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Abstract

Gait recognition performance is often degraded by
intra-subject gait fluctuations such as temporal fluc-
tuations due to non-uniform evolution of phase (gait
stance) and spatial fluctuations in arm swings or pos-
ture within the same phase. Therefore, we first pro-
pose a method for gait recognition using a phase-
normalized image sequence to overcome the temporal
fluctuations. However, it has been noticed that gait fluc-
tuations actually contain some useful individuality (e.g.,
degree of arm swing fluctuations). Hence, we propose
a score-level fusion framework for gait recognition us-
ing the gait fluctuation features as well as the phase-
normalized image sequence. Experiments with a public
gait database of 100 subjects show the effectiveness of
the proposed method.

1. Introduction
Gait recognition has recently gained consider-

able attention as a promising biometric verifica-
tion/identification method for surveillance systems, ow-
ing to its ability of ascertaining identity from a dis-
tance. Gait recognition performance is, however, often
degraded by various intra-subject variations caused by
views, walking speeds, clothing, carrying status, sur-
faces, and elapsed time. In addition to these, gait fluc-
tuations may also degrade gait recognition performance
as reported in [11].

Gait fluctuations fall mainly into two categories: (1)
temporal fluctuations, and (2) spatial fluctuations. Tem-
poral fluctuations are derived from non-uniform evo-
lution of phase (gait stance), in other words, unstable
paces, and induce misalignment of frames as shown in
Fig. 1(a). Spatial fluctuations are differences within the
same phase, which are typically seen in arm swings and
posture as shown in Fig. 1(b).

Spatial fluctuations are often observed not only be-
tween sequences (e.g., probe and gallery), but also
across multiple periods from a single sequence, and
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Figure 2. Gait fluctuations as features.
While subject A has large temporal and
spatial fluctuations, subject B has small
fluctuations. The degrees of the temporal
and spatial fluctuations can serve as cues
for discriminating subjects A and B.

hence spatial fluctuation problems can be relaxed to
some extent by statistically integrating the matching re-
sults from multiple periods1 in the same way as the
baseline algorithm [13].

On the other hand, temporal fluctuations can be re-
laxed to some extent by using elastic matching tech-
niques such as dynamic time warping (DTW) [12] and
hidden Markov models (HMM) [4], which have been
widely used in the gait recognition community [3, 14,
5, 2]. In an HMM framework, a finite number of states
(phases or gait stances in gait recognition problems)
are pre-defined or chosen through a model selection
process and a state for each frame is estimated by the
Viterbi algorithm. Hence, precision of temporal align-
ment is constrained to discrete state levels. Moreover,
the HMM requires a sufficient number of training sam-
ples for successful state estimation; otherwise, it fails.

We therefore, introduce the Self DTW technique [8]

1For example, the minimum distance integration strategy can find
a pair of periods in the probe and gallery with similar arm swings.
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to estimate sub-frame order phases from a single im-
age sequence without any other training sequences. The
estimated phases are then used to generate a phase-
normalized image sequence, where phase intervals be-
tween adjacent images are uniform and hence, tempo-
ral fluctuations have been removed. The effectiveness
of the Self DTW-based phase registration has already
been demonstrated for gait-based owner authentication
from a wearable sensor signal [15], and we therefore,
extend the phase registration technique to gait image se-
quences.

However, it has been noticed that reproducible gait
fluctuations actually contain useful individualities. For
example, assume that one subject’s arm swings fluctuate
across periods in every sequence (e.g., both the gallery
and probe), whereas those of another subject are quite
stable as shown in Fig. 2. In this case, the degree of
arm swing fluctuations can serve as a cue to discrimi-
nate these two subjects.

We therefore, incorporate such gait fluctuation fea-
tures to improve gait recognition. Although a single gait
fluctuation feature does not outperform conventional
gait features, score-level fusion of the gait fluctuation
features and conventional gait features can outperform
a single conventional gait feature.

2. Phase-normalized image sequence
2.1. Preprocessing

Given a walking image sequence, a gait silhouette
sequence is extracted by background subtraction-based
graph-cut segmentation [9]. The gait silhouette se-
quence is then scaled and registered so as to generate
a size-normalized gait silhouette sequence. The size-
normalized gait silhouette sequence is subsequently
projected onto the PCA (principal component analysis
) space to generate a M -dimensional gait signal2. For
simplicity, the size-normalized gait silhouette sequence
and M -dimensional gait signal in the PCA space are re-
ferred to as the input image sequence and gait signal,
respectively, in the following sections.

2.2. Phase estimation
Because gait is a periodic motion, the gait signal is

also periodic. A periodic gait signal at time t, denoted
as x (t) ∈ RM , satisfies x (t) = x (t+p) ∀t, where P is
the period. Phase s is then introduced as the normalized
time and denoted as s = t/P .

The gait periodicity is, however, often violated ow-
ing to fluctuations in the gait motion itself or the sam-
pling interval of the capture device (e.g., a network

2PCA dimension M is chosen such that the cumulative eigenval-
ues are greater than 99%.
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Figure 3. Phase-normalized image se-
quence

camera) and the periodic gait signal is consequently
degraded to a quasi-periodic signal. Here, a quasi-
periodic gait signal and its associated phase for the i-th
sample are denoted as x i and si (i = 0, . . . , N − 1),
respectively, where N is the number of frames in the
input image sequence.

Note that phase sequence {si} is unknown, whereas
the gait signal {x i} is given. Hence, the unknown
phase sequence {si} is estimated from the given gait
signal {x i} using the Self DTW algorithm [8]. Unlike
the HMM-based method, Self DTW can provide a sub-
frame order estimate of phase from a single gait signal
without any other training sequences.

2.3. Phase normalization
Once an input image sequence {Ii} has been aligned

based on the estimated phase sequence {si}, non-
uniform intervals between adjacent images are seen as
shown in Fig. 3(centre). Since these non-uniform inter-
vals cause frame misalignment in the matching phase
(see Fig. 1(a)), a phase-normalized image sequence is
generated from the input image sequence and estimated
phase sequence by a temporal interpolation technique
so that the intervals between adjacent images are uni-
form as shown in Fig. 3(bottom).

First, let the number of uniform intervals per period,
that is, frames per period, be NP and phase s̄j of the
j-th frame in the phase-normalized image sequence be
defined as s̄j = j/NP . Here, we set NP = 100 experi-
mentally, since this constructs sufficiently fine intervals
and enables us to align images in sub-frame order3.

Next, for each phase s̄j in the phase-normalized im-
age sequence, we find adjacent phases si and si+1 in
the input image sequence satisfying si ≤ s̄j < si+1. To

3Note that there are approximately 30 frames per period in a typi-
cal 30-fps walking image sequence.
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generate the j-th phase-normalized image Īj , morphing
weights wj,i and wj,i+1 for the i-th and (i+1)-th input
images Ii and Ii+1, respectively, are set as

wj,i =
si+1 − s̄j
si+1 − si

, wj,i+1 = 1− wj,i. (1)

Finally, earth mover’s morphing [10] as a topology-
free shape morphing technique is applied to adjacent
images Ii and Ii+1 with weights wj,i and wj,i+1, re-
spectively, and the j-th phase normalized image Īj is
consequently generated as shown in Fig. 3(bottom). Be-
cause the phase-normalized image sequence has uni-
form phase intervals between adjacent images, a sim-
ple phase-shift matching algorithm (e.g., the baseline
algorithm [13]) can be directly applied without further
temporal normalization.

3. Gait fluctuation features
As described in Section 1, reproducible gait fluctu-

ations can serve as cues in identifying a person. Al-
though both temporal and spatial fluctuations are po-
tential features, only spatial fluctuations are discussed
in this paper due to the page limitation.

First, subsequences of the i-th and j-th periods (i ̸=
j) are extracted from the entire phase-normalized image
sequence with the k-th images of the subsequences de-
noted as Īi,k and Īj,k (k = 0, . . . , NP −1), respectively
(top left of Fig. 4). The spatial difference is then com-
puted within the same relative phase. More specifically,
a difference image is computed by subtracting Īi,k from
Īj,k, followed by erosion to remove the difference near
the silhouette contour (bottom left of Fig. 4). These dif-
ference images are averaged over the period and a gait
fluctuation image Di−j for the pair of i-th and j-th peri-
ods is generated as shown in the bottom right of Fig. 4.

In the matching phase, given each period combina-
tion of gait fluctuation images for probe {DP

i−j} and
that for gallery {DG

k−l}, dissimilarities between these,
denoted as d, are computed as

d =
1

NC

∑
i,j

min
k,l

{1−MC(DP
i−j , D

G
k−l)}, (2)

where MC(·, ·) is the normalized mutual correlation
between the two images and NC is the number of pe-
riod combinations.

4. Experiments
4.1. Dataset and setup

The proposed method was evaluated with real gait
sequences from the Treadmill Dataset D4 in the publicly
available OU-ISIR Gait Database [6]. Because we fo-
cus on gait fluctuations in this paper, we selected subset
DBlow composed of 100 subjects with relatively large
gait fluctuations.

Two sequences were captured for each subject and
used as the probe and gallery, respectively. The size,
frame-rate, and recording time for each sequence were
88 by 128 pixels, 60 fps, and 6 sec, respectively.

While Eq. (2) was used for matching gait fluctuation
images, the baseline algorithm [13] was exploited for
matching both the input and phase-normalized image
sequences.

In fusion experiments, a two-dimensional dissimilar-
ity space derived from the phase-normalized image se-
quence and the gait fluctuation image was constructed.
Then, 100 subjects were separated into 50 training and
50 test subjects. A linear logistic regression model for
the likelihood ratio [1] was trained with the training sub-
jects, and then applied to the test subjects to evaluate
recognition performance.

Gait recognition performance was evaluated in the
context of a verification scenario and hence, receiver
operating characteristic (ROC) curves, indicating the
tradeoff between the false acceptance rate (FAR) of im-
posters and false rejection rate (FRR) of genuine candi-
dates, were exploited.

4.2. Results
First, we evaluated the gait recognition performance

using the phase-normalized image sequence and the in-
put image sequence with all 100 subjects in terms of
ROC curves, as shown in Fig. 5(a). Because the phase-
normalized image sequence successfully removes tem-
poral fluctuations, it outperforms the input image se-
quence.

Next, we evaluated gait recognition performance us-
ing score-level fusion of the phase-normalized image
sequence and the gait fluctuation image with the 50 test
subjects, and compared this to the performance of each
of the cues individually, as shown in Fig. 5(b). Al-
though the performance using the gait fluctuation image
is worse than that using the phase-normalized image se-
quence, the performance using the fusion of them out-
performs that for the phase-normalized image sequence.

4Available at http://www.am.sanken.osaka-
u.ac.jp/GaitDB/index.html
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Figure 5. ROC curves

Regarding the equal error rate (EER) of FAR and FRR,
the EER for fusion is approximately 2%, while the rates
for the phase-normalized image sequence and the gait
fluctuation image are 4% and 16%, respectively. Based
on these results, it is apparent that gait fluctuation fea-
tures can improve gait recognition performance if these
features are used as a component of score-level fusion.

5. Conclusion
This paper described a method for gait recognition

using gait fluctuation features. First, we introduced a
phase-normalized image sequence to overcome tempo-
ral fluctuations. In addition, we introduced gait fluc-
tuation features to improve gait recognition, which are
jointly used with the phase-normalized image sequence
in a score-level fusion framework. Experiments using a
public gait database with 100 subjects demonstrated the
effectiveness of the proposed method.

Future work includes incorporating temporal fluc-
tuation features as well as spatial fluctuation features.
Moreover, stable spatial feature extraction from view-
transited image sequences in conjunction with view
transformation techniques [7] remains to be done.
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