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Footprint recognition and parameter measurement are widely used in fields like medicine,
sports, and criminal investigation. Some results have been achieved in the analysis of plantar
pressure image features based on image processing. But the common algorithms of image
feature extraction often depend on computer processing power and massive datasets.
Focusing on the auxiliary diagnosis and treatment of foot rehabilitation of foot laceration
patients, this paper explores the image feature analysis and dynamic measurement of plantar
pressure based on fusion feature extraction. Firstly, the authors detailed the idea of extracting

image features with a fusion algorithm, which integrates wavelet transform and histogram
of oriented gradients (HOG) descriptor. Next, the plantar parameters were calculated based
on plantar pressure images, and the measurement steps of plantar parameters were given.
Finally, the feature extraction effect of the proposed algorithm was verified, and the
measured results on plantar parameters were obtained through experiments.

1. INTRODUCTION

Different people have different footprint features, due to the
influence of congenital skeletal development, as well as living
and labor habits [1, 2]. The identification of footprints and the
measurement of parameters, e.g., foot length and foot width,
are widely used in fields like medicine, sports, and criminal
investigation. Plantar pressure images refer to the pressure
images left by the human body walking on the footprint
pressure acquisition system [3-10]. With the development and
application of artificial intelligence (Al) and image processing
technology, there are significant improvement to the data
augmentation effect, feature extraction accuracy, plantar
pressure measuring accuracy, and even height and weight
prediction accuracy based on plantar pressure images [11-15].

In the imaging system based on the foot scanning system,
the optical pressure sensors can directly and accurately reflect
the elastic changes of the plantar tissue, and capture different
pressure values in different areas. Wang et al. [16] developed
a preprocessing and segmentation technique for plantar
pressure images, and extracted the regions of interest (ROIs)
from the images captured by optical pressure sensors. Li [17]
applied the fast region-based convolutional neural network
(Fast R-CNN) to the plantar pressure image set, introduced the
ROI extraction to the model, and demonstrated the
effectiveness of their approach. To disclose the influence of
insole density on plantar pressure distribution during standing
and walking, Tafti et al. [18] divided 10 diabetic patients into
a pre-test group and a post-test group, measured their plantar
pressure distributions during standing and walking, and
concluded that the plantar pressure is more affected by the
insole during walking than during standing.

Plantar pressure, an important indicator in gait analysis, has
been widely used in clinical diagnosis and sports science.

1829

Zhang et al. [19] used a flexible force sensor to collect plantar
pressure data, filtered the data with a self-designed filtering
algorithm with time window, and proposed an 8-neighbor
connected component labeling algorithm to segment and
cluster plantar pressure images. To guide the design and
produce highly comfortable shoes with plantar pressure image
set, Wang et al. [20] developed a classification technology
based on optical imaging dataset of plantar pressure, and
improved the local binary mode algorithm. The improved
algorithm was adopted to retrieve texture-based features and
recognize patterns from the dataset. On this basis, they
established a calculation model for the characteristic area of
plantar pressure images. The distribution of plantar pressure is
related to factors like weight, age, foot structure, and
standing/walking. Sabry et al. [21] adopted a customized
image processing algorithm to model plantar pressure
distribution, according to the images captured by an EMED-X
commercial plantar pressure measuring machine.

The common algorithms of image feature extraction often
depend on computer processing power and massive datasets.
In recent years, domestic and foreign scholars have paid much
attention to the fusion between the histogram of oriented
gradients (HOG) feature extraction algorithm and other feature
extraction algorithms, owing to the excellent feature extraction
effect of the fused approach. Therefore, this paper targets the
auxiliary diagnosis and treatment of foot rehabilitation of foot
laceration patients, and explores the image feature analysis and
dynamic measurement of plantar pressure based on fusion
feature extraction. Section 2 details the idea of extracting
image features with a fusion algorithm, which integrates
wavelet transform and HOG descriptor. Section 3 acquires the
plantar parameters from plantar pressure images, and explains
the three steps (visual calibration, automatic tracking of foot
edges, and point selection and measurement) of the dynamic
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measurement of plantar parameters. The feature extraction
effect of the proposed algorithm was verified, and the plantar
parameters were obtained through experiments.

2. FUSION ALGORITHM-BASED EXTRACTION OF
PLANTAR PRESSURE FEATURES

This paper firstly introduces the idea of image feature
extraction based on wavelet transform and HOG descriptor,
combines the two methods to process the plantar pressure
image database, and completes the measurement of the
relevant parameters.

Wavelet transform reduces the image resolution in the
feature analysis of plantar pressure images, simplifies the
feature extraction process, and eliminates interference
information. It emphasizes the extraction of the low-frequency
parts of the original image, which can fully illustrate the
plantar pressure features.

Suppose there exists a finite energy space B*(E). For a
function Q(7) satisfying |*..£(z)dr=0, if Fourier transform
Q"(7) satisfies the following formula:
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Then, Q(7) is called the mother wavelet. For a given data
sample g(r) with limited energy, the scale factor and
translation factor can be denoted by p; and p,, respectively.
Then, the one-dimensional (1D) continuous wavelet transform
of g(7) can be expressed as:
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In practical applications, the image data processed by the
computer are usually discretized. Thus, the above continuous
wavelet transform needs to be further discretized. Based on the
discretized mother wavelet €,1,,, the 1D discrete wavelet
transform corresponding to g(z) can be obtained through the
wavelet transform of g(z). Suppose p1=2", and p,=m*2". The
discrete wavelet function can be expressed as:
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In B%(E), g(7) is subjected to the following discrete wavelet
transform:

Q. (nm)=<a().Q,, >= jj;a(r)én,m (r)dz 4)

Each given plantar pressure image can be viewed as a two-
dimensional (2D) discrete signal DSi(n, m). Let fla) and h(a)
be the low-pass and high-pass filters, respectively. Then, the
Mallat algorithm for 2D discrete wavelet can be described by
formulas (5)-(8):

The approximate information of the original image is:

DS, (ab)=2 1 (n-22) f(m-20)DS, (ab) (s,
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Figure 1. Principle of 2D discrete wavelet decomposition

The horizontal information of the original image is:
LEJ+1(a,b):;h(n—2a)f(m—2b)DSj(a,b) ©)
The vertical information of the original image is:
PEM(a,b):;f(n—2a)h(m—2b)DSj(a,b) )
The diagonal information of the original image is:

SLM(a,b):%;h(n—Za)h(m—Zb)DSj(a,b) ®)

The lower-dimensional low- and high-frequency
components of the original plantar pressure image can be
obtained through further Mallat decomposition of the 2D
discrete signal DS. Figure 1 explains the 2D discrete wavelet
decomposition process.

The representation of HOG, i.e., the HOG algorithm, is a
descriptor of the features in the edge direction or intensity
gradient of the target being detected. Taking the 56x48
window of plantar pressure images for example, the feature
extraction by the HOG algorithm can be detailed as follows:

To improve image quality, the gray value of each plantar
pressure image is adjusted by Gamma correction:

g(XS(a,b))=Xs(a,b)*™™ 9)

where, XS(a,b) is the value of pixel (a, ). Then, the horizontal
and vertical gradients of pixel (a, b) in the plantar pressure
image can be respectively calculated by:
TD, (a,b)=XS(a+Lb)-XS(a-1b) (10)
TD, (a,b)=XS(a,b+1)—XS(a,b-1) (1D)

The amplitude and gradient angle of pixel (a, b) can be
respectively calculated by:

TD(a,b) =\[TD, (a,b)’ +TD, (a,b)’ (12)
o(a,b)=tan™ [%J (13)

During the calculation of the HOG of the plantar pressure
image, if the step length is too small, the image blocks will
overlap each other. To prevent this problem and increase the



accuracy of feature extraction, it is necessary to normalized the f
features of overlapping image blocks. There are four common Eolf
f

block normalization functions: Li.yo, Li-so, Lo-ny, and La.no. a T2 fz a7
Let o be the pre-normalization eigenvector; ||o||xbe the k-norm a T fy
operation, k=1, 2; o be the infinitesimal quantity that prevents
the denominator from being zero. Then, L1-norm and L1-sqrt Both (a',b',1) and (a,b,1) satisfy:
can be respectively expressed as:
a' fll le f13 a
Ly wo 10— 0/(|l0], + ) (14) b~ f, f, f,l|b (18)
l f31 f32 f33
L s 10— Jo/|o], +o (15)

Formula (18) can be expanded into three equations. Each

Lo.ury and La.xo have relatively good processing effects. L. two of these three equations can be combined to obtain:

~o can be expressed as:
fpa+ fLb+f,

= (19)
L, o :0—0/ ||o||§ +0° (16) fha+ f b+ fy,
The L,.xy operation consists of two L>.yo normalizations, b'= M (20)
with the range limit on eigenvector o. To reduce the fha+ b+ 1,
complexity of the fusion algorithm, this paper synthetizes L,.
~o normalization with wavelet transform, and relies on the Then, a constraint is added to F to make the modulus equal
synthetized method to obtain the fused features of plantar to 1:
pressure images.
flrfi+fl+fi+f +f2+f24+f2+102=1 (21

3. DYNAMIC MEASUREMENT OF PLANTAR

PARAMETERS Formulas (19) and (20) show that the transform matrix can

be estimated, when the corresponding points between the

Based on the acquired features of plantar pressure images, target image and the reference image are already known:

this paper replaces manual operators with machine to obtain

plantar parameters from plantar pressure images. The dynamic fua+ fpb+ fi; — fyaa™fba'™- f,a'=0 (22)
measurement of plantar parameters involves such three steps

as visual calibration, automatic tracking of foot edges, and fya+ f,,b+f,—f,ab'—f,bb'—f,b'=0 (23)
point selection and measurement (Figure 2).

The first step is to perform visual calibration of images. Let If there are M pairs of corresponding points, a linear
(a'b',1) and (a,b,1) be the homogenous coordinates of the equation set (24) can be established based on formulas (22)
corresponding points in the target plantar pressure image and and (23):
the reference image, respectively. The transform matrix F can
be expressed as:

Acquisition of plantar Image
pressure images preprocessing Point
Automatic tracking of . Result
—> —»{ selection and
— - foot edges output
Acquisition of Visual measurement
reference image calibration

Figure 2. Steps of plantar parameter measurement
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The least squares (LS) solution of the above equation is
solved through singular value decomposition (SVD). The
eigenvector f; corresponding to the smallest eigenvalue is
rearranged and assembled into a matrix. Then, the extreme
value of the function is solved iteratively. When the iterative
process converges, the F is the required transform matrix.

For the accuracy of plantar parameter measurement, it is
necessary to eliminate the influence of the foot activities on
measuring accuracy, that is, to learn the foot position, gait, and
edge information beforehand. Therefore, this paper designs the
flow for automatic tracking of foot edges.

First, the Ostu’s binarization, a global thresholding strategy,
is performed on the plantar pressure image, using the optimal
segmentation threshold corresponding to the maximum
between-class variance. Let GL be the mean gray value of an
image. Based on the calculated GL value, the plantar pressure
image can be divided into two parts: a part GL; with gray
values greater than GL, and the other part GL, with gray values
smaller than GL. Then, Ostu’s binarization is performed
within the interval of [GLi, GL,] in search of the optimal
threshold:

n-1m-1

g(a

GL — i=0 ]:O (25)
nxm
oL oL
Z D im,
Gl ="g— Gl ="g"— (26)
2. im L
i=0 i=GL+1
The global variance can be calculated by:
&, 2
& =, (i-n)FV, (27)

Let ny, be the global mean gray value; FV; be the probability
of each class; n(/) be the cumulative mean. The final between-
class variance can be calculated by:

2
gp =(n PV, —n(1)) 1 (Fv, (1)(1-FV, (1)) (28)

The optimal threshold is corresponding to the maximum &?,.
The cumulative mean #(/) can be calculated by:

n()=>Y i*FV,

i=0

(29)

After binarization, the plantar pressure image still contains
noises. To remove the redundant noises, the binarized image
is subjected to morphological operations like corrosion, and
expansion (30). Once the defects are filled, more detailed
features can be obtained from the plantar pressure image.

WSoy:(A®y)€r)y(315) (30)

The foot contour image is composed of adjacent pixels with
the same attributes. The point sets satisfying this criterion are
labeled, and the primary and secondary relationships of the

inner and outer contours are judged. All the point sets are
traversed to find the outermost foot contour.
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Based on the acquired foot edge image, the measuring
points can be automatically selected from the edges. Contour
functions are fitted separately based on the coordinates of the
points selected from different parts. Through calculation, it is
possible to obtain the desired measuring results.

The two points 77 and 7> on the foot edge image can be
transformed into two points D71 and DT> on the actual foot
plane through the transform matrix:

DT, = FxT, 31)

DT, = F xT, (32)
The straight-line distance between the two points DT1(a1,b1)
and DTx(a»,b>) on the foot plane can be calculated by

& =\(a,-

Let PH be the actual length of each grid of the calibration
board. Referring to the calibration board, the actual distance
AS between DT\(ai,b1) and DT>(az,b,) on the foot plane can
be calculated by:

,—b, )’ (33)

AS =¢ xPH (34)

Let 5 be the correlation coefficient of toes with gender, age,
and weight. Then, the perimeters of left and right toes G/; and
GI, can be calculated by:

Gl, = (AS—0.65)xT - XS +1.35+ (35)

Gl, =3.1xT - XS x0.88x0.42x AS

+2.5%((0.34x AS) - (0.88x 045 AS ) (36)

Let a be the correlation coefficient of sole with gender, age,
and weight. Then, the perimeter of the sole GI3 can be
calculated by:

Gl, =(AS—25)x4.51+T-XSx1.8+0.5+« 37
Let # and 7 be the correlation coefficient of heels with
gender, age, and weight. Then, the perimeter of the left and
right heels WC) and WC, can be respectively calculated by:
WC,

=(AS-25)x4.51+T - XSx1.8+0.66+7 (3%)

=(AS—25)x4.5+T - XSx1.8+0.65+7, (39)

4. EXPERIMENTS AND RESULTS ANALYSIS

This section aims to verify the accuracy and robustness of
the proposed feature extraction algorithm and parameter
measurement method for plantar pressure images. For this
purpose, it is necessary to measure the foot of actual plantar
pressure measurement cases. Here, the foot rehabilitation state
and parameters of foot laceration patients in Tongren
Rehabilitation Hospital of a Chinese city are measured through
experiments. To reduce the possibility of infection, all plantar
parameters were measured without contact.
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Figure 3. Plantar pressure waveforms in different stages of
rehabilitation

Experiments were carried out on a foot pressure image
database containing multiple gait cycles. The image series in
the database were divided into 4 sample subsets, according to
the rehabilitation stage: early rehabilitation, mid rehabilitation,
late rehabilitation, and full rehabilitation. The image set of the
last stage was taken to train our algorithm, and the other three
sets were used to test the algorithm. The experiments aim to
reveal how robust the proposed feature extraction algorithm is
in judging the rehabilitation state of patients. Figure 3 displays
the plantar pressure waveforms in different stages of
rehabilitation.  Similarly, the plantar pressure data
corresponding to the plantar pressure images were divided into
four sample subsets, which were labeled as pressure
waveforms in different stages of rehabilitation, in turn. The
plantar pressure image series of each gait cycle correspond to
a set of gait pressure waveform data.

Figure 4 shows the rehabilitation stages of the patients
classified based on the fusion feature extraction results on
plantar pressure images. Our algorithm achieved relatively
good recognition performance on different patient samples,
and the recognition accuracy remained stable. With the

growing number of samples, the recognition rate of each stage
reached the ideal state, and the missing rate was far smaller
than 0.05. Table 1 presents the experimental results on
different patients in different rehabilitation stages.

For each plantar pressure image sample, this paper firstly
extracts the low-frequency components through wavelet
transform, then corrects the pixels of the extracted components,
and finally extracts the direction features with the HOG
descriptor. The accuracy of our method in extracting fusion
features was compared with HOG algorithm, wavelet
transform algorithm, and principal component analysis (PCA)
algorithm (Figure 5). The comparison shows that our fusion
feature extraction algorithm achieved the best extraction effect.
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Figure 4. Rehabilitation stage classification based on fusion
feature extraction
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Figure 5. Comparison of feature extraction accuracies

Table 1. Experimental results on different patients in different rehabilitation stage

Subset number Early rehabilitation stage

Mid rehabilitation stage

Late rehabilitation stage  Full rehabilitation stage

et S o
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s o

97.28 86.15
97.42 91.28
82.48 85.16
95.62 95.27
87.28 88.16
95.28 98.16
87.66 85.36
96.49 96.74
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Table 2. Measured results and measuring errors of foot laceration patients

Parameter number 1 2 3 4 5 6 7 8 9 10
Actual value (cm) 25.1 25.6 243 26.1 23.6 254 24.2 254 23.8 25.0
Measured value (cm) 2526 25.74 23.15 2581 2348 2581 23.82 2529 2348 2524
Absolute error (c¢m) 0.15 0.41 0.27 0.11 0.22 0.17 0.32 0.14 0.25 0.18
Relative error (%) 0.54 5.12 6.74 3 2.84 5.19 4.26 1.14 3.29 4.72
Parameter number 11 12 13 14 15 16 17 18 19 20
Actual value (cm) 6.2 6.3 6.7 6.7 5.5 5.4 17.2 154 15.6 13.7
Measured value (cm)  6.32 6.22 6.69 6.51 5.6 5.6 19.24 15.16 16.82 13.72
Absolute error (cm) 0.07 0.37 0.33 0.2 0.39 0.07 0.62 0.52 0.85 0.14
Relative error (%) 2.9 0.72 5.62 5.17 1.28 3 0.45 4.59 6.3 0.28%

Figure 6. Sketch map of our measuring method for plantar
pressure

Figure 6 illustrates our measuring method for plantar
pressure. Considering the characteristics of the proposed
fusion feature extraction algorithm, 20 foot shape features
were extracted from the plantar pressure images of both feet,
including length, width, key point spacing, and pressure areas,
the distance from each toe in each foot to the most protruding
point at the back of the heel, the widths of the front foot, mid
foot, and rear foot, the total plantar area, and the pressure area.
Table 2 shows the measured results and measuring errors of
foot laceration patients.

5. CONCLUSIONS

This paper mainly investigates the image feature analysis
and dynamic measurement of plantar pressure based on fusion
feature extraction. After explaining the ideas of extracting
image features by combining wavelet transform and HOG
descriptor, the authors computed the plantar parameters based
on plantar pressure images, and detailed the measurement
steps of plantar parameters. Then, experiments were carried
out to obtain the plantar pressure waveforms in different
rehabilitation stages. Besides, the rehabilitation stages of the
patients were classified based on the fusion feature extraction
results, and the experimental results on different patients were
obtained in different rehabilitation stages. The results show
that our algorithm achieved relatively good recognition
performance on different patient samples, and the recognition
accuracy remained stable. In addition, the feature extraction
accuracy of our fusion feature extraction algorithm was
compared with that of HOG algorithm, wavelet transform
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algorithm, and PCA algorithm. The comparison shows that our
fusion feature extraction algorithm achieved the best
extraction effect. Finally, the measured results and measuring
errors of foot laceration patients were given, which
demonstrate the effectiveness of our plantar parameter
measurement method.
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