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Abstract

The first gait-based person-verification system that can
analyze the gait for forensic science is presented. There are
many security cameras set in many places, and gait image
sequences can be extracted from the images taken by the
cameras. The gait can provide information for identity de-
termination in forensic science; however, the limitation of
gait-based person authentication is that the analysis of gait
features is a difficult task for non-specialists of gait person
authentication. Our system allows non-specialists to ana-
lyze gait images taken in different circumstances, and can
provide useful information for criminal investigations. We
performed evaluation experiments to evaluate the usability
of the constructed system. In the experiments, nine partic-
ipants used the system to analyze gait features. The exper-
imental results show that novices can use the constructed
system correctly and obtain reasonable results.

1. Introduction
Biometric person-authentication methods are becoming

more important in daily life and are used in many fields
[20]. A useful application field of the biometric person-
authentication method is forensic science. In forensic sci-
ence, identity determination of perpetrators of crimes is an
important issue, and this determination must be done us-
ing only the limited available information that remains at
the crime scene. The limited available information can be
physical marks on surfaces or digital traces, and they dif-
fer from crime to crime. The physical marks on surfaces
include those of the finger, ear or feet, and digital traces in-
clude recordings from phone-tapping and security cameras.
If biometric features can be extracted from the information,
biometric person-authentication methods can be applied to
determine the identity of perpetrators.
Historically, Henry Faulds proposed the use of finger-

prints for the purpose of investigative identification in 1880
[14]. Alphonse Bertillon proposed to identify recidivists
based on anthropological methods in 1881 [8]. Now De-
oxyribonucleic acid (DNA) is frequently used for identifi-

cation in crime scene [10] because DNA information can
be obtained from biological stains such as stains of blood,
saliva, and hair with roots. The use of other biometric fea-
tures such as the face, speech, ear, handwriting, and teeth
has also been reported [13, 16, 12, 28, 11, 15, 29, 27].
Many biometric features can be used in forensic science, al-
though it should be noted that we cannot select the biomet-
ric feature for identity determination in accordance with our
wish. The available features are limited to the information
that forensic experts can find at the crime scene or related
scenes, and they differ from crime to crime. Therefore, a
single identification method is insufficient, and a wide vari-
ety of identification methods employing different biometric
features are necessary in forensic science.
Recently, many closed-circuit television (CCTV)

surveillance cameras have been set up around the world,
and these cameras capture video continuously. CCTV
footage can be useful digital traces for forensic science,
because a CCTV surveillance camera may record incidents
at crime scenes by chance, or record incidents at a place
near a crime scene. CCTV footage provides clues of the
identity of the perpetrator in the former case and clues to
make a list of candidate perpetrators in the latter case.
If the resolution of the CCTV footage is high enough,

and if illumination of the scene is sufficient to recognize a
face, face-based person-authentication methods can be used
to determine the identity of the perpetrator. However, the
resolution of CCTV footage is generally low, and illumina-
tion conditions are sometimes poor. Moreover, perpetrators
often attempt to hide their faces to avoid being identified.
In such cases, face-based person-authentication cannot

provide clues for the identification of the perpetrator. In-
stead, gait-based person-authentication can be used in such
situations [24, 17, 22, 21, 6]. Indeed, a burglar has been
identified by his walking style (gait feature) in the United
Kingdom [5]. However, there is a limitation to applying
gait-based person authentication to forensic science. When
forensic experts want to identify a person using CCTV
footage according to the gait feature, they need to hand
the task to specialists of gait-based person authentication
(i.e., gait specialists) because forensic experts (e.g., foren-



sic scientists, criminal investigators, and police officers)
are specifically experts of crime investigations and they do
not have sufficient knowledge about gaits. Therefore, they
need to consult gait specialists or use consulting services
[1, 3, 2] to analyze the target gait images. Asking for the
help of a gait specialist is a reasonable solution, but it may
take extra time, and it is problematic to ask for the anal-
ysis of gait specialists many times for each crime case.
Therefore, the limitation of gait-based identity determina-
tion from CCTV footage is that only few people such as gait
specialists can analyze the data. If there was a gait-based
person-authentication system for forensic science, foren-
sic experts could analyze the gait information from CCTV
footage themselves, and obtain clues from the information
in the early stage of an investigation without the help of gait
specialists.
Our system can provide this analysis to forensic experts

in the place of gait specialists. To the best of our knowl-
edge, this is the first gait-based person-verification system
for forensic science except for unpublished private systems.
Our constructed system has the following characteristics.

• The system provides professional analysis of gait in-
formation
Algorithms that are widely used in appearance-based
gait verification are implemented in the system.

• The system is easy for someone who is not a gait
specialist to use
The constructed system has a graphical user interface
so that someone who is not a gait specialist1 can oper-
ate it using a mouse and obtain reasonable results.

• The system outputs an objective value
The system outputs a posterior probability that two
compared gait features originate from the same per-
son. Therefore, a user can understand the meaning of
the values easily.

• The system is applicable to various crime scenes
The target crime scenes are uncontrolled in forensic
science [13] because investigations are carried out af-
ter the event [9]. Environments of crime scenes dif-
fer from crime to crime. Specifications of available
cameras also differ. In order that the system works
properly for gait images taken in different circum-
stances (including different environments and cam-
era specifications), the system has several manual and
semi-automatic functions. Moreover, a circumstance-
dependent probability can be calculated by the system.
These features allow a user to carry out the analysis
with consideration of target circumstances. Though,
the system accepts the gait image sequences taken in
different environments, the current system assumes
that views between query and reference are almost
same, and the views do not change in the sequences.

1We assume that the user has computer literacy.
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Figure 1. Window for each module; (a) main menu, (b) subject
registration module, (c) silhouette creation module, (d) gait verifi-
cation module

The outline of this paper is as follows. We overview
the system and describe the main characteristics of the con-
structed system in Section 2. We report the evaluation result
in Section 3, and we discuss the result in Section 4. Finally,
we give our conclusions in Section 5.

2. Constructed system
2.1. Overview of the system
Our system provides person-verification results based on

the analysis of gait images, and we assume that the sys-
tem is used mainly for crime investigations. Figure 1 shows
the constructed gait-verification system, and Fig. 2 shows
the data flow of the system. The system is composed of
three modules, namely modules for subject registration, sil-
houette creation, and gait verification. These modules are
booted from the main menu, and each module operates in
its own window.
We briefly explain each module.

Subject registration module: A user enrolls gait data (im-
age sequences) and selects a subject whom he/she is inter-
ested in as a target subject with a bounding box as a region
of interest in each image frame.
Silhouette creation module: A user creates silhouette im-
age sequences from the selected target image sequences.
A background-subtraction algorithm and graph-cut-based
segmentation algorithm [7] are implemented and available.
Gait verification module: A user selects two silhouette im-
age sequences to be compared. The gait features are ex-
tracted from the two image sequences. In our system, the
averaged silhouette [23], also known as the gait energy im-
age (GEI) [17], is used as a gait feature2. In the case that

2Okumura et al. reported that GEI-based gait verification achieves good
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there is an occlusion or outlier (e.g., when the subject is
wearing a helmet or backpack), a function for feature mask-
ing to exclude the associated parts from the gait feature can
be applied. Afterward, a distance score is calculated and
the score is transformed to a probability with consideration
of circumstances. The circumstance-dependent framework
that includes feature masking and probability calculation is
a main feature of the constructed system. The circumstance-
dependent framework is described in detail in section 2.3.

2.2. Processing modes of functions

Different from biometric systems for access control, the
forensic gait system needs to be applied to image sequences
that were taken in uncontrolled circumstances. It is not
guaranteed that a fully automatic system (or firmly fixed
system) achieves perfect results (e.g., perfect tracking and
silhouette segmentation) for all such circumstances; there-
fore, user interaction is essential from the viewpoint of
forensics. On the other hand, from the viewpoints of relia-
bility and usability, an automatic system is preferable when
considering that target users of the system are not gait spe-
cialists but forensic experts. In fact, systems that are too
complex (or too functional) degrade not only the usabil-
ity but also reliability because complex systems have many
risk factors that result in incorrect operations. Therefore,
by considering the nature of functions, several functions
are processed automatically or semi-automatically (interac-
tively) and some functions are processed manually in our
system as summarized in Table 1. If functions have some-
thing to be determined, confirmed, or corrected by a user,
they are operated manually or semi-automatically (interac-
tively)3, and the functions operate automatically otherwise.
According to this criterion, we set the processing modes of
functions as follows.
Manual processing functions
Data are entered manually because target gait images should
be determined or confirmed by crime investigators. Feature
masking is also done manually because occlusions and out-

accuracy when using a large-scale gait database [26].
3In the case of semi-automatic functions, while some parameters as-

sociated with a function (e.g., a background subtraction threshold) should
be determined interactively, other processes operate automatically on the
basis of the determination.

Table 1. Functions and processing modes in each module

Function Processing mode
Subject registration module
Data entry Manual
Subject selection Semi-automatic (interactive)

Silhouette creation module
Graph-cut segmentation Semi-automatic (interactive)

Gait verification module
Feature extraction Automatic
Feature masking Manual
Probability calculation Semi-automatic (interactive)

liers need to be found4.
Semi-automatic processing functions
Subject selection, graph-cut segmentation, and probability
calculations are done semi-automatically. The image se-
quence (denoted by the first and last frames) in which a tar-
get person is included and bounding boxes for a target sub-
ject in several frames of the sequences should be set manu-
ally in the subject selection function; seeds given by back-
ground subtraction are modified manually with a mouse in
graph-cut segmentation; and positions of cameras relative
to the target subject should be estimated interactively in
the probability calculation. Note that parameters associated
with the background subtraction are set interactively by the
user. Once they are set or estimated, other processes asso-
ciated with the function run automatically.
Automatic processing function
Feature extraction runs automatically because this function
does not require anything to be determined manually.

2.3. Circumstance-dependent framework

2.3.1 Feature masking

A perpetrator may wear a helmet or hood or carry a back-
pack at some crime scenes. Additionally, objects may oc-
clude part of the body. In these cases, features extracted
from the associated body parts can negatively affect verifi-

4An algorithm such as Masked GEI [4] can be applied to mask parts as-
sociated with outliers. Even if an algorithm is applicable to some outliers,
manual corrections and confirmation of the masking area are necessary in
the end.



cation [18]. Figure 7 (a) shows an image of a subject wear-
ing a helmet. In this image, the head of the subject is cov-
ered by a helmet, and the features associated with the head
should be eliminated. By eliminating this part, the system
reduces the negative effects of occlusion or outliers.

2.3.2 Circumstance-dependent probability

Let Sq be a perpetrator whose identity is unknown, and Sr

be the subject who the crime investigators are interested in.
Let Dq and Dr be data for Sq and Sr, respectively. Addi-
tionally, let Cq and Cr be circumstances associated withDq

and Dr, respectively (e.g., environment of the crime scene,
specifications of the camera, camera position). Crime inves-
tigators want to know if Sq is the same person as Sr using
Dq andDr with consideration of circumstances Cq and Cr.
A useful index to support the task is a posterior probability
P (Sq = Sr|Dq, Dr;Cq, Cr). Our system provides a prob-
ability that two subjects (Sq and Sr) are the same using the
gait information with consideration of circumstances.
Let aq be gait features associated with the CCTV footage

of the crime scene. The features originate from the perpe-
trator Sq . Let ar be gait features originating from target
subject Sr. Additionally, let d(aj , ak) be a distance score
between two compared gait features aj and ak. Further-
more, let Iq and Ir be information that describes circum-
stances Cq and Cr, respectively. We set X as

X = δSq,Sr , (1)

where δi,j is a Kronecker delta function. Our system calcu-
lates the posterior probability P (X = 1|d(aq, ar); Iq, Ir)
as

P (X = 1|d(aq, ar); Iq, Ir)
=

p(d(aq, ar)|X = 1; Iq, Ir)P (X = 1)
∑

X p(d(aq, ar)|X; Iq, Ir)P (X)
, (2)

and provides this posterior probability to the user. To calcu-
late the probability in (2), a circumstance-dependent proba-
bility density function (PDF) of distance scores in each class
p(d|X; Iq, Ir), X ∈ {0, 1} needs to be estimated5.
Precise definition of the circumstances can improve the

accuracy of the system in theory because many factors in-
fluence the distribution of the distance score. However, es-
timation of the PDFs is difficult in a real situation if the cir-
cumstances are defined precisely. Estimation of the PDFs
requires training data associated with all the defined cir-
cumstances, but collection of these data is difficult in a real
situation. Moreover, we need to consider that the user of the
system is not a gait specialist, yet they need to set or select
the circumstances appropriately. The circumstances should
be defined appropriately in consideration of the available
training data and selectability.

5Prior probabilities P (X) are also set to calculate the posterior proba-
bility. We set neutral probabilities to P (X) on the basis of the discussion
in [19]. Therefore, P (X = 1) and P (X = 0) are set to 0.5 in our system.

2.3.3 Estimation of circumstance-dependent PDFs

Our system focuses on four factors, namely the frame rate,
size of the subject in the captured image, masked regions,
and walking direction relative to the camera (or view), as
information that describes the circumstances that affect the
PDFs, and calculates the factor-dependent PDFs.
We use a multi-view gait database for a multi-camera

setting. The database is composed of gait silhouette im-
age sequences obtained by 25 cameras, with size of 88 by
128 [pixels] and a frame rate of 60 [fps]; silhouette im-
age sequences for 131 subjects (62 males and 69 females)
are available. Using the database, we generate additional
gait silhouette image sequences with different frame rates
(30, 15, 12, 9, 6, and 5 [fps]) and different resolutions
(44 by 64, and 22 by 32 [pixels]) by resampling and resiz-
ing the original silhouette image sequences in the database,
and extend the database. Using the extended database, we
can calculate distance score distributions that are depen-
dent on three factors (frame rate, size of the subject, and
view). To generate the distributions that are also dependent
on the masked region, we divide a gait feature image into
sub-regions as shown in Fig. 3, and calculate the distribu-
tions for each sub-region. In our system, we only accept
the mask patterns that can be generated by combining the
sub-regions. Using this constraint and the calculated distri-
butions in each sub-region, the distribution generated with
consideration of the masked region can be calculated by
simply summing the distributions of the sub-regions that are
not included in the masked region. The distributions of dif-
ferent sub-regions are dependent on the other three factors,
and therefore, distributions generated with consideration of
the masked region are dependent on four factors. In real
operation, the system calculates the distance score distribu-
tions associated with each acceptable frame rate, resolution,
and view in each sub-region in advance using the extended
database, and retains the distributions. Additionally, when
the four factors are selected by the user, factor-dependent
distributions are generated using the retained distributions,
and the factor-dependent PDFs are estimated using the dis-
tributions.

2.3.4 Selection of circumstances

In our system, the factors are selected as follows.
Frame rate
The frame rate can be determined from the camera settings,
and frame rates of the query and reference are input in sub-
ject registration module.
Sizes of the subjects
The size of the subject is automatically calculated by the
system once the bounding box of the target is given in the
subject registration module.
Masked regions
Masked regions of features can be set easily with a mouse.



Figure 3. Window for feature masking

Figure 3 shows a window for feature masking. In our sys-
tem, the gait features are divided into sub-regions. A user
can set mask regions by selecting the target sub-regions
with comparing the gait features associated with a query
and reference.
Views
Views are quantized into 25 directions (camera positions
relative to the walking direction of a subject) in the sys-
tem, and a user can easily select the appropriate view by
comparing the target gait image with the images associated
with camera positions. Figure 4 shows a window for select-
ing the view. Camera positions are displayed in the right
sub-window (a). By pressing the camera number, an orig-
inal image and a silhouette image in the database taken by
the camera are displayed in the top left and bottom left sub-
windows ((b) and (c)), respectively. By comparing the im-
ages with target images, a user can select the most appro-
priate camera position.
Through implementation of these processes, appropriate

factors are selected. Using these factors, factor-dependent
PDFs are estimated and they are used to calculate the pos-
terior probability. The posterior probability is displayed as
a result of verification in the verification window shown in
Fig. 5. The used PDFs are displayed in the window shown
in Fig. 5(h).

2.4. Implementation
The system is implemented on the mixed platform of C#,

C++/CLI, and C++ using Visual Studio 2008 (Professional
Edition) with .net framework 3.5 SP1. OpenCV library
(version 2.3) is used for image processing. The system runs
on computers operating Windows XP, Windows Vista, and
Windows 7.

3. Evaluation experiment
3.1. Data for evaluation
We consider that the query data are gait image sequences

captured at the crime scene by CCTV surveillance cameras,
and the reference data are gait image sequences captured
in different places by crime investigators. In evaluations,
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c

Figure 4. Selection of the score distribution; (a) camera positions
relative to the walking subject, (b) original image for the associ-
ated camera position, (c) silhouette image for the associated cam-
era position
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Figure 5. Result of verification; (a) original image of the query,
(b) original image of the reference, (c) gait features of the query,
(d) gait features of the reference, (e) image of selected view, (f)
masked regions, (g) output (posterior probability), (h) PDFs of the
circumstance, (i) image of the feature difference

we focus on forensic cases in which reference data can be
captured in circumstances similar to the circumstances of
the target crime scene by crime investigators.
In the case of query data, we set two different scenes

(scenes Y and Z), and collect a gait image sequence of a
subject in each scene. Target Y is a subject in scene Y and
target Z is a subject in scene Z; the targets are different peo-
ple. Queries Y and Z are gait image sequences associated
with targets Y and Z, respectively, and they are shown in
Figs. 6 (a) and 7 (a). Frontal-view images are captured for
scene Y and side-view images are captured for scene Z. In
both scenes, target subjects are hiding their faces. Target Y
is wearing a mask and cap, and target Z is wearing a helmet.
Moreover, the resolutions of the target images are too low
to recognize their faces. Therefore, we cannot identify the



(a) Query Y

(b) Reference of subject A (c) Reference of subject B
Figure 6. Gait images for scene Y

(a) Query Z (b) Reference of subject C

(c) Reference of subject D (d) Reference of subject E
Figure 7. Gait images for scene Z

target subjects from their face information in the images.
In the case of reference data, we collected gait image

sequences of two subjects (A and B) or three subjects (C,
D, and E) in circumstances similar to those of scene Y or
scene Z, respectively. To reduce the effects of clothing on
the verification results, subjects in each scene wear the same
jacket, and subjects A and B wear the same mask as target
Y. The reference data for subjects A and B are shown in
Figs. 6 (b) and (c), and the reference data for subjects C, D,
and E are shown in Figs. 7 (b), (c) and (d). Frame rates and
sizes of full images for scene Y are 5 [fps] and 640 by 480
[pixels], and those for scene Z are 15 [fps] and 640 by 480
[pixels].

3.2. Evaluation protocols
Nine people participated in experiments to evaluate the

usability of the constructed system. Eight participants were
novices of the system, and one participant (#1) was the im-
plementer of the system. Before participating in the evalu-
ation experiments, the implementer spent about 90 minutes
giving the novices a brief description of gait verification and
instructions on how to use the system, and the novices prac-
ticed for 4 or 5 hours using preliminary gait data (four pairs

of gait image sequences) not included in the evaluation data.
After explanation and training, the participants used the sys-
tem to verify the target person using evaluation data. Veri-
fication results and operating time were recorded as criteria
for evaluating reliability and usability.

3.3. Evaluation results
Verification results for the nine participants are summa-

rized in Table 2, and operating times of subject registration
(registration), silhouette creation (silhouette), and gait veri-
fication (verification) are summarized in Table 3.
In the case of scene Y, all participants obtained similar

results; the probability that query Y and reference A origi-
nate from the same person is extremely low (the maximum
value is 2.7% obtained by participant #6), and the probabil-
ity that query Y and reference B originate from the same
person is extremely high (the minimum value is 99.9% ob-
tained by participants #3 and #4). Indeed, target Y is not the
same person as subject A but the same person as subject B.
Therefore, all participants obtained reasonable results using
the constructed system.
In the case of scene Z, the results are as follows. The

probability that query Z and reference C originate from the
same person is extremely high (the minimum value is 97.1%
obtained by participant #3), and the probability that query Z
and reference D originate from the same person is compar-
atively low (from 6.3% to 34.2 %). When comparing query
Z and reference E, the probabilities of a match obtained by
three of the nine participants are larger than 50% (but less
than 68%), and the probabilities obtained by the others are
less than 40%. In fact, target Z is the same person as subject
C but not the same person as subject D or subject E.
Operating time varies depending on the participants. The

operating time for subject registration, silhouette creation,
and gait verification vary from 1 to 7 minutes, from 9 to 40
minutes, and from 1 to 4 minutes, respectively. To carry out
total verification using the system, a user needs to use the
registration module twice, the silhouette module twice, and
gait verification module once. In these evaluation experi-
ments, a total verification was completed in 30 minutes in
the shortest case, and only 83 minutes even in the longest
case. The operating time was largely dependent on the par-
ticipant, but all participants were able to use the system and
obtain a reasonable result of verification in less than 90 min-
utes.

4. Discussion
The experimental results show that output probabilities

have inter-person (inter-user) variability. In many cases, the
variability is not so large, but among evaluated cases, the
variability in the case of query Z and reference E (case Z-
E) is larger than the variability in other cases. Although
the inter-user variability in distance scores in case Z-E is al-
most the same as that in the case for query Z and reference



Table 2. Posterior probabilities output from the constructed system [%]
participant ID

Query Reference 1 2 3 4 5 6 7 8 9 average
Reference A 1.0 2.0 0.8 0.1 1.5 2.7 0.5 0.0 0.2 1.0

Query Y Reference B 100.0 100.0 99.9 99.9 100.0 100.0 100.0 100.0 100.0 100.0
Reference C 99.9 99.1 97.1 98.9 99.8 98.5 99.8 99.8 99.8 99.2

Query Z Reference D 9.5 15.9 14.8 6.3 13.9 23.0 20.4 34.2 0.7 15.4
Reference E 61.8 18.6 36.0 58.8 32.7 26.2 36.3 67.4 40.4 42.0

Table 3. Operating time for each participant [min]
Participant ID

Gait data Module 1 2 3 4 5 6 7 8 9 average

Query Y Register 4 3 4 3 5 5 4 5 7 4
Silhouette 14 12 12 17 20 19 11 10 13 14
Register 2 4 4 4 5 4 3 5 5 4

Reference A Silhouette 25 26 23 38 30 29 26 10 20 25
Verification 1 1 2 1 3 1 2 1 3 2
Register 3 3 1 2 5 5 4 5 4 4

Reference B Silhouette 11 17 22 16 25 23 20 10 15 18
Verification 1 1 1 1 3 1 1 1 1 1

Query Z Register 3 3 3 2 5 3 4 3 6 4
Silhouette 20 22 13 22 30 25 28 15 40 24
Register 3 3 3 3 5 3 3 3 4 3

Reference C Silhouette 25 24 9 31 30 21 25 15 30 23
Verification 1 1 2 2 3 4 2 2 3 2
Register 2 3 3 2 5 3 4 3 3 3

Reference D Silhouette 12 20 13 18 30 14 20 12 20 18
Verification 1 1 2 1 3 1 1 1 1 1
Register 2 2 3 2 3 3 3 3 3 3

Reference E Silhouette 19 20 13 14 30 18 23 15 30 20
Verification 1 1 2 1 3 1 1 1 1 1

One total verification (maximum) 52 53 45 63 73 58 62 38 83 59
One total verification (minimum) 33 36 30 39 58 46 40 31 40 39
One total verification (average) 43 46 37 50 68 53 53 34 64 50

D (case Z-D), the inter-user variability in the posterior prob-
ability in case Z-E is larger than that in case Z-D because of
the sensitivity of the posterior probability. This is a limita-
tion of the system. The inter-user variability of probabilities
can be minimized by minimizing that of distance scores.

In the experiments, we found that the inter-user vari-
ability of distance scores is mainly caused by the differ-
ence in a gait sequence selected by a subject selection func-
tion. The algorithm implemented in our system assumes
that the views of the query and reference are the same. Al-
though instructions were provided to the users, some users
selected sequences for which there was a viewing difference
between the query and reference. It is preferable for the sys-
tem to have functions to avoid these undesirable selections.
Solutions would be to show the walking trajectory of a tar-

get subject or to employ a view transformation model [25].
We shall carry out such work in the future. Moreover, our
current system can only operate in verification mode. We
plan to modify the system so that it can operate in identifi-
cation mode.

5. Conclusion
We constructed the first gait verification system for

forensic science. Our system is designed so that the non-
gait specialist can use it to verify a person using gait images
taken by a surveillance camera. In this paper, we described
the characteristics of the constructed system and reported
the results of evaluation experiments. The experimental re-
sults show that participants can use the constructed system
appropriately and obtain reasonable verification results. We



believe that this system will allow forensic experts to ana-
lyze gait information and provide clues for the identification
of perpetrators at crime scenes.
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