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Abstract

In the gait recognition community, silhouette-based gait
representations such as gait energy image have been widely
employed for the last decade. In order to obtain good qual-
ity of gait features, it is essential to get a well aligned sil-
houette sequence, which is, however, not necessarily easy
with imperfect silhouettes and also with scale and posi-
tion changes due to perspective projection. We therefore
propose a gait recognition-oriented approach to pedestrian
trajectory extraction, i.e., bounding box sequence for each
pedestrian. More specifically, we firstly developed an inter-
active tool to get camera calibration parameters for a target
scene geometry without on-site workload. We then intro-
duce a geometric constraint to better keep the consistency
of bounding boxes among frames w.r.t. the pedestrian’s
height and foot bottom points on the ground plane. Sub-
sequently, we apply analytical dynamic programing (DP)
repeatedly to find multiple pedestrian’s trajectories on the
ground plane, where data and transition scores are com-
puted based on semantic segmentation results and color his-
togram similarity. Moreover, since DP just considers the
smoothness between adjacent frames, we approximate the
trajectory by a piece-wise linear trajectory to make it more
globally smooth. Experimental results show that the pro-
posed method enables us to make better aligned gait fea-
tures and consequently improves gait recognition accuracy.

1. Introduction
Gait [43] is a behavioral biometric that has advantages

over other biometrics such as the face, irises, or finger veins
because (i) gait is available even when the subject is at a
distance from a camera because it can be recognized from a
relatively low-resolution image sequence [41], and (ii) a gait
feature can be obtained without subject cooperation because
people unconsciously exhibit their own walking styles in
general. Because of these advantages, gait recognition is
suitable for many potential applications such as surveil-
lance, forensics, and criminal investigation [7, 16, 32].

Gait recognition enjoys a rich body of literature mainly
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Figure 1. Bounding boxes and constructed GEIs. (a), (b): bound-
ing boxes of a pedestrian for adjacent frames by a conventional
tracking method, (c), (d): GEIs constructed by the conventional
tracking method and the proposed method, respectively. We can
see that GEI by the conventional tracking method (c) is blurry,
while that by the proposed method (d) is well aligned.

from two streams: model-based approaches [2, 6, 8, 25,
56, 57, 63, 65] and model-free (appearance-based) ap-
proaches [3, 4, 11, 19, 35, 42, 45, 58, 60]. Gait recogni-
tion researchers have geared to the appearance-based ap-
proaches for the last decade because they work well even
for relatively low-resolution images and incur low com-
putational costs, while the model-based approaches gener-
ally suffer from the difficulty of human model fitting and
high computational cost. In particular, silhouette-based
representations such as gait energy images (GEIs) [11],
frequency-domain features (FDFs) [35], chrono-gait im-
ages [58], and Gabor GEIs [53], are dominant in the gait
recognition community because of their simple yet effec-
tive properties. Moreover, gait recognition researchers have
paid their effort to gain the robustness against various co-
variates such as clothing [3, 4, 15, 26, 44], carrying sta-
tus [9, 52, 54], view [17, 20, 22, 24, 31, 35, 47–49, 62], and
walking speed [1, 10, 21, 23, 30, 37, 38, 50].

In order to accomplish a gait recognition procedure, it is
naturally required not only feature extraction and match-
ing but also pedestrian detection, tracking, and segmen-
tation (i.e., silhouette extraction). The above mentioned
gait recognition studies, however, mainly focus only on
the feature extraction and matching parts and overlooked
the effect of the pre-processing parts such as pedestrian
detection, tracking, and segmentation. More specifically,
the previous methods assume relatively simple settings for
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pre-processing, i.e., a single pedestrian in a scene, well-
designed background for easy silhouette extraction such as
a chroma-key background which are also seen in the pub-
licly available gait databases [13, 34, 45, 64]. As such, rel-
atively simple pre-processes, e.g., background subtraction
and max region filtering, will do, and some works such
as recent deep learning-based approaches [48, 49, 62] even
start from extracted gait features such as GEI [11]. There is
therefore still a large gap between gait recognition research
and practical use in real scenarios.

There are some studies on the pre-processing parts for
gait recognition, particularly for silhouette extraction part,
since it is essential for the quality of the silhouette-based
gait representation such as GEI [11], although the num-
ber of such studies are limited. Liu et al. [29] and Hof-
mann et al. [14] proposed silhouette refinement methods by
a population hidden Markov model and alpha matting pro-
cess, respectively, while Wang et al. [59] and Makihara et
al. [36] proposed graph cut-based silhouette extraction us-
ing standard gait models. In addition, Matovski et al. [39]
introduced a silhouette quality to judge whether the system
proceeds to recognition step or continue to capture a gait
sequence until getting better silhouettes. Moreover, recent
excellent studies on deep learning-based semantic segmen-
tation such as RefineNet [27] and Mask R-CNN [12] could
be exploited as a silhouette extraction module as well as a
pedestrian detection module for gait recognition.

As for tracking modules, many studies have been done
based on analytical dynamic programming (DP) [55], lifted
multi-cut model [51], circulant feature maps [61], and su-
per pixel-based video segmentation [40]. While they may
be accurate enough for many applications such as surveil-
lance, intrusion detection, etc., they may be insufficient for
gait recognition, in particular, when relying on aligned and
size-normalized silhouette sequence such as GEI [11] a.k.a.
an averaged silhouette over one gait cycle [28]. Assume that
a bounding box sequence for adjacent frames is obtained
as depicted in Fig. 1 (a)(b) for examples and that we em-
ploy GEI [11] as a gait feature. This seems good enough
at a glance but we notice that the bottom of the bound-
ing box is inconsistent between the adjacent frames. If we
align and size-normalize silhouettes based on such bound-
ing boxes, we may obtain a blurry GEI as shown in Fig. 1
(c), which results in low gait recognition accuracy. In fact,
what we need for better gait recognition is a more consistent
bounding box sequence among frames in order to get better
aligned GEI as shown in Fig. 1 (d).

We therefore propose a gait recognition-oriented ap-
proach to pedestrian trajectory extraction under scenes
where multiple pedestrian walk by changing their foot bot-
tom points and apparent heights due to perspective projec-
tion. For this purpose, we introduce a constraint by a scene
geometry to better keep the consistency of bounding boxes

among frames and apply DP multiple times to find multiple
pedestrian’s trajectory on the ground plane. The contribu-
tions of this work are three-fold.
1. Geometrically consistent pedestrian trajectory ex-
traction. The proposed method extracts a geometrically
consistent pedestrian trajectory (i.e., a bounding box se-
quence) by imposing a constant height in the world co-
ordinate for each pedestrian and by approximating a tra-
jectory in the spatio-temporal three-dimensional domain
(two dimensions of the ground plane and one dimension of
the time) as piece-wise linear segments. Unlike the most
of general tracking approaches work on an image plane
and hence may induce inconsistency in scale and foot bot-
tom/head top positions, the proposed method keeps the bet-
ter consistency in the scale and the positions.
2. An interactive camera calibration tool without on-site
workload. A camera calibration process is essential for the
proposed geometrically consistent pedestrian trajectory ex-
traction but troublesome on the other hand since it gener-
ally requires to capture some calibration targets on-site. We
therefore developed an interactive tool to calibrate a cam-
era based on three orthogonal sets of parallel lines from a
captured image itself without on-site workload. The cam-
era calibration results rely on human perception on the three
orthogonal sets of parallel lines in the scene geometry, and
hence it may not be accurate enough for some applications
such as three-dimensional reconstruction but still sufficient
for the above mentioned geometric constrains for pedestrian
trajectory extraction.
3. Gait recognition accuracy improvement by better
aligned gait feature. We can construct a better aligned
silhouette sequence by the proposed method, and hence
obtain well-aligned gait features. This yields higher gait
recognition accuracy compared with the gait features ex-
tracted from bounding box sequences by conventional gen-
eral tracking methods.

2. Geometrically consistent pedestrian trajec-
tory extraction

2.1. Overview

In this subsection, we give an overview of the proposed
method along with Fig. 2. Given an original image, we
obtain camera calibration parameters by the developed in-
teractive tool and then convert the original images into nor-
malized images based on the camera calibration parame-
ters. Next, we extract body parts segments from the nor-
malized images. We then extract a pedestrian trajectory by
DP in the spatio-temporal three-dimensional space (two di-
mensions of the ground plane and one dimension of time),
where transition score and data score are computed from
the normalized images and the body parts segments, respec-
tively. Subsequently, the extracted trajectory is deleted and
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Figure 2. Overview of the proposed method. Facial regions are deleted or blurred due to privacy issues throughout this paper.
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Figure 3. Easy and rough camera calibration tool. (a) An original
image, (b) three orthogonal sets of parallel lines for camera pa-
rameter estimation up to scale (the red point represents the center
of image, the blue, green and yellow lines represent horizontal,
vertical and depth lines, respectively), (c) a normalized image and
known height specification for scale estimation, (d) ROI specifica-
tion on the normalized image plane by a polygon.

the data score for DP is updated to extract a trajectory of an-
other pedestrian. As such, multiple pedestrian trajectories
are extracted. Once we obtain the pedestrian trajectories,
we extract gait features and recognize each pedestrian. We
address individual modules in the following subsections.

2.2. An interactive camera calibration tool

Inspired by a camera calibration method in Manhattan
world [5], we developed a camera calibration tool based
on three orthogonal sets of parallel lines (i.e., horizontal,
vertical, and depth lines) which does not require on-site
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Figure 4. Schematic diagram for calculating the distance between
the camera and the ground plane.

workload such as capturing calibration targets. A sufficient
number of three orthogonal sets of parallel lines are, how-
ever, not always available and hence automatic estimation
of camera calibration parameters may not work in some
cases. We therefore rely more on human perception capa-
bility on the scene geometry than on automatic estimation.

More specifically, the three orthogonal sets of parallel
lines are drawn based on current external and intrinsic cam-
era parameters up to scale (i.e., a rotation matrix, an image
center, lens distortion coefficients) and the user tries to fit
the three orthogonal sets of the parallel lines to this scene
geometry by modifying the camera parameters in an intu-
itively understandable manner (e.g., mouse drug operation)
in this interactive system as shown in Fig. 3(b). Note that
another external camera parameter, i.e., a translation vector,
is set to a zero vector because the origin of the world coor-
dinate is set to the same origin as the camera coordinate.

Once the calibration parameters are obtained, we can
generate a virtual image plane whose focal length f is 1, the
origin coincides with the image center, the lens distortion
is corrected, and also which is perpendicular to the ground
plane, where vertical lines in the world coordinate are pro-
jected as vertical lines in the image coordinate (call it a nor-
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malized image plane later) (see Fig. 4). We then project the
original image into the normalized image plane as shown in
Fig. 3(c).

Furthermore, we take an image including a target per-
son whose actual height htrg in the world coordinate is
known, in order to know the scale of scene geometry, specif-
ically, the distance yg from the camera to the ground plane.
For this purpose, we firstly specify a foot bottom point
x b = [xb, yb]T and a head top point x t = [xt, yt]T of the
target person on the normalized image manually (i.e., by
mouse click in our system) (see Fig. 3(c)), and then com-
pute an apparent height of the target person on the normal-
ized image as hn = yb − yt. We can then easily compute
the distance yg by similarity transformation based on the
fact that the normalized image plane is perpendicular to the
ground plane (see Fig. 4) as

yg =
htrg

hn
yb. (1)

2.3. Bounding box setting from a foot bottom point
on the ground plane

Once the camera calibration parameters are obtained, we
can set a bounding box of a person in the normalized image
given a foot bottom point x g = [xg, zg] on the ground plane
and also his/her assumed height h in the world coordinate
(see Figs. 5).

Firstly, based on the fact that the foot bottom point lies
on the ground plane (i.e., y = yg) and the depth to the per-
son is zg , perspective projection gives mapping from a foot
bottom point x g = [xg, zg]T on the ground plane into to a
corresponding point x b = [xb, yb]T on the normalized im-
age plane as, [

xb

yb

]
=

1

zg

[
xg

yg

]
. (2)

The head top point in the world coordinate is denoted as
[xg, yg − h, zg]T , and hence the mapping to the head top
point x t = [xt, yt]T in the normalized image plane is simi-
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larly obtained as[
xt

yt

]
=

1

zg

[
xg

yg − h

]
. (3)

Finally, assuming a predefined aspect ratio of a pedestrian
bounding box, we can set the bounding box based on the ob-
tained foot bottom point x b and head top point x t as shown
in Fig. 5.

Conversely, we can also project the foot bottom point x b

in the normalized image plane into the foot bottom point
x g on the ground plane by Eq. (2). Therefore, once we
compute a data score (i.e., a pedestrian likelihood) for each
bonding box, which will be described in the following sub-
section, we can set the data score on the ground plane ac-
cordingly (see Fig. 5).

2.4. DPbased tracking on the ground plane

We employ a DP-based batch tracking to extract a pedes-
trian trajectory. While conventional DP-based approaches
were directly applied to an image, i.e., a state space for
DP is defined over an image coordinate and the time axis,
we define a state space over ROI on the ground plane and
the time axis (in total three-dimensional spatio-temporal
space). We then set a corresponding bounding box for each
point on the ground plane with an assumed pedestrian’s
height as described in the previous subsection.

This is beneficial in two points. Firstly, a person usually
walks on the ground plane at a constant velocity at least lo-
cally. Such a locally constant velocity prior is applicable to
a pedestrian trajectory on the ground plane, but not neces-
sarily true of that on the image plane due to perspective pro-
jection. Secondly, an actual height of a pedestrian does not
change during walking except for up-down motion by gait.
Such an actual height consistency for each pedestrian tra-
jectory can be easily considered, since multiple state spaces
are defined for individual assumed heights separately and
the assumed height does not change within each state space
over the ground plane. On contrary, it does not make sense
to define a state space over the image plane with a fixed
height because an apparent height for the same pedestrian
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Figure 7. Data scores on the ground plane before and after
quadratic approximation, respectively. Note that only higher
scores than a threshold are shown with color, while the others are
shown with white.

changes frame by frame in the image plane due to perspec-
tive projection.

In order to execute DP, we firstly define so-called data
score and transition score, and then compute cumulative
scores over the entire state space along with the optimal
paths. A pedestrian trajectory is finally obtained as the op-
timal path that maximizes the cumulative score.
Data score

We utilize a pedestrian likelihood of a bounding box on
the normalized image plane. The pedestrian likelihood is
computed as the degree of overlapping between the pre-
defined body part ROIs and body parts segments by Re-
fineNet [27]. Specifically, we consider four pre-defined
parts: head, torso (including arms), thigh, and shin (let them
be P = {head, torso, thigh, shin}), and body parts seg-
ments obtained RefineNet at the t-th frame are assigned to
{Rp

t |p ∈ P} accordingly, as shown in Fig. 6 (a). After a
bounding box St(x

g
t ;h) on the normalized image plane is

set based on a foot bottom point x g
t on the ground plane at

the t-th frame and on an assumed height h, we define ROIs
for individual body parts relative to the bounding box as
{Sp

in,t(x
g
t ;h)|p ∈ P} accordingly, as shown in Fig. 6 (b).

Moreover, we introduce a peripheral region to penalize the
overlap at the outside of each ROI as {Sp

out,t(x
g
t ;h)|p ∈ P}

accordingly. We then compute a data score as

sdtt (x g
t;h) =

∑
p∈P |Rp

t ∩S
p
in,t(x

g
t ;h)|∑

p∈P |Sp
in,t(x

g
t ;h)|

−
∑

p∈P |Rp
t ∩S

p
out,t(x

g
t ;h)|∑

p∈P |Sp
out,t(x

g
t ;h)|

, (4)

where | · | means an area of a region. As such, we compute
the data score for each foot bottom point over ROI on the
ground plane as shown in Fig. 7 (a).
Transition score

The transition score encodes a transition likelihood from
a state at a previous frame to another state at a current
frame. For this purpose, we employ color histogram sim-
ilarity between two bounding boxes. Firstly, we verti-
cally divide the bounding box St(x

g
t ;h) into NV sub re-

gions {Ssub
t,i (x g

t ;h)}(i = 1, . . . , NV ). We then compute
HSV color histograms [46] qc

t(x
g
t ;h) ∈ RNB , c ∈ C =

{H,S, V } where NB is the number of bins for each his-
togram. Note that voting source for histogram construction
is limited to an intersected region of each sub region and
body parts segments obtained by RefineNet Rt = ∪p∈PRp

at the t-th frame, i.e., Ssub
t,i (x g

t ;h) ∩Rt. Finally, the transi-
tion score from a foot bottom point x g

t−1 at the (t − 1)-th
frame to another point x g

t at the t-th frame is defined as

strt (x
g
t−1,x

g
t ;h) =

∑
c∈C

f(qc
t−1(x

g
t−1;h), q

c
t(x

g
t ;h)), (5)

where a function f(·, ·) returns an intersection of two his-
tograms [33].
Analytical DP

For the computation efficiency, we employ an analyti-
cal DP [55], where data and transition scores are approx-
imated by quadratic forms w.r.t. the state and the optimal
path search is done analytically rather than search over the
entire state space. We briefly describe the analytical DP in
this paragraph and hence may refer the reader to [55] for
more details.

We firstly keep data scores above a pre-defined threshold
(i.e., discard the others) and find Kt clusters by k-means
clustering at the t-th frame. Thereafter, we approximate the
data score for the k-th cluster (see Fig. 7 (b)) as

ŝdtt,k(x
g
t;h) = x g

t
T
Adt

t,k,hx
g
t + bdt

t,k,h

T
x g
t + cdtt,k,h, (6)

where Adt
t,k,h, bdt

t,k,h, and cdtt,k,h are a coefficient matrix, a
coefficient vector, and a coefficient scalar for quadratic ap-
proximation of the data score for the k-th cluster at the t-th
frame for the assumed height h, respectively.

The transition score from the l-th cluster at the (t − 1)-
th frame to the k-th cluster at the t-th frame is similarly
approximated as

ŝtrt,k,l(x
g
t−1,x

g
t ;h) = (x g

t −x g
t−1)

TAtr
t,k,l,h(x

g
t −x g

t−1)

+ btr
t,k,l,h

T
(x g

t −x g
t−1) + ctrt,k,l,h,(7)

where Atr
t,k,l,h, btr

t,k,l,h, and ctrt,k,l,h are a coefficient matrix,
a coefficient vector, and a coefficient scalar for quadratic
approximation of the transition score, respectively.

Now, given a cumulative score ŝcumt−1,l along with the op-
timal path up to the l-th cluster at the (t − 1)-th frame, we
can compute a cumulative score ŝcumt,k along with the opti-
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mal path up to the k-th cluster at the t-th frame as

ŝcumt,k (x g
t;h) = min

l,xg
t−1

{
ŝcumt−1,l(x

g
t−1;h)+ŝtrt,k,l(x

g
t−1,x

g
t ;h)

}
+ ŝdtt,k(x

g
t;h). (8)

Note that selection of the optimal state x g
t−1 given the l-

th cluster is done analytically since the cumulative score
of the quadratic data score and transition score is also
quadratic [55], which greatly reduces the computational
cost compared with conventional discrete DP with exhaus-
tive search on the state space, i.e., possible positions x g

t−1

over the entire ground plane. On the other hand, selection
of the optimal cluster l is done in a discrete manner as a
conventional DP, but note that the number of clusters Kt is
much fewer than the number of possible positions over the
ground plane.

As such, we find the optimal state x g∗ from the final
frame or from the boundary region on ROI on the ground
plane as well as the optimal assumed height h∗ which max-
imizes the cumulative score, and extract the optimal path as
a pedestrian trajectory by back tracking in DP framework.

In order to fine another pedestrian trajectory, we do the
followings repeatedly. We delete part segments region used
for the already chosen pedestrians, and update the data score
as shown in Fig. 2. Subsequently, we choose the optimal
trajectory for another pedestrian in the same way.

2.5. Piecewise linear approximation of pedestrian
trajectory

Because the aforementioned DP just considers the transi-
tion smoothness between adjacent frames, it does not guar-
antee more global smoothness on the trajectory. Actually,
if we focus on a short moment, a pedestrian usually moves
at almost constant velocity. We therefore approximate the

trajectory in the three dimensional spatio-temporal space by
piece-wise linear one.

Since this piece-wise linear approximation is analogous
to a polygonal approximation for a series of contour points
in shape analysis community, we adopt the same strategy
for a pedestrian trajectory in the three-dimensional spatio-
temporal space as shown in Fig. 9 (a). More specifically,
we adopt a minimum number problem, i.e., given an N -
vertex (-frame) pedestrian trajectory P , approximating it
by another trajectory Q with minimum number of line seg-
ments so that the line fitting error does not exceed a given
maximum tolerance ∆ [18]. Nice thing with the minimum
number problem is that the number of line segments is au-
tomatically determined depending on the complexity of the
trajectory, in other words, we need not to define the number
of line segments in advance. We briefly describe the algo-
rithm in this subsection and may refer the reader to [18] for
more details.

Let us define a pedestrian trajectory P = {pi|pi ∈
R3, i = 1, . . . , N} in the three-dimensional spatio-temporal
space. Suppose that the trajectory P is approximated by an-
other trajectory Q = {q i|q i ∈ P, i = 1, . . . ,M + 1} with
(M + 1) vertices, i.e., by M line segments, a total line seg-
ment fitting error E is defined as

E =

M∑
m=1

e2(qm, qm+1), (9)

where e2(qm, qm+1) is the sum of squared Euclidean dis-
tances from each vertex belonging to the line segment be-
tween qm and qm+1.

Let us also defined a discrete two-dimensional state
space {(n,m)|n = 1, . . . , N,m = 1, . . . ,M}, where M
is the possible maximum number of line segments, where
each state (n,m) represents the sub-problem of approxima-
tion of an n-vertex pedestrian trajectory by m line segments
(Fig. 9 (b)). We also introduce a function D(n,m) as a cu-
mulative cost function for the state (n,m). Note that the
cumulative cost function value for the initial state (1, 0) is
set to zero, i.e., D(1, 0) = 0. The cumulative cost function
is then computed with the following recursive expression

D(n,m) = min
m≤j≤n

{D(j,m−1)+d2(pj ,pn)(10)

d2(pj ,pn) =

{
e2(pj ,pn) e2(pj,pn)≤∆
d∞ otherwise

,(11)

where d∞ is a sufficiently large positive number (e.g.,
d∞ = N∆). Note that the above equation supposes a sit-
uation where the vertices from p1 to pj are approximated
by (m − 1) line segments and also the vertices from pj to
pn are approximated by the m-th line segment. When the
error exceeds the pre-defined tolerance ∆, the sufficiently
large positive number d∞ is set so as to be excluded from
possible state candidate.



Finally, we select the minimum m∗ among a set of the
number of line segments whose cumulative cost function
value at the last vertex is less than the sufficiently large pos-
itive number, i.e., {m|D(N,m) < d∞}.

As such, we obtain m∗ line segments, and approximate
the foot bottom points x̂ g

t on the ground plane by each
line segment. Thereafter, we can again project it into the
bounding box sequence in the normalized image plane as
described before.

2.6. Gait recognition

Once a segmentation sequence (i.e., a silhouettes se-
quence) is given by RefineNet [27] and a bounding box
sequence is given for each pedestrian, we simply apply a
conventional approach to silhouette-based gait recognition.
In short, we firstly register and size-normalize the silhou-
ette sequence based on the bounding box sequence. We
then detect a gait cycle from the normalized silhouette se-
quence, and average the silhouette over one gait cycle to get
GEI [11] as a gait feature. Finally, given a pair of GEIs for
matching, we compute Euclidean distance between them as
a dissimilarity measure, which we execute person verifica-
tion and identification by.

3. Experiments

3.1. Data set

We conducted our experiments using a gait database col-
lected by ourselves. Each subject was asked to walk along
a pre-defined course around buildings. The original videos
were captured by 960 × 540 pixels at 10 fps. Each subject
agreed with the use of captured data for the research pur-
pose. As such, two walking image sequences of 75 subjects
were collected, where some subjects overlapped with other
subjects on the images.

3.2. Qualitative evaluation

In this subsection, we qualitatively compare the ex-
tracted trajectories between the proposed method and a con-
ventional tracking method by Milan et al. [40]. Figure 10
shows how the extracted bounding box sizes are consistent
along with time axis. As for Milan et al. [40], we notice that
the size of bounding box of a pedestrian with an orange T-
shirt, gets rapidly larger just after overlapping with another
pedestrian, and then suddenly gets smaller. On the other
hand, the proposed method successfully keeps the consis-
tency of bounding box size because it imposes that an actual
height in the world coordinate is constant for each pedes-
trian.

We also checked the quality of extracted gait features,
GEIs If we set bounding boxes based on body parts seg-
ments by RefineNet [27] frame-by-frame, the foot bottom

(a) Milan et al. [40] (b) Proposed
Figure 10. Bounding box size consistency. Each color indicates
each extracted trajectory.

Table 1. EER [%] and rank-1, rank-5, rank-10 identification rates
(denoted as Rank-1, Rank-5, Rank-10) [%]. Bold indicates the
best accuracy.

Method EER Rank-1 Rank-5 Rank-10
Milan et al. [40] 32.0 33.3 49.3 57.3
RefineNet [27] 26.7 46.0 66.0 77.0
Proposed 14.7 72.0 80.0 88.0

points are inconsistent (Fig. 1 (a)(b)). As a result, the ex-
tracted GEI is blurry as shown in Fig. 1 (c). On the other
hand, since the proposed method better keeps the consis-
tency on foot bottom points, the extracted GEI is also well
aligned as shown in Fig. 1 (d).

We then evaluate the frequency of ID switch and mis-
detection in Fig. 11. As for Milan et al. [40], we observe
several mis-detection (e.g., a pedestrian following another
pedestrian with black T-shirt) and also ID switches (e.g., a
pedestrian with grey bounding box is later regarded as an-
other pedestrian with a green bounding box). On the other
hand, the proposed method seldom suffers from such mis-
detection and ID switches even after overlapping each other
thanks to DP-based tracking framework. Moreover, the
bounding box size is well consistent throughout the frames
for each pedestrian.



(a) Milan et al. [40] (b) Proposed
Figure 11. ID switches and mis-detection.
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Figure 12. ROC and CMC curves.

3.3. Quantitative evaluation

In this subsection, we address the gait recognition ac-
curacy quantitatively. We consider Milan et al. [40] and
frame-by-frame bounding box setting for RefineNet re-
sult [27] as benchmarks. We evaluated the proposed method
as well as the two baselines in both verification (one-to-
one matching) and identification (one-to-many matching)
modes.

For the verification mode, given a pair of inputs, we ac-
cept it as the same subject’s pair if the dissimilarity mea-

sure between them is below an acceptance threshold, oth-
erwise we reject it (i.e., regard it as a different subjects’
pair). Here, we consider two types of error rates as per-
formance measures: false acceptance rate (FAR) of the dif-
ferent subjects’ pairs, and false rejection rate (FRR) of the
same subjects’ pairs. Because the FAR and FRR change as
the acceptance threshold changes, we evaluated a trade-off
between the FAR and FAR by a receiver operating charac-
teristics (ROC) curve. In addition, we extract an equal error
rate (EER) of the FAR and FRR as a typical performance
measure.

For the identification mode, we match a probe to all the
galleries and make a rank list based on dissimilarity mea-
sures (i.e., galleries with smaller dissimilarity measures get
smaller ranks). We evaluated rates of true match galleries
included up to rank-n by a cumulative matching character-
istic (CMC) curve.

ROC curves CMC curves are shown in Fig. 12. In addi-
tion, EERs , and rank-1, rank-5, and rank-10 identification
rates are summarized in Table 1. We can see the proposed
method yields the lowest errors and the highest identifica-
tion rates among the benchmarks. More specifically, com-
pared with Milan et al. [40] and RefineNet [27], the pro-
posed method reduces EERs by 17.3% and 12.0%, respec-
tively, and improves rank-1 identification rates by 38.7%
and 26.0%, respectively. Consequently, we conclude that
the proposed method steadily improves both verification
and identification performances.

4. Conclusion

This paper described a method of pedestrian trajectory
extraction considering scene geometry to get well aligned
gait features. More specifically, we developed an interac-
tive tool for camera calibration without on-site workload.
We then applied discrete and analytical DP on the ground
plane by using recent semantic segmentation and color his-
togram similarity. Moreover, we introduced piece-wise lin-
ear approximation to the pedestrian trajectory to gain more
global smoothness. Experiments using scenes where mul-
tiple pedestrians sometimes overlap each other and change
their apparent heights due to perspective projection, showed
the effectiveness of the proposed method.

Since we focus on pre-processing part for gait recogni-
tion so far, we employed a quite simple approach for match-
ing part in this paper. In order to show the effectiveness of
the proposed method in the state-of-the-art framework, we
will evaluate the proposed method in conjunction with re-
cent CNN-based approaches [48, 49, 62] in the future.
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