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Abstract

In recent years, the number ofpatients suffering from di
abetes mellitus has continued to increase. When diabetes
becomes severe, ulcers may form on the feet of the patient.
In the past few years, several researchers have fo cused on
the risk fa ctors and avoidance ofulceration. One effective
method to predict the occurrence ofdiabetic foot ulcers is
developing a machine learning model. However, fe w stud
ies combine both clinical indices and mechanical data as
the attributes of the training datasets. In this study, we de
veloped a composite model of a convolutional neural net
work and K-means clustering to extract features from dia
betic patients with or without ulceration as well as healthy
individuals. Using a deep clustering model, the center of
pressure (CoP) trajectory images were divided into three
clusters. Furthermore, we evaluated the performance ofthe
clustering by extracting the features from the CoP trajec
tory images in each cluster and combining them with the
clinical indices ofthe patients . The results showed that pa
tients with ulcers when walking tend to contact the ground
with a narrow area of the plantar and apply a small force.
Furthermore, it was found that patients undergoing diabetic
neuropathy or with a toe amputation have a high potential
ofsuffering from ulcers.

1. Introduction

The number of diabetic patients continues increasing es
pecially in recent years. According to the International Di
abetes Federation (IDF), the number of global diabetes pa
tients reached 41.5 million in 2015 and is expected to reach
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64.2 million in 2040 [1]. Diabetes can cause many other
diseases, such as cardiovascular diseases [2], blindness [3]
and stroke [4]. Among these, diabetic foot ulcer (DFU)
is the most disabling complication arising from diabetes.
Approximately 40% of patients with DFU experience a re
currence within a year, and this proportion increases to ap
proximately 60% in 3 years and 65% in 5 years [5]. Foot
deformities, duration of diabetes, and clinical treatment are
responsible for the development of ulceration [6]. Preven
tive measures can be adopted by both patients and doctors.
In therapeutic treatment, providing patients with preventive
medicine and well-informed nursing care can reduce the
incidence of DFUs by approximately 66% [7]. However,
gait variations and restrictions in subtalar and first metatar
sophalangeal joint are found in persons with diabetic neu
ropathy even before the onset of foot deformity, which can
be regarded as the early risk marker of DFUs [8]. There
fore, regular evaluation of gait patterns is believed to be a
more effective measure as patients can take the necessary
precautions to prevent the development of DFUs [9]. For
this purpose, it is important to observe the clinical and dy
namical feature among DFUs patients, normal patients and
healthy people, to distinguish them from each other by cre
ating models each of which has high correlation with the
corresponding feature.

Numerical studies on the discussion of diabetes and
DFUs feature have focused on various types of methods
and datasets. Available clinical information was commonly
combined to predict DFUs occurrence using backward step
wise elimination [10]. Borzouei and Soltanian identified
the most important demographic risk factors for Type 2 di
abetes mellitus using a neural network model [11]. Botros
et al. focused on the temporal dynamic plantar pressure and
estimated the occurrence risk of DFUs using a support vec-
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surement while the others did not. Among them, 2 individu
als developed ulceration on both two feet. Therefore, 25 feet
were found to get the ulceration. Moreover, we also con
ducted the same measurement of gait data and body indices
on 25 healthy persons since August 2018. Among them,
20 females (age, 74.0±6.4 years; height, 151.3±7.1 cm;
weight, 50.7±5.4 kg), and 5 males (age, 77.8±4.7 years;
height, 164.6±4.1 cm; weight, 61.4±7.8 kg). We processed
gait data of healthy persons and patients at the same epoch
to investigate the feature of foot patterns

The device used to measure the gait data was a pair of
force-measuring shoes (Balance Aid, Leimac Ltd., Japan).
The sole of each shoe was divided into four parts. A force
sensor was installed on each part to obtain the ground re
action force (GRF) data (Figure 1). The subjects were re
quired to wear these force-measuring shoes and walk for 10
m in a straight line, with and without a walking aid. The
sensors on the soles recorded the GRF data of the subjects
as they walked. However, the data were obtained only in
the vertical direction to ensure realistic data collection.

After collecting the gait and clinical information of the
subjects, we transformed the gait patterns to images. For
further investigation of the gait features, deep clustering,
which was constructed using K-means clustering and a
CNN, was used to divide the image dataset into several
clusters by an unsupervised method. This is because it can
fit small datasets well and provide spectrally distinct areas,
which may not be notable to a human eye. Because three
types of subjects were included in the dataset, we defined
the number of clusters as three.

2.2. Architecture of deep clustering

The CNN is an improvised variant of a mu1tilayer per
ceptron. The most extensively used neural network in
deep clustering algorithms is a convolutional autoencoder
(CAB); it can be trained in an end-to-end manner and was
designed for learning features from unlabe1ed images [17].
The designed CAB is superior to stacked autoencoders ow-

The gait data and clinical indices of patients and healthy
individuals were collected from several hospitals and pre
processed for further clustering. An unsupervised method
can distinguish between areas that may not be obvious to
the human eye. To investigate the features of the gait pat
terns of the subjects, a composite model of a CNN and K
means clustering was developed as an unsupervised cluster
ing model. After classifying the dataset, we extracted sev
eral parameters from the gait data and clinical indices and
conducted the Kruskal-Wallis test and chi-squared test to
investigate the features and differences among the clusters.

2.1. Data acquisition

Since March 2019, we have been collecting the clin
ical indices and gait data of diabetic patients from the
datasheets of a prospective trial conducted at the Nagoya
Kyoritsu Hospital, Masuko Memorial Hospital, Matsunami
General Hospital, and Seijoh University. The data is in an
anonymized manner and will not be made public. 73 pa
tients have enrolled in this experiment: 26 females (age,
71.0 ± 10.3 years; height, 150.6± 6.7 cm; weight, 51.1 ±
10.3 kg), and 47 males (age, 71.5 ± 9.7 years; height, 165.9
± 6.9 cm; weight, 62.9 ± 11.9 kg). Among these, 23 indi
viduals were found to have ulcerations at the timing of mea-

2. Materials and methods

tor machine (SVM) [12]. Bennetts et al. made an effort
on using K-means cluster analysis to determine character
istic regional peak plantar pressure distributions for dia
betic patient classification that may be useful for footwear
prescription [13]. Sawacha et al. aimed to verify if three
dimensional gait data obtained from a high-resolution mo
tion capture would be able to distinguish the diabetic neu
ropathy(DPN) patients and healthy people [14]. However,
high-resolution measurement devices always require high
cost and are hard to be diffused and few researchers have
focused on the composite influence of patients' clinical in
dices and gait patterns on their occurrence risk of ulcer.
The objective of the present study is to develop a composite
model of convolutional neural network (CNN) and K-means
clustering to classify and distinguish the feature among di
abetic patients with ulceration, normal diabetic patients and
healthy people using different types of datasets, including
their body indices, anamnesis and gait pressure distributions
obtained from four-sensor measurement.

The remainder of this paper is organized as follows. In
Section 2, we describe the materials and methods used in
this study. In Section 3, we analyze the processing and out
put of the center of pressure (CoP) trajectory images [15]
using a deep embedded clustering model [16]. The results
and evaluation of the model are displayed in Section 4. Dis
cussions and limitations are presented in Section 5, and we
conclude with a summary of our findings in Section 6.



ing to the incorporation of the spatial relationships between
the pixels in the images.

A CAE is generally composed of two types of layers,
corresponding to encoder fw (.) and decoder gu (.) respec
tively. It aims to identify a code for each input sample by
minimizing the mean squared error (MSE) between the in
put and the output over all the samples. For a fully con
nected autoencoder,
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Figure 2: Structure of deep embedded clustering model. CAB
contain encoder and decoder layers. The original image X is em
bedded using encoder layers to obtain the feature image, which
can be reconstructed and recovered as X' .

Figure 3: Position and pressure parameters of sensors. wrp and
hrp are distances of right sensor p from the vertical and horizontal
central axes, respectively, while frp represents pressure of sensor
p. Parameters of the left foot are similarly labeled.
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Where, Rx and Ry represent the CoP coordinates of the
right foot, wrp and hrp represent the distances of sensor

The GRF data of the patients obtained from the exper
iment constitute a significant factor reflecting their ulcer
condition. To confirm the ulcer position in the sole of a
patient, the CoP trajectory was used to explain the plantar
pressure distribution. In this study, we obtained the CoP
trajectory of each patient from the GRF data and clustered
the trajectory images into three groups using the deep clus
tering model. The CoP trajectory was determined based on
the position and pressure value of each sensor. Figure 3
illustrates the position and pressure parameters of the sen
sors. The coordinates of CoP are defined according to the
following formulae:

where 1 is the all-one column vector, Si is the assignment
vector of data point i which has only one non-zero element,
Si,j denotes the jth element of Si (1 :S j :S k) , and the kth
column of Q, i.e., qk, denotes the centroid of the kth cluster.

N

min ~ Il xi - QSi l12
Q EIRM XK ,Si EIRK~ 2 (2)

s.t. Si, j E {O, I}, 1T Si = 1 Vi , j ,

where an m-dimensional vector h, which is regarded as em
bedded code of layers, serves as the new representation of
input sample x, and 0" is activation function . The activation
functions used in our study are ReLU and sigmoid. After
training, the embedded code h is regarded as the new repre
sentation of input image samples.

2.2.3 Overview of deep clustering model

The proposed deep convolutional embedded clustering
model iteratively groups visual features using a standard
clustering algorithm. Moreover, it uses subsequent assign
ments as supervi sions to update the weights of the network.
Its structure is composed of a CAE and a clustering layer, as
shown in Figure 2. The clustering model in this study con
tains three convolutional layers in the encoder layers . We
input 400 x 400 original images to the model , and finally,
obtain an output from the encoder layers of size 100 x 100,
which are regarded as the features of the images and input
of the K-means clustering part . Subsequently, the K-means
clustering model is used to classify the images into several
clusters according to their features.

2.2.2 K-means clustering

K-means clustering is an unsupervised model and a method
of vector quantization. Given a set of data samples Xi (i =
1, . . . ,N) where Xi E ~M, the aim of this method is to
partition N observations into K clusters, with each obser
vation belonging to the cluster with the nearest mean . K
means clustering achieves this by optimizing the following
cost function :



Cluster 1 Cluster 2 Cluster 3Category n=1l1 n=56 n=29

Patients' feet with ulcer 4 feet 7 feet 14 feet
Patients' feet without ulcer 65 feet 42 feet 14 feet
Healthy persons' feet 42 feet 7 feet 1 feet

Table l : Clustering result

p on the right foot from the vertical and horizontal cen
tral axes, respectively. f rp which is normalized by patient's
weight, represents the pressure value of sensor p. The pa
rameters of the left foot are labelled similarly by replacing
Rand r with L and I respectively in formula (4) and (5).

The CoP trajectory images were drawn with reference
to the CoP coordinates obtained from the GRF data. They
were prepared as follows: (1) Four steps each from the start
and end of the walking duration were selected. The CoP
coordinates of each step were then calculated, (2) The CoP
trajectory figure of each phase was drawn and placed into a
3 x 3 panel picture using MATLAB, (3) The plot size was
changed to express the magnitude of pressure.

Figure 4 shows samples of the CoP trajectories of two
different types of subjects, which reflect their different gait
conditions. The subjects started to walk at to and stopped
at te' The number of plots shows the time period of the cur
rent step while the size of each plot reflects the magnitude
of pressure. Large plots represent high pressure. The pres
sure values were standardized with reference to the weight
of each subject. A comparison between the left foot trajec
tories of a healthy person and a patient is shown in Figure
4. The gait of the healthy person presents a more regular
shape, from which the parts of the foot from heel to toe
can be discerned, while that of the patient is too irregular to
present any recognizable part of the foot. Before clustering,
all the CoP trajectory images were pre-processed to obtain
the following second moment of area about the geometric
center, Cxy, of CoP trajectory in each image.

4.1. Clustering results

o
to

Patients with ulcerHealthy people

We input 196 CoP trajectory images into the deep clus
tering model, and the clustering results are summarized in
Table 1. It is noteworthy that there exists a possibility that
the right and left feet were divided into two different clus
ters, even though they belong to one subject category. As
summarized in Table 2, Cluster 1 contains 4 ulcer feet of
patients, 65 no-ulcer feet of patients, and 42 feet of healthy
persons. Cluster 2 contains 7 ulcer feet, 42 no-ulcer feet,
and 7 healthy feet. Compared with Clusters I and 2, Clus
ter 3 has 14 ulcer cases, which is the most among the three
clusters, 14 no-ulcer feet, and no healthy foot.

model. To determine the trajectory features of each clus
ter, trajectory images of 25 healthy persons were processed
in the same period. Thus, the dataset used for clustering
contains information on 73 patients and 25 healthy persons.
Right and left feet of all the participants subjects are pro
cessed as dataset.

Figure 4: Comparison between CoP trajectories of healthy sub
jects and patients with ulcer. to is the time at which the sub
jects start walking. t ; is the time when the subjects stop walking.
tm = 1/2 * (to + t e)

(4)
i ;

Vry = 2)Ry(t ) - CXy)2
t=to

i ;

Vrx = 2)Rx(t ) - Cxy)2
t = to

Where Vrx and Vry are the second moment of area about
Cxy, Rx(t) and Ry(t) represent n; and n; in formula (4)
and (5) at time t, respectively, similar manner of labeling
holds for Vix and Vi y •

4. Results and feature analysis

The CoP trajectory images obtained from the gait data
were divided into three clusters using deep clustering

4.2. Feature extraction

Each of the CoP trajectory images contains eight steps in
total, and the gait patterns may differ from each other. To
investigate the concrete differences among the three clus
ters more accurately, several parameters of the patients rep
resenting the cluster features were extracted from the gait
data for each step.
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Figure5: X-Ycoordinates of Pc: Pc is the CoP plot at the timing
when opposite foot contacts the ground. Cl represents Cluster
1 (0.55***, 5.81***), C2 represents Cluster2 (0.12, 5.55*)while
C3representsCluster3 (0.03, 3.55). *=p-value <0.05, **=p-value
<0.01, ***=p-value <0.001 vs Cluster3 Kruskal-Wallis test

4.2.1 X-Y coordinates of CoP plot

The x-y coordinates of the CoP plot at a specific timing can
be a typical feature of gait patterns . This parameter shows
the position of the CoP that reflects the pattern of applying
the body mass on foot. In this study, we extracted two types
of coordinates at different times to investigate the features
among clusters. The first is defined as the x-y coordinates
of the CoP plot when opposite foot contacts the ground in
One gait cycle. We denote this plot as Pc. The second is
defined as the x-y coordinates of the CoP plot at the time
the opposite foot starts swinging, and this point is denoted
as P]. We computed the average value of the coordinates
in each cluster shown in Figures 5 and 6, and p-value was
computed using Kruskal-Wallis test.

4.2.2 Gait parameters

To investigate the differences among the clusters, we ex
tracted several gait parameters that reflect the value of the
GRF and walking speed, including peak GRF in one gait
cycle, and the period of One gait cycle. The peak GRF is
normalized by each subject's weight and is defined by the
following equation:

P eak = Ground R eaction Forcem a x (5)
W eight

Moreover, we tried to investigate the variance of GRF
distribution by computing the second central moment of it,
which is defined as 'MomenL2' according to the equation
below:

n

MomenL2 = 2)(Xp - Xc )2+ (Yp - Yc )2) . Fp (6)
p=l
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Figure6: X-Ycoordinates of P] : Pf is the CoP plot at the timing
whenthe opposite foot starts swinging. Cl representsCluster1 (
1.14***, -3.42**), C2represents Cluster2 (-0.55,-2.98)while C3
represents Cluster3 (-0.28, -1.43). *=p-value <0.05, **=p-value
<0.01, ***=p-value<0.001 vs Cluster3 Kruskal-Wallis test

Where, X c and Ye are the geometric center of the whole
CoP trajectory, X p and Yp are the X-Y coordinates of each
CoP while Fp is the GRF of it. Noted that GRF is nor
malized by patient's weight. This parameter describes GRF
distribution.

The gait parameters of each cluster are provided in Ta
ble 2. Moreover, Kruskal-Wallis test was utilized to check
the significant differences of these parameters among three
clusters

4.2.3 Clinical indices

In addition to gait parameters, clinical indices of subjects
in each cluster also have a significant influence on gait
patterns. After evaluating several clinical indices , we se
lected 5 parameters including age, Body Mass Index (BMI),
whether use walking aids or not, condition of Diabetic Pe
ripheral Neuropathy (DPN), toe amputat ion and whether
feel a pain in feet or not. Table 3 displays the clinical in
dices of subjects in three clusters, we computed the mean
and standard deviation of each index. Kruskal-Wallis test
was utilized to check the significant differences of age and
BMI among three clusters; As for walking aids, DPN, toe
amputation and pain, Chi-Squared Test was conducted to
examine the p-value two clusters by two clusters .

5. Discussion and limitation
Based On this clustering result in Table I, we hypothe 

size that the samples in Cluster 1 has the lowest potential
of suffering from DFUs, whereas those in Cluster 3 have
the highest potential for this. In this section, we discuss the



Category Cluster I Cluster 2 Cluster 3 p-valuen e l l l n=56 n=29

Peak Ground Reaction Force 0.99±0.20* 0.95±0.18 0.90±0.18 < 0.05
Period(s) 1.16±0.20** 1.22±0.22 1.30±0.25 < 0.05
11oment-2(crn2) 430.43±233.82*** 385.47±132.78*** 209.80±150.03 < 0.001

Table 2: Gait Parameters: *=p-value < 0.05, **=p-value < 0.01, ***=p-value < 0.001 vs Cluster 3 Kruskal-Wallis test

Category Cluster 1 Cluster 2 Cluster 3
X2 p-valuen=111 n=56 n=29

Age(years) 72.39±8.74 71.66±9.01 72.52±11.40 0.795
B11I(kg/rn2) 22.83±3.46 22.80±2.57 20.99±3.84 < 0.05
Walking Aids(Yes) 23 cases (20.7%) 11 cases (19.6%) 10 cases (34.5%) 2.856 0.240
Diabetic peripheral 31 cases (44.9%)* 27 cases (55.1%) 20 cases (83.3%) t 10.610 0<0.01neuropathy(Yes)
Toe Amputation(Yes) 4 cases (5.7%)* 4 cases (7.7%)* 15 cases (53.5%)t 38.182 < 0.001
Pain(Yes) 4 cases (3.6%)* 3 cases (5.4%) 6 cases (20.6%)t 38.182 < 0.01

Table 3: Clinical indices: Applied Kruskal-Wallis test on age and BMI; Applied Chi-Squared Test on walking aids, DPN, toe amputation
and pain; Adjusted residuals *::S -1.96, t : 1.962

features of the three clusters based on this hypothesis from
the perspective of the x-y coordinates of the CoP plot, gait
parameters, and clinical indices, respectively.

5.1. X-Y coordinates of CoP plot

Under the condition of Pc, the position of Cluster 3 is
quite different from others especially the y coordinates of
Cluster 3, which is lower than other two clusters, as shown
in Figure 5. This distribution indicates that when the op
posite foot contacts the ground, the CoPs of healthy per
sons and low-risk patients are already reached the toe area,
whereas the CoP of a patient with ulcers is still in the center
area of the soles. Furthermore, p-value of x-y coordinates
of Pc shows that x-y coordinate s of Cluster 3 have a signif
icant difference from others, which can support the hypoth
esis that subjects in Cluster 3 are quite different from other
2 clusters in terms of gait patterns

Under the second condition, when we extracted x-y coor
dinates of Pf, all the plots are distributed in the posterior of
the sole. The position of Cluster 3 is distributed in the center
part of sole, while in Cluster 1 and Cluster 2 are distributed
on the outer side. This phenomenon indicates that patients
with ulcers are more likely to apply their body weight to
the center area of the sole but not the heel part like healthy
persons and low-risk patients when the opposite foot starts
swinging, similar to that in the previous condition. Similar
results that stride length of diabetic foot ulcer patients is re
duced are proposed by Drerup et al. [18]. The p-value of
x-y coordinates of Pf indicates this parameter has a signifi
cant difference among the three clusters.

Based on the results shown in Figure 5 and Figure 6, it
can be inferred that patients with ulcers apply body weights
to a limited area mainly in the center part of soles while
healthy persons and low-risk patients tend to use the whole
sole when walking.

5.2. Gait parameters

From Tables 1 and 2, it is clear that the peak GRF of
Cluster 1 is larger than those of the other two clusters,
whereas its period is the shortest. This indicates that the
feet of healthy persons or affected patients having a lower
risk of suffering DFUs tend to apply a larger force on their
foot and walk faster.

Cluster 3 has the lowest peak GRF and longest pe
riod, indicating that people with serious DFUs tend to walk
slowly. This phenomenon agrees with Youdas' s study [19].
One possible reason for this phenomenon is that healthy
persons and patients without ulcers do not have difficulties
in walking; therefore, they tend to apply more force on their
feet.

As for the 'Moment.Z' , the values of Clusters I and 2 are
far larger than those of Cluster 3, and there is a significant
difference among the three clusters in this parameter. The
results of this parameter show that the GRF distributions
along the CoP trajectories of Clusters I and 2 are wider
than that of Cluster 3. This indicates that the feet of pa
tients having a high risk of developing ulcers tend to apply
force on a narrow area around the geometric center of the
plantar. In comparison, generally, healthy feet and low-risk
feet will apply a force from the heel to the toe when walk-



ing [13]. This result also supports the findings regarding the
X-Y coordinate distribution presented in Section 4.2.1.

5.3. Clinical indices

It can be inferred through Table 3 that Cluster 3 has the
most subjects who have DPN and got toe amputation . Be
sides, 20.6% of them felt a pain in their feet. The result
corresponds to the hypothesis that the subjects in Cluster 3
have the highest risk of suffering from DFUs. These indi
cates that the DPN, toe amputation, and pain significantly
influence the risk of contracting DFUs [10] [20] [21]. How
ever, as for age and walking aids, it seems no significant
difference based on this dataset.

5.4. Feature conclusion

We can concluded the feature of each cluster according
to the results in section 4.2.1-4.2.3 that:

1. Cluster 1 contains the most healthy persons and least
feet with ulcer samples which is shown in Table 1.
Thus, we can consider that subjects in Cluster 1 is
under the lowest risk of contracting DFUs. Based
on this hypothesis, Table 2 shows that most patients
tend to apply larger force on their foot and walk faster.
The GRF distributions of feet in this cluster are longer
than those in other clusters in y direction, showing that
healthy feet and low-risk feet apply force more widely
than feet with ulcer. Moreover, according to the results
in Table 3, the subjects in this cluster have the lowest
percentage of having DPN, getting toe amputation or
feeling a pain in feet. This indicates they are in a low
risk of getting DFUs in clinical explanation [10].

2. According to Table 1, most samples in Cluster 2 are pa
tients' feet without ulcer, with the percentage of 75%.
As for the gait parameters and clinical indices in Table
2 and Table 3, the values of Cluster 2 are always placed
between Cluster 1 and Cluster 3. Among the no-ulcer
feet in Cluster 2, the opposite feet of 26.2% of them are
classified to Cluster 3, which is regarded as a high-risk
cluster. It indicates that if opposite foot is a high-risk
foot, it will influence gait pattern of no-ulcer foot [22].
Based on this phenomenon, we consider that Cluster
2 is a preliminary group of Cluster 3. However, since
right and left feet of 1 individual are processed sepa
rately, the laterality of them becomes meaningless . To
deal with the problem, the laterality study of subjects'
gait and utilization of supervised model will be con
ducted as the plan of next stage.

3. Based on the clustering results shown in Table 1. We
proposed the hypothesis that Cluster 3 is considered
as the group with the highest potential of having ul
cers. Through Figure 5",6, it is known that subjects

in Cluster 3 tend to apply weight to the center part of
the plantar at the timing when the opposite foot starts
swinging and contact ground. Comparing gait param
eters with the results for other clusters in Table 2, sub
jects are more likely to apply lower force on their foot
and walk more slowly. 'MomenL2' indicates patients'
feet with a high potential of having an ulcer tend to ap
ply force to a narrow area around geometric center on
plantar, as they cannot use ulcer area to contact ground
et al. [13] [18]. The result of 'Moment.Z' supports the
distribution results shown in Figure 5-6. According to
clinical indices displayed in Table 3, 53.5% of subjects
got toe amputation, 83.3% of them have trouble with
DPN and 20.6% of them felt a pain in their feet. These
percentages are the highest compared with other clus
ters. This result supports the hypothesis that cluster 3
has the highest potential of having DFUs, proposed at
the beginning of this paragraph.

However, the clustering results show that the proposed
model has several limitations such as the feature and dif
ference of age, BMI and whether use walking aids or not
among the three clusters can't be reflected and three types
of samples: ulcer cases, no-ulcer cases and healthy persons
are not classified into three clusters completely. One pos
sible reason is that the resolution of device used in the ex
periment is not high enough and there are only 25 feet with
ulcers among the 73 participants at the time of measure
ment. The distribution of the dataset is irregular. Thus, to
improve the dataset and test the stability of the model, we
plan to enlarge it in the future by conducting more experi
ments and collecting more information in both clinical and
dynamical field.

6. Conclusion

This study primarily aims to develop a machine learning
model to investigate the differences among DFU patients,
diabetic patients without DFUs, and healthy persons using
information such as their clinical indices and gait patterns.
To achieve this objective, we proposed a composite model
of a CNN and K-means clustering to classify the CoP trajec
tory images of the subjects and subsequently extracted the
gait and clinical parameters to discuss the clustering fea
tures. The clustering results show that patients with DFUs
are more likely to apply smaller forces on their feet and
walk slowly. The areas of the plantar used to contact the
ground is narrow during walking. They also tend to ap
ply weight on the inner sides of the plantar when the pres
sure attains the peak value. In clinical explanation, patients
who underwent toe amputations, have difficulty with DPN,
or feel a pain in their feet have a higher potential of suf
fering from DFUs. However, some clinical indices remain
inconclusive as they are unexplainable from the clustering



results. Hence, we aim to conduct additional experiments
to improve the dataset and collect more information to in
dentify more influencing factors .
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