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Graphical abstract 
 

 

Abstract 
 
Monitoring chemical properties in liquid samples, such as pH, glucose, and protein 
concentration, is essential in applications ranging from environmental water analysis to 
early-stage healthcare diagnostics. Multi-parameter test strips offer a commonly used and 
straightforward method for assessing these parameters in liquid samples, particularly in 
urine analysis. However, observer-dependent variability was noted in the interpretation of 
color changes, indicating potential bias among different evaluators. This study proposes a 
low-cost and accessible sensing method by integrating paper-based colorimetric sensing 
with image processing and supervised machine learning models to enhance the assessment 
using reagent test strips. Paper test strips were used as the medium for capturing chemical 
reactions., with color changes recorded using a PhotoBox equipped with a microcomputer 
and a Raspberry Pi camera. Extracted color features, such as Red (R), Green (G), Blue (B), 
Grayscale, Hue (H), Saturation (S), and Value (V) were used as inputs for predictive models, 
including Random Forest Regressor (RFR), Support Vector Regression (SVR), Gradient 
Boosting Regressor (GBR), Linear Regression (LR), K-Nearest Neighbors (KNN), and Multi-
Layer Perceptron Neural Network (MLP-NN). Experimental results demonstrate that the 
proposed approach can accurately predict target values with strong predictive 
performance, achieving R² scores exceeding 0.90 in several models. Outlier handling and 
hyperparameter optimization were also conducted to improve prediction performance. 
These results suggest that this accessible and portable approach has significant potential 
for precise, scalable chemical assessment of multiple parameters (pH, glucose, and protein 
content) in liquid samples, supporting reliable monitoring in both environmental and 
healthcare-related applications. 
 
Keywords: Colorimetric analysis, Image processing, Machine learning, Paper-based sensing, 
Regression analysis  
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1.0 INTRODUCTION 
 
Water quality and purity need to be identified since traces of 
chemical properties can be found in any water or liquid. Some of 
the chemical content of water can reduce the quality of water, 
resulting a negative impact on environments and agriculture at 
high concentrations, and indicates not ideal condition. However, 

some elements can benefit plants in the right concentration. 
Several studies indicate a relationship between glucose and 
protein content in water and their effects on plant [1], [2], 
although this relationship needs further investigation to expand 
the applications of water sample analysis related to these 
parameters. Other chemical properties of water, particularly the 
pH level, is a crucial factor and a common parameter in water 
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quality assessment [3]. Commonly, pH, glucose, and protein 
measurements are also conducted on human urine samples [4]. 
Thus, monitoring or assessing water quality or liquid samples is 
essential to ensure water quality is suitable for plant 
environments, supporting production and its benefits, and to 
enable early personal health screening related to urine sample 
properties and educational purposes. 

Recently, there have been many reports on various methods of 
water quality assessment.  Laboratory tests are still widely carried 
out due to the high accuracy values. Previous research has been 
conducted to determine nitrite and nitrate levels in water samples 
using spectrophotometric methods [5], and to determine the total 
hardness of water based on color change using silver 
nanoparticles [6]. A benchtop pH meter is commonly used to 
measure pH; however, its application in field or routine settings is 
less practical, as it requires frequent calibration with standard 
buffer solutions [7]. Near-infrared spectroscopy (NIRS) was 
employed by Tian et al. [8] to develop a method for detecting 
crude protein content [8], while Attia et al. [9] used NIRS to 
measure glucose concentration in an aqueous solution [9]. 
However, the laboratory assessment requires specialized tools 
and chemical reagents, which are often expensive and time-
consuming, thereby restricting accessibility.[10]. Previous studies 
have developed microfluidic paper-based devices (μPADs) for the 
colorimetric determination of glucose using various reagents [11]; 
however, their complex fabrication, standardization 
requirements, and single-analyte focus highlight the need for 
simpler, multi-parameter test strips more suitable for rapid and 
image-based analysis. 

Commercial water test kits are widely used instruments for 
assessing water quality. Paper-based instruments are used to 
assess water quality on-site based on the color displayed as a 
result of chemical reactions. The conventional use of water test 
kits requires manual observation of color matching between the 
reference and test strips after color changes. To avoid bias of the 
test result among different evaluators, digital image processing 
and neural networks were employed to predict parameter values 
more accurately. In previous studies, test strip images were 
captured using a smartphone camera [12], [13]. However, the 
image quality captured by an internal smartphone camera varies 
with the device’s brand and model, making it inconsistent [14]. 
Therefore, in this study, a dedicated Raspberry Pi 5MP camera 
attached to the PhotoBox was used to avoid the influence of 
brand, model and software on the smartphone, resulting in more 
consistent image quality. 

The Universal Indicator paper test strip is a relatively low-cost 
and reliable medium, especially when combined with advanced 
color analysis using computer vision or smartphone app color 
analysis. In this research, a multi-purpose test strip is proposed as 
a medium for testing pH, protein, and glucose. Digital image 
processing techniques based on computer vision can be employed 
to provide consistent outcomes. Furthermore, machine learning 
methods can be utilized in conjunction with digital image 
processing to support the proposed method. 

This study proposes a new method for assessing aqueous 
solution samples using multi-purpose test strips as low-cost media 
for sampling. Coupled with a custom PhotoBox, colorimetric 
analysis using computer vision, and machine learning analysis, this 
approach enables users to perform multi-parameter, on-site 
analysis that is accessible and versatile. This method may support 
a variety of liquid assessment applications, from agricultural and 

environmental field testing to early personal health screening by 
urine analysis and educational purposes.  

 
 

2.0 METHODOLOGY 
 
This research methodology is divided into four main stages: 
material and sample preparation, data collection, image 
processing, and supervised machine learning model evaluation. 
Figure 1 shows an illustration of the proposed method for color 
analysis in paper-based sensing with image processing and 
machine learning. The commercial reagent test strips (URS-4K) 
and a custom-built device, the PhotoBox, equipped with a 
Raspberry Pi 3B+ microcomputer and a Raspberry Pi Camera 
(5MP) were used in this study for data acquisition and image 
processing. The PhotoBox, constructed from white acrylic, 
allowed limited ambient light transmission to provide stable 
natural illumination, while artificial lighting (e.g., LED or NIR) was 
not used, as it caused excessive brightness and reduced image 
quality. Sampling was conducted at laboratory with specific D-
glucose and protein base solution to prepare water samples with 
controlled, measured concentrations. 
 
2.1  Material and Sample Preparation  

 
Fifteen glucose and protein aqueous samples with varying 
concentrations were prepared for use in this study. Pure deionized 
water was used as a control sample, representing zero glucose and 
zero protein content. The glucose solutions ranged from 0 to 1.98 
g/dL, and the protein solutions ranged from 0 to 2 g/dL. 
Additionally, thirteen samples were prepared with pH values 
ranging from 4 to 9.5. Specific D-glucose and protein powders 
were dissolved in deionized water to create solutions with 
different concentrations. To generate samples with a wide range 
of pH levels, buffer solutions with pH values of 4, 7, and 10 were 
mixed in varying proportions. The resulting pH values were 
confirmed using an Index-1000D pH meter and recorded as target 
values. The commercial multi-parameter reagent strips (URS-4K, 
Anti-VC interference) used in this study are capable of detecting 
pH, protein, and glucose simultaneously. However, this study 
focused on analyzing each parameter separately. Each 
composition was tested using the same reagent test strips. The 
colorimetric response on the test strip indicates the concentration 
levels of these parameters, which can then be interpreted visually 
and enhanced digitally [4], [15]. 

 
2.2  Data Collection 

 
The procedure for using the water test strips involved several 
steps. First, each test strip was immersed in the prepared water 
sample for approximately 2 seconds, then left for 30 seconds to 
allow the color to develop. The color change was initially 
confirmed through visual inspection to ensure proper reaction. 
Following this, the test strip was placed inside a PhotoBox device, 
and its image was captured using a Raspberry Pi camera. All 
images were captured under stable natural room lighting 
conditions throughout the experiments. To standardize the 
luminance of the light environment, the grayscale/luminance 
index (Y= (0.2126 × R) + (0.7152 × G) + (0.0722 × B)) was used to 
evaluate the luminance status in the entire captured image, and 
the adequate luminance level was maintained at 240 ± 2.5 [14]. 
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Each captured image was then saved with its corresponding target 
label (parameter and concentration) for further analysis. 
(parameter and concentration) for further analysis. Three test 

strips, used as replicates, were captured simultaneously in a single 
image acquisition. The process was repeated twice to ensure 
optimal image quality. 

Figure 1 Schematic diagram of color analysis in paper-based sensing with image processing and machine learning 
 

2.3  Image Processing 

 
For the digital image processing, ImageJ, an open-source 
software for processing and analyzing scientific images was 
used. A region of interest (ROI) of 50 × 50 pixels was defined to 
analyze the test strips image in more detail, focusing on the color 
pad corresponding to the specific target parameter. In this stage, 
color properties such as Red (R), Green (G), Blue (B), and 
Grayscale (Gs) values were extracted specifically from the test 
strip pads in each captured image. For additional color property 
features, the RGB values were converted to HSV (hue, 
saturation, value) using the OpenCV library in Google Colab. The 
purpose of converting the image to HSV mode was to examine 
the image characteristics in more detail [16] and to add more 
features for further machine learning analysis. 
 
2.4  Supervised Machine Learning Model Evaluation 

 
Machine learning techniques enable the development of 
analytical models that identify patterns and trends in water 
quality data. By applying these methods, underlying 
relationships and fluctuations in water quality parameters can 
be detected and interpreted. Moreover, machine learning offers 
predictive capabilities for anticipating changes in water quality 
and contaminant levels. These approaches enhance the 
reliability, robustness, and efficiency of the analysis process, 
allowing for faster and more cost-effective water quality 
assessment [17]. 

The machine learning algorithms used in this study are 
Random Forest Regressor (RFR), Support Vector Regression 
(SVR), Gradient Boosting Regressor (GBR), Linear Regression 
(LR), K-Nearest Neighbors (KNN), and Multi-Layer Perceptron 
Neural Network (MLP-NN). Linear Regression is effective for 
solving regression problems in small datasets. For medium-sized 
datasets, Random Forest offers a reliable solution. Commonly, 
Artificial Neural Networks are well-suited for handling large 
datasets, as previously discussed [18]. In this study, the GBR and 
MLP-NN models were highlighted. The Gradient Boosting 
Regressor (GBR) is an ensemble learning model that builds a 
sequence of decision trees, where each new tree is trained to 
correct the errors made by the previous ones. This boosting 
approach combines multiple weak learners, typically decision 
trees, to create a stronger and more accurate predictive model 

[19]. A Multilayer Perceptron is a type of supervised feedforward 
neural network that includes an input layer, at least one hidden 
layer, and an output layer, where both the hidden and output 
layers utilize nonlinear activation functions [18]. 

Google Colab, a hosted Jupyter Notebook service that 
requires no setup to use and provides free access to computing 
resources, including GPUs and TPUs, was used in this study for 
machine learning analysis. Additionally, this   study employed 
the “Scikit-learn” library to implement several machine learning 
regression models. Meanwhile, “NumPy” was used for 
numerical computations and “Pandas” package was used to read 
and save data. Furthermore, to evaluate the performance of the 
machine learning models in predicting the liquid sample 
properties from image data, the coefficient of determination (R² 
score), Mean Absolute Error (MAE), and Mean Squared Error 
(MSE) were calculated. 

R2 score quantifies the quality of fit of a set of predicted 
output values to the actual output values. R2 was chosen as the 
primary performance metric due to its broad acceptance in the 
physical sciences and its straightforward interpretability. R2 
represents the percentage of explained variance for the 
predictions and is defined as [20]: 

 

     (1)  

 

The value of R² ranges from 0 to 1, where an R² of 1 indicates 
a perfect fit, meaning the predicted values (ŷᵢ) exactly match the 
actual values (yᵢ) for all observations. Conversely, an R² value of 
0 implies that the model fails to capture any relationship 
between the independent and dependent variables, and the 
regression line corresponds to the mean of the dependent 
variable, essentially forming a horizontal line. 

MAE quantifies the difference between the actual and 
predicted values and is calculated as the mean of these 
differences across the dataset. MAE is calculated using the 
following formula: 
 

 

    (2) 
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MSE helps in evaluating different regression models on a 
dataset, and hence helps in selecting the best-fitting model for 
the problem. MSE is calculated using formula: 

  
(3) 

 

where yᵢ is the actual value of the target variable for data 
instance i, and ŷᵢ is the value predicted by the model for that 
instance. The squared difference between yᵢ and ŷᵢ is calculated 
for each data instance, and the mean is obtained by summing 
these squared differences and dividing by the total number of 
instances (n) [21]. 

 
 

3.0 RESULTS AND DISCUSSION 
 
3.1  The Use of Paper-Based Sensing with Camera and Software 
Color Analysis 

 
The use of paper-based sensing or water test strip paper to 
assess water quality was relatively quick and reliable. However, 
further evaluation is warranted, as the measurement ranges 
between concentration levels remain relatively broad. This can 
cause bias in semi-quantitative water quality readings. The 
implementation of digital image processing for quantitative 
liquid assessment, based on observations from the test strip 
paper, can provide more precise quantitative data for the 
related parameters. A comparison of color properties in test 
strip paper with color references is presented in Table 1. 
Interpreting the color change results of the test strips and the 
provided color reference using camera and software-based 
computational analysis offers more precise and specific values 
than manual observation. 
 
Table 1 Interpreting color change result in test strip and color reference 
using camera and software color analysis 
 

Test Strip Reference color 
Label 

R G B R G B 

pH 

177.81 120.96 51.50 167.55 115.66 58.48 5.00 

176.66 134.16 52.42 141.05 100.32 62.29 6.00 

169.36 135.08 58.53 212.57 186.84 127.30 6.50 

135.04 122.07 58.69 177.66 160.86 70.37 7.00 

116.56 121.41 75.96 142.76 138.24 70.81 7.50 

77.34 98.05 88.13 125.34 132.19 67.49 8.00 

67.71 91.53 87.25 71.62 92.31 64.35 8.50 

Glucose content 

103.76 205.86 208.23 77.35 126.54 137.79 0.00 

145.62 178.26 107.35 148.49 187.69 159.97 0.09 

136.69 96.19 55.71 130.65 151.56 89.96 0.27 

102.76 62.56 40.58 130.07 118.13 63.04 0.54 

101.15 60.90 46.27 121.34 82.53 53.99 1.08 

82.03 46.57 32.89 94.39 54.19 48.13 1.98 

Protein content 

216.22 210.81 132.69 167.92 158.06 68.70 0.00 

217.52 214.19 137.67 205.42 204.91 107.94 0.01 

219.55 214.52 134.37 176.37 186.99 98.90 0.03 

213.29 207.71 114.95 127.14 155.57 90.05 0.10 

209.78 203.98 113.29 106.92 152.61 117.51 0.30 

173.68 185.33 114.33 65.43 115.37 91.62 2.00 

 
Based on Table 1, a discrepancy was observed between the color 
values of the labelled test strip and the reference color when 
analyzed using software. The reference colors listed in Table 1 
were obtained from the color reference chart provided by the 
test strip manufacturer. Specifically, the RGB values were 
extracted from the printed reference color chart, which serve as 
the standard reference for interpreting test results. Color serves 
as a highly effective feature for facilitating object recognition 
and segmentation in images. Among various color spaces, the 
RGB color model is the most widely utilized in computer vision 
applications due to its direct correspondence with the red, 
green, and blue channels of the human visual system [22]. Digital 
photography captures light at various wavelengths to construct 
a color image. For instance, combining signals from the blue 
(~450–490 nm), green (~520–560 nm), and red (~635–700 nm) 
spectral bands produces what is known as an RGB image. 
Cameras utilizing this specific band configuration are commonly 
referred to as RGB cameras, designed primarily to replicate the 
visual perception of the human eye in a digital format [23]. 

 
3.2  Feature Visualization 

 
The RGB, Gs, and HSV values extracted from the reagent pad 
images showed distinct distribution patterns as the 
concentration of the chemical parameters increased. Figure 2, 
Figure 3, and Figure 4 illustrate the RGB and HSV value 
distribution by concentration for each parameter (pH, protein, 
and glucose). In Figure 2, the red and green values tend to 
decrease with increasing pH, while the blue and hue values show 
a more gradual trend. Figure 3 shows that higher glucose 
concentration corresponds to a marked decline in Hue (H) and 
Value (V) values. Figure 4 shows that higher protein 
concentration corresponds to increased Hue (H) values and 
decreased average intensity ((R+G+B)/3) values. The visual 
distribution plots confirmed the feasibility of using these color 
features as input for machine learning regression models. 

 

 
Figure 2 Color features values versus concentration in paper-based 
sensors for pH parameter 
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Figure 3 Color features values versus concentration in paper-based 
sensors for glucose parameter 

 

 
Figure 4 Color features values versus concentration in paper-based 
sensors for protein parameter 

 
 

The distribution of color features also highlights the 
importance of selecting features with the highest predictive 
power when training machine learning models. To assess the 
relevance of color features for the modeling task, correlation 
analysis was performed between each extracted RGB and HSV 
component and the actual measured concentration of pH, 
protein, and glucose. The correlation analysis informed the 
feature selection strategy used in the regression modeling 
phase. Figures 5, 6, and 7 show the feature importance analyzed 
using the GBR model in test strip for pH, protein, and glucose 
parameters respectively. Using GBR model, Hue (H) and 
Saturation (S) are the most important features in the regression 
modeling for this case study.  The hue of a color refers to the 
spectral wavelength that it most closely matches. The saturation 
is the radius of the point from the origin of the bottom circle of 
the cone and represents the purity of the color [22]. 

 

 
Figure 5 Feature importance analyzed with machine learning GBR in test 
strip for pH parameter 

 
 

 
Figure 6 Feature importance analyzed with machine learning GBR in test 
strip for glucose parameter 

 

 
Figure 7 Feature importance analyzed with machine learning GBR in test 
strip for protein parameter 

 
 

3.3 Machine Learning Model Performance 

 
After evaluating several machine learning regression models, 
MLP-NN produced the best results for the pH parameter, while 
GBR achieved the best results for the protein parameter. As 
shown in Table 2, the R² scores were close to 1, specifically 0.96 
for pH (MLP-NN) and 0.95 for protein (GBR). The best model for 
glucose was obtained using the MLP-NN, with an R² score of 
0.82. Both GBR and MLP-NN models demonstrated strong 
predictive performance, effectively estimating multiple 
parameters (i.e., pH, glucose, and protein concentrations) in 
liquid samples. To assess the deviation between predicted and 
actual values, MSE and MAE tests were performed. A summary 
of the model evaluation results is presented in Table 2. 

The best predictive performance for the pH parameter was 
achieved using the GBR and MLP-NN models, with the 
corresponding predicted versus actual plots and error 
histograms shown in Figures 8–11. For the protein parameter, 
the top-performing models were GBR and RFR, with 
visualizations presented in Figures 12–15. In the glucose 
parameter analysis, the MLP-NN and LR models provided the 
best results, as illustrated in Figures 16–19.  
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Table 2 Summary of regression model performance for color analysis in paper-based sensing 

Model 
pH Protein Glucose 

R2 MSE MAE R2 MSE MAE R2 MSE MAE 

GBR 0.94 0.12 0.24 0.95 0.01 0.08 0.78 0.08 0.18 

LR 0.93 0.15 0.33 0.85 0.03 0.12 0.81 0.08 0.24 

RFR Regressor 0.91 0.20 0.34 0.93 0.11 0.02 0.72 0.10 0.21 

KNN 0.94 0.13 0.26 0.83 0.02 0.10 0.76 0.10 0.23 

SVR 0.93 0.15 0.29 0.87 0.02 0.11 - - - 

MLP-NN 0.96 0.10 0.21 0.83 0.02 0.11 0.82 0.07 0.21 

 

 
 

 
Figure 8 visualization of predict versus actual plots in pH parameter 
reagent test strip using Gradient boost regressor models (GBR) 

 
 

 
Figure 9 histogram of prediction errors using Gradient boost regressor 
models (GBR) 

 
 

 
Figure 10 visualization of predict versus actual plots in pH parameter test 
strip using MLP Neural Network 
 

 

 
Figure 11 histogram of prediction errors using MLP Neural Network 

 

 
Figure 12 visualization of predict versus actual plots in protein parameter 
reagent test strip using Gradient boost regressor models (GBR) 
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Figure 13 histogram of prediction errors using Gradient boost regressor 
models (GBR) 

 

 
Figure 14 visualization of predict versus actual plots in protein parameter 
reagent test strip using Random Forest Regressor (RFR) Regression 
models 

 

 
Figure 15 histogram of prediction errors using Random Forest Regressor 
(RFR) Regression models 

 

 
Figure 16 visualization of predict versus actual plots in glucose 
parameter reagent test strip using MLP Neural Network 

 
Figure 17 histogram of prediction errors using MLP Neural Network 

 

 
Figure 18 visualization of predict versus actual plots in glucose 

parameter reagent test strip using Linear Regression (LR) model 
 

 
Figure 19 histogram of prediction errors using Linear Regression (LR) 
model 
 

The predicted-versus-actual plots for the best-performing 
model of each parameter show a strong linear trend, where 
most points align closely with the diagonal line, suggesting high 
prediction accuracy. Some mild dispersion is still observed at 
certain concentration levels, which could be due to weaker color 
differences in the test strip. This pattern reinforces that the 
machine learning model can capture the underlying relationship 
but may slightly underperform when color intensities are less 
distinguishable. As a baseline comparison, the prediction errors 
from the best machine learning model are visualized in the form 
of a histogram. A histogram of prediction errors shows the 
frequency distribution of the difference between predicted and 
actual values. Each bar represents how many predictions fell 
within a certain error range. The error distribution shows a 
broad spread and is centered around zero, indicating no 
significant bias. Overall, these results suggest that non-linear 



630                                             Muhammad Allam Daffa Alhaqi et al. / ASEAN Engineering Journal 16:3 (2026) 623–631 

 

 

and ensemble-based machine learning models are more suitable 
for interpreting color features from paper-based sensors, 
especially when the parameter ranges and corresponding color 
transitions are subtle and complex. However, the observed 
uneven distribution of protein concentration (Figure 12 and 
Figure 14) is due to the test strips being primarily designed for a 
narrow concentration range of 0 – 0.5 g/ dL., with a significant 
jump in the color reference between 0.3 g/dl and concentrations 
above 2 g/dL. To add`ress for this, we specifically prepared 
samples representing 1 g/dL and 2 g/dL were specifically 
prepared. This limitation is acknowledged, and future studies are 
recommended to consider more evenly distributed 
concentration levels to further improve model performance. 

Compared to conventional chemical testing methods, which 
typically involve titration, spectrophotometry, or any assays 
requiring laboratory-grade equipment and skilled operators, the 
proposed paper-based sensing approach offers a low-cost, user-
friendly, and portable alternative. Traditional methods, while 
precise, are time-consuming and less practical for point-of-care 
or field-based applications. In contrast, the image-based system 
using a Raspberry Pi camera and reagent strips simplifies the 
process by capturing the color change directly and analyzing it 
through machine learning models. Notably, the regression 
models applied, particularly GBR and MLP-NN, produced high 
predictive performance with R² values up to 0.96 for pH, 0.95 for 
protein, and 0.82 for glucose, indicating a level of accuracy 
comparable to laboratory standards. Previous studies cited in 
references [4], [13], and [15] have demonstrated the potential 
of using smartphone-acquired images of test strips for analytical 
purposes, testing pH, protein, and glucose. Nevertheless, these 
works mainly focused on color interpretation, with limited 
emphasis on rigorous model performance assessment. Most of 
them did not include quantitative validation through metrics 
such as R², MSE, or MAE, which are common for evaluating 
predictive accuracy. Reference [12] analyzed different 
parameters (pH, alkalinity, total hardness, and nitrate) using 
reagent strips and reported an R² value of 0.8 for pH estimation 
using test strips and a smartphone camera. Although these prior 
works provide valuable groundwork for image-based analysis of 
test strips, their absence of comprehensive performance 
validation restricts their use as direct comparative benchmarks. 
In contrast, the present study extends beyond previous 
approaches by employing a standardized imaging system, 
utilizing a Raspberry Pi with a controlled PhotoBox setup, and 
implementing supervised machine learning models evaluated 
through robust statistical metrics, thereby enhancing both 
accuracy and reproducibility. This allows for a more objective 
and reproducible comparison across parameters (pH, protein, 
and glucose). This demonstrates the feasibility of the method for 
quantitative chemical analysis. Moreover, the compact, camera-
based platform shows strong potential for portable diagnostics, 
especially in resource-limited settings or field applications such 
as agricultural water testing and preliminary health monitoring. 
The affordability, scalability, and ability to automate analysis 
without manual interpretation make this system highly relevant 
for the development of decentralized diagnostic tools in both 
environmental and biomedical domains. Specifically, for 
healthcare diagnostics platforms, future research should focus 
on validating the proposed approach using real patient urine 
samples with clinically diagnosed conditions to ensure medical 
reliability and applicability. Similar recommendations have been 
highlighted in recent studies emphasizing the need for clinical 

validation and population-specific evaluation of image-based 
urine analysis systems [24], [25]. 

 
3.4  Limitations and Future Work 
 
This study has several limitations that should be addressed in 
future research. The dataset used for model training and testing 
was limited in both scale and diversity, as samples were 
generated under controlled laboratory conditions, which may 
not fully represent real-world variability, particularly given the 
different protein and glucose compositions found in various 
sample contexts. Additionally, the reagent strips employed were 
semi-quantitative and sourced from a single commercial brand, 
potentially introducing variability in color intensity and limiting 
generalizability. Future work should therefore include 
comparative evaluations across multiple brands with varying 
sensitivities and color stability to assess their influence on 
predictive accuracy. While RGB and HSV features were effective 
for regression modeling, exploring alternative color spaces or 
incorporating texture-based features may further enhance 
model robustness. Expanding the dataset to include more 
diverse sample conditions and potential interferences is also 
recommended. Moreover, integrating deep learning methods 
and real-time processing within embedded systems, alongside 
the development of user-friendly software for cloud-based or 
mobile deployment, could significantly improve the scalability 
and practicality of the proposed approach. 

 
 

4.0 CONCLUSION 
 
This study demonstrated the feasibility of using a paper-based 
colorimetric sensing approach combined with image processing 
and machine learning to predict chemical properties, specifically 
pH, protein, and glucose concentrations in liquid samples. 
Utilizing a Raspberry Pi camera system within a controlled 
PhotoBox setup, color features were extracted from reagent test 
strips and analyzed using RGB and HSV values. Regression 
modeling revealed that MLP-NN achieved the highest 
performance for pH and glucose prediction (R² = 0.96 and 0.82, 
respectively), while GBR performed best for protein prediction 
(R² = 0.95). These findings indicate that the proposed system can 
serve as a low-cost, portable, and effective alternative to 
conventional laboratory-based chemical testing. In addition to 
reducing equipment dependency and operator skill 
requirements, this method holds promise for point-of-care 
diagnostics and environmental monitoring applications. The 
integration of simple imaging tools with machine learning 
provides an accessible platform for rapid, on-site chemical 
analysis, supporting the development of decentralized and 
inclusive diagnostic technologies.  
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