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Abstract
Gait and motion stability analysis in gait dysfunction problems is a very interesting research area. Usually, patients who 
undergo vestibular deafferentation are affected by changes in their dynamic balance. Therefore, it is important both patients 
and physicians are able to monitor the progress of the so-called vestibular compensation to observe the rehabilitation process 
objectively. Currently, the quantification of their progress is highly dependent on the physician’s opinion. In this article, we 
designed a novel methodology to classify the gait disorders associated with unilateral vestibular deafferentation in patients 
undergoing vestibular schwannoma surgery (model of complete vestibular loss associated with imbalance due to vestibular 
nerve section and eventual labyrinthectomy). We present a dual-head attentional transformer-LSTM (DHAT-LSTM) to 
evaluate the problem of rehabilitation from gait dysfunction, which is observed by a Kinect. A system consisting of a key-
point-RCNN detector is used to compute body landmark measures and evaluate gait dysfunction based on a DHAT-LSTM 
network. This structure is used to quantitatively assess gait classification by tracking skeletal features based on the temporal 
variation of feature sequences. The proposed deep network analyses the features of the patient’s movement. These extracted 
high-level representations are then fed to the final evaluation of gait dysfunction. The result analytically demonstrates its 
effectiveness in classification evaluation when used in conjunction with state-of-the-art pose estimation and feature extrac-
tion techniques. An accuracy greater than 81% was achieved for given sets of individuals using velocity-based, angle-based, 
and position features for both the whole body and the symmetric features of the body.
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TPCNN	� Triple parallel convolutional neural 
network

ViT	� Vision transformer

1  Introduction

Sequential data are common in a wide variety of domains, 
including medical analysis [1], weather prediction [2], and 
renewable energy systems [3]. Classification is one of the 
most frequently requested tasks in the analysis of sequential 
data due to its importance for industrial and scientific pur-
poses. Several machine learning approaches can be used to 
solve sequential classification problems, including decision 
tree classifiers [4], ANNs [5], autoencoders and echo state 
networks [6], recurrent neural networks (RNNs) and convo-
lutional neural networks (CNNs) [7], and long short-term 
memory (LSTM) [8, 9].

Recently, deep neural networks have been widely applied 
to model sequential data. Complex patterns have been 
extracted for sequential trends using deep learning methods 
based on convolutional neural networks (CNN) [10] and 
recurrent neural networks (RNN) [11]. However, RNN suf-
fers from vanishing and explosion gradients when process-
ing long sequences [12]. Long-short-term memory (LSTM) 
methods have been developed to address these problems [13, 
14]. Transformer [15] was also recommended as a method 
for processing a sequence of data that uses the attention pro-
cess. In contrast to RNN-based methodologies, the trans-
former does not evaluate the input in an ordered sequence. 
Instead, it analyses the entire sequence of the input and then 
uses self-attention processes [16] to learn the temporal con-
nections of the sequence. This makes it more capable of 
identifying patterns with long-term dependencies on sequen-
tial data, which are challenging for sequence models.

1.1 � Gait Disorder Analysis

Recently, biometrics of the human body have been analysed 
in clinical diagnosis, such as handwriting [17], speech [18], 
and gait [19]. Since each patient has a specific walking style, 
gait analysis can be a great statistic to determine pathologi-
cal performance. Body or brain damage, ageing, or related 
disorders [19, 20], are factors that can directly affect the 
patient’s movement and cause gait disorders. Therefore, 
accurate gait analysis can be very beneficial in a variety of 
diagnostic procedures in many branches of medicine (e.g. 
neurology and otorhinolaryngology, head and neck surgery, 
and orthopaedics). Therefore, gait analysis has recently been 
studied by many research groups because it combines deep 
knowledge in medicine and information engineering.

Gait disorder analysis is significantly dependent on tem-
poral information and involves variable input sequences. 

Thus, analysis requires a model that is good at learning long-
term dependencies. Although LSTM is used to work with 
the input of the sequence, but according to [21], it might 
not be sufficient to solve long-term dependencies. Alter-
natively, the Transformer has been broadly used in natural 
language processing projects and has reached state-of-the-
art results. However, it has not been used in gait disorders 
analysis systems. According to [22], the use of positional 
encoding in the Transformer can create a high computational 
cost. Looking at the advantages and disadvantages of both 
algorithms, a hybrid model named DHAT-LSTM has been 
implemented to solve the classification problem in the gait 
analysis system. LSTM is used to obtain the hidden state of 
the features, while the Dual Attention in the Transformer 
encoder layer (DHAT) is used to improve the learning of 
the temporal information. The combination of DHAT and 
LSTM is adapted to improve the ability of the model to learn 
long-term dependencies in the analysis of gait disorders.

All the features of the body are significant, although it is 
believed that some features would be more distinct than oth-
ers [23]. Birch et al. [24] found that the swing of the arm was 
the most important feature that helped in the analysis, which 
is the part of the upper body. Therefore, they determined 
that the upper body would also be useful for analysis. This 
emphasises that evaluation of the whole body, rather than 
just the lower body, can increase the set of characteristics. 
Veres et al. [23] recommended that upon assessment of the 
outline of the body, the static component should be con-
sidered to be the essential component. However, this study 
ignored the dynamic component (swing of the arms and 
legs) because it is considered less important, and the results 
show that reduction of the accuracy rate. Control and stabil-
ity of the gait cycle are provided by the rotational behaviour 
of the body, where Collins et al. [25], Herr et al. [26], and 
McIntosh et al. [27] observed the effects of this rotational 
behaviour on the gait adaptability of a person walking. Their 
results indicate that greater forces affected the hip, ankle, 
and knee of those with noticeably increased ankle motion. 
Jokisch et al. [28] recommended that frontal angle standing 
is superior to half-profile and profile view by determining 
the optimal viewing angles of the individual. Jokisch et al. 
and Larsen et al. [28, 29] concluded that the most significant 
characteristic analysed was the frontal view of the subject.

1.2 � Biomedical Background

The human balance system is multisensory and consists 
of complex mutual coordination and communication of 
multiple organ systems, such as the brain, the vestibular 
apparatus of the inner ear, the visual system, and proprio-
ception. Balance disorders not only increase the risk of 
falls with eventual fractures and other types of injury, but 
also significantly disrupt the quality of life of the patient, 
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who (depending on the severity of the disorder and its 
development) may be unable to perform in employment, 
sports, and also common physical tasks such as household 
chores or hygiene habits. Diagnoses that disrupt patient 
stability involve multiple disciplines (e.g. otorhinolaryn-
gology, neurology, orthopaedics, and physical therapy) 
and require close cooperation.

With modern diagnostic methods, specialists from differ-
ent disciplines are able to characterise the type of pathology 
responsible for the balance disorder (e.g. uncompensated 
vestibular lesion) and quantify the severity of the individual 
deficit of the concrete organ (e.g. presence of spontaneous 
nystagmus on videooculography, positive head shake test, 
saccades and gain on Video Head Impulse Test, deviation in 
subjective visual vertical or sway analysis in posturography).

Modern diagnostic methods are able to objectively assess 
only the static part of equilibrium (stabilometry, posturog-
raphy) [30–32]. Questionnaires or clinical tests (e.g. Timed 
Up and Go Test or Six-Minute Walk Test) are the currently 
employed to evaluate dynamic stability. However, they are 
of limited utility for quantifying gait and motion stability in 
the normal life of the patient. Furthermore, these methods 
cannot be processed quantitatively and are subject to a cer-
tain degree of subjectivity by the examiner [33–36]. In clini-
cal practice, there is as yet no examination that objectively 
evaluates the dynamic component of stability as a whole.

In the course of compensation of balance dysfunction, 
pharmacological treatment is initially important, but after its 
relatively short period of application, targeted rehabilitation 
of balance is the most important part. In case of disbalance 
related to peripheral vestibular disorders it is a training of 
slow and later also rapid head movements and image stabi-
lisation initially. Gradually sitting independently and then 
standing, but walking is essential in everyday life. For each 
patient, these individual phases proceed at different speeds 
and some exercises are not yet suitable for him. That is why 
the patient with new lesion of the vestibular system will not 
initially cope with all parts of rehabilitation compared to 
the patient who has developed a lesion a couple of weeks or 
months ago. The development of an objective test to quan-
tify balance in gait, to determine the appropriate rehabilita-
tion procedure and standardise the recommended exercises 
in order to individualise the care of each patients is neces-
sary. In addition, the evaluation using the clinical tests used 
so far is observer-dependent and does not allow to monitor 
the development over time in a meaningful way. For similar 
reasons, dynamic computed posturography has been intro-
duced into clinical practice, for example, to enable objec-
tive assessment of postural stability in stance. Therefore, 
considerable efforts are centred on development of systems 
that would allow the assessment of stability in locomotion, 
especially in walking, that is one of the most characteristic 
human movements.

1.3 � Proposed Method

Human movements range from simple activity through an 
arm or leg to the complex integrated activity of combined 
arms, legs, and body [37]. This movement is represented by 
a sequence of frames, which observers can understand by 
analysing the contents of multiple frames in sequence. In 
this paper, we classify gait disorders in a way similar to a 
clinician’s observation of the patient’s gait. We use DHAT-
LSTM to consider the information of previously recorded 
frames to automatically understand movements in the cur-
rently recorded frames. To design the DHAT-LSTM, we 
were inspired by the Transformer encoder architecture [15] 
and the LSTM network [38, 39].

In the proposed method, selected features of recorded 
frames are analysed for gait disorders. The initial features 
of every frame are extracted using a pre-trained key-point-
RCNN model based on the Mask RCNN paper [40]. The 
DHAT-LSTM architecture is then developed with two layers 
of dual-head attention to learn sequence information about 
the features of the recorded frames. This implementation of 
DHAT-LSTM has a high capacity to learn sequences and 
frame-to-frame changes in features due to small changes in 
the visual data of frames.

1.4 � Main Aims

Our primary objective was to improve the accuracy of our 
system. To achieve this, our framework consisted of two 
main components: data processing using the recorded image 
dataset and the development of a deep learning algorithm 
for classification. Our aim was to enhance the practicality of 
our system by increasing its accuracy compared to existing 
evaluation methods.

The significant contribution of our Transformer approach 
lies in its evaluation of both global and local movement fea-
tures of the patient’s skeletal characteristics during three 
activities. This evaluation is accomplished using a dual-
head attention transformer, which is integrated with an 
LSTM network for gait function assessment. Additionally, 
we introduce human key-point extraction to generate new 
and relevant features. These features include the speed and 
angle of each point in two continuous sequences , as well 
as the distance and angle of symmetric features within each 
sequence.

The proposed framework comprises the following key 
components: 

1.	 Data processing scheme: This involves extracting fea-
tures and mapping the input sequential data into a vector 
of specific dimensions. Furthermore, feature engineering 
is applied to the extracted features to optimise their qual-
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ity and improve the performance of the deep network for 
the final classification.

2.	 Dual parallel self-attention transformer mechanism: This 
mechanism operates on the split input vector and is inte-
grated with LSTM networks . It calculates a temporary 
vector that captures the temporal dynamics of the data.

	   By combining these components, we aim to achieve 
higher accuracy and enable more effective classification 
in our system.

2 � Materials and Methods

2.1 � Measurement Scheme

The measured process consists of the different walking exer-
cises presented in Table 1. Similar to standard clinical test-
ing of gait three conditions with different requirements on 
balance system were subject of analysis. Normal walking is 
the least demanding, in the clinical setting it is known as the 
gait test I. Walking along the line with visual control (clini-
cal test of tandem gait) is devoted to assess both vestibular 
and cerebellar functions. Finally, walk with the eyes closed 
correspond to clinical test of gait II. It is crucial to assess the 
impact of visual feedback on balance functions.

A patient was asked to perform these exercises in a hos-
pital hallway (length 5 m) and the frames of the patient’s 
gait were recorded. Length of recording was dependent on 
the velocity of walking to perform a specific test along the 
entire length of the corridor. In general, probands were asked 
to walk at a leisurely pace so that they will feel supremely 
balance confident. Furthermore, patients rehearsed the indi-
vidual tests before actually performing the recording.

The patient is scanned at the same time with a Kinect 
camera, and the exercise sequences are stored in data files 
for further analysis. Kinect is placed on a mobile robotic 
platform that was developed at UCT Prague and can track a 
patient moving behind it. The whole measurement scheme is 
shown in 1. The robotic platform is described in more detail 
in our previous work [41].

The Kinect v2 camera was used because of its ability to 
capture video and create skeletons. However, it is not able 
to work correctly in real-time. This is the reason why pre-
processing has to be employed (see 2.4). A typical patient 
during measurement (doing three exercises on the hospital 
corridor) is shown in Fig. 2. The first reason for doing these 
three exercises is that the category of disorders can be clas-
sified by observing these three exercises, as the clinicians 
are measured, so we should have all three exercises in each 
class. The reason for combining them as input data for the 
network is to make the input data have more sequences of 
features. As can be seen from Fig. 2, the type of walking in 
different exercises is slightly different. For example, for exer-
cise 3, the patients walk with closed eyes, and they may not 
walk in a straight line, or they may use their hands to make 
their movement balance. Therefore, the combination of these 
data would help to have a long sequence of their walk in a 
model to train to find the pattern of difference. Gait data in 
the form of skeletal key-point landmarks were obtained dur-
ing the course of the patient’s postoperative rehabilitation.

2.2 � Dataset

The dataset contains 84 successful rehabilitations in 37 
patients (Table 2). All patients (23 males/14 females; age 
21-77 years) were indicated for surgery for vestibular 
schwannoma (24 left side/13 right side; Koos classifica-
tion: 10 grade 1/10 grade 2/6 grade 3/11 grade 4a tumours; 
International classification: 10 grade T0/9 grade T1/8 grade 
T2/9 grade 3/0 grade 4/1 grade 5 tumours).

All patients underwent standard neurootological tests 
(i.e. clinical neurootologic examination, Videoculography, 
Caloric Testing, Video Head Impulse Test, Ocular and Cer-
vical Vestibular Evoked Myogenic Potentials, Subjective 

Table 1   Hospital control rehabilitation exercises

Order Exercise

1 Normal walking
2 Walking along a line
3 Walking with closed eyes

Fig. 1   Measurement scheme

patient robotic platform
with camera

hospital
corridor
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Visual Vertical) to quantify vestibular deficit . Vestibular 
schwannoma is a tumour that gradually disrupts the patient’s 
balance due to the developing vestibular deficit. Balance dis-
function usually affects patients with larger tumours, but 
it can affect patients even at the very beginning of tumour 
growth. Based on the clinical and neurotological testing 
patients were divided into 3 groups. Patients with no dis-
balance presented without the deficit on caloric testing, 
there was either normal function or eventual compensated 
pathology on Video Head Impulse Test, and no balance 
problems in Romberg and Tandem gait tests. Patients with 
light disbalance have presented with caloric hyporeflexia, 
partial but compensated pathology on Video Head Impulse 
Test and instability in Tandem gait test with eyes closed 
but no problems in Romberg test. Finally, patients with 
heavy disbalance presented with areflexia on caloric test-
ing, spontaneous nystagmus, non-compensated pathology 
on Video Head Impulse Test and pronounced instability in 
both Romberg and Tandem gait test. To manage tumours, 
the retrosigmoid approach was performed in seven patients, 
the retrolabyrinthine approach was used in four patients, 
and the translybyrinthine approach was used in 26 patients. 
Patients with associated orthopaedic, neurologic, and oph-
talmologic comorbidity with an impact on the patient’s bal-
ance were not enroled in the study. To manage tumours, the 
retrosigmoid approach was performed in seven patients, the 

retrolabyrinthine approach was used in four patients, and the 
translybyrinthine approach was used in 26 patients. Patients 
with associated orthopaedic, neurologic, and ophtalmologic 
comorbidity with an impact on the patient ’s balance were 
not enroled in the study.

2.3 � Dataset Classes

Figure 3 shows the grade score distribution (classes) of our 
dataset. The samples in Fig. 4 are the amount of data, which 
totalled approximately 84 measurements, where each meas-
urement included three exercises.

As can be seen in Fig. 4, 47 samples (34 samples for the 
training dataset and 13 samples for the test dataset) pre-
sented with a light disbalance before surgery (class 1), 19 
samples (13 samples for the train dataset and 6 samples for 
test dataset) presented with heavy disbalance before surgery 
(class 2), and 18 samples (11 samples for train dataset and 7 
samples for test dataset) presented with no disbalance before 
surgery (class 3). Each folder presents a patient’s walking 

Fig. 2   Typical patient with three 
forms of exercises

Table 2   Dataset overview

Start date 2018-01-16
End date 2020-12-13
Number of patients 37
Number of sessions 84
Man 23
Woman 14
Average age 56.6

Fig. 3   Classes distribution in our dataset
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along a straight line in a hallway. The patients had per-
formed three exercises during the examination. Time steps 
or sequences are expressed as the number of frames recorded 
by the camera. Skeletal key-points are the number of features 
in sequences recorded from measurements that are the initial 
input before feature engineering.

2.4 � Data Preprocessing

Figure 5 presents the overall framework of our research pro-
ject. Figure 6 shows the architecture of the proposed data 
processing as the first three steps of the whole process before 
training our dataset, as follows: data preprocessing, feature 
engineering, and splitting and storing of the final dataset. 
The data preprocessing step applies different image filters to 
get better detection results. We have applied the Equalhist, 
GaussianBlur, and applyColorMap filters from the OpenCV 
library. By applying these filters, the contrast of the image 
will be adjusted, and unwanted noise be removed from an 
image which can improve the contrast and the visual qual-
ity and clarity of the image which results in more collected 
detection sequences as the detector perform better with fil-
tered images in some frames. The filtered image is then used 
as an input for key-points detection to extract the skeleton 
key-points and then apply the Kalman filter to track missing 

Fig. 4   Number of samples for train and test data

Fig. 5   Overall framework of the 
proposed research project

Fig. 6   Architecture of the pro-
posed data processing
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key-points. These extracted features proceed to feature engi-
neering and data augmentation. Before data augmentation 
(5), the data with extracted engineered features are split into 
training and test datasets (6), and are then stored for the next 
steps.

In this paper, a key-point-RCNN detector has been 
applied using the Torchvision library to collect the human 
skeletal key-points on images. The model is built on top of 
the ResNet-50 FPN backbone [42]. The purpose of apply-
ing key-point detection is to detect key-point positions of 
the body joints in a patient in an image. In the Mask-RCNN 
paper [40], the authors extended the model’s capabilities to 
detect key-points in the person’s body. A slight modification 
in the Mask-RCNN introduced a new solution for key-point 
detection. Figure 2 demonstrates how key-point detection 
helps in determining the right body part poses of a patient 
during exercises.

The key-point-RCNN is trained on the MS-COCO dataset 
[43], which proposed 80 classes for detection and segmenta-
tion, however, for key-point detection, the annotations are 
only presented for the person class. By running a key-point-
RCNN detection model, if a patient is detected in the image, 
then there will be 17 key-points on the patient’s body [40]; 
as illustrated in Fig. 7 and Table 3. We scheduled a window 
size as a maximum number of sequences that we want to 
collect the extracted features. The window size is configured 
for 100 sequences. We also applied the Kalman filter to track 
the feature key-points if the detection failed to detect all of 
the feature points.

As can be seen in Fig. 3, the class distribution in our 
dataset is imbalanced: there are more patients with class 1 
than patients with other classes. To tackle unbalanced data-
sets, we applied the techniques that are recommended in 
[44] (e.g. optimum weights for each class in the training 
process). In addition, because the accuracy is not consistent 
for different iterations in the unbalanced dataset, we used 
the F-score metric, which is proper for an unbalanced data-
set [44]. Due to our small dataset and to prevent overfit-
ting, we used data augmentation methods as shown in Fig. 5 

and Table 4, including jittering, slicing, scaling, magnitude 
warping, and time dimension warping, which is recom-
mended in Ref. [44].

Generally, the detector model takes images as an input 
and returns the 2D pixels coordinates of the skeletal key-
points of the patients with respect to the image frame [40]. 
Initially, a network predicts 2D confidence maps of the posi-
tions of body parts and a set of 2D vectors for the related 
parts [40]. Each confidence map then returns the key-points 
of the body parts within the image [45].

In the last step of key-point extraction, a Kalman filter 
[46, 47] is applied to the detection result, of which every step 
is taken. This is needed because the result in frames may 
suffer from missing points and high coordinate variance, 
due to the small inaccuracies of the proposed pose detec-
tion algorithm. A Kalman filter [46, 48] is a valuable and 
frequently used estimation algorithm. Using past estimates 
of variables, it can predict the future state of the variables. 
Performing this task for all key points smooths the sequence 
of the coordinates [48].

By carefully observing the patient walking and referring 
to abnormal gait, all features are calculated for each frame. 
Sequences containing the measurements relating to each 
feature point are subjected to four statistical measurements 
(i.e. x, y, velocity and angle for each point in two different 
sequences). In addition to this data vector, an additional data 
vector was created by distance-based and angles between 

Table 3   Points of interest (key-point marks)

Point Position Point Position

1 Nose 10 Left wrist
2 Left eye 11 Right wrist
3 Right eye 12 Left hip
4 Left ear 13 Right hip
5 Right ear 14 Left knee
6 Left shoulder 15 Right knee
7 Right shoulder 16 Left ankle
8 Left elbow 17 Right ankle
9 Right elbow

Fig. 7   Skeleton positions and numbering of an individual used for 
data processing
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symmetric feature points. Figure 8 illustrates the movement 
of a patient in two sequences where each point moves to 
different pixels coordinates. The yellow arrows show the 
differences of each point in terms of position, angle, and 
velocity in two sequences, and the green arrows show the 
displacement and angle of symmetric key-points in the same 
sequence.

These spatio-temporal features are synthesised from the 
sequential of coordinates of each detection step by observing 
the walking of patients in the defined three exercises. These 
created features use the following statistical measures [48]:

(1)di =

√

Δx2
i
+ Δy2

i

(2)vi =
di

Δti

where di is distance-based of symmetric key-points, vi is 
velocity of key-points in two sequences and �i is angle 
between detected key-points. As can be seen from Fig. 9, 
there are 17 key-points in each sequence and each key-
point has two axes of data. The velocity and angle of these 
points are computed from two continuing sequences. This 
means that there are a total of 68 variables for each time 
step. In addition, the distance and angle of the symmetri-
cal key-points pair are added to these features. The final 
feature vector included 84 features for each sequence. Fur-
thermore, each series of data has been partitioned into 100 
time steps (100 are sequences), and there are three exercises 
for each labelled case. This means that the total time steps 
are around 100 × 3 , or 300 steps. Therefore, the sample data 
have 300 × 84 or 25,200 elements. This is exactly how we 
loaded the data, where one sample is one window of sequen-
tial data, each window has 300 time steps, and the time step 

(3)�i = atan2(Δyi,Δxi)

Table 4   Data augmentation 
methods

Methods Description

Jittering One of the effective data augmentation methods
Rotation Increase accuracy when combined with other augmentation methods
Scaling Can change the global intensity of a time series
Magnitude warping Warps the magnitude of a signal by a smoothed curve
Slicing Slicing time steps off the ends of the pattern
Time warping Perturbation of a pattern in the temporal dimension using a smooth warping

Fig. 8   Movement of a patient 
and the skeletal key-points in 
two sequences
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has 84 features. The output of the model will be a three-
element vector that contains a given window that belongs to 
each of the three classes.

2.5 � Classification Methodology

During the clinical assessment, the dynamic stability of 
the patient is evaluated when walking under three standard 
exercises. To perform the analysis of gait dysfunction, we 
proposed a DHAT-LSTM to evaluate the high-level human 
skeletal movement features based on human body actions.

In this study, we introduce a dual-head attentional trans-
former integrated with the LSTM network. The proposed 
model consists of dual-head attention transformer blocks. 
The dual-head attention layer as a self-attention mechanism 
is applied to the sequence of extracted features. Instead of 
having one single self-attention block, we have two compu-
tations in parallel.

Figure 10 explains the framework of the proposed DHAT-
LSTM. The proposed framework and its main mechanisms 
include feature extraction through key-point-RCNN and clas-
sification of gait movements from the sequence of frames. In 
the procedure for the classification of gait dysfunction, we 

Fig. 9   Created feature vector 
as input

Fig. 10   Representation of DHAT-LSTM framework
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first extract features from the frames and then the generated 
features representing the sequence of action are fed to the 
proposed DHAT-LSTM. Finally, it is analysed for the final 
classification of the recorded frames.

Each individual frame is represented by key-point-RCNN 
features, which is followed by finding sequential information 
between them using DHAT-LSTM. From our observation 
and analysis of the detector performance on our dataset, hun-
dreds of sequences of detected features are collected for each 
exercise, together with the specific recorded time of each 
frame as the input of the proposed network. The generated 
feature extraction input that is fed to the proposed model 
will be divided into two parts, which are created features 
from two sequential frames and created features extracted 
from symmetrical key-points. When they are input, these 
features are preprocessed by the data-processing scheme and 
fed as two different input vectors to the proposed network 
to extract the dynamic spatio-temporal features. The result 
of these two parallel stages is then merged and normalised 
as a final output to be used as input for the LSTM network.

Each DHAT block is composed of two sublayers: a con-
catenation of the double head attention sublayer and a fully 
connected MLP sublayer. Each sublayer is followed by a 
normalisation layer. Raw input data are processed by the 
data-processing scheme. The static and dynamic features 
measurements of the body are applied to assess the gait. The 
static features of the body include the distance between the 
patient’s shoulder key-points or hip key-points.

Dynamic features are measurements related to gait. For 
example, the distance and angle between the left and right 
knees during gait. We take this as an output of the data-
processing scheme and use it as a DHAT layer input. Then, 
the outputs of step 1 are fed to the DHAT block 1, includ-
ing the double head attention layer. Because the transformer 
encoder layer usually uses positional encoding to remem-
ber the sequential data, it learns from the beginning of each 
sequence, and this leads to high computational costs [49]. In 
this research, a combination of the transformer concept and 
LSTM was investigated to solve the long-term dependency 
classification problem. We observe that the performance 
of other layers is rather similar by removing the positional 
encoding, and even a little enhances the performance of 
the proposed model. The combination of both blocks was 
designed for better learning of the temporal information to 
resolve the long-term dependencies of gait disorders.

In dual-head attentions, one head is used for the created 
features of two sequences and the other is used for cre-
ated features of symmetrical key-points. This expands the 
model’s ability to focus on different positions. With double 
headed attention, we have double sets of Query/Key/Value 
weight matrices. Each of these sets is initialised randomly. If 
we do the same self-attention calculation that we represented 
above, then just with different weight matrices, we end up 

with two different Z matrices. Therefore, the results concat-
enate the matrices and then multiply them by an additional 
weight matrix Wo.

Addition and layer normalisation operations are then 
performed. The result is then fed to the MLP layer, and the 
addition and layer normalisation operations are performed 
once again to compute the final output, which is used as part 
of the input to the DHAT block 2. The same process as step 
2 is applied to DHAT block 2 and its final output is used 
as the input to the LSTM layers. Finally, the results from 
LSTM layers are used as an input to the decoder layer, which 
consisted of a linear layer that produced the output, and are 
then passed to the Softmax layer to classify gait disorders.

2.5.1 � DHAT Layer

The DHAT layer tries to capture temporal dependencies in 
the input feature vectors. As shown in Fig. 11, the attention 
mechanisms are the key parts of the DHAT block.

In the proposed framework, the output from the data-
processing stage is divided into two parts, denoted as 
X1 = x1,… , xd1 ∈ Rd1×N and X2 = x1,… , xd2 ∈ Rd2×N , and 
serve as the inputs of DHAT; as shown in Fig. 11. Here, d1 
and d2 are the total number of features of the inputs vector 
68 and 16, respectively, and N is the length of xi in X1 and 
X2 , which is 300. DHAT expands the model’s capability to 
focus on two positions by splitting the input features into two 
partitions, increasing the representation subspaces.

In the DHAT block, each self-attention is calculated 
to create three vectors from each of the input vectors of 
the encoder. Therefore, for each feature vector, we create 
a Query vector, a key vector, and a value vector [15, 50]. 
These vectors are created by multiplying the input vectors 
by the three matrices that we trained during the training pro-
cess. We then need to score each feature vector of the input 
against each other to determine how much attention to place 
on other parts of the input vectors. The score is determined 
by getting the dot product of the query vector with the key 
vector of the relevant feature vector that is scoring. Then, 
to have more stable gradients, the scores need to be divided 
by the square root of the dimension of the key vectors used. 
Using the Softmax operation, we can determine how much 
each feature vector will be expressed. To keep the values of 
the feature vector that we want to focus on, we multiply each 
value vector by the Softmax score [15, 50]. In each subspace 
head, we calculate each attention head ( Ah1 and Ah2 ) as fol-
lows and according to [15]:

(4)Ah1(Q1,K1,V1) =Softmax

�

Q1 × KT
1

√

d1

�

× V1
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Finally, these two head representations are concatenated 
together to produce the final output, as follows:

This result is then multiplied by an additional weights matrix 
(a linear after concatenation) and after that we apply a drop 
out to prevent overfitting. The result then adds to the whole 
input feature vector.

The DHAT has two Normalise layers and add, which add 
the output of the previous layer to the input of that layer 
through a residual connection [51], and then normalise the 
sum by applying layer normalisation [52]. It is possible to 
accelerate the training process by performing normalisation 
operations. The residual connections enable the model to 
transmit effective lower layer features to the higher layers 
[50]. For any vector v, the layer normalisation is computed 
as

(5)Ah2(Q2,K2,V2) =Softmax

�

Q2 × KT
2

√

d2

�

× V2

(6)DHA(X1,X2) = Concat(Ah1,Ah2)

(7)LayerNorm(v) = �
v − �

�
+ �

(8)� =
1

d

d
∑

k=1

vk

in which � and � are the mean and standard deviation of 
the elements of the vector v, where the scale � and the bias 
vector � are parameters. The output of this Normalise layer 
is fed into an MLP neural network, which is a combina-
tion of a two-layer feed-forward network [50] with a ReLU 
activation function. Given a sequence of vectors v1,… , vn , 
the computation of an MLP sublayer on any vi is defined as

where W1 , W2 , b1 , and b2 are parameters that refer to the two 
fully connected layers.

2.5.2 � LSTM Layer

The LSTM layers have been used in combination with 
DHAT blocks to improve the results. LSTM is a kind of 
RNN network that can overcome the exploding gradient and 
vanishing gradient problems in the long-time sequence [53]. 
Integrating LSTM with DHAT can improve the performance 
even further, which implies that the proposed model has a 
better understanding of temporal dependencies.

The LSTM block structure in a single sequence [49] is 
shown in Fig. 12. By adding gate units and a memory cell, 
the LSTM network can save and transmit information over 
a long time [49, 54]. The deep structure of LSTM networks 

(9)�2 =
1

d

d
∑

k=1

(vk − �)2

(10)MLP(vi) = ReLU(vi ×W1 + b1) ×W2 + b2

Fig. 11   The structure of a DHAT block
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automatically extracts the relationship between the various 
state parameters throughout training to obtain the predic-
tion [49].

The final output of the LSTM is determined by the state 
of the output gate and the memory cell [49], as follows:

where the input gate ( it ) determines the impact of xt on ct , 
and the state ot is the output gate that is used to control the 
impact of ct on ht [49]. Wc , and bc are the weight matrix and 
the bias element of the input memory cell state, respectively. 
In accumulation processing, the forget gates limit the mem-
ory cell information, and additional information depends on 
the input gate, which is used for restriction. This accumula-
tion of information depends on both the hidden state and the 
memory cell connection [49].

Finally, a feed-forward linear layer with an input size of 
168 and output size of 3 has been included in the classifier, 
as shown in Fig. 10.

3 � Results

In this section, to demonstrate the performance ability of 
the proposed approach, it has been compared with TPCNN 
[44] and Vision transformer (ViT) [55]. In paper [44], the 
authors designed a triple-path convolutional neural network 

(11)ct = ft ⊙ ct−1 + it ⊙ tanh(Wc × [ht−1, xt] + bc)

(12)ht =ot ⊙ tanh(ct)

(TPCNN) to evaluate the problem of facial paralysis. The 
ViT method was introduced by the Google team, who 
applied a pure transformer directly to sequences of image 
patches for image classification. For ViT, instead of using 
fixed-size patches of image (2D), we used the 1D network 
(with 2 layers and 2 heads) with 1D input feature vectors 
(84 features in each vector), and embed each of them and 
add the position embeddings. Finally, we feed the resulting 
sequence of vectors to a standard Transformer encoder by 
adding a classification layer, as illustrated in [55].

For the TPCNN classifier, the same structure of its network 
was attached to the input layer. Due to the structure of TPCNN 
[44], which included three parallel networks structure for dif-
ferent region of body (global region and local regions), we fed 
84 feature length for one network line and fed the split features 
from the upper body features (created feature from points 1–11 
shown in Fig. 7) and the lower body features (created feature 
from points 12–17 shown in Fig. 7) from the extracted fea-
tures to other two network lines. The tenfold cross-validation 
process is applied to validate unseen key-point feature sam-
ples, while decreasing the possibility of overfitting to previ-
ously seen samples. This technique divides the dataset into 10 
subsets. The datasets were shuffled randomly and split into 
tenfold of almost equal size. Each subset is included as valida-
tion data and the other nine subsets are used as training data. 
This procedure is repeated 10 times, and each class has the 
same probability of validation. In the last layer of the proposed 
framework, cross-entropy and soft-max are the loss and acti-
vation functions, respectively. The evaluation score provided 
by a clinician is used as a basis for training, and the extracted 

Fig. 12   The structure of a LSTM block



International Journal of Computational Intelligence Systems           (2023) 16:98 	

1 3

Page 13 of 18     98 

feature vectors of the model are used to evaluate gait disorders. 
For the loss function, we have applied the standard multi-class 
cross-entropy for our model as follows:

where yk
i
 is the actual class for the ith sample and ŷi

k is the 
predicted probability of the ith sample for class k, M is the 
total number of samples and K is the number of classes.

Due to the imbalance dataset, the loss function in multi-
class cross-entropy equation penalises the miss-classification 
of all the classes, so the trained model may be biased toward 
classes with higher samples. To address this issue, we modi-
fied the loss function by assigning higher weights of classes 
with a few samples and lessen the weights for classes with 
higher samples to compensate for the misclassification by 
using a weighted cross-entropy loss, as follows:

where wk and Mk are the weight and the number of sam-
ples in class k, respectively. The choice of class weight wk 
depends on the number of samples of this class controlled 
by � and Mk

M
 . Class 1 has a greater number of samples, while 

classes 2 and 3 have fewer samples. Therefore, we assign the 
highest value to classes 2 and 3, and the lowest to class 1. 
Furthermore, we also used F-score as an evaluation metric 
because it is the key to measuring classification imbalance. 
The proposed model and models for comparison were imple-
mented using PyTorch [56] as the programming framework. 
This framework is a deep learning open-source library that 
is written in Python and is based on the Torch library [56]. 
In this research, the experiments were performed on a sys-
tem that provides an Intel(R) Core i7-CPU @ 2.60 GHz, 16 
GB RAM, and NVIDIA GeForce GTX 1660 Ti. We use a 
batch-based ADAM algorithm. Finally, the best model is 
chosen among 150 epochs with 5e−4 optimised learning rate 
and adding regularisation by adding 1e−5 for weight decay 

(13)L =
−1

M

K
∑

k=1

M
∑

i=1

yk
i
log(ŷi

k
)

(14)L =
−1

M

K
∑

k=1

M
∑

i=1

wky
k
i
log(yk

i
)

(15)wk = �

(

1 −
Mk

M

)

, � = 2.5

to validate the performance of the proposed gait disorder 
classification network.

To evaluate the performance of the proposed frame-
work, F-score, precision, and recall are used as the per-
forming metrics. Since the performance of the neural 
network algorithm changes with initialisation, we set it 
with 21 different random seeds. Classification average 
precision, recall, F-score and accuracy are compared to 
different deep network structures in a tenfold cross-val-
idation experiment in the training and validation stages 
as presented in Tables 5 and  6, respectively. As can be 
seen from the training results, all the methods show good 
performance during training, but in the validation results 
the highest scores are achieved with the DHAT-LSTM 
method, followed by TPCNN, where the ViT validation 
results show the lowest values among the other methods.

We also compared the performance of the proposed 
model and the published models with the test data-
set, which is demonstrated in Fig. 13. Precision, recall, 
F-score, and accuracy are considered compared to the 
models presented. The proposed method has the high-
est accuracy and F-score values, 81% and 79%, respec-
tively. The metrics performance of TPCNN and ViT give 
approximately a similar value, around 65% and 69% for 
accuracy, and 63% and 66% for F-score, respectively. The 
average precision and average recall values of the pro-
posed approach are 82% and 77%, compared to TPCNN 
and ViT with 66%, 62%, 72% and 66%, respectively.

Table 5   Comparison of training results (average ten times)

Methods Accuracy 
[%]

F-score [%] Precision 
[%]

Recall [%]

DHAT-
LSTM

99.80 99.80 99.80 99.80

TPCNN 100.00 100.00 100.00 100.00
ViT 99.76 99.77 99.82 99.76

Table 6   Comparison of validation results (average 10 times)

Methods Accuracy 
[%]

F-score [%] Precision 
[%]

Recall [%]

DHAT-
LSTM

90.40 91.90 95.20 90.40

TPCNN 88.50 89.60 93.20 88.50
ViT 85.25 86.49 90.00 83.25

Fig. 13   Performance comparison metrics
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4 � Discussion

Figure 14 shows the results of the DHAT model with and 
without the LSTM model. Considering that DHAT-LSTM 
introduces LSTM to enhance the analysis of sequential local 
information, its classification result is considerably better 
than that of DHAT. Therefore, the results of the experiment 
show the competence of the proposed model in learning 
long-term dependencies in classifying the analysis of gait 
disorders.

The proposed model showed an improvement in the clas-
sification rate of 73% to 81% compared to DHAT without 
LSTM. Other performance metrics also increased signifi-
cantly, F-score from 71% to 79% and recall from 67% to 
77%, where the precision is a nearly similar value. In addi-
tion, as we can see in Fig. 15, there is a large gap between 
the performance of the proposed model with two DHAT 
blocks and one DHAT block, whereby adding a second block 
the accuracy and F-score are increased around 12% greater 
than a model with one block.

It is obvious from the F-score of the classification in 
Fig. 16 that the DHAT-LSTM method shown the best results 
among other methods on the test dataset. The highest clas-
sification F-score is 86%, which is assigned to class 1, fol-
lowed by 83% for class 3, while the lowest classification 
F-score is 67%, which is assigned to classes 2. The F-score 
of TPCNN and ViT methods show the similar value: 71% 
and 73% for class 1, whereas their results for class 2 and 
class 3 are 62%, 55%, 83% and 40%, respectively.

Table 7 compares the correct and incorrect (highlighted 
numbers) classification results of these models. The classes 
in the test dataset are not of the same size because the origi-
nal data are also imbalanced, and therefore this test set is 
randomly selected with the proportion of their size. If the 
classes in the test set are of the same size, then class 1 will 
be more in the train dataset. This makes the train dataset 
worse because the gap between the size of the classes will be 
greater. The result of Table 7 shows that the proposed model 

has five incorrect classification results among 26 samples, 
while the TPCNN and ViT models have nine and eight fault 
classifications, respectively. As can be seen, in the four of 
five incorrect classifications of our proposed model, both 
other models or at least one of them also failed to classify 
correctly. For example, in samples number 9, 22 and 25, 
all methods have incorrect classification results; whereas in 
sample 15, the proposed model and TPCNN have incor-
rect classification results. Table 8 shows confusion matrix 
of mentioned models.

Figure 17 compares the model parameters, MACs, and 
FLOPs of the presented methods. For the proposed model, 
the total number of parameters is given as 242.259 K. The 
ViT model requires the least number of model parameters, 
where the minimum number of FLOPs and MACs is for 
TPCNN. The proposed framework has shown a larger num-
ber of parameter sizes, MACs and FLOPs, but significantly 
the highest accuracy among the other approaches. The accu-
racy of classification is more important in our application 
rather than a number of parameters and operations, as the 
model can be used for real applications. We reach signifi-
cantly higher accuracy as it is more important in gait dis-
orders classification applications. Our model has a higher 
number of operations, but it significantly has higher accu-
racy than other methods. As it can be seen from Fig. 13, the 

Fig. 14   Performance comparison metrics of DHAT-LSTM and 
DHAT without LSTM

Fig. 15   Performance comparison metrics of DHAT-LSTM with one 
and two blocks

Fig. 16   Average F-score comparison on the test dataset
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difference in accuracy and F-score is at least 12% higher 
than other methods. From these results, it can be seen that 
the TPCNN and ViT methods mostly show similar perfor-
mance, but even our methodology is inspired by a standard 
transformer similar to the ViT method, although it shows 
how much the results have been improved by the proposed 
framework.

5 � Conclusions

The proposed framework develops a standard transformer-
based model for sequential classification that can perform 
spatio-temporal feature analysis on different types of vari-
ables. The DHAT-LSTM model is designed to classify the 
gait dysfunction of sequences based on created features 
from skeletal features key-points. To be more precise, the 
proposed framework modifies the self-attention mecha-
nism to better capture the temporal dynamics of sequen-
tial input. Using the gait dysfunction classification as an 
experiment, our proposed model can produce state-of-the-
art results.

Due to an imbalanced data sample and a lack of enough 
data samples for training, we applied techniques such as 
data augmentation, F-score metric evaluation, and opti-
mum weights for each class in the training process. We 
have also created important features in the data-processing 
stage to improve the performance of the DHAT-LSTM 
classifier. Based on the DHAT-LSTM network, this 
method automatically learns spatio-temporal features to 
distinguish the difference between imbalance and balance 
movement with the created features.

We compared our algorithm with other deep networks 
in terms of accuracy and evaluation of the F-score. Our 
method has shown the best performance among other 
methods in evaluating gait disorders. The proposed method 
can help physicians make clinical decisions. This gait dys-
function classification method can be used as a classifica-
tion system as an application to recommend that users visit 
a doctor if the result is classified as gait dysfunction.

Table 7   Comparison of correct and incorrect (Bold) classification 
results

Number Ground-Truth DHAT-LSTM TPCNN ViT

1 1 1 1 1
2 1 1 2 3
3 1 1 1 1
4 1 1 1 1
5 1 1 1 1
6 2 1 2 2
7 2 2 1 2
8 1 1 1 1
9 2 1 1 1
10 1 1 1 1
11 1 1 1 1
12 1 1 1 1
13 1 1 1 2
14 1 1 1 1
15 1 2 3 1
16 2 2 2 2
17 3 3 2 3
18 1 1 2 1
19 3 3 3 1
20 3 3 1 1
21 3 3 3 3
22 3 2 1 1
23 2 2 2 2
24 3 3 3 1
25 3 1 1 1
26 2 2 2 2

Table 8   Confusion matrix 
comparison

DHAT-LSTM TPCNN ViT

1 2 3 1 2 3 1 2 3
Clinician 1 12 1 0 1 10 2 1 1 11 1 1

2 2 4 0 2 2 4 0 2 1 5 0
3 1 1 5 3 3 1 3 3 5 0 2

Fig. 17   Metrics of model efficiency
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5.1 � Future Work

The present study has some limitations. Although we have 
reached promising results with this small dataset, there 
are several gaps in which this study can be pursued. First, 
in future work, we intend to accumulate more datasets of 
real patients by working in partnership with rehabilitation 
centres and hospitals that treat patients with pathologies 
that affect the balance system. Second, we will add more 
effective features to the input feature vector, such as the 
angle of the lines of joint parts, such as the angle between 
arm and shoulder or the angle between elbow and arm. 
We are also interested in investigating the impact of each 
key-point or group of key-points on the performance of 
the classifier to propose the most effective key-points for 
feature gait disorder classification. Fourth, we will use the 
triple DHAT block in parallel for each exercise and will 
concatenate the result for classification and investigate the 
impact of multiple heads on the performance of classifica-
tion. Finally, we will design a new methodology to analyse 
3D data and compare its results with 2D performance.
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