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ABSTRACT
Harmful Algal Blooms (HABs) threaten aquatic ecosystems, necessitating effective monitoring 
strategies in water resource management. Satellite-based remote sensing has emerged as 
a popular method to address the limitations of in-situ monitoring. However, cloud covers can 
obstruct optical imagery, causing data loss. Synthesis Aperture Radar (SAR) imagery, with its 
capabilities, can penetrate through any weather conditions. We applied SAR imagery with the 
Faster Regional Convolutional Neural Networks (Faster R-CNN) model to detect the algal bloom. 
The dataset of the Geum River Basin was obtained from 2020 to 2022. The sigma naught values 
(dB) were analyzed from the SAR imagery to clarify the reflectance properties of algae in VH and VV 
polarizations. The values ranged between −12 dB and −33 dB and −5 dB and −27 dB for VH and VV 
polarization, respectively. The model was developed with hyperparameter optimization to detect 
the algal bloom by splitting the training from 2020 to 2022, and the testing dataset 2022. 
Evaluation metrics including precision, recall, and F1 scores yielded values of 0.600, 0.692, and 
0.643, respectively. The developed model was simulated to identify the seasonal outbreak. The 
result illustrated that the algal blooms were detected only in the summer of 2021 and 2022. 
Furthermore, the model was validated in supporting an existing algal alert report, demonstrating 
the potential for real-time monitoring. Finally, this study highlights the effectiveness of employing 
SAR imagery with the Faster R-CNN model to develop an algorithm for detecting algal blooms, 
offering advancements in water management practices.
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1. Introduction

The global concern of irregularly increasing harmful 
algal blooms (HABs), particularly cyanobacterial blooms 
in South Korea, has posed significant challenges to aqua
tic ecosystems (Kim, Cha, and Cho 2024). HABs obstruct 
sunlight and lead to fluctuations in nutrients and dis
solved oxygen levels, directly impacting aquatic life and 
contributing to water quality degradation, which could 
have implications for water resource management 
(Kwon, Hong, Abbas, Pyo, et al. 2023). In addition to 
the degradation of water quality directly caused by 
HABs, the toxins they produce can also have an adverse 
impact on routine water quality monitoring (Brooks et al.  
2016). Algae monitoring is essential for ensuring clean 
water access, maintaining water quality and environ
mental indicators for informed decision-making and 

sustainable practices (Qian et al. 2024; Qiu et al. 2023). 
Although informative, traditional in-situ procedures, 
such as direct sampling come with substantial time, 
labor, and cost requirements, as they are conducted at 
specific times and locations (Baek et al. 2022). This can 
limit the spatial coverage and frequency of data collec
tion, potentially missing critical variations in water qual
ity over time and space (Foster et al. 2019). Therefore, 
algae monitoring highlights the need for complemen
tary approaches to comprehend algal bloom dynamics.

Remote sensing techniques are utilized as an alterna
tive method to overcome the limitations of traditional 
in-situ monitoring, gaining popularity for their effective
ness in acquiring information without physical contact 
(Cook et al. 2023; Kim et al. 2020). Satellite-based remote 
sensing, particularly through the MultiSpectral 
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Instrument (MSI) on Sentinel-2, has been instrumental in 
monitoring algal blooms by capturing imagery across 
multiple spectral bands, thereby facilitating detailed 
water quality analyses (Kwon et al. 2023). Steinhausen 
et al. (2018) demonstrated that the impact of weather 
conditions might cause difficulties in visible satellite 
imagery. For this reason, Synthetic Aperture Radar 
(SAR) imagery has been introduced in marine research 
for wetland monitoring, and flood detection, especially 
beneficial in areas where data is limited (Niculescu et al.  
2020). Operating in the microwave spectrum, SAR can 
penetrate cloud cover, making it valuable when the MSI 
is hindered by atmospheric conditions. Previous studies 
have utilized SAR imagery to interpret various water 
quality parameters, such as salinity (Shareef, Toumi, 
and Khenchaf 2016). However, algae detection through 
SAR is rarely observed due to the difficulty in complex 
interpretation using traditional empirical calculation 
methods, leading to notable errors (Raj, Sethunadh, 
and Aparna 2016). Utilizing a data-driven model, 
a computer-based technique, to interpret and analyze 
can offer a more reliable approach and time-saving 
consumption.

A data-driven model has been utilized to manage 
water resources by predicting the targets to get ready 
with the mitigation procedure (Jo et al. 2020). On the 
other hand, mathematical-based models were limited in 
terms of the reliability of predefined equations and 
assumptions (Manteaux et al. 2023). Faster Regional 
Convolutional Neural Networks (Faster R-CNN), one of 
the data-driven models, have been introduced to 
address these challenges (Solomatine, See, and 
Abrahart 2009). The model can detect objects by extract
ing image features and training the relationships 
between the input and output datasets, without relying 
on predefined equations (Fang et al. 2020). It has been 
employed for object detection in hydrology and remote 
sensing applications based on its capabilities (Evora and 
Coulibaly 2009). Chai et al. (2021) applied the Faster 
R-CNN model to detect ship-like targets from SAR ima
gery and effectively realized the objects. Despite this, 
few researchers have applied the data-driven model 
with SAR imagery to detect algal blooms, which are 
currently a major cause of the deteriorating water qual
ity (Wu et al. 2019). Therefore, developing the Faster 
R-CNN model for detecting the outbreak of algal 
bloom from SAR imagery holds the potential to contri
bute to sustainable water resources and mitigation 
efforts.

In summary, this study presents a novel algorithm by 
integrating SAR remote sensing data with a data-driven 
model to detect algal blooms, offering enhanced 
insights into their occurrence. The research aimed to 

achieve three main objectives: first, to analyze SAR back
scatter values to observe how algal blooms reduce sur
face roughness, resulting in diminished backscatter and 
dark patches in SAR images and to clarify the correlation 
between these patterns and algal bloom presence. 
Second, we developed a deep learning-based detection 
model that uses SAR imagery as the primary feature 
input and visible satellite imagery as ground truth, capi
talizing on SAR’s unique backscattering characteristics to 
accurately identify algal blooms. Finally, we applied this 
model to identify seasonal outbreaks and detect existing 
blooms under adverse weather conditions, providing 
a reliable alternative when optical satellite imagery is 
obstructed by cloud cover. This demonstrates its effec
tiveness in supporting existing algal alert systems.

2. Materials and methods

2.1. Research overview

This research was conducted through a comprehensive 
three-step process, encompassing data acquisition, data 
preparation, and applying deep learning techniques, as 
illustrated in Figure 1. The Sentinel-1 SAR C-band was 
acquired as the main input dataset, while the Sentinel-2 
MSI data was utilized as ground truth, respectively, as 
shown in Figure 1(a). Subsequently, as stated in 
Figure 1(b), we extracted the sigma naught values in 
both Vertical–Vertical (VV) and Vertical–Horizontal (VH) 
polarizations from SAR imagery, while MSI imagery was 
used to identify the geographic coordinates indicative of 
the algal bloom. Waterbodies extracted from the SAR 
imagery were utilized to obtain hydraulic information. 
Then, we combined three layers of VV, VH, and water
body, generating the input dataset. Data augmentation 
techniques, including rotation, and flipping were 
employed to enhance the dataset before utilizing it as 
input features for the algal bloom detection model. In 
Figure 1(c), the algal blooms were analyzed by plotting 
the sigma naught values reflected from SAR imagery. 
Following that, the algal detection model was devel
oped using the Faster R-CNN model with hyperpara
meter optimization methods, employing the SAR 
imagery dataset as input features to train and aiming 
to predict the blooms. The evaluated models, both 
trained and tested, were assessed using a confusion 
matrix, which serves as a performance measurement 
for machine learning classification. This involved com
paring the simulated outcomes with MSI imagery 
visually, serving as ground truth data. In addition to 
research assessments, the study further discussed the 
seasonality of algal blooms and their correlation with 
environmental parameters. Our model was 
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implemented on a system equipped with a 13th Gen 
Intel(R) Core(TM) i9-13900F 2.00 GHz processor, 64 GB of 
DDR5 RAM, and an NVIDIA GeForce RTX 4090 graphics 
card.

2.2. Study area

The Geum River (GR), one of the four largest rivers in 
South Korea, is situated in the mid-western region (N 
36.35°−36.52°, E 127.48°−127.60°). GR spans 396.4 km 
and encompasses a basin area of approximately 
9914.02 km2 (Kim, Muhammad, and Maeng 2016). GR 
grants a significant amount of water resources for muni
cipal, domestic, agricultural, and industrial. Moreover, the 
basin is characterized by the monsoon, marked by peri
ods of heavy rainfall (Jung et al. 2019). Over the past three 
decades, the recorded annual temperature and precipita
tion from June to August averaged 10.9°C and 1,295 mm, 

respectively (Kwon, Hong, Abbas, Park, et al. 2023). This 
caused GR to receive approximately 6.4 tons of freshwater 
discharges annually (D. Kim et al. 2022). However, the 
construction of dams along the GR has disrupted the 
natural flow of freshwater into the Yellow Sea estuary, 
leading to altered water dynamics, stagnant conditions, 
and the occurrence of algal blooms (Shim, Yoon, and 
Yoon 2018). HABs have broken out annually in the GR 
basin (Park 2012). Especially, at the reservoir called 
Daecheong Reservoir located in the GR basin is the 
focus source of the outbreak of algae (Back, Park, and 
Park 2015). Daecheong Reservoir is one of the key areas of 
focus in government reports because it is one of the main 
sources of residential, agricultural, and industrial purposes 
in South Korea (Srivastava et al. 2015). These challenges 
arise from the influx of both non-point and point source 
pollution, driven by intense runoff and industrial or agri
cultural complexes (S. Kim et al. 2022). In our study, we 

Figure 1. The research flow chart illustrates the algal bloom detection model using a deep learning-based approach with SAR C-band 
imagery: (a) data acquisition for deep learning inputs and ground truth, (b) data preparation, including SAR imagery standardization, 
algal bloom labeling, and waterbody extraction, and (c) application of the deep learning model for algal bloom detection.
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selected the GR basin, focusing on the Daecheong 
Reservoir as the representative region, depicted in 
Figure 2.

2.3. Data Processing

In the study, the research methodology heavily relied on 
diverse datasets, encompassing SAR imagery, which is 
detailed in Table S1, and waterbody extraction imagery 
as the input datasets. Initially, a resolution of 10 m from 
SAR C-band imagery was sourced from the European 
Space Agency (ESA, https://dataspace.copernicus.eu/.) 
(Ecosystem 2023). SAR imagery, a remote sensing tech
nology employed by the Sentinel-1 observation satellite, 
enables the generation of high-resolution imagery 
regardless of cloud cover or illumination, even 
during day or nighttime under all weather conditions 
(Fletcher and European Space Agency 2012). The 
Sentinel-1 satellite, operating within a frequency range 
of 5.3 GHz to 5.8 GHz, orbits at an altitude of 693 km 
(Moeller et al. 2010).

To enhance our analysis, hydraulic information – geos
patial datasets that offer insights into the physical charac
teristics and behavior of waterbodies and their surrounding 
environments – is essential for accurately detecting and 
monitoring algal blooms. This facilitates the precise identi
fication of waterbodies, ensuring algal bloom detection is 
confined to relevant aquatic areas. Utilizing waterbody 

extraction techniques with SAR imagery and deep learning 
methods enhances model accuracy and supports targeted 
mitigation strategies (Kim et al. 2021). From the Sentinel 
Application Platform (SNAP) program, VV and VH polariza
tions were extracted from the SAR imagery through seven 
processing steps, including: 1. Apply Orbit File, 2. Thermal 
Noise Removal, 3. Radiometric Calibration which is used to 
convert digital numbers to sigma naught (backscatter coef
ficients), 4. Speckle Filtering, 5. Terrain Correction, 6. Subset, 
subsequently, 7. Conversion to decibels (dB) (Filipponi  
2019). The sigma naught (σ0) or backscatter coefficients 
represent the radar backscatter coefficient normalized by 
the ground area, indicating the amount of energy returned 
to the sensor. This effect is influenced by surface rough
ness, moisture content, and geometry. To ensure temporal 
independence and avoid overestimation of model accu
racy due to spatial-temporal autocorrelation, a time-based 
split was employed over 3 years (July 2020– 
September 2022), the dataset included 5080 images from 
21 July 2020 to 9 September 2022 for training and 1200 
images from 9 September 2022 for testing, with data aug
mentation applied to enhance variability (Appendix A).

In addition to SAR data, the Sentinel-2 satellite was 
instrumental in precisely locating the spatial coordi
nates of algal blooms when used alongside SAR ima
gery. Only Sentinel-2 images acquired on the same 
dates as the corresponding Sentinel-1 imagery were 
selected for analysis. This combined dataset 

Figure 2. Study coverage: Geum River basin along with its legends and Sentinel-1, and Sentinel-2 coverage acquisition zone.
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facilitated a performance evaluation by comparing 
results with simulated outputs. Sentinel-2’s multi
spectral sensor, with a 10-m resolution, complemen
ted SAR data by capturing imagery across 13 optical 
bands (ESA 2013), although we focused on the 
Normalized Difference Chlorophyll Index (NDCI) and 
three optical bands (blue, green, and red) for analysis 
(Appendix B). This combined dataset facilitated 
a performance evaluation by comparing results with 
simulated outputs.

Along with remote sensing data, daily environmental 
parameters were gathered from July 2021 to 
September 2022 to analyze the seasonal outbreak rela
tionship of blooms in section 3.3.1 Parameters including 
water temperature (°C), chlorophyll-a (mg/m3), and dis
solved oxygen (DO) (mg/L) were obtained from the 
National Institute of Environmental Research (NIER, 
http://211.114.21.27/web.) (National Institute of 
Environmental Research 2023). These parameters 
offered insights into the seasonal dynamics of algal 
blooms (Ji et al. 2017; Raven and Geider 1988; Sterner 
and Grover 1998; H. Zhang et al. 2021).

2.4. Deep learning approach

The Faster Regional Convolutional Neural Network 
(Faster R-CNN) model, based on Convolutional Neural 
Network (CNN) (Appendix C), was introduced as the 

object detection deep learning approach (Ren et al.  
2015). The objective is to train the model to acquire 
proficiency in both object recognition and localization 
within the images. The model consists of three main 
steps to detect objects by classifying many regions; 
The extraction of features, Region Proposal Network 
(RPN), and Region-based Convolutional Neural Network 
(R-CNN) as shown in Figure 3 (Lee, Kim, and Kyeong  
2016). In our study, Figure 3(a) illustrates the overall 
architecture of the faster R-CNN model. The prepro
cessed imagery undergoes CNN processing, utilizing 
the Residual Networks (ResNet) 50 architecture to pro
duce feature maps. Feature extraction is utilized in 
image classification to extract outstanding features 
from images, as established in prior research 
(Krizhevsky, Sutskever, and Hinton 2012). Studies have 
also demonstrated that incorporating hydraulic informa
tion into CNNs has proven effective for waterbody detec
tion and segmentation (Z. Zhang et al. 2021).

In Figure 3(b), RPN, a vital component of the Faster 
R-CNN, significantly contributes to the model’s efficiency 
and precision in recognizing various areas (Jiang and 
Learned-Miller 2017). It operates as a CNN generating 
a set of rectangular object proposals within an image. 
Each rectangle is assigned a score indicating its likeli
hood of containing an object, called a region of interest 
(RoIs) (Sun, Wu, and Hoi 2018). The scores generated in 
this process contribute to the generation of bounding 

Figure 3. Faster R-CNN model architectures for algal detection; (a) showed the overall architectures namely the main input and output 
data, and the model’s unique characteristics (b) indicated region proposal network, explaining its operational mechanism (c) 
elucidated regional CNN, offering insights into its role for the algal bloom detection.
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boxes, offering a comprehensive understanding of the 
algal bloom dynamics within the imagery. Subsequently, 
in Figure 3(c), RoIs undergo classification, and their 
boxes are regressed (Girshick 2015). The pooling fea
tures passed through the hidden fully connected layers 
to obtain bounding boxes with scores, detecting the 
existence or absence of algal bloom.

The bounding box sizes were determined by analyz
ing the spatial extent of algal blooms identified using the 
NDCI from Sentinel-2 imagery. This process involved 
manually comparing NDCI-derived bloom areas with cor
responding SAR imagery to establish bounding boxes 
that accurately encompass the observed blooms. This 
approach follows the methodology described in Gernez 
et al. (2023), where visual interpretation was used to 
delineate bloom areas. However, this manual approach 
is subject to potential errors and limitations, such as 
discrepancies between optical and SAR data due to dif
fering sensor characteristics and environmental condi
tions. These factors may introduce uncertainties in 
bounding box dimensions, potentially affecting the 
model’s detection accuracy. Acknowledging these limita
tions is crucial for interpreting the model’s performance 
and highlights the need for further refinement in bound
ing box determination methods (N.Zhang et al. 2021).

We also acknowledge that AI models often lack inter
pretability and transparency. Explainable Artificial 
Intelligence (XAI) addresses these issues by making AI 
systems more understandable, which is crucial as AI 
applications expand into critical domains. In the future 
work, we plan to integrate XAI techniques to enhance 
our model’s interpretability, thereby improving trust and 
effectiveness in detecting algal blooms (Letrache and 
Ramdani 2023).

In our study, we optimized the model to minimize 
loss and maximize predictive accuracy, recognizing that 
even minor variations in hyperparameter configuration 
can significantly impact the efficiency of algal bloom 
detection (Lakhmiri, Digabel, and Tribes 2021). We con
ducted using the grid search method to enhance model 
performance as listed in Table S2 (Bergstra, Ca, and Ca  
2012). The hyperparameters including learning rate, 
weight decay, batch size, epoch, and optimizer were 
defined. The learning rate determines the step size at 
each iteration to reach a minimum loss (Alibrahim and 
Ludwig 2021). Weight decay is used to regularize the 
weight update in the Faster R-CNN (Goodfellow, Bengio, 
and Courville 2016). Batch size is the division of the 
dataset into smaller parts and passes through the algo
rithm, while epoch is the entire dataset passed forward 
and backward (Smith et al. 2017). An optimizer is applied 
to optimize the algorithms and minimize an error func
tion (Hammad Saleem et al. 2020).

The model underwent training for 150 epochs on the 
designated training set. Adam served as the optimizer, 
with an initial learning rate ranging from 0.000001 to 
0.01, while the weight decay ranged from 0.0 to 0.9. The 
batch size was set to be in the ranges of 2–32, creating 
a data loader where each training batch consists of 
a sample.

2.5. Model evaluation

The assessment of the Faster R-CNN model’s quality and 
effectiveness is facilitated through the utilization of var
ious evaluation tools, comparing simulated values 
against ground truth through various techniques. The 
following tool called a confusion matrix was utilized to 
offer valuable insights into the performance of algal 
bloom detection models of a classification model includ
ing Precision, Recall, and F1-score (Junker, Hoch, and 
Dengel 1999; Y. K. Kim et al. 2022). First, precision 
focuses on the relevance of the positive predictions 
made by a model. A higher precision value means that 
the number of correct positive predictions of algae from 
the model makes fewer false positive predictions relative 
to the total positive predictions. Recall is the sensitivity 
of the model and is crucial in situations where missing 
a positive occurrence has a significant outcome. A higher 
recall value shows that the model effectively identifies 
a larger number of positive occurrences of algal bloom. 
The F1 score uses the combination of precision and 
recall, providing a balanced evaluation of the imbal
anced model’s performance in the dataset. A higher F1 
score determines the accurate identification of both true 
positives and true negative cases. These evaluation 
metrics were calculated as follows: 

Where TP are true positives, both simulated results 
and ground truths showed the existence of algae cor
rectly, TN are true negatives, both simulated results and 
ground truths showed the nonexistence of algae cor
rectly, FP are false positives which mean the simulated 
imagery resulted in the existence of algae but the 
ground truths showed no existence of algae, and FN 
are false negatives, which mean the simulated imagery 
resulted in the nonexistence of algae, but there is an 
existence of algae in the ground truths.
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3. Results and discussions

3.1. Algal bloom distribution analysis by utilizing 
SAR imagery

Our study extracted SAR imagery through standardized 
procedures, and sigma naught values were computed 
for both VH and VV polarizations. Figure 4 illustrates the 
distribution of algal blooms, vegetation, and water fea
tures by colors in terms of sigma naught values and algal 
pixel density. The algal bloom, vegetation, and water 
were colored orange, green, and blue, respectively. 
Figure 4(a,b) independently presented the VH and VV 
polarizations. According to the figure, the analysis 
revealed that reflectance values for algal blooms 
approximately ranged between −12 dB and −33 dB for 
VH polarization and −5 dB and −27 dB for VV polariza
tion. Concurrently, vegetation predominately exhibited 
data distribution between −10 dB and −21 dB and −3 dB 
and −15 dB, while water distribution ranged between 
−21 dB and −34 dB and −15 dB and −28 dB for VH and 
VV polarizations, respectively. The sigma naught values, 
representing the radar backscatter intensity from surface 
targets, have been widely used in prior research as 
a reference for classifying aquatic surface features, 
including algal blooms (Parmuchi, Karszenbaum, and 
Kandus 2002). These values are particularly useful in 
identifying changes in surface roughness, often caused 
by dense algal accumulations. We analyzed the algal 
blooms in the GR basin using SAR imagery to quantify 
the reflectance values of the algal bloom from the radar 
signal to the sensor. To establish these class boundaries, 
only the locations where algal blooms were seen from 
SAR and analyzed using NDCI from MSI imagery were 
chosen by visual interpretation, as demonstrated in 
Figure 5 (Appendix D). Only co-located observations 

from images acquired on the same date were used to 
ensure temporal consistency. The sigma naught values 
for each algal bloom spot were accumulated from the 
acquired dataset, and the overall graph was plotted.

The analysis indicated distinctive peaks for each fea
ture, signifying unique reflectance properties. However, 
mixed pixels existed in all remote sensing imagery due 
to image resolution, with coarser imagery leading to 
more mixed pixels would be found (Adams, Smith, and 
Johnson 1986). Both VH and VV polarizations exhibited 
overlapping bins, particularly in the distribution data of 
algal blooms, which showed two peaks. To determine 
whether algal blooms share distributions with vegeta
tion and water, we applied the Kolmogorov–Smirnov 
two-sample test (KStest2) (Appendix E) (Massey 1951). 
Through the KStest2 analysis, we found that one peak 
representing algal blooms aligned with water features, 
indicating that algal blooms were captured alongside 
water features. Inoue, Sakaiya, and Wang (2014) demon
strated water features approximately −28.5 dB for VH 
and −21.1 dB for VV polarization, validating the analysis. 
However, the similarity in backscatter signatures 
between algal blooms and other surface features, such 
as vegetation, necessitates further verification to accu
rately distinguish between them. Relying solely on sta
tistical distribution analysis may be insufficient, as 
environmental factors like wind speed and water surface 
conditions can introduce irrelevant features, potentially 
leading to skewed conclusions. For instance, low wind 
speeds can cause smooth water surfaces, resulting in 
dark regions in SAR images that may be misinterpreted 
as algal blooms (Wu et al. 2018). To enhance the accu
racy of algal bloom detection in SAR imagery, integrat
ing optical remote sensing data is advisable. This 
integration provides complementary spectral 

Figure 4. The data distribution of the algal bloom in the SAR imagery from the Guem River showed the comparison with other 
substances namely vegetation, and water. (a) Sigma naught values of VH polarization (b) Sigma naught values of VV polarization.
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Figure 5. Representative sample areas selected for data distribution analysis. Each location is shown with its corresponding acquisition 
date. (a) Mooni intake area (August 25, 2020), located in the northwestern part of Daecheong Lake. (b) Hoenam (September 9, 2022), 
located in the central part of the lake. (c) So-oak Cheon (September 9, 2022), located in the southern-central part of the lake. Each 
location is represented by a pair of Sentinel-1 (SAR) and Sentinel-2 (optical) images acquired on the same date.
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information that can confirm the presence of algal 
blooms, thereby addressing the limitations inherent in 
SAR data alone. Studies have demonstrated that com
bining SAR and optical data improves the monitoring of 
algal blooms by leveraging the strengths of both data 
types (Adamo et al. 2013). Additionally, understanding 
the characteristics of SAR signals is crucial, as they are 
influenced by factors like surface roughness and dielec
tric properties, which can affect backscatter intensity 
and complicate interpretation.

3.2. Performance evaluation of algal bloom 
detection model

To identify the occurrence of algal blooms, an effec
tive data-driven model was employed to detect dif
ferences between algal blooms and non-algae (Khan 
et al. 2021). We developed the Faster R-CNN model 
to detect the algal bloom in the GR basin from SAR 
imagery. The dataset was split into a training set 
comprising 5080 images and a testing set comprising 
1200 images. The grid searching method was con
ducted for hyperparameter optimization to improve 
model performance as listed in Table S2. Learning 
rate, batch size, and weight decay were selected 
from the configured ranges as the optimal model 
parameters which were 0.0001, 32, and 0.0, respec
tively. These parameters were the best parameters for 
having the minimum error rate. Jiang and Xu (2022) 
demonstrated that hyperparameter optimization 
strongly influenced the model and improved the 
simulated performances. The classification score 
threshold was set to be greater than 0.7 (Li, Qu, 
and Shao 2017). Figure 6 illustrates detection results 
post-hyperparameter optimization, showcasing 
instances such as an algal bloom in Mooni on 
25 August 2020, within the Daecheong Reservoir 
(Figure 6(a)). Similarly, Figure 6(b,c) showed detection 
results from Choodong on 25 August 2020, and So- 
oak Cheon on 14 September 2022, both in territorial 
waters of the Daecheong Reservoir. These locations 
are prone to algal blooms due to their slow water 
flow and high retention time, typical of closed-water 
systems (J. Kim et al. 2023). Wang et al. (2022) con
ducted a study that showed a well-validated object 
detection model through the utilization of SAR ima
gery. Specifically, the simulation result from 
Figure 6(c) was from the testing dataset which even 
proved the model’s potential.

As detailed in Table 1, evaluation metrics were 
employed to assess the performance of the algal 
bloom detection from the Faster R-CNN model. These 
metrics were applied to both the training and testing 

datasets, and additional visual inspection was per
formed by comparing the model’s predicted bloom 
regions on SAR imagery with the corresponding 
ground truth derived from Sentinel-2 data. During 
the training period, the model achieved a precision of 
0.719, indicating that approximately 71.9% of the 
instances identified as algal blooms were correct 
detections. The recall was 0.914, suggesting that the 
model successfully identified 91.4% of actual algal 
bloom occurrences. The F1 score, which balances pre
cision and recall, was 0.805, reflecting a strong overall 
performance. During the testing period, the precision 
for the test dataset was determined to be 0.600, indi
cating that 60% of the predicted positive instances 
were true positives. The recall for the test dataset 
was 0.692, suggesting that the model identified 69% 
of the actual instances of algal blooms, resulting in 
a certain number of false negatives. To mitigate false 
predictions, we refined the classification threshold to 
balance precision and recall, enhanced the training 
dataset with diverse scenarios, applied data augmenta
tion techniques to increase variability. These strategies 
contributed to a more robust model with improved 
predictive performance. Then, the F1 score was identi
fied to be 0.643, suggesting that the model can be 
a promising tool for an early prediction of the algal 
bloom outbreak with a room of improvement (S. Lee 
and Lee 2018). Furthermore, Gao et al. (2022) also 
stated the precision for detecting the algae bloom 
through SAR imagery to be 0.600, with a different 
type of model. Our model demonstrates the potential 
for real-world applications in early algal bloom detec
tion systems. However, it is important to acknowledge 
that the evaluation of our model, relying on Sentinel-2 
for visual inspection, presents certain limitations. The 
reliance on optical imagery for validation might intro
duce subjective interpretation and may not fully cap
ture the dynamics of algal bloom events under various 
environmental conditions. As suggested by Colkesen, 
Ozturk, and Altuntas (2024), incorporating indices such 
as the Floating Algae Index (FAI) and Surface Algal 
Blooms Index (SABI) could improve the accuracy and 
robustness of detection systems, providing a more 
comprehensive validation of SAR-based models in 
future studies.

3.3. Applications of the algal bloom detection 
model

3.3.1. Seasonal patterns of algal bloom occurrences 
and their suggestions for proactive management
For a comprehensive understanding of algal blooms, 
we applied the developed model to find the algal 
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Figure 6. Algal detection results were selected from the developed Faster R-CNN model and represented the area located in the GR 
basin. Each subfigure consists of Sentinel-1 imagery on the left, showing the model-predicted algal bloom areas (green boxes), and 
the corresponding Sentinel-2 RGB composite on the right serving as visual reference. Red boxes highlight the observed bloom 
locations based on optical interpretation; (a) Mooni is territorial waters from Daecheong Reservoir located in the north-western 
direction on August 25, 2020 (b) Choodong is territorial waters from Daecheong Reservoir located in south-western direction on 
August 25, 2020 (c) So-oak Cheon is territorial waters from Daecheong Reservoir located at the middle of south direction on 
September 14, 2022.
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bloom outbreak throughout different seasons. The 
other dataset, which indicates the testing dataset 
without the training dataset, was simulated with the 
model for each season at identical locations to ana
lyze the temporal variations in algal bloom occur
rences. Figure 7 illustrates distinct variations in algal 
bloom occurrences observed across seasons. 
Specifically, from summer 2021 (16 July 2021) to 
summer 2022 (14 September 2022), the model iden
tified algal blooms only during the summers of 2021 
and 2022 in Daecheong Reservoir and the surround
ing area known as So-oak Cheon. Interestingly, the 
model did not detect any algae in the same location 
from autumn (18 November 2021), winter 
(17 January 2022), and spring (17 May 2022). The 
prevalence of algal blooms exhibits fluctuations over 
the year, influenced by diverse factors including geo
graphical location, weather conditions, and temporal 
variations (D’Silva et al. 2012). The observed pattern 
resonates with findings in South Korea, where algal 

bloom outbreaks are predominantly observed in the 
summer months (Y. H. Ahn et al. 2006; Jeong et al.  
2022). This aligns with Sentinel-2 imagery, validating 
that the model was meticulously trained using histor
ical data from the input dataset.

Our study, specifically in the environmental field, 
even demonstrated the success of Sentinel-1 SAR 
C-band in detecting algal blooms in rivers character
ized by monsoon conditions through the comparison 
with environmental parameters, demonstrated in 
Figure S1 (Appendix F). The use of SAR imagery, 
acting as a time series data source, makes the 
Faster R-CNN coupled with remote sensing 
a valuable tool for objective detection and providing 
initial information for water quality management by 
identifying algal blooms. Hence, understanding sea
sonal patterns and predicting outbreaks can lead to 
a proactive plan.

3.3.2. Assessing the efficacy of an algal bloom 
detection model: case study in South Korea’s algal 
alert System
NIER has been actively implementing the algal alert sys
tem by measuring the cell density of cyanobacteria 
blooms as an indicator to determine the level of harm, 
categorized into Caution and Warning levels (Ahn et al.  
2003; Ahn et al. 2021; J. H. Kim et al. 2023). The measures 

Table 1. The performance evaluation of the algal bloom detec
tion from the Faster R-CNN model with the best-optimized 
hyperparameters.

Evaluation Matrices Training period Testing period

Precision 0.719 0.600
Recall 0.914 0.692
F1 score 0.805 0.643

Figure 7. The comparison of algal detection results across seasons from summer 2021 (July 16, 2021) to summer 2022 (September 14, 
2022) showed the relationship of the captured bounding boxes in summer with the ground truth imagery. The green boxes indicated 
the auto-generated from the developed model while the red boxes showed the exact location from the ground truth.
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were reported annually to ensure a stable supply of tap 
water and to promote the safety of the public from algae 
toxins during activities related to water conservation. As 
illustrated in Figure 7, the model simulation results of the 
study successfully detected algal blooms in various water 
sources, particularly in the Daecheong Reservoir. 
According to NIER’s annual reports, instances of algal 
blooms reaching the Warning level, and requiring serious 
tracking, were recorded for a total of 90 days in 2020, 69  
days in 2021, and 49 days in 2022 in the GR Basin (NIER, 
http://211.114.21.27/web.) (National Institute of 
Environmental Research 2023). Especially in Figure 7(a), 
this result aligns with the report, indicating that in 2020 at 
Mooni, algal blooms occurred from 14 August to 
4 October (52 days) and from 16 October to 
3 November (19 days). Subsequently, we conducted the 
simulation on a separate dataset without ground truth or 
on a dataset obscured by cloud cover, which had not 
been used during training. Based on the most recent 
report (version 2022), Figure 8 illustrates algal blooms 
detected at Mooni from 12 August to 19 October (69  
days) in 2021. The detection results align with reported 
instances of algal blooms reaching Warning levels, as 
recorded in NIER’s annual reports. Despite limited dataset 
availability due to a typhoon, the model demonstrated its 
efficiency even under-constrained conditions during the 
typhoon in August 2021 (Kang et al. 2022). This holds 
promise for establishing a more stable and reliable sys
tem, making it well reflected for integration into the algal 
bloom alert system.

3.4. Implication of the remote sensing of Sentinel-1 
for algal blooms detection

Sentinel-1 imagery was proposed to be applied as an 
input dataset in the deep learning approach for algal 
bloom detection. In contrast, Sentinel-2 imagery served 
as the ground truth reference, validating the trustworthi
ness of the trained model. Although Sentinel-2 imagery 
has been used as an input dataset in object detection 
research, it exhibits constraints influenced by weather 
variability, resulting in fluctuating performance as an 
input dataset (Fisser et al. 2022). The difficulty comes 
from the fact that Sentinel-2 imagery relies on optical 
instruments with apparent optical properties. This prop
erty depends on the lights to capture images and the 
performance can be sensitive to cloud cover or atmo
spheric conditions. In uncertain weather or nighttime 
conditions, the optical sensor might fail to provide 
clear and accurate imagery, adversely affecting deep 
learning model performance (Meraner et al. 2020). 
Detection limits have been reported when identifying 
algae through MSI imagery (Qi and Hu 2021).

On the other hand, Sentinel-1 imagery, operating as 
an imaging radar satellite, captures reflected signals as it 
passes over designated areas. The SAR C-band, as 
a radiofrequency, remains unaffected by atmospheric 
conditions and clouds due to the ability of microwave 
radiation to penetrate cloud cover. The SAR C-band’s 
ability to map regions consistently is further augmented 
by advanced data recording and processing techniques. 
These techniques combine independent samples 

Figure 8. The assessing result of the algal bloom detection model in the case study of the algal alert system from the training dataset 
(August 25, 2020) and testing dataset (August 21, 2021). The model auto-generated green boxes from Sentinel-1 imagery while the 
red box was created to point to the simulated result in ground truth.
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collected from slightly varying positions to generate 
a single high-resolution SAR image. Thus, SAR C-band 
technology proves adept at mapping complex regions, 
making the utilization of imaging radar data more viable, 
especially in areas where the numbers of data are sparse 
(Scepanovic et al. 2021).

While Sentinel-2 imagery was used to support model 
development, as in this study, the intention was not to 
replace optical-based detection methods. Rather, the 
SAR-based model is better viewed as a complementary 
approach that can function effectively when optical data 
are unavailable or unreliable – such as during cloudy 
periods, low-light environments, or data acquisition 
gaps. In this context, the model holds practical value in 
supporting algal bloom monitoring under challenging 
environmental conditions that often limit traditional 
observation methods.

The combined use of Sentinel-1 and Sentinel-2 ima
gery could significantly enhance the development of 
a robust early warning algorithm by leveraging multi
modal data (J. Lee. et al. 2025). Sentinel-1 addresses the 
limitations of multispectral imagery, allowing for contin
uous and reliable detection and monitoring of algal 
blooms. Future research could focus on improving the 
model by integrating both Sentinel-1 and Sentinel-2 as 
input datasets, particularly in regions with complex 
environmental conditions, such as fluctuating weather 
patterns, diverse water turbidity levels, and varying 
land–water interfaces. Moreover, incorporating comple
mentary data sources, including meteorological and 
water quality variables from real-time monitoring data, 
along with multi-modal deep learning approach, could 
expand the applicability of multiple data sources for 
water quality management (Kwon et al. 2025). Kwon 
et al. (2025) showed a multi-modal deep learning that 
integrated both image data and particle properties to 
identify harmful algae in the water treatment process, 
thereby demonstrating that multi-modal learning can 
conduct a reliable algae identification approach. Also, 
Sentinel-3 can acquire data in the infrared spectrum, 
which can be utilized to estimate surface water tempera
ture that is an important variable influencing algal 
dynamics (Yang et al. 2020). Therefore, further research 
could incorporate the integration of multiple platforms 
to more effectively estimate and detect harmful algal 
blooms for water quality management.

4. Conclusion

We developed a model to identify potential algal bloom 
areas based on Sentinel-1 SAR imagery, using Sentinel- 
2-derived reference data as guidance. Algal blooms are 
currently a major issue in aquatic ecosystems and 

require proactive monitoring and regulation. 
Leveraging the capability of Sentinel-1 to acquire data 
under all weather conditions, the SAR imagery was inte
grated with the Faster R-CNN deep learning model to 
simulate potential bloom outbreaks. The results demon
strate the potential of using SAR imagery in conjunction 
with deep learning for real-time monitoring and proac
tive water quality management. The key findings of this 
study are summarized as follows:

(1) The sigma naught values of algae in the river were 
analyzed from SAR imagery, revealing overlapping 
but statistically distinguishable patterns in sigma 
naught values among algal blooms, vegetation, 
and water features. While not conclusive for classi
fication by sigma naught alone, this suggests the 
potential for further feature-based differentiation.

(2) SAR imagery was applied to the Faster R-CNN 
model for algal bloom detection, demonstrating 
reasonable performance and practical results 
when evaluated against visually interpreted refer
ence data. The model exhibited a precision of 
0.600, a recall of 0.692, and an F1 score of 0.643 
during testing, indicating its potential for predict
ing algal bloom outbreaks.

(3) The developed model was used to identify the 
algal bloom outbreak through seasonality. The 
model shows potential as a supplementary 
approach to support algal monitoring, particularly 
when conventional observation methods are 
unavailable.

This research shows promise in enhancing our under
standing of water quality dynamics, especially concern
ing algal blooms. These significant findings contribute to 
serve as a complementary tool for monitoring HABs and 
the basic development of automatic detection algo
rithms. Given the challenges posed by factors, such as 
cloud cover and temporal inconsistencies in remote sen
sing data, this approach can provide a more reliable 
solution for continuous and effective HAB monitoring, 
especially in regions with frequent environmental con
ditions that hinder traditional optical sensing.

Building on these findings, we plan to improve the 
model by addressing some of the key limitations identi
fied in the review. We aim to gather in-situ data on algal 
bloom presence or absence, which will provide a more 
reliable dataset for testing and validating our model. 
This will help us assess its performance in real-world 
scenarios. Additionally, we will explore comparisons 
with other remotely sensed products, such as Sentinel- 
3A/B imagery, to refine the model’s ability to detect algal 
blooms and better understand the relationship between 
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various remote sensing data sources, while also focusing 
on refining spectral index thresholds when using 
Sentinel-2 imagery to present our results more clearly. 
These improvements will enhance the model’s accuracy 
and support more effective monitoring of algal blooms, 
ultimately helping with better water quality manage
ment and ecosystem protection.
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