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Abstract. Gait recognition has recently attracted much attention since
it can identify person at a distance without subject cooperation. Walk-
ing speed changes, however, cause gait changes in appearance, which
significantly drops performance of gait recognition. Considering a speed-
invariant property at single-support phases where stride change due to
speed changes are mitigated, and a stability against phase estimation
error and segmentation noise by aggregating multiple phases inspired by
gait energy image (GEI), we propose a speed-invariant gait represen-
tation called single-support GEI (SSGEI), which realizes a good trade-
off between the speed invariance and the stability by combining single-
support phases and GEI concept. For this purpose, we firstly find out the
optimal duration around single support phases using a training set so as
to well balance the speed invariance and the stability. We then extract SS-
GEI by aggregating multiple single-support frames. Finally, we combine
the proposed SSGEI with subsequent Gabor filters and metric learning
for better performance. Experiments on the publicly available OU-ISIR
Treadmill Dataset A composed of the largest speed variations demon-
strated that the proposed method yielded 99.33% rank-1 identification
rate on average for cross-speed gait recognition, which outperforms the
other state-of-the-arts, and realized a low computational cost as well.

1 Introduction

Biometric person authentication has recently gained a growing demand in many
applications, such as border control at an airport, access control to an amuse-
ment park, owner authentication for a bank card. Compared with physiological
biometric cues such as DNA, fingerprint, iris, and face, gait has advantages in
terms that it is difficult to be obscured and imitated. Moreover, it is possible to
identifying a person from his/her gait at a large distance from a camera (e.g.,
CCTV installed in the street) without subject cooperation, since gait recognition
works even with relatively low-resolution images [1]. Gait recognition has there-
fore attracted considerable attention as a unique cue to authenticate a person
from CCTV footage for surveillance and forensics [2–4].
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Fig. 1. Comparison of Keyframe, GEI and SSGEI. We choose 9 frames from a period
evenly in both gallery (2 km/h) and probe (7km/h) sequence. The corresponding single
Keyframe, GEI and SSGEI features are shown in the right. The subtraction image for
each feature are shown in the bottom. They illustrate that SSGEI can reduce such
appearance differences caused by posture change, phase difference and speed change in
the same time.

Involving uncooperative subjects in gait recognition, means that gait may be
affected by various covariates, including but not limited to views, shoes, surfaces,
clothing, carriages, and walking speed [5, 6]. Among these covariates, walking
speed is one of the most common challenging factors and also often observed in
real scenes (e.g., a perpetrator running out of a criminal scene). Since the change
of walking speed causes the change of gait features in particular in dynamic ones
like gait period, arm swing, and stride length, which may significantly drop the
performance of gait recognition. In fact, many of popular gait descriptors such as
gait energy image (GEI) [7], frequency-domain feature [8], chrono-gait image [9],
gait flow image [10], does not work for cross-speed gait recognition if they are
directly applied.

Hence, cross-speed gait recognition enjoy a rich body of literatures [11–20].
While they successfully mitigate the speed effect to some extent, yet most of them
do not work well for larger speed changes, or suffer from high computational cost,
which is an important problem in real-world scenarios.

Among them, use of single support phase [16] worth investigating more de-
tails. This is because the change of walking speed mainly affects the dynamic
parts such as arm swing and stride length, which are the most outstanding at
double support phases, and hence such effects are considerably mitigated at the
single support phases where the limbs are the most closed as shown in Fig. 1.
In other words, the single-support phases provide promising keyframes for speed
invariance. A single keyframe at a single support phase itself may, however, be
easily affected by phase (gait stance) estimation error, silhouette segmentation
noises, and temporary posture changes, which also drops the gait recognition
performance.

To overcome these defects, we propose a speed-invariant as well as stable gait
representation called single-support GEI (SSGEI) for cross-speed gait recogni-
tion. Inspired by an idea of aggregating multiple frames for silhouette noise
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reduction in GEI [7], we also aggregate multiple frames of a certain duration
around the support phase. Since longer duration leads to more stability but less
speed invariance, while shorter duration leads to less stability but more speed
invariance, we find out the optimal duration so as to well balance the speed
invariance and the stability using a training set. The contribution of this work
are three-folded.
1. A speed invariant as well as stable gait representation.

The proposed SSGEI realizes a good trade-off between speed invariance and
stability, which is intuitively understandable with an example in Fig. 1. In this
example, a subject in a gallery sequence (2 km/h) looks down in several frames,
while he keeps on walking normally in a probe sequence (7 km/h). In addition,
selected keyframe of single support phase have a slight phase difference. Af-
fected by such temporary posture change and phase difference, the difference of
keyframes becomes large. On the other hand, GEI can mitigate such temporary
posture change and phase difference, although it directly affected by speed vari-
ation in particular in dynamic parts in stride and arm swings. Compared these
two, we observe that the cross-speed difference of the proposed SSGEI is well
suppressed by balancing the speed invariance and stability, which are derived
from concepts of keyframes at single support phase and aggregation in GEI,
respectively.
2. State-of-the-art accuracy for cross-speed gait recognition.

The proposed SSGEI in conjunction with Gabor filters and a standard met-
ric learning technique yielded the best accuracy both in terms of verification
and identification scenarios, compared with other state-of-the-arts approaches
to cross-speed gait recognition, through experiments on publicly available OU-
ISIR Treadmill Dataset A containing the largest speed variations.
3. Low computational cost.

The proposed method is also executable with a low computational cost due
to its simplicity, which is more applicable in real-world surveillance applications,
while the state-of-the-art requires relatively high computational cost.

2 Gait Recognition using SSGEI

2.1 Representation

As a preprocess, given input images, gait silhouettes have been extracted by
background subtraction-based graph-cut segmentation [21], and then normalized
by the height and registered by the region center to obtain size-normalized and
registered silhouette sequences [8].

We then detect a gait period from lower body parts of the size-normalized
silhouette sequence. Given a body height H, the vertical position of knee was
suggested to be set to 0.285H1 in [22] based on statistics of anatomical data. We
then compute a temporal series of the width of lower body from the foot bottom

1 The vertical positions of the foot bottom and the head top are represented as 0 and
H, respectively, in this coordinate system.
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Fig. 2. Gait period setting and duration for SSGEI along with the size-normalized and
registered silhouette sequence from three different walking speeds. The horizontal axis
t/T means non-dimensional time normalized by the gait period T . Note that frame
intervals are different among the walking speeds due to gait period difference. The
non-dimensional time of two keyframes at single-support phases are represented by
pss,k(k = 1, 2). Two parts of multiple single-support phases within the range [pss,k −
p, pss,k + p](k = 1, 2) are selected to compose subsequences for constructing SSGEI,
where p is a hyper parameter for duration selection.

to the knee and then find the local maxima and minima as double support
phases and single support phases, respectively. Thus, we can set a gait period T
[frames] so at that it starts from a double support phase (t = tds,1 = 0), then
goes through two single-support phases (t = tss,1 and t = tss,2) and another
in-between double-support phase (t = tds,2), and finally ends with the third
double-support phase (t = tds,3 = T ), as shown in Fig. 2.

In addition, we convert a time t ∈ Z [frames] into a non-dimensional time
p = t/T ∈ R normalized with the period T so as that the duration around single
support phases can be defined in a rate-invariant way against walking speeds.
Assume that we take 2p duration around the single support phases pss,k(k = 1, 2)
in the non-dimensional time domain, the duration around the k-th single support
phase is defined as [pss,k − p, pss,k + p]. Note that the duration parameter p is
subject to 0 < p ⩽ 1/4 (the duration will cover the whole period in case of
p = 1/4).

Once we define the durations, we can convert them back to the original
time domain and obtain the starting and ending frames for the k-th duration
as tsss,k(p) = ⌈(pss,k − p)T ⌉ and tess,k(p) = ⌊(pss,k + p)T ⌋, respectively, where ⌈·⌉
and ⌊·⌋ are ceiling and floor functions.

Now, we can define SSGEI based on the durations. Let a binary silhouette
value at the position (x, y) at the t-th frame in the size-normalized and regis-
tered silhouette sequence, be I(x, y, t), where 0 and 1 indicate background and
foreground, respectively. We then compute SSGEI S(x, y; p) with the duration
parameter p as

S(x, y; p) =
1

2

2∑
k=1

1

tess,k(p)− tsss,k(p) + 1

tess,k(p)∑
t=tsss,k(p)

I(x, y, t). (1)
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Examples of SSGEI can be found in Fig.1 and we can see that SSGEI shows
its effectiveness clearly when compared with a single keyframe at single support
phase and GEI.

2.2 The optimal duration estimation

Because a core of the proposed method is to find a good trade-off between
the speed invariance and the stability, we need to carefully select the optimal
duration parameter p. For this purpose, we introduce a well-know criterion for
discrimination capability, i.e., Fisher ratio of between-class distance and within-
class distance using a training set including speed variations.

Suppose that the training set is composed of a set of SSGEIs {S(p)i,j ∈
RHS×WS}(i = 1, . . . , Nc, j = 1, . . . , ni), where Nc and ni are the number of
training subjects and the number of training samples for the i-th training subject,
and WS and HS are the width and the height of the SSGEI. We then compute
summations of within-class distances and between-class distances as

DW (p) =

Nc∑
i=1

ni∑
j=1

∥Si,j(p)− S̄i(p)∥2F (2)

DB(p) =

Nc∑
i=1

ni∥S̄i(p)− S̄(p)∥2F , (3)

where ∥ · ∥F is Frobenius norm for a matrix, S̄i(p) and S̄(p) are the i-th class
mean and total mean which are given as

S̄i(p) =
1

ni

ni∑
j=1

Si,j(p) (4)

S̄(p) =

∑Nc

i=1 niS̄i(p)∑Nc

i=1 nc
. (5)

Consequently, the optimal duration parameter p∗ is obtained so as to make
Fisher ratio of the between-class distances and the within-class distances be
maximized as

p∗ = argmax
p

DB(p)

DW (p)
. (6)

2.3 Filtering as postprocess

Recently, the Gabor-based feature has been demonstrated to be very effective for
gait recognition [23, 24, 20], since Gabor-functions-based image decomposition is
biologically relevant to image understanding and recognition as reported in [23,
25]. We therefore also introduce the Gabor filtering as a postprocess for the
proposed SSGEI (referred to as Gabor-SSGEI later).
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Fig. 3. Example of Gabor-SSGEI. Here we choose Gabor kernel functions of 8 directions
and 5 scales.

The Gabor wavelets can be defined as [23]

ψs,d(z) =
|k̄s,d|2

δ2
e−

|k̄s,d|2∥z∥2

2δ2 [ek(ik̄s,d)·z − e−
δ2

2 ], (7)

where z = [x, y]T is a vector representing the spatial location in Gabor kernel
window, i is an imaginary unit. k(·) is a function to transform a complex number
to a two-dimensional real vector. Moreover, k̄s,d = kse

iϕd determines the scale
and direction of Gabor functions, where ks = kmax/f

s, with kmax = π/2, and
kmax is the maximum frequency, and f is the spacing factor between kernels
in the frequency domain [26]. Consequently, the Gabor kernels in Eq. (7) are
self-similar and each kernel is a product of a Gaussian envelope and a complex
plane wave.

After acquiring Gabor kernel functions of s scales and d directions, we con-
volve the SSGEI with Gabor functions. Similar to [24], we downsample each
Gabor-filtered image from M × N to ⌊M/2 × N/2⌋ for lower computational
cost. Afterwards, all the Gabor-filtered images are aligned to represent the final
feature Gabor-SSGEI, with rows show different scales and the columns show
different directions. The example can be found in Fig. 3.

2.4 Metric Learning

Because direct matching in the original high dimensional feature space often
leads to accuracy degradation as well as high computational cost, we employ
two-dimensional principle component analysis (2DPCA) to reduce the feature
dimension in the column direction.
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Similarly to subsection 2.2, suppose that the training set is composed of a
set of Gabor-SSGEIs {Gi,j ∈ RHG×WG}(i = 1, . . . , Nc, j = 1, . . . , ni), where Nc

and ni are the number of training subjects and the number of training samples
for the i-th training subject, and WG and HG are the width and the height of
the Gabor-SSGEI.

A covariance matrix ST ∈ RWG×WG can be calculated by [27]

ST =
1

N

Nc∑
i=1

ni∑
j=1

(Gi,j − Ḡ)T (Gi,j − Ḡ), (8)

where N is the total number of training samples, and Ḡ is the total mean of all
training samples.

The orthogonal eigenvectors of ST corresponding to the firstW ′ largest eigen-
values constitute the optimal projection matrix P ∈ RWG×W ′

. In our applica-
tions, we make 2DPCA retain 99% of the variance. Once we obtain the projection
matrix P , a dimension reduced feature matrix Yi,j ∈ RH×W is computed as

Yi,j = (Gi,j − Ḡ)P. (9)

We then try finding a discriminative projection using two-dimensional lin-
ear discriminant analysis (2DLDA) in the row direction after the projection
by 2DPCA. For this purpose, we consider a within-class scatter matrix SW ∈
RHG×HG and a between-class scatter matrix SB ∈ RHG×HG [28], which are
computed as

SW =

Nc∑
i=1

ni∑
j=1

(Yi,j − Ȳi)(Yi,j − Ȳi)
T (10)

SB =

Nc∑
i=1

ni(Ȳi − Ȳ )(Ȳi − Ȳ )T , (11)

where Ȳi and Ȳ are the i-th class means and total mean in the 2DPCA space.
Finally, a projection q for 2DLDA is obtained so as to maximize the following

criterion defined as a ratio of between-class scatter and within-class scatter as

J(q) =
qTSBq

qTSWq
. (12)

The optimal projection is chosen when the J(q) is maximized, and this problem
can be solved by the generalized eigenvalue problem [28]. Similar to 2DPCA,
the eigenvectors corresponding to the first H ′ largest eigenvalues make up the
optimal projection matrix Q ∈ RHG×H′

.
Consequently, a dimension reduced matrix Yi,j ∈ RHG×W ′

in the 2DPCA

space is further transformed to Zi,j ∈ RH′×W ′
in the 2DLDA space as

Zi,j = QTYi,j . (13)
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3 Experiments

In this section, we first describe the datasets and parameter settings in subsection
3.1, then we design three experiments in subsection 3.2, 3.3 and 3.4 respectively,
as follows:

1. Analyse the duration parameter p.
2. Compare five features (Keyframe, GEI, SSGEI, Gabor-GEI, Gabor-SSGEI)

w/ and w/o metric learning in both verification (one-to-one matching) and
identification (one-to-many matching) scenarios under speed variations, in
order to confirm the proposed method realizes a good tradeoff between the
speed invariance and the stability as well as confirming the contributions of
individual components. Here, Keyframe is encoded as an average of two single
support phases. In verification scenarios, we adopt an receiver operating
characteristics (ROC) curve which shows a relation between false rejection
rate (FRR) and false acceptance rate (FAR) when an acceptance threshold
changes. In identification scenarios, as a performance evaluation measure, a
cumulative matching characteristics (CMC) curve is used, which indicates
rates that the genuine subjects are included within each of rank [29].

3. Compare the proposed method with the state-of-the-arts by rank-1 identifi-
cation rate.

Finally, we evaluate the computational cost in subsection 3.5.

3.1 Datasets and Parameter Settings

For this experiments, we adopted the OU-ISIR Treadmill Dataset A [30], which
contains image sequences of 34 subjects and speed variation ranging from 2 km/h
to 10km/h at 1 km/h interval to evaluate our method. In this paper, we focus
on speed changes while walking (from 2 km/h to 7 km/h). Nice subjects were
used for training the parameter p as well as 2DPCA and 2DLDA, and the other
disjoint 25 subjects were used for testing.

As for parameter setting in Gabor functions, we set f =
√
2, and used

five scale parameters (i.e., s = 0, 1, 2, 3, 4), and eight orientation parameters
ϕd = πd/8 for d = 0, 1...7, following [23, 24, 26], which summed up to 40 Gabor
functions in total. The number of oscillations under the Gaussian envelope is
determined by δ = 2π. The window size of Gabor filter is 45 × 45 pixels in our
applications.

We empirically set the dimensions of 2DLDA to 90 for the feature whose
dimension is 128 × 88 (Keyframe, GEI, SSGEI) and 110 for the feature whose
dimension is 320× 352 (Gabor-GEI, Gabor-SSGEI), respectively.

3.2 Analysis on the Optimal Duration Parameter

As described in subsection 2.1, we select the optimal duration parameter p within
0 < p ⩽ 1/4. Concretely speaking, we empirically prepared a discrete set of
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(a) Fisher ratio using training set (b) Rank-1 identification on testing
set

Fig. 4. Duration parameter analysis.

parameter candidates as p ∈ {i/40}(i = 1, 2, . . . , 10) at 1/40 interval (when
p = 10/40, the whole period is included in the duration). We report the Fisher
ratio (Eq. (6)) corresponding to each parameter candidate p in Fig. 4(a). As a
result, Fisher ratio is the largest for p = 3/40, and hence we adopted p∗ = 3/40
in our experiments.

As for reference, we made sensitivity analysis of the duration parameter p on
rank-1 identification rate for the testing set in order to investigate the generaliza-
tion capability. Although the rank-1 identification rates over duration parameter
p is not so smooth due to limited number of testing subjects (i.e., 25 subjects), it
is still worth mentioning to that the best rank-1 identification rate is obtained at
the same optimal duration p∗ = 3/40, which shows the generality of the duration
parameter p.

3.3 Feature Comparison

In this section, five features (Keyframe, GEI, SSGEI, Gabor-GEI, Gabor-SSGEI)
were tested w/o and w/ metric learning. For this purpose, we choose a pair of
galleries at 4 km/h and probes at each speed from 2 km/h to 7 km/h as examples.

Firstly, the accuracy in verification scenarios was evaluated with ROC curves
in Fig. 5. When the differences of walking speeds between gallery and probe are
small (see Fig. 5(b) for example), all the features get relatively good results.
However, since Keyframe aggregates only two frames at single support phases in
a period, it performs the worst when gallery and probe are the same speed (see
Fig. 5(c)), where the stability is more meaningful than the speed invariance.

On the other hand, when the differences of walking speeds between gallery
and probe becomes larger (see Fig. 5(f) for example), it is clearly seen that the
result of GEI becomes worse as it is very sensitive to the walking speed change.
In contrast, the proposed SSGEI yielded the better results in both cases of small
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Fig. 5. ROC curves for five features in two stages (w/o and with metric learning).
Gallery speed is 4 km/h and probe speed is from 2 km/h to 7 km/h.

and large speed change. What is more, when combined with Gabor filtering and
2DPCA, 2DLDA, the propose SSGEI achieved the best accuracy as a whole, and
successfully suppress EER to 4.0% even at the worst case.

Next, we evaluate the accuracy in identification scenarios. Similarly, CMCs
show performance of each feature w/o and with metric learning for each probe
in Fig. 6. The results were basically consistent with those in the verification
scenarios. Obviously, the proposed method (Gabor-SSGEI + 2DPCA + 2DLDA)
yielded the highest accuracy, with 100% rank-1 identification rates in all the six
pairs.

For a clearer and more intuitive explanation, we give examples of five fea-
tures in Fig. 7 with a pair of true and false matches and also their corresponding
subtraction and Euclidean distance. The subtraction images and Euclidean dis-
tances illustrate that, Keyframe, GEI, SSGEI, and Gabor-GEI all result in a
false match since Euclidean distances for the false match is smaller than the
true match. On the other hand, the proposed Gabor-SSGEI results in the true
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(f) Probe: 7 km/h

Fig. 6. CMC curves for five features in two stages (w/o and with metric learning).
Gallery speed is 4 km/h and probe speed is from 2 km/h to 7 km/h.

matches due to the good tradeoff between speed invariance and stability, as well
as effectiveness of Gabor filtering.

Finally, for a comprehensive evaluation, we also give rank-1 identification
rates of the five features averaged over all of the 36 (= 6 × 6) combinations of
walking speeds in probe and gallery in Table. 1.

As a result, the performance of SSGEI w/o and w/ metric learning are both
better than Keyframe and GEI, which shows that the proposed SSGEI realizes
a good tradeoff between the speed invariance and the stability as feature rep-
resentation, and it is consistent with the results in Fig. 5-7. In addition, if we
exclude one of individual components SSGEI, Gabor filtering, and metric learn-
ing, from the full proposed method, the rank-1 identification rates drop from
the best one, 99.33% for the full proposed method, i.e., Gabor-SSGEI w/ metric
learning, to 96.89% for Gabor-GEI w/ metric learning, 87.67% for SSGEI w/
metric learning, and 95.11% for Gabor-SSGEI w/o metric learning, respectively,
which indicates individual components substantially contribute to the proposed
method.
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Fig. 7. Comparison examples of five features. Gallery speed is 4km/h and probe speed
is 2km/h. (a) Probe. (b) False match in gallery (imposter). (c) True match in gallery
(genuine). (d) Subtraction and corresponding Euclidean distance for false match. (e)
Subtraction and corresponding Euclidean distance for true match.

3.4 Comparison with State-of-the-arts

In this section, the proposed method is compared with the state-of-the-arts
of cross-speed gait recognition, i.e., hidden Markov model (HMM)-based ap-
proach [17], stride normalization (SN) [16], speed transformation model (STM) [15],
differential composition model (DCM) [19], random subspace method (RSM) [20].
Following these works, we also report rank-1 identification rates to measure accu-
racy on cross-speed gait recognition. Although it is naturally preferable to eval-
uate the benchmarks using the same database under the same protocol, some of
the benchmarks employed different databases (the number of subjects is almost
consistent across the database used) and hence we set up similar experimental
setup as much as possible as also doing the same thing in [15] and [20].

For example, SN [16] was evaluated with a different gait database whose
walking speed differences were 2.5 km/h and 5.8 km/h, and hence we compared
it with the matching results between 2 km/h and 6 km/h by the other methods.
Moreover, HMM [17] also employed a different gait database whose walking
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Table 1. Rank-1 identification rates [%] of the five features w/o and w/ metric leaning
averaged over all the 36 combinations of walking speeds in probe and gallery.

Keyframe GEI SSGEI Gabor-
GEI

Gabor-
SSGEI

w/o metric learning 74.89 62.56 80.33 84.00 95.11

w/ metric learning 84.44 85.89 87.67 96.89 99.33

Table 2. Rank-1 identification rate [%] of different algorithms in case of small and
large speed changes.

Speed change HMM SN STM DCM RSM Proposed
method

Small (3 km/h and 4 km/h) 84 - 90 98 100 100

Large (2 km/h and 6 km/h) - 35 58 82 95 98

speed difference is 3.3 km/h and 4.5 km/h, and hence we compared it with the
matching results between 3 km/h and 4 km/h by the other methods.

Results are shown in Table. 2. In addition, the rank-1 identification rates av-
eraged over all the 36 combinations of walking speeds for the best three methods
in Table. 2, i.e., DCM [19], RSM [20], and the proposed method, are listed in
Table. 3. Moreover, rank-1 identification rates of 36 individual combinations of
walking speeds for the proposed method are reported in Table. 4.

From Table. 2-4, the proposed method clearly outperforms the other algo-
rithms, in particular in case of large speed changes.

3.5 Evaluation of Running Time
To test the computational cost, Matlab code of the proposed method wad run
on a PC with Intel Core i7 4.00 GHz processor and 32 GB RAM. The training
time of parameter for optimizing duration and metric learning method, as well
as the query time of each sequence are listed in Table. 5. The result demonstrates
the computational cost of the proposed method is very low and suitable for real
applications, while some of the benchmarks requires high computational cost
such as model fitting in [15] and substantial number of random projections in
[20].

Table 3. Averaged rank-1 identification rates [%] of DCM, RSM, and the proposed
method.

Algorithms Rank-1 identification rate

DCM 92.44

RSM 98.07

Proposed method 99.33
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Table 4. Rank-1 identification rate (%) of the proposed method in all the 36 combi-
nations of walking speeds.

Probe

Gallery
2km/h 3km/h 4km/h 5km/h 6km/h 7km/h

2km/h 100 100 100 100 96 96

3km/h 100 100 100 100 100 92

4km/h 100 100 100 100 100 92

5km/h 100 100 100 100 100 100

6km/h 100 100 100 100 100 100

7km/h 100 100 100 100 100 100

Table 5. Running time [s] of the proposed method.

Running stage Time cost

Training time in optimizing duration parameter 0.009

Training time in 2DPCA and 2DLDA 0.115

Query time of each sequence 0.003

4 Conclusion

This paper presents a speed invariant as well as stable gait representation called
SSGEI to cope with cross-speed gait recognition. In order to realize a good
trade-off between the speed-invariance and the stability, we choose the optimal
duration around single support phases so as to maximize Fisher ratio using a
training set. SSGEI is then computed by aggregating multiple frames for the
optimal duration and is further combined with Gabor filters and metric learning
for better performance. Comprehensive experiments illustrated the effectiveness
of the proposed method, which outperformed other state-of-the-art methods,
with a low time consuming as well.

Since we focused on the cross-speed gait recognition within walking style
in this work, a future research avenue is speed-invariant gait recognition across
different modes, i.e., walking and running, which may often the case with real-
world scenes.
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