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ARTICLE INFO ABSTRACT

Keywords: In gait stability analysis, patients suffering from dysfunction problems are impacted by shifts in their dynamic
Deep learning balance. Monitoring the patients’ progress is important for allowing physicians and patients to observe the
Cla_SS‘f_‘“a“"“ rehabilitation process accurately. In this study, we designed a new methodology for classifying gait disorders
Gf“,t disorders to quantify patients’ progress. The dataset in this study includes 84 measurements of 37 patients based on
Vision transformer L, .. . . . .

Autoencoder a physician’s opinion. In this study, the system, which includes a Kinect camera to observe and store the

frames of patients walking down a hallway, a key-point detector to detect the skeletal key points, and an
encoder transformer classifier network integrated with generator—discriminator networks (ET-GD), is designed
to evaluate the classification of gait dysfunction. The detector extracts the skeletal key points of patients.
After feature engineering, the selected high-level features are fed into the proposed neural network to analyse
patient movement and perform the final evaluation of gait dysfunction. The proposed network is inspired by
the 1D encoder transformer, which is integrated with two main networks: a network for classification and a
network to generate fake output data similar to the input data. Furthermore, we used a discriminator structure
to distinguish between the actual data (input) and fake data (generated data). Due to the multi-structural
networks in the proposed method, multi-loss functions need to be optimised; this increases the accuracy of the
encoder transformer classifier.

Discriminator

1. Introduction skeleton-based methods, highlight the evolution of HAR systems [7,9].

In particular, the effectiveness of Kinect in measuring gait parameters

The rapid integration of IT systems and artificial intelligence (AI) is explored, emphasising the impact of joint angles on the accuracy of
across various domains has led to notable advancements, particularly the system [10].

in medicine and diagnostics. In particular, Al aids in the analysis of Machine learning methods, including Bayesian classifiers and deep

learning, have been pivotal in gait disorder recognition, overcoming
challenges posed by complex health datasets [10,11]. Deep neural
networks (DNNs), specifically CNNs and RNNs, automate pattern ex-
traction from intricate data, showing promise in abnormal gait recog-
nition [12]. Recent studies also highlight the fusion of RNNs and CNNs
for improved performance [12].

medical images, such as CT and NMR scans, alerting radiologists to
potential areas of concern [1]. Moreover, it processes biochemical data,
enabling the development of novel diagnostic procedures based on
dynamic data analysis, which are often imperceptible to the human eye,
thus enhancing accuracy [2,3].

A specific application of Al in diagnostics involves automatic gait

analysis, addressing diverse factors influencing walking patterns, from 1.1. Biomedical background

orthopaedic to neurological conditions [4-6]. Human activity recog-

nition (HAR) systems, using sensors such as Kinect, play a pivotal Biomedical background underscores the significance of gait analysis
role in gait analysis, extracting relevant features for classification algo- in diagnosing disorders, with postural stability and gait intricately

rithms [7,8]. Vision-based studies, including per-pixel classification and
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Table 1
Hospital rehabilitation exercises.
Order Exercise
1 Normal walking
2 Walking along a line
3 Walking with eyes closed

linked to neurological and orthopaedic health [13,14]. Spatiotemporal
parameters such as walking speed, cadence, and stride length serve
as crucial indicators, forming the basis for clinical evaluations [14].
The systematic breakdown of the gait cycle aids in the identifica-
tion of abnormalities, emphasising the importance of a comprehensive
analysis [14].

Dynamic stability assessments, crucial in understanding gait dis-
orders, often rely on clinical tests like the Timed Up and Go Test
and Six-Minute Walk Test [15]. However, there are limitations in
quantifying gait stability in real-life scenarios, leading to the need for
more objective examinations [16].

Gait disorder analysis is the extensive research on automatic gait
analysis, spanning from Parkinson’s disease diagnosis using SVM [17]
to unsupervised learning approaches for cerebral palsy [18]. In par-
ticular, studies explore gait rehabilitation in patients with stroke and
traumatic brain injury, showcasing the diverse applications of gait
disorder analysis in healthcare care [19,20].

The evolving landscape of AI methodologies in gait disorder anal-
ysis involves a shift towards transformer networks, particularly for
their ability to capture long-term dependencies [21,22]. Furthermore,
generator-discriminator networks, such as GANs, demonstrate poten-
tial to generate new samples and improve classification accuracy [23,
24]. This study incorporates an encoder transformer for temporal in-
formation and a generator-discriminator network to improve overall
classification performance [25].

1.2. Main aims

Our goal was to design a system that can achieve a higher accuracy
in classifying gait disorders to help physicians in hospitals and clinics
and to allow patients to visualise their progress. The development of
the proposed framework involved designing a suitable deep learning
structure to reach a higher classification accuracy with preprocessed
image data, which are recorded by a Kinect camera. Compared to
existing evaluation methods, in addition to designing a novel deep
learning algorithm, the main contribution of the proposed framework
is that it can create and select significant features that can improve the
classification results. These features can be created from the skeleton
key points extracted from the patient in each image; they can include
the angle and distance between particular skeletal key points or the 2D
pixel coordinates of these points. The key contributions of the proposed
framework are as follows:

1. Novel and effective methods for feature creation, feature selec-
tion, and the mapping of extracted skeleton features into a vector
of given dimensions are proposed to make the proposed deep
network more suitable for gait disorder classification.

2. A novel algorithm that is a combination of a 1D vision trans-
former and an unsupervised methodology with a modified opti-
misation function is designed to improve the performance and
increase the classification accuracy.

2. Materials and methods
2.1. Measurement scheme
The measured process consists of the different walking exercises

presented in Table 1. A patient is asked to perform these exercises in a
hospital hallway, and the frames of the patient’s gait are recorded.
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Table 2

Dataset overview.
Start date 16-01-2018
End date 13-12-2020
Number of patients 37
Number of sessions 84
Number of men 23
Number of women 14
Average age 56.6 years

2.2. Dataset

The dataset contains 84 successful rehabilitation exercises for 37 pa-
tients (Table 2). All patients (23 males/14 females with ages from 21—
77 years) needed surgery for vestibular schwannoma (24 left side/13
right side; Koos classification: 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). The selected
dataset was designed to study specific gait disturbance associated with
sudden peripheral vestibular deafferentation due to vestibular neurec-
tomy and eventual labyrinthectomy. At the same time, only probands
without preoperative vestibular dysfunction were analysed. This was
based on the clinical examination as well as results of video head
impulse test and video occulography including caloric test.

At the same time, the exclusion criteria were the presence of vi-
sual impairment, contralateral vestibular pathology, musculoskeletal
or neurological disease that could lead to impaired stability and gait,
and interfere with the course of vestibular compensation. The proposed
biomedical model is studied in detail including the processes associated
with the progression of vestibular compensation and its impact on
postural stability. Moreover, the course of vestibular compensation can
be assessed by the above mentioned instrumental neuro-otological ex-
amination techniques and thus eventual gait disturbance can be directly
correlated to the degree of vestibular deficit. An undeniable advantage
is the time sequence of the course of the compensation, where in an
otherwise uncomplicated situation the compensation occurs within 12
weeks regardless of age.

2.3. Data preprocessing

The most important step in solving a classification problem is
obtaining valuable data to use to train the deep neural network. Data
selection in the analysis of gait disorders is based on expert knowledge
of the patient’s movement during the assessment. Selecting significant
features before feeding the data into the network can help the network
to distinguish between normal and unbalanced walking for each patient
during the assessment, resulting in a higher classification accuracy. The
raw data collected with the Kinect camera and robot platform consist
of around 84 sessions. Each session includes three exercises, and each
exercise involves a patient walking down a hallway. As shown in Fig. 1,
there are 47 sessions in class 1 (light imbalance before surgery), 19
sessions in class 2 (heavy imbalance before surgery), and 18 sessions
in class 3 (no imbalance before surgery).

The framework of the proposed data processing method is illus-
trated in Fig. 2, and it includes three steps: data preprocessing, key-
point feature detection, and feature selection before training. In the
preprocessing step, we applied different image filters to obtain more
detection results due to the environment in which the data were
collected. The output image in the preprocessing step is used to extract
the skeleton key points in combination with the Kalman filter [26,27]
to determine if there are missing points in the detection results. Then,
these extracted key points are used for feature generation and selection.
For gait disorders classification, all the features of the body are signif-
icant. However, some features are more critical than others [28]. The
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Fig. 1. Distribution of classes in our dataset.
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Fig. 2. Architecture of the proposed data processing method.
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study [29] found that the swing of arms is the most essential feature
that can increase the set of characteristics. Humans can find complex
patterns even if they do not exist. So, we have feature creation to
derive new features from existing ones. We also used feature scaling
techniques to help with normalising data. These are the main concepts
of feature engineering in our project. Regarding feature creation, we
have applied the concept of clinicians to categorise gait disorders as
they focus mainly on the patient’s hands and legs during exercises. Due
to these reasons, we applied four statistical measurements: x and y for
a selected point, the distance and the angle between two symmetric key
points, and the angle between two bones. All of these measurements are
confirmed by clinicians to be tested with a practical machine-learning
model. After feature selection, the final dataset is split into training and
test datasets. Furthermore, due to our imbalanced and small dataset,
we have applied the techniques recommended in [6], such as the use
of optimal weights for each class in the training process, the F-score
metric, and data augmentation.

For key-point detection, we applied the key-point-RCNN detector
built on the ResNet-50 FPN backbone [30] in the Torchvision library.
The Keypoint-RCNN acts like the Mask-RCNN, where the key points
are encoded in the keypoint mask instead of the whole mask. Mask R-
CNN is extended of Faster R-CNN by adding an object mask prediction
in parallel with bounding box recognition [31]. Mask R-CNN is easy
to generalise to other tasks, such as human pose estimation in the
same framework [31]. The Mask-RCNN was trained on the MS-COCO
dataset [32] and offers key points only for the person class. There are
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Fig. 3. Typical patient performing the three exercises.

Table 3
Points of interest (key-point locations).
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

17 key points in the output of the detector as a 2D vector (x and y) for
the position of points. The results produced by the key-point detector
for our dataset are shown in Fig. 3. As shown, 17 key points are used
to obtain a skeleton of the patient’s body.

As a result of the visualisation and observation of the detection
performance for our data, we decided to use a window size of 100
frames. The key points are 2D pixel coordinates that are used for
feature engineering. Four statistical measurements (i.e. x and y for two
selected points and the distance and angle between these points) were
calculated from the pixel coordinates. Table 3 provides the locations of
the key points. Fig. 4 illustrates a patient with the skeleton key points
and the selected features used to train the proposed model labelled. The
green arrows show the distance between two selected points, and the
blue curves show the angle between two selected bones. These spatial
features are synthesised by monitoring the patient’s walking, and the
following statistical measures are used [27]:

d; = \/Ax? + Ay?, €8]

ay, = atan2(Ay;, Ax;), 2)

Uy Uy

aH; = arccos(—
2 Gonl X on]

), 3
where d; is the distance between two key points, «;; is the angle
between two symmetric key points, and a,; is the angle between two
bones.

There are 70 features in each frame, as there are 34 features for
the coordinates of 17 pixels, eight distance variables (horizontal green
arrows on the left skeleton) for symmetric key-point pairs, eight angle
variables (angles of the horizontal green arrows on the left skeleton)
for symmetric key-point pairs, eight angles (blue curves on the left
skeleton) between selected bones, and 12 distance variables between
pairs of key-points (vertical green arrows on the right skeleton); all
of these features are shown in Fig. 4. Each data session includes the
recorded frames of the three exercises, along with the class label. We
applied a window size of 100 frames for each exercise to collect 300
frames (100 x 3) for each labelled session, so the sample file for each
session has 300 rows (sequences) and 70 columns (features).
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Fig. 4. Skeleton key-point positions and the selected features used for training.

2.4. Classification methodology

The structure of the proposed method is illustrated in Fig. 5. The
framework includes four main module networks: the transformer, gen-
erator, classifier, and discriminator. We proposed an encoder-trans-
former classifier that is integrated with a generator—discriminator net-
work (ET-GD) to evaluate the dynamic stability of patients based on
the selected extracted features of each patient’s skeletal movement as
they perform three standard walking exercises. The reason why we
applied the transformer technique instead of the common recurrent
neural networks is that recurrent neural networks such as RNN and
LSTM [33] evaluate the input in an ordered sequence format, but
in contrast, the transformer models analyse the entire sequence of
input [34]. This method helps to learn the temporal connections of
the sequence and identify the patterns with long-term dependencies by
using a self-attention process. These capabilities make the transformer
models more suitable for long-term sequential data.

In our study, the generator—discriminator networks include a gen-
erator network, which includes encoder and decoder networks. The
encoder performs feature extraction on raw data, and the decoder
recreates the input data as a fake sample form feature in the bottleneck
for input of the discriminator network. The classifier also uses these
extracted features from the bottleneck for classification. The networks
compute the loss and backpropagate through the models. By optimising
the parameters of the training process, the best features are extracted in
the bottleneck, where the main purpose is to get a better classification
result than generating fake samples. Therefore, the model learns to
improve the classification results by defining loss functions and their
learning weights.

Fig. 5 illustrates the framework of the proposed ET-GD classifier. For
each exercise, only 100 sequences are selected due to our observations
and the performance of the key-point detector on our dataset. As each
session included three exercises, the results of these three exercises are
concatenated to create the input for our proposed network.

At the beginning of the proposed framework, the encoder trans-
former layer [35] with an attention mechanism is applied to the batch
of feature sequences generated by the extracted skeletal features. For
the encoder transformer, instead of using fixed-size image patches
(2D) [35], we used a modified transformer for 1D feature vectors (70
features in each vector), with two layers and two heads in the encoder
transformer. We remove the positional encoding [35], as we observe
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Fig. 5. Representation of the proposed framework.

that this enhances the performance of the proposed model. Then, the
resulting sequences of vectors are fed into the encoder transformer.

As shown in Fig. 5, the classification network is constructed with a
normalisation layer, a fully connected multilayer perceptron (MLP), a
linear layer, and a softmax activation function. In addition, to increase
the classification accuracy, this base structure (encoder transformer
plus classifier) is integrated with the generator and discriminator net-
works. The generator is constructed with a normalisation layer, a
fully connected neural network, and a tanh activation function. The
generator generates fake samples, which are fed into the discriminator
as input. As can be seen from Fig. 5, there are several fully connected
multilayer neural networks in the proposed method, so to prevent
overfitting, the dropout technique is used.

In the discriminator network, as shown in Fig. 5, there are three
convolutional blocks, three normalisation layers, an average pooling
layer, and a sigmoid activation function. The discriminator network
distinguishes actual samples from generated sample data. These inputs
are fed into the discriminator during the training procedure, and there
is a gradient penalty that is used to update both the generator and
discriminator networks. If the two inputs are classified as similar, the
output should be one; when they are not classified as similar, the output
should be zero [36].

As can be seen from Fig. 5, we used a normalised layer in each mod-
ule network of our proposed method. In each module of the proposed
model, the input is first normalised using layer normalisation [37],
and then it is fed into the network of that particular module. We used
residual connections [38] in some parts of our network to connect the
previous layer’s output to the next layer’s input to allow the model
to transmit the practical features of the lower layer to the higher
layers [39]. For any vector v, the layer normalisation is calculated as
follows:

LayerN orm(v) = y—U Ky B, C))
[0}

|
H= E Z Uk, (5)

k=1

L &

2 _ 2

o -E];wk—m. (6

In addition, as shown in Fig. 5, the MLP blocks in the proposed
module networks are composed of a two-layer feedforward network
with dropout and a GELU activation function. Given a sequence of
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Fig. 6. Representation of the input, output, and loss functions in the proposed method.

vectors vy, ..., v,, the computation of an MLP sublayer for any v; is
defined as follows:

MLP(v;) = GELU(v; X W, + b)) X Wy + by, )

where W,, W,, b,, and b, are parameters that refer to the two fully
connected layers.

2.4.1. Objective optimisation

Fig. 6 shows the loss functions that we have applied in the pro-
posed framework. Our model has three tasks: classification, sample
generation, and discrimination, where the main task of the model is
the classification task. Other tasks are only used as auxiliary tasks
due to not affecting the classification task performance by making the
generator and discriminator loss function large. During the training pro-
cess, the main task and auxiliary tasks are optimised at the same time.
These branches have a sharing bottleneck layer, which is responsible
for the best feature extraction in the network where, with this sharing,
it can be achieved to a certain extent. We use this multi-task network
model based on the joint loss function to adaptively share and transfer
parameters between tasks during training.

Multiclass weighted cross-entropy loss [40] is applied as a loss
function for multiclass classification. As we mentioned in the data
processing section, we have an imbalanced dataset, and as a result, the
trained model can be biased towards categories with a greater number
of samples. To deal with this problem, the cross-entropy loss function
is modified by assigning higher weights to categories with only a few
samples and lower weights to categories with a greater number of
samples. This can compensate for the misclassification of our data. The
modified cross-entropy loss function can be calculated as follows:

K M
-1
Ly= 27 % Y weyfloghy). (8)
k=1i=1
— a0 -6y 10 ©)
wy, = A=
where w; and M, are the weight and the number of samples for class

k, respectively. We assign the highest value to classes 2 and 3 and the
lowest to class 1, as class 1 has more samples.
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For the generator, we applied the log-hyperbolic cosine (log-cosh)
loss function [41,42] to calculate the loss between the generated sam-
ples and the actual samples. It includes the advantages of the L1 and L2
loss functions while mitigating their disadvantages [42]. Furthermore,
this loss function has also been shown to improve the performance of
the generator network in terms of output quality [42]. The generator
loss function is as follows:

1 n
L, == 6. — v, 1
2= [g] log(cosh(¥; — y;)), (10)

where y; is the actual value of the ith sample and ; is the predicted
value of the ith sample. For the generator-discriminator network’s loss
function, the following loss function was used [43,44]:

Ly =minmax V(D, G)
G D
:IEx~pdam(x)[10g D(x)] 11
+ E.p,»[log(l = D(G(2))].

We trained the discriminator (D) to maximise the probability of
assigning the correct labels to both the training samples and the gener-
ated samples from the generator (G) [43]. At the same time, we trained
the generator (G) to minimise /og(1 — D(G(z))) [43]. The discriminator
network generates a scalar probability to determine whether a sample
is real or fake [44]. Finally, we proposed a total loss function, which is
a combination of all three of the above-mentioned loss functions, along
with their assigned learnable weights:

loss = wy X Ly +wy X Ly + w3 X Lj. (12)
3. Results

The proposed classifier was trained to classify the three classes in
our dataset, which consists of one normal gait class and two unbalanced
gait classes. We selected only 100 frames for each exercise in each
session because of the noise caused by having 300 sequences in each
session. We added zero-padding to the stored files for the exercises with
less than 100 frames of key-point data to make the sequences the same
length for all data. Among the 84 samples in our dataset, we selected
58 samples for the training dataset and 26 samples for the test dataset.
In the training data, 34 samples are in class 1, 13 samples are in class
2, and 11 samples are in class 3, while in the test data, 13 samples are
in class 1, 6 samples are in class 2, and 7 samples are in class 3. Due
to our imbalanced data, the classes in the test dataset are not of the
same size, as the samples were randomly selected so that the classes in
the test set had the same proportions as the classes in the full dataset.
We select more samples in class 1 for the test dataset to prevent the
training dataset from becoming more imbalanced due to a gap between
the classes’ sizes. The five-fold cross-validation technique was used to
validate unseen samples while preventing overfitting. In other words,
the datasets were randomly shuffled and split into five folds of almost
equal size. Each division was used as validation data, and the other four
divisions were used as training data.

We use PyTorch [45], an open source library for deep learning, as
a framework to implement the algorithms. This framework is based
on the Torch library [45] and is written in Python. In this paper, the
system configuration used for training included an Intel(R) Core i7-CPU
@ 2.60 GHz with 16 GB of RAM and an NVIDIA GeForce GTX 1660
Ti. Furthermore, to optimise the models and accelerate the training
process, we used the Adamw optimiser [46]. We set the random seed
to 21 in training for a fixed initialisation of the network parameters.
Finally, when the best test accuracy was achieved, the model that
achieved that test accuracy was chosen; the best test accuracy was
reached after 100 epochs with an optimised learning rate of le~3, and
regularisation was added by adding a weight decay of le~> to validate
the performance of the proposed gait disorder classification network.

Part of our deep network framework is inspired by the encoder
transformer classifier [35], so to demonstrate the improvement in the
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Table 4
Comparison of training results (average 5 times).
Method Accuracy F-score Precision Recall
[%] [%] [%] [%]
Proposed 88.00 89.00 90.00 88.00
model
Encoder 91.00 91.00 94.00 91.00
transformer
{00 Train and validation results (proposed method)
94 4 m
88 w 90
e 88 88
S -
824 8 83
76 A
70 T T T
Aveaccuracy AveF-score  Aveprecision  Averecall
A Train M Validation
Fig. 7. Training and validation results of the proposed method.
Table 5
Comparison of validation results (average 5 times).
Method Accuracy F-score Precision Recall
[%] [%] [%] [%]
Proposed 88.00 85.00 94.00 83.00
model
Encoder 77.00 75.00 78.00 74.00
transformer
100 Train and validation results (encoder transformer method)
M
88 91 91 91
X
= 82
76 77 = 78
70 | = . , 74

Aveaccuracy AveF-score Aveprecision  Averecall

~&- Train M Validation

Fig. 8. Training and validation results of the encoder transformer method.

performance of the proposed method, we also compared it with the
modified 1D encoder transformer classifier. Figs. 7 and 8 show the per-
formance results of the proposed method and the encoder transformer
on the training and validation datasets according to several metrics.
Furthermore, the average precision, recall, F-score, and accuracy are
compared for the training and validation processes, as described in
Tables 4 and 5, respectively. As can be seen from the training results,
both methods show good performance during training, but in the
validation results, the highest scores are achieved with the proposed
method, while the encoder transformer obtains accuracy and F-score
values that are around 10% lower than those obtained by the proposed
method.

4. Discussion

t-SNE [47] takes a high-dimensional dataset and reduces it to a
low-dimensional dataset to find clusters in the data that keep the most
useful of the initial information and retain the meaning in the data [47].
The upper subfigure of Fig. 9 shows the results of t-SNE applied to the
test samples. The results show that the samples of each class overlap
each other. The middle subfigure shows the results of t-SNE on the
features extracted in the middle layer from the proposed method. We
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Fig. 9. t-SNNE results comparison.

can see significant clusters formed and some samples of different classes
overlapping one another when they are more similar (classes 1 and 2,
which are light and heavy disbalances), but class 3, without disbalance,
has a more apparent distinction from samples from other classes. In
the lower sub-figure, the encoder transformer results show significant
improvement in clustering results compared to the original test samples
but worse than the results from our proposed method.

As [47] mentioned, t-SNE can create inaccurate clusters in the
low-dimensional representation of the data; we also applied the man-
ifold discovery and analysis (MDA) introduced by [48], which is
presented for deep learning feature visualisation. They claimed this
method presents insightful visualisation of deep learning feature space
in classification tasks.

Fig. 10 shows the results of MDA on the test samples, the features
extracted in the mid-layer from the proposed method, and the encoder
transformer for feature visualisation of the trained networks. We can
observe that the two classes (class 1 and class 3, which are light
and have no disbalance) have a more apparent distinction than the
t-SNE result, as classes were better separated in the two dimensions.
Moreover, MDA provides better-differentiated distribution than t-SNE
between class 1 and class 2, which are light and heavy disbalances.

Furthermore, for more insightful visualisation of deep learning fea-
tures, we apply MDA for three different layers, two from feature outputs
of transformer heads (layer one and layer 2), and one from features
output of bottleneck (layer 3) during five different epochs. As seen
from Fig. 11, the data points are randomly distributed at the beginning
of training, but by increasing epochs, the feature space becomes well
clustered. In addition, the deeper layer (layer 3) shows better clustering
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Table 6
Performance metrics of the proposed method for the test dataset.
Metric Class 1 Class 2 Class 3
[%] [%] [%]
Precision 81.00 100.00 100.00
Recall 100.00 50.00 100.00
F-score 90.00 67.00 100.00

results and can extract higher-level features for better classification
results.

It is evident from the performance metrics of the proposed method
provided in Table 6 that it achieved an F-score of 100% for class 3,
which is followed by class 1, with an F-score of 90%, and class 2, with
an F-score of 67%. This means that the method performed well for
class 1 and class 3, which contained samples with a light imbalance
and no imbalance, but for class 2 (heavy imbalance), it had a poor
classification performance. On the other hand, it has a precision of
100% for class 2, while the recall value for this class is 50%. The results
show that the proposed model performed perfectly for class 1, with all
metric values equal to 100%.

Table 7 shows that the encoder transformer achieved an F-score of
85% for class 1, which is followed by class 3, with an F-score of 83%,
and class 2, with an F-score of 57%. This method also had a better
precision for class 3, while the worst results were obtained for class
2. For class 1, all metrics were equal to 85%. For both classification
methods, it is evident that class 2 is the most challenging class.

The confusion matrix obtained for the maximum success value of
the proposed model is shown in Fig. 12. The maximum classification
success achieved by the proposed model is around 88.46%. According
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Table 7
Performance metrics of the encoder transformer method for the test
dataset.
Metric Class 1 Class 2 Class 3
[%] [%] [%]
Precision 85.00 50.00 100.00
Recall 85.00 67.00 71.00
F-score 85.00 57.00 83.00
Table 8
Comparison of the results of different groups.
9]
5 < — <
& S S s 5
o o = =
= = > ° =
3 e % = ] -!—,_:“
& ° 5 2 g 8
E S & g £
=] < A
4
Group 1 34 62.00 46.00 41.00 54.00
Group 2 36 58.00 54.00 56.00 53.00
Group 3 58 81.00 74.00 87.00 73.00
Group 4 62 85.00 81.00 83.00 81.00
Group 5 62 69.00 64.00 66.00 68.00
Group 6 62 81.00 78.00 83.00 76.00
Proposed 70 88.00 85.00 94.00 83.00

to the resulting confusion matrix, there was an error in classifying only
one class. Three samples from class 2 (patients with a heavy imbalance)
were classified as class 1 samples (patients with a light imbalance),
which means that the proposed method incorrectly classified a few
abnormal samples (heavy and light imbalance samples).

The maximum success value obtained for the encoder transformer
is 76.92%, and incorrect results were obtained for all three classes. As
can be seen in Fig. 13, two samples from class 2 were classified as
class 1 samples and two samples from class 1 and class 3 were clas-
sified as class 2 samples. Thus, the encoder transformer had difficulty
distinguishing between normal and abnormal cases.

The above results show that the proposed method can effectively
classify gait disorders by using all the selected features to help the
model distinguish between the different classes. We have also shown
that our novel method significantly improved the performance of the
encoder transformer classifier. In the following, the effect of the fea-
tures on the classification results is analysed.

As mentioned in the data processing section, we generated 70
features using our dataset. To analyse the effect of each feature on
the classification results, the selected features were divided into six
subgroups: group 1 (34 features — only the x and y coordinate values
of key points), group 2 (36 features — x and y coordinates are removed
from the total features), group 3 (58 features — 12 vertical distance
features are removed), group 4 (62 features — eight horizontal distance
features are removed), group 5 (62 features — eight angles of symmetric
key points are removed) and group 6 (62 features — eight angles
between selected bones are removed). The performance results of these
subgroups are shown in Table 8. As can be seen in Table 8, group 1,
group 2, and group 5 have the worst results in terms of the accuracy and
F-score, meaning that removing these features significantly worsened
the classification results. In contrast, other groups have less of an
impact on classification performance. The results show the importance
of group 5, in which only the eight angles of symmetric key points
were removed; removing these eight features from our data caused the
classification accuracy and F-score to decrease by around 20%.

The number of model parameters, MACs, and FLOPs of the pre-
sented methods is shown in Fig. 14. The proposed framework has
161.72K parameters and 56.77M MACs and achieves an accuracy of
88.46%. On the contrary, the encoder transformer achieved an ac-
curacy of 76.92% with 158.69K parameters and 35.32M MACs. The
results show how much the classification results are improved when
the proposed unsupervised methodology is used to modify the encoder
transformer.
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Fig. 11. MDA results with the progression of epochs.
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was trained as the best in terms of memory size and training speed,
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Fig. 16. Result of proposed method with deepInsight input.

while 38 x 38 pixels were trained with genoNet to achieve a better
result compared to 50 X 50 pixels. For the deeplnsight image, it has
configured 224 x 224 and 70 x 70 pixels for ResNet152 and the
proposed method, respectively.

Fig. 15 shows three samples of three classes from the proposed test
dataset along with the results of the layers of the proposed method.
As the image sample is made from features in our dataset, it looks
complex to distinguish between them by glancing. However, from the
last layer, it is clear that the results of the classes are different, and
the results of classes 1 and 2 (who have gait disorders) are more
similar to the results of class 3 (who have gait with no disbalance).
We also can see from attention layers that the network concentrates
on regions with the most representative class information. As all three
classes are the features of patients’ movement, generally, the attention
map of different classes shows a similar map. The class’ sample results
show some attention on specific regions at layer 1, where it improved
in the next attention layer. In other words, the first attention layer
mainly focused on unrelated information, and then the next attention
layer attempted to obtain the discriminative region. The last three
layers in each row show the output of three different CNN layers. As
shown in Fig. 15, it learns to identify the discriminative characteristics
corresponding to each class when the CNN network becomes deeper.

Fig. 16 shows the above-mentioned samples generated with the
deeplnsight method along with the output of the layers of the proposed
method. It also looks complex to distinguish between them in sample
images, but from the interlayers; results are not different; they are more
similar in each layer’s results. We also can see from attention layers that
the network concentrates on most regions of images that have unrelated
information about the classes. The output of three different CNN layers
also shows a similar pattern among different classes.

Fig. 17 shows the samples as mentioned above generated with the
genoMap method along with the outputs of the layers of the proposed
method. The samples generated by this method also look complex in
distinguishing between them. However, from the last CNN layer, it is
clear that the results of the classes are different, and the results of
classes 1 and 3 are more similar than those of class 2. In other words,
the method of these generated samples classifies class 1(who gait with
light disbalance) as similar to class 3 (who gait with no disbalance). The
output of class 2 (who gait with heavy disbalance) showed different
patterns. The output of the sample shows some attention to specific
regions in layer 1, where it progressed to the next attention layer.

Table 9 shows the result of the proposed network with the proposed
test samples, genoMap test samples, and deeplnsight test samples.
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Additionally, the results of genoMap by genoNet and deeplInsight sam-
ple by ResNet152 were also evaluated for better conclusions of the
results of these two state-of-the-art methods. As can be seen from the
table mentioned, the maximum Fscore value achieved by the proposed
method and the proposed test sample, where its accuracy and Fscore
are around 88% and 85%, respectively. The highest precision and
recall values are also among the proposed method and the proposed
test sample. Second-best metrics were achieved with the proposed
method and the genoMap test sample with 65%, 55%, 76%, and 54%,
respectively. The genoMap sample with genoNet shows better metrics
than the deeplnsight sample with the proposed method or ResNet152.
The related confusion matrix of the above-aforementioned methods is
shown in Table 10. The result shows that the proposed method with
the proposed test sample correctly predicts class 1 with 13 correct
predictions from 13 samples, three correct predictions for class 2 among
6, and a 100% correct prediction for class 3. Overall, the proposed
method was effective among class 1 and class 3, among others. It only
shows poor performance for class 2, with three mistakes among six
samples. It is misclassified as class 1, where both class 1 and class 2 are
among imbalanced gait samples. In other words, the proposed method
effectively distinguished between normal and imbalanced gait samples:
the metrics results of the genoMap sample drop significantly when we
apply genoNet instead of the proposed method. The second-best result
is from the genoMap sample with the proposed method, which also
correctly predicts class 1 with 13 correct predictions from 13 samples,
two correct predictions for class 2 among 6, and two correct predictions
for class 3 among 7. The incorrect results had mostly been misclassified
with class 1. The deepInsight sample with ResNet152 results is the
worst case, with zero correct predictions in classes 2 and 3. In other
words, it shows the highest misclassification results where all classes
are predicted as class 1. From the results, it is reasonable to conclude
that the features generated from the joints play an essential role in
classifying gait disorders in our assessment. As we see from the result,
state-of-the-art methods to generate images from features significantly
reduced the classification results, either with the proposed method or
state-of-the-art deep network methods. In other words, the analysis of
gait disorders must consider the significant temporal patterns between
subjects walking, which influenced the classification of gait disorders.

5. Conclusions
The proposed framework modified the encoder transformer classi-

fier to classify the gait dysfunction of sequences based on generated
and selected features from skeletal key points. Due to our small and

10

Table 9
Metrics comparison.
Methods Accuracy F-score Precision Recall
proposed sample with proposed method 0.88 0.85 0.94 0.83
genoMap sample with proposed method 0.65 0.55 0.76 0.54
deeplnsight sample with proposed method 0.38 0.24 0.21 0.29
genoMap sample with genoNet 0.54 0.32 0.51 0.39
deeplnsight sample with ResNet152 0.50 0.22 0.17 0.33
Table 10
Comparison of confusion matrix.
Methods
2 3
proposed sample with proposed method 1 13 3 0
2 2 1
3 5 0 2
1 2 3
genoMap sample with proposed method 1 13 0 0
2 3 2 1
3 5 0 2
1 2 3
deeplnsight sample with proposed method 1 9 5 6
2 4 1 1
3 0 0 0
1 2 3
genoMap sample with genoNet 1 13 5 7
2 0 1 0
3 0 0 0
1 2 3
deeplnsight sample with ResNet152 1 13 6 7
2 0 0 0
3 0 0 0

imbalanced dataset, we applied the data augmentation technique and
used optimal weights for each class in the loss function in the training
stage. In our data processing method, we generated practical features to
improve the performance of the proposed method. Through this feature
generation and by designing a novel methodology, we achieved an
accuracy of 88%, which is greater than the accuracy of the encoder
transformer classifier by about 10%. Our method performs well in dis-
tinguishing between balanced and imbalanced movements. The results
have shown that the proposed method performs well in the challenging
case of heavy imbalanced movement (class 2). This model can be used
in a classification system to help clinical physicians make faster and
better decisions. It could also be helpful for patients; for example, it
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could recommend that they visit a doctor if the application recognises
gait dysfunction in their activities.

The following are some possible limitations. In the proposed project,
we applied some feature creation from the concept that clinicians get
from patient performance during the defined exercise. Due to this, this
feature generation is specific to this problem, and it might only work
in similar problems. The model is helpful for time series problems
needing longer temporal or long-term dependency identification. The
proposed model includes supervised and unsupervised methods, where
the unsupervised technique learns from the data rather than labels.
Hence, it needs considerable clean data to generate valuable results. If
the dataset is too noisy or not large enough, it may affect the generated
results. In addition, the generated samples are not perfect, and it is
hard to decide how much loss is tolerable in the generated output, and
it needs a process of trial and error. In transformer architecture, the
attention structures can help detect the sample’s most significant parts.
However, clarifying how the model makes its classification decisions
can be challenging. Transformers are subject to focus on frequent
patterns rather than on proper understanding and may have difficulties
in processing rare events or long-term trends in data. In addition,
they depend on a fixed-size input, and it can be challenging to handle
variable-length inputs efficiently.

5.1. Future work

We have achieved promising results; however, due to our small
and imbalanced dataset, there are several gaps and limitations in this
study that can be improved. We will also accumulate more data with
a new application and in different environments by partnering with
rehabilitation hospitals. In addition, we intend to add more practical
features and analyse them in detail from a physician’s perspective.
We are also interested in designing a novel method based on a graph
network to study the performance of this network for gait disorder anal-
ysis. Another future research direction worth investigating is analysing
3D data and comparing models trained on 3D data with those trained
on 2D data.

6. Abbreviations

The following abbreviations are used in this manuscript:

Adam Adaptive Moment Estimation with Decoupled Weight
Decay

BiLSTM  Bidirectional Long Short-Term Memory

CT Computed Tomography

CNNs Convolutional Neural Networks

DNNs Deep Neural Networks

ET-GD Encoder Transformer Integrated with
Generator-Discriminator

FLOPs Floating-Point Operations

GANs Generative Adversarial Networks

GCNN Graph Convolutional Neural Network

HAR Human Activity Recognition

IT Information Technology

KNN k-Nearest Neighbour

LSTM Long Short-Term Memory

MACs Multiply-Accumulate Operations

MLP Multilayer Perceptron

NMR Nuclear Magnetic Resonance

PCA Principal Component Analysis

RCNN Region-based Convolutional Neural Networks

SVM Support Vector Machine

GELU Gaussian Error Linear Unit

ResNet Residual Network

RNNs Recurrent Neural Networks

ViT Vision Transformer
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