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REAL-TIME MACHINE LEARNING AND WIRELESS SENSOR
NETWORK FOR COASTAL WATER QUALITY MONITORING
IN THE GULF OF AQABA

Abstract: This study presents an advanced real-time monga@ystem integrating wireless sensor networks with
machine learning to assess water quality in thé @uAgaba. Our hybrid machine learning framewodmbines
Random Forest (500 trees, node size = 5) for featalection with Artificial Neural Network ensemblEs-layer
MLP with Monte Carlo dropout) for probabilistic fwasting. The system continuously monitors sixioadit
parameters, demonstrating strong predictive pedaca through rigorous validation: dissolved oxygen
(R2 = 0.92,RMSE = 0.45 mg/L, 95 %€l (Confidence interval): 0.41 - 0.49), nitrite%(= 0.85,RMSE = 0.08 mg/L,

Cl: 0.07 - 0.09), and turbidityR¢ = 0.89,RMSE = 2.3 FTU,CI: 2.1 - 2.5). Comprehensive uncertainty analysis
revealed prediction intervals of +0.38 mg/L for 2@d +0.10 mg/L for nitrite, with spatial variabylitowest in
open waters @V = 8.2 %) and highest near coastal zon@¥ € 15 %). Residual autocorrelation analysis
confirmed model reliability (Moran’s< 0.12,p > 0.05) across the study area. Spatial-temporaysisatientified
nitrite as a sensitive pollution indicator, withnoentrations reaching 0.12 mg/L near urban outflo@apared to
background levels (< 0.05 mg/L). The system actie®®2 % accuracy in the early detection of environtale
risks, including coral bleaching precursors (terafpge anomalies > 1 °C) and pollution events (®itri
spikes > 0.1 mg/L). Compared to conventional maimtp the platform demonstrated 20.4 % greater iptied
accuracy AR? = +0.17,p < 0.01) while reducing operational costs by 30.2p¥marily through automated data
collection and reduced manual sampling. The integraof high-frequency sensing, adaptive machirenimg,
and cloud-based analytics establishes a replidedmeework for coastal ecosystem management, péatigun
anthropogenically stressed environments like the: &ea.

Keywords: marine water quality monitoring, real-time remat®nitoring, wireless sensor networks, machine
learning predictive modellingzlSbased spatial analysis, Red Sea ecosystem manaigeme

Introduction

Water quality monitoring programs are essentiakfatecting data that support coastal
conservation and informed decision-making. Thessgmms must balance accuracy and
cost-effectiveness, depending on specific infororeti needs [1]. While highly accurate
water quality data are often desired across alitlons, direct observations are inherently
limited to specific areas [2]. The urgency for effee water quality monitoring has
increased significantly, particularly in ecologigasensitive regions such as the Red Sea,
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where maintaining chemical, biological, and phyisfcarameters within compliance levels
is a primary concern for regulatory agencies [3, 4]

Conventional water quality monitoring methods, diestheir widespread use, exhibit
several limitations that reduce their effectivenésssitu detectors provide continuous data
collection but are constrained by limited spatiaverage and high operational costs.
Additionally, they require frequent maintenance awdlibration, which can be
labour-intensive and expensive [5]. Geographicrimition SystemsGlS) are widely used
for data archiving, mapping, and visualisation, trety rely on static datasets and lack
real-time monitoring capabilities, making them utesbie for rapid response scenarios [6].
Real-time remote monitoring (RTRM) systems enaloletiouous data collection, but their
adoption has been hindered by high initial costgchanical durability issues, and
engineering complexity, restricting their applicatimainly to large-scale research projects
in lakes, reservoirs, and open ocean settings|[1, 7

To address these challenges, this study proposesh&anced monitoring framework
that integrates RTRM with machine learning-baseeldjotive modelling. This approach
enhances conventional techniques by improving sys&iability, simplifying deployment,
and increasing cost-effectiveness. The integratafh machine learning algorithms
strengthens predictive capabilities, allowing farlg detection of hazardous events such as
coral bleaching and pollutant spills. Additionallthe framework combines in situ
measurements, remote sensing data, &i&based spatial analysis to generate
a comprehensive understanding of water quality dyos across spatial and temporal
scales [8]. By minimising the need for frequent mensampling and maintenance, the
system optimises resource allocation while ensunigh data accuracy and coverage [9].

The proposed method is grounded in well-establisthesretical and mathematical
principles. The predictive models employ supervisadning techniques, including random
forests and neural networks, trained on histonicatier quality data to identify patterns and
correlations. Model reliability is ensured througdporous validation using cross-validation
techniqgues and performance metrics such as roon rsqaare errorRMSE) and the
coefficient of determinationR®). Furthermore, the integration of real-time dafth key
physical and chemical processes, such as wavendmueulation and flushing rates,
ensures that predictions align with fundamentaliremmental dynamics.

To evaluate the proposed framework, a comparatiadyais was conducted against
conventional monitoring methods. The combinationRAFRM and predictive modelling
enhances the accuracy and efficiency of water yuatisessments, allowing for the timely
identification of environmental disturbances. Bseamlining data acquisition and analysis,
the system facilitates proactive decision-makingd astrengthens early warning
mechanisms, supporting long-term water resourceagement and ecological conservation
efforts.

Materials and methods

The developed RTRM platform integrates a suiteesfssrs designed to measure key
water quality parameters, including pH, condudfivturbidity, temperature, and sediment
concentration near the riverbed. These parameters selected due to their significance in
assessing aquatic ecosystem health and their is#ggsito environmental changes.
The platform leverages advancements in wirelessoseiechnology and data analytics to
provide real-time, high-resolution data, facilitagieffective water quality management.
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Each sensor within the RTRM platform serves a djgedunction in monitoring
water quality dynamics. The pH sensor measures rwatélity or alkalinity, which
influences nutrient solubility, heavy metal biodahility, and aquatic species’ survival.
The conductivity sensor estimates salinity and asteotential pollution sources by
assessing dissolved ion concentrations. Turbiditgagarements quantify suspended
particulate matter, affecting light penetration amdhotosynthetic processes, while
temperature monitoring provides insights into metigbrates and dissolved oxygen levels,
both of which are crucial for maintaining ecolodibalance. The sediment concentration
sensor measures sediment levels near the rivedfésting valuable data on erosion,
runoff, and pollutant transport.

At the core of each measurement station is a CRX#8logger, which ensures
precise tracking of water quality parameters oweret facilitating the identification of
trends and environmental changes. The dataloggerosts high-frequency sampling for
continuous real-time monitoring, provides extensilata storage for long-term analysis,
and enables remote connectivity for real-time damasmission and visualisation.

Machine learning processing and analytical framewdk

For predictive modelling, machine learning algar) namely, random forests and
neural networks will be utilised to analyse histaliand real-time data. These models
identify trends, predict future water quality chaegand detect anomalies indicative of
emerging environmental threats. The analytical &awrk ensures high predictive
accuracy, enhancing the platform’s capability farlg intervention in cases of pollution
spikes or ecological disturbances. The collectad dadergoes advanced processing using
machine learning algorithms to identify patternsedict trends, and detect anomalies in
water quality parameters. The analytical framewmoksists of multiple stages, including
data preprocessing, predictive modelling, and sttesil validation, ensuring accuracy,
robustness, and reliability in the monitoring prexeg10, 11]. Data Preprocessing is
a crucial step in ensuring data accuracy and cemgig before applying machine learning
models.

The following steps are implemented: Raw sensoa dadty contain missing values,
outliers, or noise due to sensor malfunctions @irenmental interferences. Missing values
are handled using interpolation techniques, whildiers are detected and removed using
statistical methods such as thacore method [12]:

X—u
(o2
whereX is the observed valug,is the mean, and is the standard deviation. Values with
Z > 3 are considered outliers and removed [13].

Also, since different water quality parameters haseying units and ranges, feature

scaling is applied to ensure uniformity. Min-maslég is used [13]:

X - Xmin

7 =

X=—
X‘max - X‘min
whereX'’ is the normalised value, a@l,,, — X;uin are the minimum and maximum values
in the dataset.

Redundant or irrelevant features are removed tdmigg model performance.
Techniques such as Principal Component AnalysiAJRE correlation-based filtering are
used to retain only the most informative featuiigsen, supervised learning techniques are
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employed to predict water quality trends and depstéential hazardous events. Two key
models are used:

Random Forest (RF): This ensemble learning metbodtoucts multiple decision trees
and aggregates their outputs to improve prediciiocuracy. The prediction for a given
input XX is obtained by averaging the predictions frontraks [11, 14]:

1 N
yh =2 0
i=1

whereT;(X) is the prediction from thieth tree, andN is the total number of trees

Artificial Neural Networks (ANNSs): A multi-layer peeptron (MLP) model is used to
capture complex nonlinear relationships in watealitypyparameters. The output of a neuron
in a hidden layer is given by [11, 12]:

n
aj = f(z Wl']'xi + b]>
i=1

wherex; are input featuresy; are weightspy; is the bias term, anf{:) is the activation
function. The model is trained using backpropagat@m minimise an error function, mean
squared erron|SE):

1% .
MSE =;Z(yi = ¥i)
i=1

wherey; is the actual value, and is the predicted value.

Additionally, to ensure model reliability, crosshdation techniques and performance
metrics are applieK-Fold Cross-Validation; the dataset is split ikkgubsets, wherk-1
subsets are used for training and the remainingamtesting [12]. This process is repeated
K times to obtain an average performance score.

Performance metricRMSE measures prediction accuracy [10]:

n
1 A
RMSE = |- (v y/)?
i=1

Coefficient of determinationRf) evaluates how well the model explains the vaganc
in the data:

| 20—y’

Xi—y7)?
wherey™ is the mean of observed values. RA value close to 1 indicates a strong
predictive model.

Additionally, for the evaluate the effectivenesstltid RTRM platform, a comparative
analysis will be conducted against conventional itboing techniques. It is anticipated that
the integration of real-time remote monitoring withedictive modelling enhances data
accuracy, operational efficiency, and response.tifstgo, by reducing reliance on manual
sampling and maintenance, the system optimiseseffesttiveness while improving the
timeliness and accuracy of water quality assessnéwditionally, its ability to rapidly

R? =



Real-time machine learning and wireless sensorarktfor coastal water quality monitoring ... 33¢

detect and predict environmental disturbances gthems early warning mechanisms,
supporting proactive ecological conservation antufsnt management.

This study employed a dual-model approach, selgct®andom Forest for its
interpretability (feature importance scores) andtli@u robustness (500 trees,
min_samples_split=5), complemented by an ANN (&tayMLP with RelLU/Adam
optimiser) to capture nonlinear turbidity-sedimesititionships. Our spatial validation used
geographic blocking (train: 1 km - 4 km, test: 4 knb km zones) with confirmed
non-autocorrelation (Moran'd p = 0.12), while 1,000 bootstrap iterations with
bias-correctedCls quantified uncertainty (DQRMSE = 0.45 [0.41 - 0.49]) [15]. Feature
engineering incorporated temporal lags (t-1, t-émyg hydrodynamic covariates (wave
height, transformed tidal phase, ADCP current vigipcwith standardised inputg: = O,

o = 1) and ANN early stopping (patience = 10). Clagsghting addressed hypoxic event
imbalances, ensuring rigorous ecological modellstgndards [15]. Table 1 shows ML
models specification and main features used instoigy.

Table 1
Machine learning model specifications and hypenpatars

Random forest model Valiation approach
10-fold CV with

spatial blocking

Component ANN model (MLP)
3-layer (64-32-1)

activation='"ReLU’

Architecture 500 decision trees

min_samples_split=5 Block size:

Key hyperparameters

max_depth=10
criterion=‘gini’

optimiser="Adam’
learning_rate=0.001
batch_size=32

1 km radius

Feature selection

Gini importance

Recursive feature

Stratified by depth

elimination zones
Traini 80 % stratified split Same with standardised Rolling window
raining data _ . b
(n = 4,320 samples) scaling validation
. RMSE: 0.45 [0.41-0.49] RMSE: 0.48 [0.44 - 0.52] | Bootstrap iterations:
Performance metrics Re: 0.92 [0.90-0.93] Re: 0.91 [0.89 - 0.92] 1,000
Computational specs sklearn (v1.2.2) TensorFlow (v2.8) Hardware: NVIDIA
P p Training time: 18 min Training time: 42 min T4 GPU

To rigorously address spatial autocorrelation i data splitting procedure, we
implemented a stratified spatial-temporal partitignframework that explicitly accounts
for spatial dependencies while maintaining ecolalgielevance. First, we quantified spatial
autocorrelation using Moranls(DO: | = 0.32,p < 0.01; turbidity:l = 0.41,p < 0.001),
confirming significant spatial clustering of watquality parameters. To preserve spatial
independence between datasets, we: (1) discretimedtudy area into 1 kmz2 grid cells
(n = 36) usingGlS-based spatial joins, ensuring each cell contafoedplete sensor arrays;
(2) implemented a modified k-fold cross-validatiofere 80 % of cellsn(= 29) were
randomly selected for training while maintainingnmium 500 m buffers between training
and test cells; and (3) incorporated spatial lagabtes (weighted by inverse distance) as
model features. Temporal validation was separatehyducted by holding out November
2023 data (1 month) after training on June-Octdt@23. This dual validation approach
yielded spatially robust performance metrics (gp&V RMSE: DO 0.48 mg/L, turbidity
2.5 FTU; temporalCV RMSE: DO 0.52 mg/L, turbidity 2.7 FTU), demonstratingiro
models generalise across both spatial and tempmioaiains without autocorrelation
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artefacts. The methodology aligns with best prastia spatial machine learning [14] while
addressing the unique challenges of marine semrdaiorks.

Study site and platform deployment

The RTRM platform was deployed near Hagel City lie Gulf of Agaba, Jordan,
a region characterised by significant variationswater quality parameters and rich
biodiversity, Figure 1 showed the study locationd aRed Sea bathometry map,
respectively. The deployment strategy was desigteedensure comprehensive data
collection while minimising environmental disturlz@n Sensors were strategically installed
at key locations to capture spatial and temporaiatians in water quality. Placement
decisions were informed by hydrodynamic conditicesplogical sensitivity, and potential
pollution sources to ensure optimal coverage. Regudlibration of sensors was conducted
to maintain measurement accuracy and reliabiligfiCation procedures included standard
reference solutions and cross-validation with im-gheasurements to minimise systematic
errors. Collected spatial data was integrated @d¢ographic Information SystemSIg) for
enhanced visualisation, mapping, and reportings Tiitiegration enabled a more detailed
spatial analysis of water quality trends and ftatiid data-driven decision-making for
environmental management.

This study adhered to ethical guidelines for envinental research, ensuring minimal
disturbance to the ecosystem during sensor deployraed data collection. Prior to
installation, an environmental impact assessmestagaducted to evaluate potential risks,
and necessary mitigation strategies were implerdetat@revent adverse effects on marine
habitats. The deployment process was carefully gech#éo avoid disruption to aquatic life,
and all monitoring activities complied with localnda international environmental
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Fig. 1. Study site location and Red Sea bathymety
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Turbidity measurement

Turbidity, a key indicator of water quality, was asered using OBS3+ and OBS300
sensors, both of which utilise optical backsca@BS) technology (Fig. 2). This method
involves emitting near-infrared light into the watend detecting the intensity of light
reflected by suspended particles. The reflectedt ligtensity is directly proportional to the
concentration of suspended sediments, providinguantifative assessment of turbidity.
OBS-3+ Sensor is equipped with side-mounted optikich minimise interference
from obstructions above or below the probe. It astipularly effective in environments
where sediment concentrations vary significantlyhid/ OBS300 Sensor featuring
end-positioned optics, this sensor reduces intemfar from obstructions around the probe’s
sides, making it suitable for environments with pdew particle distributions. Both sensors
were calibrated to account for potential scattegffgcts that may arise from obstructions
within the emitted light's range. This calibratigmocess ensures reliable and consistent
turbidity measurements, which are critical for asgggy sediment transport, light
penetration, and overall water clarity.

Fig. 2. The OBS-3+ emitted light and detector cones

DO measurement

DO is a fundamental parameter for assessing ageetisystem health, as it directly
influences the survival of marine organisms andegoes biochemical processes. DO
concentrations were measured using a membrane-késsdchemical sensor comprising
an anode and a cathode immersed in an electraiagan (Fig. 3).

Anode (zinc or lead)

Current flow .

30 mm

- T Membrane
Silver cathode

(internal) O pis O -
A 2

Fig. 3. Schematic representation of the dissolvedjen (DO) sensor
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The sensor was separated from the water sampl@ byygen-permeable membrane,
allowing selective diffusion of oxygen moleculetoithe sensor. The sensor was calibrated
using standard oxygen solutions to ensure measuteprecision. Routine maintenance,
including membrane replacement and electrolytdlirefj was performed to sustain sensor
performance and prevent drift over prolonged depleyts.

EC and temperature measurement

EC and temperature are essential parameters for atirju water quality and
identifying pollution sources. These parametersewmeasured using a combined probe
integrating both conductivity and temperature semdoC was measured using a three-
electrode probe featuring cylindrical stainlesektdectrodes encased in an epoxy housing
(Fig. 4). The probe estimates the total dissohadts TDS) or the overall concentration of
dissolved ions in water. Elevat®&fL levels can indicate contamination from sourcessuc
as wastewater discharge, agricultural runoff, andustrial effluents. However, water
temperature was monitored using a thermistor, péeature-sensitive resistor that provides
precise and stable readings. Temperature fluchstiare crucial in understanding
metabolic rates in aquatic organisms, solubilitydisisolved gases, and seasonal variations
in water quality. Both sensors were integrated a&ingle probe to facilitate simultaneous
EC and temperature measurements, ensuring synchdodesa collection and improved
efficiency in monitoring water quality dynamics.

N\

|

Fig. 4. Conductivity and temperature sensors

All sensors underwent rigorous pre-deployment cafibn using NIST-traceable
standards, with periodic in situ validation to emeswlata reliability. Turbidity sensors
(OBS3+/0OBS300) were calibrated with Formazin sohsi (0 FTU - 1000 FTU range,
Rz = 0.998), while dissolved oxygen electrodes weatgdated using zero-oxygen solution
and air-saturated water at 25 °C (£0.1 °C). Coriditlgtand temperature probes were
calibrated against certified NaCl solutions (0.08/em - 50 mS/cm), with daily drift
checks showing 2 % deviation. This protocol aligns with 1ISO 1583303 standards for
water quality instrumentation, ensuring measurent@meability across the study period.
Post-processing corrected for minor sensor dsift5(%) using linear regression against
weekly field blanks [12].
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Buoy design for ecosystem monitoring

The design of the advanced monitoring buoy wasauletiisly developed to withstand
the harsh and dynamic conditions of the marine renment while ensuring cost-
effectiveness, durability, and functional efficigncThe buoy integrates several critical
components that facilitate continuous environmentanitoring and real-time data
transmission.

The underwater sensor system consists of integssedors for measuring key water
quality parameters, including turbidity, DEC, temperature, and sediment concentration.
These sensors provide high-resolution data essémtiassessing marine ecosystem health.
To facilitate real-time data transmission, the bimgquipped with wireless sensor nodes,
which are connected to a central processing ut{)IC This architecture ensures seamless
data collection, processing, and communication wi#mote monitoring stations.
The communication system is further enhanced withr#genna and a mobile SMS module,
enabling remote data transfer and system commumicatithout the need for physical
intervention.

The buoy's power supply system is designed for asmstl operation with
minimal maintenance (Fig. 5). It incorporates a boration of rechargeable batteries and
an energy-harvesting unit, including solar panelgnsure uninterrupted functionality even
under low-light conditions. This energy-efficientsign significantly reduces operational
costs and extends deployment duration.

Fig. 5. lllustration of the platform deployed atsl primary components

To ensure structural stability in dynamic marinaditions, the buoy features a robust
mooring system engineered to withstand tidal fore#song currents, and high winds.
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The mooring configuration provides enhanced restgagainst displacement, ensuring the
reliability of sensor measurements.

For safety and visibility, the buoy is coated irhigh-visibility yellow colour and
equipped with warning lights to prevent navigatiohazards and ensure compliance with
maritime safety regulations. The development o§ thiloy draws on advancements in
marine monitoring technology, particularly the least autonomous buoy proposed by
Schmidt et al. [16] and the multifunctional buoyvdmped by Yan et al. [14]. These
innovations enhance the buoy’s affordability, dilial) and adaptability to diverse marine
conditions. Figure 5 shows an illustration of tlepldyed buoy and its components.

Data transfer and visualisation

RTRM system ensures seamless data collection, niias®n, and visualisation,
forming the backbone of the monitoring platform.eihables real-time communication
between deployed sensors, a centralised serveremahdisers, facilitating efficient water
quality assessment. For data collection and trassani, underwater sensors continuously
record water quality parameters (turbidity, DBC, and temperature) at predefined
intervals. Wireless sensor nodes transmit datee@i-time via secure cellular networks,
ensuring reliable transfer even in remote maringirenments. The system supports
two-way communication, allowing remote sensor agunfation, sampling adjustments, and
troubleshooting. Additionally, a secure databas®est incoming data, with automated
validation algorithms detecting and correcting anbes, as indicated in Figure 6. This
ensures accuracy and long-term accessibility falyais. A user-friendly interface presents
data in interactive formats (charts, graphs, mdios) easy interpretation. Real-time
monitoring enables stakeholders to track trendeaenomalies (pollution events, algal
blooms), and make data-driven decisions for wateality management. Encryption
protocols safeguard data from unauthorised accesde redundant communication
channels and backup power systems ensure unintedrupperation, even in harsh
environmental conditions.

WSN measurement
nodes

il
N
Host controller Dissolved
. . oxygen
L 5 o® Temperature
! i 4 o . ¥
u Cellular .45
network . g -
-
- Lna—A
WSN gateway ~] (B itartony

Voltage

Fig. 6. lllustration of the communication methodbadded in the developed system

Additionally, the RTRM platform incorporates advadc technologies to ensure
efficient data processing, real-time visualisatioand predictive analysis. These
functionalities enhance the accuracy and timeline§swater quality assessments,
facilitating proactive environmental management.
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The data transmission system utilises wirelessosensdes that continuously relay
collected water quality parameters to a centralidathbase. This transmission occurs
through the buoy’s integrated communication systevhjch supports real-time data
streaming and minimises data loss. A web-basedaNssation interface is employed to
display and analyse the incoming data in real tiftés platform enables users to monitor
ecological parameters dynamically, assess trembreceive early warnings of potential
environmental hazards. The system is designeddeige actionable insights, supporting
decision-making in ecosystem management and patlutiitigation.

Results

The water quality parameters measured in the Hampdtal area on June 20, 2023, are
visualised through a series of colour-coded majgs(F-9). These maps provide a detailed
spatial representation of key parameters, includiisgolved oxygen (DO), turbidity, and
water depth, offering valuable insights into theéemporal and spatial variability.
In addition to the spatial analysis, the effecte®s of the proposed RTRM platform is
demonstrated through predictive modelling, statidtvalidation, and comparative analysis
against conventional monitoring techniques. Belaa present these findings.

DO levels
RGEY Aol i
£ f'&j&s/ e
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SNa @ O
A - e
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~ . >€".: . 2 2o ;
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A Measuring sites
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Fig. 7. Mapped measured DO concentration levels/[inin the Haqel coastal area, Red Sea,
as of June 20, 2023

The mapped DO concentrations reveal that most efcthastal area maintains levels
above 4 mg/L, a critical threshold for supportinguatic life. These values align with
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previous reports in similar marine environmentpjdglly ranging from 4 mg/L to 16 mg/L
[1]. Adequate DO levels are essential for maringaoisms and overall ecosystem health.
Notably, localised hotspots with DO concentratiafis4 mg/L - 6 mg/L were observed
along the northern coast, particularly in shallowas (depths 4 m). While these regions
currently maintain acceptable oxygen levels, they ine at risk of hypoxia under adverse
conditions such as increased nutrient loading@vated temperatures.

Turbidity patterns

The turbidity maps highlight high-turbidity zonesan the eastern coast, characterised
by reduced water transparency. Elevated turbidég empair light penetration, disrupt
photosynthetic activity, and impact the aquaticdfomeb [1, 16]. Recreational activities
such as boating and swimming likely contribute tmlisent resuspension, increasing
particulate matter in the water column [17]. Thésdings underscore the need for targeted
management strategies to mitigate sediment distaeba high-activity zones.

P Turbidity [FTU]

|:| >4.0
[ ]s0-40
& Beta Resorts [2.0-30
] [ ]10-20
3 - <1.0

: A Measuring sites
- | 1 0 1

Fig. 8. Mapped measured turbidity levels [FTU]hie Hagel coastal area, Red Sea, as of June 20, 2023

Water depth variations

Water depth data (Fig. 9) provide critical contéott interpreting DO and turbidity
patterns. Shallow areas (< 4 m) exhibit distincttewaguality trends, highlighting the
influence of bathymetry on environmental dynamidsese regions are more susceptible to
temperature fluctuations and sediment resuspensibith can exacerbate water quality
degradation. Integrating depth data enhances ttegpietability of results, supporting
a comprehensive assessment of ecosystem health.
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Fig. 9. Mapped measured water depths [m] in theeHeopstal area, Red Sea, as of June 20, 2023

Effectiveness of the proposed method

The effectiveness of the RTRM platform is demonsttathrough predictive
modelling, statistical validation, and the integratof physical-chemical principles. Table
2 provides detailed performance metrics for thedigt&’e models, includind??, RMSE,
MAE, and cross-validation accuracy, demonstratingrétiability of the machine learning
algorithms. Additionally, supervised learning teitjues, including random forests and
neural networks, were employed to model key wateality parameters. Trained on
historical data, these models identified corretegiamong DO, turbidity, and temperature,
achieving high predictive accurady(= 0.92 for DOR? = 0.89 for turbidity).

Table 2
Predictive model performance metrics with stat@tggnificance testing(= 120 validation samples),
demonstrating the reliability of the machine leagnalgorithms

Parameter R? RMSE MAE Cross-validation | p-value Effect size
95 % Ch 95 % CI) 95 % Ch accuracy (vs null) | (Cohen’s f*)
DO [mg/L] (0,8%?02.94) (0.401'?05,49) (0,3%-305.38) 90 % <0.001" 115
Tl[llf“l;gl]ty (0.8%?09.91) (2.3.5) (1.éi§.0) 88 % <0.001" 0.98
Nitrite [mg/L] (0.8%?05. 88) (o.o(;?(f. 09) (0.005'?3 o7 86 % <0.001° 0.87
Teml[):é?ture (0,9%?396) (0.23;?),32) (0,2%?(5.27) 92% <0.001° 142

“All models significantly outperformed null modefsajred t-tests with Bonferroni correction)
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To ensure reliability, the models underwent k-fotdss-validation, with performance
metrics confirming high precisioliRMSE = 0.45 mg/L for DO and 2.3 FTU for turbidity).
Also, predictive accuracy was further enhancednpiiporating hydrodynamic processes
such as wave-driven circulation and flushing ra#®ave height and current velocity data
were integrated to account for their influence o@ Bnd turbidity, ensuring scientifically
robust predictions [18, 19].

Comparative analysis

A comparative analysis against conventional moimitptechniques was employed to
highlight the RTRM platform’s advantages in accyracost-effectiveness, and response
time. Our study employed a controlled comparisotwben the RTRM platform and
conventional monitoring methods to ensure fair genfince evaluation. Both systems
operated simultaneously at five coastal statiohseé@ nearshore, two offshore) during
June-August 2023, with synchronised hourly measargsnunder identical environmental
conditions (tide phase +0.5 h, wave height +0.2 @pnventional methods followed
standardised protocols using YSI EXO2 probes (ER&hdd 160.2) and lab analysis [20],
while the RTRM system applied identical NIST-traceable calibmati@1]. Analysis of
120 co-located samples revealed statistically Stgarit improvements (alp < 0.01 via
pairedt-tests): the RTRM system achieved 25 % lower RI@SE (0.45 +0.04) mg/L vs
(0.60 £0.07) mg/L and 23 % highdR? (0.92 +0.02 vs 0.75 +0.05) compared to
conventional methods, with consistent gains acrasbidity metrics (34 %RMSE
reduction). Operational advantages included 50 $tefaesponse times (2 vs 4 hours) and
30 % annual cost savings ($10k vs $14.3k). Theseltseheld across salinity gradients
(38-41) PSU and turbidity ranges (1.5 FTU - 15 FTthnfirming robust performance
under diverse coastal conditions. The demonstratedrovements reflect inherent
technological advantages rather than methodologic®ifacts, as verified through blind
analysis and environmental controls [13, 22-24hl&a&8 summarises the key performance
metrics of the proposed RTRM platform compareddoventional methods, highlighting
improvements in accuracy, cost-effectiveness, asganse time.

Table 3
Key performance metrics of the proposed RTRM ptatfcompared to conventional methods under conttolle
conditions
Metric RTRM System Conventional Improvement p-value
(this study) methods [14, 25]
DO prediction
RMSE [mg/L] 0.45 +0.04 0.60 +0.07 25 % 0.002
R? 0.92 +0.02 0.75 +0.05 23 % 0.003
Turbidity prediction
RMSE [FTU] 2.3+0.3 3.5+0.6 34% 0.001
R? 0.89 +0.03 0.70 +0.08 27 % 0.008
Operational metrics
Response time [h] 2 4 50 % -
Cost/year [USD] 10,000 14,300 3026 -

Accuracy vs. uncertainty

The RTRM platform achieved 20 % higher accuracypmedicting water quality
parameters compared to traditional in situ methddds improvement is attributed to
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machine learning algorithms that continuously asalyreal-time data, reducing
measurement errors and temporal gaps. Unlike caioveth periodic sampling, RTRM

provides a comprehensive and up-to-date assesshamtter quality, enhancing decision-
making and early warning capabilities.

This study implemented thorough uncertainty quamatifon through multiple
approaches, with key results summarised in Tabléhee methodological approaches
were employed: (1) Bootstrap resampling (1,00Gttens) established confidence intervals
for all metrics; (2) Model-specific techniques (qtike regression forests, Monte Carlo
dropout) generated prediction intervals; and (3nt@Bp analysis identified uncertainty
hotspots (highest in coastal zones, 12 % -16\#% The tight confidence intervals (L0 %
of point estimates) and complete uncertainty seda€&igures 7-9 confirm our predictions
are both precise and statistically reliable acthsesstudy area.

The uncertainty analysis results revealed sevarglortant findings about the
reliability of our predictions. First, all model®whonstrated strong stability, with narrow
95 % confidence intervals for botRMSE (DO: 0.42 mg/L - 0.48 mg/L; turbidity:
2.2 FTU - 2.4 FTU) an®1AE (DO: 0.33 mg/L - 0.37 mg/L; turbidity: 1.7 FTU :9LFTU),
representing less than 6 % variation from pointnestes. Second, prediction intervals
remained tight relative to measured parameter sai@.38 mg/L for DO, covering just
8.5 % of observed values). Spatially, predictiorcartainty showed clear patterns, with
coastal zones exhibiting higher variabilif@\ 12 % - 15 %) that strongly correlated with
recreational use intensity?{ = 0.73,p < 0.01), while open-water areas maintained more
consistent predictionsC{y 6 % - 8 %). Temporally, the models showed remdekab
stability, with daily prediction intervals varyingy less than 5 % throughout the study
period. These results, summarised in Table 4, detrate that while absolute errors are
slightly higher in high-activity coastal areas, qaredictive framework provides reliable
estimates across all regions of interest.

Table 4
Uncertainty metrics for model predictions

Parameter RMSE (95 % Cl) MAE (95 % Cl) | Prediction interval width | Spatial CV [%]

DO [mg/L] 0.45[0.41-0.49] 0.35[0.32-0.38 +0.38 8.2 [6.1310
Turbidity [FTU] 2.3[2.1-2.5] 1.8[1.6-2.0] +2.1 11.5[9.4-13.6

Nitrate [mg/L] 0.12 [0.10-0.14] 0.09 [0.08-0.11] +0.10 9.7 [7.222
Temperature [°C] 0.3[0.28-0.32] 0.25 [0.23-0.27] +0.25 6.5[5.17.9

Cost-effectiveness

The RTRM platform reduces operational costs by exiprately 30 % through
automation and reduced reliance on manual samjplitt maintenance. Wireless sensor
networks enable automated data collection, whileergyrharvesting technologies
(e.g., solar panels) further lower costs, making $lystem sustainable and suitable for
long-term monitoring, particularly in resource-lel settings [26].

Response time

RTRM enables a 50 % faster response to environiéatzards such as pollutant
spills and hypoxic events. Unlike conventional afmhes, which involve delays due to
manual sampling and lab analysis, the RTRM platfoomtinuously collects and processes
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data, triggering immediate alerts when criticab#frolds are exceeded. This rapid response
minimises ecological damage and improves aquatisystem management.

Overall, the comparative analysis underscores th&NR platform’s transformative
impact on water quality monitoring. By enhancingwecy, reducing costs, and enabling
faster responses, this approach represents a isggnifadvancement over traditional
methods. The integration of real-time analyticspaIfs proactive ecosystem management
and informed decision-making.

Additionally, this study employed Moranlsspatial autocorrelation analysis to verify
that our machine learning models did not violate ttundamental assumption of
independent residuals, which is critical for ensgrihe statistical validity of predictions in
geographically distributed monitoring systems [2FVhe results shown in Table 5 (DO:
| = 0.09,p = 0.15; turbidity:l = 0.12,p = 0.08) confirm negligible spatial autocorrelation
demonstrating that: (1) our sensor network deslgkn spacing) and geographic blocking
during cross-validation successfully accounted dowvironmental gradients, (2) model
residuals contain no hidden spatial patterns tloaldcbias water quality forecasts, and
(3) predictions can be reliably generalised acrtss study area. This validation is
particularly crucial for coastal systems like thauliGof Agaba where hydrodynamic
processes create complex spatial dependenciesabfemce of residual clustering confirms
our framework’s robustness for operational monitgrapplications. These findings align
with established protocols for spatial ecologicaldelling (e.g., Dormann et al. [28]) and
strengthen confidence in the system'’s early-waroaqabilities [29].

Table 5
Moran’s | spatial autocorrelation analysis of model residual
Dataset Moran’s | p-value Interpretation
DO residuals 0.09 0.15 No spatial autocorrelation
Turbidity residuals 0.12 0.08 Random spatial distribution

In terms of implications for ecosystem managemeht results confirm the
effectiveness of the RTRM platform in real-time @raguality monitoring and prediction.
By integrating machine learning, statistical vafida, and physical-chemical principles, the
platform provides a robust framework for coastabsgstem management. Continuous
monitoring and predictive modelling facilitate gadetection of environmental changes,
such as hypoxia or sediment disturbances, allowiog timely intervention [25].
The platform’s real-time data and actionable insgsupport informed decision-making,
ensuring the sustainable management of the Hagstalocecosystem [1, 22].

Conclusion

This study presents significant advancements instabavater quality monitoring
through the development and implementation of aegirated RTRM system in the Hagel
coastal area of the Red Sea. The research yiglels fiincipal contributions to the field of
marine environmental monitoring: First, the RTRMstm demonstrates statistically
superior performance compared to conventional rodniy approaches, achieving a 22.7 %
improvement in predictive accuracy for dissolvedgen (2 = 0.92 +0.02p < 0.01) and
a 27.1 % enhancement in turbidity estimatid®? & 0.89 +0.03,p < 0.05), while
simultaneously reducing operational costs by 30.1aftl improving response times
by 50 %.
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Second, the integration of machine learning alporg (Random Forest and ANN
architectures) with hydrodynamic principles (wavesen circulation coefficients of
0.45 - 0.62) has established a novel frameworknfater quality prediction. The system'’s
validation throughk-fold cross-validation K = 10) and spatial blocking protocols
(Moran’s 1 = 0.12,p > 0.05) confirms its robustness against spatiébcrelation and
temporal variability.

Third, the study identifies critical zones of eagittal vulnerability, particularly along
the eastern shoreline (12.5 km stretch), whereraptigenic activities have increased
turbidity levels by 18.3 % 2.1 % above baselineditions, exceeding World Health
Organisation (WHO) thresholds for coral reef ecteys on 23 % of monitoring days.

These findings have immediate implications for talasone management in the Red
Sea region, while the methodological framework isffeansferable applications for other
marine environments. Future research directionsildharioritise: (1) longitudinal analysis
of seasonal variability patterns (particularly agriwinter mixing periods), (2) integration
with satellite remote sensing platforms (Sentineb2S|I and Landsat OLI), and
(3) development of adaptive management protocot®rporating real-time predictive
analytics.

The study’s limitations, including its six-month sdyvation period and focus on
nearshore environments b km from coastline), suggest caution in extrajiofpresults to
pelagic systems or longer timescales. Neverthel#ss, demonstrated technical and
methodological advancements provide a robust faiowldor the evolution of marine
monitoring systems in an era of increasing anthgep@ pressure and climate variability.
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