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Abstract

Most work on multi-biometric fusion is based on static fusion rules. One promi-

nent limitation of static fusion is that it cannot respond to the changes of the

environment or the individual users. This paper proposes context-aware multi-

biometric fusion, which can dynamically adapt the fusion rules to the real-time

context. As a typical application, the context-aware fusion of gait and face for

human identification in video is investigated. Two significant context factors that

may affect the relationship between gait and face in the fusion are considered, i.e.,

view angle and subject-to-camera distance. Fusion methods adaptable to these

two factors based on either prior knowledge or machine learning are proposed

and tested. Experimental results show that the context-aware fusion methods per-

form significantly better than not only the individual biometric traits, but also
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those widely adopted static fusion rules including SUM, PRODUCT, MIN, and

MAX. Moreover, context-aware fusion based on machine learning shows superi-

ority over that based on prior knowledge.

Key words: Multi-biometric fusion, context-awareness, human identification,

face recognition, gait recognition.

1. Introduction

Biometrics, known as the study of methods for uniquely recognizing humans

based upon one or more intrinsic physical or behavioral traits, has become an

active research area as well as a widely adopted technique in many real applica-

tions. Typical biometric traits include face, gait, fingerprint, iris, voice, vein, hand

geometry, etc. Most biometric systems currently deployed in real applications

rely on a single source of information, which are called unimodal biometric sys-

tems. Such systems often suffer from practical problems like noisy sensor data,

non-universality and/or lack of distinctiveness of the biometric trait, unacceptable

error rates, and spoof attacks [1]. To solve these problems, multimodal biometric

systems are proposed by combining evidences from different sources [2]. These

sources might be multiple sensors [3], multiple classification algorithms [4] or

multiple instances [5] for the same biometric trait, or directly from multiple bio-

metric traits [6] [7]. Among them, the systems based on multiple biometric traits,

i.e., multi-biometric fusion, are generally believed to be more robust than others

[8] and thus become the main form of multimodal biometric systems.

Up to the present, most work on multi-biometric fusion is static fusion, i.e., the

fusion rules are predefined and remain fixed when the system is running. However,

in reality, the reliability of a biometric trait might vary with the changes of context.
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Table 1: Typical Biometric Traits and Common Influential Context Factors (1 means the context

factor may affect the reliability of the biometric, 0 means otherwise)

Biometric Trait Face Gait Fingerprint Iris Voice Vein
Hand

Geometry

C
on

te
xt

H
um

an
Fa

ct
or

s

Pose 1 1 0 0 1 1 0

Age 1 1 1 1 1 0 1

Health 1 1 1 1 1 1 1

Emotion 1 1 1 1 1 0 0

Occupation 1 1 1 0 1 0 1

Ph
ys

ic
al

E
nv

ir
on

m
en

t Location 1 1 0 0 0 0 0

Noise 0 0 0 0 1 0 0

Illumination 1 1 0 1 0 1 0

Background 1 1 0 0 0 0 0

Humidity 0 0 1 0 0 0 0

Dey [9] defines context as “any information that can be used to characterise the

situation of entities”. Human factors and physical environment are regarded as the

two most important aspects of context [10]. Examples of typical biometric traits

and common influential context factors are tabulated in Table 1. As can be seen,

the reliability of each biometric trait varies depending on certain context factors.

If these traits are to be combined, then the relationship among them in the fusion

should accordingly change.

However, static fusion cannot adapt to the changing environment and individ-

ual users, which might make multi-biometric systems unstable, unreliable, or even

fail to work in real applications. While adaptive information fusion has recently
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attracted much attention in several areas, little work has been done for context-

aware multi-biometric fusion. Some recent work on quality-based multimodal

biometrics [11] [12] [13] [14] [15] [16] [17] [18] can be viewed as the first few

attempts toward context-aware multi-biometric fusion since the differences in data

quality are usually caused by external context factors, such as sensor quality, il-

lumination condition, background noise, etc. In quality-based fusion, a quality

assessment algorithm is necessary to calculate a quality score. The assessment

usually focuses on the biometric samples themselves, using quality measures di-

rectly calculated from the data, such as the signal-to-noise-ratio [14] [11] and the

high frequency components of Discrete Cosine Transformation [17]. However, at

least at present, a single quality assessment algorithm dealing with all influential

context factors is still unrealistic. While we can regard data quality measures as a

proxy for knowledge about some external factors, there are certain advantages to

trace back to the source context factors of the variability, which include:

1. Quality-based fusion may suffer reluctant responding to new oscillations

which are not defined by the quality measures. Adopting the ‘divide and con-

quer’ strategy by dealing with the source context factors individually could

make the issue much more manageable than trying to pool all variability into

a single quality score.

2. Additional devices, such as a laser distance sensor, can be used to detect

the variation of context, which are usually much more reliable than quality

assessment algorithms.

3. The combination of context factors could be much more complex than a sin-

gle quality score, such as the context-aware fusion based on neural network,

which will be proposed in Section 3.3.2.
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Moreover, context means more than those factors determining quality. According

to a draft of the INCITS Biometric Sample Quality Standard [19], quality of a

biometric sample has three components, namely character of the source, fidelity

of the sample to the source, and utility of the sample within a biometric system,

which can all be reflected by the accuracy of the biometric system. The basic rule

behind quality-based fusion is to give more weight to the more accurate (higher

quality) biometric in the fusion. However, a good fusion strategy is not only in-

fluenced by the accuracy of individual biometric traits. According to the classifier

ensemble theory [20], a good ensemble should be the combination of accurate

and diverse classifiers. Multi-biometric fusion certainly is a special case of clas-

sifier ensemble. Thus in addition to accuracy (quality) of individual biometric,

the diversity of different biometrics should be considered as well. For example,

in the fusion of left-hand fingerprint, right-hand fingerprint and face, usually the

former two fingerprint biometrics are more accurate than the face as individual

traits. But the similarity between the two fingerprints might prevent them from

compensating each other. Considering diversity, the best fusion strategy might

be giving higher weights to one fingerprint and the face, while assigning lower

weight to the other fingerprint. Since both accuracy and diversity are considered

in context-aware fusion while only accuracy is considered in quality-based fusion,

the latter can be viewed as part of the former.

To provide more general solutions, a comprehensive framework of context-

aware multi-biometric fusion is proposed in this paper. As a typical application,

the context-aware fusion of gait and face in video for human identification is inves-

tigated. The application scenario is an intelligent identification system deployed in

home or workplaces, which can automatically identify the people in a watch list.
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Both gait and face are unobtrusive biometric traits and can be simultaneously ob-

tained by most video surveillance systems. The main context factors that affect the

relationship between gait and face in the fusion are view angle and distance from

the subject to the camera. Usually side view is the best view angle for gait recog-

nition because more motion characteristics can be captured from this angle, while

face recognition prefers frontal view because the whole face presents at this angle.

Moreover, gait recognition is not very sensitive to subject-to-camera distance (but

when subject is too far way, the motion characteristics might partly lose due to low

resolution), while face recognition performs better when the subject is close to the

camera because face images of higher resolution can be obtained. Thus when

view angle or subject-to-camera distance changes, the relative importance of gait

and face in the fusion should accordingly change. Methods of incorporating these

two context factors into the fusion process with different degrees of freedom, ei-

ther based on prior knowledge or machine learning, are proposed and compared

with conventional static fusion rules, such as SUM, PRODUCT, MIN, and MAX.

Note that there are other context factors which might affect the accuracy of gait

recognition and face recognition, such as illumination. But the influence of illumi-

nation on both biometrics is similar, i.e., both gait and face perform better in good

illumination and worse in poor illumination. Thus although illumination variation

might affect the accuracy of individual biometrics (and consequently the accuracy

of the fusion), it does not apparently change the relationship between them in the

fusion. Since the focus of this paper is the influence of context factors on the rela-

tionship between modalities in the fusion, the context factors like illumination are

not considered in the case of fusion of gait and face.

The rest of this paper is organized as follows. The framework of context-aware
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multi-biometric fusion is proposed in Section 2. Then the context-aware fusion of

gait and face is investigated in Section 3. Experiments are reported in Section 4.

Finally, conclusions are drawn in Section 5.

2. Multi-Biometric Fusion Adaptable to Context

Suppose B consists of all information about individual biometric traits used in

a multi-biometric system, then static fusion can be expressed by the function

F = fs(B), (1)

where F is the fused information, and the function fs defines how the components

in B are combined. The real implements of B and F depend on the fusion level.

For instance, in feature level fusion, B consists of all biometric feature vectors

of one person, and F is the fused feature vector of this person. In score level

fusion, B consists of the matching scores to each person in the database on each

biometric trait, and F is the vector of fused matching score to each person. Once

fs is determined, the only factor that can affect F is the biometric data B. When

certain context factors change, the suitable fusion function fs also changes, but

there is no mechanism in static fusion to adapt fs to the external variations.

To solve this problem, we propose a framework for context-aware multi-biometric

fusion, which is shown in Fig. 1. In addition to the biometric data B, there are two

more inputs into the Context-Aware Fusion module. The first is the output of the

Context Monitor module, i.e., a perceptual signal M(t) indicating the context at

time t. M(t) is a vector of all context measures. It might come from two different

sources: additional sensors (e.g., the devices to detect the atmosphere temperature,

humidity, etc.) or the biometric data themselves (e.g., the brightness and contrast
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of the images, the emotion and pose of the user, etc.). The other additional input

into Context-Aware Fusion is the knowledge K about the relationship between the

fusion rule and the external conditions. It can be prior knowledge from experts

or learned from a set of training samples. The real implementation of K could be

any knowledge representation form, such as a set of rules, a particular function, a

neural network, a decision tree, etc. Thus context-aware fusion can be represented

by the function

F = fa(B,K(M(t))). (2)

When certain context factors change at time t, M(t) will capture that, and K de-

fines how the fusion rule should be adjusted to adapt to this change. Note that the

fusion function fa is fixed before the system runs. As one parameter of fa, K en-

ables the system to adapt to M(t) during running time. Thus even if B remains the

same, the fusion information F could be different due to different context factors.

Finally, F is input into the Recognition module to get the user’s identity.

During the design of a context-aware multi-biometric system, the following

essential questions need to be answered according to specific applications:

1. Which biometric traits are to be combined (determine B)?

2. Which context variations might trigger the self-adjustment of the system (de-

termine M(t))?

3. How does the system respond to the context changes (determine K)?

4. How to generate the fused information (determine fa)?

Among these four questions, (1) and (4) are common for any multi-biometric

fusion systems, while (2) and (3) are unique for context-aware multi-biometric

fusion. The next section will discuss how gait and face can be combined in a way

adaptive to view angle and subject-to-camera distance.
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3. Context-Aware Fusion of Gait and Face

As a typical application of context-aware multi-biometric fusion, the adap-

tive fusion of gait and face in video is investigated in this section. Both gait

and face can be extracted from the same source, i.e., the video images, with-

out need of additional sensors. This makes it possible to study multi-biometric

fusion based on certain databases for gait recognition, rather than the rare multi-

biometric databases, or the virtual ‘chimeric persons’. The data used in this paper

are the Dataset A and B in the CASIA Gait Database [21]. This is mainly be-

cause: (a) Although it is a database for research on gait recognition, the resolution

of faces in the video images is also reasonable for face recognition. The faces

in most other publicly available gait databases, however, are usually too small

to be recognized, such as the currently largest ‘HumanID Gait Challenge Data

Set’ [22]; (b) The variable view angles (walking patterns) and subject-to-camera

distance in this database help to illustrate the advantages of adaptive fusion over

static fusion. Many other gait databases are either without changes in view angle

(e.g., there is only side view in the MIT Gait Database [23]) or without changes in

subject-to-camera distance (e.g., in the CMU MoBo Database [24], the subjects

walk on a treadmill with fixed distance to the camera); (c) The walking patterns

in this database (see Fig. 2 for examples) represent typical natural waking modes,

while the walking patterns in some other databases are unlikely to appear in reality

(e.g., people walk in circle in the ‘HumanID Gait Challenge Data Set’ [22]).

The fusion of multiple biometric traits could happen at various levels, such as

the feature extraction level, the matching score level or the decision level [6] [8]

[25]. In practice, fusion at the matching score level is generally preferred due to

the ease in accessing and combining matching scores. There are some previous
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Table 2: Differences Between This Paper and Previous Works on Score Level Fusion of Gait and

Face

Work Biometrics Cameras Fusion Rules

Shakhnarovich

and Darrell [26]

Virtual frontal face and

side gait from a 3D

model

4 SUM, PRODUCT, MIN,

MAX

Kale et al. [27] Frontal face and ‘in-

verted Σ’ gait

1 SUM, PRODUCT

Zhou and

Bhanu [28] [29]

Side face and side gait 1 SUM, PRODUCT, MAX

Liu and Sarkar

[30]

Frontal face and gait

around an ellipse

2 SUM, weighted SUM

This paper Face and gait in 5

view angles

1 (Dataset A)

5 (Dataset B)

Adaptive to view angle

and subject-to-camera

distance

works on score level fusion of gait and face. For example, Shakhnarovich and

Darrell [26] proposed to combine virtual gait and face cues generated by a 3D

model derived from multiple camera views. Kale et al. [27] proposed the fusion

of gait and face for a special ‘inverted Σ’ walking pattern. Zhou and Bhanu [28]

[29] proposed a method to improve the side-view gait recognition by using the

enhanced side-view face image generated from the video. Liu and Sarkar [30]

proposed to use both face and gait in enhancing human recognition performance

at a distance in outdoor conditions. Table 2 summarizes the main differences

between these methods and this paper. As can be seen, the fusion rules adopted

by all the previous works are among the four static rules: SUM, PRODUCT, MIN,
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and MAX, i.e., fs in Equation (1) is one of the operators sum, product, min and

max. None of them can respond to the changes of the external conditions, which

creates the need to dynamically adjust the fusion rules according to the context.

The context-aware fusion of gait and face proposed in this paper is also at the

score level. As mentioned in Section 1, the two significant context factors that

affect the relationship between gait and face in the fusion are view angle and dis-

tance from the subject to the camera. Fig. 2 shows the five representative walking

patterns in the Dataset A of the CASIA Gait Database. The start and end frame

images of the typical video clip for each walking pattern are shown above the

corresponding figures. For convenience of description, here we assume that the

weighted sum is used to combine the gait score and the face score. The weight

assigned to each biometric trait indicates the importance of it in the fusion. Ex-

amples of how the gait weight and the face weight vary depending on the context

are shown in the figure. Generally speaking, the performance of gait recognition

is mainly affected by view angle and not closely related to distance. Usually it

will get the best result in the side view (iii) because more motion characteristics

can be captured from this angle. As such, the oblique view (ii, iv) is worse and

the frontal/back view (i, v) is the worst. On the other hand, face recognition is

affected by view angle as well as image resolution, which is determined by the

subject-to-camera distance. In contrast to gait, the frontal view (v) is the best an-

gle for face, the oblique frontal view (iv) is the next, then the side view (iii), and

then the oblique back view (ii), finally, the back view (i) cannot be recognized at

all. Moreover, the closer the face to the camera, the higher the resolution, and the

more accurate the recognition. Accordingly, the weights for gait and face in the

fusion are adjusted in real-time.
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3.1. Matching Scores (Determine B)

First of all, both gait and face need to be extracted from the video images.

Fig. 3 illustrates the extraction process. The gait trait is regarded as temporal

variation of human silhouettes. Assume the background to be steady1, then the

silhouette images can be generated through training a Gaussian model for each

background pixel over a short period and comparing the background pixel proba-

bility to that of a uniform foreground model. One example of the extracted binary

silhouette image is shown in Fig. 3(c). After that, each silhouette image is central-

ized and normalized to the same size as in [31]. A gait trait consists of a sequence

of such binary silhouette images. While face detection is generally known as a

challenging task and many sophisticated detection algorithms have been proposed

[32], it can be greatly simplified based on the already extracted silhouette images.

According to an anatomical study [33], the head/body length ratio is almost the

same for all adult humans, i.e., 0.130. Considering the effects of hairstyle and

possible inaccuracy of the silhouette extraction algorithm, here a slightly larger

head/body ratio is used, i.e., the upper 1/7 of the body silhouette is chosen as the

face region. One example of the face image extraction is shown in Fig. 3(d). The

extracted face images are resized to the same resolution, histogram equalized and

then transformed into a vector of zero mean and unit norm to reduce the variation

of illumination. Note that in a unimodal biometric system based on face, usually

more accurate face detection is required, such as finding the exact locations of the

eyes and nose. But when the whole human body is included in the video frames,

the face resolution is usually too small for accurate detection of salient facial fea-

1The proposed method can also be applied to the moving background case, given the proper

foreground extraction algorithm, which is out of this paper’s scope.
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tures (e.g., eyes and nose). Thus here the relatively simple face extraction method

is adopted.

3.1.1. Gait Matching Score

Given the training gait data G = [xg
1; xg

2; . . . ; xg
n], where xg

i represents the d-

dimensional row vector of a normalized binary silhouette image, LPP (Locality

Preserving Projection) [34] is used to extract the corresponding low-dimensional

features, i.e., find a d× l (l < d) transform matrix Wg to project a silhouette image

into a l-dimensional feature vector yg
i = xg

i Wg. Assume the row vectors of G to

be n nodes of a graph, an edge will connect nodes i and j if xg
i and xg

j are close.

Here ‘close’ is defined by the k-nearest neighbors. A symmetric n×n edge matrix

E = [ei j] can be obtained with ei j = 1 indicating an edge between nodes i and j

exists, and ei j = 0 otherwise. Then the transform matrix Wg = [w1,w2, · · · ,wl]

can be calculated by solving the generalized eigenvector problem

GT LGw = ηGT AGw, (3)

where A is a diagonal matrix whose entries are column (or row) sums of E,

L = A − E is the Laplacian matrix. The wi’s in Wg are the eigenvectors of Equa-

tion (3) corresponding to the l largest eigenvalues. Suppose a video is represented

by X, where each row X(i) stores one frame. Then, the features of X is calculated

by Y = XWg. Suppose the gallery gait video (the video stored in the database

of known persons) of person p is Xp, the probe gait video (the video to be recog-

nized) is X. Then the gait matching score sg(X,Xp) is calculated by

sg(X,Xp) = −dH(XWg,XpWg), (4)

where dH is the mean Hausdorff distance defined by

dH(XWg,XpWg) = ∆(XWg,XpWg) + ∆(XpWg,XWg), (5)
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∆
(
XWg,XpWg

)
= mean

i
(min

j
‖X (i) Wg − Xp( j)Wg‖). (6)

3.1.2. Face Matching Score

The face recognition algorithm used in this approach is Fisherface [35], which

tries to find a feature space that maximizes the ratio of the inter-personal difference

and the intra-personal difference by applying Fisher’s Linear Discriminant (FLD).

Suppose each video is represented as a matrix, whose rows store the normalized

face vectors in the frames, the transformation matrix of Fisherface is W f , the

gallery video of person p is Xp, the probe video is X, then the face matching score

between X and Xp is

s f (X,Xp) = −dH(XW f ,XpW f ), (7)

where dH is the mean Hausdorff distance defined in Equation (5).

After the scores between the probe video X to all the known persons in the

database have been calculated, the gait scores are stored in the vector b1 with each

element corresponding to one gait score (sg), the face scores are stored in b2 with

each element corresponding to one face score (s f ), and the biometric data

B = {b1, b2}. (8)

3.2. View Angle and Distance Estimation (Determine M(t))

In case of context-aware fusion of gait and face, the perceptual signal M(t)

in Fig. 1 consists of two kinds of information: the view angle and the subject-to-

camera distance, which can be estimated through analyzing the silhouette images.

Each of the five walking patterns in Fig. 2 corresponds to one view angle θ,

which is shown in Fig. 4. In order to keep θ within [−π/2, π/2], the walking

pattern (iv) is flipped left to right. Note that left-right flipping changes little of the
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Table 3: Silhouette Analysis to Determine the Walking Patterns

Walking Pattern View Angle Conditions to Satisfy

(i) −π/2 he − hs < −ρ1 fh, |cs − ce| ≤ ρ2 fw

(ii) −π/4 he − hs < −ρ1 fh, |cs − ce| > ρ2 fw

(iii) 0 |he − hs| ≤ ρ1 fh

(iv) π/4 he − hs > ρ1 fh, |cs − ce| > ρ2 fw

(v) π/2 he − hs > ρ1 fh, |cs − ce| ≤ ρ2 fw

relationship between gait and face in the fusion due to human body symmetry. In

the video clip of a walking person, suppose the first frame is s, the last is e, the

width and height of each frame are fw and fh, the height of the silhouette in s is hs,

that in e is he, the horizontal position of the silhouette centroid in s is cs, and that

in e is ce. Then the five walking patterns (i-v) can be determined through Table 3,

where ρ1 and ρ2 are ratio threshold parameters. Note that the left-right flipping

will not change the classification rules, which means flipping pattern (iv) does

not require a real image flipping operation. There are more sophisticated ways to

detect the view angle, but since the walking patterns in the CASIA Gait Database

are relatively fixed, these simple rules are effective enough to estimate the walking

pattern (view angle) for each video clip, and they can work very quickly to ensure

real-time response. Moreover, even in more general cases when the view angle is

not multiples of π/4, Table 3 can classify the view angle into the closest walking

pattern.

The second context factor, the distance from the subject to the camera, can be

roughly estimated for each frame in the video as shown in Fig. 5. Suppose the

actual height of the subject is H, the height of the silhouette in the image is h, the
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distance from the subject to the camera lens is D, and the focal length of the lens

is d, then

D = Hd/h = α/h, (9)

where α = Hd. Without knowing α, it seems that D cannot be actually calcu-

lated. Fortunately, α can be removed as a common factor from the numerator and

denominator when applying the Min-Max normalization:

D̃ =

D −min
i

(Di)

max
i

(Di) −min
i

(Di)
(10)

=

1
h −min

i
( 1

hi
)

max
i

( 1
hi

) −min
i

( 1
hi

)
.

Thus α does not affect the normalized distance D̃.

Suppose at time t, the view angle (determined by the walking pattern) is θ(t),

and the normalized subject-to-camera distance is D̃(t), then the perceptual signal

at time t is

M(t) = {θ(t), D̃(t)}. (11)

It is noteworthy that the methods used to estimate θ and D can only give a rough

estimation. The relatively good performance of the proposed methods in the latter

experiments indicates that a rough estimation of θ and D is enough so long as they

reveal the basic variations of the relationship between the component biometric

traits. While a precise estimation of θ and D might further improve the perfor-

mance, the selection of a good fusion rule is much more important, which will be

discussed in the next section.

16



3.3. Context-Aware Fusion Rules (Determine K and fa)

As shown in Fig. 1, the knowledge K about the relationship between the fu-

sion rules and the context could be determined by prior knowledge or machine

learning from a set of training data. In this section, both approaches are inves-

tigated, first by a series of empirically determined rules based on weighted sum,

then by machine learning based on a neural network. It is worthy to mention that

although some methods described in this section are designed for the five repre-

sentative walking patterns shown in Fig. 2, they can be easily extended to more

general cases with arbitrary view angles.

3.3.1. Context-Aware Fusion Based on Weighted Sum

Suppose sg is the gait matching score calculated by Equation (4), and s f is the

face matching score calculated by Equation (7). Note that with the walking pattern

already being estimated by Table 3, the matching scores are calculated between

the probe video and those gallery videos of the same walking pattern. Both sg and

s f are first normalized to the same scale through Min-Max normalization, getting

s̃g and s̃ f . Then the fusion score is calculated as the weighted sum

s = λs̃g + (1 − λ)s̃ f , (12)

where the weight λ ∈ [0, 1]. Recall the function in Equation (2), here the fusion

function fa is weighted sum, and the knowledge K is about how to generate the

fusion weigh λ based on the perceptual signal M(t) calculated by Equation (11):

λ = K(M(t)). (13)

For context-aware fusion, λ is related to the walking pattern determined by Table 3

and the normalized subject-to-camera distance D̃ determined by Equation (10).
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With different sensitivity to θ and D̃, λ is generated in four different ways,

which are described in detail below (Case 1 to Case 4, from constant to sensitive).

The corresponding surface plots in the θ-D̃-λ space are shown in Fig. 6.

Case 1: λ is a constant number 0.5. This case is actually using the static fusion

rule SUM. Equal importance is assigned to gait and face no matter how θ and D̃

vary. The corresponding plot is show in Fig. 6(a).

Case 2: λ is a constant number for each view angle. In this case, λ changes

with θ but not D̃. The suitable values of λ for each view angle is empirically

determined. The basic principle is “gait recognition prefers side view while face

recognition prefers frontal view”. We experimented with a series of configurations

(more details in Section 4) and the highest accuracy was achieved when λ equals

1.0, 0.8, 0.7, 0.6, and 0.5 with θ equals −π/2, −π/4, 0, π/4, and π/2, respectively.

The corresponding plot is show in Fig. 6(b).

Case 3: λ varies with D̃ within a certain range determined by θ. Since the gait

recognition algorithm cannot work on a single image, in order to incorporate the

influence of D̃, each video clip is divided into m (m might be different for different

video clips) subsets along the time axis with an overlap of v frames between the

neighboring subsets. Each subset corresponds to a short period of time, and the

fusion rule within this period is assumed to be steady. The gait recognition algo-

rithm usually works when the video sequence includes at least one walking cycle

(two steps), thus the length of each subset r should include at least one walking

cycle. Suppose the average value of D̃ over all frames in the subset i (i = 1, . . . ,m)

is D̄i, then λ is calculated by

λ =

D̄i −min
i

(D̄i)

max
i

(D̄i) −min
i

(D̄i)
× (maxθ − minθ) + minθ, (14)
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where [minθ,maxθ] is the range of λ determined by the view angle θ, i.e., the view

angle determines the possible range of the weight, and the subject-to-camera dis-

tance determines how the weight varies in that range. Note the difference of the

min/max operators in Equation (10) and (14): those in Equation (10) regard all

frame images in the training set while those in Equation (14) regard the m subsets

in a video clip. For each subset i, a fusion score si can be calculated by Equa-

tion (12). The final score for a video clip is the average score over all its subsets,

based on which the person in that video clip is recognized. There are two princi-

ples when choosing a suitable range of λ for each view angle. Aside from the one

used in Case 2, the other one is “the closer the subject to the camera, the smaller

λ should be (more weight on face and less on gait)”. We also performed a series

of experiments on different choices of [minθ,maxθ], and the highest accuracy was

observed when the λ ranges are [1, 1], [0.8, 0.9], [0.7, 0.7], [0.6, 0.9], and [0.5, 0.8]

for the view angles −π/2, −π/4, 0, π/4, and π/2, respectively. The corresponding

plot is show in Fig. 6(c).

Case 4: λ is generated by a function of θ and D̃. In order to incorporate the

influence of D̃, similar to Case 3, each video is divided into m subsets and the

average distance D̄ in each subset is calculated. Finding an optimal function of

θ and D̄ to generate λ is a difficult problem. But there are still some traces to

follow. First, λ should decrease with the increase of θ; Second, λ should increase

with the increase of D̄; Third, λ = 1.0 when θ = −π/2; Fourth, λ ∈ [0, 1] when

θ ∈ [−π/2, π/2] and D̄ ∈ [0, 1]. After several empirical tests on possible functions,

the following hyperbolic tangent functions are chosen to fit this problem.

f (θ) = a1 tanh(b1θ) + c1, (15)

g(D̄) = a2 tanh(b2D̄) + c2, (16)
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λ = 1 − (1 − f (θ))(1 − g(D̄)). (17)

We tested several sets of function parameters satisfying the aforementioned four

traces, and the one with the highest accuracy is a1 = 0.5, b1 = −0.5, c1 = 1 −
0.5 tanh(π/4), a2 = 0.7, b2 = 5, c2 = 0. The corresponding plot is show in

Fig. 6(d). Similar to Case 3, after the fusion scores si (i = 1, . . . ,m) of all the m

subsets in a video clip are calculated, the average score (Equation (??)) is used for

recognition.

For comparison, the ‘optimal’ λ values calculated from the test set P1 of

Dataset A used in Section 4 are plotted in Fig. 6(e). The continuous range of

D̄ in [0, 1] is divided into 10 bins with width 0.1. Thus the λ values compose a

5 × 10 matrix with each entry corresponding to a different pair of (θ, D̄). For each

test sample in P1, 11 different values of λ, from 0 to 1 with the step 0.1, are respec-

tively used to combine the gait score and face score. The λ value corresponding to

the highest rank of the correct class label is recorded as the best λ corresponding

to the (θ, D̄) pair of that test sample. Finally, the average value at each (θ, D̄) entry

in the matrix are calculated as the ‘optimal’ λ. As can be seen that the surfaces in

Fig. 6(b), (c) and (d) are increasingly similar to that of the ‘optimal’ λ in Fig. 6(e).

More specifically, in Fig. 6(e), λ tends to decrease with the increase of θ and in-

crease with the increase of D̄, which is consistent with the principles used in Case

2 to Case 4.

It can be seen in the progression from Case 1 to Case 4 that λ becomes more

sensitive to the changes of θ and D̃. At the same time, more parameters need to

be empirically determined. These parameters must be carefully tuned to suit a

specific database. For a more general solution, machine learning techniques, such

as neural networks, can be adopted to automatically learn the relationship between
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the fusion scheme and the context. Consequently, such approaches can be easily

applied to different databases.

3.3.2. Context-Aware Fusion Based on Neural Network

The basic assumption in Section 3.3.1 is the weighted sum fusion rule. The

system responds to the changes of view angle and distance through adjusting the

weight λ, and the way of adjusting λ is empirically determined. In this section, all

of these assumptions are removed by using a neural network to learn how to fuse

gait score and face score according to different view angles and subject-to-camera

distance. This means both K and fa are implied by the neural network.

First, as described in Case 3 and Case 4, each video clip is also divided into

several subsets and the average distance D̄ is calculated. Then, for each subset, a

feature vector v is composed

v = 〈s̃1
g, s̃

2
g, . . . , s̃N

g , s̃
1
f , s̃

2
f , . . . , s̃N

f , D̄,u(θ)〉, (18)

where s̃p
g and s̃p

f (p = 1, . . . ,N) are the normalized gait and face matching scores

to person p respectively, and N is the number of known persons in the database.

Since there are only 5 possible values of θ (−π/2, −π/4, 0, π/4, and π/2), a binary

5-dimensional vector u(θ) is integrated into the feature vector. The i-th element

in u(θ) is 1 if θ equals the i-th value, and 0 otherwise. In the same way, the class

label (personal ID) of each subset is also transformed into an N-dimensional bi-

nary vector l. Thus for each subset in the training set, a feature-label pair (v, l)

is generated and used to train a feedforward network with one hidden layer by

the backpropagation algorithm [36]. The architecture of the network is shown is

Fig. 7. There are 2N + 6 (the dimensionality of v) neurons in the input layer and

N (the dimensionality of l) neurons in the output layer. Details about how to de-
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termine the number of neurons in the hidden layer will be described in Section 4.

After the neural network is trained, given a new video clip, it is first divided

into m subsets as described before. For each subset, compose its feature vector vi

(i = 1, . . . ,m), input vi into the neural network, get the output vector li. The p-th

element in li, lp
i , can be viewed as a vote for person p. Then all li’s are sum over

all subsets and the largest element in the result indicates the ID of the person in

the video clip:

ID = arg max
p

(
∑

i

lp
i ). (19)

In the whole procedure, there are no empirical assumptions on how the fusion

should respond to the changes of context. All kinds of information including the

gait scores, the face scores, the view angle, and the subject-to-camera distance

is input into the neural network and we allow the learning algorithm to find out

the relationship between them. Intuitively, this approach should perform better

than those based on weighted sum because: (a) the knowledge K and the fusion

function fa are learned from a training set; (b) the relationship learned by the

neural network is nonlinear, which is generally believed more suitable for realistic

problems.

4. Experiment

4.1. Methodology

4.1.1. Data Sets

The data used in the experiment is the Dataset A (the former NLPR Gait

Database [37]) and a subset of Dataset B in the CASIA Gait Database [21]. There

are 20 different subjects in Dataset A. All the videos are captured in an outdoor

environment. Each subject walks along a straight-line path back and forth twice
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with three different angles between the path line and the image plane: lateral (0◦),

oblique (45◦), and front/back (90◦). Using the convention shown in Fig. 4, the

view angles θ included in Dataset A are: −π/2, −π/4, 0, π/2, 3π/4, and π. Since

the left-right flipping hardly changes the relationship between gait and face in the

fusion due to human body symmetry, 3π/4 belongs to pattern (iv), and π belongs

to pattern (iii). In total, there are 20 (persons) ×3 (path angles) ×2 (back and forth)

×2 (twice) = 240 gait video clips in Dataset A. Typical video frames from Dataset

A in the five walking patterns (i-v) are shown in Fig. 8(a).

Dataset B is a much larger database, including 124 different subjects with vari-

ations in view angle and walking status (normal, in a coat, or with a bag). All the

videos are captured in a well controlled laboratorial environment. Since clothing

and carrying condition changes are not in the scope of this paper, only the videos

with normal walking status are used in this experiment. Five typical view an-

gles (000◦, 036◦, 090◦, 144◦, and 180◦) corresponding to the five walking patterns

shown in Fig. 4 are selected. Although the oblique views (036◦ and 144◦) are not

exactly ±π/4, they can be accurately detected as pattern (iv) and (ii) respectively

by the rules listed in Table 3. Thus the view angles can be roughly transformed

into the convention shown in Fig. 4 as π/2, 3π/4, π, −3π/4, and −π/2, respec-

tively. By symmetry, the angle out of [−π/2, π/2] can be mapped into one of the

five patterns: 3π/4 as pattern (iv), π as pattern (iii), and −3π/4 as pattern (ii).

In this dataset, each subject walks along a straight line for 6 times while being

captured by multiple cameras from all the view angles. In total, there are 124

(persons) ×5 (view angles) ×6 (times) = 3720 gait video clips in the experimental

Dataset B. Typical video frames from Dataset B in the five walking patterns are

shown in Fig. 8(b).
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In both Dataset A and B, the videos of each individual in the same walking

pattern are randomly divided into equal-sized training set (gallery set, denoted by

G1) and test set (probe set, denoted by P1). Based on the training set, a gait score

generator (Equation (4)) and a face score generator (Equation (7)) are trained.

Then the recognition rates of the probe videos by the gallery video database based

on gait-only, face-only, and the fusion of them are compared. The fusion methods

include the context-aware fusion based on weighted sum or neural network pro-

posed in Section 3, and those static fusion rules commonly used by most previous

works on multi-biometric fusion [26] [27] [28], namely SUM, PRODUCT, MIN,

and MAX.

4.1.2. Preprocessing and System Parameters

For gait score calculation described in Section 3.1.1, the silhouette images are

normalized to 48 × 32, the subspace dimensionality l = 25 and the neighborhood

size k = 15. For face score calculation described in Section 3.1.2, the face images

are normalized to 25 × 25, the subspace dimensionality q = N − 1, where N is the

number of different individuals in the database. When determining the walking

patterns, the ratio threshold ρ1 = ρ2 = 0.1 in Table 3. In case the video clips

need to be divided into subsets (Case 3, Case 4 in the weight-sum-based fusion

and the neural-network-based fusion), the number of frames in each subset r = 30

(since the longest walking cycle in the data sets is no more than 30 frames), and

the overlap v = 15.

There are increasing number of parameters in Case 2 to Case 4 of the weighted-

sum-based fusion, which need to be empirically determined. For each case, sev-

eral representative parameter settings are tested and the best one is chosen. Fig. 9

illustrates how the parameters for Case 2 is determined. Recall that in Case 2, λ is
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determined only by the view angle (walking pattern). The representative parame-

ter settings for Case 2 must satisfy the following conditions: (a) λ decreases with

the increase of view angle; (b) λ = 1 for walking pattern (i); (c) the parameter set-

tings are significantly different from each other. In this case, condition (c) means

λ decreases with significantly different rate. In Fig. 9, four settings are tested on

Dataset A. The recognition accuracy of each setting is shown in the legend box,

and the best one is chosen. The parameter settings for Case 3 and Case 4 are

determined in the similar way, which have been given in Section 3.3.1.

For the context-aware fusion based on neural network, besides the training set

for the gait score generator and the face score generator, one more training set is

needed to train the neural network. Thus the test set needs to be further divided

into two parts, one as training set (denoted by T2), the other as test set (denoted

by P2). For Dataset A, because there is only one test video from each individual

in each view angle, the test video is divided into subsets of length r = 30 frames,

as described before. Then, half of these subsets are randomly selected, the corre-

sponding feature vectors v (Equation (18)) and label vectors l are calculated, and

the (v, l) pairs are used as the training set for the neural network shown in Fig. 7.

The other half are used as the test set. Note that each video in this test set is

only about half as long as the original video. For Dataset B, since there are three

test videos from each individual in each view angle, two of them are randomly

selected as training set for the neural network and the other is used as test set.

There is only one parameter in the neural-network-based fusion, i.e., the num-

ber of neurons κ in the hidden layer. In order to find a suitable value for κ, 10% of

G2 are randomly selected as a validation set to test the neural network trained on

the remaining 90% of G2. Ten-fold cross validations are performed for different
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values of κ. Finally, the κ value with the highest average accuracy is selected as

the best setting. In this experiment, the best setting of κ for Dataset A is 160, and

that for Dataset B is 400. Note that in the whole procedure of seeking the best

κ, the test set P2 is not used, which ensures a fair comparison on P2 with other

algorithms.

4.2. Results

4.2.1. Single Modality Versus Multi-modality Fusion

The recognition rates of gait-only, face-only, the static fusion rules (SUM,

PRODUCT, MIN, and MAX), the four cases of weighted-sum-based context-

aware fusion, as well as the weighted sum fusion using the ‘optimal’ λ plotted in

Fig. 6(e) on Dataset A (trained onG1 and tested on P1) are tabulated in Table 4 and

those on Dataset B are tabulated in Table 5 The recognition rates are calculated

for all the test videos in P1, as well as each walking pattern separately. The best

performance in each case is highlighted by boldface, and the fusion results bet-

ter than both gait-only and face-only are underlined. The results of gait-only and

face-only in different walking patterns support the prior knowledge about the re-

lationship between gait/face recognition and the view angle used in Section 3.3.1,

i.e., gait recognition prefers the side view (walking pattern (iii)) while face recog-

nition performs better in the frontal view (walking pattern (v)). It might be a little

strange to see a 55% face recognition rate for the back view (walking pattern (i))

when there is no face actually shown in the images. The possible reason is that

the hair can also be used to distinguish different people [38]. It can be seen that

none of the static fusion rules can guarantee a better result than the single bio-

metric traits in all cases. As for the overall performance, only SUM and MAX

can get slightly better results than both gait-only and face-only. This is due to the
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Table 4: Recognition Rates (%) on the Test Set P1 of Dataset A

Walking Pattern (i) (ii) (iii) (iv) (v) All

Gait-only 50.0 50.0 72.5 65.0 60.0 61.7

Face-only 55.0 55.0 57.5 65.0 70.0 60.0

SUM 75.0 55.0 80.0 60.0 60.0 68.3

PRODUCT 75.0 45.0 72.5 35.0 45.0 57.5

MIN 80.0 30.0 65.0 30.0 50.0 53.3

MAX 70.0 75.0 57.5 70.0 60.0 65.0

Case 1 80.0 95.0 70.0 95.0 85.0 82.5

Case 2 80.0 100.0 85.0 95.0 80.0 87.5

Case 3 80.0 100.0 85.5 85.0 85.0 88.3

Case 4 80.0 100.0 82.5 95.0 90.0 88.3

‘Optimal’ λ 85.0 100.0 82.5 95.0 95.0 90.0

usage of the fixed fusion rules without considering the reliability of different bio-

metric traits under different conditions. An unreliable single biometric trait might

deteriorate the performance of the other better one in the fusion.

With the ability to perceive view angle (walking pattern) and subject-to-camera

distance, all the four cases of the weighted-sum-based context-aware fusion per-

form not only significantly better than both single biometric traits, but also signif-

icantly better than all the static fusion rules. Specially, Case 1 also uses the static

SUM rule. Thus its superiority over directly applying the SUM rule mainly comes

from the way of calculating the matching scores according to different walking

patterns. This also suggests possibilities for further improvement by applying the
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Table 5: Recognition Rates (%) on the Test Set P1 of Dataset B

Walking Pattern (i) (ii) (iii) (iv) (v) All

Gait-only 65.0 68.3 71.4 70.3 69.2 68.8

Face-only 63.3 65.3 66.7 66.4 71.4 66.6

SUM 66.4 68.6 70.6 68.6 71.9 69.2

PRODUCT 58.9 58.3 69.4 67.8 63.3 63.6

MIN 67.5 53.9 67.8 64.7 69.4 64.7

MAX 66.1 70.3 75.0 68.9 71.4 70.3

Case 1 83.3 89.4 61.4 72.2 77.5 76.8

Case 2 71.7 87.2 88.6 89.4 83.1 84.0

Case 3 72.2 88.3 89.2 91.1 86.7 85.5

Case 4 85.6 90.0 89.4 91.1 86.7 88.6

‘Optimal’ λ 86.9 91.11 91.7 92.5 86.9 89.8

techniques for view-based gait recognition [39, 40, 41] and/or view-based face

recognition [42]. From Case 2 to Case 4, the fusion is more and more sensitive

to the changes of context. Thus better performance than Case 1 can be achieved.

Since both Case 3 and Case 4 can dynamically adjust the fusion weights according

to both view angle and subject-to-camera distance, they achieve the highest over-

all accuracy among the four context-aware fusion cases, which is only slightly

lower than that of the fusion using ‘optimal’ λ. Note that the ‘optimal’ λ is calcu-

lated from the test set P1. Thus the corresponding accuracy can be viewed as the

upper bound of the accuracy of the fusion schemes based on weighted sum tested

on P1. It is also notable that Case 4 performs better than the ‘optimal’ λ for the
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walking pattern (iii). This is because that the ‘optimal’ λ is not the real optimal

λ since: 1. the ‘optimal’ λ is obtained through roughly quantizing the continuous

distance D̄ and λ with the width 0.1; 2. the real optimal λ for each test sample

should be different, but the ‘optimal’ λ is an average value for all the samples in

the test set P1. Thus, although the ‘optimal’ λ generally should achieve the best

performance, it is not guaranteed.

Note that Dataset B is much larger than Dataset A, but the overall performance

of the context-aware fusion schemes on Dataset B is not significantly worse than

that on Dataset A, some are even better, such as Case 4. This shows the good gen-

eralization ability of context-aware fusion. Another reason might be that Dataset

B is obtained in a well controlled laboratorial environment (e.g., relatively steady

illumination, predefined walking route, precise view angle, etc.), thus different

videos of the same person in the same view angle might be more similar than

those videos in Dataset A obtained in outdoor environment. This also explains

why Gait-only and Face-only perform better on Dataset B than on Dataset A.

4.2.2. Prior-knowledge-based Fusion Versus Machine-learning-based Fusion

The context-aware fusion schemes based on weighted sum (including the ‘op-

timal’ λ) and the neural-network-based fusion are further tested on P2 of Dataset

A and B, and the results are compared in Table 6 and Table 7, respectively. The

highest recognition rate in each case is highlighted by boldface. Note that it is

not appropriate to test the neural network on P1 since half of the video subsets

in it (T2) were used for the training of the neural network. As can be seen, from

Case 1 to Case 4, the overall performance becomes increasingly better since they

are more and more sensitive to view angle and subject-to-camera distance. The

weighted sum fusion using the ‘optimal’ λ still gets slightly higher accuracy than
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Table 6: Recognition Rates (%) on the Test Set P2 of Dataset A

Walking Pattern (i) (ii) (iii) (iv) (v) All

Case 1 80.0 80.0 75.7 85.0 80.0 79.5

Case 2 80.0 90.0 86.5 95.0 80.0 86.3

Case 3 80.0 85.0 86.5 95.0 90.0 87.2

Case 4 85.0 95.0 89.2 95.0 80.0 88.9

‘Optimal’ λ 85.0 95.0 89.2 95.0 85.0 89.7

Neural Network 100.0 100.0 97.3 100.0 100.0 99.2

the four cases. The neural-network-based fusion achieves very high accuracy on

P2. The significant improvement over the weighed-sum-based fusion is due to the

ability of the neural network to learn the knowledge K and the fusion function

fa from the training set T2, rather than empirically determining them like that in

Case 1 to Case 4. Specially, the accuracy of the neural-network-based fusion is

much higher than the upper bound of the weighed-sum-based fusion represented

by the ‘optimal’ λ. This indicates the advantages of the neural network to model

the complex relationship among the individual biometrics and the context factors,

rather than assume the relationship to be as simple as a weighted sum. However,

the disadvantage of the neural-network-based fusion is in its scalability: when

the persons in the database change, the neural network must be re-trained. The

training process might be time-consuming when the database is very large. Thus

for applications with a frequently variational large database, the fusion based on

weighted sum (Case 1 to Case 4) might be a more practical choice.
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Table 7: Recognition Rates (%) on the Test Set P2 of Dataset B

Walking Pattern (i) (ii) (iii) (iv) (v) All

Case 1 80.0 80.8 72.5 75.0 84.2 78.5

Case 2 69.2 87.5 82.5 75.0 84.2 79.7

Case 3 69.2 87.5 82.5 85.0 90.8 83.0

Case 4 85.8 87.5 83.3 80.8 84.2 84.3

‘Optimal’ λ 80.8 89.2 90.0 91.7 85.0 87.3

Neural Network 99.2 97.5 95.8 100.0 100.0 98.5

4.2.3. Effects of External Factors

In order to reveal the influence of the subject-to-camera distance, each subset

of the videos in P1 of Dataset A is independently recognized, rather than com-

bining the results of all subsets in one video (Equation (??)). These subsets are

then grouped by their corresponding average distance D̄. The possible range of D̄,

[0, 1], is equally divided into 5 bins, i.e., [0, 0.2), [0.2, 0.4), [0.4, 0.6), [0.6, 0.8),

and [0.8, 1]. The subsets are selected into the same group if their corresponding

D̄’s fall into the same bin. Thus the 5 groups represent the video subsets with dif-

ferent subject-to-camera distance. The recognition rate in each group is calculated

for gait-only, face-only and the four cases of the weighted-sum-based context-

aware fusion. The results are shown in Fig. 10. As can be seen that the further

the subject to the camera, the worse face-only performs. The recognition rate of

gait-only does not always decrease with the increase of D̄, which indicates that it

is not apparently related to D̄. But when the subject is far away (D̄ ∈ [0.8, 1]),

the motion characters might be difficult to capture, thus gait-only also performs
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poorly. Combined with the worst performance of face-only at [0.8, 1], it is not

surprising to see the accuracy of all the fusion methods deteriorates dramatically

at this range. All the four cases of the context-aware fusion based on weighted

sum perform better than both single biometric traits at all distance ranges, among

which Case 3 and Case 4 achieve the best results because they can adapt the fusion

weights to both view angle and subject-to-camera distance.

In order to test the sensitivity of the neural-network-based context-aware fu-

sion to the limitations of the measurement process, only the video segments with

certain range of subject-to-camera distance are used to train the neural network,

but the trained neural network is tested by video segments with full range of dis-

tance. The result on Dataset B is shown in Fig. 11. The neural network is trained

by the video segments in T2 with D̄ in [0, 1] (full range), [0, 0.8], [0, 0.6], [0, 0.4],

and [0, 0.2], respectively, and then tested by all the videos in the the test set P2.

As can be seen, the performance of the neural network remains almost the same

when the training distance range is reduced to [0, 0.8], but starts to deteriorate sig-

nificantly after the training distance range shrinks to [0, 0.6] or smaller. Since the

measurement process is not likely to be too restricted (such as only able to mea-

sure the distance within [0, 0.8]), the neural-network-based fusion can be regarded

as not sensitive to the measurement limitations.

In order to test the sensitivity of the neural-network-based fusion to novel

context, only part of the training set T2 of Dataset B are used to train the neural

network (thus the context variations included in the training set are reduced), and

then it is tested on all the videos in P2 of Dataset B (thus the test set still includes

all context variations). The percentage of training samples out of G2 decreases

from 100% to 20%, with the step 20%. The result is shown in Fig. 12. As can
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be seen that the recognition rate of the neural network remains higher than 90%

even when only 40% samples of the training set are used. The insensitivity of

the proposed fusion scheme to training samples illustrates its ability to deal with

novel context.

In order to test the scalability of the proposed context-aware fusion schemes,

Dataset B is divided into four subsets. The first is a generic training set (denoted

by T) including all the videos of half subjects in Dataset B (62 persons). The

other three subsets are from the videos of the remaining 62 subjects in Dataset B,

where the six videos of each individual in the same walking pattern are equally

divided into a gallery set (denoted by G3) and a probe set. In order to train the

neural network, the three videos of each individual in the same walking pattern

in the probe set are further divided into a training set (denoted by T3) containing

two videos and a test set (denoted by P3) containing the remaining one. T is used

to train the gait and face classifiers described in Section 3.1. G3 is used to extract

the personal features by the classifiers. P3 is used to test the fusion schemes, i.e.,

find the most similar person in G3 for each video in P3. T3 is used only for the

neural-network-based fusion, but not for the weighted-sum-based fusion. In this

way, the weighted-sum-based fusion schemes are trained on T and tested on pre-

viously unseen subjects. As for the neural-network-based fusion, as mentioned,

it requires one more training on T3 from the new subjects, but the gait and face

classifier are still trained on different subjects (T). The results are tabulated in

Table 8. Compared with Table 7, Table 8 shows even better performance. Besides

the reason that the number of subjects to recognize is reduced to half, this also

indicates good scalability of the proposed methods. When applied to previously

unseen subjects, the weighted-sum-based schemes can be directly used without
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Table 8: Recognition Rates (%) on the Test Set P3 of Dataset B

Walking Pattern (i) (ii) (iii) (iv) (v) All

Case 1 86.7 81.7 71.7 85.0 88.3 82.7

Case 2 75.0 85.0 83.3 86.7 88.3 83.7

Case 3 75.0 86.7 83.3 88.3 91.7 85.0

Case 4 86.7 86.7 83.3 90.0 88.3 87.0

‘Optimal’ λ 88.3 90.0 91.7 95.0 88.3 90.7

Neural Network 98.3 96.7 98.3 100.0 100.0 98.7

re-training. For the neural-network-based scheme, only the neural network itself

need to be trained to fit the new data, while the existing gait and face score gener-

ators do not need to be re-trained.

5. Conclusion and Discussion

This paper proposes context-aware multi-biometric fusion. Up to the present,

most existing work on multi-biometric fusion is based on static fusion. On the

contrary, context-aware fusion can perceive the changes of the external factors

and dynamically adapt the fusion rule to those changes. To illustrate the ad-

vantages of context-aware fusion, the fusion of gait and face in video which is

adaptable to view angle and subject-to-camera distance is investigated. Several

context-aware fusion schemes based on either prior knowledge (weighted sum)

or machine learning (neural network) are proposed. Experimental results reveal

that the context-aware fusion methods perform significantly better than conven-

tional static fusion rules, such as SUM, PRODUCT, MIN and MAX. Moreover,
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the context-aware fusion based on machine learning can remarkably improve that

based on prior knowledge.

The flowchart of context-aware multi-biometric fusion shown in Fig. 1 is a

general framework, which leaves a lot of possibilities for the future work that

might further improve the results reported in this paper. First, for the fusion level,

although only the score level fusion is investigated in this paper, other fusion

levels, such as the more essential feature level fusion could also be adopted in

the framework. As for the fusion rules, other than the empirically determined

weighted sum fusion and the neural network based fusion, other optimization

methods, such as the Genetic Algorithm and SVM, could be applied to find out

the relationship between the context factors and the fusion rules.

Second, the detection methods for the context factors could be further im-

proved. While this paper assumes people walking along a straight path (which

is the most common case) with five quantized angles, in practice, people might

change their paths unpredictably. Thus in order to make the system effective in

more realistic scenarios, more sophisticated techniques could be adopted for pose

estimation, such as tracking the location of the head [43, 44], or face pose estima-

tion [45, 46, 47]. Moreover, additional special sensors can also help to improve the

performance, such as using a laser distance sensor to detect the subject-to-camera

distance.

Third, this paper studies one typical application of context-aware multi-biometric

fusion, i.e., the adaptive fusion of gait and face in video for human identification.

In the future, the context-aware fusion of other biometric traits (fusion of two or

more biometrics) will be further investigated, such as the adaptive fusion of face,

fingerprint, iris, and voice, etc. Also, the application of the context-aware fusion
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to a verification scenario is also possible with a few changes in the design of the

fusion rules, e.g., change the output layer of the neural network shown in Fig. 7

into just two neurons, one for impostor scores, and the other for genuine scores.

For realistic surveillance systems, open-set identification should be implemented,

i.e., add one more class as ‘not in the list’. This could be realized by adding a final

verification step. One simple implementation is to classify the fused score lower

than a certain threshold as ‘not in the list’. More sophisticated methods for the

open-set problem in context-aware fusion need further investigation.

With the development of sensor techniques, the collection of multiple biomet-

ric traits from one subject is becoming easier. When there are a number of biomet-

ric traits available, the problem of selecting an optimal set of traits for fusion rises.

The selection could also be adaptive to external conditions. For example, under

poor illumination condition, the visual biometric traits (e.g., face) should not be

selected, and in noisy environment, the sound-based traits (e.g., voice) should not

be selected. Moreover, the diversity among the available biometric traits is also

an important issue to be considered when making selections. Thus the framework

of context-aware multi-biometric fusion could be extended by adding a Context-

Aware Biometric Selection module. This is also an important part of the further

work.
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Figure Captions

Fig. 1. Framework of context-aware multi-biometric fusion.

Fig. 2. The five representative walking patterns in the Dataset A of the CASIA Gait

Database with indicative fusion weights.

Fig. 3. Gait and face extraction: (a) the original video image, (b) the background image,

(c) the extracted silhouette, (d) extraction of the face image.

Fig. 4. View angle θ corresponding to each walking pattern.

Fig. 5. Estimation of the subject-to-camera distance.

Fig. 6. Variation of λ with θ and D̃: (a) Case 1, λ is constant, (b) Case 2, λ is constant for

each view angle, (c) Case 3, λ varies with D̃ within a certain range determined by θ, (d)

Case 4, λ is generated by a function of θ and D̃, and (e) the ‘optimal’ λ on P1 of Dataset

A.

Fig. 7. Architecture of the neural network for context-aware fusion of gait and face.

Fig. 8. Typical video frames in the five walking patterns from (a) Dataset A and (b)

Dataset B.

Fig. 9. Experiments on representative parameter settings for Case 2 on Dataset A.

Fig. 10. Recognition rates on the subsets with different subject-to-camera distance.

Fig. 11. Recognition rate of the neural-network-based fusion with different range of D̄ in

the training set.

Fig. 12. Recognition rate of the neural-network-based fusion with different percentage of

T2 as training set.
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Figure 1: Framework of context-aware multi-biometric fusion.
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Figure 2: The five representative walking patterns in the Dataset A of the CASIA Gait Database

with indicative fusion weights.
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Figure 3: Gait and face extraction: (a) the original video image, (b) the background image, (c) the

extracted silhouette, (d) extraction of the face image.
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Figure 4: View angle θ corresponding to each walking pattern.
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Figure 6: Variation of λ with θ and D̃: (a) Case 1, λ is constant, (b) Case 2, λ is constant for each

view angle, (c) Case 3, λ varies with D̃ within a certain range determined by θ, (d) Case 4, λ is

generated by a function of θ and D̃, and (e) the ‘optimal’ λ on P1 of Dataset A.
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Figure 7: Architecture of the neural network for context-aware fusion of gait and face.
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Figure 8: Typical video frames in the five walking patterns from (a) Dataset A and (b) Dataset B.
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Figure 9: Experiments on representative parameter settings for Case 2 on Dataset A.
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Figure 10: Recognition rates on the subsets with different subject-to-camera distance.
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Figure 11: Recognition rate of the neural-network-based fusion with different range of D̄ in the

training set.
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Figure 12: Recognition rate of the neural-network-based fusion with different percentage of T2 as

training set.
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