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ed colorimetric analysis of pH
strips using machine learning

Ece Yıldız,a Mustafa Şen a and Mehmet Akif Özdemir *ab

This study introduces a machine learning (ML)-enhanced smartphone application designed for the precise

colorimetric quantification of pH strips. To ensure the robustness of the system against environmental

variations, a comprehensive dataset was constructed by capturing images of pH strips under diverse

illumination conditions and camera angles. Following region of interest extraction, an initial set of 33

colorimetric features was employed to train and evaluate 15 different regression models. To ensure

model interpretability and computational efficiency, a SHapley Additive exPlanations (SHAP)-based

analysis was implemented, successfully identifying six critical descriptors (including color channel

skewness, entropy, and intensity metrics) that primarily govern the pH prediction. The best-performing

model (R2 = 0.99) was subsequently integrated into a user-friendly Android application, pHScoper. This

application enables image capture, interactive cropping, and offline, on-device quantitative analysis

without cloud reliance. Overall, the developed platform demonstrates strong potential for reliable, low-

cost pH measurements in resource-limited settings.
Introduction

pH measurement is fundamental in healthcare, given that
many biological processes are inherently pH-dependent, and
deviations from normal pH ranges are oen associated with
various disease states.1–4 Conventional pH meters provide high
accuracy; however, their cost, maintenance requirements, and
susceptibility to electrode degradation limit their applicability
in eld and point-of-care settings.5,6 As a result, pH indicator
strips and paper-based microuidic devices (mPADs) have
emerged as a simple and cost-effective alternative for rapid pH
assessment.7 These devices can be incorporated into compact,
on-chip platforms, enabling low-volume and on-site analysis.
These assays indicate the acidity or alkalinity of a sample
through a visible color change in response to hydrogen-ion (H+)
concentration.8 Sample pH is typically assessed qualitatively or
semi-quantitatively using reference color charts; however, such
visual interpretation is inherently subjective and affected by
both user perception and environmental conditions. To over-
come this limitation, the colorimetric signals of these low-
volume assays can be digitized and analyzed computationally.
This integration of digital image processing seamlessly trans-
forms simple pH strips into compact, quantitative point-of-care
analytical platforms.5 By eliminating human bias,
ir Katip Celebi University, Izmir, Turkiye.

aboratory, Izmir Katip Celebi University,

of Chemistry 2026
a computational approach may ensure reproducibility and
analytical reliability.

To enable this digital quantication, smartphones have
emerged as an ideal platform, owing to their advanced
computational capabilities and embedded high-resolution
cameras as optical sensors.9 This technological convergence
has facilitated the integration of colorimetric detection into
portable analytical systems across diverse biological, chemical,
and healthcare applications.10–14 In practice, smartphone-based
systems process captured images to extract specic quantitative
descriptors, primarily utilizing color spaces such as RGB (Red,
Green, Blue) and HSV (Hue, Saturation, Value).15 By correlating
these image-derived features with analyte concentrations,
robust calibration models can be established, effectively trans-
lating complex chromatic responses into precise quantitative
measurements.16,17

Unlike conventional rule-based or simple analytical methods,
which struggle to model the highly non-linear and non-
monotonic colorimetric responses of multi-pad strips,18 arti-
cial intelligence (AI) architectures are inherently equipped to
map these complex feature interactions, enabling accurate,
continuous pH interpolation between discrete integer values. In
scenarios requiring fast, portable, and efficient analysis, these
data-driven approaches play a pivotal role in enhancing colori-
metric detection. Consequently, smartphone-based colorimetric
methods employing such algorithms have gained popularity due
to their affordability, adaptability, and portability.19–21 AI-driven
colorimetric detection has been successfully applied across
environmental, healthcare, and food safety elds. For instance,
Mutlu et al.19 used smartphone images of pH strips as a training
Anal. Methods
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set for a Least Squares Support Vector Machine (SVM) classier
to evaluate illumination effects. Mercan et al.22 introduced Glu-
coSensing, a machine learning (ML)-based portable mPAD plat-
form for glucose quantication from a smartphone. Similarly,
Feng et al.23 developed a nanosensor using convolutional neural
networks for glucose detection, and Liu et al.24 applied ML to
microuidic paper strips to detect salivary uric acid. These AI-
enhanced colorimetric strategies enable low-volume, on-chip
analysis, transforming subjective, semi-quantitative assays into
reliable quantitative methods. Nevertheless, most AI models
operate as “black boxes”, where only the nal predictions are
observable, making it challenging to quantify the information
embedded in the inputs.25–27 To address this limitation in
scientic and medical contexts, explainable AI (XAI) methods
such as SHapley Additive exPlanations (SHAP)28 are increasingly
applied to interpret model outputs and identify the most
important features. In the context of colorimetric analysis,
feature-attribution techniques are particularly relevant, as they
quantify and visualize the contribution of image-derived features
to model predictions.29 By ranking and aggregating Shapley
values, SHAP-based interpretation may facilitate evaluation of
whether predictive performance is driven by physically mean-
ingful colorimetric descriptors rather than by illumination vari-
ations or background interference.

The strategic integration of explainable AI into smartphone-
based colorimetric systems is still largely unexplored, despite
the acknowledged necessity for interpretability. Alongside
transparency, feature importance assessment is a crucial tool
for model optimization in this eld. SHAP enables the identi-
cation and elimination of redundant or noise-sensitive vari-
ables by measuring the precise contribution of particular
colorimetric descriptors. This targeted feature selection is
highly advantageous for smartphone platforms, as it facilitates
the development of lightweight ML models for efficient, on-
device computation without the need for high computational
power. Furthermore, isolating physically meaningful color
features ensures robust and consistent analytical performance
across varying environmental and illumination conditions.
Addressing these gaps, this study introduces pHScoper,
a portable and user-friendly Android application that combines
Fig. 1 The workflow for ML-based pH detection on a smartphone appli

Anal. Methods
SHAP-based feature optimization with ML-driven colorimetric
analysis for quantitative pH determination, providing a reliable
point-of-care tool for resource-limited settings.
Materials and methods

The schematic workow of smartphone-based colorimetric pH
detection is illustrated in Fig. 1. The process begins with the
immersion of pH strips into 15 different solutions corresponding
to discrete pH values (e.g., pH 0, 1, 2, ., 13, 14). Images of the
strips were captured using a smartphone under varying illumi-
nation and camera angle conditions to construct a representative
dataset. The acquired images were subsequently pre-processed,
and colorimetric features were extracted for ML model training.
To ensure robust performance across diverse conditions, the
initial models underwent validation for generalizability. Aer-
wards, XAI techniques were employed to interpret feature impor-
tance, enabling the identication of a signicant subset. The
models were then retrained on this reduced feature set, and the
optimal model was deployed as a custom smartphone application.
Materials

The materials used included aqueous solutions adjusted to pH
values ranging from 0 to 14.0, prepared by controlled titration of
sodium hydroxide (NaOH) and hydrochloric acid (HCl).
Commercial pH indicator strips (MQuant® 109535.0001, Merck
KGaA, Darmstadt, Germany) were used as the colorimetric
sensing medium. All solutions were homogenized using
a vortex mixer (MX-S, Scilogex LLC, Rocky Hill, USA). Prior to
any test strip immersion and image acquisition, the reference
pH values of all prepared solutions were experimentally vali-
dated using a calibrated benchtop pH meter (AZ 86505 Afford-
able Benchtop pH & Conductivity Meter, AZ Instrument Corp.,
Taichung, Taiwan) to ensure the reliability of the reference
measurements used for ML model training and evaluation.
Dataset collection

pH strip images were captured using a 12 MP smartphone
camera (Apple iPhone 11) with a native resolution of 3024 ×
cation.

This journal is © The Royal Society of Chemistry 2026
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4032 px, a 26 mm focal length lens, and an f/1.8 aperture. All
experiments and image acquisitions were conducted under
stable laboratory conditions at approximately 25 °C. Since
measurements were performed within a narrow and controlled
temperature range, no temperature correction was applied. The
reference pH values were veried using a calibrated benchtop
pH meter under the same conditions, consistent with previous
studies reporting room-temperature pH measurements for
paper-based sensing systems.30 The acquisition of images was
performed under approximately constant laboratory ambient
conditions while varying illumination and camera angles to
reect real-world variability. Each pH-adjusted solution
produced a distinct color change on the pH strip, and each strip
corresponding to a given pH value was imaged at least 15 times
to expand the dataset and capture experimental variability,
resulting in a dataset comprising 1035 images.

To better reect real-world operational environments, strict
hardware-based color calibration and lux measurements were
intentionally omitted during image acquisition. Instead,
Fig. 2 Representative images of pH strips captured under four illuminat
flashlight, indoor without flashlight, outdoor with flashlight, and outdoor
values.

This journal is © The Royal Society of Chemistry 2026
experimental variability was systematically introduced to eval-
uate the computational robustness. As shown in Fig. 2, images
were captured under diverse, uncalibrated indoor and outdoor
conditions. For indoor setups, laboratory uorescent bulbs
(Philips 12 W) provided a neutral-to-cool illumination at
approximately 4000 K. Outdoor images were acquired under
partially clouded daylight (∼5000–6500 K) to represent diffuse
natural lighting. To simulate practical scenarios involving
multiple light sources, dual-illumination congurations were
also evaluated by combining these ambient sources with the
smartphone's integrated LED ashlight (∼5000–6500 K).20

Alongside these varying illumination conditions, ve camera
angles (center, le, right, lemost, and rightmost) were
employed across 15 discrete pH values, resulting in 300 distinct
image capture congurations. While the distance between the
smartphone camera and the pH strip was kept constant to
ensure scale consistency, collecting a diverse, uncalibrated
dataset ensures that the proposed framework can computa-
tionally compensate for complex illumination variations
ion conditions. Each row (top to bottom) corresponds to indoor with
without flashlight. Each column represents one of the 15 discrete pH

Anal. Methods
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without requiring external calibration targets from the end-
user. Additionally, to assess device-dependent variability, an
additional independent image set corresponding to a full pH
range (0–14; examples are presented in SI Fig. S1) was acquired
using a second smartphone (Huawei Mate 10 Lite) under
varying illumination conditions and camera angles.
Image processing and feature extraction

Each input image was pre-processed in MATLAB R2023b
(MathWorks, Natick, USA) by cropping a region of interest (ROI)
corresponding to the colored area of the pH strip, consisting of
four indicator pads. The ROI was dened by manually selecting
the corner coordinates using the drawpolygon function, enabling
consistent isolation of the sensing region across all samples. The
extracted coordinates were stored as text les (.txt) and converted
to .mat format to generate binary masks for ROI extraction.

Fig. 2 illustrates the images of pH strips acquired under four
illumination conditions across different pH levels. To quanti-
tatively analyze the variations of color associated with pH, RGB
values were converted into HSV and CIELAB color spaces. To
ensure a comprehensive analysis, features were extracted from
these multiple color spaces. Statistical parameters, including
mean, skewness, and kurtosis, were included to characterize the
distribution properties and asymmetry of color intensity values
within the multi-pad sensing region. Additionally, texture- and
intensity-based features (such as contrast, correlation, energy,
entropy, homogeneity, and mean intensity) were incorporated
to capture spatial heterogeneity and inter-pad transitions. A
total of 33 complementary descriptors were chosen due to their
proven physical relevance in image-based chemical sensing
applications.18 This initial comprehensive feature set served as
a base for the subsequent feature importance analysis, which
was utilized to identify the most critical descriptors and elimi-
nate redundant variables.
Training and testing ML models

Various regression models, including linear regressors, decision
trees, ensemble methods, support vector machines (SVM),
kernel-based models, and neural networks, were trained and
evaluated in Python 3.10 (Python Soware Foundation, Dela-
ware, USA) using the PyCharm IDE (JetBrains N.V., Amsterdam,
Table 1 Regression models with learned parameter counts and approxi

Category Model

Linear models Linear regression/efficient linear regre
Trees Coarse tree/medium tree/ne tree
SVM Linear SVM

Quadratic SVM
Cubic SVM
Gaussian SVM
Kernel (exp.) SVM

Kernel methods Kernel least-squares
Ensemble methods Bagged trees

Boosted trees
Neural networks Narrow neural network (10)

Wide neural network (100)

Anal. Methods
Netherlands). To improve the robustness and generalizability of
model evaluation while reducing variance, a k-fold cross-
validation strategy was applied during model development.
Because preliminary screening indicated slow or redundant
performance for some models, and certain models (e.g.,
Gaussian Process Regression (GPR) and its variants) have inte-
gration requirements that are not well aligned with lightweight
mobile deployment, other available regression models were not
included. In order to improve the performance of generalization
and to reduce the likelihood of overtting, model selection was
guided by both predictive performance and fold-to-fold consis-
tency. Table 1 lists the regression models evaluated in this study.

The evaluated regression models exhibit distinct character-
istics in modeling colorimetric pH behavior. Linear models
assume proportional relationships between extracted colori-
metric features and pH values, providing interpretability and
computational efficiency but limited expressiveness for
modeling nonlinear color transitions across the full pH range.
Decision tree-based models partition the feature space through
rule-based splits, enabling nonlinear mapping; however, coarse
variants may undert complex calibration behavior. Ensemble
methods, including bagged and boosted trees, improve
predictive stability through model aggregation, contributing to
variance reduction and enhanced robustness to illumination-
induced variability. Kernel-based SVM models address
nonlinear feature-target relationships by projecting features
into higher-dimensional spaces, with performance inuenced
by regularization parameters and kernel selection. Neural
networks are capable of capturing higher-order feature inter-
actions inherent in colorimetric responses, offering exible
nonlinear approximations well-suited for representing pH-
dependent color transitions. Model selection was guided not
only by predictive performance but also by computational effi-
ciency and suitability for lightweight mobile deployment.

The dataset was partitioned into a training set (80%) and
a test set (20%). A 10-fold cross-validation procedure was
applied to the training subset during model development and
selection, while the independent test subset was used for nal
performance evaluation. The labeled data used for supervised
regression consisted of 33 colorimetric features as input vari-
ables and their corresponding pH values as continuous target
outputs.31,32 Feature importance analysis was subsequently
mate storage

Number of parameters Size (KB)

ssion 34 ∼0.27
∼175/375/495 ∼1/∼2/∼2.7
17 647 ∼138
9827 ∼76.8
9011 ∼70.4
9759 ∼76.2
2048 ∼16
2048 ∼16
13 380 ∼105
3150 ∼25
351 ∼2.7
3501 ∼27

This journal is © The Royal Society of Chemistry 2026
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conducted on the selected regression model using the SHAP
method. The resulting SHAP values were used to estimate the
contribution of individual features to the model output and to
rank colorimetric features according to their relative impor-
tance. This ranking was further used for feature reduction by
selecting the most inuential features and retraining models
with reduced feature sets to determine whether similar
predictive performance could be maintained with fewer input
features.
Android app design

An Android application, pHScoper, was developed to extract
colorimetric information and predict pH values from commer-
cial pH strip images using an ML regression model. The nal
selected regression model was developed in Python and
subsequently converted into the TensorFlow Lite (.tite) format
using the TensorFlow Lite Converter API. To ensure minimal
memory footprint (as detailed in SI Table S1), standard model
optimization ags were applied during this conversion to
enable lightweight, efficient on-device inference. The mobile
application, pHScoper, was implemented in Kotlin using
Android Studio (Fig. 3a). By embedding the TensorFlow Lite
interpreter directly into the application architecture, inference
is performed locally on the smartphone. This approach elimi-
nates the requirement for cloud connectivity, thereby ensuring
operational portability, computational efficiency, and user data
privacy. The practical application workow consists of four
sequential stages: (i) image acquisition via the device's camera
or gallery import (Fig. 3b); (ii) ROI extraction using an adjust-
able cropping interface to select the indicator pads (Fig. 3c); (iii)
on-device feature extraction from the cropped region (imple-
mented utilizing native Kotlin Bitmap processing to compute
the colorimetric and statistical descriptors); and (iv) local ML-
Fig. 3 Screenshots of the pHScoper mobile application. (a) Startup scre
capture an image by selecting one from the gallery or capture a picture fr
cropping screen is displayedwhere the user isolates the ROI from the bac
with an option to return to the home screen.

This journal is © The Royal Society of Chemistry 2026
based prediction. Upon tapping the Analyze button, the
continuous pH prediction is immediately computed and di-
splayed on the screen (Fig. 3d).
Evaluation metrics

The performance of the regression models was evaluated using
the coefficient of determination (R2) and error metrics such as
mean absolute error (MAE), mean squared error (MSE), and root
mean squared error (RMSE):

R2 ¼ 1�
PN

i¼1

ðyi � ŷiÞ2

PN

i¼1

ðyi � yÞ2
(1)

MAE ¼ 1

N

XN

i¼1

jyi � ŷij (2)

MSE ¼ 1

N

XN

i¼1

ðyi � ŷiÞ2 (3)

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffi
MSE

p
(4)

where i represents the test samples (i = 1, ., N), N is the
number of samples in the test set, ŷ represents the predicted
value, and y denotes the actual value.
Results

A qualitative assessment of the acquired images revealed that
the illumination source signicantly impacts camera-based
color perception. As illustrated in Fig. 2, distinct color varia-
tions were observed across identical pH strips depending on the
en displaying the application logo and home interface, with options to
om the camera. (b) Image gallery to upload an image of a pH strip. (c) A
kground. (d) Result screen showing the assessed pH value after analysis,

Anal. Methods
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Fig. 4 Comparison of 15 regression models based on R2 values with error bars.
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lighting setup. Specically, images captured under indoor
lighting without a ashlight exhibited cooler tones compared to
other setups. Conversely, under outdoor conditions with the
ashlight enabled, the yellow pads (pH 0) displayed reduced
luminosity compared to their counterparts captured without
the ashlight. To mitigate these illumination-induced varia-
tions, we generated a comprehensive dataset featuring identical
pH strips captured under diverse luminosity levels. The ROI-
derived features were compiled into a structured dataset for
ML model training in Python, comprising 33 colorimetric,
texture-, and intensity-based input variables used for regression
Fig. 5 (a) SHAP-based feature importance analysis of the WNN model a
(bii) a-skewness, (biii) V, (biv) V-kurtosis, (bv) R-skewness, and (bvi) entrop

Anal. Methods
analysis. Based on their R2 values, a total of 15 regression
models were evaluated.

The efficient linear regression and coarse tree models yiel-
ded the lowest R2 values and were therefore excluded from this
task. SVMs and ensemble-based methods demonstrated better
performance. The wide neural network (WNN) achieved the
highest predictive performance (R2 = 0.99) and was conse-
quently selected for further analysis. The variability of the R2

values across cross-validations was represented by error bars, as
shown in Fig. 4. The central bar corresponds to the mean R2

value for each regression model, while the upper and lower
nd (b) pH-dependent variations of the top 6 features: (bi) G-skewness,
y.

This journal is © The Royal Society of Chemistry 2026

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6ay00780e


Paper Analytical Methods

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

8 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/2
9/

20
26

 9
:5

3:
04

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
limits of the error bars represent the maximum and minimum
R2 values obtained during 10-fold cross-validation. Based on the
error bars, the highest consistency was achieved by the WNN
model, whereas the largest variation was reected by the coarse
tree model. The relatively narrow error bars observed for the
WNN model indicate stable predictive behavior across valida-
tion folds and support its robustness against overtting.

A feature importance analysis was carried out to quantify the
relative impact of each feature on the regression model's
output. Moreover, this analysis can improve model interpret-
ability and predictive performance.33 Therefore, the best-
performing model was interpreted using SHAP values in
Python. Among the 33 extracted colorimetric features, the
model identied G-skewness, a-skewness, V, V-kurtosis, R-
skewness, and entropy as the most inuential features for the
colorimetric determination of pH, as shown in Fig. 5a. Based on
the plots in Fig. 5(bi–bvi), the skewness of the green channel
exhibited a pronounced peak under highly basic conditions,
reecting enhanced asymmetry in pixel intensity distributions
at high pH values. A secondary peak was also observed around
pH 4, suggesting increased asymmetry in the acidic range. The
skewness of the red channel showed a similar pattern, indi-
cating that variations in skewness within these channels
contribute to the model's capacity to differentiate between pH
levels. In contrast, the skewness of the a channel gradually
decreased with increasing pH, indicating that lower values of
this feature are characteristic of more basic conditions and
Fig. 6 Predicted pH versus true pH for the WNNmodel using different fe
highest predictive performance (R2 = 0.988, MAE = 0.35, RI = 100%).
substantial performance degradation (R2 < 0.60, MAE > 2.3). (d) Model
improved predictive accuracy (R2 = 0.948, MAE = 0.73, RI: 37.7%). (e and
reduced feature sets (R2 = 0.920, MAE = 0.95, RI = 29.9% and R2 = 0.9

This journal is © The Royal Society of Chemistry 2026
therefore contribute to higher predicted pH values, following an
approximately linear trend. The V channel showed a local
maximum around pH 3 and a pronounced global maximum
near pH 10, aer which it decreased toward very high pH values.
This variation reects changes in brightness in the colorimetric
response and provides a discriminative feature for identifying
alkaline conditions. The kurtosis of the V channel exhibited
a distinct peak around pH 3 while remaining relatively stable
across the rest of the pH range. Finally, entropy remained
relatively stable across most pH levels, with a local minimum
around pH 10 and a global maximum near pH 12, reecting
localized changes in pixel intensity distributions at strongly
basic pH levels.

Relative importance (RI) metrics based on SHAP values were
calculated to quantify the contribution of each feature to the
model predictions and to identify the most informative
descriptors governing the colorimetric response. This analysis
identied six features as the most inuential contributors to the
model predictions. To evaluate the impact of feature reduction,
feature subset experiments were conducted in which different
combinations and numbers of input features were tested
against the full 33-feature model (Fig. 6a), which was dened as
the baseline with an RI of 100%. In contrast, models trained on
reduced feature subsets exhibited noticeably lower R2 values.
For instance, the reduced feature subsets of the individual V-
channel descriptors (Fig. 6b) and texture-only features
(Fig. 6c) resulted in substantial performance degradation,
ature subsets. (a) The model using all 33 extracted features provides the
(b) V-channel descriptors only and (c) texture-only features, showing
using only the skewness values of the color channels, demonstrating
f) Optimized subsets of the four and six most influential features with

69, MAE = 0.55, RI = 39.6%, respectively).
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corresponding to RI of only 14.2% and 13.4%, respectively. The
decline in R2 was most pronounced when limited channel
feature subsets were used, as shown in Fig. 6b and c. Based on
their RI values, texture-only features provided a higher R2 and
a lower MAE compared to the individual V-channel descriptors,
despite having a lower RI. Models using optimized subsets of
four (Fig. 6e) and six (Fig. 6f) inuential features still achieved
strong R2 values of 0.920 and 0.969, respectively, corresponding
to the RI of 29.9% and 39.6%, although slightly lower than that
of the full feature conguration. Similarly, the model trained
exclusively on skewness-based features (Fig. 6d) achieved an
improved R2 value of 0.948, with a RI of 37.7%. These results
demonstrate that although RI values decreased when fewer
features were used, the skewness-only, top four-feature, and top
six-feature subsets retained most of the predictive information
contained in the full 33-feature model. These results demon-
strate that a reduced set of physically meaningful colorimetric
features can maintain predictive performance while enhancing
computational efficiency, supporting the implementation of
lightweight, robust smartphone-based sensing.

As a nal validation step, the cross-device generalization of
the developed application was evaluated using the independent
dataset acquired from the second smartphone. Because these
images were strictly excluded from the model development
phase, they served as an external test for cross-device general-
ization. The deployed model maintained highly accurate
predictions (R2= 0.97, MAE= 0.48, RMSE= 0.59; the regression
plot is presented in SI Fig. S2), conrming that pHScoper
effectively tolerates variations in different smartphone camera
sensors and internal image processing pipelines.

To evaluate the computational efficiency of the proposed
lightweight deployment strategy, the original 33-feature model
and the SHAP-optimized 6-feature model were quantitatively
compared within the smartphone application. To ensure a fair
comparison, both models were converted to TensorFlow Lite
format and benchmarked under identical experimental condi-
tions, including the same image resolution and preprocessing
workow. As summarized in SI Table S1, the SHAP-optimized
model reduced the input features from 33 to 6 (an 81.8%
reduction in dimensionality) and decreased the TensorFlow Lite
model size from 16 KB to 6 KB (a 62.5% reduction). Despite the
smaller model size, both exhibited comparable runtime
memory usage (∼0.18 MB), indicating that the xed TensorFlow
Lite runtime overhead and image preprocessing operations
dominate the overall memory footprint. Notably, evaluated over
1000 repeated runs on the Android platform, the optimized 6-
feature model achieved an average inference time of 0.06± 0.02
ms, rmly supporting its applicability for real-time mobile
deployment.

Discussion

The camera's color perception is inuenced by its color
matching functions, illumination conditions, and the reective
properties of the pH strip, which may necessitate color cali-
bration to enhance the accuracy of smartphone-based pH
analysis. Although the use of the ashlight under indoor
Anal. Methods
conditions produced slightly more vibrant color responses, this
effect was not consistently observed under outdoor conditions,
highlighting the importance of incorporating illumination
variability in the design of robust colorimetric pH sensing
systems. pHScoper does not require custom hardware or cloud
computation, ensuring accessibility in low-cost and resource-
limited settings. Moreover, the application minimizes the
need for repeated strip usage by enabling an efficient analysis in
a single measurement, thereby reducing material consumption.
Fig. 3 illustrates the workow of the application, in which the
selected image is cropped before further processing. Similar
deployment strategies based on TensorFlow have been reported
in recent smartphone-based colorimetric analysis studies,
demonstrating their effectiveness for on-device regression
scenarios.34,35

The pH-dependent variations of the top six features (Fig. 5b)
highlight a nonlinear relationship between the extracted image
features and pH, resulting in feature-specic response patterns.
This nonlinear calibration behavior underscores the limitations
of conventional pH estimation methods, which may not be well-
suited to capture the complex mappings between image-derived
descriptors and chemical responses on the pH strip, thereby
motivating the use of ML-based regression approaches.18 At very
low and very high pH values, the slightly increased prediction
variability is closely related to the nonlinear response behavior
of the indicator dyes near the boundaries of their effective
transition ranges. Because colorimetric pH indicator dyes
operate through protonation–deprotonation equilibria, highly
acidic or basic conditions cause the dyes to reach chemical
saturation. These dominant color states exhibit reduced sensi-
tivity to incremental pH changes, thereby limiting color
discrimination near the pH extremes.41 This chemical limita-
tion directly contributes to the comparatively higher variance
observed near the pH boundaries in Fig. 6, despite the model's
overall strong predictive performance. To enable continuous pH
prediction, regression modeling combined with feature
importance analysis was employed. Feature importance anal-
ysis further enhances interpretability by quantifying the
contribution of each feature to the model output. In particular,
SHAP-based analysis enables post-hoc interpretation of trained
models, providing insight into the relative importance and
directional inuence of colorimetric features.42 The comparable
predictive performance of the skewness-only, top four-feature,
and top six-feature subsets relative to the full 33-feature
model indicates that the skewness of the RGB, HSV, and CIE-
LAB color channels, together with the V channel, its kurtosis,
and entropy, play a dominant role in capturing pH-dependent
color transitions on the pH strip (Fig. 6d–f). These subsets
achieved RI values of 37.7%, 29.9%, and 39.6%, respectively,
demonstrating that reasonable colorimetric pH prediction
performance can be maintained with reduced feature dimen-
sionality. These ndings highlight the importance of feature
selection and demonstrate the potential for further model
simplication while preserving predictive performance.

Although individual indicator pads appear visually uniform,
the analyzed ROI in this study encompassed four distinct pads,
each formulated to exhibit different color responses across the
This journal is © The Royal Society of Chemistry 2026
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pH scale. Consequently, texture-based descriptors (e.g.,
contrast, correlation, entropy) are not merely capturing image
noise or random local variations. Rather, they physically
quantify the spatial color gradients and inter-pad transitions
that dynamically change as each pad responds differently to
a given pH level. While the SHAP analysis indicates that color
distribution features are the dominant predictors (Fig. 6c),
these texture metrics capture complementary spatial context
regarding the multi-pad chemical reaction. Furthermore,
capturing images under varying positions and illumination
conditions introduced the necessary dataset variability to
rigorously evaluate model robustness. This variability directly
impacted algorithm performance across different data splits;
for instance, the larger variation in R2 observed for the coarse
tree model during cross-validation (Fig. 4) reects its inherent
sensitivity to fold-specic feature distributions. Because coarse
decision trees rely on a limited number of rigid, threshold-
based splits, minor variations in image-derived features
across data folds can signicantly alter the learned decision
boundaries, leading to inconsistent predictive performance.43

In contrast, the WNN model exhibited greater stability and
lower variance. This improved tolerance to heterogeneous
acquisition conditions stems from the network's capacity to
effectively model complex, nonlinear interactions among
colorimetric features, ensuring robust performance even under
varying illumination.44

The ndings of this study are also consistent with recent
research on AI-based colorimetric pH sensing using smartph-
one cameras or other portable sensing systems. More recently,
paper-based diagnostic platforms have increasingly incorpo-
rated computational image analysis and advanced sensing
strategies to improve assay sensitivity, robustness, and quanti-
tative interpretation. For instance, Du et al. introduced a rapid
deep learning-based quantitative lateral ow assay integrating
residual neural networks and temporal modeling to enable
reliable quantication within the early stages of assay devel-
opment, substantially reducing interpretation time while
maintaining high quantitative accuracy.45 Similarly, Park et al.
developed a smartphone-assisted deep learning framework
combined with a bioengineered enrichment strategy to improve
the sensitivity of lateral ow assays and enhance the interpre-
tation of weak colorimetric responses in noninvasive HIV
screening.46 Lee et al. reported a deep learning-assisted point-of-
care diagnostic framework that combines image-based region-
of-interest detection with sequential analysis for rapid assay
interpretation, demonstrating the potential of computational
support for improving analytical performance in paper-based
tests.47 Similarly, Han et al. introduced a deep learning-
enhanced vertical ow paper-based assay incorporating nano-
particle amplication and computational analysis to achieve
highly sensitive quantitative detection.48 Although these studies
target different analytes and sensing formats, they demonstrate
the growing transition of paper-based assays from subjective
interpretation toward more robust quantitative systems. In this
context, the proposed framework contributes to these ongoing
efforts by integrating quantitative image analysis with ML-
assisted pH prediction. While many of these existing studies
This journal is © The Royal Society of Chemistry 2026
rely on classication approaches or directly utilize raw RGB
measurements, the present study specically adopts a regres-
sion-based approach to enable more precise, continuous pH
estimation. Unlike classication methods that merely assign
discrete pH labels, our regression framework successfully
captures ner intermediate variations in the colorimetric
response. In addition, this study incorporates engineered
colorimetric descriptors from multiple color spaces and evalu-
ates their relative importance using SHAP-based feature anal-
ysis. Table 2 summarizes selected representative studies.

This study presents several advantages beyond predictive
performance. First, it covers the complete pH range from 0 to
14, whereas prior studies have reported improved precision
when estimation is restricted to narrower ranges. For instance,
Kadian et al.38 achieved high precision within a pH range of 2–
12, while Alhaqi et al.40 reported balanced F1-scores associated
with relatively moderate precision values within the pH range of
4–8. Extending such approaches to broader pH ranges may
require additional methodological adjustments. A second
advantage lies in the composition and diversity of the dataset.
While Elsenety et al.37 reported high prediction accuracy using
a larger dataset acquired under controlled illumination, the
present work intentionally incorporates challenging acquisition
settings, such as camera angle and natural illumination, to
better reect real-world scenarios. Third, nonlinear colorimetric
behavior is explicitly evaluated through comprehensive feature
importance analysis. While ML has been widely applied in
related studies,19,37,38,40 explicit feature importance analyses
have not been systematically reported, with model behavior
primarily addressed in an end-to-end manner. To build upon
earlier work, our study integrates feature importance analysis to
interpret nonlinear and feature-specic responses of individual
colorimetric features across the continuous pH range, with
model inference performed locally on the mobile device. This
study reduces reliance on specialized hardware by using
a standard smartphone camera and commercially available pH
strips, thereby lowering system cost and complexity. In contrast,
methods based on xed imaging systems36 or custom hard-
ware38,39 may improve measurement consistency but oen rely
on additional hardware congurations that limit portability and
scalability. The present approach demonstrates reliable pH
estimation under practical conditions, supporting eld-
deployable and portable applications.

Despite the high predictive performance and successful on-
device integration, several limitations should be acknowl-
edged. The colorimetric features were derived exclusively from
MQuant® pH strips. Because indicator compositions and
resulting colorimetric responses vary across commercial
manufacturers, the generalizability of the proposed model to
other strip brands remains an open question. To address this,
future iterations will implement transfer learning strategies.
Under this approach, the current architecture can serve as a pre-
trained base model. By ne-tuning this model using smaller,
brand-specic supplementary datasets acquired under similar
conditions, the system could efficiently adapt to different
indicators without the computational and practical burden of
complete model redevelopment. Although the proposed
Anal. Methods
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Table 2 Comparison of colorimetric pH sensing studiesa

Reference Sensor Method Dataset Features Performance

19 Smartphone + pH strips LS-SVM N/A Raw RGB values Classication
accuracy = 100%

36 Smartphone + pH strips None
(color adaptation)

N/A CIE 1976 u0v0 color space Error z 0.25 pH units

37 Smartphone + pH strips KNN 2689 experimental
samples

RGB color features R2 z 0.99

38 Microneedle patch + web CNN (VGG16) 1466 images RGB image data ACC = 0.98
39 AI-WMCS 1D-CNN–GRU Real and articial

tear samples
Multi-channel color patches R2 z 0.99

40 Smartphone camera Decision tree 1025 data points
(pH 4–8)

RGB, hue, saturation, luminance,
grayscale, coloration

ACC = 0.67

This study Smartphone + pH strips WNN 1035 images RGB, HSV, CIELAB features R2 z 0.99

a LS-SVM = Least-squares SVM; KNN = K-nearest neighbors; CNN = convolutional neural network; VGG = visual geometry group; AI-WMCS = AI-
assisted wearable microuidic colorimetric sensor; GRU = gated recurrent unit; DT = decision tree; WNN = wide neural network.
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framework demonstrates robustness to moderate camera-angle
variations included in the training data, explicit perspective-
normalization algorithms were not incorporated into the
current preprocessing pipeline. Because the ROI extraction
relies on controlled orientation, severe angular distortions or
completely unrestricted strip placements could still negatively
impact predictive performance, representing a limitation of the
current study. To further enhance operational reliability in
unconstrained real-world environments, future iterations of the
mobile application will integrate algorithmic geometric
correction and automated ROI detection—dening the reaction
zone dynamically rather than relying on predened geometric
shapes. While the current study focuses on colorimetric pH
estimation, the implemented framework is adaptable to other
biochemical assays, such as ammonia, lactate, or uric acid. By
adapting the ROI templates and retraining the model with
analyte-specic datasets, the current pH system serves as a base
model for cost-effective and extensible quantitative analysis. To
achieve this, future datasets for new colorimetric sensors must
similarly incorporate variability in light conditions and camera
angles. Furthermore, since the reported results were validated
on two smartphone platforms, expanding validation across
a wider range of devices, camera systems, and alternative light
sources (e.g., laser illumination) remains an important future
objective. Finally, further optimization of the TensorFlow Lite
integration will ensure this generalized framework remains
efficient and robust for diverse paper-based analytical
deployments.
Conclusion

In this study, a smartphone-based quantitative colorimetric
analysis of pH strips was successfully developed through the
integration of ML. By training regression models on images
captured under diverse, uncalibrated illumination conditions
and multiple camera angles, the framework demonstrated high
robustness against real-world imaging variability. A key nding
of this work is the implementation of SHAP-based feature
importance analysis, which successfully reduced the feature
Anal. Methods
space dimensionality by 81.8% (from 33 to 6 features) while
maintaining strong predictive performance (R2 = 0.99). The
optimized model was efficiently embedded into an Android
application, pHScoper, using TensorFlow Lite. This user-friendly
architecture allows for offline, localized ROI feature extraction
and continuous pH prediction without cloud dependency.
While future work must address current limitations regarding
automated geometric correction and cross-brand strip gener-
alizability, the current pHScoper framework demonstrates
strong potential for straightforward adaptation to point-of-care
diagnostics. Its scalable design, operational simplicity, and
efficient local data processing make it highly suitable for reli-
able chemical analysis in remote and resource-limited
environments.
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329, 129037.
This journal is © The Royal Society of Chemistry 2026
23 F. Feng, Z. Ou, F. Zhang, J. Chen, J. Huang, J. Wang, H. Zuo
and J. Zeng, Nano Res., 2023, 16, 12084–12091.

24 W. Liu, S. Liu, K. Fan, Z. Li, Z. Guo, D. Cheng and G. Liu,
IEEE Sens. J., 2024, 24, 32991–33000.

25 H. Tan, 2022 International Joint Conference on Neural
Networks (IJCNN), 2023, pp. 1–8.

26 M. A. Özdemir, G. D. Özdemir, M. Gül, O. Güren and
U. K. Ercan, Mach. Learn.: Sci. Technol., 2023, 4, 015030.
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