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 ABSTRACT  
 
Harmful algal blooms (HABs) in freshwater systems are increasingly driven by nutrient enrichment and climate 
change, posing serious ecological, health, and economic risks. Traditional monitoring methods, including field 
sampling and chlorophyll-a analysis, are labor-intensive, time-consuming, and spatially limited, making real-
time assessment challenging. This review synthesizes recent advances in integrating remote sensing and machine 
learning (ML) for HAB detection, monitoring, and prediction. This review followed a structured review approach. 
Peer-reviewed studies were retrieved from major scholarly databases using keyword combinations related to 
HABs, remote sensing, and machine and deep learning, then screened using predefined inclusion criteria and 
synthesized by categorizing papers by sensor/platform, model type, target variables, and application. We highlight 
studies using satellites such as MODIS, Sentinel-2, Landsat-8, and Sentinel-3, and ML models including Random 
Forest, Support Vector Machine, Artificial Neural Networks, Convolutional Neural Networks, and Long Short-
Term Memory networks. These approaches allow accurate mapping of chlorophyll-a, phycocyanin, and 
cyanobacterial toxins, with R² values from 0.67 to 0.94 and predictive lead times up to one month. Explainable 
artificial intelligence (XAI) enhances model transparency and interpretability, supporting regional transferability 
and informed management decisions. We also review the ecological and human health impacts of HAB toxins, 
including microcystins, anatoxin-a, cylindrospermopsin, saxitoxins, and brevetoxins. Challenges such as data 
scarcity, ecological variability, and computational demands are discussed, alongside future directions focusing 
on hybrid ML models, autonomous sensing, and standardized datasets. Integrating remote sensing and ML offers 
a scalable, real-time, and interpretable framework for HAB management, contributing to public health protection 
and sustainable freshwater ecosystem management. 
  
Keywords:  Harmful algal blooms; Machine learning; Remote sensing; Explainable Artificial Intelligence; water 
resource management  
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1. INTRODUCTION 

Algae provide numerous benefits owing to their capacity to produce both oxygen and biomass (Chia et al., 2022) (Shao et 
al., 2021). Various forms of renewable energy such as raw material and biofuel can be derived from this biomass. Algae 
can also convert wastewater contaminants into less harmful compounds while simultaneously generating oxygen through 
photosynthesis, contributing to natural water purification processes (Abd Manan et al., 2022). However, rising water 
contamination from high levels of nitrogen and phosphorus discharge leads to significant algal growth (Akinnawo, 2023) 
(Bali & Gueddari, 2019). Seasonal fluctuations, particularly monsoon-driven runoff, significantly elevate organic matter 
inputs into aquatic systems, increasing total organic carbon (TOC) levels (Mangat, 2024) and further intensifying bloom-
favourable conditions. This enrichment of nutrients plays a major role in the formation of HABs (EPA, 2025) that threaten 
drinking water supplies, biodiversity and ecological sustainability (Amorim & Moura, 2021). Pollution from multiple 
anthropogenic sources continues to degrade freshwater systems, intensifying the need for enhanced monitoring and 
mitigation frameworks (Muhsin et al., 2025). Due to HABs, developed countries such as China, Australia, and European 
Commission have dealt with major challenges in ensuring water quality (J. Wang et al., 2022) (Herath, 1997). In 2014, 
Lake Erie producing algal bloom implement a three-day drinking water ban in Toledo, Ohio (Ho & Michalak, 2015) Lake 
Taihu, the largest freshwater lake in China has experienced decades of growing algal blooms driven by eutrophication (X. 
Yan et al., 2024).  

Due to eutrophication, HABs can quickly emerge as thick blooms that obstruct sunlight, deplete oxygen 
and trigger hypoxic or black water condition that disturb aquatic ecosystem. Cyanobacteria and other algae 
produce harmful toxins such as hepatotoxins and neurotoxins that may accumulate through the food web. This 
could lead to serious illnesses in humans and animals such as liver disease, neurological, skin disease and 
digestive problems (Saha et al., 2022) (Algal Blooms, 2025).  Climate change contributes to the rise in HAB 
incidents by affecting water temperature, hydrodynamic mixing and rainfall patterns. These changes alter 
nutrient fluxes, stimulate phytoplankton growth and are accompanied by more frequent droughts and intense 
rainfall events (EPA, 2025) (Dai et al., 2023). These complex interactions make it critical to develop timely 
and efficient algae monitoring systems. Traditional field sampling and lab-based techniques such as 
microscopic identification of algae and chlorophyll-a analysis are time consuming, labour-intensive and 
unsuitable for large or real time monitoring.  

Modern remote sensing enables high resolution, broad-area assessment of water quality indicators provides 
critical input for machine learning models to improve forecasting.  Satellite-based platforms like Google Earth 
Engine allow real-time spatial analysis, making them invaluable for dynamic HAB monitoring. Two major 
modelling frameworks exist: process-based (PB) models, which simulate bloom mechanisms through nutrient 
cycling and physical interaction using differential equations (W. Wang et al., 2025). In contrast, data-driven 
(DD) machine learning models utilized environmental variables to learn bloom patterns and generate 
prediction (Lin et al., 2023). PB models are useful for understanding bloom mechanism but depend heavily on 
empirical data and calibration. Machine learning (ML) models provide efficient and accurate predictions of 
bloom dynamics when trained on large, high-quality datasets (Gupta et al., 2023).  

ML models minimize dependence on experimental inputs, enhance prediction and support scalable 
applications. However, model accuracy can vary depending on input data quality and system specific 
characteristics (N. Gupta et al., 2021). Accurate modelling depends on appropriate input variables and model 
structure particularly since bloom related factors vary significantly among aquatic systems. Recent study 
highlights the use of explainable artificial intelligence techniques to improve the interpretability of black box 
ML models, thereby increasing transparency and trust in environmental monitoring. Recent developments in 
ML include image classification techniques of identifying algal presence and categorizing bloom intensity, 
supporting early warning efforts. When paired with remote sensing, ML enables real-time forecasting and 
alerting of blooms, much like modern weather system to protect public health and aquatic ecosystems 
(Caballero et al., 2025). This combined approach has become essential for managing the growing risks of 
HABs under continued nutrient loading and climate change. 

Freshwater harmful algal blooms (HABs) are increasing due to nutrient enrichment and climate variability, 
yet conventional monitoring based on field sampling and laboratory analysis remains time-consuming, costly, 
and spatially limited, which constrains timely detection and early warning. In this context, this study asks how 
recent advances in remote sensing and machine learning can be combined to improve HAB detection, 
monitoring, and short-term forecasting in freshwater systems, and what key limitations must be addressed to 
enable reliable and transferable operational use. Accordingly, the objectives are to synthesize recent remote-
sensing platforms and spectral indicators used for HAB-related water-quality retrieval; compare commonly 
used machine learning and deep learning models for HAB detection and prediction, including typical inputs 
and reported performance; examine how explainable AI approaches are being adopted to enhance 
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interpretability and management relevance; and identify current challenges, knowledge gaps, and future 
research directions toward scalable, real-time HAB monitoring and decision support. The novelty of this paper 
lies in providing an integrated, management-oriented synthesis that connects sensor/index choices to model 
development and forecasting use-cases while emphasizing interpretability and transferability which are the 
elements that are often treated separately in previous reviews. 

2. METHODOLOGY 
 
This study adopts a structured narrative review design to synthesize recent advances in the use of remote sensing 
and machine learning for freshwater harmful algal bloom (HAB) detection, monitoring, and forecasting. The 
review focuses on peer-reviewed studies that apply satellite-based or airborne remote sensing data in combination 
with machine learning or deep learning models. An analytical synthesis approach was used to categorize studies 
based on data sources, modeling techniques, target variables, and application objectives (detection, monitoring, 
or forecasting), enabling comparative assessment of methodological trends and research gaps. 
 

Relevant literature was collected through searches of major scientific databases, including Web of Science, 
Scopus, and Google Scholar. The search was conducted using combinations of keywords such as harmful algal 
blooms, cyanobacteria, chlorophyll-a, remote sensing, satellite imagery, machine learning, deep learning, and 
forecasting. Searches were limited to English-language journal articles published primarily within the last decade 
to capture recent methodological developments, while a small number of earlier foundational studies were 
included where necessary for context. 

 
Studies were included if they (i) focused on freshwater or inland water bodies, (ii) employed remote sensing 

data as a primary or supporting input, (iii) applied machine learning or deep learning techniques for HAB-related 
detection, classification, or forecasting, and (iv) reported sufficient methodological detail to allow comparison of 
inputs, models, and outputs. Studies focusing exclusively on marine systems, purely laboratory-based analyses, 
or non–data-driven modeling approaches were excluded. Following title and abstract screening, full-text 
assessment was conducted to confirm eligibility. The final set of selected studies is summarized in Table 1, which 
provides a comparative overview of data sources, modeling techniques, target variables, and key outcomes used 
in analytical synthesis. 

 
Table 1 summarises recent advances demonstrating significant progress in harmful algal bloom prediction and 

monitoring. Remote sensing now provides essential spectral information for aquatic systems. Machine learning 
models use these multisensory data with high efficiency. Field observations further enhance reliability across 
varied environments. In Lake Erie, Random Forest delivered strong performance for chlorophyll a. Chlorophyll a 
and microcystin showed an R2 of 0.83. Key predictors included Bands 04, 03, 11, 16, and 21. These wavelengths 
captured bloom signals with high sensitivity. In the Geum River Basin, Faster R CNN produced reliable detection. 
Precision reached 0 point 60, and recall reached 0 point 69. Radar backscatter improved detection during cloudy 
weather. This capability addressed a common optical limitation. In the Persian Gulf, an artificial neural network 
performed strongly. Accuracy reached 88 points 7% with an area under the curve of 0 point 90. Sea surface 
temperature and salinity variability dominated bloom behavior. The model successfully predicted blooms one 
month ahead. In Biscayne Bay, Support Vector Machine provided strong results. The model achieved an R squared 
of 0 point 74. Precipitation and lagged discharge increased bloom likelihood. Wind speed reduced bloom 
development. In Grahamstown Dam, Self Organizing Maps identified clear optical patterns. Landsat 8 and 
Sentinel 2 performed the best. Curvature Around Red offered strong cyanobacteria sensitivity. Near Infrared 
minus Red also performed reliably. Across New York lakes, Extra Trees Regression reached high accuracy. It 
achieved an R squared of 0 point 72. Root mean squared error was 8 point 19. Land cover and lake morphology 
improved predictions. In Lake Erie forecasting, ensemble models performed strongly. 10 days predictions reached 
R squared near 0 point 68. Legacy phosphorus and water level influenced bloom intensity. In the Galician Rias 
Baixas, the DoME model performed best. It achieved an R squared of 0 point 77. Forecast skill extended 3 days 
before decline. Deep learning systems such as HABNet showed strong robustness across conditions. These 
findings confirm the value of integrated remote sensing and machine learning frameworks. 
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Table 1: Summary of peer-reviewed studies integrating remote sensing and machine learning for freshwater HAB detection, monitoring, and forecasting. 
 

Sr.no  Study Area Data Source  Model   Input Variables Findings Reference  
1 Western Lake 

Erie Basin 
(North 
America). 

Sentinel-3 OLCI Level-2 
satellite data (2016-
2021); Ground-based 
datasets from NOAA 
GLERL and Ohio Sea 
Grant Stone Lab. 

Random Forest  16 Sentinel-3 spectral bands 
as predictors; Four water 
quality proxies Chlorophyll-
a (Chl-a), Phycocyanin (PC), 
Microcystin (MC), and 
Secchi Depth (SD). 

RF model performed best for 
Chlorophyll-a. Strong linear 
correlation between Chl-a and MC 
(R²=0.83). Bands 04, 03, 11, 16, and 
21 were most influential. 

(Joshi et 
al., 2024) 

2 Geum River 
Basin, South 
Korea. 

Sentinel-1 SAR C-band 
(2020–2022); Sentinel-2 
MSI; Environmental data 
from NIER.  

Faster R-CNN 
(Deep 
Learning). 

VV and VH backscatter (σ⁰) 
values; NDCI index; water 
temperature, chlorophyll-a, 
dissolved oxygen.  

Model detected algal blooms with 0.60 
precision, 0.69 recall, 0.64 F1; detected 
blooms mainly in summers 2021–
2022; SAR proved effective under 
cloudy conditions.  

(Phetanan 
et al., 
2025) 

3 Persian Gulf 
& Gulf of 
Oman. 

MODIS (2004–2023), 
ERA5 reanalysis, 
HYCOM salinity. 

Artificial 
Neural 
Network.  

Chl-a, SST, salinity, wind 
speed, temporal & spatial 
SDs of SST/salinity, SST 
gradient. 

ANN achieved 88.7% accuracy and 
AUC 0.90; SST and salinity variability 
strongly influenced blooms; model 
predicts next-month HABs using 
climatological factors. 

(Shahmiri 
et al., 
2025) 

4 North 
Biscayne 
Bay, Miami-
Dade County, 
South 
Florida.  

DERM water quality data 
(1998–2020), 
DBHYDRO discharge 
data, gridMET climate 
data, NLCD landcover, 
NEX-GDDP-CMIP6 
climate projections.  

Support Vector 
Machine, 
Random 
Forest, Multi-
Layer 
Perceptron. 

Climate variables 
(temperature, humidity, 
wind, radiation, 
precipitation), discharge, 
nutrients, turbidity, pH, DO, 
water temperature, land use.  

SVM performed best (R²=0.74 test). 
Precipitation & 1-month lag discharge 
are top positive drivers; current wind 
speed is strongest negative driver. Wet 
season shows higher concentrations 
than dry season. Long-term HAB risk 
increases. 

(Z. Yan 
& 
Alamdari, 
2025) 

5 Grahamstown 
Dam, New 
South Wales, 
Australia.  

Satellite imagery 
(Landsat 8, Sentinel-2, 
Planetscope); field 
cyanobacterial cell 
density data (2015–
2020).  

Self-
Organizing 
Map (SOM).  

Spectral reflectance bands 
(Blue, Green, Red, NIR, 
SWIR); cyanobacterial cell 
densities.  

Landsat 8 and Sentinel-2 performed 
best for detecting harmful algal blooms 
(HABs); spatial resolution had little 
impact; best empirical algorithms were 
“Curvature Around Red (CAR)” and 
“NIR minus Red (NmR)”; Planetscope 
data less reliable due to calibration 
issues.  

(Liu et al., 
2022) 
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6 Lakes across 
New York 
state, USA. 

Landsat-8 (2013–2023), 
Landsat-9 (2021–2023), 
Sentinel-2 (2019–2023), 
LAGOS-NE dataset, 
USGS, CSLAP, Jefferson 
Project buoy data. 

Extra Trees 
Regression, 
Random 
Forest, 
Gradient 
Boosted 
Regression, 
and Support 
Vector 
Regression. 

Spectral bands (visible, NIR, 
SWIR) from Landsat and 
Sentinel; lake morphology 
(surface area); watershed 
land cover.  

ETR achieved R² = 0.72, RMSE = 8.19 
µg/L, outperforming all other models. 
Combining Landsat & Sentinel 
imagery with non-optical variables 
improved prediction accuracy. The 
model accurately mapped temporal-
spatial patterns of algal bloom (Chl-a) 
and captured peak bloom periods. 

(Greene et 
al., 2025) 

7 Lake Erie 
(Western 
Basin), North 
America. 

Remote sensing data 
(MERIS and Sentinel-3 
satellites); 
Hydrometeorological and 
nutrient data from 
Maumee, Sandusky, 
Raisin, and Cuyahoga 
Rivers; NOAA and EPA 
datasets. 

LASSO (Least 
Absolute 
Shrinkage and 
Selection 
Operator); 
Random 
Forest, 
Artificial 
Neural 
Network. 

Cyanobacterial Index (CI), 
Wind speed, Air 
temperature, Water level, 
Solar radiation, Streamflow, 
Secchi depth, Total 
Phosphorus (TP), Total 
Kjeldahl Nitrogen (TKN), 
Legacy nutrients (TP 
discharged over past 10 
years), Observation time 
step (10-day intervals). 

RF and Ensemble models 
outperformed LASSO and ANN; best 
forecast accuracy for 10-day lead time 
(R² ≈ 0.68); legacy nutrients and water 
level were important predictors; solar 
radiation and temperature had weaker 
influence; uncertainty mainly due to 
satellite CI errors and limited in-situ 
data. 

(A. Gupta 
et al., 
2023) 

8 Galician Rías 
Baixas, 
Northwestern 
Spain.  

Biological data 
(Dinophysis acuminata 
cell counts) from 
INTECMAR; 
Chlorophyll-a from 
Copernicus satellite data 
Physical variables 
(temperature, salinity, 
velocity, BV frequency, 
etc.) from CROCO 3D 
ocean hydrodynamic 
model; Upwelling Index 
(NCEP). 

Random 
Forest, Multi-
Layer 
Perceptron, 
Support Vector 
Regressor, k-
Nearest 
Neighbors, 
Hoeffding Tree 
Regressor, 
Hoeffding 
Adaptive Tree 
Regressor.  

Biological: D. acuminata 
cell counts, Chlorophyll-a; 
Physical: temperature, 
salinity, velocity 
components, BV frequency, 
Upwelling Index, depth, 
month (sin transformed); 
Derived: mean and std. dev. 
across layers and sections. 

DoME (Batch Learning) achieved best 
performance with R² = 0.77, MAE ≈ 
87.78, RMSE ≈ 187.6 for 3-day-ahead 
predictions; RF followed with R² = 
0.67; Stream Learning models (HATR, 
HTR) achieved R² ≈ 0.4; DoME 
provided explainable, equation-based 
predictions; Upwelling events limited 
forecast horizon (~3 days). 

(Molares-
Ulloa et 
al., 2025) 
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9 Lake Erie MODIS satellite imagery. HABNet (Deep 
Learning 
CNN). 

Remote-sensing reflectance 
values from MODIS ocean 
color bands. 

HABNet accurately detects HABs; 
outperformed statistical and threshold-
based methods; shows high robustness 
to spatial–temporal variability. 

(Paul R. 
Hill et al., 
2020) 

10 Aqaba Gulf, 
Red Sea. 

Sentinel-2A and Sentinel-
3 satellite imagery, 
remote sensing indices 
(FAI, RI, NDVI, NDWI, 
etc.), USGS Earth 
Explorer, ESRI LU/LC 
datasets. 

Multilayer 
Perceptron, 
Neural 
Network, 
Random 
Forest, Partial 
Least Squares 
Regression. 

Remote sensing indices: 
FAI, MPH, NDVI, NDWI, 
NDSII, SWM, SABI, NDCI, 
VNRI, RI; spectral bands 
(B2–B11). 

MLP and PLSR effectively predicted 
petroleum pollution; MLP achieved R² 
= 0.941, outperforming PLSR. RF 
model improved calibration of FAI 
using RI (R² = 0.95 training, 0.91 
testing). FAI identified as best algal 
bloom indicator (R² = 0.998). 
Integration of RS and ML provides 
accurate estimation of algal blooms 
and oil contamination. 

(Abd El-
Hamid et 
al., 2022) 
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3. DRIVERS AND IMPACTS OF HARMFUL ALGAL BLOOMS (HABs) 
 
HABs in freshwater ecosystems are increasingly widespread, posing serious threats to water quality, public 
health and economic stability. The excessive presence of nitrogen and phosphorus from anthropogenic sources 
such as agriculture, domestic wastewater and industry are the primary drivers (Goel & Motlagh, 2013). The 
addition of these nutrients accelerates the eutrophication process, promoting a spike primary production that 
favors algal bloom development. Climate change is increasingly seen as a compounding stressor that 
accelerates frequency and intensity of HABs. Global warming supports heat tolerant cyanobacteria species 
and shift in rainfall patterns drive greater nutrient loading and thermal stratification collectively intensifying 
bloom formation (Wells et al., 2020). Although algae are fundamental to aquatic productivity and oxygenation, 
overgrowth leads to ecological imbalance and functional degradation (Ahmad et al., 2024). HABs pose a 
significant threat due to their ability to deplete dissolved oxygen, resulting in hypoxic or anoxic condition. The 
excessive growth and breakdown of algae enhance microbial respiration which consumes available oxygen 
and create threaten sensitive aquatic species like fish and benthic invertebrates (Lan et al., 2024). 
   

Severe hypoxia turns to black water events which are distinguished by large scale fish mortality and the 
death of vulnerable species (Small et al., 2014). The risk of ecological degradation is heightened in shallow, 
nutrient-rich lakes due to their sensitivity to internal phosphorus loading and sediment resuspension (Du et al., 
2022) (Y. Wang et al., 2021). Equally concerning is the production of toxins by certain cyanobacterial species, 
such as Microcystis, Anabaena and Planktothrix. These organisms are capable of synthesizing hepatotoxins 
(e.g., microcystins), neurotoxins (e.g., anatoxin-a) and cytotoxins that can pose serious health threats to both 
humans and wildlife (David Kuo & Xagoraraki, 2016). Human health impacts highlight the dangers of 
exposure in the United States, Microcystis blooms in the Ohio and Potomac Rivers caused gastrointestinal 
illness in 5,000–8,000 individuals consuming contaminated water (Chorus et al., 2000). In 1979, a 
Cylindrospermopsis raciborskii bloom in Palm Island, Australia, led to severe illness in over 100 Aboriginal 
community members (Griffiths & Saker, 2003). In 1993 correlation between cyanobacteria-contaminated 
drinking water and liver cancer in China (YU, 1995). These cases underline the significant human health risks 
posed by cyanotoxins.  

 
HABs impose significant economic cost on industries such as aquaculture, tourism and public water 

treatment with annual damages in U.S alone estimated at $49 million (A National Assessment of Harmful 
Algal Blooms in US Waters, 2000). Countries such as China and Australia also face significant financial 
pressures, as widespread eutrophication has driven the need for extensive environmental management efforts. 
In table 2 impact of HABs explained that produce toxins that pose serious health risks. Anatoxin a causes rapid 
respiratory paralysis along with drowsiness and muscle pain. This toxin also leads to speech disturbances and 
excessive salivation. Brevetoxin exposure produces asthma like symptoms with coughing and chest tightness. 
Many individuals also experience shortness of breath after brevetoxin exposure. Microcystins cause nausea, 
vomiting, and abdominal discomfort in exposed populations. Severe exposure can result in significant liver 
inflammation. Cylindrospermopsin produces gastrointestinal illness with fever and headache in many cases. 
It also causes hepatotoxic effects and can damage kidney tissues. Saxitoxins are associated with paralytic 
shellfish poisoning. Affected individuals experience tingling, ataxia, and respiratory muscle paralysis. These 
toxins represent major public health concerns in bloom affected waters. 
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Table 2: Impact of HABs on human health. 

Toxins Structure Effect Reference 
Anatoxin-a  

 

Respiratory paralysis, drowsiness, speech disturbances, 
excessive salivation, and muscle pain 

(Backer et al., 
2025) 

Brevetoxin 

 

Asthma-like symptoms, coughing, shortness of breath, and 
chest tightness. 

(Morris, 2014) 

Microcystins 

 

Nausea, vomiting, abdominal pain, diarrhea, severe acute 
exposure can cause liver inflammation 

(Brad Kelechava, 
2018) 

Cylindrospermopsin 
(CYN) 

 

Gastrointestinal illness (nausea, vomiting, diarrhea), fever, 
headache, hepatotoxicity and potential kidney damage 

(EPA, 2015) 

Saxitoxins 

 

Paralytic Shellfish Poisoning; Tingling, ataxia, respiratory 
muscle paralysis 

(Gad, 2014) 
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4. TRADITIONAL METHODS FOR ALGAE MONITORING AND THEIR LIMITATIONS 
 
Conventional monitoring of HABs in freshwater system depends heavily on in-situ sampling and laboratory-
based analysis, which are time consuming, labour-intensive and require complex sample preparation and pre-
enrichment steps (Chin Chwan Chuong et al., 2022). These techniques include microscopic identification of 
phytoplankton species, quantification of algal pigments. Microscopy is highly accurate for species 
identification but involve lengthy processing and requires specialized taxonomic expertise (McQuatters-
Gollop et al., 2017). Standard sampling protocols generally include collecting surface and subsurface water at 
regular intervals, followed by taxonomic identification in laboratory using light or fluorescence microscopy. 
Although necessary for identifying toxic versus non-toxic cyanobacteria, the technique lacks the speed 
required for real time forecasting or early warning application.  
 

Analytical measurement of chlorophyll-a, the primary pigment responsible for photosynthesis in algae is 
widely employed as an indirect indicator of algal biomass (García–Nieto et al., 2024). Pigment concentration 
can be accurately measured using spectrophotometric, fluorometric and high-performance liquid 
chromatography (HPLC) techniques (Pinckney et al., 1994). These techniques however require physical 
sampling, preservation and extraction of pigments which add more time and cost to efforts in monitoring. 
Furthermore, chlorophyll-a act as common type of algae without labelling as toxin species. To complement 
these methods, mechanistic models have been developed to simulate bloom dynamics based on physical, 
chemical, and biological variables. These process-based (PB) models use differential equations to represent 
interactions among hydrodynamics, nutrient cycling, and phytoplankton growth (W. Wang et al., 2025). While 
PB models can offer deep insights into system behaviour, they require intensive data input, precise calibration, 
and site-specific parameterization (Pethybridge et al., 2019) (Sungmin et al., 2020).  

 
Traditional method’s performance is often limited when applied to ecosystems with high spatial or 

temporal variability. Another major limitation of them is the infrequent and spatially sparse sampling as most 
water quality programs rely on weekly or monthly intervals that can miss rapid blooms development (Rome 
et al., 2021). Moreover, due to logistical barriers, monitoring efforts are often limited to accessible regions, 
overlooking vast areas within lakes or reservoirs. This leads to spatial bias and potentially underrepresents 
bloom extent or severity. Traditional monitoring methods are further limited by operational constraints, 
rendering them inadequate for addressing the serious challenges posed by climate change. As climate-driven 
shifts make bloom dynamics more unpredictable the demand for frequent and spatially comprehensive 
monitoring becomes increasingly critical. These emerging challenges are exposing the limitation of 
conventional monitoring methods.  

 
5. REMOTE SENSING TECHNOLOGIES FOR HAB DETECTION 
 
The increasing spatial and temporal variability of HABs in freshwater systems has highlighted the 
limitations of ground-based monitoring and preferred the adoption of remote sensing technologies. 
Satellite-based remote sensing offers a cost-effective solution for large-scale, high-frequency 
monitoring of algal bloom indicators such as chlorophyll-a, turbidity, surface reflectance and water 
temperature (Janatian et al., 2025). Remote sensing complements ground-based approaches 
effectively and is now central to real-time detection and (S. Wang & Qin, 2025) Bs events (S. 
Wang & Qin, 2025).These systems detect the unique spectral patterns of phytoplankton and other 
light-interacting substances in surface water. Algal blooms often chang water colour because of 
pigments like chlorophyll-a and phycocyanin which absorb strongly in the blue and red spectra while 
reflecting green and near-infrared wavelengths (Zhao et al., 2020). Environmental assessments 
further emphasize that satellite-derived observations provide robust insights into surface-level 
ecological conditions, strengthening the reliability of remote sensing for large-scale environmental 
monitoring (Naqvi, 2025). Changes in spectral reflectance facilitates the use of specialized indices, 
including NDCI, FAI, and MCI to monitor and detect algal blooms in freshwater environments. 
 

Satellite systems including MODIS, Sentinel-2 and Landsat-8 deliver consistent and scalable 
coverage of freshwater ecosystems. Each satellite offers unique spatial, spectral and temporal 
capabilities enabling targeted approaches to water quality monitoring strategies. For example, the 
landsat-8 OLI (30m) and sentinel-2 MSI (10-20 m) sensors provide sufficient spatial resolution to 
monitor localized bloom events in smaller lakes, which are often beyond the mapping capacity of 
traditional monitoring (Mamun et al., 2024). Remote sensing offers a major advantage by enabling 
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the analysis of bloom behaviour over spatial and temporal across multiple water systems. These 
datasets can be incorporated into monitoring frameworks to support time series analysis, anomaly 
detection and change detection. Remote sensing also enables quantitative assessment by facilitating 
pigment retrieval and algal biomass estimation. Estimating chlorophyll-a and phycocyanin from 
reflectance data is enabled by a suite of developed empirical and semi-analytical algorithms (Pyo et 
al., 2017) (Lundberg & Lee, 2017). Despite its many strengths, remote sensing is not without 
limitations. Image quality can be compromised by atmospheric interference, cloud cover and 
sunlight while optical sensors are limited to surface level observation due to their shallow 
penetration.  

 

Figure 1. Remote Sensing for HABs monitoring. 

6. MACHINE LEARNING FOR HAB PREDICTION AND MONITORING 

Machine learning has recently gained prominence as a powerful tool for detecting, classifying and 
predicting HABs in freshwater systems. Traditional modelling methods simulate basic system 
response, but they are limited in capturing the complex, non-linear process that influence bloom 
development. In contrast, ML algorithms can learn directly from data without relying on predefined 
ecological assumptions, making it particularly suitable for HABs forecasting (Cho et al., 2014).  
Machine learning algorithms can be broadly categorized into supervised learning. Forecasting 
HABs, researcher commonly employ supervised learning algorithms such as ANN, decision trees, 
SVM and various ensemble techniques. 

ANN: 𝑧𝑧 = ∑ 𝑤𝑤𝑖𝑖𝑛𝑛
𝑖𝑖=1 +  𝑥𝑥𝑖𝑖 + 𝑏𝑏   (Lee, 2025)      (1) 

Where, 

𝑥𝑥𝑖𝑖 = input feature. 
 𝑤𝑤𝑖𝑖  = weight. 
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 𝑏𝑏  = bias. 
 𝑧𝑧  = weighted sum (linear transformation). 
 𝜎𝜎  = activation function (nonlinear transformation). 
 𝑎𝑎  = output. 
 

 

Figure 2. ANN structural diagram. 

Decision tree: 𝑓𝑓(𝑥𝑥) = ∑ 𝑐𝑐𝑚𝑚𝑀𝑀
𝑚𝑚=1 𝐼𝐼{𝑋𝑋 ∈  𝑅𝑅𝑚𝑚} (Strobl et al., 2008)   (2) 

Where,  

M =represents the total number of leaf (terminal) nodes in the decision tree. 
𝑅𝑅𝑚𝑚=denotes the region or subset of the feature space associated with the 𝑚𝑚-th leaf node. 
𝐶𝐶𝑚𝑚=is the predicted output for all data points that fall within region 𝑅𝑅𝑚𝑚. 
𝐼𝐼(. ) = is an indicator function that returns 1 if 𝑥𝑥 ∈ 𝑅𝑅𝑚𝑚, and 0 otherwise. 
 
 

 

Figure 3. Decision Tree structural diagram. 

SVM:  wx + b = 0   (GeeksforGeeks, 2025)      (3) 
 
Where, 
𝑤𝑤 = is the weight vector, representing the normal to the separating hyperplane.  
𝑥𝑥 = is the input feature vector.  
𝑏𝑏 = is the bias term (or intercept). 
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Figure 4. Support Vector Machine (SVM) structural diagram. 

These models learn relationship between input variable and target outputs from historical data (Shu 
& Ye, 2023). When adequately trained, they deliver accurate predictions under a range of environmental 
conditions. A major advantage of ML based forecasting is its capacity to incorporate diverse data sources 
such as satellite imagery, meteorological data and hydrological records to proves a holistic view of bloom 
dynamics. Deep learning models convolutional neural network (CNN) and long short-term memory 
(LSTM) networks are increasingly being applied for HAB prediction and classification tasks.  

CNN: 𝑍𝑍𝑘𝑘
(𝑙𝑙) = ∑ ∑ ∑ 𝑊𝑊𝑘𝑘,𝑑𝑑

(𝑙𝑙)𝑤𝑤𝑙𝑙−1
𝑛𝑛−0

ℎ𝑙𝑙−1
𝑚𝑚=0

𝐷𝐷𝑙𝑙−1
𝑑𝑑=1 (𝑚𝑚,𝑛𝑛)𝑋𝑋𝑑𝑑

(𝑙𝑙−1)(𝑖𝑖 + 𝑚𝑚, 𝑗𝑗 + 𝑛𝑛) + 𝑏𝑏𝑘𝑘
(𝑙𝑙)𝐴𝐴𝑘𝑘

(𝑙𝑙)(𝑖𝑖, 𝑗𝑗) = ∅ (𝑍𝑍𝑘𝑘
(𝑙𝑙)(𝑖𝑖, 𝑗𝑗)) (LeCun 

et al., 1998)       (4) 

Where,  

 𝑋𝑋(𝑙𝑙−1)= input feature map. 
 𝑊𝑊𝑘𝑘,𝑑𝑑

(𝑙𝑙)= convolution filter for output channel 𝑘𝑘and input channel 𝑑𝑑. 
 𝑏𝑏𝑘𝑘

(𝑙𝑙)= bias for output channel 𝑘𝑘. 
 𝑍𝑍𝑘𝑘

(𝑙𝑙)= pre-activation feature map. 
𝐴𝐴𝑘𝑘

(𝑙𝑙)= output after activation. 
 ∅ = activation function (e.g., ReLU). 
 

 

Figure 5. CNN structural diagram. 
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LSTM:             𝑖𝑖𝑡𝑡 =  𝜎𝜎 (𝑤𝑤𝑖𝑖[ℎ𝑡𝑡−1, 𝑥𝑥𝑡𝑡] +  𝑏𝑏𝑖𝑖)   (Thakur, 2018)                    (5) 

𝑓𝑓𝑡𝑡 =  𝜎𝜎 �𝑤𝑤𝑓𝑓[ℎ𝑡𝑡−1, 𝑥𝑥𝑡𝑡] +  𝑏𝑏𝑖𝑖� 

𝑜𝑜𝑡𝑡 =  𝜎𝜎 (𝑤𝑤𝑜𝑜[ℎ𝑡𝑡−1, 𝑥𝑥𝑡𝑡] + 𝑏𝑏𝑜𝑜) 

where,  

𝑖𝑖𝑡𝑡= input gate. 
𝑓𝑓𝑡𝑡= forget gate. 
𝑜𝑜𝑡𝑡= output gate. 
𝜎𝜎 = sigmoid activation function. 
𝑤𝑤𝑥𝑥= weight matrix for gate 𝑥𝑥. 
ℎ𝑡𝑡−1= hidden state from the previous LSTM block (at time 𝑡𝑡 − 1). 
𝑥𝑥𝑡𝑡= input at the current timestep. 
𝑏𝑏𝑥𝑥= bias term for gate 𝑥𝑥. 

 

Figure 6. LSTM structural diagram. 

Thes models offer advantages in feature extraction and temporal pattern recognition but require large 
volumes of high-quality labelled data and significant computational resources. ML performance is strongly 
influenced by data integrity including completeness, quality and preprocessing steps. Inadequate handling of 
missing data, imbalanced classes may unable predictive accuracy and transferability (Maharana et al., 2022). 
Feature selection plays a critical role in model optimization; the inclusion of irrelevant or collinear variables 
can degrade performance and increase computational cost. Despite existing limitations, ML has shown 
significant promise in enhancing HAB monitoring through early warning system, improved sampling 
strategies and informed adaptive management. As freshwater systems face rising challenges from climate and 
human induced change, ML driven models are emerging as critical tools for effective HAB prediction and 
adaptive management.  

7. EXPLAINABLE AI AND MODEL INTERPRETABILITY IN HAB RESEARCH 
 
Despite high predictive accuracy of ML in HAB modelling, their black-box nature hinders their integration 
into real world environmental management practices. Many high-performing models, especially deep learning 
frameworks such as artificial neural network (ANN) and convolutional neural network (CNN) function as 
“Black-box” delivering accurate prediction without revealing how individual input variable influence 
outcomes (Vilone & Longo, 2020). The absence of interpretability undermines trust, restricts regulatory 
approval and impedes scientific insight especially in ecological sensitive settings where transparent and 
accountable decision making is essential. To overcome these limitations, the integration of XAI has gained 
significant traction. Through various techniques, XAI sheds lights on the predictive behaviour of complex ML 
models, clarifying the influence of input variables on outcomes (Sadeghi et al., 2024). Such approaches are 
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especially important in HAB monitoring where uncovering casual links between environmental factors and 
bloom occurrence is critical for effective mitigation and management. 

To enhance model interpretability, XAI techniques like SHAP and Lime are used to determine the relative 
importance of environmental predictors. These insights not only enhance trust in model prediction but also 
enable more precise and effective management interventions. XAI also aid model transferability (Ali et al., 
2023). Comparing dominant predictive features across regions allows researcher to evaluate the transferability 
of model between different ecosystems. This enhances model generalizability while informing region specific 
adjustment. Explainable model outputs also help close the communication gap between technical experts and 
environmental decision-makers. Understanding how and why a model predicts a bloom boosts decision-maker 
confidence and action. In comparison, unexplained outcomes maybe questioned or dismissed. However, 
challenges remain. Not all XAI tools work equally well across model types and poorly designed explanations 
can mislead users. Further research is required to standardized interpretability techniques and assess their 
applicability in ecological modelling.  

8. DISCUSSION 

The findings synthesized in this review indicate a clear shift in HAB research from traditional empirical and 
threshold-based approaches toward data-driven frameworks that integrate remote sensing and machine 
learning for detection, monitoring, and forecasting. From a conceptual perspective, this trend reflects a broader 
transition in environmental monitoring toward predictive and decision-support paradigms, where 
spatiotemporal generalization and early warning are prioritized over site-specific diagnostics. Compared with 
earlier reviews that focused primarily on spectral index development or algorithm performance in isolation, 
the present synthesis highlights how model effectiveness is strongly conditioned by sensor characteristics, 
feature selection strategies, and the temporal structure of input data. Consistent with previous studies, machine 
learning and deep learning models generally outperform conventional statistical approaches in capturing non-
linear HAB dynamics; however, our analysis further reveals that issues of interpretability, transferability, and 
data imbalance remain under-addressed. By explicitly examining these limitations across studies summarized 
in Table 1, this review advances prior work by framing performance not only in terms of accuracy, but also in 
terms of operational reliability and management relevance. 

ML has shown increasing success in predicting HABs posing significant challenges that impact its 
performance, scalability and reliability. A major challenge lies in availability and consistency of monitoring 
data. In many freshwater systems lack adequate toxin specific data and exhibit irregular sampling in both 
spatial and temporal, undermining model training and predictive accuracy (Zhu et al., 2022). Another key 
challenge lies in ecological heterogeneity across freshwater systems. Key drivers of bloom development differ 
substantially across systems, depending on parameters like lake depth, stratification patterns and sediment 
behaviour (Ding & Qin, 2024).  

These variations reduce the generalizability of models and necessitate site-specific input feature and 
parameter tuning. Although deep neural networks and other advanced ML models provide high predictive 
accuracy but require large, labelled datasets and offer limited interpretability. XAI technique like SHAP offer 
valuable interpretability by highlighting the most influential feature driving model predictions (Demiray et al., 
2025); however, there remains a need for standardized interpretability tools that are specified tailored to 
ecological and bloom forecasting. 

The implications of these findings are significant for both future research and water resource management. 
For researchers, the results underscore the need to move beyond model-centric optimization toward integrated 
frameworks that combine multi-sensor remote sensing, temporal modeling, and explainable AI to improve 
robustness and stakeholder trust. Future studies should prioritize standardized benchmarking datasets, cross-
region validation, and the incorporation of domain knowledge to enhance model transferability across 
freshwater systems. From a policy and management perspective, the growing evidence supporting remote 
sensing and machine learning integration suggests strong potential for real-time HAB early warning systems 
that can inform proactive interventions, such as nutrient management, reservoir operation, and public health 
advisories. However, realizing this potential will require closer collaboration between scientists, water 
authorities, and policymakers to ensure that model outputs are interpretable, timely, and aligned with 
regulatory decision-making processes. Future efforts can also focus on creating hybrid models that combine 
ecological theory with machine learning and expanding autonomous sensing tools for real time water quality 
monitoring. These advancements will be crucial for building flexible, transparent and regionally adaptable 
HAB prediction tools.   
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9. Conclusion  

This review synthesizes evidence that integrating remote sensing with machine learning has become a practical 
pathway for freshwater HAB detection and short-term forecasting, particularly when satellite-derived 
indicators (e.g., chlorophyll-a, phycocyanin and surface reflectance) are combined with hydrometeorological 
and catchment variables. Across the studies reviewed, supervised machine learning and deep learning 
approaches (e.g., Random Forest, SVM, ANN/CNN and LSTM) consistently support almost real-time bloom 
mapping and forecasting, with reported predictive performance commonly in the range of R² approximately 
between 0.67 and 0.94 and forecast horizons extending to approximately one month, depending on data 
availability and system dynamics. Importantly, the literature indicates that performance is not driven by 
algorithms alone but by data quality, temporal structure, feature selection, and transferability across water 
bodies; in parallel, interpretability remains a bottleneck for many deep models, limiting scientific insight and 
operational trust. Practically, these findings support the development of operational early warning systems for 
water agencies by enabling routine risk screening, targeted field sampling, faster public health advisories, and 
more proactive interventions such as nutrient-control prioritization and reservoir management during high-
risk periods. To strengthen reproducibility and real-world deployment, future research should move toward (i) 
standardized benchmark datasets and reporting protocols (including clear validation across regions and 
seasons), (ii) hybrid modeling that combines process knowledge with data-driven learning, (iii) uncertainty 
quantification and explainable AI to communicate drivers and confidence to decision-makers, and (iv) scalable 
monitoring pipelines that fuse multi-sensor satellite products with in-situ/IoT observations for continuous 
updating. Overall, remote sensing and machine learning integration is positioned as a deployable, 
management-oriented tool to reduce HAB impacts on ecosystems, water security, and public health under 
continuing nutrient enrichment and climate pressure. 
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