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Abstract—Stimuli-responsive hydrogels with embedded
microparticles (i.e., silica beads) can be implanted either
subcutaneously or deeply to monitor the physiological sig-
nals under the epidermis in a remote manner. This can
be achieved by using an ultrasonic imaging system to
detect the gel deformation in response to the signal change.
Unfortunately, it is practically difficult to detect the swelling
dynamics of the gel accurately due to the misalignment
of the gel and ultrasonic wave. To address this problem,
a machine vision-based algorithm is developed. Its procedure
is to process the recorded 3-D ultrasonic video using noise
reduction, mathematical morphology, edge detection, polyg-
onal approximation, and projection correction, in series. The
gel’s irregular cross section is then converted to a square, allowing for the accurate determination of its cross-sectional
area. In the end, a linear or logarithmic regression model is trained to couple the cross-sectional area of the gel to its
surrounding pH value. The optimal result shows the highest R2 of 0.86 and the lowest RMSE of 0.97. This technique is
expected to work with a variety of implantable, wireless hydrogel sensors featuring a portable ultrasonic imaging device.

Index Terms— Image processing, machine vision, pH sensor, stimuli-responsive hydrogel, ultrasonic imaging.

I. INTRODUCTION

AS AN alternative to the traditional electrochemical sens-
ing element, environmentally responsive hydrogel-based

sensing techniques have received significant scientific atten-
tion recently [1], [2], [3]. These responsive polymers exhibit
reversible swelling/deswelling behavior in response to envi-
ronmental stimuli, such as pH [4], temperature [5], and the
presence of glucose [6]. Because of this, these hydrogels
can be engineered and integrated into a wide range of
bioinspired microelectromechanical system (MEMS) appli-
cations, including sensors [7], [8], [9], actuators [10], and
drug delivery systems [11], [12], [13]. Particularly, compared
with wearable sensing, hydrogels or hydrogel-based microde-
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vices have been proven more beneficial for implantable or
ingestible devices due to their natural biocompatibility [12].
For example, a research team from the University of Utah
achieved mini-invasive continuous glucose monitoring (CGM)
by detecting the variation in resonance frequency of an
RF oscillator integrated with a glucose-sensitive hydrogel.
Its deformation is regulated by the physiological glucose
level. With a low-power ASIC, this device enabled a 60-day
implanted operation at a 2-cm distance with a transmission
efficiency of 5.3% at 6.78 MHz [14]. A more compact CGM
scheme used battery-free, passive LC resonators, offering
capacitances and resonance frequencies shift in response to
the changes in the osmotic pressure [7] or the dielectric
property of the system when the embedded glucose-responsive
hydrogels swell/shrink in response to the increase/decrease of
environmental glucose concentration [15]. Another design of
LC glucose sensors was to modulate the frequency of backscat-
tered signal changes according to the emission light intensity
by employing a glucose-responsive fluorescent monomer
[16]. In summary, these wirelessly enabled powering and com-
munication devices used the chemomechanical transduction
of environmentally sensitive hydrogels to convert chemical
signals (e.g., glucose level) into mechanical signals (e.g.,
pressure or volume change). These wireless systems offer

1558-1748 © 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: University Town Library of Shenzhen. Downloaded on March 09,2025 at 16:45:39 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0009-0007-3908-9929
https://orcid.org/0009-0007-6688-6878
https://orcid.org/0000-0002-6756-704X


27772 IEEE SENSORS JOURNAL, VOL. 23, NO. 22, 15 NOVEMBER 2023

the fundamental advantages of avoiding tissue pricking and
minimizing danger and agony for patients, when compared
with traditional wired detection devices. However, one of their
primary drawbacks is the limited telemetry distance. The active
sensors energized by RF are normally limited to 2-cm distance
[17], and passive sensors based on near-field communication
(NFC) typically operate below the skin at the millimeter scale
[15], both of which are incapable of deep implantation.

To avoid such shortcomings, our previous works devel-
oped a pH-sensitive microcomposite hydrogel by embedding
microsilica beads into the polymeric network named Silica
gel. Its volumetric change (i.e., its cross-sectional area) in
response to chemical stimuli, such as pH value, is captured
using an ultrasound imaging system to quantify the envi-
ronmental pH. The technology eliminates one of the main
obstacles in wireless passive sensing because ultrasonic waves
at clinical imaging frequencies (2–20 MHz) can penetrate
deep tissue (>10 cm). Besides, we have two additional works
that apply the same idea. One developed a highly stretchable
hydrogel embedded with (ZnO) nanoparticles, which served as
an ideal biocompatible ultrasound contrast agent that allows
remote interrogation of the changes in volume or dimensions
of the hydrogel in response to mechanical strains, when
attached to an abdominal organ [18]. The other created a
pressure-sensitive implanted microfluidic transducer with a
water reservoir and a hydrophobic microchannel attached to
it. By keeping track of the water’s progress through the
channel, it was able to measure the applied pressure. This
technology enabled a broad range of implantable pressure
measurements [19].

This method correlates the cross-sectional area of the silica
gel sample to its surrounding pH level. In this detection
system, the ultrasound emission wave must be in a plane
with the gel’s cross section. Only, then, the gel deformation
and, thus, the pH value of the environment can be measured
accurately. However, it is practically challenging to meet these
criteria. Once implanted subcutaneously, the gel could spin or
tilt. However, even a slight rotation or movement could cause
the ultrasound wave to move out of the plane with the gel’s
cross section. Such a misalignment will cause an incorrect
reading of the cross-sectional area and, concurrently, a failure
of pH detection.

As a follow-up to the earlier research, we developed a
machine vision-based implantable, wireless pH sensing system
by employing the 3-D ultrasonic images of silica gel, as shown
in Fig. 1. In this work, we concentrate on the real-time image
processing for each frame of the recorded ultrasonic video
during the swelling/deswelling of the silica gel in response
to the surrounding pH level. Combining machine vision and
regression analysis, one can extract the true gel deformation
and determine the corresponding pH value.

II. METHODOLOGIES

Fig. 2 depicts the methodologies. Due to the unevenness
of the human tissues, superimposed scattering waves from
the ultrasonic echo produce different types of image noises,
including salt and pepper noise, stripe noise, and random
noise. A set of different noise reduction methods are con-

Fig. 1. Schematic of the machine vision-assisted silica gel sensor
using a portable ultrasonic imaging device. The principle is to develop
and apply a set of ultrasonic image process techniques to accurately
measure the gel’s volumetric deformation in terms of its cross-sectional
area change and consequently predict the surrounding pH change.

Fig. 2. Developed algorithm of image processing based on machine
vision, including sampling, noise reduction, edge detection, approxima-
tion, projection, and regression.

ducted. Salt and pepper noises are reduced by employing
kernel methods, e.g., median filtering. Stripe noises are
reduced by converting the image to gray scale and applying
a convolution in the Fourier domain. The random noises
are reduced by morphological methods, such as dilating and
eroding with tuned iteration and range. After noise reduc-
tion, the edge-following algorithm processes each frame of
the 3-D ultrasonic video to recognize the gel edge. Then,
a quadrilateral/rectangular approximation (RA) method was
applied to fit any rotated section of the gel to a polygonal
shape. The polygonal was then converted to a standard square
to recover the image with the largest cross-sectional area of
the gel via a vector calculation-based projection correction.
Finally, a trained linear/logarithmic model is employed to
evaluate and predict the surrounding pH level in terms of
RMSE and R2.

A. Noise Reduction
Salt and pepper noise usually appears as isolated bright or

dark pixels in the image due to data acquisition or transmission
when the ultrasonic wave travels through the gel network or
the surrounding medium (e.g., human tissue). It can be reduced
by applying nonlinear filtering methods, like order-statistic
filters [17]. Thus, a median filter with a kernel size of
15 pixels × 15 pixels is first used to remove salt and pepper
noises in the obtained ultrasonic images.

Along-track stripe noises are a common problem in ultra-
sonic images and they are mainly caused by the movement of
the ultrasonic beam, resulting in an overlap or shift of the ultra-
sonic wave beam. Along-track stripe noises can be reduced by
using a Fourier transform to transfer the image from the spatial
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Fig. 3. Illustration of the process to obtain the FFT convolution mask.
(a) Original image. (b) Ideal result. (c) Convolutional layer. (d) Difference
image.

domain to the frequency domain and applying a convolution
operation to the transformed image [15], [17]. Fig. 3 illustrates
the development process of the convolution layer. At first, the
original image was filtered using a programed edge detection
technique to turn all of the pixels outside the gel black. This
produced an image with no noise [Fig. 3(a) and (b)]. Then,
the noise-free image was subtracted from the original image
in the Fourier domain to obtain a different image. Next, the
convolutional layer was generated by applying a thresholding
to the difference image. In thresholding, the central one-ninth
of the convolution layer serves as a low-pass filter, with two
narrow, vertical indentations of 4 pixels wide set to black,
leaving a white window of 4 pixels × 8 pixels (width × length)
at the center [Fig. 3(c) and (d)]. At last, the original image was
convoluted and then used reverse fast Fourier transform (FFT)
to create a gray-scale image.

Random noise could be caused by the presence of air
bubbles entrapped in the medium mimicking human tissue or
the nonuniform distribution of silica beads embedded in the
hydrogel. In an ultrasonic image, the former produces large
spots appearing as bright pixels, while the latter generates
large cavities appearing as dark pixels. Both of them will
cause large scattering or attenuation of the ultrasonic wave,
thus affecting the image quality. Unlike salt and pepper
noise or stripe noise, random noise is difficult to be reduced
by conventional filtering techniques but can be reduced by
morphology methods [18]. In the process, the original images
are first binarized and then applied with either open operation
(i.e., erosion followed by dilation) to remove spots or close
operation (i.e., dilation followed by erosion) to fill cavities.
The operation window is set to 5 pixels deep and the iteration
is set to two times.

Three indices were calculated to evaluate the result of
noise reduction, including mean square error (MSE), peak

signal-to-noise ratio (PSNR), and structural similarity (SSIM).
MSE is measured by the following equation:

MSE =
1

mn

m−1∑
i=0

n−1∑
j=0

[
I (i, j) − K (i, j)

]2 (1)

where m and n are the image sizes, I and K stand for the test
image and the noise-free image at a gray level from 0 to 255,
respectively, and i and j are the pixel coordinates. Lower
MSE, less noise, and thus, better image quality.

PSNR is a measure of the ratio between the maximum
possible magnitude of the pixel of an image and that of the
noise, defined by the following equation:

PSNR = 20 log10

(
MAXi
√

MSE

)
(2)

where MAXi is the maximum value (e.g., 255 for an 8-bit
gray-scale image) of the i th image. Larger PSNR, better image
quality.

SSIM measures image similarity in luminance, contrast, and
structure as a fully referenced image quality evaluation metric
[19], defined as follows:

SSIM(X, Y ) =
(2µxµy + C1)(2δxy + C2)(
µ2

xµ
2
y + C1

)(
δ2

xδ
2
y + C2

) (3)

where X and Y are the compared images, µx and µy are
the average values of X and Y , δx and δy are their standard
deviation, δ2

xy is the covariance, and C1 and C2 are the
constants to avoid numerical instability. At a range of 0–1,
a larger SSIM indicates less image distortion.

B. Edge Detection
Edges are expressed as discrete pixels in a binarized image

[20], [21], which can be detected using topological struc-
tural analysis by border following. In this study, open-source
computer vision library (OpenCV) is used to identify the
edges in the processed image following the noise reduction.
In 1999, the Intel team released the OpenCV to advance vision
research, disseminate vision knowledge, and create a library
of programming functions with optimized and portable code.
By selecting the size and shape of the neighborhood (i.e.,
structural elements), OpenCV can implement morphological
operations sensitive to specific shapes in the input image [22].

To increase the robustness of edge detection, polygonal
approximation methods are applied to process the discrete
result by OpenCV. Since the gel is patterned in the form of a
cube, the gel that swells or shrinks in response to the increase
or decrease of the surrounding pH should also be in the shape
of a cube, given that the gel deforms isotropically. In this
regard, the edge pixels were approximately fit to continuous
line segments, whereas the gel shape was fit into a quadrilateral
or rectangular frame to prevent overfitting. For quadrilateral
approximation (QA), the Douglas–Peucker Algorithm [23] is
employed with the key parameter, i.e., the maximum distance
between the original curve and its approximation, set to be
0.02, 0.08, and 0.15 times of the edging perimeter. Whereas
for RA, the rotating calipers algorithm is adopted to obtain
the minimum area of the circumscribed rectangle as the
approximated frame.

Authorized licensed use limited to: University Town Library of Shenzhen. Downloaded on March 09,2025 at 16:45:39 UTC from IEEE Xplore.  Restrictions apply. 



27774 IEEE SENSORS JOURNAL, VOL. 23, NO. 22, 15 NOVEMBER 2023

Fig. 4. Projection correction illustration. (a) Original image is distorted
due to the misalignment between the gel and ultrasonic wave and
(b) corrected cross section is acquired in a form of a square by projection
correction.

C. Projection Correction
After the edge detection, one is able to acquire any of the

gel’s sectional areas in the plane with the emissive ultrasonic
wave. To obtain the correct cross-sectional area of the gel
by eliminating the effects of gel rotation or tilt, projection
correction is required. This process is depicted in Fig. 4. When
the ultrasonic wave travels through the centroid of a cubical
gel with a width of a at an inclined angle of θ to the gel top
surface, the gel section with the maximum area would appear
in the shape of a parallelogram [Fig. 4(a)]. From the image
analysis, one is able to measure the lengths of the two edges
(defined as l1 and l2, respectively) and the area (defined as
s) of the parallelogram. Thus, the projection correction is to
obtain the gel width (i.e., a) from l1, l2, and s. By doing so,
we can apply a simple square area equation to calculate the
true cross-sectional area (i.e., a2) of the gel and correlate it to
the pH value.

The following formulas are used to determine a parallel-
ogram’s square area. In XYZ space, the normal vector of
the parallelogram (indicated as red in Fig. 4) is defined as
e⃗ = (i, j, k), and the coordinates of its four corners (i.e.,
A–D) are defined as (0, 0, z00), (0, a, z0a), (a, 0, za0), and
(a, a, zaa), respectively. Next, the point at the intersection
between the parallelogram and the center axis of the gel is
defined as [(a/2), (a/2), z0]. Then, the Z-coordinates of the
parallelogram’s four corners can be written as the function
of the gel width, the normal vector, and the parallelogram’s
centric point as follows:

plane ABCD : i
(

x −
a
2

)
+ j

(
y −

a
2

)
+ k (z − z0) = 0

(4)

z pq = z0 +
a
2k

(
(−1)p/ai + (−1)q/a j

)
, p or q = 0 or a

(5)

and the lengths of the parallelogram’s edges can be described
as follows:

l1 = |z00z01| = |z10z11| = a
√

1 + i2/k2

l2 = |z01z11| = |z10z00| = a
√

1 + j2/k2. (6)

These equations allow for the mapping of the gel section
from the XYZ space to the XY plane, as shown in Fig. 4(b).
Afterward, the square cross-sectional area a2 of the gel can
be expressed as the function of the parallelogram’s edges and

area as follows:

a2
= 0.5

((
l2
1 + l2

2

)
−

√(
l2
1 + l2

2
)2

− 4S2
)

. (7)

D. Regression and Prediction
The calibration curves between gel cross-sectional areas

and pH values are investigated using regression methods,
including linear regression and logarithmic regression. The
linear regression is performed using least square fitting [25]
as follows.

Do regression on β0, β1

min (pHi − (β0 + β1S))2

constrain: p̂Hfit = β0 + β1S.

Find the outliers of pHi

If |pHi − (β0 + β1S)| ≥ 5, then outlier = TRUE.

Remove the outliers and continue the regression.
In the pseudocodes, pHi is defined as the true value of

surrounding pH, p̂Hfit is defined as the modeled value, and β0
and β1 are the two parameters of the modeled linear function
between pH values and gel cross-sectional areas, S.

RMSE and R2 were used to evaluate the accuracy and
degree of discreteness of the two calibration curves [25].
R-squared is an indicator of the fitting degree between the esti-
mated and actual values. The higher the R-squared value, the
higher the reliability of the predictive model. Meanwhile, root-
mean-square error (RMSE) measures the deviation between
the predicted and true values. The lower the RMSE, the
better the performance of the predictive model. The following
equations show the computational formulas:

RMSE =

√√√√ 1
N

N∑
i=1

(p̂Hfit − pHi )
2 (8)

R2
= 1 −

∑
i
(
p̂Hfit − pHi

)2∑
i
(
pH − pHi

)2 . (9)

III. EXPERIMENTS

The pH-sensitive silica gel was fabricated to be in the
form of a cube with 2-mm width and 10% w/w silica beads
(9–13-µm diameter) using the previously reported method
[13]. After synthesis, hydrogels were transferred onto a layer
of agarose gel and covered with 10-mm-thick porcine skin
tissue. Vevo2100 ultrasound imaging system (VisualSonics)
with a 40-MHz transducer (MS550D, MicroscanTM Trans-
ducers) was used to produce the 3-D images of the hydrogel.
Before describing silica gel as a function of pH, the silica
gel was immersed in a pH solution for one day to achieve its
equilibrium. Four different pH solutions were used as pH 4–6
and 10.

The work generated 17 videos, each of which had a scan rate
of 5 frames/s, lasted 20 s, and contained 100 total frames. Each
frame is 450 pixels × 450 pixels in height and width. Prior to
the process, the captured video was converted to gray scale and
sampled at a sampling rate of 2 frames/s (i.e., 40 frames per
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Fig. 5. Photographs of the effects of applying different noise reduc-
tion methods, including (a) median filter, (b) filter in Fourier domain,
(c) median followed by FFT, and (d) mathematical morphology, to the
same image sample.

video). Then, these frames were analyzed by machine vision
methods described previously. In the analysis, five combina-
tions were evaluated in terms of R2 and RMSE, including
raw edge, QA, QA + projection correction, RA, and RA +

projection correction. Raw Edge refers to the application of
only edge detection without QA/RA and projection correction
of the image, whereas RA refers to the application of only RA
without projection correction of the image. Python 3.8 was
used for the coding.

IV. RESULTS AND DISCUSSION

A. Noise Reduction
Fig. 5(a) shows the reduction of salt and pepper noises from

a sample image using the median filter with a 15 pixels ×

15 pixels kernel. In the processed image, spot noises that
appear as the bright isolated pixels in and out of the gel contour
were greatly canceled. Stripe noises in the upper areas of the
image were also filtered in terms of blurring. Moreover, the
image edges were well preserved without being distorted.

Fig. 5(b) shows the reduction of stripe noises from the same
image by applying a convolution calculation in the Fourier
domain. The stripe noises in the upper areas of the image were
reduced significantly, while the bright isolated pixels inside the
gel were well preserved. Since the convolution layer contains
a low-pass filter, the image was blurred slightly. It can be seen
that filtering in the Fourier domain decreases stripe noise with
less loss in sharpness, when compared to using a median filter.

The use of combining different filers to process the image
was also investigated, i.e., conducting the median filter and
FFT in series. The result is shown in Fig. 5(c). When com-
pared with employing FFT alone, salt and pepper noises as
well as stripe noises were both significantly diminished. After
being binarized, the filtered image was further processed using
the mathematical morphology method to simplify the structure
of the gel. As shown in Fig. 5(d), large spot noises, or random
noises, were reduced, and the edges appeared smoother, when
compared to that by using edge detection without mathemati-
cal morphology [the upper figure in Fig. 5(d)].

The effects of noise reduction were also illustrated in the
histograms. In the raw image, 95% of pixels at a range of
31–210 [Fig. 6(a)] were reallocated to that of 38–192 (95%)
using a median filter [Fig. 6(b)]. This is due to the fact that
salt and pepper noises of the image typically appear as discrete
bright pixels with high gray values (e.g., larger than 192), the

Fig. 6. Histogram of the selected raw image in 0–255 gray scale
(a) before and (b)–(d) after the application of different noise reduction
as well as (e) binarized images.

TABLE I
PSNR, SSIM, AND MSE RESULTS OF THREE NOISE

REDUCTION METHODS

reduction of which cause these filtered pixels to shift to lower
ones. Using a filter in the Fourier domain [Fig. 6(c)], on the
other hand, it was observed that a large number of pixels
moved from below 64 to the range of 64–128 with a peak
occurring at a gray value of approximately 100. Meanwhile,
the envelope of its histogram became smooth. This resulted
from the convolution mask’s low-pass filtering effects on the
stripe noises. Thus, it is expected that combining the two
types of filters will reshape the histogram into one that is
more informative. As shown in Fig. 6(d), a valley emerged
at a gray value of 128, which indicated a distinct boundary
between the silica gel (with pixels larger than 128) and the
background (with pixels smaller than 128). More importantly,
the threshold for binarizing and then using the morphology
method might be set at 128 or a small range around 128,
respectively. As a result, the processed image’s binarization
will have a clear contour free of noise [the fourth subfigure
of Fig. 6(e)]; otherwise, it will have a significant amount of
noise in the background, or in the gel, or both [the first three
subfigures of Fig. 6(e)].

The quantitative analysis of noise reduction was evaluated
by comparing the processed images to the noise-free ones
[Fig. 3(b)] and calculating MSE, PSNR, and SSIM, as shown
in Table I. The median filter obtained an MSE of 1103 and
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Fig. 7. (a) Four types of irregular shapes of ultrasonically imaged gels applied with edge detection and (b) without and (c) with polygonal
approximations (e.g., quadrilateral (green) and rectangular (red) approximation), and (d) detected sectional area by different methods was
compared. The maximum distance between the original curve and its approximation is set as 0.08 times the edging perimeter. Other results
using (e) 0.02 and (f) 0.15 times the edging perimeter.

PSNR of 17.71 dB, respectively. These values are 1.25 and
0.95 times those of 879 (MSE) and 18.69 dB (PSNR) by using
FFT or median filter + FFT. The comparison showed that strip
noises predominated and had a greater impact on the ultrasonic
images than salt and pepper noises did. As a result, the image
quality was improved by removing the strip noises. On the
other hand, combining the Median filter and FFT achieved
the largest SSIM value, which is 0.62, 1.07, or 1.15 times that
of using FFT or median filter individually. Because different
noise types would affect the total index differently and due to
the fact that the SSIM value measures the structural similarity
between the processed and noise-free image, a combination of
different filters produces the highest SSIM.

B. Edge Detection
After noise reduction, we performed edge detection and

polygonal approximation using OpenCV. Four typical types of
raw images with irregular shapes were selected and processed
[Fig. 7(a)]. Fig. 7(b) shows their detected edges, which are
anomalous and discrete, by applying edge recognition alone.
These were improved by continuing the image process with
approximation methods. As shown in Fig. 7(c), the irregular
edges were mapped to either quadrilaterals [green contour
in Fig. 7(c)] or rectangles [red contour in Fig. 7(c)]. It was
observed that the projected area of the RA is larger than
that of raw edge detection or QA [Fig. 7(d)]. For example,

Fig. 8. Gel cross-sectional area as a function of pH using linear or
logarithmic regression.

RA measured the area of the projected image at the lower
right corner of Fig. 7(c) to be 88 mm2, which is 1.23 and
1.38 times that of 72 and 64 mm2 using raw edge detection
and QA, respectively. This could lead to an overestimation
of the true cross section, which was discussed next in terms
of prediction linearity and accuracy. The result shown above
was achieved by setting the maximum distance between the
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Fig. 9. Comparison of R2 and RMSE by different machine vision methods combined with regression models.

original curve and its approximation as 0.08 times the edging
perimeter. The result of two more criteria, 0.02 or 0.15 times
the edging perimeter, was also evaluated. As can be seen
from Fig. 7(e) and (f), a smaller threshold would result in
under-fitting the irregular edges, leading to a polygon with
more than four vertices. Consequently, the projection correc-
tion cannot be effectively performed (the former). Conversely,
a larger threshold caused overfitting and a bigger generaliza-
tion error. This would increase the variance of the cross-section
area, ultimately decreasing the sensitivity of the sensor (the
latter). Overall, the approximation methods provide reliable
detection of edges with effective irregularity compensation
following noise reduction.

C. Regression and Prediction
After the regression analysis, two calibration curvatures

were generated to fit the gel cross-sectional area to the
surrounding pH value, as shown in Fig. 8 as follows:

area = 4.92pH1 + 24.6 (10)

area = 31.5log10
(
pH2

)
+ 0.46. (11)

Equation (10) describes the area-to-pH relationship using
linear regression, whereas (11) writes this using logarithmic
regression. It is intriguing to note that the latter has a higher
sensitivity of 31.5 mm2/pH when examining the linearity
between area and pH logarithm (instead of pH), which is
6.4 times that of 4.92 mm2/pH of the former. In this regard,
it is expected that one is able to achieve higher prediction
quality using logarithmic regression.

D. Evaluation
To determine the correct cross-sectional area of the gel, five

combinations of approximation and projection methods are
applied, and their effects are evaluated. The results are shown
in Fig. 9. RA had the smallest R-squared values, 0.58 and
0.42 for linear and logarithmic regressions, respectively, com-
pared to the other four combinations, which all have values
greater than 0.6. Meanwhile, RA + projection correction
obtained the largest R-squared values, 0.83 and 0.85 for
linear and logarithmic regressions, respectively. Therefore, it is
reasonable to conclude that the projection correction following

the quadrilateral/RA attributes to the increase of the functional
linearity between cross-sectional areas and pH values.

In the evaluation of RMSE, a similar pattern was observed.
For linear and logarithmic regressions, respectively, RA alone
had the highest RMSE of 2.1 and 3.2, while RA + projection
correction reduced this to 1.1 and 0.97, respectively. Among
the five combinations, these are the smallest. As a result,
it could be inferred that RA + projection correction can
improve the prediction accuracy. In addition, when RA +

projection correction is applied, the logarithmic technique
exhibited a slightly larger R-square and a smaller RMSE than
the linear regression, indicating that this combination is the
best one for fitting the gel area-to-pH curve.

V. CONCLUSION

In this article, a machine vision-based algorithm is devel-
oped to analyze ultrasonic images of silica gel, which
swells/shrinks in response to the increase/decrease of pH.
This approach begins to reduce different types of noises in
the image using a median filter or FFT or both followed by
mathematical morphology. Edge detection with a polygonal
approximation is then performed to project the irregular shape
of the detected gel cross section to be a form of a square.
In the end, a mathematical regression method is applied to
establish the calibration curve, which is the function of gel
cross-sectional area versus pH value. With an optimal combi-
nation of image processing techniques and regression methods,
the prediction to couple the area to pH achieves a high
accuracy of R2

= 0.86 and RMSE = 0.97. This technique
approves its practical potential in a variety of implantable,
wireless hydrogel sensing using ultrasonic imaging devices to
monitor the physiological signals in real time.
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