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Abstract—Skin wounds are often covered with gauze to protect
the injury and support the healing process. Accurate wound
assessment is essential for monitoring healing progress and
guiding treatment decisions. However, existing assessment methods
typically require direct exposure of the wound, necessitating the
removal of gauze when present. This process disrupts the healing
environment and increases the risk of secondary infections. In this
paper, we introduce mmSkin, an innovative over-gauze wound
assessment system that utilizes millimeter-wave (mmWave) radar
technology to evaluate wound characteristics without the need
to remove the gauze. Central to this system is the principle that
variations in skin moisture, a critical indicator of wound health,
significantly influence mmWave signal strength. By analyzing
these variations, mmSkin accurately identifies skin moisture
levels, thereby enabling precise assessment of wound conditions.
To achieve reliable sensing, mmSkin incorporates a denoised
mmWave imaging algorithm designed to reduce motion noise and
effectively distinguish between signals reflected from the target
skin and those from surrounding environmental interference.
Additionally, the system integrates a physics-based model to guide
the training of its moisture derivation model. This integration
ensures that mmSkin can accurately estimate moisture distribution
across the wound area, making it a powerful tool for non-
invasive wound assessment. Extensive experiments validate the
system’s high accuracy in over-gauze wound moisture distribution
estimation, achieving a mean moisture error of approximately
0.5% in both wound phantom and invivo tests. Additionally, the
system demonstrates a structural similarity index measure (SSIM)
of about 0.9 compared to groundtruth moisture distributions in
both test scenarios. These results highlight mmSkin’s potential to
revolutionize non-invasive wound assessment and improve patient
outcomes.

Index Terms—mmWave sensor, over-gauze, wound assessment

I. INTRODUCTION

Wound care is of paramount importance, as wounds affect
millions of individuals, with over 8 million cases annually in the
United States alone [1]. Chronic wounds, such as those associ-
ated with diabetic foot ulcers or peripheral vascular disease, and

Xiaoyu Zhang, Wei Bo and Wenyao Xu are with the Department of
Computer Science and Engineering, State University of New York at Buffalo,
Ambherst, NY 14068 USA (email: zhang376@buffalo.edu, weibo@buffalo.edu,
wenyaoxu @buffalo.edu).

Zhengxiong Li is with the Department of Computer Science and Engi-
neering, University of Colorado Denver, Denver, CO 80204 USA (email:
zhengxiong.li@ucdenver.edu).

Yanda Cheng, Chugin Huang, Emma Zhang and Jun Xia are with
the Department of Biomedical Engineering, State University of New
York at Buffalo, Amherst, NY 14068 USA (email: yandache @buffalo.edu,
chuqinhu@buffalo.edu, emmzhang1 @gmail.com and junxia@buffalo.edu).

Chenhan Xu is with the Department of Computer Science, North Carolina
State University, Raleigh, NC 27695 USA (email: cxu34@ncsu.edu).

Ye Zhan is with Linde Inc, Tonawanda, NY 14150 USA (email:
ye.zhan@linde.com).

mmWave Slice ///\ Layer 1
sensor imaging ~_ Layer 2
) Layer3
~—r’ System
\v/ output

/m
% § [ﬂ dlerZIIiIsllcfl)n

©

Fig. 1. The mmSkin system scans human wounds and provides a comprehen-
sive assessment, including wound dimensions and moisture levels.
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acute wounds from injuries or surgeries, represent significant
challenges [2]. The economic burden is also substantial, with
wound care costing over 22 billion per year in the U.S [3], [4].
This highlights the need for effective and innovative solutions
to address both the clinical and financial aspects of wound
management.

Current wound assessment practices predominantly depend
on traditional in-hospital techniques, such as ruler-based
measurements and more invasive methods like saline or gel
injections [5], [6]. These approaches generally require the
supervision of clinicians and are susceptible to inaccuracies
due to the lack of objective and quantitative metrics [7]], [8]].
Additionally, invasive procedures can cause discomfort for
patients and heighten the risk of secondary injuries [9]. These
issues highlight the critical need for a non-invasive, reliable,
and objective solution for assessing wounds.

The first generation of the method relies on non-invasive
contact sensors, which require direct interaction with the
wound. For example, researchers proposed the use of ultra-
sound devices to assess wound conditions [[10]. However, this
approach necessitates contacting wounds, increasing the risk
of secondary infections and causing patient discomfort. The
second generation introduces non-contact sensors. For instance,
researchers developed techniques utilizing cameras to evaluate
wound conditions without physical contact [[11]. Despite this
advancement, these sensors are unable to penetrate gauze, still
requiring wound exposure during assessment. As a result, the
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risk of infection remains when the wound is covered by gauze.

Building upon traditional methods, we introduce a third-
generation technique: an RF-based over-gauze wound assess-
ment method. Water serves as a critical biomarker for evaluating
wound conditions, and due to its distinct response to RF signals,
we utilize RF technology to assess wound status effectively. The
penetrating capabilities of RF signals allow for the innovative
assessment of wounds through gauze, thereby eliminating
the necessity to remove the dressing [12]. This approach not
only overcomes the limitations of previous methods but also
improves patient comfort and safety while minimizing the risk
of infection.

In this study, we develop a novel mmWave-based system for
wound assessment, named mmSkin. In comparison to other RF-
based techniques, the mmWave sensor offers several advantages
[131, [14]. Firstly, it operates at high frequencies, providing
millimeter-level resolution for more precise assessment. Sec-
ondly, its compact size allows easy integration into medical
devices. Thirdly, it operates on low power, posing no threat
to human health. Lastly, Commercial Off-The-Shelf (COTS)
mmWave sensor is cost-effective, making it accessible for
various scenarios.

In this paper, we explore the correlation between mmWave
signals and water content in human wounds [13], as depicted
in Figure [I] Our innovative mmSkin system leverages this
relationship to enable multifaceted wound sensing applications.
To mitigate environmental noise, we developed a denoised
mmWave imaging algorithm that enhances signal clarity by
strengthening the target signal and effectively separating it from
background interference. The system’s performance is validated
through extensive experiments, achieving a mean moisture
error of approximately 0.5% in both wound phantom and
invivo tests. Furthermore, the system demonstrates a SSIM of
about 0.9 when compared to groundtruth moisture distributions,
highlighting its accuracy and reliability in wound moisture
assessment.

The contributions are listed as follows:

« We develop mmSkin, the first over-gauze wound assess-
ment system designed to minimize the risk of secondary
infections by eliminating the need to remove gauze for
wound evaluation.

« We develop a denoised mmWave imaging algorithm, which
mitigates the impact of motion noise encountered during
mmWave sensor movement in near-field wound scanning,
thereby enhancing the wound assessment accuracy.

o Leveraging the intrinsic correlation between moisture
and mmWave signals, we design a moisture derivation
model that incorporates this physical relationship to guide
and accelerate the training process for accurate moisture
distribution estimation.

« We conduct extensive experiments to validate the system’s
performance in moisture distribution estimation across
both wound phantom and invivo tests. Furthermore, we
analyze both system-related and biological impact factors
through comprehensive experiments, providing a thorough
understanding of the system’s capabilities and limitations.
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Fig. 2. Wound moisture levels increase due to water seepage from the skin,
varying based on the severity of the wound.

II. BACKGROUND
A. Wound Assessment Biomarker: Moisture

Wounds can be categorized into acute types, such as those
from injuries or surgeries, and chronic types, including diabetic
foot ulcers and wounds related to peripheral vascular disease.
Figure 2] illustrates the correlation between wound severity
and moisture levels. Human skin is composed of multiple
layers, including the cuticle, epidermis, basement membrane,
and dermis. Under normal conditions, the cuticle and basement
membrane function as protective barriers, preventing internal
water content from seeping to the surface. However, wounds
compromise these protective layers, leading to water seepage
and causing wounds to appear moist. The extent of this
moisture seepage depends on the severity of the wound.
Light wounds typically damage only the upper layers of skin,
resulting in minimal water loss. In contrast, severe wounds
penetrate deeper into the dermis, where moisture levels are
significantly higher. Consequently, severe wounds exhibit more
pronounced moisture seepage, which is directly linked to higher
external moisture levels. This variation in moisture serves as a
vital biomarker for evaluating wound conditions and guiding
treatment strategies.

B. Fundamental of mmWave-based Moisture Sensing
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Fig. 3. Normalized signal strength (NSR) of different mmWave data samples.

Current moisture sensing technologies are hindered by
limitations such as their inability to penetrate gauze, necessi-
tating direct exposure of wounds for accurate measurements.
This requirement increases the risk of secondary infections
and can lead to patient discomfort. mmWave-based moisture
sensing utilizes the electromagnetic coupling effect, where
water modifies the interaction between mmWave signals and
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the skin, leading to variations in the strength of the reflected
signal. As illustrated in Figure |3] we conduct an experiment
on the forearms of a subject, altering the skin’s moisture levels
by wetting it and then analyzing the signal response. The
findings reveal that higher moisture levels correspond to an
increase in mmWave signal intensity, thereby establishing a
direct correlation between moisture content and signal strength.
These results highlight the potential of mmWave technology to
accurately assess moisture levels, positioning it as a valuable
tool for applications such as wound assessment.

C. Practical Challengers

To develop a practical mmWave-based wound assessment sys-
tem, two key challenges must be addressed. First, environmental
noise can degrade signal quality and compromise the accuracy
of wound assessments. To mitigate this, a high-resolution
mmWave imaging architecture is needed to effectively separate
the wound signal from environmental noise. Second, a robust
correlation model is required to extract multiple wound features
from the mmWave signal—such as spatial distribution and
dielectric properties—and accurately map these features to
wound characteristics, including size and moisture.

III. MMSKIN SYSTEM DESIGN
A. mmSkin Overview

The architecture of the mmSkin system is illustrated in
Figure [] Initially, the mmWave sensor conducts a two-
dimensional (2D) scan of the wound area to capture raw
mmWave data. This data undergoes processing through a
denoising mmWave imaging algorithm, which incorporates
Synthetic Aperture Radar (SAR) technology to enhance the
spatial resolution of the images. The refined mmWave image is
then analyzed by a moisture distribution derivation model,
which extracts the moisture levels from the image. These
moisture levels are critical for assessing the wound’s condition.
Subsequent sections of this document will delve deeper into
the mmSkin framework, outlining its operational principles
and the functionalities of its key components.

B. Radio Frequency Selection for Wound Assessment

When evaluating the capabilities of different frequency
ranges for over-gauze wound assessment, a spectrum of
capabilities emerges. Starting with microwave frequencies,
which are situated below mmWave frequencies, they typically
offer moderate resolution due to their longer wavelengths,
particularly noticeable in the UHF and L-band regions. While
they possess reasonable penetration abilities through fabric
and certain materials, their capacity to precisely detect subtle
changes in moisture is somewhat limited. In contrast, mmWave
frequencies, which range from 30 GHz to 300 GHz, inherently
provide high resolution because of their shorter wavelengths.
This attribute enables them to effectively detect minor variations
in skin moisture levels. Their penetration capabilities, while
moderate, are adequate to traverse fabric occlusions, primar-
ily focusing on the human skin surface. Beyond mmWave
frequencies, sub-terahertz and terahertz ranges, with even

shorter wavelengths, offer exceptional resolution. However,
a significant drawback is their penetration ability; these higher
frequencies are more readily absorbed by materials and may not
effectively penetrate fabric, which could limit their applicability
in over-gauze wound scenarios. Overall, mmWave frequencies
offer a balanced profile, making them an excellent choice for
wound assessment under gauze occlusion conditions due to
their combination of resolution and penetration capabilities.

C. Scanning Modality and Parameter Configuration

As shown in Figure [5] the commodity mmWave sensor
transmits a Frequency-Modulated Continuous-Wave (FMCW)
signal, and the frequency increases linearly over a cyclical
period of time (i.e., chirp). fs and B are the start frequency
and bandwidth. The transmitted mmWave signal at the time ¢
can be modeled as f(¢).

To enhance the spatial resolution in mmWave-based sensing,
we have integrated the Synthetic Aperture Radar technique,
enabling the mmWave sensor to navigate a 2D plane. This
approach allows for the construction of an antenna aperture
significantly larger than the actual size of the sensor’s antenna.
Ilustrated in Figure [6] the mmWave sensor systematically
moves across the 2D plane, uniformly sampling one chirp at
each location. dx and dy are the step distance in X axis and Y
axis. Additionally, the mmWave sensor collects 1" samples at
each location. Therefore, the mmWave signal can be modeled
as f(x,y,t), where x and y represent the position of z - dx
and y - dy in the X axis and Y axis, ¢ represent the sample
index in the T samples. Also, z € [1, X] and y € [1, )], with
X and ) denoting the number of scanning locations along the
X and Y axes, respectively.

D. Denoised mmWave Imaging in Near-Field Wound Assess-
ment

The mmWave signal collected at a location f(z,y,t) is
the overlay of reflected signals from different objects in the
environment. In this section, we design a denoised mmWave
imaging method to decipher this complex signal and get
the target-related information. First, we apply a Fast Fourier
Transform (FFT) along the sample dimension. This transforms
the initial signal f(z,y,t) into a range bin profile R(z,y, k),
a process known as Range-FFT. Variant k£ € K corresponds
to the range index in the range bin profile. As outlined in
Equation (I)), by choosing the range index k calculated from
the distance d of the mmWave sensor to the target, we enable
the sensor to concentrate on the target. This selective focus
ensures that the sensor primarily captures signals related to the
target. In Equation (I)), Slope is the rate at which the frequency
changes with respect to time, F}s is the sampling rate, c is the
light speed, and 7' is the number of samples.

_ Slope y 27d

F

The conventional mmWave imaging algorithm [16] operates
under the assumption that the mmWave sensor maintains a
consistent distance to the target across different scanning
locations. This assumption holds when the target is far from

k

xT. (1)
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Fig. 4. Framework of the mmSkin system.
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Fig. 6. Diagram illustrating the use of a mmWave sensor to scan a human
wound for assessment.

the sensor, as the relative distance change due to location shifts
becomes negligible. However, in human wound assessment,
the proximity of the mmWave sensor to the target challenges
this assumption. As depicted in Figure[6] the sensor at location
(2, y2) is further from the target compared to (x1, y1 ), meaning
dy < dp. Consequently, when conducting Range-FFT, the
range indices for these locations might differ (k1 # k). This
discrepancy in range index selection can cause the mmWave
sensor to erroneously focus on environmental noise rather than
the target. Our denoised mmWave imaging algorithm addresses
this by selecting the target based on the actual distance from

each scanning location, ensuring consistent focus on the target.

Therefore, we obtain a transformed mmWave signal represented
as R(x,y)|k=k,, = € [1, X],y € [1, V], which is highly related
to the target.

Algorithm 1 Denoised mmWave imaging algorithm.

1: The mmWave sensor uniformly moves and collects the
signal f(x,y,t),z € [1,X],y € [1,V],t € [1,T] in the
2D plane.

2: Assume the mmWave scanning plane is in the X-Y plane,
given the coordinate of the target center and each scanning
location: (ps,py,p-) and (z - dz,y - dy,0).

3: Perform FFT on the third dimension 7" to get range bin
profile R(x,y, k).

4: for x =1,..., X do

5:. fory=1,..,) do

: Calculate the distance from each

mmWave location to the target d =
V(@ de —p.)? + (y - dy — py)? + (p2)?.
Calculate the range index k., based on Equation (T)

:  end for
9: end for
10: Perform 2D FFT  on  R(z,y)|k=k,,. i-e€.
FTop[R(@,y)|k=k,, |-
11: Perform the phase compensation by multiplying

FTop[R(z,y)|ker,,] with e 7V mwimwips,
12: Perform 2D IFFT and calculate the amplitude to get the
final 2D mmWave image r(x,y),z € [1,X],y € [1,V)].

Next, the transformed mmWave signal R(z,y)|x=r,, is used
to reconstruct the mmWave image r(z,y) based on Equation

@) [17).

r(@,y) = |FT53 [FTap [ R(x,y)lkos,, Je V=500

@)
while F'Top and F'T.,; Dl are 2D Fourier Transform and Fourier
Inverse Transform. p, represents the distance from the target
to the mmWave scanning plane, x and y are indexed in X and
Y axes. r(z,y),x € [1,X],y € [1,))] is the mmWave channel
gain of the target at the location of (z - dz,y - dy,p,), w, and
wy are the space frequencies of the 2D plane. The specific
steps of the denoised mmWave imaging algorithm are detailed
in Algorithm T}

E. Moisture Distribution Derivation

Using our advanced denoising mmWave imaging algorithm,
the 2D mmWave image is reconstructed to accurately depict
both the target area and its surrounding environment. For the
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task of deriving moisture distribution from mmWave signal
response images, we use a Physics-informed neural network
(PINN) model, which is particularly suited to addressing the
challenge of data scarcity. The relationship between mmWave
signal responses and skin moisture is dictated by physical laws
pertaining to the interaction of electromagnetic waves with
biological tissues. Collecting a substantial volume of high-
quality labeled data for training purely data-driven models is
often not feasible. PINNs offer a solution to this challenge
by incorporating known physical constraints directly into the
model architecture, enabling it to learn accurate mappings
even when available labeled data is limited. As depicted in
Figure[/| the PINN model includes segmentation and derivation
components, with further details on each provided in the
subsequent sections.

mmWave image Masked mmWave image

Segmentation

Flatten ' Derivation A , Moisture distribution
Value 3 X prreta T.%
conver| g - « Ly
H j Unflatten ' é
[=}
T =

Fig. 7. The framework of the PINN model for evaluating moisture distribution.

1) mmWave Image Segmentation: To analyze the target, a
segmentation model is required to separate the target from the
denoised mmWave image. We use a segmentation model to
segment the skin target based on the signal response difference
between the skin target and the environment [18]]. Specifically,
when inputting a 2D image r(z,y) to the segmentation model,
a masked image m(z,y),x € [1, X],y € [1,)] with the same
size as r(x,y) will be obtained, while each pixel m(z,y) has
only two values: 0 or 1. If the pixel (x,y) is not marked as
the target area, then the pixel value m(z,y) = 0, otherwise
m(z,y) = 1. To restrict the performance of the model on the
mmWave image segmentation, we introduce a loss function
Lg, which is represented as follows:

1 § £z4’y
% y pixel’
z,y

while Lpixel is a weighted combination of Lcg [19] and Lpice
[20] for each pixel:

Lg= 3

X

Lpixel = 01LcE + d2Lpice- 4

2) Physics-informed Moisture Derivation: The mmWave
channel gain 7 is mainly determined by the reflection coefficient
£ and transmission path loss « [21]]. In mmWave-based human
wound assessment, the sensor emits the mmWave signal to
the human skin and receives the reflected signal, the signal is
transmitted in the air media all the time, thus transmission path
loss o depends on the relative permittivity of the air, which is

very small that can be neglected, i.e., & ~ 1. Additionally, the
refraction coefficient 3 is the metric that measures the ratio
of the mmWave signal being reflected by the boundary of two
materials. According to the Fresnel Equations, the reflection
coefficient is defined as § = % where the mmWave signal
transmits from the first medium with the refractive index nq to
the second medium with the refractive index ns. In mmWave-
based human wound assessment, the first medium is the air
with a refractive index n; =~ 1, and the second medium is
the human skin. The relationship between the mmWave signal
channel gain r and the reflection coefficient 3 is described as
follows: " 1
. skin , (5)
Nskin + 1
while ¢ is a constant correlation coefficient and 7, is the
refractive index of the human skin. According to Equation
(3), the mmWave signal channel gain r is only related to
the refractive index of the human skin ngg;,, which is the
parameter that is the root of the relative dielectric constant €
221, i.e., skin = /Eskin-

In the field of skin moisture sensing, human skin is often
conceptualized as a heterogeneous mixture primarily consisting
of water and other biological components. The Looyenga
formula [23] is a well-known model used to describe the
dielectric properties of such mixtures, it models the correlation
between the moisture level V' and the relative dielectric constant
of the human epidermal &, which is described in Equation (6
as follows:

r=c-a-f=c

1
(€5 = €5ner)
V:—Ot’;W

T yam— (6)
(‘C:S)ater - Egther)

The moisture level V' is defined as the mass ratio of
water to the target. The relative dielectric constants of water
(ewater) and other components (€,4p-) Within the target are
intrinsic properties of these materials and are thus constants.
Consequently, the moisture level V' is determined by the
relative dielectric constant of the human skin (¢). According
to Equations (2)&45)&46). there exists a correlation between the
mmWave image values and the moisture level, establishing a
direct link between these two important parameters.

. E
((CQ—CT - 1) - E:thar) 2¢
T T =D (
(E\?/ater - 5§ther) e-r
1
1 e ,

_ other
P= -7 1 4= 71 1
3 3 3 3
(gwater - Eother) (5water - 6other)
@)

As shown in Figure after obtaining the segmented
mmWave image, a derivation module is employed to extract
the p and ¢ parameters, which are subsequently used to
calculate the moisture distribution from the segmented mmWave
image. Specifically, the loss function £, is designed to guide
the model in evaluating the moisture based on the physical
relationship between the mmWave signal response and the
moisture level:

\%4

1
X xY

Ly = Q)- 8)

T,y /
Z(VG —pX Tm,y -
z,y
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3) Total Loss Function of PINN model: The total loss
function of our proposed PINN model is the combined loss
function of the segmentation module and the derivation module,
allowing the model to focus on the skin target area and
accurately derive the moisture distribution. The combined loss
function L is expressed as follows:

L=mLs+v2Lwm. 9

IV. IMPLEMENTATION AND EVALUATION
A. mmSkin System Integration

1) 2D scanning kit: In the setup illustrated in Figure [8]
data collection is carried out using the mmWave sensor (T1
AWR1642BOOST] [24]]). The sensor is attached to two linear
motion guides arranged perpendicularly, forming a 2D motion
platform (THOMSON LINEAR MOTION SYSTEM [23])),
and moves at a constant speed across the 2D plane. During its
motion, the sensor scans the target and generates the mmWave
image using the imaging algorithm detailed in Section [[II-D]
To ensure accurate data alignment, the controller (ELEGOO
UNO R3| [26]) generates stable square waves as the trigger
signal to simultaneously hardware trigger the mmWave sensor
to start data sampling and the 2D motion platform to move
the mmWave sensor in a 2D plane, allowing us to match the
mmWave sensor’s frame index with its corresponding location
based on the known speed and frame sampling rate.

2D motion platform

Fig. 8. mmSkin system prototype.

2) System Parameter Setup: The system parameters of our
mmSkin system in the experiment are shown in Table [l the
2D motion platform moves the mmWave sensor at a uniform
speed of 50 mm/s along both the X and Y axes. A single
transmitter (Tx) and receiver (Rx) are used in the mmWave
sensor for data acquisition. The FMCW frame period is set to
0.025 seconds, containing only one chirp. With a chirp duty
cycle of about 0.3% of the total frame period, the short chirp
duration ensures that the sensor remains effectively stationary
during data collection at each position. The 2D scanning array
consists of 51 positions along both the X and Y axes, denoted
as X =51 and Y = 51. The step size between each scanning
point is 2 mm along both axes, resulting in a total scanning

length of Dz = 100 mm and Dy = 100 mm. The entire scan
takes 102 seconds under these settings. The distance between
the target and the scanning plane is set at 30 mm. During
each chirp, the mmWave sensor operates with a frequency
sweep ranging from 77 GHz to 81 GHz, providing the 4 GHz
bandwidth. The frequency slope, B, is 46.493 MHz/us, and
the sensor samples uniformly 512 times throughout each chirp
period.

TABLE I
THE PARAMETER SETTINGS OF THE MMSKIN SYSTEM IN THE EXPERIMENT.
System Parameters Value
Scanning speed 50 mm/s
Step size (X&Y axes) 2 mm
Scanning length (X&Y axes) 100 mm

Scanning locations (X&Y axes) 51
Sensor-skin distance 0.03 m
Scanning time cost 102 seconds

Frame period 0.025 seconds

Tx-Rx pair 1
Start frequency 77 GHz
Bandwidth 4 GHz

512
46.493 MHz/us

One chirp samples
Frequency slope

3) Training Parameter: Our PINN model, developed using
PyTorch and executed on an NVIDIA L40S GPU, employs
the Adam optimizer. This optimizer is especially effective
for complex models that process noisy datasets, such as our
mmWave data, which is subject to multipath effects from the
environment [27]]. We initiate training with a learning rate of
le-3 to ensure robust early-phase convergence and incorporate
a learning rate decay strategy that applies a multiplicative
factor of 0.9 every 5 epochs [28]]. This decay mechanism is
important for fine-tuning model parameters throughout training,
thus avoiding the common deep learning pitfall of overshooting
minima. The loss function weights—dy, d2,v1, y2—set at 1, 1,
0.5, and 1 respectively, are meticulously configured to balance
the dual objectives of fitting empirical data and adhering to the
physical constraints that govern the underlying phenomena.
Our training regimen spans 50 epochs with a batch size
of 16, determined through empirical observation to optimize
convergence trends. This approach ensures stable learning and
prevents overfitting, allowing the model to achieve consistent
and reliable performance without unnecessary complexity.

B. Evaluation Plan and Benchmark

1) Wound Phantom Fabrication: To evaluate the efficacy of
the mmSkin system in wound assessment, we use a mixture of
Agar powder [29]] and water to mimic the human skin wound,
which is easy to control and has the same material composition
to the wound. As illustrated in Figure [0} we adjust the ratio of
water to agar powder by mass, and pour the mixture into various
molds of differing shapes and sizes. This approach enables
the creation of wound phantoms with diverse geometries and
moisture levels to represent the diverse nature of real wounds.

2) Invivo Test Benchmark: Due to the lack of access to real
human wound samples, we simulate the abnormal moisture
characteristics of wounds by applying [ultrasound gell [30] to the
skin. The more gel applied, the higher the simulated moisture
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Fig. 9. Wound phantom with different shapes and moisture levels.

level, indicating a more severe wound condition. Compared to
directly using water to mimic moisture variations, ultrasound
gel is less prone to evaporation, allowing for a more stable
simulation of wound conditions during the scanning process
of the system.

C. Groundtruth Moisture Distribution

To obtain accurate ground truth data for moisture distribution,
essential for training and testing our system, we utilize
the capabilities of Short-wave Infrared (SWIR) light. SWIR
light, covering wavelengths from 0.9 to 1.7 pum, has limited
penetration capabilities but is significantly absorbed by water
molecules. Therefore, areas of a wound with higher moisture
levels will absorb more SWIR light, resulting in diminished
reflected light intensity, which translates to lower pixel values
in the SWIR camera images. As illustrated in Figure (10} we
have developed a SWIR-based data collection platform and
meticulously calibrated the SWIR camera to accurately measure
moisture distribution [31]]. The key components of the platform
include:

(a) Light source: The light source emits a broad spectrum,
including SWIR light, onto the wound. The moisture in the
wound absorbs a portion of the light energy, resulting in
reflected light that encodes moisture information.

(b) Light source controller: The [light source [33] manages
the intensity of the emitted light from the light source, ensuring
precise and consistent illumination for accurate data collection.
(c) Polarizer combination: Two polarizers with aligned
polarization directions are integrated into the platform. This
setup improves the ratio of the surface reflection signal to
the scattered signal originating from within the wound after
passing through the second polarizer.

(d) SWIR camera: The WIDy SenS 640 SWIR camera [33] is
employed to capture the reflected light and extract the moisture
distribution of the wound.

D. Comparison between the mmSkin and SWIR systems

We simulate the skin wound following the method described
in Section [[V-B2] and conduct imaging using both the mmSkin
system and the SWIR system. As shown in Figure [TT] under
the unobstructed condition, both systems clearly distinguish
the skin area from the background and effectively identify the
wound region on the skin. In the mmWave image, the wound
area exhibits higher signal intensity due to the strong reflection
of mmWave signals by water present in the wound. Conversely,

Fig. 10. SWIR-based moisture distribution measurement platform.

in the SWIR image, the wound area appears darker due to
water’s strong absorption of SWIR signals. However, when
gauze is applied to cover the wound area, the SWIR system
fails to display the wound condition due to its inability to
penetrate the gauze. In contrast, the mmSkin system continues
to provide effective imaging. This highlights the superiority of
the mmSkin system for over-gauze wound assessment, enabling
accurate evaluation of wounds covered by gauze without the
risk of secondary infection caused by exposing the wound.

RGB image mmWave image SWIR image

‘

Fig. 11. Figure Aj, Az and A3 show the RGB image, mmWave image, and
SWIR image of the simulated wound on the human skin. Figure B1, B2 and
Bs display the corresponding images of the simulated wound covered with
gauze.
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E. Performance Metric

Mean Moisture Error (MME): The mean absolute error is
used to quantify the moisture evaluation accuracy. For the
output and groundtruth moisture distribution from the mmSkin
and SWIR systems, the predicted value v and groundtruth value
© are obtained by calculating the mean value of the moisture
distribution. As described in Equation (I0), MME is computed
by taking the absolute differences between the two values,
summing all n absolute differences, and then dividing by the
number of predictions made. MME is a non-negative value,
which indicates the accuracy of our mmSkin system in terms
of moisture value estimation.

1 n
MME = — i — Uil
- ; lv; — 04
Structural Similarity Index Measure (SSIM): The Structural
Similarity Index [36] is a metric used to assess the similarity
between two images. The SSIM formula is typically expressed
as:

(10)

(2papy + C1)(200y + C2)
(12 + p2 + Cr)(02 + 02+ Ca)’

SSIM (z,y) = (11)
where 11, and p, are mean values of image = and image y, o2
and 05 are the variances, o, is the covariance between image
and image y, and C'; and C are regularization constants defined
as C; = (k1L)? and Cy = (koL)2. Here, L is the dynamic
range of pixel values (i.e., L = 255 for 8-bit mmWave and
SWIR images), while k1 = 0.01 and ke = 0.03 are empirically
determined scaling factors that align the metric with human
visual sensitivity. These constants serve two purposes:

1. Numerical Stability: By adding C; and Cs to the denomi-
nators, division-by-zero errors are avoided when the mean or
variance terms (u2 + p2) or (02 4 o2) are extremely small
(e.g., in uniform or near-uniform image regions).

2. Perceptual Relevance: The values of k; and k, are chosen to
reflect the human visual system’s tolerance to minor luminance
and contrast variations (approximately 1% and 3% relative
differences, respectively). For example, with L = 255 , the
resulting constants C; = 6.5025 and C'; = 58.5225 ensure that
SSIM prioritizes structural differences perceptible to humans
while ignoring negligible fluctuations [37].

SSIM values range from -1 to 1, where 1 indicates perfect
similarity, 0 means no similarity, and negative values suggest
inverse correlation.

V. SYSTEM FUNCTIONAL STUDY: WOUND PHANTOM TEST

As described in Section the wound condition is closely
linked to the moisture level due to the water seepage effect.
Therefore, wound assessment essentially involves evaluating
the moisture distribution. In this section, we evaluate the impact
of various factors on the moisture distribution assessment
performance of the mmSkin system. To conduct an accurate
analysis by controlling a single factor, we use the wound
phantom introduced in Section [[V-BI] as the test subject for
its controllable shape and moisture. As illustrated in Figure [9]
we create 60 distinct wound phantom subjects, each varying in
shape or moisture level. In the following sections, we perform

a series of experiments using the created subjects for data
collection.

A. System Factor Analysis

As outlined in Section the denoised mmWave imag-
ing algorithm reduces motion noise during mmWave sensor
scanning by synchronizing sensor-to-subject distance prior to
imaging. To evaluate its effectiveness, we divide the 60 wound
phantom subjects into 50 subjects for training and 10 subjects
for testing. For each subject, we put it 3 cm directly below the
center of the mmWave sensor scanning plane, rotate or flip
the subject, and conduct 10 scans to collect 10 sets of data
per subject. The dataset is trained and tested on two system
pipelines:

1). Comparison system: Conventional mmWave imaging
algorithm [16] combined with a PINN model.

2). mmSKkin system: Denoised mmWave imaging algorithm
combined with the same PINN model.

System performance is assessed on the testing dataset using
the SSIM metric described in Section Specifically, we
compare the similarity between the system’s output moisture
distribution and the groundtruth moisture distribution obtained
from the SWIR camera. As shown in Table [, the mmSkin
system, utilizing the denoised mmWave imaging algorithm,
outperform the comparison system in moisture distribution
estimation. This improvement highlights the enhanced image
quality provided by the denoised mmWave imaging algorithm,
emphasizing its important role in the mmSkin system.

TABLE 11
THE MEAN SSIM RESULTS FOR MOISTURE DISTRIBUTION ESTIMATION OF
DIFFERENT SYSTEMS.

System Type SSIM (Range from -1 to 1)

0.78
0.9

Comparison System
mmSkin System

B. Over-gauze Wound Assessment: Wound Phantom

Compared to existing wound assessment technologies, our
system offers penetration capabilities, enabling wound eval-
uation without removing the gauze. This feature minimizes
the risk of secondary infections. In this section, we assess
the system’s ability to perform over-gauze wound assessment,
specifically focusing on moisture distribution estimation. As
illustrated in Figure [I2] we test the system using 10 wound
phantom subjects from the testing dataset, each covered with
gauze of varying thickness. For each subject, we collect 10
sets of data after randomly rotating and flipping the subject.
The trained mmSkin system in Section is then used
to evaluate moisture distribution estimation across these 100
datasets. We compare the estimated moisture distribution with
the groundtruth moisture distribution obtained from the SWIR
camera, using the MME and mean SSIM value described in Sec-
tion to quantify the accuracy. As shown in Figure[12] The
experimental results conclusively demonstrate that the mmSkin
system maintains consistent performance regardless of gauze
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thickness (1-2 layers), achieving sub-1% MME (0.43-0.54%)
and high SSIM values (0.88-0.91) across all tested occlusion
conditions. Notably, the system’s accuracy slightly improves
with 2-layer gauze (MME=0.50%, SSIM=0.90) compared to
1-layer cases (MME=0.54%, SSIM=0.88), indicating that its
robustness is not compromised by increased occlusion depth.
The invariance to gauze thickness (1-2 layers) ensures reliable
wound assessment in real-world scenarios where clinicians
may apply varying numbers of dressing layers. With MME
consistently below 0.55% and SSIM exceeding 0.88, the system
minimizes false diagnoses—a vital requirement for efficient
wound care.

mmWave o o 7 MME (%) SSIM
sensor — , Without 043
= .7 x gauze 0.91
1-layer 0.54
Occlusion gauze 0.88
N
. N 2-layer 0.50

Subject AN gauze 0.90

00 02 04 06 08

Fig. 12. The MME and mean SSIM results for moisture distribution estimation
on the wound phantom under varying layers of gauze occlusion.

C. System Impact Factor

In this section, we evaluate the impact of four key system
factors: the distance between the subject and the mmWave
sensor, the angle of the subject relative to the mmWave
sensor, the number of samples per scanning location, and the
scanning speed. This analysis aims to provide a comprehensive
understanding of the mmSkin system and identify the optimal
parameter settings. The detailed evaluation process is discussed
in the subsequent sections.

1) Sensor-subject Distance: In the mmSkin system, the
mmWave sensor evaluates moisture by receiving signals
reflected from the subject surface. However, when the distance
between the subject and the mmWave sensor increases, the
reflected signals from the subject are more susceptible to
multipath interference caused by reflections from other objects
in the environment. This interference can degrade the accuracy
of moisture assessment. To evaluate the impact of the subject-to-
sensor distance on the system’s moisture distribution estimation
performance, we conduct experiments by placing 60 subjects
at varying distances from the center of the mmWave sensor
scanning plane. For each subject, 10 sets of data are collected.
The dataset from 50 subjects is used to train the system model,
while the remaining dataset of 10 subjects is reserved for
testing. We use the SSIM to evaluate the system performance
under different distances. As shown in Figure [I3] the sys-
tem’s moisture distribution estimation performance decreases
as the distance increases, consistent with our expectations,
demonstrating that shortening the subject to sensor distance is
important for enhancing the wound assessment performance
of the mmSkin system.

2) Sensor-subject Angle: In addition to sensor-subject
distance, we also analyze the impact of sensor-subject angle
on the system’s performance. Specifically, as described in

3cm 3cm 3em
Elevation = -50° Elevation = 0° Elevation = 50°
0.84 0.85 0.86 0.87 0.88 0.89 0.9
SSIM

Fig. 13. The mean SSIM results for moisture distribution estimation under
varying sensor-subject distance and sensor-subject angle.

Section [V-CT] we place 50 subjects at a fixed distance below
the mmWave scanning plane and collect data to train the
mmSkin system under the sensor-subject angle of azimuth
= 0°, elevation = 0°. Subsequently, we position another 10
subjects at various angles, including azimuth = [—50°,0°, 50°]
and elevation = [—50°,0°,50°], and perform multiple scans
after rotation and flipping.

The data collected from these 10 subjects are used to test
the trained mmSkin system’s performance. As shown in the
Figure [T3] the system’s performance remains consistent across
different sensor-subject angles. This is because the system
evaluates the moisture distribution of the subject, variations
in angles only alter the subject’s location within the mmWave
image but do not affect the imaging accuracy, ensuring that
the moisture estimation remains unaffected.

3) Number of Samples per Scanning Location: During the
mmWave sensor scanning process for moisture analysis, data
sampling is performed at each discrete, evenly spaced scanning
location. We analyze the impact of the number of sampling
points per data acquisition cycle in one scanning location
on the system’s moisture distribution evaluation performance.
Specifically, we vary the sampling rates during data collection,
resulting in different numbers of sampling points per acquisition
cycle. Following the setup described in Section [V-A] we use
data from 50 subjects to train the mmSkin system and test
the system’s performance using an additional 10 subjects. The
results, as shown in Figure [T4] indicate that increasing the
number of sampling points per scanning location improves the
system’s stability in moisture distribution evaluation. However,
the overall accuracy remains unaffected. This is because a
higher number of sampling points effectively reduces the
influence of random noise but does not enhance the inherent
quality of the received mmWave signals.

4) Scanning Speed: The mmWave sensor performs moisture
evaluation by scanning the target, where faster scanning speeds
result in shorter system latency but, theoretically, introduce
greater motion noise. We conduct experiments to analyze the
specific impact of scanning speed on system performance.
Same as described in Section [V-C3| the 60 subjects are split
and scanned under five different scanning speeds: 30, 40, 50,
60, and 70 mm/s. We test the moisture distribution estimation
performance of systems trained at corresponding scanning
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Fig. 14. The mean SSIM results for moisture distribution estimation under
varying numbers of samples per scanning location.

speeds using the testing dataset. As shown in Figure [I5]a),
the system’s performance significantly deteriorates when the
scanning speed exceeds 50 mm/s. Figure [I3[b) illustrates the
underlying reason: higher scanning speeds introduce noticeable
motion noise, which degrades image quality and subsequently
affects the system’s performance.

Speed = 30 mm/s

Speed = 70 mm/s

30 40 50 60 70
Scanning speed (mm/s)

(@)

Fig. 15. (a) The mean SSIM results for moisture distribution estimation under
varying scanning speed. (b) The comparison of mmWave images obtained at
scanning speeds of 30 mm/s and 70 mm/s.

o
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VI. SYSTEM PRACTICAL STUDY: INVIVO TEST

In this section, we investigate the performance of the mmSkin
system in over-gauze wound assessment on real human skin
and analyze the impact of various bio-impact factors on the
system’s performance. As described in Section [[V-B2] due to
the lack of real patient wound subjects, we simulate realistic
wounds by applying ultrasound gel on the skin. A larger
amount of ultrasound gel corresponds to higher moisture levels,
representing more severe wound conditions. The following
sections provide a detailed discussion of the invivo experimental
setup and findings.

A. Over-gauze Wound Assessment: Invivo Test

First, we examine the performance of the mmSkin system in
over-gauze wound assessment on real human skin, specifically

for moisture distribution estimation. In this study, we recruit
10 volunteers aged from 18 to 28, including 7 males and 3
females. Simulated wounds are created by applying ultrasound
gel on various skin areas. For each participant, 50 data samples
are collected. The training dataset is composed of data from 5
male and 2 female participants, while the remaining 2 male
and 1 female participants are included in the testing dataset to
evaluate the system’s performance.

Furthermore, for the subjects in the testing dataset, we cover
the simulated wounds with gauze of varying thicknesses, collect
additional data, and evaluate the system’s over-gauze perfor-
mance. As shown in Table[[T] the system’s moisture distribution
estimation remain largely unaffected by the presence of gauze,
demonstrating the system’s capability to perform reliable wound
assessment under over-gauze conditions.

TABLE III
THE MME AND MEAN SSIM RESULTS FOR MOISTURE DISTRIBUTION
ESTIMATION ON REAL SKIN UNDER DIFFERENT OVER-GAUZE CONDITIONS.

Gauze Thickness MME  SSIM (Range from -1 to 1)
Without Gauze 0.54% 0.85
1-layer Gauze 0.5% 0.86
2-layer Gauze 0.57% 0.83

B. Bio-impact Factors

In this section, we investigate the effects of various bio-
impact factors on the performance of the mmSkin system, i.e.,
skin tone, subject age and subject gender.

1) Skin tone: Skin tone is an important bio-impact factor,
significantly affecting the performance of optical devices, such
as cameras. To evaluate its influence on the mmSkin system’s
moisture distribution estimation, we utilize the dataset from 10
volunteers described in Section [VI-A]to train a mmSkin system.
Additionally, we recruit three extra subjects representing three
distinct skin tones based on the Fitzpatrick scale in the medical
standard [38]]. For each subject, 50 data samples are collected
to test the mmSkin system’s performance. As illustrated in
Figure [T6 skin tone has negligible impact on the mmSkin
system’s performance. This is because the mmWave signal
exhibits strong robustness to variations in skin tone, making
the system effective across a diverse range of skin colors.

Type 1

Type 3
(@ (®)

Type 4

Fig. 16. (a) is the mean SSIM results for moisture distribution estimation under
varying skin tones. (b) represents the Fitzpatrick scale, a medical standard
used as a reference for skin tone classification.
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2) Age: Age is another important bio-impact factor, as older
individuals often have less elastic or drier skin [39], which
might affect the system’s moisture evaluation for wounds. To
investigate this, we analyze the influence of age on system
performance. First, we train a mmSkin system using the dataset
of 10 volunteers described in Section Next, we recruit
three additional subjects aged 12, 40, and 45, none of whom
fall within the age range of the training dataset of the mmSkin
system. For each subject, 50 data samples are collected to
test the mmSkin system. We compare the system’s moisture
distribution estimation with the groundtruth obtained from
the SWIR camera, using SSIM as the evaluation metric. The
system achieved SSIM scores of 0.84, 0.82, and 0.85 for the
three subjects, respectively, indicating no significant impact on
performance. The primary reason for this robustness is that
age-related variations in skin moisture are minimal compared to
the significant differences in moisture levels on wound surfaces.
Thus, age does not substantially affect the system’s ability to
analyze wound moisture distribution.

3) Gender: As differences in skin moisture levels exist
between males and females, we conduct experiments to
evaluate the impact of gender-related moisture differences on
the system’s wound moisture assessment performance [40]].
Specifically, using the dataset described in Section
we train the system model with the dataset from 7 male
subjects and test the trained model on the dataset from 3
female subjects. The system’s moisture distribution estimation
accuracy is evaluated using SSIM, yielding a score of 0.86.
This result indicates that gender-related differences in skin
moisture levels do not significantly affect the system’s wound
moisture assessment performance. We don’t train the system
model using the female subjects’ dataset to test on the male
subjects’ dataset because the dataset, consisting of only three
female subjects, is too limited to support effective system
model training.

VII. DISCUSSION
A. mmSkin Scanning Speedup

By modifying the 2D motion stage type and substantially
increasing its movement speed from 50 mm/s to 500 mm/s,
the scanning duration can be notably reduced. The speed
enhancement would have streamlined the process considerably.
Moreover, the introduction of MMWCAS-RF-EVM board,
equipped with an advanced 82 virtual antenna array, has
augmented the scanning efficiency even further. By integrating
these advancements, the scanning time can be further reduced
to 10 seconds or less [41]], [42]]. Such improvements not only
optimize the scanning process but can also greatly enhance user
experience, operational throughput, and the overall efficacy of
applications where time is an important factor.

B. Future Metrics

As the mmSkin system continues to develop and integrate
into clinical settings, it becomes imperative to employ a
comprehensive evaluation framework that encompasses a
variety of performance metrics. These metrics, namely Signal-
to-Noise Ratio (SNR), image resolution, system response time,

and cost, are critical for assessing the system’s efficacy and
viability in real-world applications.

SNR: The SNR is a fundamental metric for any imaging
technology, where precision and clarity of the images are
paramount [43]]. High SNR values indicate a system’s ability
to distinguish signal from noise, which is crucial in clinical
environments where background interference can affect image
quality. Future evaluations will consider enhancing the SNR
through advanced signal processing algorithms and hardware
improvements, ensuring that the mmSkin system can deliver
high-quality images even in challenging conditions [44], [45].
This enhancement will be vital for ensuring that the system
can accurately detect subtle changes in wound conditions,
a key factor in monitoring healing processes and detecting
complications early.

Image Resolution: The mmSkin system’s capability to
image objects is a foundational achievement, but understanding
the system’s image resolution is paramount for real-world
applications. Resolution can make a significant difference in
the accuracy and clarity of the images produced, impacting the
system’s overall performance and applicability. By planning
extensive experiments to evaluate the resolution, we can get
a comprehensive understanding of the system’s strengths and
potential limitations. Furthermore, investigating the various
factors that can influence the resolution will offer insights into
optimizing the system for specific applications. By tailoring
the system parameters based on these findings, the mmSkin
system can be more effectively customized for different use
cases, ensuring both efficiency and precision [46], [47], [48].

System Response Time: In emergency and clinical settings,
the speed at which a system can process and display data is just
as important as the accuracy of the data itself. The response
time of the mmSkin system needs to be optimized to ensure that
it can deliver real-time feedback to healthcare providers. Future
iterations of the system will focus on minimizing processing
time through more efficient data handling and faster computing
hardware. This metric will be critical for the system’s usability
in fast-paced environments, ensuring that it can be seamlessly
integrated into clinical workflows without causing delays [49],
[50].

Cost: Cost-effectiveness remains a decisive factor in the
widespread adoption of new medical technologies. The price
of the mmSkin system must reflect its value to healthcare
providers and patients, balancing affordability with advanced
technology. Future evaluations will analyze the price in relation
to the system’s operational costs, potential savings from reduced
complications or faster wound healing, and the benefits of non-
invasive monitoring. Achieving a competitive price point while
maintaining high quality and functionality will be key to the
system’s success in the market [S1], [52].

C. Limitations and Future Work

Utilizing wound phantoms and simulating wounds on human
skin provides an initial framework to evaluate the mmSkin
system’s capabilities. These models, being controlled and
standardized, offer a consistent environment to gauge basic
system performance. However, the complexities and variabili-
ties inherent in real human wounds might present challenges
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not encountered with the models. Particularly, the system’s
ability to penetrate various dressing materials, which may vary
widely in composition and thickness [53]], and its sensitivity to
different wound components such as blood, pus, and necrotic
tissues [21]], [54], need thorough investigation. These elements
can significantly alter the electromagnetic properties of the
wound, affecting the mmWave signal’s behavior. By planning
to test the system on real human wounds in future studies, we
aim to enhance its robustness and adaptability, ensuring it is
equipped to handle the nuances of actual clinical scenarios.
This approach not only preserves the initial study’s intentions
but also opens avenues for refining the technology based on
direct clinical feedback and observations, ultimately increasing
the system’s clinical applicability and credibility.

VIII. RELATED WORK

Moisture Measurement: In the realm of moisture mea-
surement, RF sensors are categorized based on their method
of interaction with the target: contact and non-contact types.
Contact RF moisture sensors engage directly with the target.
These include Time-Domain Reflectometry (TDR) [55], [56],
Frequency Domain Reflectometry (FDR) [57], [58], [S9], and
Capacitance sensors [60], [61]. TDR sensors, for instance,
measure the time delay of a reflected signal to determine
moisture levels, offering high accuracy but necessitating
physical insertion into the target, which may be intrusive. FDR
sensors evaluate changes in the frequency of an electromagnetic
wave when it interacts with different moisture levels, providing
the advantages of quick measurement cycles and ease of
use, although they may offer less precision in targets with
varied densities or compositions. Capacitance sensors work
by detecting changes in capacitance due to variations in the
dielectric constant of the target caused by moisture. These
sensors are generally more affordable and adaptable to various
targets but can be influenced by temperature fluctuations and
often require calibration for specific applications.

Non-contact RF moisture sensors measure moisture without
physical interaction with the material. This category includes
microwave [62], [63], [64], radar-based systems [63], [66],
[67], [68], [69] and Near-Infrared (NIR) reflectometry [70],
[71], [72]]. Microwave sensors operate on the principle of the
dielectric constant, capitalizing on water’s significant dielectric
disparity with most materials, which enables deep penetration
and robust performance in diverse environments, though they
can be cumbersome and sensitive to material composition. NIR
sensors, conversely, offer rapid surface moisture assessments
through selective NIR light absorption by water molecules,
susceptible to surface characteristics interference. Additionally,
the poor penetration ability of the NIR light limits its availability
in various applications. Radar-based systems offer non-invasive
moisture detection through electromagnetic wave reflection
analysis. Within this category, the mmWave sensor emerges
as a superior choice, it possesses the unique capability to
penetrate fabric without obstruction while refraining from
deeply penetrating skin tissue, enabling precise focus on skin
surface sensing. Moreover, the mmWave imaging algorithm
proposed in this study, leveraging SAR technology, effectively

enhances spatial resolution, thereby facilitating more precise
skin surface moisture sensing.

mmWave Imaging Technologies: mmWave imaging capital-
izes on the short wavelengths within the millimeter spectrum,
facilitating high-resolution imaging suitable for diverse appli-
cations. Multiple Input Multiple Output (MIMO) [73]], [[74],
[75] imaging leverages antenna arrays for both transmission
and reception, creating detailed images that can differentiate
between various targets and attributes concurrently. Meanwhile,
beamforming [76], [46l, [77], a sophisticated signal processing
method employed in antenna arrays, concentrates the antenna’s
energy in targeted directions, thereby enhancing signal strength
and spatial resolution. Contrasting with these methods, SAR
[41], 178, [79], [8Q], [81] imaging constructs expansive,
highly detailed images by moving a solitary antenna across
a predetermined trajectory. Unlike MIMO and beamforming,
whose imaging resolutions are tightly linked to the antenna
array’s dimensions, SAR circumvents this limitation, enabling
high-resolution imaging without necessitating larger, more
costly sensors. This is a pivotal reason our mmSkin system
adopts SAR technology, aiming to deliver precision without
increasing the system’s size and cost.

IX. CONCLUSION

In our study, we introduce the mmSkin system, an emerging
mmWave-based technology designed for over-gauze wound
assessment. Our findings demonstrate mmSkin’s capability to
detect variations in water content through RF signal analysis
and its potential in estimating wound moisture, which is
closely linked to the wound’s condition. The system integrates
an innovative denoised mmWave imaging algorithm that
effectively reduces motion noise, enhances spatial resolution,
and distinguishes target signals from environmental interfer-
ence. Furthermore, a moisture distribution derivation model
is incorporated, leveraging the physical correlation between
moisture and mmWave signal response to guide and expedite
model training. The practicality of the mmSkin system has
been validated through extensive testing, confirming its reliable
performance on over-gauze wound assessment. This technology
can significantly reduce the risk of infection by eliminating
the need for gauze removal during assessment. In addition,
as we explore its wide range of applications, the mmSkin
system shows great promise as a valuable tool for non-invasive
skin health monitoring, advancing the role of mmWave sensor
technology in wound care.
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