait features. Moreover, we can extract the height of the

subject from the image sequence if the camera used is cal-

ibrated in advance and the ground plane constraint is avail-

able.

Therefore, our approach employs multi-view multi-

modal biometrics, namely, multi-view face features, multi-

view gait features, and the height of a subject together as

multiple cues for person authentication.

3.2. Multi-view multi-modal fusion

Many fusion approaches with different levels (e.g.

sensor-level, feature-level, score-level, and decision level)

have been proposed [31]. We focus on score-level fusion in

this study.

We extract multi-view face and gait features from the

image sequence of the target subject, because the face and

gait features from different views include different informa-

tion (e.g., face texture in the frontal-view and face profile in

the side view, body width in the frontal-view and forward-

backward arm swing in the side view). In contrast, we

extract a single height from the image sequence, because

the height of the body is view-independent. Based on the

extracted features, we calculate face and gait dissimilarity

scores with multiple views, and a height dissimilarity score

between two image sequences.

In the case of multi-view multi-modal biometrics, three

fusion approaches are possible: a) multi-modal fusion in

single view; b) multi-view fusion of unimodal; c) multi-

view fusion of multi-modal.

Let Sf = [sf1, sf2, ..., sfNv
], Sg = [sg1, sg2, ..., sgNv

]
be Nv dimensional score vectors associated with the face

and gait from Nv different views, and let Sh be a score of

the height. Our method calculates a fusion score Sfusion

for authentication by:

Sfusion = f(Sf ,Sg, Sh), (1)

where f(·) is a fusion function (rule) that combines the in-
put scores. We perform verification or identification using

the fused score Sfusion.

4. Implementation

4.1. Face-based matching

In this study, we call the part of a body above the neck a

face, which is defined based on a silhouette. A face feature

is then defined as a color texture masked by the face region

as shown in Figure 1. The sizes of faces are dependent on

the subject and view, and range from 17×19 [pixels] to 21
× 24 [pixel] in the examples of Figure 1.

Given a pair of face features, we calculate a dissimilarity

score between them as follows. Let Fpvi be a face feature of

a probe at the i-th frame from view v, and let Fgvj,k be a face

feature of a gallery at the j-th frame from view v with k-th

spatial displacement within the searching regions for tem-

plate matching. The dissimilarity score between the probe

and the gallery from view v is calculated by correlation-

based template matching as:

Sfv(probe, gallery) = min
i,j,k

[1−NCC(Fpvi , Fgvj,k)], (2)

where NCC(Fpvi , Fgvj,k) is a normalized cross correlation
between Fpvi and Fgvj,k.

4.2. Gait-based matching

We use GEI [12] as a gait feature in this study. First, im-

age normalization techniques [16] are applied to correct for

lens distortion and camera rotation. A silhouette sequence

is then extracted from the normalized image sequence using

graph-cut-based segmentation [4] and background subtrac-

tion. Next, the silhouette sequence is normalized into a 88

× 128 pixel-sized silhouette sequence and finally the GEIs

are computed from it. Examples of the GEIs with multiple

views from a single image sequence are shown in Figure 2.

We can see that GEIs with multiple views contain differ-

ent types of information (e.g., body width at 55 [deg] and

forward-backward arm swing at 85 [deg]).

Given a pair of GEIs, we calculate a dissimilarity score

between them as follows. Let Gpv and Ggv be the GEI of

a probe and a gallery associated with view v. The dissim-

ilarity score between the probe and gallery from view v is

calculated by Euclidean distance as:

Sgv(probe, gallery) = ||Gpv −Ggv||2. (3)

4.3. Height-based matching

We assume that the camera is calibrated and hence the

ground plane constraint on the position of the bottom point
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of a foot is available. We first extract the position of the

bottom point of the foot (Xf
i , Y

f
i , 0) at the i-th frame in a

world coordinate system, and then calculate the position of

the head top point (Xh
i , Y

h
i , Zh

i ) at the i-th frame in a world
coordinate system based on the position of the head point in

the image plane and the assumption that a subject stands

perpendicular to the ground plane, namely, Xh
i = X

f
i and

Y h
i = Y

f
i . Finally, we calculate the height of the subject by

averaging over the image sequence as:

h =
1

Nf

Nf∑

i=1

Zh
i , (4)

where Nf is the number of frames in the image sequence.

We then calculate a dissimilarity score from the absolute

difference as:

Sh = |hp− hg|, (5)

where hp and hg are the heights of subjects in the probe and

gallery.

4.4. Fusion rule

To eliminate the subject dependency, we normalize the

scores before fusion. Let Sxv(i, j) be the scores of fea-
tures x ∈ {gait (g), face (f), height (h)} between the i-th

probe and the j-th gallery. In this study, we adopt a target-

score normalization technique [7] and calculate a normal-

ized score by:

S̄xv(i, j) =
Sxv(i, j)− µxv(i)

σxv(i)
, (6)

where µxv(i) and σxv(i) are the mean and standard devia-
tion associated with feature x from view v of the i-th probe,

which are computed based on the dissimilarity scores be-

tween the i-th probe and all the subjects in the training data.

In this study, we consider five fusion rules (1) sum rule

(denoted as Sum) (2) SVM with a linear kernel2, (3) lin-

ear logistic regression (LLR) [2], (4) a method using kernel

density estimation (KDE) [6], and a minimum rule (denoted

as Min).

5. Experiment

5.1. Database

We used the subset of OU-ISIR database [16] for per-

formance evaluation. In this data set, individual subjects

walked along a course, and data were captured using a sin-

gle camera placed at a 5-meter distance from the course,

as shown in Figure 3. The data were collected from 1,912

subjects, and two image sequences for each subject were

available.

To obtain multi-view cues, we considered four views as-

sociated with four observation azimuth angles 55, 65, 75,

2Hyper-parameters are automatically selected through cross-validation

[deg]85=
s
θ[deg]75=

s
θ[deg]55=

s
θ [deg]65=

s
θ

Figure 1. Captured images and zoomed face images of different

views

(a) 55 [deg] (b) 65 [deg] (c) 75 [deg] (d) 85 [deg]

Figure 2. Gait features (GEI) of different views

X

Y

Camera center

: Subject

A section of 85 [deg]-centered gait period

A section of 75 [deg]-centered gait period

A section of 65 [deg]-centered gait period

A section of 55 [deg]-centered gait period

s
θ

: Observation angle

Walking direction

Surface of wall (green panel)

: Line of sight
s
θ

[deg]55 [deg]65 [deg]75 [deg]85

Figure 3. Target situation

[deg]85=
s
θ[deg]75=

s
θ[deg]55=

s
θ [deg]65=

s
θ

Figure 4. Walking images of different views

and 85 [deg]. From each image sequence, we determined

specific frames whose observation azimuth angles of the

subjects coincided with the four angles, and extracted im-

age subsequences associated with one gait cycle around the

specific frames as the data associated with the four angles.

Consequently, we obtained four image subsequences with

different views from a single image sequence and hence the

number of views is Nv = 4.

5.2. Experimental setting

To generate a fusion model, training data are necessary.

In this study, we randomly divided the data into two groups,

and performed 2-fold cross-validation. Because the accu-

racies may be influenced by the random grouping, we re-

peated the two-fold cross-validation five times so that we



could reduce the impact of the random grouping.

5.3. Experimental results

We evaluated the accuracies in terms of two different

scenarios: verification and identification. For the verifi-

cation scenario, we calculated the false acceptance rates

(FARs) and false rejection rates (FRRs), and drew detection

error tradeoff (DET) curves to see the tradeoff between FAR

and FRR. For the identification scenario, we calculated the

cumulative matching rates against ranks, and drew cumu-

lative matching characteristic (CMC) curves. For compar-

ison purposes, we also evaluated the multi-view fusion of

face and gait, bi-modal fusion (face and gait) and the multi-

modal fusion (face, gait, and height) of each view in this

experiment.

Verification scenario

Figures 5, 6, and 7 show the DET curves of bi-modal, multi-

modal, multi-view, and multi-view multi-modal fusion. We

also summarized the associated equal error rates (EERs) in

tables 1 and 3.

From these results, we could observe that the proposed

multi-view multi-modal fusions outperform bi-modal and

multi-modals for any view, multi-view gait, and multi-view

face. The minimum EER (the best result) 0.37% was

achieved by the proposed multi-view multi-modal fusion

with Sum. From the DET curves, we could observe that

the proposed fusions outperformed the comparison fusion

schemes for most operating points.

Identification scenario

Figures 8, 9, and 10 shows the CMC curves of bi-modal,

multi-modal, multi-view, and multi-view multi-modal fu-

sion. We also summarized the associated rank-1 identifi-

cation rate in Tables 2 and 4. The best rank-1 identifica-

tion rate 99.15% was achieved by the proposed fusion with

SVM, and the proposed fusion outperformed the compari-

son fusion schemes.

6. Discussion

Verification scenario

We now review the effects of multi-view and multi-modal

fusion on accuracy. As shown in Tables 1 and 3, the ac-

curacies are improved using multi-view and/or multi-modal

fusions.

For multi-view fusion, by comparing the best unimodal

results (EER=3.86% for face, EER=2.17%for gait), EER

was reduced by relatively 59.8% for face, and 50.2% for

gait by multi-view fusion. For multi-modal fusion, EER

was largely reduced by relatively 72.8% and 84.7%, com-

pared with the best unimodal result. By comparaing the

best results of multi-modal (EER=0.59%) and bi-modal

(EER=0.81%), EER of multi-modal fusion was reduced by

relatively 27.2%. This result shows that the usefulness of

the height feature.

Table 3. EERs of multi-view fusion and multi-view multi-modal

fusion
Multi-view fusion Multi-view

Face Gait multi-modal fusion

Sum 2.12 1.43 0.37

SVM 1.55 1.32 0.41

LLR 2.03 1.32 0.44

KDE 2.23 1.51 0.40

Min 2.13 1.08 0.85

Table 4. Rank-1 identification rates of multi-view fusion and

multi-view multi-modal fusion
Multi-view fusion Multi-view

Face Gait multi-modal fusion

Sum 96.40 94.87 98.96

SVM 95.33 93.90 99.15

LLR 96.24 94.63 99.09

KDE 90.21 83.34 95.78

Min 94.30 95.43 96.19

By comparing the effects of multi-view and multi-modal,

the improvements using multi-modal are greater than those

using multi-views. The result is supported by the fact

that the strength of the correlation between views within

the same modality is stronger than that among modalities

within the same view as shown in the scatter plots of the

scores (see Figure 11 (a), (b), and (c)). This result is inter-

esting because the observation is slightly different from the

research associated with the face and iris case [3], which

reports that multi-sample fusion outperforms multi-modal

fusion.

Moreover, because the multi-view fusion within the

same modality and multi-modal fusion within the same

view improve the accuracies at one level or another, we can

further improve the accuracies by considering multi-view

and multi-modal fusion simultaneously. As a result, the pro-

posed multi-view multi-modal fusion significantly reduces

EER by relatively 65.7%, compared with those for the best

multi-view fusion within the same modality, and by rela-

tively 37.3%, compared with the best multi-modal fusion

within the same view. This is also supported by the fact

that the score distribution in the score spaces for multi-view

face, multi-view gait, and height show better separability of

positive and negative samples in Figure 11 (d) than those in

11 (a), (b) and (c). This is why the multi-view multi-modal

fusion achieves better accuracies than individual multi-view

and multi-modal fusions.

Consequently, the proposed approach achieves an EER

of 0.37% against data composed of 1,912 subjects. These

results show that the multi-view multi-modal fusion is a

useful approach to person verification tasks.

Identification scenario
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Table 1. EERs of Unimodal, bi-modal, and multi-modal fusion in single view

Uni-modal Bi-modal (face and gait) fusion Multi-modal (face, gait, and height) fusion

view Face Gait Height Sum SVM LLR KDE Min Sum SVM LLR KDE Min

55 4.23 2.47 1.18 1.72 1.23 1.29 1.81 0.69 0.90 0.76 1.09 1.77

65 3.86 2.27 15.48 0.89 0.97 0.90 1.02 1.66 0.59 0.65 0.61 0.91 1.58

75 4.37 2.17 1.09 1.33 1.09 1.10 1.51 0.84 0.90 0.86 0.91 1.52

85 4.70 2.27 0.86 1.44 0.81 1.06 1.35 0.67 0.74 0.69 0.83 1.46

Table 2. Rank-1 identification rate of unimodal, bi-modal, and multi-modal fusion in single view

Uni-modal Bi-modal (face and gait) fusion Multi-modal (face, gait, and height) fusion

view Face Gait Height Sum SVM LLR KDE Min Sum SVM LLR KDE Min

55 88.40 88.89 96.32 96.36 96.19 90.40 90.70 97.10 97.24 97.08 91.87 90.61

65 90.37 90.65 1.92 96.82 96.99 97.17 91.42 91.90 97.76 97.80 97.81 93.21 91.67

75 89.30 90.62 96.78 97.01 96.82 91.43 92.01 97.64 97.54 97.63 93.06 91.83

85 90.39 90.09 97.13 97.17 97.29 91.40 92.26 97.87 97.67 97.92 92.81 92.24

Tables 2 and 4 show the rank-1 identification rates of single-

view unimodals, single-view bi-modal, single-view multi-

modal, multi-view unimodal, and multi-view multi-modal

fusion. Compared with the best single-view unimodal re-

sults, rank-1 identification rates for multi-view fusions of

individual face and gait are improved to 96.40% (+6.01%)

and 95.43% (+4.78%). Comparing the best single-view

unimodal results in individual views, rank-1 identification

rates for single-view multi-modal fusion are improved to

97.24% (+8.35%), 97.81% (+7.16%), 97.64% (+7.02%),

and 97.92% (+7.53%) for 55, 65, 75, and 85-deg views,

respectively. And in almost all cases, multi-modal fusion

outperforms bi-modal fusion (excluding Min rule). We fur-

ther improve the rank-1 identification rates to 99.15% by

considering multi-modal and multi-view fusion simultane-

ously.

From these results, we conclude that the multi-view

multi-modal fusion is also a useful approach for the person

identification task.

7. Conclusions

This paper describes a method employing multi-view

multi-modal biometrics from a single walking image se-

quence. While we adopted not only face and gait but also

the actual height of a person which were all simultaneously

captured by a single camera as multi-modal cues, we used

the variation in observation views included in a single image

sequence as multi-view cues. In our experiments, we con-

structed a multi-view multi-modal (face, gait, and height)

score data set consisting of 1,912 subjects. We then evalu-

ated the proposed method with the data set and achieved

0.37% equal error rate and 99.15% rank-1 identification

rate.

The data in OU-ISIR used for evaluation was captured

in similar conditions (e.g., the same days, the same attire,

and natural facial expressions), the obtained results can be

thought the upper-bound accuracy of the proposed method.

We therefore plan to evaluate the proposed method against

more realistic databases in future.

Future work will include the incorporation of spatial and

temporal resolution of the image sequence as quality mea-

sures, and the treatment of missing data (e.g., face modality

when observed from the rear and gait modality when a per-

son stands still).
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