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Abstract. The advantage of gait over other biometrics such as face or
ﬁngerprint is that it can operate from a distance and without subject
cooperation. However, this also makes gait subject to changes in various
covariate conditions including carrying, clothing, surface and view angle.
Existing approaches attempt to address these condition changes by feature selection, feature transformation or discriminant subspace learning.
However, they suﬀer from lack of training samples from each subject, can
only cope with changes in a subset of conditions with limited success,
and are based on the invalid assumption that the covariate conditions
are known a priori. They are thus unable to perform gait recognition
under a genuine uncooperative setting. We propose a novel approach
which casts gait recognition as a bipartite ranking problem and leverages training samples from diﬀerent classes/people and even from diﬀerent datasets. This makes our approach suitable for recognition under a
genuine uncooperative setting and robust against any covariate types, as
demonstrated by our extensive experiments.
Keywords: Gait recognition, Learning to rank, Transfer learning.

1

Introduction

Gait can be used as a behavioral biometric. Compared to physiological biometrics such as ﬁngerprint, iris and face, it has a number of distinctive pros and
cons. The key advantage of gait for person identiﬁcation is that it can operate from a distance and without subject cooperation. This makes gait ideal for
situations where direct contact with or cooperation from a subject is not possible, e.g. surveillance in a public space. However, having uncooperative subjects
also means that gait is susceptible to various covariate conditions, which are
circumstantial and physical conditions that can aﬀect either gait itself or the
extracted gait features. Some examples are clothing, surface, load carrying, view
angle, walking speed, and shoe-wear type. Figure 1 shows that due to signiﬁcant changes in covariate conditions, in particular view angle and clothing, gait
features of diﬀerent people can be more alike than those of the same person.
As a classiﬁcation problem (i.e. each person is a class), gait recognition is
challenging. This is not only due to the variable covariate conditions mentioned
above, but also because of a lack of training data to cope with the large overlap
between classes in a feature space. Speciﬁcally, each subject may be captured
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Fig. 1. Comparison of Gait Energy Images [9] of two people A (a:with a bag , b:a
diﬀerent view, and c:wearing a bulking coat) and B (d:with a bag). Among b, c, and d,
d appears to be the best match to a because they share the same covariate conditions
(view, carrying and clothing), which leads to a wrong match.

only in one sequence with a handful of gait cycles for feature extraction, resulting
in an extremely under-sampled class distribution. Most existing approaches focus
on extracting and selecting the best gait features that are invariable to diﬀerent
conditions [3,17,20]. However, they are based on human a priori knowledge (e.g.
the most reliable features are in the most dynamic part of human body, i.e. legs)
and select features in the highly overlapped original feature space, which only
lead to very limited success. In addition, these methods are designed for addressing speciﬁc types of covariate conditions. Particularly, none of them can cope
with large view angle changes, for which completely diﬀerent approaches based
on feature transformation [11,13] are developed. They in turn do not work on
other covariate conditions. So far, none of the existing approaches can address
all covariate conditions which typically co-exist under an uncooperative setting.
Diﬀerent from those feature selection and transformation based methods,
some learning based approaches are also proposed [9,12,18] attempting to maximise the inter-class distance whilst minimising intra class variations. These
learning based approaches can be applied after feature selection/transformation.
However, they assume that the same classes/people must be present in both the
training and test sets and represented with enough samples. Both assumptions
are often not valid in practice. More importantly, most existing works use a
gallery set composed of gait sequences under similar covariate conditions and
evaluate their performance on probe sets of possibly diﬀerent but ﬁxed covariate conditions. They therefore make the implicit assumption that the gallery
data are collected in a cooperative manner so that the covariate conditions are
known a priori. This essentially deprives gait of its most useful characteristic as
an uncooperative and non-intrusive biometric.
In this paper, a novel approach is proposed which casts gait recognition as a
ranking problem - a completely diﬀerent perspective from previous approaches.
More speciﬁcally, given a training and a test datasets consisting of gait features
of diﬀerent people who may even be captured from a completely diﬀerent scene,
we learn a bipartite ranking model based on the Primal RankSVM [6] algorithm.
The model aims to learn a ranking function in a higher dimensional space where
true matches and wrong matches become more separable than in the original
space. The output of the model is a ranking function which gives a higher score
if a pair of gait feature vectors belong to the same person than to diﬀerent
people. This new formulation has three distinctive advantages over the previous ones: 1) this model is data-driven and can address all covariate conditions
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including view, i.e. one model for all; 2) critically, it does not make any assumption about the gallery and/or probe sets having the same covariate condition,
either within each set or across the sets, what makes it particularly suitable for
uncooperative settings, where gait should be used; 3) it does not suﬀer from the
class under-sampling problem. As it is based on bipartite ranking, there are only
two classes during training: true matches and wrong matches. This means that
gait features from diﬀerent people captured in diﬀerent scenes/datasets can be
used for training. In essence, it performs cross-class and cross-dataset transfer
learning and is able to learn from an auxiliary dataset where plenty of data
might be available. Extensive experiments have been conducted using the two
largest public benchmarking datasets covering both indoor and outdoor environments. The results suggest that our approach drastically outperforms existing
approaches, achieving up to 14-fold increase in recognition rate under the most
diﬃcult uncooperative settings.
Related Work – Most existing gait recognition techniques extract information
from silhouettes obtained from video sequences. One of the simplest yet eﬀective
representations is Gait Energy Image (GEI) [9], which is obtained by averaging
silhouettes across a gait cycle. However, it has been shown to be sensitive to
various covariate conditions [9,21]. To overcome this problem, a number of variations of GEI have been proposed. The basic idea is to select features from the
most dynamic areas of human body, i.e. legs and arms, to cope with changes in
carrying conditions, clothing, and surface. Yang et al. [20] propose to enhance
those dynamic regions which are located by a variance analysis. Bashir et al. [3]
present a method to distinguish the dynamic and static areas of GEI by using
Shannon entropy at each GEI pixel, giving as a result a new gait representation
called GEnI. Given a gait representation, classiﬁcation by template matching
(i.e. one-nearest-neighbour (1NN)) can be performed, but alternatively, a number of discriminative learning based methods can be adopted to maximise the
inter-class distance whilst minimising the intra-class one. They range from Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA) [9],
to general tensor discriminant analysis (GTDA) [18].
None of the above methods can deal with large view changes, for which completely diﬀerent models are developed. Most of these works aim to transform
the gait features from one viewpoint to another one by learning a View Transformation Model (VTM), i.e. recognition is performed after diﬀerent views have
explicitly been transferred to the same [11,13]. A diﬀerent method is proposed
by Bashir et al. [2] which does not reconstruct gait features in diﬀerent views,
but models their correlation using Canonical Correlation Analysis (CCA) and
uses the correlation strength as similarity measure. However, none of these viewspeciﬁc models can address other covariate conditions.
All the aforementioned works use an experimental setting under which covariate conditions are a priori known and all subjects in the gallery set have the
same covariate conditions, so do those in the probe set. This essentially requires
cooperative subjects, with which it is well known that gait is much weaker than
other alternative biometrics such as face. It is possible to apply some of the
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existing techniques under an uncooperative setting provided that the covariate
condition of each gait sequence can be estimated reliably and diﬀerent covariate condition changes do not co-occur. However, in practice neither of the two
assumptions are valid: diﬀerent covariate condition changes typically co-exist
and estimating them is far from being solved in an unconstrained environment
even for the easier ones such as view [1] and carrying condition [7], let alone
others such as clothing and shoe-wear type. A ﬁrst attempt under a more realistic setting [3] discovered that when both the gallery and probe set contain
a mix of diﬀerent and unknown covariate conditions, the performance of existing approaches drops dramatically. This is also veriﬁed by our experiments (see
Section 3). More importantly we also demonstrate that our approach performs
equally well given either a cooperative or an uncooperative setting, and it is able
to deal with any covariate condition changes including view (unlike [3]) without
the need to explicitly estimate them. This makes our method more suitable for
gait recognition under a genuine uncooperative setting.
To the best of our knowledge, no previous work has formulated gait recognition as a ranking problem. Our method is inspired by the success of using
learning to rank in document retrieval [10] and computer vision [15]. There exist
other ranking models such as RankBoost [8], but RankSVM is chosen because
it is more suitable for a large scale learning problem with a severely overlapped
feature space. Our model can be considered as a transfer learning model as it can
be learned using other classes of either the same or diﬀerent scene/site. Recently,
cross-domain [19] or cross-dataset [4] transfer learning have received an increasing interest in computer vision. However, this is the ﬁrst work on formulating
transfer learning based on a ranking model for gait recognition.

2

A Ranking Model for Gait Recognition

Given a gallery set of gait sequences of people with known identities, the problem
of gait recognition can be considered as a retrieval problem: given a probe gait
sequence, the best matched sample in the gallery set is retrieved whose identity
is then assigned to the probe one. It is within the context of content-based
document retrieval where the concept of learning to rank was ﬁrst introduced.
We thus use similar terminology to formulate our gait ranking model.
A bipartite ranking model is learned using a training set T comprising:
• a number of query documents Q = {q1 , q2 , · · ·, q|Q| }, with |Q| representing
the number of elements in Q.
• for each query q, a set of retrieved documents D(q) = {d1 , d2 , · · ·, d|D(q)| },
with |D(q)| representing the number of elements in the set D(q).
• each pair (qi , dj ) ∈ Q×D(q) is represented by a feature vector x(qi , dj ) ∈ RM .
• each document dj is labelled by a relevance indicator/score y(qi , dj ) which
represents its relationship to the query qi . A higher relevance score means
that the document is more relevant to the query and must be ranked at the
top by the learned model. The score can also be binary indicating whether
or not the document dj is relevant to the query qi .
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The bipartite ranking model aims to learn the ranking score function deﬁned in
Eq. 1 for each pair of query q and document d:
δ(q, d) = ω T x(q, d)

(1)

where ω refers to a weight vector which indicates the importance of each feature
towards the ranking score returned by δ. The ranking function should achieve
the best agreement with the ranking induced by the relevance indicators of the
documents.
In the test phase, given a query qt , the learned ranking score function δ is
used to assign a score to each document d according to its relevance to qt . Then
the documents D(qt ) are sorted in the descending order of their assigned scores
to obtain a ranked list of documents.
The above ranking model for document retrieval can be extrapolated to our
problem in the following way to reformulate gait recognition as a ranking problem. Given a query sequence q of a walking subject s, which might be aﬀected by
some unknown covariate conditions, we wish to ﬁnd those gait sequences D(q)
that are more relevant to q, regardless the type of covariate conditions that they
might involve. Among them, we focus on the highest ranked sequence dj , which
hopefully would belong to the same subject s.
To this end, a training set T composed of gait sequences from diﬀerent subjects
is deﬁned, and each sequence is used as query against all the remaining samples.
We deﬁne a binary relevance indicator y which assumes a value 1 when a gait
sequence d belongs to the same subject as a query sequence q, and 0 otherwise.
Thus, for each training sequence q, all the other training samples are assigned
to one of the following two sets depending on its relevance indicator with q:


+
+
+
+
• D(q)+ = d+
1 , d2 , · · ·, d|D(q)+ | , with y(q, di ) = 1 for all di ∈ D(q)

− −
−
−
−
• D(q) = d1 , d2 , · · ·, d|D(q)− | , with y(q, di ) = 0 for all di ∈ D(q)−
Let |D(q)+ | be the number of true matches (relevant sequences) for the query
sequence q. Likewise, |D(q)− | refers to the number of wrong matches for q. Note
that |D(q)+ | << |D(q)− | because, given a sequence q belonging to a subject s,
only a few sequences of s are available in the training set (as few as one), while
all the sequences from other training subjects are considered as wrong matches.
For our problem, the feature vector x(q, d) in Eq. 1 is the absolute diﬀerence
vector between the feature vectors xq and xd representing the gait sequences q
and d respectively. The goal is to learn a ranking model δ such that, for all pairs
−
+
−
(q, d+
i ) and (q, dj ), we have δ(q, di ) > δ(q, di ).
Now, after using every single sequence as query in turn, we obtain a set of
preference pairs P = {(D̂+ , D̂− )}, where D̂+ = |xqi , xd+ | and D̂− = |xqi , xd− |,
j

j

by going through all queries qi as well as their corresponding D(qi )+ and D(qi )− .
P is then used to learn the ranking function in Eq. 1, which is used in the test
phase to rank all the gallery samples with respect to a given probe query sample
qt . If the sample at the top of the rank belongs to the same person as the query
qt , it is considered a true match, otherwise, a wrong match.
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Fig. 2. Examples of GEIs from diﬀerent people in CASIA (top) and USF (bottom)
with diﬀerent covariate conditions (see text)

Although any ranking method could be used under this approach, the primalbased pairwise RankSVM algorithm (PrRankSVM) proposed by Chapelle and
Keerthi [6] is employed because it is able to cope with highly overlapped feature
spaces with a large scale imbalanced number of positive and negative samples,
exactly the problems faced by learning a gait ranking model. This method learns
a ranking function in a higher dimensional feature space where true and wrong
matches become more separable than in the original feature space. Speciﬁcally,
it aims to solve the following optimisation problem:
|P | 



1
2
 ω T D̂+ − D̂−
ω = argminω ω + C
2
t=1

(2)

where t is the index of the preference pairs, |P | is the total number of preference pairs used for training, C is a positive importance weight on the ranking
performance and  is the hinge loss function such as (t) = max(0, 1 − t)2 . The
algorithm is computationally eﬃcient, because it uses a Newton optimisation to
solve the non-constraint model of Eq. 2. It allows to remove the explicit computation of the (D̂+ − D̂− ) pairs by using a sparse matrix. In this work, the C
parameter is automatically selected by cross validation on the training set.

3
3.1

Experiments
Experimental Settings

Extensive experiments have been carried out on the two largest benchmarking
gait databases, CASIA [5] and USF HumanID [16], which cover both an indoor
environment (CASIA) and an outdoor and less controlled scenario (USF).
Gait Features. For gait representation, Gait Energy Image (GEI) [9] is used
because it has also been adopted by most existing works on covariate invariant
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gait recognition. Each GEI is normalised to a ﬁxed size of 64×44 pixels using the
silhouettes provided by both databases. Example GEIs are shown in Figure 2,
which clearly show the more challenging nature of the outdoor environment in
USF indicated by much more noisy silhouettes.
Uncooperative Setting. All experiments are designed following an uncooperative setting as follows unless otherwise stated. Firstly, the whole set of sequences
considered in a particular experiment is randomly and equally split into two subsets, one for training and the other for testing according to the subject, i.e. the
subjects in the two sets are diﬀerent. Secondly, the test set is further divided into
a gallery set and a probe set in such a way that 1) each subject has at least a
diﬀerent covariate condition across the two subsets, and 2) both the gallery and
probe have a mix of diﬀerent covariate conditions. It is a challenging setting because for each probe sequence q of a subject s with a covariate type k, the gallery
only contains sequences of the same subject s with a diﬀerent covariate condition
type, and plenty of other subjects with the same covariate type k. For example,
if Figure 1a was in the probe set, the gallery set would contain Figures 1c and
1d. All experiments are repeated ﬁve times with diﬀerent training/testing splits
to mitigate the eﬀects of subset singularities.
Competitors. Three commonly used gait recognition methods are compared in
all experiments. They are: 1) 1NN. It uses the 1NN classiﬁer with the original
high dimensional GEI feature space (64x44 pixels = 2816 features); 2) 1NN PCA.
The well-known Principal Component Analysis (PCA) technique is used to only
keep those principal components accounting for a 99% of the variance; and 3)
1NN PCA+LDA. As in [9,3], PCA is applied along with the Linear Discriminant
Analysis (LDA) technique to obtain both the best data representation and the
best class separability respectively. After LDA, the number of features become
n = c − 1, with c being the number of classes (people identities). Note that
all of them learn from the gallery set unlike our approach which uses a nontarget auxiliary training set. Other methods are also compared in individual
experiments whenever possible although a direct comparison is always diﬃcult
because previous works were mostly evaluated under a cooperative setting where
all sequences in the gallery have the same covariate conditions, so do those in
the probe.
Performance Measures. The averaged gait recognition performances from the
diﬀerent trials are displayed on Cumulative Match Score (CMS) curves [14]. A
CMS curve shows the percentage of probe sequences whose identity has been
correctly recognised in the gallery among the top x matches.
3.2

Experimental Results on USF

The USF HumanID Gait Database (USF) [16] is composed of videos of 122
subjects captured in an outdoor uncontrolled environment, which comprises up
to ﬁve covariate conditions: 1) surface: subjects walk in two diﬀerent surfaces,
concrete (C) and grass (G); 2) footwear : two diﬀerent shoe types are considered
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Table 1. Description of experiments carried out on USF and CASIA gait databases
under uncooperative settings. Legend: B-Carrying conditions (Briefcase or Bag), CClothing changes, S-Surface, V-View, T-Time.
Experiment Covariate conditions
Subsets
#People #Sequences
USF Exp1
B
{C A L NB M + N1 , C A L BF M + N1 }
121
242
BS
{C A L NB M + N1 , G A L BF M + N1 }
117
234
USF Exp2
BSV
{C A L NB M + N1 , G A R BF M + N1 } 117
234
USF Exp3
BSVT
{C A L NB M + N1 , G A R BF N2 }
34
68
USF Exp4
CASIA Exp1
B
{N M90◦ , BAG90◦ }
124
496
C
{N M90◦ , COAT90◦ }
124
496
CASIA Exp2
BC
{N M90◦ , BAG90◦ , COAT90◦ }
124
744
CASIA Exp3
V
{N M90◦ , N Mθ◦ } θ◦ = 18◦ · X
124
1488
CASIA Exp4
with 0 ≤ X ≤ 5 ∈ Z+

(A) and (B); 3) view angle: subjects were captured by two cameras located in the
left (L) and right (R) sides of the walking path yielding two view angles both close
to side views, i.e. view change between L and R is small; 4) carrying condition:
carrying a briefcase (BF) or not (NB); and 5) time: some sequences were recorded
in May (M), while others in the next November (N) which implies clothing
changes among others. A total of 32 possible subsets can be obtained based on
the diﬀerent combinations of these covariate conditions in the gallery and probe
sets. Due to space limitation, here we only report results on four representative
conﬁgurations, resulting in four experiments as shown in Table 1. Starting from
the easiest one (USF Exp1), which copes with only one covariate factor (carrying
conditions), the experiments get harder, and the hardest one (USF Exp4) deals
with up to four covariate condition changes between the gallery and probe at the
same time (carrying conditions, surface, view angle, and time). Note that these
experiments are diﬀerent from the common setup [16], under which all sequences
in gallery or probe contain the same covariate conditions.
The results are shown in Figure 3. It can be observed that: 1) all the existing
template matching (1NN and 1NN PCA) and learning based (1NN PCA+LDA)
approaches yield very weak performances under these challenging settings. In
addition, as expected, their performances become worse as the experiment gets
harder. For instance, the best rank 1 matching rate (the correct classiﬁcation
rate) among the three drops from 15.8% in USF Exp1 to 3.8% in USF Exp4; 2)
the learning based method (1NN PCA+LDA) suﬀers from the overﬁtting problem due to lack of training data. As a result, its performance is even worse than
that of non-learning based ones; 3) our approach (PrRankSVM) signiﬁcantly
outperforms the compared ones. Its recognition rate also decreases as more covariate conditions are added but in a more graceful way (68.2% in USF Exp1
and 14.4% in USF Exp4). As a result, the performance gap between our method
and the others gets bigger as the experiment becomes harder (4-folds increase
in USF Exp1 becomes 14-fold in USF Exp4); and 4) even though our rank 1
result for USF Exp4 is poor, the rank 10 result is almost 50%, which makes it
of practical use for assisting a human operator in matching people by providing
a small list of the likely candidates selected by the model.
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Fig. 3. CMS curves for the four experiments with USF

3.3

Experimental Results on CASIA

The CASIA Gait Database - Dataset B [5] contains 124 subjects captured under
three diﬀerent covariate condition changes: carrying, clothing, and view angle.
Note that the view changes are much bigger in CASIA than in USF - each subject was captured from 11 diﬀerent view angles from frontal view (0◦ ) to back
view (180◦ ) including side-view (90◦ ). For each view, each subject has 10 gait
sequences: six normal (NM) where the person does not carry a bag or wears
a coat, two carrying-bag (BAG) and two wearing-coat (COAT). All the videos
were recorded indoor with a uniform background and controlled lighting.
Carrying and Clothing Condition Changes. Three experiments are ﬁrst
conducted to evaluate the diﬀerent approaches under carrying and clothing condition changes. As shown in Table 1, CASIA Exp1 focuses on carrying conditions
alone, CASIA Exp2 on clothing changes alone, and CASIA Exp3 explores both
covariate conditions together. For all the three experiments, only side view (90◦ )
gait sequences are used because the eﬀect of view is investigated in a separate
experiment. From the 10 side-view sequences available for each subject, two normal sequences (NM) out of six are randomly selected along with the two in which
the subject wears a coat (COAT), and the other two carrying a bag (BAG). It
gives a total of six sequences per person, and 744 in total for CASIA Exp3.
The results of these experiments are depicted in Figure 4. They show similar
trends as those in the USF experiments although with higher recognition rates
for all the approaches mainly because of the cleaner silhouettes as compared to
the USF ones (see Figure 2).
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Fig. 4. CMS curves for the three ﬁrst experiments with CASIA

More speciﬁcally, the main ﬁndings are: 1) consistent to the results reported
in other works [3,21], clothing changes seem to aﬀect gait more than the carrying
conditions for the three compared baseline approaches, but they make little difference to our ranking-based method. Besides, two covariate condition changes
co-existing (CASIA Exp3) also represents a harder problem compared to only a
single covariate alone (CASIA Exp1 and CASIA Exp2). Furthermore, the performance of the compared baseline approaches under the uncooperative setting
is poor with less than 40% recognition rate even at rank 10 for CASIA Exp3;
2) similarly to the results in USF, 1NN PCA+LDA suﬀers from overﬁtting and
it is unable to deal with the large intra-class varariation; 3) again, our method
(PrRankSVM) signiﬁcantly outperforms the alternatives with at least a 3-fold
increase in rank 1 recognition rate.
As mentioned before, due to the uncooperative setting we use, our results
are not directly comparable with most results published in the literature, which
were obtained under a cooperative setting. The only exception is [3], which uses
a setting similar to our CASIA Exp3 with a gallery set also containing a mix
of NM, BAG and COAT sequences. Their result of 53% is comparable with our
58.9% in CASIA Exp3. However, there is still a number of vital diﬀerences: 1)
we use half of the 124 subjects for training whilst they use all for gallery and
probe. Importantly their model is learned using the gallery set, thus using the
same people as in the probe set; 2) they considered all the NM sequences instead
of only two per person in the gallery set to make sure there were enough data
in the gallery set to learn their model; and 3) they need to perform PCA+LDA
for each pair of gallery and probe sequences, whilst our approach only learns the
ranking model once and is able to very eﬃciently compute the matching score
during testing by using Eq. 1. Overall, our method seems to be more generally
applicable (i.e. it can deal with any other covariate condition changes such as
view angle, and can work even with just a single sequence per subject in a gallery
set) and suitable for real-time applications.
Multi-view Gait Recognition. The experiment CASIA Exp4 is designed to
evaluate our ranking approach under large view angle changes. It aims to match
sequences of people seen in their side view (90◦ ), which is considered the best
angle for gait to be eﬀective, with respect to sequences in some of the other
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Fig. 5. A subject from CASIA seen from diﬀerent view angles

Fig. 6. CMS curves for the cross view experiment (CASIA Exp4) in CASIA

view angles available in CASIA: θ = {0◦ , 18◦ , 36◦ , 54◦ , 72◦ }. View angles greater
than 90◦ are not chosen because they tend to achieve performances similar to
those of their corresponding symmetrical angles [11,3], i.e., 108◦ is similar to
72◦ , 126◦ to 54◦ and so on. For each possible pair (90◦ , θi ), an uncooperative
setting is adopted as follows. Only the six NM sequences of each subject are
considered, and all of them are assigned to either the training or test set. Thus,
in the training set, each selected person is represented by six NM sequences
from 90◦ and other six from the other view angle θi . The test sequences are split
into gallery and test following the procedure explained in Section 3.1, such that
each test subject is represented in both the gallery and probe sets with only an
unknown type of sequences in each, either 90◦ or θi , and both view angles are
equally represented in both sets (see Table 1 for detailed information).
Figure 6 shows a comparison of the results of two non-ranking methods (1NN
and 1NN PCA+LDA) and our approach. Each plot depicts the CMS curves for
all possible pairs (90◦ , θi ). It is clear that, under an uncooperative setting, both
the two non-ranking techniques fail miserably when the view angle diﬀerence is
beyond 18◦ . This is unsurprising because, as can be seen in Figure 5, the GEIs
of a same subject under large view angle changes look completely diﬀerent. In
addition, given a probe GEI qt of a subject s in a speciﬁc view angle θi , the
gallery contains samples of s but from diﬀerent view angles to θi , while it also
comprises plenty of other samples from other subjects in the same view angle
θi . Under this setting, the recognition rate will probably be worse than random
guess because it is almost certain that the probe sample qt will be matched
with a wrong subject with the same view angle θi . In comparison, our ranking
based approach gives much better results under this challenging setting as the
view angle diﬀerence becomes larger, because it learns transferable information
to cope with the view change. The performance of our method is slightly worse
but comparable to those reported in [2,11]. Nevertheless, a direct comparison
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Fig. 7. Comparison of CMS curves for USF Exp4 including the cross-database approach

cannot be made because: 1) their results were obtained under a cooperative
setting, i.e. it was assumed that the view angle of each sequence can be either
known a priori or estimated reliably; 2) the number of subjects used for training
and test is diﬀerent because we distribute 50% of them in each set whilst they
use 24 subjects for training and 100 for test; and 3) their methods are speciﬁcally
designed for cross-view gait recognition whilst our method can cope with any
covariate condition changes either present alone or together.
3.4

Further Evaluation

Cross-Database Gait Recognition. So far our ranking model has been learned
using diﬀerent subjects from the same database. In this experiment, our model
is learned using a particular database and applied to another one for recognition. More speciﬁcally, the gallery and probe sets are identical to those in
USF Exp4 (see Section 3.2), which has proved to be the most challenging experiment (see Figure 3d). The diﬀerence is that the model is now trained using the
same training set as in CASIA Exp2 (see Section 3.3), which contains changes
in clothing. Figure 7 compares the result of this model (PrRankSVM CrossDataset) with those in Figure 3d. As expected, the performance of PrRankSVM
CrossDatabase is weaker than that of PrRankSVM because the model is learned
from a completely diﬀerent dataset (indoor vs. outdoor) which features only one
out of the four covariate condition changes of USF Exp4. However, it continues
outperforming the non-ranking based methods. We can thus conclude that useful information about what features are more reliable under diﬀerent covariate
conditions can be transferred between the two datasets using our model.
Cooperative Setting. All the experiments presented in the previous sections
follow an uncooperative setting. In this section, we present some results under
a cooperative setup similar to those used in previous works. As in the uncooperative experiments, we use 50% of people with all their sequences for training,
and all the remaining ones for test. However, in this case, the type of sequences
in gallery and probe are diﬀerent and a priori known.
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Fig. 8. CMS curves for cooperative experiments: a and b in USF dealing with briefcase
covariate, and c in CASIA coping with clothing changes

Figures 8a and b show the results for the USF Exp1 following a cooperative
setting. This experiment involves two kinds of sequences (see Table 1): those in
which people carry a briefcase (C A L BF MAY) and those in which they do not
(C A L NB MAY). Thus, two diﬀerent cooperative settings can be considered
where both the gallery and probe sets must be composed of only a single type
of sequences. The results in Figures 8a and b show that our rank 1 recognition
rates almost double those of the non-ranking methods in both cases.
The results of an experiment in CASIA (CASIA Exp2) using a cooperative
setting are depicted in Figure 8c. Again, our approach gets about 3-fold improvement over the non-ranking approaches. Under a similar setting, a rank 1 result of
32.7% and 44% are reported by [3,21] respectively, although their experimental
setting is still slightly diﬀerent from ours with larger gallery and probe sets (our
learning based method needs to use part of the data for training whilst they do
not). Nevertheless, compared with our rank 1 result of 70%, this does give an
indication that our model is superior even under cooperative settings.

4

Conclusions

In essence, the proposed gait recognition approach is novel in that it introduces
transfer learning to gait recognition for the ﬁrst time. The original multi-class
classiﬁcation or identiﬁcation problem is reformulated into a bipartite ranking
problem which learns transferable information independent of the identity of
people; it thus becomes a simple veriﬁcation problem (genuine or imposter). This
provides a number of advantages including: 1) only a single model is needed to
cope with all possible covariate conditions; and 2) the model can be learned
from diﬀerent class/subjects as well as from a diﬀerent dataset making it more
generally applicable with limited data per person in a gallery set. Extensive
experiments have validated the eﬀectiveness of our approach particularly under
challenging uncooperative settings.
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