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Abstract. Relative attributes have achieved remarkable contributions to object
recognition and image classification tasks. These attributes provide high-level se-
mantic explanations to describe and relatively relate the objects to each other
instead of using direct labels to each object. In this paper, we take the first step
in exploiting the gait relative attributes estimation. We propose firstly to build a
robust gait motion representation based on the extracted dense trajectories (DTs)
from gait videos, which is more suitable for gait attribute estimation than the
existing heavily body shape-dependent appearance-based features such as gait
energy image (GEI). More specifically, we apply a Fisher vector (FV) encoding
framework to histogram of optical flows (HOFs) computed along with individual
DTs. Afterward, we create a novel gait data set which contains 1,200 walking
subjects and annotation of gait relative attributes based on human perception for
gait pairs from the subjects. To estimate the relative attribute, we train a set of
ranking functions for the relative attributes using Rank-SVM classifier. These
ranking functions estimate a score that implies the strength of the presence of the
attributes for each walking subject. The experimental results showed that the pro-
posed method could well represent gait attributes and also that the proposed gait
motion descriptor had better generalization capability than GEI for gait attributes
estimation task.

Keywords: Dense trajectories · Relative attribute · Gait attribute estimation ·
Ranking functions · Histogram of optical flow · Fisher vector.

1 Introduction

Nowadays, the walking style, i.e. gait, of the pedestrian has been adopted as a power-
ful biometric modality. This is because the gait can be recorded remotely without hu-
man participation or any need for special sensors. Several gait-based approaches have
been proposed recently to serve many applications [20,28]. These applications include
but not limited to; gait analysis/recognition [33], age/gender estimation [19,21], per-
son identification, and person verification [18,20]. The existing human gait recognition
systems adopt two main types of modeling: model-based and model-free. The model-
based approaches typically model the kinematics of human joints to measure physi-
cal gait parameters such as step lengths, and angular speeds [2]. As a consequence,
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model-based models suffer from high computational costs due to parameters calcula-
tion. They also influence by the quality of gait sequences. In the model-free category,
a compacted representation for the gait sequences is considered without explicit mod-
eling of body structure [24]. These models use the features extracted from the motion
or shape of the walking subject and hence require much less computation. They are,
however, not always robust against covariates such as viewpoints, clothing, carrying
status, and so on [29]. Both of the aforementioned modeling types require some pre-
processing steps to extract binary silhouettes, skeletons, or body joints to encode the gait
motion/appearance information. This limits the performance of the approaches due to
the presence of dynamic backgrounds, noisy segmentation, and inaccurate body joints
localization.

Instead, gait motion information can be computed directly using the optical flow
through spatial-temporal domain [36]. Based on this, the local motion descriptors are
proposed and have become popular in human action recognition community [4]. To
build these descriptors, highly dense sample points are detected and tracked through the
action video. Afterward, then motion information relevant to these points are aggregated
in the form of histograms. For instance, the recent work that introduced in [4] used
the local motion descriptors based on dense trajectories for gait recognition instead of
binary silhouettes. They propose to extract the local motion features on different body
regions and combine the extracted descriptors into a single global descriptor using the
Fisher vector encoding mechanism [26].

Although the satisfactory performance that achieved by the gait analysis/recognition
approaches, to the best of our knowledge, the problem of gait attributes estimation based
on human perception and relating the persons to each other based on their gait attributes
have not yet widely explored. An early attempt is introduced in [33] to figure out the en-
coding process of the socially relevant information (i.e. human attributes) into biomed-
ical motion patterns. They proposed to introduce an interactive linear classifier tool that
can discriminate male from female walking patterns given the instantaneously changes
in a set of defined human attributes such as age, gender, and mode. Furthermore, another
method is proposed in [11] which adopts the attribute-based classification to overcome
the computational complexity of the traditional multi-class gait classification task. This
work mainly tries to define some attributes based on the similarities between subjects
classes. It is, however, applied only for gait recognition improvement and does not han-
dle the task of gait attributes estimation. Another recent work introduced in [39] pro-
poses to use convolutional neural networks and multi-task learning model to identify
the human gait and simultaneously estimate his/her attributes. The authors claim that
their work is the first multi-attributes gait identification system being proposed. Never-
theless, in their representation, they still depend on the GEI-based representation which
suffers from their special considerations and the body shape changes influences.

Currently, with deep learning models, it became easier to identify the person based
on his/her gait style once you have sufficient training of walking sequence [?,?]. It will
be, however, hard for such models to automatically recognize and identify the person’s
gait, when he/she has never been seen before (i.e., in a zero-shot learning scenario).
Moreover, several classification-based systems adopt directly associating low-level fea-
tures with absolute annotation labels. By contrast, discriminative visual descriptions
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Fig. 1: The gait relative attributes for two walking subjects A and B. Eight relative
attributes are considered. 1 means that the attribute strength in person A is greater than
in B. -1 means attribute strength in person B is greater than in A. 0 means that both
attribute strengths in A and B are almost the same.

cannot be characterized easily by an absolute label. Therefore, to describe action prop-
erties, it would be better to define high-level semantic concepts in terms of relative
attribute labels instead of absolute ones. Recent works prove that these attributes can
be adopted in human recognition tasks as an intermediate level of descriptions for the
human visual properties [40]. Following that, Parikh et al. [25] proposed the concept
of relative attributes to propose the learning to rank classification model. They use the
associated strengths of relative visual features in objects/scenes to learn a set of rank-
ing functions and use these functions to describe/relate new unseen instances to the
training images. the proposed method is examined on different images datasets of faces
and natural scenes achieving an excellent performance over traditional binary attribute
prediction methods.

In our proposed work, we exploit the concept of the relative attributes to build the
first human gait relative attributes estimation framework. This framework aims at as-
sessing the gait styles of walking subjects pairs based on a set of gait relative attributes
as shown in Fig 1. Given the attributes annotation labels of the training pairs, we learn a
set of ranking functions based on Rank-SVM classifier [25] and use these ranking func-
tions to relate the subjects to each other and predict the gait relative attributes for the
unseen subjects. For gait motion encoding, we use the Fisher vector encoding scheme
to build a robust gait motion representation based on the extracted dense trajectories
from the gait videos.

The main contributions of this work can be summarized as follows:

1. Introduce the first gait relative attributes estimation approach
In gait-based approaches, the concept of relative attributes has never been explored
yet. We propose to exploit this concept and introduce an approach to estimate the
gait relative attributes of the walking subjects based on human perception.

2. Build a new gait data set with attributes annotation
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We introduce a new annotated gait dataset based on human perception. We hire
seven annotators to watch the walking videos for 1,200 walking subjects. We de-
fined eight gait attributes and asked the annotators to assess each attribute for each
pair of subjects based on the annotator human perception. This evaluation appears
in the form of annotation labels that express the presence of an attribute for each
subject pair (see Fig 1). We use this annotation to train and evaluate our proposed
gait relative attributes estimation methods.

3. Propose a robust dense trajectory-based gait motion representation
Instead of using the existing and widely used appearance-based gait descriptors
such as GEI [9], we exploit the dense trajectories to encode the motion information
of the gait dynamics. We build a histogram of optical flow (HOF) for each trajec-
tory. Then, these HOFs are encoded into a single robust global motion descriptor
using the Fisher vector encoding. This global vector carries the gait motion of the
entire walking sequence.

The rest of the paper is organized as follows. Section 2 outlines the most related work.
In Section 3, a detailed explanation of our proposed motion feature representation. The
ranking learning process, the relative attributes annotations,an the proposed evaluation
framework are provided in Section 4. The detailed experiments are included in Sec-
tion 5. Finally, Section 6 concludes the paper.

2 Related Work

Currently, the gait recognition systems can be classified into two main types: model-
based and model-free approaches. In model-based approaches, a predefined model is
introduced to model the human bodies’ movement [3]. The model-free approaches de-
pend on the image features directly (i.e., appearance) for analysis and recognition. The
GEI descriptor has been adopted by most of the gait recognition approaches as a base-
line to represent the person’s walking style. GEI extracted by averaging over the binary
silhouette sequence of the walking person [9]. It mainly depends on extracting pure
foreground pixels and its robustness may be degraded at severe occlusion, moving cam-
era, and scene clutter conditions.

To partially overcome such aforementioned limitations, new descriptors based on
the local motion feature of sampling points instead of binary silhouettes were consid-
ered. These descriptors mainly embraced in the field of human action recognition [36,5].
A new approach is proposed in [36] to describe videos by dense trajectories (DTs)1 by
sampling dense points from each frame and track them based on displacement informa-
tion from a dense optical flow field. The resulted trajectories are robust to fast irregular
motions and cover the motion information in videos properly. Moreover, a new motion
descriptor is designed based on differential motion scalar quantities, divergence, curl
and shear features (DCS). This descriptor adequately decomposing visual motion into
dominant and residual motions, both in the extraction of the space-time trajectories.

1 Through the manuscript, we will refer to the dense trajectory by DT, gait energy image by
GEI, histogram of optical flow by HOF, and Fisher vector by FV.
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Fig. 2: (a) Sampled frames from the walking sequence, (b) Collected DTs from the
video sequence, (c) location probability map for trajectories distribution, and (D) Mo-
tion magnitude probability map.

Recently, local feature descriptors are leveraged to serve in gait-based analysis/
recognition system. The space-time interest points (STIPs) [14] are used for repre-
senting the person’s gait in [12]. On the other hand, the gait modality is utilized for en-
hancing the multi-person tracking through crowded scenes based on a trajectory-based
clustering [32]. The key novelty of this method is adopting the person’s individual-
ity, that is, the gait features (in the frequency domain) and the temporal consistency
of local appearance to track each individual in a crowd. The experiments show that
the usage of these combined features contributes to significant performance improve-
ment in tracking people in crowded scenes. A new motion descriptors is proposed in
[5,17,23] for improving gait recognition based on DTs-based pyramidal representation.
The person region is divided into sub-regions and the local features are extracted and
then combined into a single high-level gait descriptor by using the Fisher Vector encod-
ing [27]. Recently attribute-based methods prove the usefulness of object attributes as
high-level semantic description. It serves well in the action recognition and zero-shot
learning [16,25,1]. A method proposed in [7] to shift the goal of object recognition to
the description by describing the objects and learn from these descriptions. They claim
that if the object’s attributes are adopted as the anchor representation for object recog-
nition systems, so more details about the objects can be revealed than just its name. The
direct attribute prediction (DAP) model is introduced in [13] to predict the presence of
each attribute to train object models. The relative attribute concept is proposed in [25] to
semantically describing the relationships between the objects based on a set of defined
attributes.

3 The Proposed Approach

In the following subsections, we explain the proposed DTs-based gait motion repre-
sentation in details. As well, we describe the learn to rank model based based on the
proposed gait relative attributes annotations.

3.1 Dense Trajectories Extraction from Gait Videos

Recently, the local motion feature descriptors have been utilized in the field of action
recognition [36,22]. These descriptors basically are built on the extracted short frag-
ment trajectories of the tracked sampled points. They often can be extracted directly



6 Allam et al.

Fig. 3: HOF descriptor computation over Nx ×Ny × T spatial-temporal volume along
trajectory ti. Nx × Ny is local neighborhood pixels and T is the temporal length. The
volume divided into 3 main blocks (Nx×Ny× t). To capture the actual motion dynam-
ics, every block is subdivided into four (nx × ny × t) sub-blocks. For each sub-block,
the HOF descriptor is computed. The global HOF of the trajectory is the concatenation
of the resulted HOFs from sub-blocks.

from the original frames without pure foreground segmentation as shown in Fig. 2(b).
These trajectories best describe the actual spatial-temporal dynamics of the moving
objects and emerge their kinematics properly (see Fig. 2(c,d)). Currently, these local
feature descriptors are utilized in gait recognition systems [5,23,37] and achieved re-
markable enhancements to the gait analysis/recognition tasks. In our work, we extract
a set of dense trajectories (DTs) from the walking videos using the state of the art DTs
extractor [36]. We use the extracted DTs to build a global gait motion descriptor for the
gait styles of the walking subjects.

3.2 Dense Trajectory-based HOF Descriptor

HOF descriptor has become widely used in many recognition and video classification
approaches [34,35,36,15]. To encode the the motion information of dense trajectories,
we propose to compute the HOF descriptors from the 3D spatial-temporal volume
around the DTs. As shown in Fig. 3, we assign Nx × Ny × T volume along the tra-
jectory where Nx × Ny is the spatial dimension and T is temporal length the of the
DT. We extract Nx×Ny spatial window around each xy point lies on the DT consider-
ing this point the window anchor. These extracted windows are stacked to form the 3D
volume. Notice that, these extraction criteria enable us to embed the structure informa-
tion of the DT properly. Afterward, the optical flow displacement vectors in horizontal
and vertical directions are computed for each 3D volume using the classical Farneback
optical flow method [8]. As well, the average velocity is computed for each trajectory
and subtracted from displacement vectors to suppress the fast irregular motions. Both
of the average speed-subtracted displacement vectors are 2-dimensional vector fields
per frame, so we can use them to compute the corresponding motion magnitudes and
orientations. For robust motion encoding, we divide the 3D volume into 3 main blocks
(Nx×Ny × t) and every main block is in turn again subdivided into four (nx×ny × t)
sub-blocks. Note that, t = T/3 and nx = Nx/2 and these values are experimentally
selected for best performance. Now the number of sub-blocks in the entire 3D volume
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is 12 sub-block2, for each sub-block we compute a HOF Histogram. Given the obtained
magnitudes and orientations grids, the magnitude is quantized in 9-bin orientations us-
ing full orientations and aggregated over every sub-block in both spatial and temporal
directions as shown in Fig. 3. We concatenate all of adjacent sub-blocks responses into
one global HOF descriptor. We normalize this global descriptor using its L1-Norm fol-
lowed by signed square root [35]. For now, each DT is represented by its corresponding
global 108-dimensional HOF descriptor. As a result, the motion information of the en-
tire walking video is encoded into a group of global HOFs descriptors.

3.3 Fisher Vector Encoding for Gait Motion

The Fisher vector encoding (FV) mechanism popularly used in visual classification
tasks to represent the image/scene as a set of pooled local descriptors. Principally, it
follows the fisher kernel principle of estimating the class for a new object by minimizing
the average of the Fisher kernel distance between known and unknown classes [10]. FV
encode the local D-dimensional descriptors based on a trained generative model, which
is often the Gaussian mixture model (GMM).

Let H = (h1, . . . ,hN ) be a set of D-dimensional HOFs descriptors extracted
from the walking video, one HOF for each DT. Suppose that the K-mixtures GMM
is considered to model the generative process of these local descriptors. So, we esti-
mate the GMM parameters by fitting it to H descriptors. Given this K-mixtures GMM,
where each mixture has its mixture weight, mean, and covariance parameters respec-
tively, (πk,µk, Σk). Let Θ denotes the vector of Q parameters of the K-mixtures
GMM, [θ1, . . . , θQ]T ∈ RQ where Q = (2D + 1)K − 1. Given each θ expressed
as (πk,µk, Σk), so the parameter vector Θ can be represented as follows

Θ = (π1, . . . , πK ;µ1, . . . ,µK ;Σ1, . . . , ΣK)

= (θ1, . . . , θQ).
(1)

Following [26], the gradient vector of D-dimensional the HOFs descriptors w.r.t. the
parameters of GMM can be written as

∇θ log fθ(H|Θ)

=

(
∂ log f(H|Θ)

∂θ1
, . . . ,

∂ log f(H|Θ)

∂θQ

)T
.

(2)

Note that f is the probability density function of GMM which models the generative
process of H and it is expressed as follows

f(h |Θ) =

K∑
k=1

πk exp

(
−1

2
(h − µk)

TΣ−1
k (h − µk)

)
. (3)

The function log f(H|Θ) in Eq. (2) is the log-likelihood of the density function of
GMM and it can be rewritten as log f(H|Θ) =

∑N
n=1 f(hn|Θ). Roughly speaking, FV

2 3 main blocks and each one subdivided into 4 sub-blocks. Each sub-block has dimension
8× 8× 5. HOF descriptor for each trajectory has a dimension 12× 9 = 108.
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is the concatenation of the gradients results from Eq. (2) for k = 1, . . . ,K. Finally, the
FV is normalized by using power normalization criteria [26]. For the detailed derivation
of Fisher vector encoding, we may refer the readers to [26]. In our work, we leverage
this method to encode the gait motion information from the walking video into a single
global descriptor.

4 Learning Gait Relative Attributes

In object recognition field, the visual properties of objects have become attractive. They
provide a high-level semantic description of the objects and their explicit and implicit
features. To learn such attributes from the given training sample, the researchers go in
two directions. The first one is to learn the mapping of the examples to an ordered set of
numerical ranks [30]. The other direction is to learn set ranking functions from relative
ranking preferences between example pairs [25]. In our proposed work we adopt the
second direction. Given the computed global FVs descriptors from the training gait
videos, we seek to learn a set of ranking functions from these descriptors and then use
these ranking functions scores to predict the relative attributes of unseen test samples.
To learn such ranking functions, we use our novel human perception-based pairwise
gait relative attributes annotations to build the ordered and un-ordered pairs matrices.
We explain the proposed annotation in details in 4.1.

Given the walking subjects pairs (A,B) = {(a1, b1), . . . , (az, bz)}, z = 1, . . . ,M
and its corresponding relative attributes annotations. For each annotated attribute lp,
we select all the subjects pairs that have lp = 1 or −1 and adopt them as ordered pairs.
Then, we build the ordered pairs sparse matrixO that has the dimension I×n, where I is
the total number of ordered pairs and n is the number of subjects. This matrix has a row
for each subject pair and each row only contains single 1 and single -1. For instance,
if lp strength in subject a is greater than in b (i.e., a � b), then the row i contains
O(i, a) = 1 and O(i, b) = −1 respectively. Similarly, we select all the subjects pairs
that have lp = 0 To build the un-ordered pairs sparse matrix {Up} that as the dimension
J × n. If both subjects a and b has the similar attribute strength, then U(j, a) = 1
and U(j, b) = −1. Following the ranking process in [25], we denote a set of ranking
functions to be learned for each of the annotated attributes. This ranking function can
be defined as rp(hi) = wT

p h i under satisfaction of the following constraints:

∀(a, b) ∈ Op : wT
p ha > wT

p hb

∀(a, b) ∈ Up : wT
p ha = wT

p hb.
(4)

The ranking function is usually assumed to be a linear function [6]. Because of that,
it appears in the form wT

p h i where wp is the zero-shot weights produced from the
Rank-SVM classifier [25].

4.1 Gait Attributes Annotation

To prepare the annotations of gait relative attributes, we select 1,200 subjects’ walking
sequences from the publicly available OULP-Age dataset [38]. These sequences, then,
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Table 1: Sample from our proposed gait relative attributes annotations based on the
human perception of the annotators. a � b means that strength of an attribute in subject
a is greater than in subject b, and a ≺ b is the vice versa. However, a ∼ b means that
both of subjects have the same attribute strength. 1 informs that a � b, −1 informs that
a ≺ b , and 0 informs that a ∼ b.

Subjects Pairs Annotators
General

goodness
Stately Cool Relax

Arm
swing

Step
length

Walking
speed

Spine

28⇔ 30
Annotator X −1 1 −1 −1 1 −1 −1 0
Annotator Y −1 −1 −1 1 1 0 0 0
Annotator Z −1 −1 0 0 −1 −1 0 0

1423⇔ 1479
Annotator X −1 −1 0 1 −1 0 −1 −1
Annotator Y 1 1 0 0 −1 1 −1 0
Annotator Z 0 −1 1 0 −1 0 0 −1

delivered to 7 annotators. Each annotator was asked to watch the binary silhouette se-
quences for 1,200 subjects pairs and report his/her observations for each pair based on
human perception. We define eight gait attributes under the names {General goodness,
Stately, Cool, Relax, Arm swing, Walking speed, Step length, Spine}. Each of these at-
tributes explain a visual property of the walking subject and it can receive three different
labels, {1, 0,−1}. The annotator should assign 1 to the attribute if he/she observed that
strength of the attribute in gait style of subject a is greater than in subject b. Similarly,
the annotator should assign−1 if b has attribute strength greater than a. If the annotator
guessed that both subjects have the same strength of the attribute, he /she assigns the
label 0. In Table 1, we report the relative attributes annotations for two subjects pairs
for illustration. For each pair, the relative attribute labels are listed for three different
annotators. One can easily observe that for the same gait attribute, different annotators
assign different/same labels according to their human perception. For instance, for sub-
ject pair (28,30), Annotators X and Y observed that Arm swing in 28 is better than in
30 (i.e. assign 1). However, the annotator Z observed the opposite (i.e. assign −1). As
well, all the annotators agree that both 28 and 30 have the same Spine (i.e. assign 0).

4.2 Evaluation Criteria

To evaluate the predicted attribute labels against the ground truth annotation, we derive
a new multi-thresholds evaluation criteria. Notices that the learned ranking functions
produces real valued ranks. We use these ranks to evaluate the decision of classifier.
Given test descriptor hz and the weights vector w ∈ RD, which obtained from R-
SVM training stage, we compute the predicted scores through the inner-product, wT

p hz .
Suppose having a set of s thresholds L = (L1, . . . , Ls) and L1 < L2 < · · · < Ls.
The real valued ranks has one score for each subject (i.e., hz). We suggest to compute
the difference score for each pair and then threshold them to mapping to predicted
attributes labels. For instance, the score difference between the ranking functions scores
of subjects a and b is dab = rp(ha)−rp(hb). There are three label need to be predicted
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(1, 0,−1), therefore, we derive the following multi-thresholds evaluation criteria

lp =


1 ∀ dab > Li, i = 1, . . . , s

0 ∀ dab @ dab > Li ∧ dab < −Li
−1 ∀ dab < −Li

(5)

In Eq. (5), the first condition used for the attribute assignment 1, the second condi-
tion for 0 and the third for −1. For instance, the attribute lp for a specific subject pair
will be 1, if the score difference for subjects pairs (a, b) is greater than Li and hence,
we predict that a � b for that attribute. Given the computed scores differences, we map
them to attribute assignments using Eq. (5) and counts the mapped assignments for each
threshold. To evaluate the predicted attributes against the GT annotation, we compute
the accuracy precision measure for each threshold and adopt the highest precision.

5 Experiments

We evaluate our approach on a selective gait dataset from the publicly available OULP-
Age gait dataset [38]. We carefully select 1,200 subjects all of them in the thirties age
group. Each subject performs a complete walking sequence under the lab environment.
We extract the binary silhouette sequences for all subjects. Afterward, we hired seven
annotators to watch the binary sequences for each pair of subjects and record their
observations as mentioned in Table 1 in term of attribute assignment (1,0, or -1).

For each gait video, we extract the dense trajectories, and for each DT, we assign 3D
volume around it. The 3D volume has the spatial-temporal dimension 16×16×15. We
divide the volume into 12 sub-blocks, each one has the dimension 8×8×5. For each sub-
block, we compute the mean-speed subtracted HOF ( 9-bin orientation quantization)
then normalized it by its L1-norm followed by a square root. All the sub-blocks HOFs
are then concatenated into single DT-HOF. Now we have DT-HOF descriptor for each
dense trajectory. As the number of extracted DTs-HOFs are large for each gait video, we
adopt the Fisher encoding mechanism to encode the motion information of the entire
video into a single global feature vector. Following the formulation in 3.3, we select
the corresponding DTs-HOFs of 800 subjects from the dataset for training a GMM
with 256 clusters. We then use the estimated parameters to compute the FVs for all
1,200 subjects as explained. For now, we have a single FV for each video. This FV
only encodes the motion information for each subject (i.e., we have not yet consider the
appearance information).

5.1 Zero-shot Learning Results

For training, we use the Rank-SVM classifier which is adapted by Parikh et al. [25]
to handle the relative attributes instead of binary labels. We completely disjointed the
dataset into 1000 FVs for training and 200 FVs for testing. We use the training set
to build the ordered and un-ordered pairs sparse matrices which are needed for clas-
sifier. The output of classifier is the zero-shot weights. Then, we use these estimated
weights to compute a set of ranking functions for training and testing (totally unseen)
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Table 2: The attribute estimation accuracies for seven different annotators. Both the
training and testing phases accuracies are reported. The average accuracy for each an-
notation is mentioned in the rightmost column.

Subjects Pairs Annotators
General

goodness
Stately Cool Relax

Arm
swing

Step
length

Walking
speed

Spine
Average

Accuracy(%)

1,200

Training

Annotator 1 66 78 95 75 73 81 73 75 77
Annotator 2 71 72 73 75 77 76 72 72 73
Annotator 3 83 70 68 75 83 80 74 82 77
Annotator 4 75 76 71 74 76 80 68 75 74
Annotator 5 72 65 68 62 75 79 75 75 71
Annotator 6 77 78 68 69 79 74 77 74 75
Annotator 7 70 68 74 80 67 66 75 70 71

Testing

Annotator 1 56 73 85 68 69 82 67 77 72
Annotator 2 55 49 64 70 62 81 72 48 63
Annotator 3 65 57 42 71 81 74 72 64 66
Annotator 4 54 51 52 72 51 61 60 54 57
Annotator 5 49 44 61 52 63 64 67 48 56
Annotator 6 73 71 49 62 64 69 66 58 64
Annotator 7 62 57 57 74 57 54 59 52 59

samples using Eq. (4). We finally, use the resulted real-valued ranks for evaluating the
classifier against the GT annotation using the evaluation criteria that proposed in 4.2.
Note that, we assume multi-thresholds evaluation and examine the proposed method
performance under the individual annotations. We use the seven gait attributes anno-
tations individually and measure the classification accuracy of the predicted attributes
for each annotator. The quantitative results are listed in Table 2. several observations
we realize from the results. Firstly, as the pairwise gait attributes annotations depends
on human perception, so different annotators may report different labels of the same
attribute and this is, in turn, influences the estimation process. The proposed method
adapts itself properly to the human perception of the annotators. Secondly, the exper-
imental results uncover the interesting observation that the gait style has key features
attributes that influence the annotator decision. In Table 2, we observe higher accuracy
rates for all annotators at arm swing, step length, and walking speed attributes. It means
that although each annotator performed the annotation separately without biasing, they
almost agreed that these attributes have a strong presence in subjects gait styles. This
observation may lead gait community to look deeply inside the persons’ walking pat-
terns and focus on the discriminative features that best describe the gait style. At a high
semantic level of analysis, the social relationships between the subjects may be investi-
gated based on estimated relative attributes. As well, The human perception itself of the
annotators can be inferred. To measure the robustness of our DT-based representation
for gait attribute estimation, we compare it against the GEI-based deep features repre-
sentation under the same classifier and evaluation criteria setups. We use the VGG16
deep architecture [31] which produces a 4096-dimensional feature descriptor from the
walking person’s GEI. It worth noting that GEI encodes both the appearance and mo-
tion information of the walking subject in contrast to our representation which carries
only the motion information yet. The evaluation results based on the GEI-based feature
representation are listed in Table 3 in the first and third columns. We can observe that
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Table 3: The accuracies of gait attributes estimation based on our proposed DT-based
representation versus GEI-deep based representation.

Attributes) General
goodness

Stately Cool Relax
Arm

swing
Step

length
Walking

speed
Spine

Average
Accuracy(%)

Training
GEI features 66.08 62.36 62.72 60.93 62.93 64.17 61.50 68.46 63.56
DTs features 63.62 60.28 60.37 58.32 61.89 63.27 60.41 65.20 61.67

Testing
GEI features 55.89 48.08 52.86 47.92 46.01 58.59 47.61 50 50.87
DTs features 55.41 47.61 57.96 56.84 58.75 61.30 61.78 48.56 56.03

GEI-based representation slightly outperforms our representation at the training stage.
By contrast, in the testing stage, our DT-based representation outperforms the GEI-
based representation at most accuracy scores with remarkable enhancements. Sample
results based on our proposed representation appear in Table 3 in the second and fourth
rows (highlighted by yellow color) and the average accuracy for all attributes appears
in the rightmost column. In this experiment, we concatenate all the seven annotations
which produce 8389 subjects pairs after excluding the unrecognizable pairs.

6 Conclusion

In this paper, we exploit the concept of learning to rank in the human gait attributes
estimation for the first time. Instead of using the traditional binary classification prob-
lem, we directly learn a set of ranking functions based on the preference relationships
between walking subjects pairs. We consider each walking subject has a gait style rep-
resented by a set of relative attributes. We propose a novel pairwise gait attributes anno-
tations for 1,200 walking subjects based on human perception. In this work, we propose
to encode only the gait motion information of subjects based on dense trajectory-based
representation. We build global gait motion descriptors for the walking subjects based
on the HOFs descriptors of the extracted DTs. For gait attribute prediction, we learn a
set of ranking functions from training samples given the proposed annotations. The ini-
tial results show the robustness of the proposed DTs-based gait motion representation
compared to the GEI-deep features representation which encodes both the appearance
and motion information.The experimental results showed that the proposed method
could well represent gait attributes and also that the proposed gait motion descriptor
had better generalization capability than GEI for gait attributes estimation task.
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