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Abstract Human motion is an important spatio-temporal pattern since it can be a powerful indicator of human well-being and identity. In particular, human gait offers a unique motion pattern of the
individual. Gait refers to the study of locomotion in humans and animals. It involves the coordination of several parts of the human body: the brain, the spinal cord, the peripheral nerves, muscles,
bones, and joints. Gait analysis has been widely studied for a variety of applications including healthcare, biometrics, sports and many more. Until recently, this has been done mainly by observation,
using parameters and features established in existing practice and therefore limited by the nature
of measurements captured by the gait sensing modalities. In this chapter, we review the latest key
conceptual and algorithmic facets of Deep Learning applied to gait analysis in two contexts: security
and healthcare.

1 Introduction
This book chapter focused on understanding human motion behavior using machine learning to solve
complex, but interesting problems in the areas of security and healthcare. Specifically, the interest
was to study human gait and footsteps, a periodic motion in time and space, and how this unique
behavioral pattern can provide insights into problems ranging from detecting perturbation of gait
under a cognitive task for wellbeing to biometric verification of individuals for security.
Gait, a basic characteristic of human motion, results from the executive function in the brain and
involves the coordinated interaction of many parts of the human body such as sensory system,
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brain, spinal cord, muscles, and bones [1]. Consequently, gait is unique for every human being and
is influenced by independent factors such as height, weight, gender, fitness, and age. Gait can be
expressed as a spatio-temporal pattern and offers value for a wide range of applications, ranging
from biometric systems to the identification of markers of a neurodegenerative disease, such as
Alzheimer’s [2], based on long-term gait monitoring. Typically, both temporal and spatial parameters
of gait, such as cadence, stride length and walking base are analyzed from data acquired by a
suitable floor sensor system or fused from several systems. The research conducted in this book
chapter studied gait and footsteps in two themes: security and healthcare.
The first research theme focused on gait analysis for healthcare in the context of dual tasks. Gait
has been shown to be affected by a managed cognitive load [3, 4, 5, 6]. Walking while simultaneously
performing a cognitive task, also known as ’dual-task’ in literature, has been shown to induce walking
variability in adults [3, 4, 5]. Moreover, in older adults, walking whilst performing a secondary task
such as talking has shown to increase the risk of falling [7]. Dual-task research aims to understand
the relationship between cognitive activities and gait.
In participants with neurodegenerative disease, the negative impact of dual-tasks may be greater
than in cognitively healthy adults [6]. This finding suggests that the cognitive capacity that each
participant brings to the walking task may play an important role in the walking patterns. This has
implications for finding a possible gait-related behavioral marker or ’biosignature’ indicating the early
stages of neurodegenerative diseases.
The second research theme of this book chapter was focused on a verification biometric problem
applied to security [8]. Biometrics is an area that deals with the design of security systems for automatic identification or verification [9] of a human subject (client) based on physical and behavioral
characteristics. Physical biometric traits include, among others, fingerprints, facial features, and the
iris. On the other hand, behavioral biometrics, such as gait recognition, are intended to capture the
unique signatures delivered by client’s natural behavioral patterns. This approach is effective since
the complexity in reproducing such patterns by an impostor (intruder) is quite high. Biometric recognition by gait is based on the study of human locomotion to obtain a unique biometric signature of a
client. More than 24 unique factors affect human gait [10], resulting in a singular gait pattern for every
individual. Moreover, a biometric system based on gait requires users to exert minimum effort from
users for appraisal. A gait biometric system can be deployed in scenarios, ranging from airport entry
checkpoints and entry to buildings to home-based security systems.
Feature engineering has been central in automatic gait recognition research [11]. The procedure
involves the careful selection and design of complex and time consuming hand-crafted features from
footstep data, employing geometric, holistic, spectral and wavelet feature engineering approaches to
name a few [12].
For both themes, the research effort of this book chapter focused on designing machine learning
models based on Convolutional Neural Networks (CNN), a form of deep learning [13], to allow the
automatic extraction of features from the raw spatio-temporal gait and footstep data.

2 Gait analysis
Gait analysis has been widely studied for a variety of applications including healthcare, biometrics,
sports, and many more [1]. Classification of a person’s given its emotional state has also been explored. A person’s pride, happiness, neutral emotion, fear, and anger has been classified with high
statistical confidence given only its gait pattern [14]. Generally, three types of gait monitoring systems
exist, namely: cameras using image processing, floor sensors and wearable sensors [11]. The use
of cameras for gait is vulnerable to details in the environment such as levels of lighting. Besides that,
use of cameras is considered an invasion of privacy in living environments, e.g. for healthcare [15].
Because of disadvantageous parallels to video surveillance. The disadvantage of wearable sensors
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Fig. 1: Gait cycle. [16]

is that the sensors need to be attached to the body, may be uncomfortable to wear, as well as require assistance to attach correctly. On the other hand, floor sensor systems have the advantage of
being non-invasive and even unobtrusive, less prone to environmental noise and undemanding the
subject’s attention, which affects the data quality positively.
Among humans, the term gait refers to the study of locomotion. Gait occurs due to a cooperation
of several parts of the human body including the brain, spinal cord, nerves, muscles, bones, and
joints [1]. Within a walking sequence, gait can be understood as a translation of human brain activity
to the patterns of muscle contractions. The command is generated by the human brain which is
transmitted to initiate the neural centers through spinal cord which eventually results in patterns
of muscle contractions supported by the feedback from muscles, joint, and the receptors. This will
results in the movement of the trunk and lower limbs in a connected way whilst the feet recursively
touching ground surface and the change center-of-mass of the human body. Gait can be defined as
repetitive cycles for each foot resulting in a sequence of periodic events. Each cycle can be divided
into phases as shown in Figure 1.
Gait can be perceived as a transformation of brain activity to muscle contraction patterns resulting
in a walking sequence. It is a command generated in the brain and transmitted through the spinal cord
to activate the lower neural centers, which will consequently result in muscle contraction patterns
assisted by sensory feedback from joints, muscles and other receptors to control the movements.
This will result in the feet recurrently contacting the ground surface to move the trunk and lower limbs
in a coordinated way, delivering a change in the body center-of-mass position. Gait is a sequence of
periodic events characterized as repetitive cycles for each foot. Each cycle is divided into two phases
stance and swing (see Figure 1 [16]).
• Stance Phase (approximately 60% of the gait cycle, with the foot in contact with the ground). This
phase is subdivided into four intervals (A, B, C, D).
• Swing Phase (approximately 40% of the gait cycle with the foot swinging and not in contact with
the ground). This phase is subdivided into three intervals (E, F, G).
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Fig. 2: Modalities of gait analysis. Including vision, pressure and accelerometers. [17]

The three main modalities to study gait is by image processing, floor sensors and with wearable
devices. The modalities are shown in Figure 2 [17]. Gait patterns can be obtained from video streams,
floor sensor systems footstep pressure or with accelerometer signals (temporal signals).

2.1 Non-wearable sensors
Camera-based sensors. For this approach, images and videos obtained from cameras record human gait. Then, image processing techniques are used, such as segmentation and others to identify
gait from the images. This is the most widely used approach in the literature. This approach involves
model-free and model-based analysis for gait recognition [12].
In Table 1 are shown the state-of-the-art research approaches for vision systems. The performance
is indicated as classification rate (CR). Histogram-based systems have been found to be the most
successful in this area.
Table 1: State-of-the-art vision systems for gait analysis in biometrics
Feature set
Histogram and silhouette [18]
Histogram and deep silhouette [19]
Histogram and energy image [20]
Chrono-gait image [21]
Gait energy volumes [22]

Performance
97.5 % CR
97.7 % CR
79.8 % CR
51.3 % CR
95 % CR

Subjects
3141
176
122
122
25
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Table 2: State-of-the-art floor sensor systems for gait analysis in biometrics
Research
group
Cattin [23]

Signals

Users

470

16

Stevenson et
al. [24]
Mostayed et al.
[25]
Vera-Rodrigez
et al. [26]
Mason et al.
[12]
Costillla Reyes
et al. [8], 2018

88

8

18

6

9900

5

399

10

9900

127

Samples

Model

Multishoe
6 step cy- Euclidean dis- Yes
cles
tance
85 step cy- HMM
Yes
cles
5 step cy- Histogram
No
cles
Similarity
500 step SVM
Yes
cycles
30 step cy- LDA
Yes
cles
500 step resnet & SVM Yes
cycles

Norm. Results
(EER)
No
9.45
Yes

20

No

3.3 to 16

Yes

2.6 val, 4
eval
1.52 val,
3.1 eval
0.7 val,
1.70 eval

Yes
Yes

Floor sensors. The main research themes developed in this work are based on floor sensor
systems. There is mainly two type of floor sensors studied in the literature based on the ground
reacting force and the other based on switch sensors. The first obtains continuous signals while the
latter only delivers binary pressure signals.
In Table 2 are shown the state-of-the-art footstep recognition systems. The table shows the number
of signals, the number of users, samples type of model and performance results in EER.

2.1.1 Advantages:
•
•
•
•

Multiple gait parameters can be obtained from a wide set of modalities in the system
There are no power constraints limitations
Non-intrusive system
There are no external factors affecting the analysis due to a controlled environment

2.1.2 Disadvantages:
•
•
•
•

Area of measurement is confined to a limited space
Sensor system is often expensive
May allow gathering signals without the users’ consent or knowledge
Not suitable for outdoor applications

2.2 Wearable sensors
In this approach, sensors are placed in different positions of the human body to measure gait. The
type of sensors that can be used are force sensors, accelerometers, gyroscopes, extensometers,
and inclinometers.
Inertial sensors. This types of sensors use the earth’s gravitational field to obtain measurements
of a subject velocity, acceleration, orientation or gravitational forces for gait analysis. Three-axis accelerometers and gyroscopes angular velocity is usually used for this type of application.
In Table 3 are shown the state-of-the-art approaches for inertial systems. There is currently no
consensus in approach or location of the sensor for optimal analysis.
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Table 3: State-of-the-art inertial systems for gait analysis in biometrics
Feature set
Inner product of acceleration [27]
Key points of acceleration [28]
Gait cycle acceleration [29]
Direct matching [30]
Dynamic Time Warping [31]

Performance in EER %
6.8
2.2
1.6
1.6 to 6.1
5.6

Subjects
740
175
60
30
21

Location of sensing
Pocket
5 locations
Hip
Ankle
Spine

Ultrasonic sensors. Sound waves are used as the sensing mechanism. By measuring the distance between the ultrasonic sensor and the progression of the gait pattern, gait can be measured
and consequently studied.
Electro goniometer. This sensor, often installed in the hip or knee allows the obtention of continuous measurements of the current states of a joint angle of a human subject.
Exoskeletons. They are devices that cover the entire human body, usually made of solid materials. These devices are combined with goniometers or potentiometers sensors to allow measuring
human kinematics.

2.2.1 Advantages
•
•
•
•
•

Long-term gait analysis is allowed
System may be inexpensive
Controlled environments are not necessary, therefore natural gait signals may be obtained
Suitable for outdoor applications
Freedom to focus analysis in different locations of the human body

2.2.2 Disadvantages
• Power consumption limitations
• Due to portability, only a limited set of gait parameters can be studied
• Susceptible to noise and interference of external environments
In summary, the floor sensor system offers unique advantages over other sensing modalities to
analyze gait. The system is non-intrusive and resilient to noise in the environment as the main advantages over other sensing systems. As opposed to forcing the user to wear the device for the
experiment as in some inertial systems or to be susceptible to noise in environmental conditions
such as different levels of light or cross-view angles difficulties to acquire the data in a form suitable
for analysis [32]. For the aforementioned reasons, this book chapter focuses on studying the ground
reacting force from floor sensor systems for gait analysis in healthcare and security.

2.3 A review of floor sensor systems and datasets for gait analysis
Cameras, inertial sensors or floor sensor systems have been used to analyze gait [11, 33]. Floor
sensor systems have the advantage of being unobtrusive and resistant to surrounding noise; in comparison, camera systems require adequate illumination while wearable inertial sensors require daily
placement and maintenance. A floor sensor system can be inconspicuous in a home environment
allowing the acquisition of natural gait signals over large periods of time. While floor sensor systems
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have been built for automatic gait analysis applications [11], they have relied heavily on physiologically defined, man-made and complex features such as the body’s center of pressure, stride length,
and cadence, rather than using raw sensor signals, to construct gait classifier models.
An example of gait recognition system using a switch sensor system is the UbiFLoorII system
developed by Jaeseok Yun [34]. The switches in the UbiFloorII system are made of photo interrupters
sensors. The switch sensor generates 0 V or 5 V (on-off) according to the pressure exerted on the
floor sensor system.
In [35], the sensors used for gait analysis are three force plates to obtain the ground reaction force,
perpendicular to the floor sensor system. Piezoelectric sensors are used as the sensing mechanism.
The piezoelectric effect measures the accumulated charge in solid materials as a response to force
stress. In this case, the measured pressure is the response to the pressure exerted by the weight of
the subject walking on the floor. The change in pressure modifies the voltage level in the piezoelectric
sensor output, to enable gait measurement.
Gait analysis applications range from healthcare to provide insight into brain degenerative disease
[36] to security applications to build a biometric system for security clearance [37]. Applications can
also be found in gait analysis for sports [38].
This research focuses on floor sensor technology due to its unobtrusiveness allowing natural gait
signals to be captured over a large period of time.
For the purpose of classification of human postural and gestural movements using floor sensor
systems, Saripalle et al. [39] employed force platforms to infer the center of pressure of individuals.
11 body movements by volunteers were classified with an accuracy ranging from 79% to 92% using
linear and non-linear supervised machine learning models. Feature selection is emphasized as a
critical step for obtaining reliable accuracy scores, but this approach is limited by the lack of a single
classification model suitable for all types of movement.
Floor sensors systems have been used to distinguish human movements. Headon and Curwen
[40] recognized movements undertaken by a single user. The recognition is achieved by analyzing
the Ground Reaction Force (GRF) in a weight-sensitive floor. The changes in the GRF arise from
activities performed at the same position, including jumping, sitting and rising. A hidden Markov
model was used for human movement classification. The classification performance was close to
100%. One of the disadvantages of such study is that the postural activities were performed statically
at the same position.

3 Deep learning for gait analysis
Supervised machine learning is a branch of artificial intelligence (AI) and a specific kind of machine
learning. Algorithms or mathematical models are built and trained with a given set of inputs and desired outputs. A learning algorithm trains the model based on two learning styles, Shallow Learning,
and Deep Learning. The models are tested on unseen data by exploring the structure of the data
and fit into the models which can be understood and utilized by the users [41]. Shallow Learning depends on handcrafted features learned in a predefined relationship between the inputs to the output:
such as linear regression, logistic regression, decision tree, Support Vector Machine (SVM), random
forest, naive Bayes, and k-nearest neighbor.
Deep structured learning or hierarchical learning is inspired by the biological neural networks
structure and function. It is based initially on the concept of multi-layer Artificial Neural Network (ANN)
with the aim to learn data representations automatically; thus, Deep Learning becomes the method
of choice where the classification features, if known at all, are complex, with no straightforward quantitative relation to the raw data. Typically, the term ‘deep’ refers to the number of layers in the variety
of possible networks structures: Deep Belief Networks (DBN), Feedforward Deep Networks (FDN),
Boltzmann Machine (BM), Generative Adversarial Networks (GAN), Convolutional Neural Networks
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(CNN), Recurrent Neural Networks (RNN), and Long-Short Term Memory (LSTM) a special kind of
RNN. A comprehensive presentation of the theory of ANNs and Deep Learning is not within the
scope of this Review and the reader is referred to established sources [13]. Further, we focus on
models with practical significance for gait applications such as CNN and LSTM. The CNN model is
suitable for processing 1D, 2D or 3D data that has a known grid-like topology [13]. The network has
the ability to learn a high level of abstraction and features from large datasets by applying convolution
operation to the input data. Commonly, the network consists of convolution layers, pooling layers, and
normalization layers, with a set of filters and weights shared among these layers.
The convolutional layers output a feature map harvested automatically from the raw input data.
The pooling layers are utilized to reduce the size of representation and make the convolution layer
output more robust. The CNN model uses commonly two types of pooling layers: max pooling and
average pooling. All convolution layers and pooling layers have activation functions (e.g. Sigmoid,
Tanh, ReLU, Leaky ReLU), to calculate the weight of neuron and add a bias, deciding whether to fire
the neuron or not [42].
LSTM networks are favorable for processing time series data, where the order is of importance,
such as gait data sequences. In essence, they exploit recurrence, by using information from a previous forward pass over the network. The goal of using ANNs in gait analysis is to develop a model
to extract gait features and perform well on unseen real-world gait data. Commonly, for appropriate
training and testing, the model is trained and validated on 70% of the data and tested on the remaining 30%. In supervised training, the procedure is launched by initializing the weights randomly,
processing the inputs and comparing the resultant output against the desired output. During training,
the weights and biases are adjusted in every iteration, until the error is minimized, and validation is
used to estimate the model performance during training. Lastly, the model is tested with unseen data,
allowing to identify over-training.
The widely used accuracy measure for ANN gait analysis is the confusion matrix. It is a table to
visualize the number of predictions classified correctly and wrongly for each class. The table consists
of true positive, true negative, false positive, and false negative classification occurrences. One of
the advantages of the confusion matrix display is that it is straightforward to identify the decision
confusions, thus possibly concluding on the quality of the data involved.

3.1 Convolutional neural networks
3.1.1 Convolutional layer
A core building block in CNN models is the convolutional Layer where the computational heavy lifting
of data processing is taking place. This layer is based on Convolution, a specialized kind of linear
operation [27]. Convolution operation is performed on two functions to produce a feature map, where
the first function is the input data and the later is the filter or kernel. In this process, the filter slides
over an input data and perform convolution, the sum of the convolution operations transformed to
feature maps (See Figure 3). Feature map output consists of different feature maps produced by
different kernels as convolution layer output. An activation function is utilized to produce nonlinear
feature maps to make the training faster and more accurate. The widely used activation function in a
convolutional layer is Rectified Linear Units (ReLU) to convert all negative numbers to 0 or positive. A
mathematical representation of convolution operation given an input I (t) and a kernel K ( a) is given
as:
s(t) =

N
α

I ( a) ∗ L(t − a)

(1)
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Fig. 3: Convolutional layer processing data to produce feature map

3.1.2 Pooling layer
There are two types of pooling layers, max pooling, and average pooling. The objective of using this
layer is to recombine the convolutional layer output to produce meaningful information. In pooling
layer, a filter slides over the convolutional layer output and the maximum or an average value in the
filter window are transformed as an element in an output matrix as pooling layer output.

3.1.3 Training and Testing
In gait analysis, the goal of using neural networks is to develop a model to extract gait features
and perform well on unseen real-world gait data. For appropriate training and testing, commonly the
model is trained and validated on 70%-80% of the data and tested on the remaining 30%-20%. In
supervised training, the procedure is launched by initializing the weights randomly, processing the
inputs and comparing the resultant output against the desired output. During training, the weights
and biases are adjusted in every iteration until the error is minimized, and validation is used to give
an estimate of the model performance during training. Lastly, the model is tested with unseen data,
allowing to identify over-training.

3.1.4 Convolutional neural networks for spatio-temporal analysis
One of the most studied spatio-temporal problems is to recognize human actions from videos [43].
In recent years, the top performing models to solve this problem have been based on CNN’s and
Recurrent Neural Networks [44, 43, 45]. The proposed architectures use large publicly available video
datasets. These approaches are effective to learn representations from raw video frames. However,
they are complex and require large computational resources to train; furthermore, in some cases,
other pre-processing steps are required, such as to calculate optical flow between video frames [43].
Convolutional neural networks have been used to study the spatio-temporal human recognition
problems [46]. Including 3D convolution operations to capture both the spatial and temporal domain
components [47]. Architectures based on action scene understanding have also been proposed [48].
In addition, large video datasets have been introduced for this analysis [49]. A two-stream convolutional network has shown to be effective for the spatio-temporal action recognition problems [43],
[46].
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The two-stream deep learning architecture [43, 46] utilizes an end-to-end learning approach for
analyzing the spatial and temporal streams of videos in two separate deep networks. The spatiotemporal information is then fused at a feature or score level after the last layers of the network.
However, this approach sometimes involves computationally heavy calculations such as optical flow
[43].
Gait analysis from video has been widely studied in the literature [37, 12, 32]. Wu et al. [32] presented a study of cross-view gait for human identification, using deep convolutional neural networks
models in three gait datasets. The results show a substantial increase in average recognition rate performance when compared with the previous state-of-the-art. For example, in the CASIA-B dataset,
the average recognition rate reaches 94.1% with a deep network. This compares favorably with the
previously achieved best recognition rate of 65% by hand-made feature engineering.

4 Deep learning in healthcare: a case study in dual-tasks
Changes in gait can be a sensitive indicator of a decline in the cognitive executive function. We
investigated the impact of performing a cognitively demanding activity on patterns of human gait.
Age-related differences were analyzed in dual-tasks in a cohort of 69 cognitively healthy adults. A
novel spatio-temporal deep learning methodology was introduced to effectively classify dual-tasks
from unique spatio-temporal raw floor sensor data. Classification results were achieved in seven age
groups. The optimal classification F-score obtained was of 97.3% in dual-tasks. The deep machine
learning methodology outperformed a classical machine learning approach by 63.5% in the optimal
case. The robust performance of gender classification was also demonstrated by floor-sensor only
data, suggesting that the deep learning methodology can be generalized beyond the classification
of dual-tasks. Finally, a 2D manifold representation was obtained from trained deep learning models’
data, to visualize and identify patterns in raw gait data. This study demonstrates a novel approach to
dual-task research.

4.1 Aims and general method
This study aims to establish a benchmark for the relationship between a managed cognitive load and
gait in cognitively healthy participants from a novel data analysis perspective. We will apply a novel
analytic approach based on advanced computational models known as deep machine learning [13].
Current methods in dual-task analysis rely on specific statistical features such as gait speed and
variability [5, 4, 3, 50]. This focus has been influenced by human observation, which is intrinsically
subjective and has limited reach. Usually, only a few experimental gait samples per participant have
been included in the analysis.
In contrast, in this study, the dual-task effects are studied using deep machine learning principles
[13] to automatically define and extract optimal gait features harvested from raw spatio-temporal gait
data. The data were obtained from an original tomographic floor sensor system [51] sampled directly
from the raw sensor data rather than from reconstructed data [52], which requires further processing.
A large cohort of 69 participants was recruited, resulting in a sizeable set of gait samples per participant experiment that allowed statistical reliability [53]. These aspects are features not commonly
found in gait analysis research. Furthermore, a large dataset is beneficial for the optimal application
of deep learning models.
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4.2 Methodology
4.2.1 Inclusion criteria
Healthy women and men between the ages of 20 and 65 years were invited to participate in the study.
Those with any condition that might affect a normal walking pattern, typically a history of falls within 6
months prior to enrolment, were excluded from the study. Statistical information such as gender and
age were also captured to allow further analyses. All methods were performed in accordance with
guidelines and regulations by the University of Manchester Research Ethics’ Committee. Informed
consent was obtained from the participants to participate in this study.

4.2.2 Procedure
Four walking experiments were executed by each participant on the floor sensor system. The participants initially undertook normal and fast walk experiments. Followed by two dual-task experiments.
The first dual-task experiment was to spell five common words in reverse [3]. In the second, participants performed serial seven subtractions starting from a random 3-digit number [5]. The experiments
were performed in a silent environment, with external distraction kept to a minimum. Participants were
allowed to wear any type of footwear during the experiments. Each experiment lasted 5 minutes for
a total of 20 minutes per participant. The number of captured experimental gait samples depended
on the participant’s speed and manner of walking, which varied among participants. The participants
walked continuously from one end of the walkway to the other during the experiment. An extra onemeter length at the start and end of the floor sensor system was allowed to enable the participants
to accelerate and decelerate their walk.
No cameras or video recording was used since they can significantly compromise the privacy of
participants [15] and affect adversely the quality of the data.

4.2.3 Description of experimental tasks
1. Normal walk experimental task: Participants walked at normal self-selected speed for the duration
of the experiment.
2. Fast walk experimental task: Participants walked at self-selected fast walking speed.
3. Dual-task one, reverse spelling experimental task: Participants were given a set of five-letter common words and they had to spell the word continuously backward out loud [3] for the duration of
the experiment. For example, spell "earth" or "could".
4. Dual-task two, backward serial subtraction experimental task: Participants subtracted seven from
a random three-digit number continuously out loud during the five minutes of the experiment [5].

4.2.4 Database: UoM-Gait-69
The dual-task database collected, entitled UoM-Gait-69, was comprised of data from 69 cognitively
and physically healthy adults who participated in our study. The participant’s ages ranged from 20
to 63 years. Thirty-seven (53%) were female. The participants were given a unique identification
number (ID) for anonymization and experiment identification.
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Table 4: Description of 7 experimental tasks
Experiment
1
2
3
4
5
6
7

Group 1
Age Participants
20-28
27
20-21
8
20-28
27
20
6
20
6
20
6
20
6

group 2
Age Participants
31-42
22
30-32
6
35-36
6
26
6

group 3
Age Participants
46-63
20
56-63
8
46-63
20
60-63
6
60-63
6
60-63
6
-

4.3 Experiments for age-related classification
We designed a set of seven experimental cases (rows of Table 4). The cases are the database
volunteers arranged in different groups to allow experimental results. For example, Experimental
task 1 has 3 groups: group 1 of 27 participants between 20 to 28 years, group 2 of 22 participants
between 31 to 42 years and group 3 of 20 participants between 46 to 63 years. All the experimental
cases and groups are shown in Table 4.
The experimental cases have a wide range of age-cohort sets (group columns of Table 4) of agerelated differences in dual-tasks executed by the participants with the aim of testing the ability of a
machine learning model to differentiate age-range sets with a variable number of participants per set.
This includes experiment type, number of participants and age range. In some experiments, a large
age cohort of participants was contained in each group. For example, experiment one had threedecade-long age sets for classification of approximately 20 participants in each set. Also, a single
age cohort was included in other experiments such as experiment seven, for participants between
20 and 26 years old of age.

Spatio-temporal raw sensor matrices
Spatio-temporal raw sensor matrices (RSMs) as described in [51] were constructed from the raw
sensor data in this study. This approach did not require tomography reconstructed images, instead,
it was possible to derive the RSMs directly from the raw data. Therefore, RSMs were calculated for
all the experiments performed for this study.

4.4 Spatio-temporal deep learning model
The deep learning inception architecture, shown in Figure 4, contains two-stream Inception-like modules that model space and time within the same deep network. One of the streams was assigned to
the temporal domain whilst the other to the spatial domain. The spatio-temporal streams were optimized at the same time by back-propagation [13]. Each stream ends before a fully connected layer
of 100 neurons to allow equilibrated spatio-temporal feature concatenation. Then the outputs of the
were passed through a last fully connected layer with softmax activation that allowed gait sample
classification. After this layer, classification performance results were obtained according to the experiment type (see Table 4). ReLU activations are used in all layers [13].
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Fig. 4: Deep learning spatio-temporal architecture (inception inspired). Temporal and spatial streams
are concatenated at feature level before a last fully connected layer to obtain classification scores.

4.5 Results for age-related differences
Classification experiments were performed in three age groups organized in 7 experiments. As shown
in Table 4, age group one, the youngest age set, ranged from 20 to 28 years. Age group two, the
middle age set group, ranged from 31 to 42 years (with the exception of experiment seven, a 26year-old only group). Age group three, the older age group, contained participants with age ranges
between 46 to 63 years.
The classification results are reported as a triple measure, containing F-score percentage performance for normal walk compared to (1) fast walk (2) dual-task one and (3) dual-task two.
The highest classification performance model was obtained for experiment 7, whilst the lowest
performance was obtained for experiment 1. In the former two age groups containing a single age
were classified while the latter had the largest number of participants distributed by age group these
characteristics influenced the classification performance. In Figure 5 is shown F-score performance
summary of all the experiments.
Experiment 7 contains 6 participants per single age (ages 20 and 26 years). While experiment 3
contains a large number of participants in wide age ranges. 27 participants between the ages of 20
to 28 years and 20 participants between 46 to 63 years. The wide age ranges found in experiment
3 offer a higher challenge to the classification algorithms to discriminate the gait samples correctly,
this is in contrast with experiment 7 which contains a single age.

Model comparison
Ensemble and linear machine learning models were also implemented to compare with the results
presented in subsection 4.2.Table 6 demonstrates that the Random Forest returned an F-score of
56.12% whilst the linear SVM returned the lowest classification performance overall with an F-score
of 23.67%. The deep learning methodology (F-score: 97%) improved the F-score of the Random Forest classifier by 40.88%, while the best improvement was obtained against the linear SVM classifier
by 63.5%. These results justify a conclusion of robust classification performance of the deep machine
learning methodology compared to a shallow, ensemble and linear machine learning models.
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Fig. 5: F-score performance summary of the seven age-related experiments. Y axis: F-score in % X
axis: number of experiment
Table 5: Age-related differences classification results
Experiment
Classification
Total classes Age groups
1
6
3
2
4
2
3
4
2
4
normal and fast walk
6
3
5
4
2
6
6
3
7
4
2
1
6
3
2
4
2
3
4
2
4
Normal walk and dual-task one
6
3
5
4
2
6
6
3
7
4
2
1
6
3
2
4
2
3
4
2
4
Normal walk and dual-task two
6
3
5
4
2
6
6
3
7
4
2

Precision
81.21 %
96.6 %
91.93 %
92.62 %
95.39 %
82.52 %
98.48 %
71.29 %
87.49 %
81.7 %
88.93 %
89.5 %
84.74 %
97.33 %
57.33 %
91.18 %
86.4 %
89.77 %
89.19 %
91.26 %
97 %

Recall
74.53 %
96.51 %
91.87 %
92.38 %
95.29 %
79.78 %
98.47 %
70.48 %
87.46 %
81.64 %
88.96 %
89.23 %
83.94 %
97.33 %
58 %
91.13 %
86.13 %
89.79 %
89.09 %
90.58 %
96.99 %

F-score Support
72.34 % 7052
96.51 % 2152
91.85 % 4832
92.18 % 1889
95.26 % 1316
78.45 % 1785
98.47 % 1377
70.28 % 6365
87.41 % 1922
81.63 % 4340
88.89 % 1712
89.25 % 1189
83.24 % 1874
97.33 % 1236
58 %
6254
91.11 % 1848
86.16 % 4262
89.76 % 1655
89.06 % 1118
90.37 % 2092
96.99 % 1197

4.6 Discussion
Our results demonstrated age-related differences in gait patterns in 7 experimental cases from a
large cohort of healthy adult participants. The experiments compared normal walk, fast walk and two
managed cognitive load activities. The spatio-temporal problem was addressed by a deep machine
learning methodology which has the ability to learn end-to-end from raw spatio-temporal gait data.
The effectiveness of the approach was justified by comparing our results to the performance of opti-
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Table 6: Comparison of the deep learning models against shallow models of experiment seven. Classification of normal and dual-task two is shown. Classes are defined in Table 5
Optimization
Early stop
Genetic
programming
None
None

Model
Two-stream inception
Gradient Boosting
classifer
Random Forest
Linear SVM classifier

Precision Recall
97%
96.99

F-score Support
96.99% 1197

62.79%

62.82% 62.50% 1197

57.28%
26.36%

57.31% 56.12% 1197
27.82% 23.67% 1197

mized shallow machine learning models’ in linear and ensemble machine learning models. Overall,
the optimal performance of the methodology was observed between normal walk and fast-walk. Then
between normal walk and dual-task two, and finally between normal walk and dual-task one. Task
two influenced a heavier cognitive load in participants compared to task one, resulting in a more
pronounced gait pattern, which impacted on the ability of the machine learning model to classify gait
patterns successfully. Moreover, for participants to perform the arithmetic operations of dual-task,
coordination among several processes such as articulatory, phonatory and respiratory, functions was
required, which, might have led to a greater demand on the executive function processing [5]. High
classification performance was also observed with short age-range groups and with a large age gap
between groups. These characteristics tended to isolate gait pattern further.
The high classification performance obtained in the age-related experiments demonstrated that
the deep learning methodology presented here may be appropriate for gait data analysis from participants with MCI in large cohort studies [54]. People with impaired executive function in the context
of a diagnosis of AD have shown an exaggerated dual-task effect in walking patterns compared to
cognitively healthy controls [55]. This finding has yet to be verified using deep machine modeling
applied to a large sample of participants who have prodromal AD. This might enable finding a robust
behavioral marker of AD in the very early prodromal stage.

5 Deep learning in security: a case study in biometrics
Human footsteps can provide a unique behavioral pattern for robust biometric systems [56]. We
propose spatio-temporal footstep representations from floor-only sensor data in advanced computational models for automatic biometric verification. Our models deliver an artificial intelligence capable
of effectively differentiating the fine-grained variability of footsteps between legitimate users (clients)
and impostor users of the biometric system. The methodology is validated in the largest footstep
database, containing nearly 20,000 footstep signals from more than 120 users. The database contains a large cohort of impostors and a small set of clients to verify the reliability of biometric systems.
We provide experimental results in 3 critical data-driven security scenarios, according to the amount
of footstep data available for model training: at airports security checkpoints (smallest training set),
workspace environments (medium training set) and home environments (largest training set). We
report state-of-the-art footstep recognition rates with an optimal equal false acceptance and false rejection rate of 0.7% (Equal Error Rate), an improvement ratio of 371% from previous state-of-the-art.
Our methodology provides optimal biometric performance on evaluation footstep data (out of sample). We perform a feature analysis of deep residual neural networks showing effective clustering of
client’s footstep data and provide insights into the feature learning process.
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5.1 Aims and general method
The aim of this work is to differentiate effectively the fine-grained GRF variability of footsteps between
clients and impostors of a floor sensor biometric system in 3 critical data-driven security scenarios.
Spatio-temporal raw and processed footstep data representations are designed and evaluated on
deep machine learning models, by using the SFootBD database footstep database to date with more
than 120 people and almost 20,000 footstep signals acquired from two rectangular arrays of 88
piezoelectric sensors each, to test the performance of our biometric system. Our deep machine
learning models are based on the state-of-the-art resnet architecture [57] and the spatio-temporal
two-stream architecture [43, 46] illustrated in Figure 6.

5.2 Footstep data as a biometric
Footstep recognition from floor sensor systems has been previously proposed [12, 23, 24, 25, 26,
58, 52]. However, the studies rely heavily on complex hand-made feature engineering using shallow
machine learning models such as Linear discriminant analysis (LDA) [12] or hidden Markov models
(HMM) [24]. Early related works studying footstep data as a biometric collected footstep signals from
two main types of sensors: i ) switch sensors [59, 60] analyzing the spatial distribution of the footstep
signals, and ii ) pressure sensors [24, 25, 23], focusing on analyzing the dynamic pressure information in the signals, but with low spatial resolution. A commercial pressure mat with high resolution is
used by Qian et al. [61] in order to extract the center of pressure information, therefore using time
and spatial pressure information only for some selected key points (geometric approach). Recently,
footstep signals are analyzed considering both temporal and spatial information contained in the signals [26], reporting experiments on the SFootBD database. The spatial information is extracted from
accumulated pressure images, while temporal information is extracted from the average GRF and
from other hand-crafted features. In both cases, the Principal Component Analysis (PCA) is used to
reduce the dimensionality of the footstep data and a non-linear SVM is used for biometric verification. Results in the range of 2.5% to 10% Equal Error Rate (EER) are achieved depending on the
application setting. In an extension of this work [62], the system proposed for footstep information
was fused at the score level with a system for gait recognition using video recordings of the users as
both modalities were available on the SFootBD database.
Very recently, in [33] we report a pilot study of a convolutional neural network model to learn
processed spatial footstep features of the SFootBD database, suggesting significant improvements
of footstep recognition performance compared to existing work [26].
Table 2 shows the recognition performance of our approach shown against other known biometric verification systems based on floor sensor data only. The other studies do not use the SFootBD
database, thus cannot be directly compared to this work in terms of performance since the experiments differ in the number of clients and footstep signals. However, we are using a much larger
database and therefore our results are more statistically significant.
The SFootBD database1 consists of a total of 19980 right and left footstep samples (9990 stride
footsteps). A footstep sample lasted approximately one second (1600 frames). The database footstep
signals are synced 50 frames previous to the heel strike, as the sensors information was temporally
stored in a buffer. The samples are captured from 127 volunteers in an 18-month period [26]. During
this time, some subjects provided plenty of footstep signals in different sessions while other subjects
only provided a small number of signals. A natural walking stride footstep was performed by the volunteers and they were allowed to wear any type of footwear to emulate a real-world scenario, as this
characteristic has been proven to affect footstep recognition performance [12]. Further information
1 Available to the research community from https://atvs.ii.uam.es/atvs/sfootbd.html Accessed Dec 2018.
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Fig. 6: Two-stream spatio-temporal resnet architecture for raw footstep representation.

about the acquisition process and labeling of the SFootBD can be found in [63].

5.3 Deep residual network model
The deep machine learning models used in this work are based on the state-of-the-art resnet architecture [57].
An overview of the resnet architecture is illustrated in Figure 6 consisting of spatial and temporal
streams for the raw representation. From input to output, each stream consists of the following layers:
Firstly there is a resnet configuration 1 block (2ay) (Figure 7 right), followed by resnet configuration 2
block (x2) (2by and 2cy) (Figure 7 left), then an average pooling layer, fully connected layer (FC) and
finally a softmax layer. The blocks consist of convolutional layers, batch normalization [64] and ReLU
activation functions [65]. The residual units can be expressed in general form as:
yl = h( xl ) + G ( xl , Wl ),

(2)

x l +1 = f ( y l ),

(3)

where xl is the input to the l-th residual block, and xl +1 is its corresponding output and G is a nonlinear residual function. h( xl ) = xl is an identity mapping and f is a RELU activation [65] function.
Wl = {Wl,k {|1 ≤ k ≤ K } is the set of weights and biases of the l-th residual block. K is the number
of layers in a residual unit. If f is an identity mapping, then xl +1 ≡ yl , therefore Equation 3 can be
expressed as:
xl +1 = xl + G ( xl , Wl ).
(4)
For any unit of L and shallow unit l, the forward propagation of the feature x L can be expressed as
an additive output:
x L = xl + L−1 G ( xl , Wl ).
(5)
i =l
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Fig. 7: Resnet model building blocks. Right: resnet configuration 1, Left: resnet configuration 2.

Therefore, during forward propagation, xl is propagated to any x L plus the residual factor. If the loss
function is expressed as γ, the backpropagation of errors in the network can be expressed as the
result of the following chain rule [66]:
∂γ
∂γ ∂x L
∂γ
∂
=
=
(1 +
∂xl
∂x L ∂xl
∂x L
∂x L

L −1
i =l

G ( xl , Wl )).

(6)

Our resnet model is a shorter version of resnet-50, with only 3 merge layers and 40 layers total,
since these are the optimal number of layers found by using a layer-wise optimization algorithm [67].
This reduces computation time by considering fewer parameters during training than in resnet-50.

5.4 Spatial and temporal architectures
As footstep GRF patterns tend to contain a high degree of fine-grained GRF variability they are
difficult to visualise for assessment by humans Figure 8 and Figure 9 shows a side by side comparison of stride raw (top) and processed (bottom) spatial footstep representations from 2 clients of
the SFootBD, considering 2 samples per user. The comparison implies that effective footstep recognition based only on visual perception is a very challenging problem as there can be a high user
intra-variability and low inter-user variability in some cases. Moreover, humans are not accustomed
to recognizing this type of images as opposed to other biometric traits such as facial recognition.
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(b)

Fig. 8: Spatial raw (top) and spatial processed (bottom) footstep representations of user 1. (a) sample
1 (b) sample 2. Top representation dimension is 13x14 pixels. Bottom representation dimension is
88x88 pixels.

Advanced computational models, such as machine learning have been used in an attempt to solve
differentiating the fine-grained GRF variability between clients and impostors.
The spatial and temporal footstep representations share the same baseline resnet architecture
shown in Figure 6. The input footstep representations affect the dimensions of the first convolutional
(conv.) layer of the resnet model, that takes as input a stride footstep tensor of shape (n, m, c) where
n x m is the 2D footstep sensor matrix and c the frames. c = 1 for the spatial case and c = 100 for
the temporal case. The filter size of the resnet blocks (Figure 7) and channels change according to
the input footstep tensor dimensions. The widely-used deep network design introduced by the VGG
network [68] is adopted for the resnet models. The methodology decreases the spatial component at
the conv. layers as a function of increasing the number of filter maps, from the left (input) to the right
(output) layers of the network.

5.5 Results
5.6 Airport scenario: Benchmark B1
For this scenario, there were 5 users and 122 impostors to be recognized in the biometric verification
system. The combination of the raw, processed resnet and processed SVM representations delivers
the optimal performance overall with 7.10% and 10.50% EER. thus, the fusion of models and representations improves the previously reported EER optimal performance [26] of 8% and 12.5% EER,
which is an improvement ratio of 12% and 19% on the previous EER. This benchmark considers the
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(a)

(b)

Fig. 9: Spatial raw (top) and spatial processed (bottom) footstep representations of user 2. (a) sample
1 (b) sample 2. Top representation dimension is 13x14 pixels. Bottom representation dimension is
88x88 pixels.

least amount of footstep data per client for training from the 3 benchmarks. The benchmark exemplifies a real-world security application, where footstep data is scarce for training, considering the few
numbers of times a client passes a security checkpoint.

5.7 Workplace scenario: Benchmark B2
For this scenario, there were 15 users and 112 impostors to be recognized in the biometric verification
system. The combination of the raw, processed resnet and processed SVM representations deliver
the optimal performance overall as well as 2.80% and 4.90% EER for this dataset. This improves
the previously reported optimal performance [26] of 4.5% and 7% EER, which is an improvement
ratio of 60% and 43% on the previous EER. This benchmark considers a medium amount of footstep
data per client for training from the 3 benchmarks. A workplace security environment exemplifies a
real-world scenario.

5.8 Home scenario: Benchmark B3
For this scenario, there were 40 users and 87 impostors to be recognized in the biometric verification
system. The combination of the raw, processed resnet and processed SVM representations deliver
the optimal performance overall as well as 0.70% and 1.70% EER for this dataset and overall in all
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Table 7: Biometric verification results in terms of EER (in %) for benchmarks B1, B2 and B3
Benchmark B3 (5
clients)
Val.
Eval.

resnet
resnet
resnet

Benchmark B1 (40 Benchmark B2 (15
clients)
clients)
Val.
Eval.
Val.
Eval.
Raw representations
14.70% 18.00%
8.20% 6.70%
16.30% 13.40%
11.20% 10.70%
11.80% 11.50%
6.10% 8.00%

DNN

27.65% 27.93%

14.33% 17.33%

5.76% 6.57%

CNN

31.28% 31.21%

14.26% 14.67%

3.62% 4%

Temporal
Spatial
Spatiotemporal
Spatiotemporal
Spatiotemporal

resnet
resnet
resnet

Processed representations
12.20% 18.00%
6.60% 9.30%
13.60% 15.50%
5.50% 9.30%
10.10% 14.50%
3.80% 8.00%

3.90% 2.00%
3.00% 6.60%
1.80% 2.60%

DNN

17.25% 21%

6.10% 6.66%

2.80% 3%

CNN

18.1% 23%

6.07% 9.95%

1.61% 3.38%

Spatialintegrated
temporal
Spatial
Spatiotemporal

SVM

Processed SVM representations
12.10% 16.50%
9.30% 12.00%

6.10% 8.20%

SVM
SVM

11.70% 17.50%
8.00% 12.50%

5.90% 9.20%
3.80% 6.70%

3.80% 2.60%
2.10% 3.20%

Fusion of representations
8.10% 10.70%
3.20% 5.30%

0.80% 2.10%

Domain

Model

Temporal
Spatial
Spatiotemporal
Spatiotemporal
Spatiotemporal

Raw &
cessed

Pro- resnet

resnet
Raw & Pro7.10% 10.50%
& SVM
cessed
&
Processed
SVM

2.80% 4.90%

4.60% 8.00%
3.40% 12.00%
1.70% 5.60%

0.70% 1.70%

experiments. This improves the previous reported optimal performance [26] of 2.6% and 4% EER,
which is an improvement ratio of 371% and 235% on the previous EER. A home environment exemplifies a real-world security application of this dataset, where a large number of footstep signals can
be obtained due to easy accessibility.

5.9 Discussion
We have presented a methodology for robust footstep recognition for biometric verification in 3 critical
data-driven security scenarios. The methodology is based on spatio-temporal raw and footstep processed representations in resnet and SVM machine learning models. We validate our methodology in
a challenging database, the SFootBD, the largest footstep database available for footstep research,
containing only 2 footsteps per experimental sample. In all security scenarios, we obtain state-of-theart biometric verification performance for an ensemble of resnet and SVM models using both spatial
and temporal components of processed and unprocessed footstep data. Our three experimental settings are based on varying the amount of footstep data available for training the machine learning
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models, therefore, varying the number of clients and impostors. The smallest training footstep dataset
resembles an airport security checkpoint scenario (benchmark B1) by considering 40 stride footsteps
samples for 40 clients each and 763 impostor stride footstep samples. The optimal model delivers
10.50% EER in held-out footstep data, an improvement ratio of 19% from previous state-of-the-art.
The medium sized training dataset, considers 200 stride footsteps samples for 15 clients each and
2697 impostor footstep signals, resembling a workplace scenario (benchmark B2), where we obtain
an optimal EER of 4.90% in held-out footstep data, an improvement ratio of 42% from previous stateof-the-art. Finally, the largest training dataset resembles a home-based scenario (benchmark B3)
which considers 500 stride footstep samples per 5 clients each and 5603 impostor footstep signals.
Here, our experiments deliver the best validation and evaluation verification performance overall with
0.70% EER and 1.70% EER respectively, an improvement ratio of 371% and 235% respectively from
previous state-of-the-art [26]. Biometric verification performance tends to improve as a result of increasing the size of footstep training data considered per client and by decreasing the number of
clients.

6 Conclusions
In this chapter spatio-temporal gait and footstep representations have been studied with deep learning methodologies. In the healthcare theme, dual-task has been classified with robust classification
performance by providing an F-score of 97.33% in the optimal case, while in the security theme,
state-of-the-art footstep recognition performance has been obtained in a biometric verification scenario, obtaining an optimal EER of 0.7%. Therefore, robust pattern recognition in gait and footstep
analysis have been provided with high statistical significance. The methodologies to obtain the optimal results used deep machine learning principles based on convolutional neural networks.
In the healthcare theme, the link between cognitive activities and its effects on the changes in
human gait patterns was investigated. The first set of experiments focused on the temporal analysis
to distinguish 10 gait activities patterns. The following experiments focused on the spatio-temporal
domain analysis of 13 gait activities. The research then moved on to the analysis of the effect of
cognitive activities in gait patterns from healthy individuals. The methodology delivered results with
a cohort of 69 participants performing dual-tasks experiments. In the optimal case scenario, an Fscore of 97% was obtained to identify dual-tasks patterns. The methodology clearly outperformed
optimized classical machine learning models (non-deep learning) and was able to distinguish the
gender of participants with an optimal F-score of 97.3%. Finally, a research project on improving
human health in urban environments was presented. The methodology successfully detected rodent
activity based on its urine spectra response with unsupervised machine learning techniques.
In the security theme, state-of-the-art footstep recognition performance results were obtained in
challenging biometric verification scenarios. The largest to date footstep database, the sfootBD, was
used to validate the deep machine learning methodology. The database has almost 20,000 footstep
signals from 127 users. First, the spatial footstep domain was studied in a single real-world biometric
verification setting, then the spatio-temporal footstep domain was studied extensively in three critical
real-world biometric verification scenarios: at home, office and airport scenarios. The optimal results
demonstrated that an ensemble of processed and raw footstep data and a combination of shallow
and deep machine learning models delivered state-of-the-art recognition performance for biometric
verification. The methodology delivered a 0.7% EER in the optimal biometric verification case.
The methodology presented in the healthcare theme may be potentially applied to studies of large
cohorts of users in the MCI stage or with the pathology of AD [54, 69]. This research direction could
further investigate the link between changes in gait and neurodegenerative disease progression at
early stages. The deep learning methodologies presented here can be applied in a multi-sensor
spatio-temporal environment to search for further behavioral signatures that may flag AD in the
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prodromal stage. This approach could include other sensing modalities for example by integrating
keyboard use patterns of individuals in daily computer use [70] or speech recognition analysis [71].
Furthermore, accelerometer sensors, cameras or indoor/outdoor tracking systems [69] could also be
integrated for robust analysis of early stages of AD.
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