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Abstract

In this paper, we propose a unified convolutional neu-
ral network (CNN) framework for robust gait recognition
against posture changes (e.g., those induced by walking
speed changes). In order to mitigate the posture changes, we
first register an input matching pair of gait features with dif-
ferent postures by a deformable registration network, which
estimates a deformation field to transform the input pair both
into their intermediate posture. The pair of the registered
features is then fed into a recognition network. Further-
more, ways of the deformation (i.e., deformation patterns)
can differ between the same subject pairs (e.g., only posture
deformation) and different subject pairs (e.g., not only pos-
ture deformation but also body shape deformation), which
implies the deformation pattern can be another cue to distin-
guish the same subject pairs from the different subject pairs.
We therefore introduce another recognition network whose
input is the deformation pattern. Finally, the deformable
registration network, and the two recognition networks for
the registered features and the deformation patterns, con-
stitute the whole framework, named DeformGait, and they
are trained in an end-to-end manner by minimizing a loss
function which is appropriately designed for each of verifica-
tion and identification scenario. Experiments on the publicly
available dataset containing the largest speed variations
demonstrate that the proposed method achieves the state-of-
the-art performance in both identification and verification
scenarios.

1. Introduction
Gait recognition is one of behavioral biometrics which

identifies a person based on how he/she walks. Gait has
its unique advantages over other physiological biometrics
(e.g., DNA, fingerprint, vein, and face): recognition without
subject cooperation; recognition at a large distance from a
camera with low-resolution images (e.g., a video captured
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by a CCTV in a public area). Gait recognition is therefore
suitable for many applications in surveillance, forensics, and
criminal investigation [3, 11, 22].

On the other hand, gait recognition performance often de-
grades due to various covariates, such as views [25, 18, 43],
clothing [20, 21], carriages [36, 26], and walking speed [27,
7, 44], since the covariates cause large intra-subject vari-
ations on gait features, particularly on appearance-based
ones (e.g., gait energy image (GEI) [9]). In addition to the
above-mentioned covariates, posture change is also consid-
ered as a covariate that often occurs while walking, and
makes gait recognition difficult. For example, people may
sometimes look down to watch a mobile phone, or swing
their arms more than usual when feeling happy [38]. More-
over, there exist posture changes caused by walking speed
changes: larger stride length and more arm swing when
walking faster; forward-bent posture and more knee flexion
when running (see Fig. 3).

A possible solution to gain robustness against the pos-
ture changes, is to apply discriminative approaches to an
image-based gait feature such as metric learning frame-
works [9, 47, 28, 39, 6] or deep learning frameworks, more
specifically, convolutional neural network (CNN) frame-
works [42, 31, 43, 48, 34, 10, 4, 51]. In most of the metric
learning frameworks, lower weights are assigned to a spatial
region of the image-based gait feature where intra-subject
variations affects more (e.g., a region around a torso’s con-
tour which is affected by intra-subject forward bending when
running), and vice versa. The CNN frameworks usually
contain max-pooling layers, which make extracted features
spatially invariant more or less [34]. The spatially invariant
property brought by the approaches may, however, some-
times wash out subtle yet informative inter-subject variations
(e.g., torso’s contour differences between normal and slightly
slim subjects).

Another direction is to apply deformable registration
frameworks before matching [5, 23, 46], and is considered as
a more promising solution because it can directly handle the
geometric aspect of the intra-subject posture changes. In par-
ticular, free form deformation (FFD) [30] is one of the most
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Figure 1. Deformation fields between a pair of the same subject
(i.e., probe and genuine GEIs), and that of different subjects (i.e.,
probe and imposter GEIs) obtained by the method [46].

flexible deformation representation for a non-rigid object
such as a human body, and hence it is often employed in gait
analysis studies to register gait features between different
views [5, 46], gait modes (i.e., walking and running) [45],
and postures [23]. However, if we register the gait features
too much, the aforementioned subtle yet informative inter-
subject variations may be washed out (e.g., registration from
a normal body shape to a slightly slim one).

By taking a closer look at the deformation patterns, we
notice that there are considerable differences between intra-
subject (i.e., the same subject) deformation patterns and inter-
subject (i.e., different subjects) ones, as shown in Fig. 1. In
case of walking speed change, the intra-subject deformation
patterns are mainly derived from the posture changes of
stride and arm swing, whereas inter-subject ones contain
spatial displacements due to the difference in the body shape
(e.g., deformation in the head and torso), which indicates
the potential discrimination information for gait recognition.
Even if the subtle yet informative inter-subject variations
are washed out in the registered gait features, they may still
remain in the deformation patterns themselves and hence we
may get a correct match by taking the deformation patterns
into account in a matching stage.

We therefore propose a unified CNN framework, named
DeformGait, for robust gait recognition against posture
changes. For this purpose, we make the most use of the
deformation field between a pair of gait features, i.e., we
use it not only for registration but also as an essential cue
to discriminate the pairs of the same subjects from those of
different subjects. More specifically, given a pair of GEIs
as an input, a deformable registration network estimates the
deformation field between the pair of GEIs, and then gener-
ates a pair of registered GEIs. The registered GEIs as well
as the deformation field itself are both fed into recognition
networks to output discriminative features, respectively, and
then they are jointly used to get a recognition result finally.
The contributions of this work are three-fold.

1. The deformation pattern between a pair of gait fea-
tures is used as a recognition cue for the first time.

While the existing deformable registration-based gait
recognition works use the deformation patterns to register
a pair of gait features, the proposed method also uses the
deformation pattern as a cue to distinguish pairs of the same
subject from those of different subjects for the first time in
the gait recognition community to the best of our knowledge.
Thanks to this, we can learn discriminative features both
from a pair of registered gait features and the deformation
pattern itself.
2. A unified CNN framework combining deformable reg-
istration, feature discrimination learning, and deforma-
tion discrimination learning.

The proposed DeformGait is a unified CNN framework
that combines a state-of-the-art deformable registration mod-
ule, i.e., pairwise spatial transformer (PST) [46], with a
feature-based recognition network (FRN) and a deformation-
based recognition network (DRN), which extracts discrim-
inative features from a pair of registered gait features and
the deformation pattern, respectively. The whole network
is trained in an end-to-end way so as to ensure the optimal
recognition accuracy, which achieves a good trade-off be-
tween the feature registration effects and the discrimination
capability of the deformation patterns.
3. State-of-the-art performance for cross-speed gait
recognition.

As speed variation is a typical covariate causing the pos-
ture changes, we evaluated the proposed method on the
OU-ISIR Gait Database, Treadmill Dataset A [24], which
contains both walking and running modes with the largest
speed variations. Compared with the existing deformable
registration-based method and other benchmarks, the pro-
posed method achieves the state-of-the-art performance in
both identification and verification scenarios.

2. Related Work
2.1. Metric learning-based gait recognition

Various metric learning algorithms have been applied to
gait recognition to extract covariate-invariant features for
better recognition performance. Han and Bhanu [9] applied
principal component analysis (PCA) to reduce the dimension
of GEIs and subsequent linear discriminant analysis (LDA)
to extract discriminative features. Many other techniques
have also been incorporated, such as rank support vector ma-
chine [28], general tensor discriminant analysis [37], canon-
ical correlation analysis [1, 19], mutual subspace method
(MSM) [13, 12], and random subspace method (RSM) [7, 6].

2.2. CNN-based gait recognition

Similar to other computer vision fields, CNN-based meth-
ods have also achieved significant performance improvement



in gait recognition. GEIs are often adopted as inputs of the
networks with different architectures [49, 31, 43, 34, 48, 21,
50]. For examples, while GEINet [31] uses a single GEI as
its input for identity classification, the method [43] uses a
pair of GEIs as its input to learn discriminative features and
have been demonstrated to be more effective than the single-
input ones. Different network structures were suggested
depending on recognition tasks (i.e., identification and ver-
ification) in [34], which consider the essential difference
between these two tasks. Rather than GEIs, raw silhouette
images [42] and spatio-temporal features [41] have also been
investigated as the network inputs. Chao et al. [4] proposed
GaitSet by regarding gait as a set of frames, which obtains
the state-of-the-art performance. Zhang et al. [51] used the
latent pose features for recognition, which is disentangled
from the inputted RGB images.

The CNN-based methods generally yield superior perfor-
mance than the aforementioned traditional metric learning-
based methods. They, however, may wash out subtle inter-
subject body shape variations by max-pooling layers.

2.3. Deformable registration-based gait recognition

Several works on gait recognition utilized rigid transfor-
mation to cope with speed variations, such as linear stride
normalization (SN) for double-support phases [35], Pro-
crustes shape analysis [16, 17], and a factorization-based
speed transformation model (STM) for leg joint angles [27].
Moreover, FFD-based geometric transformation models,
which can handle non-rigid deformation in a more flexi-
ble way, were employed for cross-view gait recognition [5]
and cross-speed gait recognition [45]. While the FFD model
was used to register a pair of GEIs between different views
in [5], it was used to register a pair of single-support GEIs
(SSGEIs) [44] between walking and running in [45], which
are somewhat invariant against speed variation within the
same gait mode (i.e., within-walking and within-running).

While most of the above-mentioned approaches designed
subject-independent deformation models, i.e., models com-
mon for all the subjects [5, 45], subject-dependent defor-
mation models were employed in a few works. A subject-
dependent eigen FFD was constructed by applying an eigen-
space method, PCA, to a set of intra-subject deformation
fields in [23], which is served as a pre-registration step com-
bined with a recognition network [43]. A subject-dependent
pairwise spatial transformer network (PSTN) was presented
in [46], which combines a PST for cross-view feature regis-
tration and a recognition network for discrimination learning
of registered features in a unified training manner.

The aforementioned deformable registration-based meth-
ods only consider using the registered features for discrimi-
nation learning and matching, which ignores the discrimina-
tion capability that is potentially included in the registration
deformation fields, i.e., the deformation patterns.

3. DeformGait
3.1. Overview

Similarly to many CNN-based gait recognition works, we
adopt a GEI as the network input, which is a frequently used
gait feature obtained by averaging normalized silhouette
images over a detected gait period [25]. Both the static (e.g.,
head and torso) and dynamic (e.g., motion in legs and arms)
patterns are aggregated in the GEI, which are represented
with different intensities, thus resulting in its simple yet
effective properties.

As shown in Fig. 2, the proposed DeformGait contains
three components: deformable registration module (i.e.,
PST), FRN, and DRN. Given a matching pair of probe and
gallery GEIs, the PST first estimates a non-rigid deformation
to register both the probe and gallery GEIs into an inter-
mediate posture, which avoids unnecessary large distortion
compared with direct deformation from the source to target
posture [46]. The deformation is represented by a vector
u , which is a set of displacement vectors on the lattice-type
control points that indicates the deformation pattern between
this pair of inputs (see Fig. 1). The pair of the registered
GEIs is then fed into the FRN to learn a discriminative fea-
ture representation. The deformation vector u is converted
into two 2D matrices of displacements in the horizontal and
vertical directions, respectively (visualized as uh and uv in
Fig. 2), which are further used as the input of DRN for dis-
crimination learning. The output features of FRN and DRN
are then concatenated to obtain the final dissimilarity score,
which is also used for computing the recognition loss in the
training phase.

3.2. Deformable registration via PST

The PST [46] is a spatial transformation module that can
be inserted into a recognition network for feature registration,
and is derived from spatial transformer network (STN) [14].
During the training of the entire network, the PST is jointly
optimized with the loss of the following recognition network,
which aims to learn an appropriate deformation for the opti-
mal recognition performance. We will briefly describe it and
may refer the readers to [46] for more details.

Given the input pair of probe and gallery GEIs P o, Go ∈
RH×W , where H and W are the image height and width,
respectively, nh and nv control points are first evenly al-
located along the horizontal and vertical directions on the
original images, respectively. The PST then takes the differ-
ence image of the original pair as the input, and regresses a
FFD-based subject-dependent deformation with the network
structure shown in Table 1, which can be formulated as

u = T (P o, Go), (1)

where T denotes the PST, and u ∈ Rnh×nv×2 is the de-
formation parameter vector representing a set of 2D spatial
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Figure 2. Overview of the proposed DeformGait, which contains a PST, FRN and DRN. The digits indicate the dimensions of the input and
output features of each component, and fc denotes the fully connected layer.

displacement vectors on all the control points.
Unlike the traditional STN, the deformation estimated

by the PST registers both of the input GEIs into their in-
termediate state (i.e., posture in our case), which ensures
the symmetric deformation between the intermediate pos-
ture to each probe and gallery posture. That is, we define
u as the deformation between the probe and the intermedi-
ate posture, and then, −u is that between the gallery and
the intermediate posture. To obtain the registered images, a
warping field with the displacements for all pixels, F (u), is
generated from the deformation vector u using piecewise
linear interpolation, and the opposite version F (−u) is also
obtained similarly. Thus, the registered GEI pair P t and Gt

are sampled using the warping fields as

P t = P o ◦ F (u), Gt = Go ◦ F (−u), (2)

where ◦ indicates a deformation operator.

3.3. Discrimination learning with FRN and DRN

3.3.1 FRN

The pair of registered probe and gallery GEIs is then fed
into the FRN to be projected into a discriminative space. We
employ a network that has a similar structure to a state-of-the-
art GEI-based recognition network, LB [43], for the FRN.
More specifically, given the deformed GEI pair, the FRN
first computes the pixel-wise weighted sum using the paired
convolutional filters at the bottom layer, which allows the
network to be more sensitive to the local differences, where
the inter-subject variations is larger than the intra-subject
variations, and hence it is suitable for the input pair that has
been registered [23]. Afterwards, an M -dimensional image-
based discriminative feature f i ∈ RM is obtained using the

network layers shown in Table 1, which is represented as

f i = fFR(P
t, Gt), (3)

where fFR denotes the FRN, and M is set to 52 in our
implementation.

3.3.2 DRN

To learn the discriminative information from the deformation
pattern estimated by the PST, we first separate the deforma-
tion vector u into two 2D matrices uh, uv ∈ Rnh×nv , which
are composed of the horizontal and vertical displacements
on the control points, respectively. The 2D matrices are then
fed into the DRN similarly to the FRN. Because the size
of uh and uv is much smaller compared with P t and Gt

(i.e., 17 × 12 vs. 128 × 88), we use fewer convolutional
layers with smaller filter size, and remove the max pooling
layer for the DRN, as shown in Table 1. Consequently, an
M -dimensional deformation-based discriminative feature
f d ∈ RM is obtained as

f d = fDR(uh, uv), (4)

where fDR denotes the DRN.

3.3.3 Combining FRN and DRN

Finally, the dissimilarity between this matching pair is com-
puted using the fusion of the image-based and deformation-
based discriminative features. We therefore concatenate the
features f i learned from the FRN, and f d learned from the
DRN, and then obtain the final dissimilarity score s from
a 2M -dimensional concatenated vector using a fully con-
nected layer (denoted by ffc), which is formulated as

s = ‖ffc(fcat(f i, f d))‖1, (5)



Table 1. Network architecture of each component. ReLU, LRN,
and D indicate the rectified linear unit (ReLU) activation func-
tion [29], local response normalization (LRN) [15], and dropout
technique [32], respectively.

Module Layers Filters/Stride Acti. Norm Max pool

PST

Conv1 16x7x7/1 ReLU LRN 2x2/2
Conv2 64x7x7/1 ReLU LRN 2x2/2

Fc3 - ReLU - -
Fc4 - - - -

FRN

Conv1 16x7x7/1 ReLU LRN 2x2/2
Conv2 64x7x7/1 ReLU LRN 2x2/2

Conv3 (D) 256x7x7/1 ReLU - -
Fc4 - ReLU - -

DRN
Conv1 16x3x3/1 ReLU LRN -

Conv2 (D) 64x3x3/1 ReLU - -
Fc3 - ReLU - -

where fcat denotes a concatenation function.
The output dissimilarity score is also used to calculate the

training losses, which are introduced in Section 3.4.

3.4. Recognition task-dependent loss functions

Generally, we consider two tasks for gait recognition,
that is, verification (one-to-one-matching), and identifica-
tion (one-to-many matching). As suggested in [34], we use
different loss functions based on the recognition tasks.

In the verification task, a pair of probe and gallery fea-
tures is given to evaluate whether they have the same identity,
which is decided by the comparison between their dissim-
ilarity score and an acceptance threshold. To get a correct
verification result, the absolute dissimilarity of the same sub-
ject pair is required to be lower than those of the different
subject pair. Therefore, the contrastive loss is adopted as the
recognition loss for the proposed network in the verification
scenario, which is defined as [8]

Lcont
recog =

1

2N

N∑
n=1

(δns
2
n+(1−δn)max(margin−sn, 0)2),

(6)
where N denotes the number of training input pairs, sn is
the obtained dissimilarity score of the n-th input pair, and δn
is the Kronecker delta for the n-th pair, which is set to one
for the same subject pair, and zero for different subject pairs.

In the identification task, a probe is matched with all the
galleries to find the one that has the same identity as the
probe, which is executed by selecting the gallery with the
lowest dissimilarity to the probe. To achieve a correct match
for the identification task, the dissimilarity score between
the probe and the same subject in the galleries (i.e., genuine)
needs to be relatively lower than those between the probe
and different subjects (i.e., imposters). Therefore, following
[34], we adopt a triplet of probe, genuine and imposter as
the input in the identification scenario. More specifically, a
triplet input constitutes a genuine pair and an imposter pair,
each of which is fed into the proposed network, respectively

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

8 km/h 9 km/h 10 km/h

Walking

Running

Figure 3. GEI examples from the same subject at different speeds
in OUTD-A.

(i.e., parallel networks with shared parameters). The output
dissimilarity scores of both the genuine and imposter pairs
are used to compute the triplet loss as [40]

Ltrip
recog =

1

2N

N∑
n=1

max(margin− simp
n + sgenn , 0)2, (7)

where N denotes the number of training input triplets, sgenn

is the dissimilarity score of the genuine pair in the n-th input
triplet, and simp

n is that of the corresponding imposter pair.

4. Experiments
4.1. Dataset

Because the posture changes significantly when the walk-
ing speed changes, we evaluated the proposed method on
the OU-ISIR Gait Database, Treadmill Dataset A (OUTD-
A) [24], which is the dataset with the largest speed variations
captured from the side view. It contains 34 subjects with 9
different speeds, ranging from 2 km/h to 10 km/h in 1 km/h
interval. This dataset is also the only dataset that includes the
image sequences in a running gait mode. More specifically,
the speeds from 2 km/h to 7 km/h are considered as the walk-
ing mode, while that from 8 km/h to 10 km/h are regarded as
the running mode, as examples shown in Fig. 3. We followed
the protocol of this dataset [24], that is, 9 subjects were used
for training, and the other disjoint 25 subjects were used
for testing. In the training phase, the GEIs of all 9 speeds
were fed into the proposed network simultaneously to train a
single CNN model; in the test phase, following the criteria in
[45], the recognition performance is separately evaluated for
three cases, within-walking, within-running, and cross-mode
(i.e., the probes and galleries have different walking/running
modes), whereas the last case appears much greater posture
variations compared with the former two cases.

4.2. Implementation details

We trained the proposed network using the stochastic
gradient descent algorithm [2] with a batch size of 600. The
margin in Eqs. 6 and 7 were both set to 3, and the probability
for the dropout technique is set to 0.5.



Table 2. Comparison of the proposed method and other benchmarks
for three modes. Bold and bold italic indicate the best and second-
best results, respectively. This font convention is used to indicate
performance throughout this paper.

(a) Overall rank-1 identification rates (%) for each mode.

Method Within-walking Within-running Cross-mode
DCM [17] 92.4 - -
RSM [7] 98.1 99.2 53.4
MSM [13] 96.8 - -
MSM-DA [12] 99.8 - -
SSGEI [45] 99.3 100 81.0
LB [43] 93.3 98.2 70.2
PSTN [46] 95.4 100 77.8
DeformGait
(proposed) 97.6 100 82.6

(b) Overall EER (%) for each mode.

Method Within-walking Within-running Cross-mode
SSGEI [45] 3.1 3.0 12.9
LB [43] 4.9 2.7 11.6
PSTN [46] 3.5 2.6 9.5
DeformGait
(proposed) 2.8 1.5 8.7

We applied a similar training strategy to PSTN [46]. More
specifically, to first achieve relatively stable deformation ef-
fects, the PST was first pre-trained using only the same
subject pairs of the whole training set with the initial learn-
ing rate of 0.001, which was optimized by the L2 loss and a
smoothness term [23] to minimize the differences between
the transformed GEI pairs output from the PST. Then, the
network parameters of the PST in the whole DeformGait
were initialized using the pre-trained PST, and the whole De-
formGait including all three components was optimized via
a unified training manner, using only the recognition losses
introduced in Section 3.4 with both the same and different
subject pairs. The initial learning rates were set to 0.001 for
the PST, and 0.01 for the FRN and DRN, and were reduced
by 0.1 four times during the whole training process. Because
the number of training subjects (i.e., 9) is insufficient for
training a deep CNN from scratch, we fine-tuned the net-
work from the model pre-trained on the largest cross-view
gait dataset, i.e., the OU-ISIR Gait Database, Multi-View
Large Population Dataset (OU-MVLP) [33], which contains
10,307 subjects with 14 wide view variations.

The recognition performance was evaluated using the
receiver operating characteristic (ROC) curve and equal error
rate (EER) of the false acceptance rate (FAR) and false
rejection rate (FRR) for the verification task, and using the
cumulative matching characteristics (CMC) curve and rank-1
identification rate for the identification task.

4.3. Comparison with state-of-the-art methods

We compared the proposed method with the state-of-the-
art methods of cross-speed gait recognition, i.e., the differ-

ential composition model (DCM) [17], RSM [7], MSM [13],
MSM using divided area (MSM-DA) [12], SSGEI [45], and
the state-of-the-art CNN-based method, i.e., LB [43], in ad-
dition to the state-of-the-art deformable registration-based
method, i.e., PSTN [46]1 . Results are shown in Table 2.
Because the first four methods in Table 2(a) did not provide
the EERs, we only compared with the other three ones for
verification task in Table 2(b). We also reported the rank-
1 identification rates of all 81 speed combinations for the
proposed method in Table 3.

Because of the quite limited training data, the overfit-
ting problem often occurs for the CNN-based methods, and
hence the LB and PSTN do not perform better than the tradi-
tional methods. Compared with the LB and PSTN, the pro-
posed method achieves better results for all three evaluation
cases, which shows the effectiveness of considering both fea-
ture registration and deformation discrimination learning for
recognition. Although the proposed method obtains slightly
worse results for the within-walking case in Table 2(a), it
is worth mentioning to that MSM-DA only focuses on the
static gait patterns, and hence is unsuitable for the cross-
mode case. Additionally, the extraction of SSGEI, which is a
specially designed gait feature against speed variations, and
the machine learning techniques used in [45], were executed
for each of the three cases, respectively, while the proposed
method trained a single unified CNN model applicable for
all three cases simultaneously.

On the other hand, the proposed DeformGait yields the
best result for the cross-mode case, which is much more chal-
lenging because the postures in both static and dynamic body
parts vary between the walking and running modes, whereas
the within-walking and running cases mainly involve the pos-
ture changes in dynamic parts. As shown in Table 2(b), the
proposed method performs better than others for all cases in
the verification scenario. Therefore, in general, the proposed
method achieves state-of-the-art performance.

4.4. Ablation study

We analyzed the effects of each component of the pro-
posed method in Table 4. The first row shows the results of
baseline FRN, where the features with speed (i.e., posture)
variations were directly used for feature learning without
deformable registration. In the second row, the DRN was
removed from the proposed DeformGait, i.e., the recognition
was only based on the registered features; in the third row,
the FRN was removed, i.e., the recognition was only based
on the deformation patterns. The last row is the results of the
whole proposed framework. In Fig. 4, we also showed the
ROC and CMC curves for a challenging case in the within-
walking (i.e., 2 km/h vs. 7 km/h) and cross-mode (i.e., 2
km/h vs. 10 km/h) scenario, respectively.

1Results of LB are from [45], and the PSTN was also fine-tuned from
the pre-trained model on OU-MVLP for a fair comparison.



Table 3. Rank-1 identification rates (before slash) and EER (after slash) [%] of the proposed method for all 81 speed combinations. Probe
and gallery are denoted as P and G, respectively.

P
G

2km/h 3km/h 4km/h 5km/h 6km/h 7km/h 8km/h 9km/h 10km/h

2km/h 100/1.2 100/0.3 96/0.5 84/4.0 88/2.7 96/3.2 68/7.5 76/10.0 72/8.0
3km/h 100/4.0 100/0.0 96/0.7 92/4.0 96/2.7 96/2.8 76/8.0 80/8.0 68/8.0
4km/h 100/2.5 100/0.8 100/1.0 100/4.0 96/3.5 92/3.0 76/9.2 84/9.2 76/10.5
5km/h 100/1.7 100/0.3 100/0.2 100/4.0 96/4.0 96/4.0 76/11.5 88/10.0 80/10.3
6km/h 100/3.3 100/4.0 100/4.0 100/8.0 100/1.3 100/1.7 80/5.7 96/5.5 72/5.7
7km/h 92/3.5 96/4.3 100/4.0 100/7.0 100/0.3 100/0.2 84/5.2 92/8.0 84/5.3
8km/h 76/7.8 80/6.0 96/8.2 92/8.2 100/5.2 92/4.8 100/1.5 100/1.5 100/1.8
9km/h 80/8.0 84/7.3 96/10.7 84/10.8 100/8.0 96/5.7 100/0.8 100/1.0 100/0.2
10km/h 60/10.2 84/9.8 84/15.2 80/15.0 80/8.7 80/8.0 100/0.8 100/4.0 100/0.2

Table 4. Overall rank-1 identification rates (before slash) and EER
(after slash) [%] of each mode for ablation experiments.

Method Within-walking Within-running Cross-mode
FRN 94.8/3.6 99.1/2.6 71.8/13.5
PST-FRN 95.4/3.5 100/2.6 77.8/9.5
PST-DRN 91.6/6.9 98.7/6.2 60.3/16.8
PST-FRN-DRN
(proposed) 97.6/2.8 100/1.5 82.6/8.7

Comparing the results of FRN and PST-FRN, the de-
formable registration clearly improves the performance, es-
pecially for the difficult cross-mode case. While the regis-
tered gait features (i.e., GEI) contain both shape and motion
information, where the intra-subject variations have been
mitigated by the PST, the deformation patterns just include
relatively low-dimensional spatial displacements, and hence
it is insufficient to use only the deformation patterns for
discriminating subjects, which is demonstrated by the perfor-
mance gap between PST-FRN and PST-DRN. However, by
combining the DRN with FRN, where the learned discrim-
inative features from the deformation patterns are counted
as additional information to help with the possible failures
by the FRN, the performance of the proposed method were
further improved, which achieved the best results for both
verification and identification tasks. Therefore, all three
components contributed to the proposed method as a result.

For most of the methods, the results of within-running
case have almost saturated, since the posture variations are
relatively smaller among different running speeds, which are
more reflected in the changes of gait periods (e.g., shorter
gait period for larger running speed) [45]. The within-
walking case is relatively more challenging than the within-
running, as the arm swing and stride vary more obviously
with the change of walking speeds. The cross-mode case
is the most difficult among the three cases, where the pos-
ture changes exist in both the static (e.g., bending the up-
per body forward when changing from walking to running)
and dynamic (e.g., flexing knees and bending arms for run-
ning poses) body parts (see Fig. 3); hence, the perfor-
mance differences are more obvious for the cross-mode case,

FRN PST-FRN PST-DRN PST-FRN-DRN
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Figure 4. ROC (top) and CMC (bottom) curves for ablation experi-
ments (left: 2 km/h probe vs. 7 km/h gallery, right: 2 km/h probe
vs. 10 km/h gallery).

which shows the effectiveness of deformable registration
and deformation-based discrimination learning for tackling
posture variations.

4.5. Discussion

We first show a successful matching example in Fig. 5(1)
to illustrate the effectiveness of the proposed method. We
choose the most difficult cross-mode case, i.e., the probe is
in 2 km/h while two galleries are in 10 km/h, which contain
a genuine subject and an imposter subject, respectively.

Due to the obvious posture variations caused by speed
change, the dissimilarity between the original genuine pair
is considerably large (see Fig. 5(1-c)). On the other hand,
the running imposter subject does not bend the upper body
forward like most subjects, and hence the posture differ-
ences between the imposter pair are much smaller than that
between the genuine pair.

Because registration may reduce both the intra-subject
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Figure 5. Examples of the deformations and registered features by
the proposed method. (1) A success case; (2) a failure case. In each
case, first row shows the results of the genuine, and second row
shows that of the imposter. (a) Original probe GEI. (b) Original
gallery GEI. (c) Difference image and dissimilarity score between
(a) and (b). (d) Deformation field for the gallery learned by the
DeformGait. (e) Registered probe. (f) Registered gallery. (g)
Difference image and dissimilarity score between (e) and (f).

variations and inter-subject variations, the PST module,
which is supervised by the recognition loss, works in a way
that reduces the intra-subject variations caused by the pos-
ture changes, while not overly registering the imposter pairs
to maintain the inter-subject variations [46]. Therefore, even
the posture differences between the genuine pair are just
somewhat reduced by deforming both of them into a inter-
mediate posture (e.g., the upper body of the genuine becomes
relatively straight (see Figs. 5(1-b) and (1-f))). However, the
dissimilarity between the imposter pair is still smaller than
that of the genuine pair because of their quite similar posture
in the upper body; hence using only the registered features
resulted in an incorrect match (see Fig. 5(1-g)).

On the other hand, we can observe that there are clear
differences between the deformation fields of the genuine
pair and imposter pair. For example, the deformation pat-
tern around the neck and back of the genuine has an effect
of stretching backwards to make the upper body somewhat
straight; while a shrink effect exists in the deformation pat-
tern around the stomach and hip of the imposter, which is
resulted from the body shape difference between the probe
and imposter subjects (see Fig. 5(1-d)). By taking the dif-
ferences among the deformation patterns into account, the
proposed method finally yielded a correct match by a dis-
similarity score of 1.78 and 8.35 for the genuine pair and
imposter pair, respectively, which demonstrates the effec-

tiveness of considering discriminations in the deformation
patterns for recognition.

We next analyze a typical failure case in Fig. 5(2). Be-
cause the genuine temporarily changes his posture (i.e., look
down) within a gait period, which blurs the head part in
the GEI (see Fig. 5(2-b)), and hence causes relatively large
intra-subject difference between the genuine pair. This large
dissimilarity is not effectively reduced even after registration,
since the problem caused by blurred body parts cannot be
well solved via the deformable registration (see Fig. 5(2-f)).

To register the temporary posture variations, the deforma-
tion field for the genuine tries pulling the head part backward
(Fig. 5(2-d)), which does not usually appear in the registra-
tion for a walking genuine to a running probe (the head part
is usually deformed to slightly bend forward to resemble
a running pose). On the other hand, the imposter does not
have such temporary posture change and also owns a similar
body shape to the probe subject, and hence the deformation
displacements for the imposter is small, which is more likely
to be that for the same subject pair. Therefore, the proposed
method yielded a false match despite that we consider both
the registered features and deformation patterns.

One possible solution to this problem is to consider the
deformable registration for each frame, rather than applying
that for the GEI that may contain the blurred region. Addi-
tionally, since the temporary posture change occurs for only
several frames in a period, the effects of large deformation
displacements for these frames can be mitigated if we con-
sider discrimination learning using deformation patterns for
all frames, which is beneficial for matching task.

5. Conclusion
This paper presented a method of robust gait recognition

against posture changes, named DeformGait. Given an input
matching pair of GEIs, the PST first registered both of them
to mitigate the posture variations via the learned subject-
dependent deformation. The registered GEI pair and the
deformation pattern were then fed into the FRN and DRN
for discrimination learning, respectively, which were further
combined to obtain the final dissimilarity score. Experiments
illustrated the state-of-the-art performance of the proposed
method for cross-speed gait recognition.

One future research goal is to extend the proposed method
considering registration for each frame to tackle the tempo-
rary posture changes within a period. Another future work
is to evaluate the performance of the proposed method for
other covariates, such as cross-view gait recognition.
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