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Dissolved oxygen (DO) is a crucial indicator of water quality and 
requires continuous monitoring across various applications. Although 
optical sensors are widely used for DO measurement, their large-scale 
deployment for long-term monitoring remains challenging due to high 
costs and the need for periodic replacement of sensing probes. This 
study presents a novel non-contact DO monitoring system that 
integrates a low-cost multispectral sensor with an optimized machine 
learning framework, offering a practical solution for long-term, 
continuous monitoring. A compact spectroscopic sensing unit was 
developed to continuously acquire absorbance data from water 
samples across 18 wavebands ranging from 410 to 940 nm. Multiple 
machine learning models were trained under different configurations, 
and several waveband selection algorithms were applied to identify the 
optimal predictive model. The neural network regression model 
utilizing four wavebands (460, 585, 680, and 760 nm) achieved the best 
result with a coefficient of determination and a root mean square error 
of 0.99 and 0.22 mg/L, respectively. These findings demonstrate the 
high accuracy and practical potential of the proposed system for long-
term DO monitoring in aquaculture and environmental applications. 
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1. Introduction 
Dissolved oxygen (DO) is one of the important water quality indicators in many fields such as aquaculture, 
wastewater treatment, and environmental monitoring. For example, in aquaculture, changes in oxygen 
concentration in water can be achieved through major processes such as photosynthesis of aquatic plants, 
respiration of fish, shrimp, and other organisms, and diffusion of oxygen at the water surface [1]. The DO 
concentration must reach a suitable threshold for organisms to survive in an aquatic environment. Particularly, a 
DO concentration of 5 mg/L or higher is considered ideal. DO concentrations below 2 mg/L cause difficulties in 
development and even the risk of mass mortality [2]. Therefore, continuous monitoring and timely detection of 
DO deficiencies are essential for maintaining stable oxygen conditions and preventing adverse impacts [3]. 

Three main methods are commonly used to measure DO concentration: iodometric titration, electrochemical, 
and optical methods. Among these methods, iodometric titration is considered the most accurate and reliable [4]. 
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However, this is a complex and time-consuming chemical analysis method that is typically performed in a 
laboratory. This makes the iodometric titration method difficult to apply for continuous DO measurements in the 
field [4, 5]. The electrochemical method is widely used for many practical applications because of its fast, simple 
operation, and low cost. The main disadvantage of the electrochemical method is that the measurement device 
must be maintained and calibrated regularly. In addition, the measurement process of this method consumes 
oxygen from the measured water [4]. Therefore, this method is only suitable for instantaneous testing of DO 
concentrations and is not suitable for long-term continuous measurements. 

Optical methods mainly based on the principle of fluorescence quenching have received much attention from 
research groups and equipment manufacturers because they have high accuracy, do not consume oxygen during 
the measurement process, and require little calibration. Therefore, this measurement method is more suitable for 
continuous measurements of DO concentrations in the field [4, 5]. However, the cost of optical sensors is often 
quite high. Moreover, the probe of these optical sensors must be replaced periodically because the luminescent 
dye inside degrades over time, reducing its sensitivity to oxygen [6]. 

In addition to the specific advantages and limitations of electrochemical and optical methods, both 
approaches share a common feature: their sensing elements must be in direct contact with the water sample. As 
a result, the internal electronic components of these sensors are more susceptible to reduced durability when 
exposed to water, particularly under conditions of high salinity, humidity, or elevated temperature during long-
term use. Furthermore, in certain aquaculture applications, such as intensive shrimp farming or fish hatcheries, 
dissolved oxygen (DO) levels must be continuously monitored throughout the culture period. Under such 
conditions, the frequent replacement of sensing probes in electrochemical or optical sensors not only increases 
equipment and labor costs but may also disrupt continuous monitoring. 

To address these limitations, particularly the drawbacks of frequent sensor replacement and the challenges 
of immersing electrochemical and optical sensors directly in water for long-term monitoring, recent studies have 
explored non-contact measurement approaches for water quality. In particular, methods based on absorption 
spectroscopy combined with machine learning have received increasing attention. Maryam et al. [7] performed 
non-contact pH measurements using the absorbance at 670 nm combined with a support vector machine 
classification model, achieving a classification accuracy of up to 95%. Devansh et al. [8] tested non-contact total 
dissolved solids (TDS) measurements using a multispectral sensor combined with some machine learning models. 
The experimental results in their study showed that the neural network model with 18 wavebands in the region 
from 410 to 940 nm yielded the best TDS prediction results with an accuracy of over 90%. Suarin et al. [9] 
employed an artificial neural network model combined with absorption spectroscopy at wavelengths of 670, 770, 
810, and 950 nm to predict pH and total ammonia nitrogen in water. Their study achieved coefficients of 
determination (𝑅𝑅2) of 0.71 for pH and 0.91 for total ammonia nitrogen, respectively. 

For DO measurement, Aika et al. [10] used absorbance data in the ultraviolet region combined with a simple 
regression model to analyze DO concentrations at five different saturation levels (3, 25, 50, 75, and 100%). Their 
results indicated that the wavelength of 210 nm had a great correlation coefficient in the range of 0.90 to 0.99, 
depending on the water type. Tran et al. [11] also built a DO concentration prediction system using absorption 
spectroscopy in the visible and near-infrared region combined with a multiple linear model with  𝑅𝑅2 of 0.85 and 
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 (root mean square error)of 0.68 mg/L. Navid et al. [12] built an IoT system to monitor DO concentrations 
using two wavelengths at 660 and 880 nm. In their study, the Orthogonal Distance Regression (ODR) model was 
used to predict DO concentration with 𝑅𝑅2  of 0.98 and 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 of 0.39 mg/L. In addition, Lehua et al. [13] used 
remote sensing images at different wavelengths to build a DO monitoring model in coastal waters. A multiple 
linear model using images at wavelengths of 483, 613, and 655 nm gave the best performance with 𝑅𝑅2 of 0.70 and 
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 of 0.55 mg/L.  

These studies demonstrate that absorption spectroscopy combined with machine learning models holds great 
potential for the continuous monitoring of water quality parameters. However, absorption spectroscopy in the 
ultraviolet region is associated with health risks and high equipment costs. Moreover, these previous studies have 
focused on applying only one or a limited number of machine learning algorithms in developing prediction models. 
This indicates that the systematic development of an optimal DO prediction model has not yet been fully explored. 

This study proposes a novel non-contact DO monitoring system that integrates a low-cost multispectral 
sensor with an optimized machine learning framework to enable long-term, continuous, and cost-effective 
monitoring without requiring periodic replacement of sensing probes. The proposed system is particularly 
suitable for real-world aquaculture applications, such as intensive shrimp farming or fish hatcheries, where 
continuous DO monitoring is essential to maintain optimal water quality and ensure healthy stock development.  
In this study, a compact sensing unit was constructed to continuously acquire spectral data of water samples at 
multiple wavebands in the visible and near-infrared regions. To identify the optimal prediction model, several 
feature selection algorithms and a range of popular machine learning models were systematically explored. The 
main contributions of this study can be summarized as follows: 

• Development of a compact, low-cost, non-contact DO monitoring system integrating a multispectral 
sensor with an optimized machine learning framework for long-term, continuous measurements. 
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• Systematic exploration of multiple feature selection algorithms and machine learning models to identify 
the optimal prediction approach, enhancing accuracy and robustness. 

• Use of transmittance measurement with a flow-through cuvette to minimize maintenance and enable 
practical, real-world applications in aquaculture and environmental monitoring, such as intensive shrimp 
farming or fish hatcheries. 

2. Materials and Methods 

2.1 Experimental Setup 
The proposed system is divided into four main parts: a sensing box, a computer, a water delivery system, and 

a water tank. These main components are connected, as shown in Fig. 1. Water samples with different DO 
concentrations were continuously transported from the water tank to the sensing box and returned to the water 
tank via a water delivery system. The light intensities in the sensing box after passing through the water samples 
were recorded by a multispectral sensor. The sensing box consisted of a multispectral sensor, a light source, and 
a flow-through cuvette. This box was covered with black aluminum composite panels. The captured intensity data 
were then sent to the computer to calibrate the model and to predict the DO concentration in the development 
and implementation phases, respectively. 
 

  
(a) (b) 

Fig. 1 The proposed non-contact DO monitoring system: (a) schematic diagram; (b) actual experimental setup 

According to the literature review, the absorption wavelengths of molecular oxygen appear in the ultraviolet, 
visible, and near-infrared regions [10, 14–17]. Toward creating a continuous DO monitoring system with low 
investment cost, simplicity in system design, and high predictability, a low-cost multispectral sensor AS7265x 
(ams-OSRAM AG, Styria, Austria) was used. This sensor has 18 wavebands covering both the visible and near-
infrared regions (410, 435, 460, 485, 510, 535, 560, 585, 610, 645, 680, 705, 730, 760, 810, 860, 900, and 940 nm) 
with a full wave at half maximum of 20 nm for each waveband. With the integration of many modern 
manufacturing technologies in the sensor (on-chip interference filters, on-chip micro-controller, in-factory 
calibration, built-in temperature sensor, and low power consumption), the use of this sensor can help reduce the 
complexity in the system construction process, and the manufacturability and reproducibility of the proposed 
system can also be significantly improved. This multispectral sensor has been successfully applied in various 
recent studies, such as for fruit internal quality assessment [18–20], detection of pathogenic bacteria [21], 
detection of pesticide residues [22], milk quality control [23], and liquid adulteration detection [24]. 

To obtain a strong and stable light source, a 20 W OSRAM halogen lamp (model 64258, OSRAM GmbH, Munich, 
Germany) was used in this study. The lamp was powered by a 12 V stabilized power supply to ensure stable light 
intensity. A flow-through glass cuvette with an optical path length of 10 mm was used. In this study, transmittance 
measurement was adopted. Accordingly, a light shield with a circular hole of 10 mm in diameter was placed on 
the cuvette to ensure that only the light that had passed through the water sample was captured by the sensor. 

A 1-liter plastic water tank was used to store water samples with different DO concentrations. The water tank 
was covered by a lid with two holes for the water inlet and outlet, one hole for installing a reference meter probe, 
and one hole for adding the sodium sulphite (𝑁𝑁𝑎𝑎2𝑆𝑆𝑂𝑂3) solution. The water delivery system was responsible for 
continuously circulating water samples from the tank through the sensing box and back to the tank, while ensuring 
that no leakage occurred and no oxygen from the external environment entered. The water system consisted of 
flexible plastic pipes and a water pump. Additionally, a reference DO meter was used to provide accurate DO 
concentrations. Although the 𝑁𝑁𝑎𝑎2𝑆𝑆𝑂𝑂3bottle and reference DO meter were not part of the system, they were only 
used to assist in building the prediction model. 
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In this study, a Windows 10 laptop computer with a typical configuration (Intel Core i3-3110M CPU 2.4 GHz, 
6 GB RAM) was used for data acquisition, processing, and training of the machine learning models. MATLAB 2024b 
software was installed on this laptop to perform model training and extract the characteristics of the machine 
learning models. 

2.2 Water Preparation 
To change the concentration of DO in water, mechanical and chemical methods are commonly used. Mechanical 
methods increase DO levels through aeration or agitation, while chemical methods rely on chemical reactions that 
either raise or lower DO concentrations. Among these, the addition of sodium sulfite (𝑁𝑁𝑎𝑎2𝑆𝑆𝑂𝑂3 ) to water is 
considered a simple and economical approach and has been widely used in recent studies to create controlled 
low-oxygen conditions [12, 25, 26]. Therefore, in this study, 400 mL of distilled water was poured into a water 
tank, and 𝑁𝑁𝑎𝑎2𝑆𝑆𝑂𝑂3solution was then added to the distilled water tank and the chemical reaction to reduce oxygen 
in water is as follows: 

 2𝑁𝑁𝑎𝑎2𝑆𝑆𝑂𝑂3 + 𝑂𝑂2 = 2𝑁𝑁𝑎𝑎2𝑆𝑆𝑂𝑂4  (1) 
A total of 68 water samples with different oxygen concentrations ranging from 0.1 to 7.1 mg/L were prepared 

by adding a few drops of 𝑁𝑁𝑎𝑎2𝑆𝑆𝑂𝑂3  solution to the water tank and shaking gently for approximately 2 minutes. The 
actual DO concentration of the water samples was determined using a reference device. 

2.3 Data Acquisition 
After adding the 𝑁𝑁𝑎𝑎2𝑆𝑆𝑂𝑂3solution, each water sample was simultaneously recorded with the proposed system and 
the reference DO meter to obtain the absorbance data and the corresponding measured DO values. The data 
acquisition process used in this study is illustrated in Fig. 2. 
 

 
Fig. 2 Procedure for obtaining absorbance data and measured DO values 

2.3.1 Absorbance Data 
Water samples with different DO concentrations were continuously pumped from the water tank through the 
flow-through cuvette by the water delivery system. At the cuvette position, the light intensity of the water samples, 
𝐼𝐼(𝜆𝜆𝑖𝑖), after being illuminated by the light source, was collected by the AS7265x sensor. For each water sample, the 
sensor read the light intensity 20 times at an interval of 400 ms, and the average value of these 20 readings was 
used as the light intensity of the water sample. This light intensity was used to calculate the absorbance of the 
water sample, 𝐴𝐴(𝜆𝜆𝑖𝑖), according to Equation (2), as follows: 
 

 𝐴𝐴(𝜆𝜆𝑖𝑖) = 𝑙𝑙𝑙𝑙𝑙𝑙10 �
𝐼𝐼0(𝜆𝜆𝑖𝑖)
𝐼𝐼(𝜆𝜆𝑖𝑖)

� (2) 
 

where 𝐼𝐼0(𝜆𝜆𝑖𝑖) is the light intensity measured when the cuvette was filled with the standard solution (zero 
oxygen solution) provided by Hanna Instruments (Model HI7040L, Hanna Instruments, Rhode Island, USA). 

2.3.2 Reference Measurement 
After dropping the 𝑁𝑁𝑎𝑎2𝑆𝑆𝑂𝑂3  solution into the water, the water sample was gently shaken, and the water delivery 
system continuously pumped the water through the water pipe to ensure that the DO concentration was well 
mixed and homogeneous in both the water tank and the cuvette. A portable DO meter (MW 600 Pro, Milwaukee, 
Szeged, Hungary) was used to determine the DO concentration in the water sample. This is an electrochemical-
based DO measurement device designed for reliable and accurate determination of dissolved oxygen in water. It 
has a measuring range of 0.0–19.9 mg/L with a resolution of 0.1 mg/L and an error of ±1.5% at 25°C. Calibration 
is performed manually using two points (zero and slope). The device can operate under a wide temperature range 
(0–50°C) and up to 95% humidity, with automatic temperature compensation from 0 to 30°C. With up to 70 hours 
of continuous operation, it is particularly suitable for laboratory measurements. In addition, the continuous 
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pumping of water in the proposed system helps evenly mix the 𝑁𝑁𝑎𝑎2𝑆𝑆𝑂𝑂3solution in the water sample and creates 
a water flow through the MW600 Pro probe to help this meter operate accurately. 

2.4 Regression Analysis 
The absorbance data obtained with the proposed system and the DO values measured with the MW600 Pro meter 
were combined to build machine learning models for predicting the DO concentration. The process of building 
machine learning models was carried out through the following steps: selecting effective wavebands, training 
different machine learning models, and evaluating the training results to select the best prediction model. To 
select an optimal prediction model, various feature selection algorithms and machine learning models have been 
combined comprehensively. Therefore, both types of feature selection (i.e., the filter and wrapper) have been used. 
In addition, some popular machine learning models were also applied in this study. 

2.4.1 Waveband Selection 
The AS7265x sensor simultaneously provided spectral data at 18 wavebands in the range of 410 to 940 nm. To 
reduce the complexity and improve the prediction performance of the regression model, several feature selection 
algorithms were implemented, including the minimum redundancy maximum relevance (MRMR), F-test, and 
sequential forward selection (SFS) algorithms. MRMR and F-test are filter-type feature selection algorithms in 
which the importance of features is evaluated through feature characteristics such as feature variance or feature 
relevance to the response. SFS is a wrapper-type feature selection algorithm in which the training process starts 
by using only one of the features and selecting the feature that best meets the pre-defined training criteria. This 
training process is repeated with the selected feature sets and the remaining unselected features until the pre-
definition training criteria are satisfied. MRMR, F-test, and SFS algorithms have also been commonly used in 
previous studies to determine the optimal combination of features for machine learning models [27–29]. 

2.4.2 Training and Evaluation of Regression Models 
In this study, various popular regression algorithms, including multiple linear, decision tree, support vector 
machine, random forest, and neural network, were proposed and tested to predict DO concentration. As listed in 
Table 1, the configuration values for the machine learning models were used to evaluate multiple variations of 
each algorithm, thereby expanding the search space for identifying the optimal model in this study. 

Table 1 Several configurations for each proposed algorithm 
Algorithm Hyperparameter 

Multiple linear regression (MLR) Linear, interaction, robust, stepwise 

Decision tree regression (DTR) Minimum leaf size: 4, 12, 36 

Support vector regression (SVR) Linear, quadratic, cubic, Gaussian 

Random forest regression (RFR) Minimum leaf size: 8; number of learners: 30 

Neural network regression (NNR) Connected layer: 1, 2, 3; layer size: 10, 25, 100 

 
The Regression Learner tool of MATLAB software (version 2024b) was used to train the machine learning 

models. During training, the k-fold cross-validation technique was applied to validate and compare the 
performance of the regression models. In this study, the coefficient of determination (𝑅𝑅2) and root mean square 
error of cross-validation (𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅) were used to evaluate and select the optimal model. A model is considered 
better when it has a larger 𝑅𝑅2and a smaller 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅. 𝑅𝑅2 and 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 were calculated using Equations (3) and 
(4), respectively. 

 
 𝑅𝑅2 = 1−

∑ (𝑦𝑦𝑖𝑖−𝑦𝑦�𝑖𝑖)2
𝑛𝑛
𝑖𝑖=1
∑ (𝑦𝑦𝑖𝑖−𝑦𝑦)2𝑛𝑛
𝑖𝑖=1

  (3) 

 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝑛𝑛
∑ (𝑦𝑦�𝑖𝑖 − 𝑦𝑦𝑖𝑖)2𝑛𝑛
𝑖𝑖=1  (4) 

 
Where 𝑦𝑦𝑖𝑖  are the DO values measured by the MW600 Pro meter, 𝑦𝑦�𝑖𝑖  are the DO values predicted by the 

proposed model, 𝑛𝑛 is the number of water samples, and 𝑦𝑦 is the average value of the measured DO values. 
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3. Results and Discussion 

3.1 Spectral Responses 
In this study, a total of 68 water samples spanning a wide range of DO concentrations were collected. Table 2 
presents the statistical summary of the recorded light intensities and the corresponding DO concentrations for 
these samples. The wavebands at 560 and 585 nm exhibited the largest variations in intensity, with coefficients 
of variation of approximately 19%. This was followed by the wavebands at 645, 705, and 940 nm, which also 
showed high coefficients of variation of 14.4%, 9.6%, and 10.0%, respectively. Although these wavebands 
displayed substantial intensity variability, the correlation between their spectral intensities and DO concentration 
has not yet been established and requires further analysis. The DO concentration data were intentionally 
generated within the range of 0.1 to 7.1 mg/L, with an interval of 0.1 mg/L, to fully cover the levels typically 
observed in practical water samples. The dataset has a mean DO concentration of 3.51 mg/L, a standard deviation 
of 2.10 mg/L, and a coefficient of variation of 58.3%, indicating substantial variability. This variability is beneficial 
for modeling purposes, as it enables the proposed system to learn from a wide spectrum of DO conditions. 

Table 2 Descriptive statistics of the light intensities at the 18 wavebands and DO concentration for 68 water 
samples 

Variable 
Minimum 

(a.u.) 
Maximum 

(a.u) 
Mean  
(a.u.) 

Standard 
deviation (a.u.) 

Coefficient of 
variation (%) 

410 nm 81 116 84.8 6.5 7.7 
435 nm 62 82 67.8 4.4 6.4 
460 nm 88 121 104.5 6.3 6.0 
485 nm 235 284 256.7 10.0 3.9 
510 nm 349 385 364.8 7.0 1.9 
535 nm 232 260 248.6 4.3 1.7 
560 nm 142 256 183.3 35.1 19.1 
585 nm 340 609 440.2 83.3 18.9 
610 nm 148 181 172.6 5.5 3.2 
645 nm 265 414 323.6 46.7 14.4 
680 nm 155 170 164.6 4.0 2.4 
705 nm 1194 1622 1372.1 131.7 9.6 
730 nm 122 139 135.7 2.3 1.7 
760 nm 259 289 279.5 5.8 2.1 
810 nm 1182 1375 1306.1 44.1 3.4 
860 nm 1062 1188 1139.5 41.6 3.7 
900 nm 1581 2111 1845.6 142.3 7.7 
940 nm 805 1079 903.6 90.8 10.0 

DO concentration  0.1 7.1 3.5 2.1 58.3 
 

As shown in Fig. 3, the average absorbance of the water sample groups at different DO levels exhibits two 
clear peaks at 610 and 680 nm. In particular, at the 680 nm waveband, the absorbance of the water samples 
increased gradually as the DO values increased. This suggests that the 680 nm waveband is related to the DO 
concentration in water. In fact, the absorption wavelength in the 680 nm region corresponds to an electronic 
transition in the oxygen molecule. In addition, some wavebands in the near-infrared region (760, 810, and 860 
nm) exhibited high absorption. These absorption wavebands are also related to electronic transitions in molecular 
oxygen. 
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Fig. 3 Typical spectra of water samples with different oxygen concentrations 

3.2 Wavebands Selection 
After performing an analysis of the MRMR and F-test on the absorbance dataset, the importance scores of the 18 
wavebands are shown in Fig. 4. The MRMR algorithm ranked the four wavebands at 410, 610, 760, and 860 nm 
with the highest importance scores (Fig. 4a). Meanwhile, the wavebands at 610, 680, 760, and 810 nm had the 
highest importance scores in the F-test analysis (Fig. 4b). In addition, the two wavebands at 610 and 760 nm were 
ranked high in both analysis methods, and these two wavebands also had high absorbance, as shown in Fig. 3. 
 

   
(a) (b) 

Fig. 4 The important scores of the 18 wavebands using (a) the MRMR algorithms; (b) F-test algorithm 
 

For the SFS algorithm, the correlation coefficient between the absorbance of each waveband and the DO value 
was calculated, as shown in Fig. 5. The 680 nm waveband showed the highest correlation coefficient among the 
18 wavebands. Therefore, this waveband was first selected. Subsequently, the 680 nm waveband was combined 
with one of the remaining wavebands, and the correlation coefficient was calculated. This process was repeated, 
and a set of four wavebands (680, 460, 585, and 760 nm) yielded the highest correlation coefficients. 

 
Fig. 5 The correlation coefficient between absorbance and DO value of each waveband 

 
Through the waveband selection process using three different algorithms, the selected wavebands of each 

algorithm were also slightly different: the set of the MRMR selected wavebands included 410, 610, 760, and 860 

0

0.5

1

1.5

Im
po

rta
nc

e 
sc

or
e

41
0

43
5

46
0

48
5

51
0

53
5

56
0

58
5

61
0

64
5

68
0

70
5

73
0

76
0

81
0

86
0

90
0

94
0

Waveband (nm)

0

20

40

60

80

Im
po

rta
nc

e 
sc

or
e

41
0

43
5

46
0

48
5

51
0

53
5

56
0

58
5

61
0

64
5

68
0

70
5

73
0

76
0

81
0

86
0

90
0

94
0

Waveband (nm)



Int. Journal of Integrated Engineering Vol. 17 No. 9 (2025) p. 71-84 78 

 

 

nm; the set of the F-test selected wavebands included 610, 680, 760, and 810 nm; and the set of SFS selected 
wavebands included 460, 585, 680, and 760 nm. Due to the difference in the method of measuring the feature 
importance, the selected waveband sets of the algorithms were slightly different. However, the waveband of 760 
nm was selected by all three algorithms. This waveband has also been noted as one of the absorption wavelengths 
involved in transitions between different electronic states of the oxygen molecule. In addition, 680 nm was the 
waveband commonly selected by the F-test and SFS algorithms, and the waveband of 610 nm was selected by the 
MRMR and F-test algorithms. Therefore, the three selected waveband sets were sequentially combined with the 
five machine learning models to compare and select the model with the best prediction performance. 

3.3 Performance of Regression Models 
The proposed regression models were trained and evaluated using a 10-fold cross-validation method. Table 3 
shows the best performance of each regression model with different options using the three sets of selected 
wavebands and a set of all 18 wavebands. The best-tuned hyperparameters for the five models varied with the 
waveband selection method. For MLR, the linear option was selected in most cases, while a stepwise option was 
applied when using MRMR. The DTR model consistently performed best with a tree size of 4 across four sets of 
waveband combinations. For SVR, linear kernels were preferred for the All 18 wavebands and the SFS selected 
wavebands, whereas Gaussian kernels yielded better performance with MRMR and F-test selected wavebands. 
The RFR model achieved optimal results with a leaf size of 8 and 30 learners regardless of the waveband selection 
method. Finally, for the NNR, the number of connected layers and the size of the first layer varied depending on 
the feature set: using all 18 wavebands required a single layer with 100 neurons, MRMR used one layer with 25 
neurons, and both F-test and SFS selected waveband sets performed best with two layers of 10 neurons each. 

Table 3 shows that all prediction models demonstrate excellent performance with an average 𝑅𝑅2 greater than 
0.9 and 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 less than 0.6 mg/L for both the case using all 18 wavebands and the cases using the wavebands 
selected by the MRMR, F-test, and SFS algorithms. In the case using all 18 wavebands, the NNR model showed the 
best prediction performance with an 𝑅𝑅2 of 0.98 and an 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 of 0.26. This result reflects the characteristics of the 
NNR model for automatically learning from complex data. The models with the following prediction performance 
were RFR, SVR, MLR, and DTR with 𝑅𝑅2 of 0.96, 0.96, 0.95, and 0.91, respectively, and 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 of 0.41, 0.42, 0.47, and 
0.62 mg/L, respectively. 

Table 3 Performance comparison of the regression models across various waveband selections 
Model All 18 wavebands MRMR wavebands F-test wavebands SFS wavebands 

 𝑅𝑅2  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 
(mg/L) 

𝑅𝑅2 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 
(mg/L) 

𝑅𝑅2 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 
(mg/L) 

𝑅𝑅2 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 
(mg/L) 

MLR 0.95 0.47 0.86 0.78 0.88 0.72 0.97 0.35 
DTR 0.91 0.62 0.97 0.36 0.97 0.36 0.96 0.40 
SVR 0.96 0.42 0.97 0.38 0.97 0.37 0.97 0.34 
RFR 0.96 0.41 0.97 0.35 0.97 0.35 0.95 0.45 
NNR 0.98 0.26 0.79 0.95 0.93 0.55 0.99 0.22 
Average 0.95 0.44 0.91 0.56 0.94 0.47 0.97 0.35 

 
Compared with the models with all 18 wavebands, the prediction performance of the DTR, SVR, and RFR 

models with the MRMR selected wavebands was improved. In particular, there was a significant improvement in 
the prediction results of the DTR model with the 𝑅𝑅2 value increasing from 0.91 to 0.97. However, the MLR and 
NNR models showed worse performance. The models with the F-test selected wavebands also showed a similar 
prediction performance to the models with the MRMR selected wavebands. Although the DTR, SVR, and RFR 
models improved their prediction performance, the performance of the MLR and NNR models was worse. Unlike 
the models with the waveband combinations selected by the MRMR or F-test, the models with the SFS selected 
wavebands obtained good results (𝑅𝑅2 from 0.95 or higher, 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 from 0.45 mg/L or lower), and the performance 
of these models was improved compared to using all 18 wavebands. In particular, the NNR model gave the highest 
prediction results with 𝑅𝑅2 and 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 of 0.99 and 0.22 mg/L, respectively. 

Compared to the average prediction performance of all five models with all 18 wavebands, the models with 
the SFS selected wavebands proved to be more effective with average 𝑅𝑅2 and 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 values of 0.97 and 0.35 mg/L, 
respectively. Meanwhile, the average 𝑅𝑅2 and 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 values of the models with the MRMR selected wavebands and 
with the F-test selected wavebands were not as good. In the waveband selection process, the filter-based MRMR 
and F-test algorithms measured the importance of features based only on the properties of the features 
themselves and did not consider the performance of the model. Therefore, the prediction performance of the 
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models with these selected wavebands improved only in some cases, specifically for DTR, SVR, and RFR. In 
contrast, SFS is a wrapper-based feature selection algorithm, the waveband selection process directly measured 
the change in the prediction performance of the model, so the prediction results were improved in almost all cases. 
The prediction results in Table 3 show that the waveband selection process was effective, reducing the complexity 
of the model, from 18 wavebands to 4 wavebands, and improving the prediction properties.  

To further assess the practical applicability of the proposed models, prediction speed and model size were 
evaluated for the models demonstrating high prediction performance within each group of selected wavebands. 
Specifically, the models with the highest predictive performance for each waveband group included the NNR 
model with all 18 wavebands (NNR-Full), the RFR model with MRMR-selected wavebands (RFR-MRMR), the RFR 
model with F-Test-selected wavebands (RFR-FTest), and the NNR model with SFS-selected wavebands (NNR-
SFS). MATLAB's Regression Learner tool was used to calculate the prediction speed and model size of these 
models. Table 4 presents the evaluation criteria for prediction performance alongside the metrics of prediction 
speed and model size for the models of interest. 

 
Table 4 Key evaluation metrics of the top-performing models for each selected waveband set 

Metrics NNR-Full RFR-MRMR RFR-FTest NNR-SFS 

𝑅𝑅2 0.98 0.97 0.97 0.99 

RMSECV (mg/L) 0.26 0.35 0.35 0.22 
Prediction speed 
(objects/second) 489 135 150 415 

Model size (KB) 22.85 117.23 116.85 7.21 
 
To identify the best model among the top-performing models within each selected waveband set, a 

nonparametric statistical testing approach was employed. First, the Friedman test was conducted to assess 
significant differences among the models, with the null hypothesis stating that no differences exist between them. 
If the null hypothesis was rejected, the Nemenyi test was subsequently applied to determine which pairs of models 
differed significantly. Prior to applying the Friedman test, the evaluation metrics of the models were sorted and 
ranked from best to worst. Table 5 presents the ranking of the top-performing models for each selected waveband 
set based on their evaluation metrics from Table 4. Models with the same metric values were assigned an equal 
division of ordinal ranks. For instance, the RFR-MRMR and RFR-FTest models both had an R² value of 0.97 and 
were therefore assigned a tied rank of 3.5. 

  Table 5 Ranking of top-performing models for each selected waveband set 
Metrics NNR_Full RFR_MRMR RFR_FTest NNR_SFS 
𝑅𝑅2 2 3.5 3.5 1 

RMSECV (mg/L) 2 3.5 3.5 1 
Prediction speed 
(sample/second) 1 4 3 2 

Model size (KB) 2 4 3 1 
Average 1.75 3.75 3.25 1.25 

 
Subsequently, the data in Table 5 were imported into MATLAB, where the friedman() function was used to 

perform the Friedman test, followed by the multcompare() function to conduct the Nemenyi test. The results of 
the statistical analysis are presented in Fig. 6. The Friedman test (Fig. 6a) indicates a significant difference in 
performance among the models, with a p-value of 0.0132. Subsequent pairwise comparisons using the Nemenyi 
test (Fig. 6b) reveal that the RFR-MRMR and NNR-SFS models differ significantly, with the NNR-SFS model 
exhibiting superior performance. 
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(a) (b) 

Fig. 6 Analysis of model rankings using (a) the Friedman test; (b) pairwise comparisons with the Nemenyi test 
 

In an overall comparison, the NNR model using the SFS selected wavebands gave the best performance and 
was selected as an optimal model in this study. The scatter plots comparing the actual DO values and the NNR-
predicted DO values using all 18 wavebands and the SFS-selected waveband are presented in Fig. 7. The average 
absolute residual of the NNR model with all 18 wavebands and with the selected SFS wavebands was almost 
equivalent with values of 0.14 mg/L and 0.13 mg/L, respectively. Furthermore, more than 94% of the error values 
were within ±0.5 mg/L. 

  
(a) (b) 

  
(c) (d) 

Fig. 7 Scatter plot and residual of NNR models (a, b) with all 18 wavebands; (c, d) with the SFS selected wavebands 
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3.4 Discussion 
In this study, using a systematic framework that applied multiple feature selection algorithms and various 
machine learning models with different configurations, the NNR model with four wavebands selected by the SFS 
algorithm (460, 585, 680, and 760 nm) showed the best prediction performance with 𝑅𝑅2of 0.99 and 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 of 0.22 
mg/L. 

The four SFS selected wavebands in this study are also consistent with those in previous studies. Although 
the 760 nm wavelength is a weak absorption wavelength of molecular oxygen, this wavelength can still be used to 
directly measure oxygen by spectrophotometric techniques [5]. The 760 nm wavelength was also recorded as one 
of the absorption wavelengths of oxygen in the study of [15–17]. The 680 nm waveband was the absorption peak 
in this study, shown in Fig. 3, and was also the wavelength related to the oxygen absorption recorded in the study 
of [17]. Two wavebands in the visible region of 460 nm and 585 nm have also been used to monitor the oxygen 
concentration in water [11]. Notably, these four selected wavebands correspond to or are close to the wavelengths 
reported in the study of oxygen absorption in the visible and near-infrared regions [14]. This shows that the 
wavebands selected in this study were well-established and reliable. 

The prediction results of this study were compared to those of the previous studies, as shown in Table 6. The 
prediction performance of the NNR model with the SFS selected wavebands was superior to that of previous 
studies in terms of both 𝑅𝑅2 and 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅. Study [10] employed shortwave UV bands (190, 210, 240, 250 nm) with 
a quantile regression (QR) model, achieving a coefficient of determination of 0.96, whereas our NNR model using 
visible to near-infrared bands (460, 585, 680, 760 nm) reached 0.99 with an RMSECV of 0.22 mg/L. Study [11] 
applied visible to near-infrared bands (460, 485, 585, 900 nm) with MLR, resulting in lower accuracy (R² = 0.85, 
RMSECV = 0.68 mg/L) compared to our approach. Similarly, Study [12], which used two near-infrared bands (660, 
880 nm) with ODR (R² = 0.98, RMSECV = 0.39 mg/L), and Study [13], which employed visible bands (483, 613, 
655 nm) with MLR (R² = 0.73, RMSECV = 0.55 mg/L), were both outperformed by our NNR model. Overall, these 
results demonstrate that the SFS-selected wavebands with NNR model in this study were highly effective for 
predicting DO concentrations and outperform those used in previous studies. 

Table 6 Prediction performance of the regression models in this study and previous studies 
Reference Waveband set  

(nm) 
Model 𝑅𝑅2 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 

(mg/L) 

[10] 190, 210, 240, 250 QR 0.96 - 
[11] 460, 485, 585, 900 MLR 0.85 0.68 
[12] 660, 880 ODR 0.98 0.39 
[13] 483, 613, 655 MLR 0.73 0.55 
This study 460, 585, 680, 760 NNR 0.99 0.22 

 
In addition, by using transmittance measurement with a flow-through cuvette, the proposed system can 

continuously monitor the oxygen concentration without using any additional color indicator or measuring 
membrane. This helps the proposed system increase durability and minimize the need for maintenance or 
component replacement. With excellent prediction performance and almost no need for maintenance or periodic 
replacement, the proposed system has great potential for practical applications involving long-term continuous 
DO measurements. 

Although the proposed system demonstrated a cost-effective, non-contact spectrometric design with strong 
predictive capability for DO concentration in water, it remains relatively bulky due to the use of a computer for 
data acquisition and processing. In addition, the experimental water samples were not diverse, and the influence 
of pH or temperature on the water samples was not considered. The following issues need to be considered: 

• Further optimization of hardware design is needed to create a portable and energy-efficient device, such 
as considering the use of suitable photo-diodes combined with powerful, low-power micro-controllers. 

• A large number of data samples must be collected under various environmental conditions to build a 
comprehensive and sustainable model. 

• Further investigation is required to evaluate the influence of environmental factors (such as temperature, 
salinity, and pH) on the performance of machine learning models. 

4. Conclusions 
This study demonstrated a systematic framework for accurate, non-contact monitoring of dissolved oxygen (DO) 
in water using a low-cost multispectral sensor integrated with an optimized machine learning model. Of the 
models tested, the NNR model with four wavebands (460, 585, 680, and 760 nm) selected by the SFS algorithm 
achieved the highest predictive performance (R² = 0.99, RMSECV = 0.22 mg/L). These wavebands are consistent 
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with oxygen absorption wavelengths reported in previous studies, which supports the reliability of the waveband 
selection. Compared with previous research, the proposed NNR model outperformed existing methods in both 
accuracy and robustness. These results highlight the potential of the proposed framework for long-term, 
continuous DO monitoring in aquaculture, environmental management, and other water quality applications, and 
indicate that similar frameworks could be applied to additional water quality parameters in future research. 
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