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Abstract. Accurate classification of turbidity is essential to maintain water quality in a variety of contexts, from drinking
water to industrial processes. Traditional turbidimeters face challenges, including the resistance of colored objects,
changes in the shape and size of parts, and the need for constant calibration and maintenance. In this document, a
convolutional neural network (CNN) is implemented to classify water samples according to their degree of turbidity. The
dataset consisted of images taken in laboratory conditions where blur levels were monitored and measured using a 2100p
portable turbidimeter. CNN achieved 97.00% classification accuracy in laboratory conditions. When tested on samples of
water bodies in the real world, the model retained 85.00% accuracy. The results show that deep learning can effectively
classify blur levels, offering a promising solution to overcome the limitations of traditional methods. The study
demonstrates the potential of CNN for accurate and effective measurement of turbidity, balancing accuracy and the
possibility of practical application in field conditions.
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TEPEH OKBITY HEI'BIHJE CYJbIH MOJIAIPJIITTH (JIAMJIAHYBIH) JEHT'EN
BOUMBIHIIIA KIKTEY

A.T. Sekerbaev
Kunp xaneixapanvix ynusepcumemi, Huxkocus, Kunp
E-mail: sekerbaevarystan2006@gmail.com

ABTOp TypaJibl aKNapar:
A.T. Sekerbaev - Kunp xanvikapaneix ynueepcumemi, Huxocus, Kunp. E-mail: sekerbaevarystan2006@gmail.com

Anoamna. JlalinanyIbIH HAKTHI KIKTEIYi aybl3 CyJaH OacTamn eHIIPICTIK MpoIecTepre ACHIHT OpTYPIi KOHTEKCTTEPIe
CyIbIH calachlH cakTay YIIIH ©Te MaHb3abl. JlocTypui TypOMauMmeTpiiep TYpJi-TYCTi 3aTTapblH KeJepriciH,
OeJIIIeKTeP i H MIllIiHI MEH OJIIIeMICPIHIH 63repyiH, YHeMI KaauOpiiey MEeH TeXHUKANIBIK KbI3MET KOPCETY Il KaXKeT eTeTiH
KUBIHJBIKTApFa Tan 0onaasl. By KyxaTTa Cy YITUISpiH JIallaHy AOpeKeciHe Kapal KIKTey YIIH KOHBOFOIIHSIIBIK
Heiiponnaslk xeni (CNN) enrizinren. [lepekrep »xwuHarbl 2100p mopraTtuBTI TypOWAMMETp KOMETIMEH OJIIIECHETIH
OYJIBIHFBIPIBIK ~JeHreiiepi OaKbUIaHATBIH 3€PTXAHANBIK OJKaFdaimapaa TycipinreH cyperrepaeH Typasl. CNN
3epTxaHaibIK mapamerpiaepae 97,00% xixkrey moimirine Ko skeTki3mi. HakTel ameMaeri ¢y oOBeKTiIepiHiy yATiIepiHae
ceiHAIFaH Ke3ne monens 85,00% mommikti cakTam Kangsl. HoTmxkenep TepeH OKBITY OOCTYPIl 9MICTEpAiH HICKTEYIEPiH
EHCEpYIiH MepCIeKTHBAIBI MICTIIMIH YChIHA OTBIPHII, OYJIBIHFBIPIIBIK JEHICHIICPiH THIMI JKIKTEH alaThIHBIH KOPCETELI.
3epTrey cnn-miH OYJIBIHFBIPIBIKTB JOT JKOHE THIMIL OJIIey, NOJIIIKTI TEHECTIpY JKOHE NanajblK JKarmaiiapaa
MPaKTHKAJIBIK KOJIJaHy MYMKIH/IT YIIIH 9JIEyeTiH KepceTe .

Tyiiin ce30ep: CynblH camachl, TEPEHJIETINl OKBITY, IQJIIK, aybl3 CYIbIH callachbl, OYJIBIHFBIPIBIK JCHICHiH aHBIKTAY,
KECKIiHI'€ HEeT13/Ie/ITCH TaJaay.
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KJIACCHOUKANUA TPO3PAYHOCTH MYTHOCTH) BOJAbI 110 YPOBHAM HA
OCHOBE I'N1YBOKOI'O U3YYEHMUA

A.T. Sekerbaev
Kunpcrui mearcoynapoonuwiil ynusepcumem, Huxocus, Kunp
E-mail: sekerbaevarystan2006@gmail.com

HNudopmanus 06 aBTope:
A.T. Sekerbaev - Kunpckuii mescoynapoonwiii ynusepcumem, Huxocus, Kunp. E-mail:
sekerbaevarystan2006 @gmail.com

Annomayus. Todnas knaccudukanys MyTHOCTH HE0OXO0IMMa ISt OJ/IepyKaHMsI KAUeCTBa BOJIbI B PA3JIMYHBIX YCIIOBHUSX,
OT MUTHEBOH BOJIBI /10 IIPOMBIIIIEHHBIX POLEeCCOB. TpaauiIHOHHbIE TYPOHIMMETPBI CTAJIKUBAIOTCS C IPOOJIEMaMHu, B TOM
YHCIIe ¢ YCTOMYMBOCTBIO OKpAILICHHBIX 00BEKTOB, U3MEHEHHEM (OPMBI U pa3Mepa JieTanel, a Takke He00X0IMMOCThIO
TIOCTOSTHHOW KalMOPOBKHU M TEXHUYECKOT0 00CITyKMBaHUA. B 3TOM IOKyMeHTe pealin30BaHa CBEPTOYHAsI HEHPOHHAS CETh
(CNN) mrs xmaccudukanuu mpo6 BOABI B COOTBETCTBHH CO CTEMEHBIO MX MYTHOCTH. HaGop JaHHBIX COCTOSIT W3
n300paKeHHH, CIEeNaHHBIX B JIAOOPATOPHBIX YCIOBHSAX, TZAE OTCICKHBAIUCH YPOBHH PAa3MBITOCTH, M3MEPEHHBIE C
OMOIIEI0 opTaTuBHOTO TypOuammetpa 2100p. CNN mocturia TouHOCTH KiaccUUKAIK TaOOPaTOPHBIX MapaMeTpOB
Ha 97,00%. Ilpm TecTnpoBaHMMHA O00pa3lax BOJAOEMOB B PEATbHOM MHpPE TOYHOCTH Mopenu coctaBmia 85,00%.
PesynbraThl moka3eBalOT, YTO TIyOOKOe OOydeHHe MOKeT 3((EKTHBHO KIACCH(PHINPOBATH YPOBHH Pa3MBITOCTH,
npeyiaras MHOrooOeIIaroniee pelieHne I NPEeoJONICHNsT OTPAaHUYCHUH TpaIuMOHHBIX MeTonoB. VcciemoBanue
nemoncTpupyer noreHuuan CNN st TouHoro u 3ddekTHBHOr0 M3MepeHHss MyTHOCTH, TOYHOCTH OaJlaHCHPOBKH M
BO3MOXXHOCTH MMPAKTUYECKOTO MPUMEHCHUS B TTOJICBBIX YCJIOBUSX.

Knioueswvie cnoga: xauectBo BOABL, ITyOokoe 00ydeHHE, TOYHOCTh, KAYECTBO IUTHEBOI BOABI, ONpeeIeHHE YPOBHA
Pa3MBITOCTH, aHAJIM3 Ha OCHOBE U300paskeHUM.

MAIN PROVISION organic compounds, microbial activity, chemical

This study proposes an image-based pollutants, and turbidity affecting light penetration
convolutional neural network approach for and aquatic ecosystems [8,9,10]. Chemical aspects,
classifying water samples according to their turbidity  including pH, dissolved oxygen (DO), nutrients,
levels. The model is trained using a balanced dataset heavy metals, and organic compounds, are very
of laboratory images labelled with turbidity values important in determining water quality. The pH level
measured by a portable turbidimeter. The proposed indicates the acidity or alkalinity of water, which can
approach achieves high classification accuracy while  affect various biological and chemical processes. DO
requiring relatively low computational resources, is very important for the survival of aerobic
demonstrating its potential as a practical and cost- organisms, and low levels often mean pollution.
effective alternative to conventional turbidity Nutrients such as nitrogen and phosphorus are

measurement methods. essential for plant growth, but can lead to
eutrophication when in excess. The presence of heavy
INTRODUCTION metals such as lead, mercury, and arsenic, even in low

Water quality is a comprehensive term that concentrations, poses significant health risks. At the
encompasses the various physical, chemical, and same time, organic compounds, including pesticides,
biological characteristics of water, defining its herbicides, andindustrial chemicals, can harm humans
suitability for various purposes such as drinking water  and Wildlife [11,12,13,14]. Finally, some biological
[1,2], recreational activities [3], agricultural irrigation ~ factors are important indicators of water quality.
[4,5], and industrial processes [6]. Water quality Bacteria and viruses can pose health risks by
assessment involves measuring a number of indicating fecal contamination and causing disease
parameters to understand the presence and [15]. Algae blooms, often caused by nutrient
concentration of pollutants and the overall health of a  pollution, can consume oxygen levels and release
water body [7]. Physical characteristics such as toxins that are harmful to aquatic life.
temperature, color, smell, taste, and turbidity provide The physical characteristic of opacity is the
important information about conditions in the aquatic ~ cloudiness or turbidity of a liquid due to many
environment. Temperature affects the metabolic rate  particles that are usually invisible to the naked eye [7].
of aquatic organisms and the solubility of gases, and  Turbidity is measured using turbidimeters that
color can indicate the presence of organic matter, estimate the amount of light scattered at an angle of
pollutants, or minerals. Smell and taste often indicate 90 degrees to the incident light [16]. These particles
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scatter and absorb light, reducing the transparency of
the liquid. The measurement process involves several
steps. First, usually a beam of light from an LED or
laser is directed through the sample with a wavelength
selected according to the size and type of particles
expected in the sample. The liquid sample is placed
in a transparent container called a cuvette, allowing
light to pass through it. As light moves through the
sample, it interacts with the suspended particles,
causing scattering, which is measured by detectors
located at different angles, usually 90 degrees to the
incident light. The intensity of scattered light, directly
proportional to the turbidity of the sample, is
converted by turbidimetric electronics to the turbidity
value, which is usually expressed in Nephelometric
Turbidity Units (NTU) or formazine Nephelometric
units (FNU). These steps require knowledge and
training in the use of turbidimeters. In addition, the
measurement of blur faces many difficulties. The
interference of colored objects in water can absorb
incident light, making it difficult to estimate blur and
obtain accurate readings in color or painted samples
[17]. The assumption of uniform particle sizes and
shapes increases the complexity, as natural samples
often contain different particles that scatter light
differently, causing discrepancies and inaccuracies in
readings [18]. Turbidimeters also require periodic
calibration with standards such as formazan and
meticulous cuvettes and maintenance of optical
components to ensure accuracy, which can be time-
consuming and expensive. Moreover, the detection
range of these meters is limited; very high particle
concentrations can cause many scattering events,
leading to nonlinear responses and inaccurate
readings at high blur levels. External factors such as
ambient light, temperature fluctuations, and vibration
can interfere with the measurements, which requires
appropriate shielding and environmental monitoring
to obtain reliable data.

Research gap. Conventional turbidimeters
provide reliable measurements but are affected by
several practical limitations, including interference
from coloured substances, variations in particle shape
and size, restricted measurement ranges, sensitivity to
environmental conditions, and the need for regular
calibration and maintenance. Although machine-
learning and deep-learning techniques have
increasingly been applied to water-quality
assessment, many existing approaches require large
datasets, complex sensor systems, strict lighting
control, satellite or UAV imagery, or substantial
computational resources. Therefore, there remains a
need for a simple, low-cost, and computationally
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efficient image-based method capable of accurately
classifying water turbidity levels under both
controlled and real-world conditions.

Novelty statement. The novelty of this study lies
in the development of a computationally efficient
CNN-based classification method using a carefully
balanced image dataset covering turbidity values
from 200 to 800 NTU. Unlike more complex
approaches that depend on multiple sensors, UAV
data, satellite imagery, or extensive computational
resources, the proposed method employs a simplified
experimental setup and image-based classification
process while achieving 97% laboratory accuracy.
The model is also evaluated using real-world water
samples, demonstrating its potential for practical field
applications.

METODOLOGY

High accuracy in the assessment of turbidity is
crucial for maintaining healthy aquatic ecosystems
and ensuring safe drinking water. Advances in
machine learning provide promising solutions to
improve the accuracy and efficiency of turbidity
measurement to address traditional challenges and
limitations in this important area. For example, the
regression model achieved an accuracy of 91.23%
when estimating water turbidity in the range of 0.02-
60 NTU using RGB sensors. However, environmental
factors such as temperature, light, and pH can affect
sensor performance, introducing measurement
variability [22]. This system requires careful
calibration and testing to maintain accuracy, which is
time-consuming and resource-intensive. In contrast,
the recursive neural network (RNN2) model, using
underwater sensors and UAV image data, achieves a
prediction accuracy of 94.10% for Blur values from
Qingtan Weir in Taiwan [23]. However, UAV
operations are sensitive to weather conditions, which
can affect the stability of data collection. The gradient
amplification Solution Tree (GBDT) model shows
88.00% accuracy in the range of 0.94 to 103.43 NTU,
but requires careful adjustment of hyperparameters
and a significant amount of training data to achieve
high accuracy [24]. The transfer learning method
achieved a classification accuracy of 96.86% with the
risk of over-docking that could compromise
performance with new data [25]. The self-organizing
multi-channel deep learning system (SMDLS) for
monitoring river turbidity, evaluated in a
comprehensive data set from nine locations over a
year, increases accuracy by about 14.27% compared
to other models based on PSNR, MSE, and NMGE
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metrics [26]. However, its computational efficiency is
limited due to the need to train seven subnets and
combine their results. For measurements of turbidity
and total suspended solids (TSS), the CNN
implementation achieved an accuracy of 98.24% for
TSS and 97.20% for turbidity through the use of white
light; however, it is very important to accurately
control the lighting distance and camera position,

which can be difficult in field conditions without
special equipment [27]. In addition, a study used by
CNN to accurately classify the turbidity of water
samples containing a relatively small data set of 200
images achieved a total accuracy of 97.5% in
classifying the turbidity from 0 to 250 NTU, noting
the need for a larger data set to increase the
generalization accuracy of the model [28].

DATA COLLECTION

i BAMPLE
i COLLECTION
- POINT

WATER QUALITY

PHOTOGRAPHY

BUILD DATASET

Figure 1 - CNN opacity classification methodology review
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This document describes the result of a
comprehensively adapted data set for CNN training.
The data set is carefully balanced to ensure that the
samples are evenly distributed in five different
classes. Each image has been carefully selected to be
clear and noise-free, with precise marking to provide
high-quality reading data for CNN. Each sample is
associated with a specific NTU value, which is
accurately measured using a turbidimeter. The novelty
of this study lies in its simple classification process,
which requires low computing resources due to the
characteristics of the presented CNN and data sets.
Unlike previous studies, this study collects water
samples with NTU values ranging from 200 to 800
and achieves high accuracy in their classification. The
images were taken by an experimental setup to reduce
external  interference and  ensure  correct
classification, as shown in Figure 1. Although simple,
this installation is very important to achieve reliable
results. The classification process achieves an
impressive  97.00%  accuracy of turbidity
classification, indicating the ability of this approach to
accurately select classes in muddy water applications.

RESEARCH RESULTS

CNN's performance in real conditions remains
competitive compared to other samples in the
literature. A test bench and calibration method were
used for classification; an accuracy of 91.23% was
achieved with the K-nearest neighbor classifier,
indicating the importance of controlled experimental
conditions for reliable results. Along with higher R-
square values of 20.89 during training and 36.11
during testing, 99.30% for training and 94.10% for
testing, Sentinel-2  demonstrates  significant
predictive accuracy despite its own complexity and
computational demands aimed at obtaining data
through the correct processing of satellite images and
the removal steps of pre-cloud provision images and
atmospheric effects. This made it possible to collect
accurate spectral reflection data, which is important
for reliable blur assessment. On the other hand, it
relied on a large river turbidity control dataset
containing 11,681 data points from nine registered
locations during the year, which improved accuracy
by 14.27% over other models, even though it faced
computational inefficiency due to the large amount of
data and processing requirements. Finally, using the
CNN architecture (AlexNet) in a dataset that uses
liquid samples illuminated by LEDs and recorded by
a smartphone camera, it achieved an accuracy of
97.20%, taking advantage of different lighting
conditions and the ability to take high-quality
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pictures. In contrast, the proposed CNN achieves an
accuracy of 97.00% with a simple classification
process and a carefully balanced dataset that includes
actual NTU values of 200 to 800, indicating a demand
for low computing resources while maintaining high
accuracy. The controlled experimental setup
highlighted the ability to effectively and accurately
classify blur in practical applications, reducing
external interference.

In light of the above analysis, this study
demonstrates the effectiveness and practicality of the
proposed CNN in various parameters, highlighting its
competitive advantage and potential for real-world
applications in blur estimation.

CONCLUSION

The proposed CNN demonstrates competitive
performance compared to other models in the
literature, such as RGB sensors, rnn2, GBDT, transfer
learning methods, and regression models such as
SMDLS, while maintaining high accuracy and
practical applicability. Although some samples show
high accuracy rates, they often require large-scale
calibration, accurate monitoring of environmental
conditions, or significant computing resources. The
methodology used to create a data set of merit
measurements allowed CNN to achieve high
accuracy, with a significant accuracy of 97% for
laboratory measures and 85% for specific samples.
This rigorous data set is critical to CNN's success. In
addition, the proposed CNN's simplicity and lower
computational requirements make it a viable option
for field applications, especially in less controlled
environmental conditions. However, further tuning
and adaptation are required to increase its resistance
to environmental changes. In general, the proposed
CNN offers a promising solution for measuring blur
in real-world conditions, effectively balancing
accuracy and practicality.
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