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Abstract Pressure injury is a serious health concern among the elderly and individuals with restricted 
mobility and is often associated with pain that reduces quality of life. Conventional assessment relies on 
clinician visual inspection and subjective pain scales, which are difficult to apply to patients with limited 
communication abilities. Therefore, early identification, accurate stage classification and objective pain 
assessment are essential for effective clinical intervention. This study develops an embedded pressure 
injury stage classification and pain assessment system integrating a colour sensor and an electrodermal 
activity (EDA) sensor with a Rule-Based Decision Tree to classify pressure injuries into four clinical stages, 
powered by a six-cell 1.5 V proton battery pack as an alternative to conventional lithium-based power 
sources. The system achieved an overall accuracy, precision, recall, and F1-score of 0.88, 0.89, 0.88, and 
0.88, respectively. Skin Conductance Level (SCL) increased progressively from Stage 1 to Stage 3 and 
decreased at Stage 4, indicating a preliminary physiological pattern associated with injury severity. The 
battery pack maintained a stable output voltage of 9.1 V at an average current consumption of 279.9 mA, 
demonstrating its feasibility as an alternative power source. Because the thresholds were derived from 70 
annotated Medetec images and validated on only two subjects with four injury sites (40 region-level 
measurements), the reported metrics should be interpreted as preliminary proof-of-concept rather than 
definitive clinical validation, and larger studies are needed for clinical confirmation. 

Keywords: Pressure injury; stage classification; objective pain assessment; Proton battery. 

I. Introduction
Pressure ulcers, also known as bedsores, are localised
injuries to the skin and underlying tissues caused by
continuous pressure that restricts blood circulation and
reduces oxygen and nutrient delivery, so that the tissue
becomes ischemic and may progress to necrosis if the
pressure is not relieved [1]. They arise most often over
bony prominences such as the heels, hips, lower back
and buttocks, elbow, shoulder, and back of the head,
through tissue deformation caused by sustained
compression, shear stress, or both [2]. Their
development is strongly associated with immobility, as
in prolonged bed rest, wheelchair use, or critical illness
[3], and is aggravated by moisture, friction, poor
nutrition, and impaired sensory perception [4],
characteristics common among the elderly, whose
ability, sensory perception, and movement decline with
age [5]. Approximately two-thirds of cases occur in

patients over 70 years old, and up to 83% of 
hospitalised patients may develop pressure ulcers 
within the first five days of admission [6]. Clinically, 
pressure ulcers are categorized into stages I-IV 
according to the depth and severity of tissue damage 
[1], as shown in Fig. 1. The term ulcer, which 
traditionally refers to an open wound with tissue loss, 
does not apply to early stages such as Stage I or Deep 

Fig. 1. Clinical stages of pressure injury (Stages 
1–4) according to the NPIAP staging system. 
Reproduced from Revised NPIAP [7]  
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Tissue Pressure Injury (DTPI), where damage occurs 
beneath the skin before it becomes visible. Since 2016, 
the National Pressure Ulcer Advisory Panel (NPUAP) 
has therefore replaced the term ulcer with injury [7], [8] 
and renamed itself the National Pressure Injury 
Advisory Panel (NPIAP), while Roman numerals were 
replaced by Arabic numerals to avoid confusion with 
terms such as intravenous (IV). The updated 
terminology also incorporates current understanding of 
aetiology, including tissue deformation, impaired 
perfusion, microclimate effects, nutrition, and tissue 
tolerance [9], and is used throughout this paper. 

Although pressure injuries are recognised as a 
serious health concern, Indonesia still diagnoses them 
largely manually, through visual inspection of the 
affected skin and tools such as the decubitus staging 
system or the Braden Scale [10]. The Braden Scale 
assesses six qualitative parameters, namely sensory 
perception, moisture, activity, mobility, nutrition, and 
friction/shear, with a score range from 6 to 23 that 
indicates pressure injury risk [11], [12]. Despite its 
widespread use, the Braden Scale relies heavily on 
subjective evaluation and on the patient’s ability to 
perceive and report pain [13], [14]. This is a critical 
limitation for patients who cannot express pain, such as 
infants, toddlers, and the elderly, and for those with 
reduced or absent sensory perception caused by spinal 
cord injury, neuropathy, diabetes, or prolonged 
unconsciousness [15], where the lack of reliable 

sensory feedback can delay detection until the injury is 
advanced [16]. 

Therefore, a device is needed to quantitatively 
identify and classify pressure injuries directly on the 
body. Most existing studies apply artificial intelligence 
algorithms to clinical or online pressure injury or 
database images [17], [18], [19], [20], [21], [22], and 
several use smartphone-acquired images [23], [24], 
which introduce variability from camera specifications, 
lighting and image quality. Furthermore, deep learning 
classifiers also require substantial computation and are 
not easily implemented on low-cost microcontrollers. 
The reported solutions are thus image-dependent, 
computationally demanding, or restricted to risk 
prediction, and none couples an objective pain 
indicator to stage classification at the bedside. This 
research gap is addressed in the present work. 

The present study addresses these limitations with 
a TCS3200 colour sensor that classifies pressure injury 
stages from direct colour measurement rather than 
image analysis, eliminating dependence on camera 
quality, reducing computational complexity and 
enabling real-time operation on resource-constrained 
hardware. An EDA sensor is integrated to detect 
autonomic responses associated with discomfort or 
impending tissue injury, even without reported pain, 
supporting objective assessment and addressing the 
limitations of the Numeric Rating Scale in individuals 
with sensory impairment.  

Fig. 2. Block diagram of the proposed embedded pressure-injury assessment system comprising (1) 
colour-sensor-based stage classification using the TCS3200 and Arduino Mega and (2) EDA-based pain 
assessment using the BITalino platform. 
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A portable point-of-care device further requires a 
compact and safe power source. Lithium-ion (Li-ion) 
and lithium-polymer (Li-Po) cells dominate portable 
electronics because of their high energy density and 
low self-discharge rate, but their non-aqueous, solvent-
based electrolytes are prone to leakage and thermal 
runaway, a fire and explosion hazard in a device used 
in direct contact with patients [25]. The proton battery, 
a rechargeable cell using protons (H⁺) as charge 

carriers in an aqueous acidic electrolyte with carbon-

based or solid-polymer electrodes, is an emerging 
alternative [26], [27]. The small ionic radius and low 
mass of the proton give fast ion-transport even at low 
temperatures [28], the aqueous electrolyte removes the 
flammable-solvent hazard [29], and prototypes show 
acceptable cycle stability [30]. We treat it here as an 
application-level enabling component rather than an 
object of electrochemical study. 

The novelty of this work lies in integrating three 
elements within a single embedded, point-of-care 
device: (i) stage classification obtained directly from 
TCS3200 colour-sensor readings using a lightweight 
rule-based decision tree, avoiding the camera 
dependence and heavy computation of image- and 
deep-learning-based pipelines; (ii) objective, 
communication-independent pain assessment through 
electrodermal activity; and (iii) a proton-battery power 
supply as a safer alternative to lithium-based 
chemistries. To the best of our knowledge, this 
combination has not been reported previously. The aim 
is therefore to develop and experimentally evaluate a 
camera-free device that classifies pressure injury into 
the four NPIAP stages from direct colour measurement 
while providing an objective pain indicator derived from 
electrodermal activity, operating entirely from a proton 
battery. The specific contributions are: (1) a calibrated 
colour-sensing pipeline in which the raw TCS3200 
response is dark- and white-referenced, normalised, 
and converted through the CIE XYZ and CIE L*a*b* to 
HSV, making the staging thresholds device- and 

illumination-independent; (2) per-stage HSV decision 
ranges derived statistically from 70 annotated Medetec 
images and encoded as a deterministic rule-based 
decision tree with an explicit overlap-resolution rule, 
reported as a numbered algorithm; (3) objective pain 
assessment from the tonic skin conductance level, 
integrated in the same device and related to the 
classified stage; (4) characterisation and integration of 
a six-cell proton-battrey pack with quantified system-
level voltage, current and power; and (5) validation on 

clinically confirmed pressure injuries under licensed 
medical supervision, compared systematically with 
image- and deep-learning-based approaches. 
 
II. Method 
A. Hardware Design 
The system consists of two sub-systems: (1) stage 
classification and (2) pain assessment, each with its 
own microcontroller, namely an Arduino Mega 
connected to a TCS3200 colour sensor and a BITalino 
(r)evolution board connected to a BITalino EDA sensor. 
The EDA signal is analogue and low-voltage and 
requires amplification, filtering, ADC, and sampling 
logic provided by the BITalino board, whose 3-pin JST 

Table 1. Specifications of the principal hardware components used in the proposed pressure-injury staging 
and EDA-based pain-assessment system. 

Criteria 

Component’s name 

Color sensor 
Arduino Mega 

EDA(1 
Sensor 

BITalino MCU(2 

Input voltage (V) 3.3-5 7-12 3.3 3.7 (Li-Po) 

Size (mm) 20 × 20 101.5 × 53.3 25 × 15 92 × 60 

Sampling Rate (Hz) 10-100 10-1000 1000 Up to 1000 

Analog Port No 16 (A0-A15) Yes 6 (A0-A5) 

Digital Port Yes 54 (14 PWM) No 2 (D0, D1) 

Required software Arduino IDE Open Signals/ Phyton API 
1)EDA: Electrodermal Activity; 2)MCU: Microcontroller Unit 

 
 
Fig. 3. Three-dimensional design of the proposed 
handheld system: (a) front view, (b) side view, and 
(c) electrodermal activity (EDA) probe. The 
enclosure dimensions are approximately 17 cm × 
10 cm. 

 

 

 

 

 

(a)                      (b)                      (c) 
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connector with custom wiring also does not match 
Arduino headers; two microcontrollers are therefore 
needed. The overall process is shown in the block 
diagram of Fig. 2, and the component specifications are 
shown in Table 1. The system was designed as a 
portable handheld device with an additional EDA 
probe, as shown in Fig. 3, with dimensions of 10 cm 
high by 17 cm wide side view. A 9V proton battery 
powers the Arduino and the TCS3200 colour sensor. 
Although two microcontrollers are used, the 
classification results are displayed on a single LCD for 
easier use. The analogue EDA signals are captured by 
the BITalino microcontroller board and sent to a PC by 
Bluetooth, analysed with a Python API and returned to 
the Arduino, which acts as the master microcontroller, 

classifies the data from both sensors and displays the 
results on the LCD via I2C. 

To determine the stage, the colour sensor was 
positioned 5-10 mm from the injury under a minimum 
of 80 lux illumination. For pain assessment, a pre-
gelled Ag/AgCl electrode was placed near the injury to 
measure skin conductivity, which changes with sweat 
gland activity. The skin was cleaned with 70% isopropyl 
alcohol (about 2 min), followed by a 3–5-min 
stabilisation period for skin-electrode equilibrium. 
Baseline activity was then recorded for 1 min, followed 
by five stimulus trials of 20-30 s each, giving a session 
of about 10-15 min. Electrodes were positioned 
approximately 2 cm from the wound margin on intact 
skin at a consistent anatomical site per subject. All 
recordings were made with the subject at rest and 
before any wound manipulation, at a controlled ambient 
temperature of 24–26 oC, and each participant’s 
current medication was recorded.  
B. Battery Development 
A proton battery, also called a solid-state hydrogen cell 
(SSHC), uses carbon as its main material and can 
employ plasticized solid polymer-based electrodes 
made of organic material (solid biopolymer electrode, 
SBE). The SBE was developed primarily from 
carboxymethyl cellulose (CMC), whose hydrophilic 
properties facilitate proton transport pathways and 
reduce interfacial resistance. Activated Carbon (AC) is 

Table 2. Measured output voltage of the evaluated 
solid biopolymer electrolyte (SBE) formulations. 

SAMPLE Voltage (V) 

CMC(1+AC(2 1.522 

CMC+AC+PC(3 1.580 

CMC+LiOH(4 1.581 

CMC+LiOH+PC 1.610 
1)CMC: carboxymethyl cellulose; 2)AC: Activated 
Carbon; 3)PC: pyrolytic carbon; 4)LiOH: Lithium 
Hydroxide. 

 
Fig. 4. Flowchart of the rule-based decision tree for classifying pressure injuries into Stages 1–4 using hue, 
saturation, and value (HSV) colour thresholds derived from the annotated dataset. 
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the primary electron-conducting filler and secondary 
pore-forming agent, Lithium Hydroxide (LiOH) is a 
solid-state alkaline additive, and pyrolytic carbon (PC) 
minimises parasitic side reactions and reduces the 
overpotential of proton intercalation/ desorption [31]. To 

evaluate the individual and combined contributions of 
the binder chemistry and the carbon additive, four 
configurations were prepared from a two-variable 
factorial design: (1) CMC+AC, (2) CMC+AC+PC, (3) 
CMC+LiOH, and (4) CMC+LiOH+PC. Configuration (4) 
yielded the highest and most stable voltage at 1,610 V, 
as shown in Table 2. The proton battery used in this 
system follows the 1,5 V Type C (R14) format with 
dimensions of 26.2×50 mm2. The fabrication details are 
described elsewhere [32].  The embedded system 
requires a supply voltage between 7 V and 9 V, 
whereas a single fabricated cell delivers a nominal 
open-circuit voltage of only about 1.5-1.6 V, so six cells 
were connected in series. For a series string, the 
terminal voltage of the pack under a load current equals 
the sum of the individual cell voltages reduced by the 
drop across the total internal resistance, as expressed 
in Eq. (1) [33]. 

𝑉𝑝𝑎𝑐𝑘 = ∑ 𝑉𝑖 − 𝐼

𝑁𝑐

𝑖=1

∑ 𝑅𝑖𝑛𝑡,𝑖

𝑁𝑐

𝑖=1

 (1) 

where Vpack (V) is the terminal voltage of the assembled 
pack, Vi (V) is the open-circuit voltage of the i-th cell, 
Rint,i (Ω) is the internal resistance of the i-th cell, 𝐼 (A) is 

the current drawn by the load, and 𝑁𝑐 = 6 is the number 

of series-connected cells. Under open-circuit 
conditions (I = 0 A), Eq. (1) reduces to the sum of the 
individual cell voltages, which is the quantity reported 
for the assembled pack in the Results section. The 

electrical demand that the complete prototype imposes 
on the pack was quantified from the mean measured 
pack voltage and the mean measured load current. The 
average power consumption and the energy delivered 
by the pack over the operating interval were 
determined using Eq. (2) [33]. 

𝑃̅ = 𝑉̅𝑝𝑎𝑐𝑘 ∙ 𝐼,̅ 𝐸 =  𝑃̅ ∙ 𝑡𝑜̅𝑝 (2) 

where 𝑃̅(𝑊)is the average power consumption of the 

complete system, 𝑉̅𝑝𝑎𝑐𝑘 (V) and 𝐼 ̅ (A) are the mean 

measured pack voltage and mean load current, 
respectively, 𝐸 (𝐽) is the energy delivered by the pack, 

and top (s) is the operating time. Eq. (2) is applied in the 
Results section to the measured pack voltage and 
system current. 
C. Software Design 
Pressure injury stage classification is based on the 
TCS3200 colour sensor, which determines colour from 
the intensity of red, green, and blue light reflected from 
a surface through an array of filtered photodiodes. 
Because the raw output is device- and illumination- 
dependent, it is calibrated in three steps (dark-offset 
removal, white-reference scaling and linear colour 
correction) and then transformed to the XYZ for a 
device-independent representation, to CIELAB for 
perceptual uniformity, and finally to HSV. The full 
calibration and conversion procedure, Eqs. (S1)–(S16) 
with Fig. S1, is given in the Supplementary Material. 
Calibration was accepted only when the mean colour 
difference against the reference patches satisfied 

dE*ab  5. The converted HSV value serves as input to 

the pressure injury stage classification. Using the Rule-
Based Decision Tree method, an algorithm based on 
HSV values was developed to classify pressure injury 
into four stages. The value for each stage is explained 
in the system flowchart in Fig. 4.  

Table 3 shows HSV decision ranges per stage 
(centre-region sampling) used by the rule-based 
decision tree, with hue in degrees (0-360) and 
saturation and value in %. Ranges marked * wrap 
across the 0/360 deg boundary. The thresholds were 
obtained from the center region of each annotated 
image and applied without modification during patient 
validation, ensuring an independent evaluation of the 
decision rules. A total of 70 annotated pressure injury 
images from the Medetec database were used, 

Table 4. Stage-wise classification performance of the rule-based decision tree on 40 region-level clinical 
measurements. 

Stage TP(1 FP(1 FN(1 Precision(2 Recall(2 Specifi city(2 F1-sco re(2 

Stage 1 8 2 2 80.0 80.0 93.3 80.0 

Stage 2 10 0 0 100 100 100 100 

Stage 3 9 2 1 81.8 90.0 93.3 85.7 

Stage 4 8 1 2 88.9 80.0 96.7 84.2 
1)TP: True Positive, FP: False Positive, FN: False Negative 
2)Precision, recall, specificity, and F1-score are expressed as percentages 

Table 3. Hue, saturation, and value (HSV) decision ranges 
for pressure-injury Stages 1–4 derived from 70 annotated 
Medetec images. The asterisk indicates hue intervals 
crossing the 0°/360° boundary. 

Stage Hue  
(deg) 

Saturation 
(%) 

Value  
(%) 

Stage 1 354-65.4* 8.0-58.2 60.8-100 
Stage 2 342-102* 16.0-82.4 74.9-100 
Stage 3 3.1-98.9 17.4-44.8 75.7-96.1 
Stage 4 16.4-25.6 39.1-50.2 69.4-73.3 
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comprising Stage 1 (n = 10), Stage 2 (n = 20), Stage 3 
(n = 25), and Stage 4 (n = 15), selected to show clearly 
visible, unobstructed wound beds. Two representative 
points, at the edge and centre of the injury, were 
annotated per image against the Medetec reference 
staging. These images were used exclusively for rule 
derivation and threshold determination, after 
standardisation comprising controlled illumination at 80 
lux, white reference calibration, brightness 
normalisation and colour correction against a reference 
patch. The Medetec collection predominantly contains 
lighter skin tones, so generalizability to darker 

pigmentation was not established here and is 
acknowledged as a limitation. The decision ranges 
listed in Table 4 were obtained statistically from the 
annotated dataset rather than being chosen 
heuristically. Hue, however, is an angular quantity 
defined on [0°, 360°), so its central tendency cannot be 
obtained with the ordinary arithmetic mean. The 
circular mean of Eq. (3) was used instead [34]. 

𝐻𝑠 = 𝑎𝑟𝑐𝑡𝑎𝑛2 ( ∑ 𝑠𝑖𝑛𝐻𝑖

𝑖∈𝜔𝑠

, ∑ 𝑐𝑜𝑠𝐻𝑖

𝑖∈𝜔𝑠

) 𝑚𝑜𝑑 360° (3) 

where Hi (deg) is the hue of the i-th annotated sample, 
Ωs is the set of annotated samples belonging to stage 
s, arctan2() is the four-quadrant inverse tangent, and 

𝐻̅𝑠 (deg) is the mean hue of stage s. The modulo 

operation returns the result to the interval [0°, 360°). 
This circular treatment is also what produces the two 
ranges marked with an asterisk in Table 3, which wrap 
across the 0°/360° boundary. For each stage s and 
each channel c ∈ {H, S, V}, the decision interval was 

then defined as the sample mean plus or minus k 
standard deviations, Eq. (4), with k = 2, so that the 
interval covers approximately 95% of the annotated 
observations of that stage under a normal 
approximation [35]. For hue, the deviations were 
measured with respect to the circular mean of Eq. (5). 

𝑇𝑠,𝑐
𝑚𝑖𝑛 = 𝜇𝑠,𝑐 − 𝑘𝜎𝑠,𝑐  , 𝑇𝑠,𝑐

𝑚𝑎𝑥 = 𝜇𝑠,𝑐 + 𝑘𝜎𝑠,𝑐 (4) 

where μs,c and σs,c are the sample mean and sample 
standard deviation of channel 𝑐 over the annotated 

samples of stage 𝑠, 𝑘 is the coverage factor, and 𝑇𝑠,𝑐
𝑚𝑖𝑛

 

and 𝑇𝑠,𝑐
𝑚𝑎𝑥

are the lower and upper decision limits that 

define the hue, saturation and value intervals of stage 

𝑠 reported in Table 3. 
𝐼𝑠(𝐻, 𝑆, 𝑉) = 𝜒𝐻𝑠(𝐻) ∙ 𝜒𝑆𝑠(𝑆) ∙ 𝜒𝑉𝑠(𝑉) (5) 

where 𝜒𝑋𝑥(𝑋)is the indicator function, equal to 1 when 

x lies inside the interval X and 0 otherwise, and Is(H, S, 
V) ∈ {0, 1} is the membership indicator of stage 𝑠. The 

candidate set is defined as A = {s : Is(H, S, V) = 1}. 
Because the hue intervals of adjacent stages overlap 
(Table 3), the candidate set A may contain more than 
one stage. The ambiguity is resolved deterministically 
by assigning the measurement to the candidate stage 
whose circular mean hue is closest to the measured 
hue, Eq. (6); if A is empty, the measurement is reported 
as unclassified instead of being forced into a stage [34], 
[35]. 

        𝑠̂ = arg 𝑚𝑖𝑛∆𝑐(𝐻, 𝐻), 
∆𝑐(𝛼, 𝛽) = 𝑚𝑖𝑛(|𝛼 − 𝛽|, 360° − |𝛼 − 𝛽|) 

(6) 

where ŝ is the predicted stage, Δc(α, β) is the circular 
distance between two angles expressed in degrees, 
and |·| denotes the absolute value. This rule 
guarantees a unique output for every measurement 
and is the only tie-breaking mechanism used by the 
classifier. The complete procedure, from the offline 
derivation of the thresholds to embedded classification, 
electrodermal processing and presentation of the 
result, is summarised in Algorithm S1 in the 
Supplementary Material. Lines 1-18 are executed once 
on a workstation and produce the twelve threshold 
constants of Table 3. Lines 19-39 are the procedure 
that runs on the device itself. Lines 28-30 state 
explicitly how a reading that falls inside the ranges of 
more than one stage is resolved, and how a reading 
that matches no stage is reported. 

Validation was conducted on two subjects with 
clinically confirmed pressure injuries under the 
supervision of licensed medical personnel, with 
reference staging, injury location, characteristics and 
clinical background established beforehand (details 
and EDA electrode positions are given in Table S1 in 
the Supplementary Material). The system was 
deployed in the subjects’ homes under controlled 
illumination (80 lux). Ten injury regions (edge and 
centre) were sampled, producing 40 observations, 
while the EDA sensor near the injury recorded five 
averaged values per injury. The deterministic rule-
based decision tree derived from the Medetec dataset 
was applied without parameter modification to ensure 
independent evaluation. Its threshold-based structure 
requires minimal computational resources and enables 
real-time execution on embedded hardware. 
Performance was assessed at the image-region level 
using a confusion matrix comparing predicted and 
reference labels, from which accuracy, precision, 

Table 5. Stage-wise classification outcomes and 
electrodermal pain-assessment measurements of 
the proposed embedded system. 

Stage True(1 False(1 
SCL  SD(2 

(μS) 

NRS(3 
scale 

Stage 1 8 2 152.831.42 3 

Stage 2 10 0 593.922.62 5 

Stage 3 9 1 1019.970.24 10 

Stage 4 8 2 0.30.03 N/A(3 
1)“True” and “False” indicate correct and incorrect stage 
classifications, respectively. 
2)SCL: skin conductance level; SD: standard deviation.  
3)NRS: Numeric Rating Scale; N/A: not applicable.  
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recall, and F1-score were calculated using Eqs. (7)-
(10). 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

(7) 
 

(8) 
 

(9) 
 

(10) 

where TP represents the number of samples correctly 
classified as positive, TN represents the number of 
samples correctly classified as negative, FP represents 
the number of negative samples incorrectly classified 
as positive, and FN represents the number of positive 
samples incorrectly classified as negative. Accuracy 
indicates the proportion of correctly classified samples 
among all samples, precision measures the proportion 
of correctly predicted positive samples among all 
samples predicted as positive, recall measures the 
proportion of actual positive samples that are correctly 
identified, and the F1-score represents the harmonic 
mean of precision and recall. Because the clinical 
validation set is small, every proportion is reported 
together with a 95% confidence interval computed with 
the Wilson score method, which remains valid for small 
samples and for proportions close to 0 or 1, the 
expression is given in the Supplementary Material. 
D. Electrodermal Activity (EDA) Measurement for 

Pain Assessment 
One of the most used methods for assessing pain is the 
Numeric Rating Scale (NRS) [36], which rates pain 
from 0 to 10 as no pain (0), mild (1-3), moderate (4-6), 
and severe (7-10). It has good reliability, validity and 
responsiveness and requires no special equipment, but 
it is subjective and depends on the patient’s cognition 
and communication. In patients who may not feel pain 
because of neuropathy, spinal cord injury or limited 
sensory perception, the NRS cannot detect underlying 
physiological changes until the patient feels and reports 
pain. Electrodermal Activity (EDA) is a biomarker that 
reflects an individual's responsiveness to stimuli, 
including pain, and is a useful pain indicator in clinical 
settings. It works by placing two electrodes on the skin 
and measuring the skin's conductivity as nerve-
mediated sweating changes the sweat excreted by the 
sweat glands [37].  The electrical conductivity produced 
by the skin (typically expressed in micro-siemens, μS) 
has two components: tonic activity, the Skin 
Conductance Level (SCL), which indicates the baseline 
value of the skin’s electrical conductance, and phasic 
activity, the Skin Conductance Response (SCR), a 
rapid change triggered by a specific stimulus. When a 
person experiences pain, skin conductivity increases 
proportionally as the sweat glands secrete sweat 
containing water and ionic salts, especially NaCl [38]. 

The electrodermal signal was acquired with the 
BITalino EDA sensor, which applies a constant voltage 
across two Ag/AgCl electrodes and digitises the 
resulting current with a 10-bit converter at 1000 Hz on 
channel A3. Each sample is converted to skin 
conductance through the front-end transfer function 
and modelled as the superposition of a slowly varying 
tonic component (SCL) and faster, stimulus-locked 
phasic responses (SCR) [39]. Because the recordings 
were acquired continuously without discrete external 
stimuli, no phasic activity was elicited, and the tonic 
term dominates, so the value reported for each 
recording is the mean conductance over the analysis 
window, with its standard deviation quantifying within-
recording variability. The corresponding expressions, 
Eqs. (S17)-(S19), are given in the Supplementary 
Material. 

The EDA sensor is used here to assess pain in 
elderly individuals who have difficulty communicating, 
so that the NRS scale is limited or unavailable (N/A). 
More accurate pain assessment would require 
additional modalities such as heart rate, respiratory 
rate and blood pressure, which should be used 
alongside it. Due to some limitations, these were not 
available in this study. The objective was therefore to 
measure skin conductance and compare it with the 
NRS scale to obtain baseline data. Every reported 
quantity is affected by random and systematic effects, 
combined following the standard approach for the 
expression of uncertainty in measurement [40]. The 
Type A component was evaluated statistically as the 
standard deviation of the mean of the repeated 
readings, and the Type B component from the 
resolution and accuracy specifications of the 
instruments used, namely the digital multimeter, the 
quantisation step of the colour channels and the least 
significant bit of the 10-bit electrodermal converter, the 
two being combined and expanded as in Eq. (11) [40]. 

𝑢𝐶 = √𝑢𝐴
2 + 𝑢𝐵

2 , 𝑈 = 𝑘 ∙ 𝑢𝐶 (11) 

where uA is the Type A (statistical) standard 
uncertainty, uB is the Type B (instrumental) standard 
uncertainty, uC is the combined standard uncertainty, 𝑘 

= 2 is the coverage factor corresponding to an 
approximate 95% level of confidence, and 𝑈 is the 

expanded uncertainty. All tolerances quoted in the 
Result section were obtained in this way. 
 
III. Result 
A. Embedded System Performance 
After obtaining the RGB colour range from the Stage 1-
4 injury regions, conversion to the CIELAB and HSV 
colour spaces was performed for both the edge and 
centre areas, and the resulting HSV ranges were used 
as input to the Rule-Based Decision Tree. Overall 
performance was evaluated with a confusion matrix, 
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from which accuracy, precision, recall, and F1-score 
were calculated, as presented in Fig. 5. 

Table 4 presents class-wise performance derived 
from the confusion matrix (one-vs-rest; n = 40 region-
level measurements, values in %). The overall region-
level accuracy was 35/40 = 87.5% (95% Wilson 
confidence interval 73.9-94.5%). Given the small 
sample and repeated edge/ center measurements from 
the same wounds, these intervals are wide and should 

be interpreted with caution. Stage 2 is separated most 
reliably, whereas Stage 1 shows the lowest precision 
and recall because its color overlaps with adjacent 
stages. The individual mean SCL per recording for both 
patients are reported in Table S2 in the Supplementary 
Material. The representative per-stage values 
correspond to the mean stage recordings in Table 5 

(Stage 1 = 152.83  1.42, Stage 2 = 593.92  2.62, 

Stage 3 approx. 1019.97  0.24, Stage 4 = 0.3  0.03). 

The very low SCL of the Stage 4 patient is consistent 
with extensive sensory-nerve damage and near-absent 
electrodermal response. Because SCL is a 
physiological proxy influenced by several confounders 
and the sample is small, this relationship is indicative 

only. The EDA data were acquired continuously 
without discrete external stimuli, so the recorded 
EDA signal represents the tonic component of skin 
conductance, the Skin Conductance Level (SCL), 
which reflects baseline sympathetic nervous 
system activity and is appropriate for monitoring 
sustained physiological conditions such as 
ongoing pain. 
B. Battery Performance 

To evaluate the feasibility of the fabricated proton battery 
as an alternative power source, the electrical 
characteristics of the individual cells were investigated 
first. Since the embedded system requires an operating 

voltage between 7−9 V, six cells were connected in 

series, and prior to integration, each cell was 
characterised through repeated open-circuit voltage 

 

Fig. 5. Confusion matrix of the rule-based 
pressure-injury stage classifier evaluated on 40 
region-level measurements. Rows represent 
reference stages and columns represent predicted 
stages; matrix entries indicate the number of 
observations. 

 

 

 

 
(a) 

 
(b) 

 
(c) 

Fig. 6. Electrical performance of the fabricated 
proton batteries: (a) open-circuit voltage of six 
individual cells over five repeated 
measurements, (b) mean open-circuit voltage of 
each cell, and (c) mean open-circuit voltage 
stability during 24 h of monitoring. 
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(OCV) measurements to assess fabrication consistency 
and voltage stability. 

Fig. 6(a) presents the repeated OCV measurements 
of the six fabricated proton batteries over five trials. The 
measured voltages remained highly consistent, with 
Battery 3 exhibiting the highest average voltage of 

approximately 1.554  0.001 V and Battery 6 the lowest 

at approximately 1.496  0.005 V. The maximum 

variation was below 0.01 V, indicating excellent 
repeatability of the fabricated electrochemical cells. The 
average OCV of each battery is summarised in Fig. 6(b), 

ranging from approximately 1.496  0.005 V to 1.554  

0.001 V, corresponding to a maximum deviation of only 
about 3.9% among all cells. Such small variation 
demonstrates reproducible electrochemical 
characteristics suitable for constructing a multi-cell 
battery pack. Long-term voltage stability was evaluated 
through open-circuit monitoring over 24 hours, as 
illustrated in Fig. 6(c). The average OCV gradually 
decreased from approximately 1.61 V immediately after 
fabrication to approximately 1.56 V after 24 hours, a 
reduction of approximately 3.1%. After the initial 
stabilization during the first few hours, the voltage 
remained nearly constant, suggesting relatively low self-
discharge during storage under open-circuit conditions. 
Following individual cell evaluation, six proton batteries 
were connected in series to form the power source for 
the embedded system. The assembled pack produced 
an average output voltage of approximately 9.1 V, 
satisfying the operating voltage requirement, and 
successfully powering the complete embedded 
hardware throughput functional evaluation, 
demonstrating the feasibility of the fabricated proton 
battery as an alternative portable energy source. 
 
IV. Discussion 
The system demonstrated promising, clinically 
interpretable performance across all evaluated stages. 
As summarised in Table 5, it correctly classified 35 of 
40 samples, an overall accuracy of 87.5% with 5 
incorrect predictions. Stage 1 gave 8 correct 
classifications out of 10, with an SCL of 152.83 µS 
corresponding to an NRS of 3, consistent with the mild 
pain expected from superficial epidermal involvement.  
Stage 2 was classified completely, 10 out of 10, with an 
SCL of 593.92 µS and an NRS of 5, reflecting pain from 
partial-thickness damage extending into the dermis. 
Stage 3 gave 9 out of 10 correct, an SCL of 1019.97 
µS, and an NRS of 10, indicating severe pain 
consistent with full-thickness tissue destruction. Stage 
4 gave 8 out of 10 correct, an SCL of 0.3 µS and a non-
applicable NRS. This near-zero SCL observed in Stage 
4 was unexpected and may reflect individual 
physiological or measurement-related factors rather 
than injury severity. SCL increased gradually from 
Stage 1 to Stage 3 and decreased markedly at Stage 

4. Because the electrodes were positioned adjacent to, 
rather than on the wound, the measurement represents 
the electrodermal response of the surrounding skin. 
EDA primarily reflects sympathetic sudomotor activity 
through changes in sweat gland activity and skin 
conductance, and previous studies report EDA 
changes in response to painful stimuli [41]. Thus, the 
increase from Stage 1 to Stage 3 may indicate an 
elevated autonomic response associated with pain or 
the physiological stress of the injury. The near-zero 
SCL at Stage 4 cannot, however, be attributed directly 
to nerve destruction within the wound. Although Stage 
4 injuries involve extensive tissue loss that may reach 
deeper structures [7], the present data are insufficient 
to establish a direct stage-SCL relationship, and the 
reduction may also reflect individual physiological 
variation and measurement factors such as electrode 
contact, skin hydration, temperature and electrode 
position. The pattern is therefore preliminary, and 
studies with more subjects, controlled electrode 
placement and repeated measurements are needed to 
confirm reproducibility. 

The gradual increase in SCL from Stage 1 to Stage 
3 is consistent with Sugimine et al. [42] and Kyriacou et 
al. [43], who showed that normalised SCL correlates 
significantly with subjective pain scores, with SCL 
during physical pain stimulation substantially greater 
than during general stress not involving pain, 
supporting SCL as a pain-specific signal. It must be 
emphasised that SCL is a physiological proxy rather 
than a direct measure of pain intensity, and because 
EDA is modulated by sweating, ambient temperature, 
anxiety, hydration, medication, and emotional state, the 
present SCL-pain association requires multimodal 
confirmation. The confusion matrix in Fig. 5 further 
elaborates the classification behaviour. The model 
achieved 88% accuracy, 89% precision, 88% recall and 
an F1-score of 88%, and its diagonal dominance 
indicates that most samples were assigned correctly, 
except for Stages 1 and 4, which each accounted for 2 
misclassifications. The high F1-score indicates the 
good classifyication of both positive and negative 
cases, which matters clinically because incorrect 
staging directly affects treatment decisions. The 
primary objective of this study is the development of the 
embedded classification and pain assessment system 
rather than the electrochemical optimisation of proton 
batteries, so battery evaluation focused on electrical 
consistency and successful system integration instead 
of comprehensive battery characterisation. 

The repeated OCV measurements shown in Fig. 
6(a) and Fig. 6(b) demonstrate excellent reproducibility, 
with very small variations between repeated 
measurements and among cells. This consistency 
matters for series-connected packs because voltage 
imbalance can accelerate capacity degradation and 
reduce pack reliability. The observed variation of less 
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than about 4% indicates good repeatability and Table 6. Systematic comparison of the proposed system with representative pressure injury assessment 
studies. Metric types are stated explicitly because accuracy and mAP are not comparable quantities. 

Study, year 
[Ref] 

Sensing 
modality & 
Algorithm/ 

model 

Dataset size Subjects / 
clinical cases 

Reported 
performance and 

error (metric 
type) 

Computational 
requirement 

Validation 
design 

Silva et al., 
2021 [17]    

Electronic 
health records 
& Random 
Forest 

Retrospective 
ICU records; 
size not 
reported 

ICU inpatients; 
count not 
reported 

Accuracy 96%, 
error 4% 
(accuracy; risk 
prediction) 

Server-side 
model on 
tabular data 

Retrospective 
internal 
validation 

Lau et al., 
2022 [24]  

Smartphone 
RGB camera 
& YOLOv4, 
TensorFlow 
Lite on 
Android 

190 original 
images from 
Medetec and 
other public 
sources; 
1,278 training 
and 144 
validation 
images  

None for 
training or 
validation; 10 
printed test 
images applied 
to a forearm 

Accuracy 63.2%, 
error 36.8% 
(accuracy, 5 
classes); 80-
90% in the 
printed real-life 
test 

GPU 
(CUDA/cuDNN) 
for training; 
smartphone for 
inference 

Source-disjoint 
random split, 
10-fold cross-
validation, 
plus a 
deployment 
test with three 
phones at 125 
and 58 lux 

Aldughayfiq 
et al., 2023 
[18]  

RGB clinical 
photographs & 
YOLOv5 
(detection and 
classification) 

More than 
1,000 images 
(Medetec plus 
about 200 
web images, 
augmented); 5 
classes 

None (image-
only study) 

mAP@50 
76.9%, 
mAP@50-95 
39.8%, precision 
78.1%, recall 
68.5%, F1 
73.2% (detection 
metrics) 

Cloud GPU 
(Google Colab) 

Held-out 
validation set; 
split ratio not 
reported 

Chang et 
al., 2024 
[23]  

Smartphone 
RGB camera 

& YOLOv8m, 
on-device 
inference 

2,800 
annotated 
images; 6 
severity 
classes 

None (image-
only study) 

Accuracy 84.6%, 
error 15.4%, and 
mAP@50 90.8% 
for the same 
model 

GPU for 
training; mobile 
inference of 
about 3 s per 
image 

Train/test on 
the annotated 
image set; no 
patient-level 
validation 
reported 

Asare-
Baiden et 
al., 2024 
[19]   

Infrared 
thermography 
and optical 
imaging & 
CNN (three 
architectures 
compared) 

Images 
acquired from 
35 
participants 
across a 
range of skin 
tones 

35 participants; 
temperature 
differences 
induced by 
cooling and 
cupping 

Accuracy about 
88%, error about 
12% (accuracy) 

GPU Robustness 
assessed 
across 
cameras, 
lighting, pose 
and distance 

Liu et al., 
2025 [20]  

Clinical 
photographs & 
Deep-learning 
segmentation 
network 

Images 
collected in 
four hospitals; 
count not 
reported 

Hospital 
patients; count 
not reported 

Accuracy about 
83% 

GPU Agreement 
with manual 
wound count, 
dimension and 
area 

Priharti et 
al. [22], 
2025 

Raspberry Pi 
camera & 
CNN 

Image 
dataset; count 
not reported 

Not reported Accuracy 83.3%, 
error 16.7% 
(accuracy) 

Raspberry Pi 
single-board 
computer 

Internal test 
set 

This work, 
2025 

Non-imaging 
TCS3200 
colour sensor 
and EDA 
sensor & 
Rule-based 
decision tree 

70 annotated 
Medetec 
images (140 
sampling 
points), used 
only to derive 
the thresholds 

2 patients, 4 
clinically 
confirmed 
injury sites, 40 
region-level 
measurements 

Accuracy 87.5% 
(95% Wilson CI 
73.9-94.5%), 
error 12.5% (5 of 
40); precision 
89%, recall 88%, 
F1 88% 

8-bit 
microcontroller, 
no GPU, 
deterministic 
real-time 
execution 

Thresholds 
derived offline 
from Medetec 
and applied 
without 
modification 
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sufficiently uniform electrolyte composition and 
electrode preparation. 

The OCV stability in Fig. 6(c) further indicates 
favourable electrochemical stability during storage. 
The initial decrease over the first several hours is 
consistent with the relaxation behaviour reported for 
aqueous zinc-based proton batteries, after which the 
cell voltage remained relatively stable over the 
remainder of the 24-hour observation, suggesting low 
self-discharge and suitability for intermittent operation 
of portable embedded systems.  These findings agree 
with previous electrochemical characterisation of a 
rechargeable proton battery using the same CMC-
LiOH-PC solid biopolymer electrolyte, which achieved 
an initial OCV of approximately 1.61 V, ionic 
conductivity of approximately 1.01×10−2 S/cm, and an 
initial discharge capacity of approximately 2.7 mAh at 9 
mA, remaining rechargeable over approximately 9-10 
cycles before gradual capacity degradation [25], [44]. 
The close agreement with the voltage obtained here 
provides additional evidence of comparable 
electrochemical behaviour despite the different 
application contexts. Unlike the study, the present work 
evaluates the proton battery under practical 
embedded-system operation rather than laboratory 
battery testing. The assembled six-cell pack provided 
approximately 9.1 V, enabling continuous operation of 
the prototype without an external laboratory supply. 
The measured system current of approximately 280 
mA is determined primarily by the combined 
consumption of the Arduino Mega, BITalino board, 
TCS3200 sensor, LCD and peripheral circuitry rather 
than by the intrinsic discharge capability of an individual 
cell, so the pack demonstrates application feasibility 
rather than a complete electrochemical evaluation.  

During validation, the pack powered the prototype 
for several hours of continuous measurements and 
remained operational for up to several days of 
intermittent use. Because the electrochemical 
characteristics were not evaluated under controlled 
constant-current loading, no capacity or runtime is 
derived theoretically. Future work will include constant-
load discharge curves, energy-capacity determination, 
discharge curves, internal resistance, cycle life, 
coulombic efficiency and direct comparisons with 
commercial Li-ion and Li-Po batteries under identical 
conditions.  To position the proposed system relative to 
existing work, Table 6 compares seven representative 
studies across sensing modality, algorithm or model, 
dataset size, subjects or clinical cases, reported 
performance, computational requirement, and 
validation design. The studies address different 
aspects of pressure-injury assessment. Silva et al. [17] 
focused on pressure-injury risk prediction from 
electronic health records using random forest and 
logistic regression, rather than staging existing injuries. 
Lau et al. [24] investigated smartphone-based RGB 

imaging with YOLOv4 and TensorFlow Lite, including a 
deployment test under different lighting conditions. 
Aldughayfiq et al. [18]  developed a YOLOv5-based 
approach for image detection and classification, while 
Chang et al. [23]  extended smartphone-based 
assessment using YOLOv8m with on-device inference 
across six severity classes. Asare-Baiden et al. [19] 
explored infrared thermography combined with optical 
imaging and examined robustness across skin tones 
and imaging conditions, although the experimental 
conditions did not involve clinically confirmed pressure 
injuries. Liu et al. [20] addressed wound segmentation 
from clinical photographs, focusing on quantitative 
wound delineation rather than direct severity 
classification. Priharti et al. [22] demonstrated an 
embedded image-based classification approach using 
a Raspberry Pi camera and CNN. In contrast, the 
present work uses non-imaging colour and 
electrodermal activity sensing with a rule-based 
decision tree implemented on an 8-bit microcontroller. 
Thus, the studies share the objective of supporting 
automated or quantitative pressure-injury assessment 
but differ in their sensing modality, assessment target, 
computational architecture, and degree of clinical 
validation. 

Four observations follow from this comparison. 
First, dataset size and subject count are largely 
decoupled in this field. The studies with the largest 
image sets [18], [23] involved no participants, whereas 
those that did used small cohorts [19], [24]. The present 
work used 70 annotated images solely to derive 
thresholds and validated on 40 region-level 
measurements from two patients, so its validation is 
genuinely clinical but clearly underpowered, which is 
why the accuracy is reported with its 95% Wilson 
interval of 73.9-94.5%. Second, the reported figures 
measure different quantities. The 76.9% in [18] is a 
mean average precision at an intersection-over-union 
threshold of 0.50, a detection metric that also penalises 
localisation error, whereas the 87.5% obtained here is 
an accuracy on operator-delimited wound regions and 
is comparable only with the accuracy entries, being on 
a par with [23] and [19], higher than [24], and lower than 
[17], which predicts injury incidence from electronic 
health records rather than staging an existing injury. 
Third, the computational requirements differ by orders 
of magnitude. Every image-based approach requires 
GPU training, and the on-device implementations still 
need a smartphone-class processor, whereas the 
proposed classifier consists of twelve thresholds and a 
single tie-breaking comparison, Eqs. (4)-(6), runs 
deterministically on an 8-bit microcontroller and draws 
279.9 mA at 9.1 V, about 2.5 W by Eq. (2), although it 
localizes nothing and stages only the region on which 
the operator places the probe. Fourth, the validation 
designs are not equivalent. Most comparable studies 
evaluate a model on a held-out subset of the same 
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image collection, whereas here we derived the 
thresholds from the Medetec and applied them without 
modification to measurements from a different sensing 
device, a stricter form of transfer but on a much smaller 
validation set. The comparison should therefore be 
interpreted in terms of the different operating regimes 
and validation contexts of the respective approaches 
rather than as a direct performance ranking. 

Despite the encouraging results, this study is a 
preliminary proof-of-concept evaluation with several 
limitations. First, clinical validation was limited to two 
subjects with four injury sites; the 40 region-level 
observations are repeated measurements (edge and 
centre) from the same injuries and do not represent 
independent clinical cases, which may give an 
optimistic estimate of performance and widen the true 
confidence intervals. Second, colour-based staging 
can be affected by skin tone, infection, moisture, 
lighting, necrotic tissue and wound-dressing condition, 
so reliable separation of the four stages by colour alone 
is not guaranteed across all clinical presentations. 
Third, SCL is a physiological proxy, not a direct 
measure of pain intensity, and is influenced by 
numerous confounders, so multimodal validation is 
required before it can serve as a quantitative pain 
indicator. Finally, the battery characterisation is limited 
to OCV repeatability, stability, and successful 
integration. Full discharge profiling, runtime, energy 
capacity, rechargeability, cycle life and identical-load 
comparison against Li-ion/Li-Po cells remain ongoing 
work. Larger multi-centre studies with independent 
cases and greater skin-tone diversity are needed to 
confirm these findings. 
 
V. Conclusion 
This study developed and evaluated an embedded 
pressure injury stage classification and pain assessment 
system powered by a six-cell proton battery pack as an 
alternative to conventional lithium-based power sources. 
The system integrated a colour sensor and an EDA 
sensor and employed a Rule-Based Decision Tree to 
classify pressure injuries across four clinical stages, 
achieving an overall accuracy, precision, recall, and F1-
score of 0.88, 0.89, 0.88, and 0.88, respectively, a well-
balanced result for preliminary proof-of-concept 
evaluation. The observed variation in SCL across stages 
indicates the potential of EDA as a physiological 
indicator for objective pain assessment, although the 
increase from Stage 1 to Stage 3 and the subsequent 
decrease at Stage 4 remain preliminary and do not yet 
establish a direct relationship between SCL, pain, and 
injury severity. The proton battery pack maintained a 
stable output of 9.1 V at an average current consumption 
of 279.9 mA, demonstrating its viability as a safer clinical 
power alternative to conventional Li-ion or Li-Po 
batteries. The proposed system therefore shows strong 
potential as a practical, energy-efficient tool for real-time 

pressure injury assessment at the point of care, with 
future work recommended to expand the dataset for 
broader clinical validation. 
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