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ABSTRACT

In recent years, algal blooms have occurred with greater frequency and intensity along the southern 
and central California coast. Accurate forecasting of blooms is challenging due to the numerous 
environmental factors that can influence algal growth. Marine chlorophyll-a concentration is one of the 
key indicators that can be used in monitoring and predicting algal blooms. Previous research efforts that 
used machine learning models to predict chlorophyll-a concentration in the southern to central California 
coastal region were mostly targeted at individual locations and used datasets covering fewer than eight 
years before 2019. In this study, wavelet analysis (WA) was used to pre-process chlorophyll-a marine 
long-duration time-series data to increase its suitability for machine learning by removing noise while 
retaining short-term spikes. SVR, Random Forest, XGBoost, ANN and LSTM machine learning models 
were then applied to the WA-integrated data pipeline along with water quality and meteorological inputs 
to predict chlorophyll-a concentration at three locations along the southern to central California coast. 
Additionally, datasets spanning from 2008 to 2025 were employed to address the shorter durations of the 
previous studies. The WA-ANN model achieved the overall best performance (Scripps Pier R2 = 0.88, 
Cal Poly Pier R2 = 0.79, Stearns Wharf R2 = 0.75) for the three locations, accurately capturing the spikes 
indicative of algal blooms.

Keywords: Chlorophyll-a; Harmful Algal Blooms; Machine Learning; Wavelet Analysis; Artificial 
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INTRODUCTION

Microorganisms capable of photosynthesis are 
important primary producers of the energy-containing 
compounds that are the basis of aquatic food chains 
(1). Periodic algal blooms are a natural feature of ocean 
ecosystems, and the increase in phytoplankton during 

blooms contributes to the nourishment of higher marine 
life (2). However, some algal blooms are caused by toxin-
producing phytoplankton, and these harmful algal blooms 
(HABs) are of great concern because of their potential 
to harm marine mammals and human populations 
(3, 4). HABs have been increasing in frequency in 
recent decades, possibly due to human-induced climate 
change (5). It has therefore become critically important 
to develop methods for predicting HABs. As little as a 
few days to one week of advance warning can greatly 
reduce harm to the human population from toxin 
exposure through recreational activities or ingestion 
of contaminated seafood (6, 7). The effectiveness of 
strategies for mitigating or controlling HABs, such as 
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physical scavenging or the introduction of chemical or 
biological agents targeting the relevant phytoplankton 
species, also strongly depends on the ability to predict 
blooms in advance (8).

Chlorophyll-a concentration is commonly used as 
a proxy for phytoplankton in the assessment of HABs 
because it is relatively easy to measure (5, 9). Several 
previous research efforts have used machine learning 
techniques in an attempt to predict temporal variation in 
chlorophyll-a concentration from data obtained by direct 
point measurements of chlorophyll-a, ocean nutrient 
content, and environmental variables in California 
coastal regions. Yu et al. (10) focused on the prediction 
of phytoplankton at the Scripps Pier location in La 
Jolla, CA, using an ocean water quality dataset over a 
relatively short timeframe (2008–2015), with the gradient 
boosted decision tree (GBDT) model achieving the 
highest performance (R2 = 0.997). Cheng et al. (11) used 
a Random Forest approach to assess feature importance 
and interaction scores using ocean water quality datasets 
(2011-2018) from the Santa Cruz Wharf in Monterey 
Bay. Lin et al. (12) used both ocean water quality and 
wind direction and speed datasets (2008–2015) from the 
Scripps Pier location and achieved the best performance 
with a wavelet analysis-back propagation neural network 
(WA-BPNN) model (R2 = 0.73).

In the ocean environment, marine data such as 
chlorophyll-a concentration is notoriously non-stationary, 
which means that its mean and variance change over 
time due to tides, seasons, weather, and climate change 
(13, 14). Wavelet analysis has been used to address these 
challenges by decomposing the signal to capture short-
lived transients (e.g., rapid increases in chlorophyll-a 
due to sudden nutrient surges) (15–17). With this pre-
processing technique, a single input signal (chlorophyll-a 
concentration in this study) is shifted and scaled and the 
data is smoothed by removing noise (18). Despite the 
smoothing, the sharpness of spikes is maintained, which 
is needed in the current application to capture the abrupt 
increases in chlorophyll-a during algal blooms.

There is scant existing research combining machine 
learning models with wavelet analysis to predict 
chlorophyll-a concentration in coastal regions, especially 
for California. Prior investigations focused on relatively 
localized California coastal regions, and the datasets did 
not extend beyond 2018 (10–12). Lin et al. (12) laid the 
foundation for future research, but this work was limited 
in scope, with a dataset spanning only seven years at a 
single California coastal location. The present study 
aims to compare the predictive capability of various 

hybrid machine learning models augmented with wavelet 
analysis for chlorophyll-a concentration at multiple sites 
along the California coast. Additionally, the datasets 
used in this research have increased relevance for near-
future prediction efforts as they span approximately 17 
years and extend nearly to the present. 

METHODS AND MATERIALS

Dataset and Preprocessing
The California Harmful Algal Bloom Monitoring and 

Alert Program (CalHABMAP) provided the biological 
and ocean water quality data for this investigation 
(19). Data were collected weekly from June 2008 to 
March 2025 along the central and southern California 
coast. A number of chemical compounds and the water 
temperature were measured in each weekly sample. 
Additionally, cell counts of the Akashiwo sanguinea, 
Lingulodinium polyedra, Pseudo-nitzschia delicatissima, 
and Pseudo-nitzschia seriata algae species were also 
included in the datasets.

Three locations from the CalHABMAP datasets (19) 
were investigated: Scripps Pier (SLP, latitude degrees 
north 32.867, longitude degrees west 117.257) in La 
Jolla, Stearns Wharf (SW, latitude degrees north 34.408, 
longitude degrees west 119.685) in Santa Barbara, and 
Cal Poly Pier (CPP, latitude degrees north 35.17, longitude 
degrees west 120.741) in San Luis Obispo (Figure 1). 

Figure 1. Map of the southern to central California 
coastline, showing the three locations investigated.
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Wind speed and direction datasets for the three 
locations were obtained from the National Data Buoy 
Center (NDBC) over the same June 2008–March 2025 
time period as the ocean water quality data (20–22). 
Measurements were recorded hourly as numeric data. 

For the CalHABMAP dataset, a previous study (12) 
examined the Scripps Pier location from 2008 to 2015 
at weekly intervals. The features in the dataset were 
evaluated for relevance using a chi-squared test, and 
the following ocean water quality features were used 
in their machine learning models: water temperature 
(ºC), chlorophyll-a (mg/m3), phaeophytin (mg/m3), 
phosphate (µM), silicate (µM), nitrite (µM), ammonia 
(µM), and nitrate (µM). Both wind speed and direction 
were included as features in the previously investigated 
machine learning models. The current study used the 
same feature list. In addition, this study expanded the 
scope to three locations along the California coast and 
extended the time period to 2008–2025.

Each dataset for the various locations along the 
California coast contained missing weekly measurements 
that created time interval gaps that would adversely affect 
the operation of the machine learning models. Large 
spans (greater than one month) of missing data were 
removed entirely. Smaller missing-data gaps were imputed 
individually for each water-quality feature using a quantile-
mapping technique with a monthly percentile grid. 

For the wind speed and direction datasets, only 
hourly measurements were available. To match the 
specific days in the CalHABMAP dataset, which had 
weekly sampling intervals, a meteorological convention 
that takes the vector average was used to calculate daily 
values. The dates in the CalHABMAP dataset were then 
matched with dates in the calculated daily wind dataset. 

After data preprocessing and imputation, Scripps Pier 
had 796, Cal Poly Pier had 799, and Stearns Wharf had 
831 weekly measurements of selected features used in 
the current study from 2008 to 2025.

Feature Engineering
Time-lagged feature engineering has been widely 

adopted in chlorophyll-a forecasting studies, where 
incorporating historical observations significantly 
improves predictive performance compared to static 
feature representations (23–25). Therefore, autoregressive 
lagged features were constructed by incorporating 
prior observations of chlorophyll-a and associated 
environmental variables (e.g., water temperature, 
nutrients, and wind) across multiple previous time 
steps. This approach captures temporal dependence, 

seasonality, and short-term variability inherent in coastal 
ecosystems. Ultimately, the training data for each 
week used current-week t features and previous-week 
t-1 lag features to predict next-week t+1 chlorophyll-a 
values, giving a two-week look-back window for a 
one-week-ahead prediction. To avoid temporal leakage, 
all engineered features were constructed only using 
information available at or before the forecast issue time.  

Baseline Models
Seven models were implemented and evaluated, 

comprising two statistical baselines and five machine 
learning models. Linear Regression served as the primary 
benchmark, implemented using an ordinary least squares 
(OLS) approach in scikit-learn to establish a lower-bound 
reference for non-linear model comparisons. The second 
statistical baseline, AutoRegressive Integrated Moving 
Average (ARIMA), is a classical time-series forecasting 
model that captures temporal autocorrelation and 
trend; an ARIMA(1,0,0) specification with exogenous 
regressors (ARIMAX) was implemented using the 
Python statsmodels package.

Among the machine learning models, Support 
Vector Regression (SVR) uses a kernel function to map 
inputs into a higher-dimensional feature space and fits 
a regression hyperplane with a margin of tolerance. An 
RBF kernel was used, with the regularization parameter 
C, the margin width epsilon, and the kernel coefficient 
gamma tuned during training. Random Forest (RF) 
is an ensemble method that aggregates predictions 
from multiple decision trees trained on bootstrapped 
subsets of the data; the number of estimators, maximum 
tree depth, minimum samples per leaf, and number 
of features considered at each split were treated as 
tunable hyperparameters. XGBoost is a gradient-
boosted ensemble method that builds trees sequentially 
to minimise a regularised loss function, with tuned 
hyperparameters including the number of estimators, 
learning rate, maximum tree depth, minimum child 
weight, subsampling ratio, column subsampling ratio, 
and L1 and L2 regularization terms.

The two deep learning models differed in architecture 
and temporal handling. The Artificial Neural Network 
(ANN), following the architecture of Lin et al. (12), 
was implemented as a shallow feed-forward regression 
network in PyTorch with one hidden layer, where the 
number of input features and hidden layer neurons were 
tuned hyperparameters and early stopping with a patience 
of seven epochs was applied to prevent overfitting. 
The Long Short-Term Memory (LSTM) network is 
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predictive capability for chlorophyll-a concentration 
was assessed using coefficient of determination (R2) and 
Root Mean Squared Error (RMSE) with mean, standard 
deviation, and 95% confidence intervals (CIs) reported 
across the ten randomly seeded runs. Furthermore, the 
models’ complexity was intentionally kept to a minimum 
to avoid overfitting, a common issue in machine learning 
applications to moderate-size coastal time-series datasets 
(26, 27).

RESULTS

The performance of the seven baseline models 
varied substantially across locations. At SLP, the LSTM 
baseline achieved the best performance by a large margin 
(R2 = 0.43, 95% CI: 0.37–0.48; RMSE = 8.42, 95% CI: 
8.02–8.82), Random Forest and SVR were the only other 
models with clearly positive R2. At CPP, Random Forest 
was the strongest model (R2 = 0.24, 95% CI: 0.24–0.25; 
RMSE = 12.82, 95% CI: 12.79–12.84), followed by SVR 
and XGBoost, whereas Linear Regression and ARIMA 
performed poorly and exhibited wide uncertainty 
intervals. In contrast, all baseline models performed 
poorly at SW, where every model produced negative R2 
values. These findings indicate that the baseline models’ 
predictability is site-specific, so that even the LSTM 
model with the best overall performance at SLP cannot 
be reliably applied to other coastal locations.

When augmented with wavelet analysis, the machine 
learning models (WA-SVR, WA-RF, WA-XGBoost, 
WA-ANN and WA-LSTM) all demonstrated significant 
performance improvements compared with their baseline 
models, as shown in Table 1. 

WA-ANN was the best-performing model at all three 
locations, achieving the highest R² and lowest RMSE. 
Figure 3 compares the chlorophyll-a concentration 
predictions from the WA-ANN machine learning model 
with measured values. Figure 3 shows the comparisons 
for Scripps Pier, Cal Poly Pier, and Stearns Wharf, 
respectively.

WA-SVR was the next strongest model at SLP and 
CPP, whereas WA-LSTM and WA-XGBoost showed 
intermediate, location-dependent performance. WA-
RF was generally the weakest WA model, particularly 
at SLP and SW. Overall, the results indicate that the 
WA-ANN architecture provided the most robust and 
accurate predictive skill among the WA variants tested. 
Additionally, WA models demonstrated stability of 
validation and test metrics across ten random seeds, 
suggesting that validation-set overfitting was not a 

a recurrent architecture designed for sequential data, 
capable of learning long-range temporal dependencies 
through gated memory cells; a two-layer stacked LSTM 
was implemented in Keras with a four-step rolling input 
window, with the number of first-layer neurons tuned 
and subsequent layer sizes derived proportionally, and 
early stopping applied with a patience of twelve epochs.

Hybrid Wavelet-Integrated Machine Learning Models
Chlorophyll-a concentration was decomposed 

using a Daubechies-4 wavelet transform with three 
decomposition levels. The resulting detail coefficients and 
final approximation coefficient were used as chlorophyll-
a-derived predictors and combined with scaled water 
quality and wind variables for model training (Figure 2).

Chronological splitting without shuffling was applied 
to the dataset in order to preserve temporal structure. 
Sixty percent of the dataset was used to train the models, 
twenty percent for validation, and the remaining twenty 
percent for testing. The test split was reserved throughout 
model development and used only once for evaluating 
predictive effectiveness. Feature selection was conducted 
on the training split using 5-fold Time-Series Split cross-
validation. In each fold, a Random Forest Regressor was 
applied exclusively to the fold-specific training window to 
calculate feature importance in order to rank them. The 
input feature subset was selected based on the rankings, 
and the optimal number of features (12-24) was determined 
based on mean cross-validated performance across folds. 
Depending on the model, either a grid or random search 
was used to tune the hyperparameters. The models’ 

Figure 2. Wavelet Decomposition Diagram. X represents 
the input signal. The high-pass filter generates high-
frequency D-level signals. The cDn Detail coefficients for 
the D-level signals contain the high-frequency details of 
the signal at each level of decomposition. cAn represents 
the Approximation coefficients of the low-frequency 
A-level signals, which are the trend of the signal at each 
level.
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concern.
A paired comparison was carried out on the top-

performing WA-integrated hybrid machine learning 
models; the tests were performed on the aligned held-out 
test set using seed-matched loss differentials across 10 

evaluations. Diebold–Mariano (DM) tests on the absolute 
and squared errors showed no statistically significant 
differences across seeds for WA-ANN versus WA-SVR 
or for WA-ANN versus WA-LSTM. The DM test results 
are shown in Table 2.

Table 1. Performance of five wavelet-integrated hybrid machine learning models at three California 
coastal locations (SLP, CPP, SW), reported as mean R² and RMSE with standard deviation and 95% 
confidence intervals across ten randomly seeded runs.
Hybrid Model Location Metric Mean Std CI 95% Low CI 95% High

WA-SVR SLP R² 0.77 0.08 0.71 0.82
RMSE 5.32 0.81 4.74 5.90

CPP R² 0.67 0.06 0.63 0.71
RMSE 8.45 0.71 7.94 8.96

SW R² 0.64 0.09 0.57 0.71
RMSE 3.74 0.47 3.40 4.08

WA-RF SLP R² 0.34 0.01 0.32 0.35
RMSE 9.05 0.12 8.96 9.14

CPP R² 0.60 0.02 0.58 0.62
RMSE 9.26 0.25 9.08 9.45

SW R² 0.25 0.01 0.24 0.26
RMSE 5.45 0.06 5.40 5.49

WA-XGBoost SLP R² 0.48 0.02 0.47 0.50
RMSE 7.95 0.18 7.81 8.08

CPP R² 0.26 0.20 0.11 0.40
RMSE 12.58 1.80 11.29 13.87

SW R² 0.44 0.02 0.41 0.45
RMSE 4.73 0.10 4.65 4.80

WA-ANN SLP R² 0.88 0.02 0.86 0.89
RMSE 3.81 0.37 3.54 4.08

CPP R² 0.79 0.01 0.77 0.79
RMSE 6.79 0.20 6.65 6.94

SW R² 0.75 0.01 0.74 0.75
RMSE 3.15 0.07 3.09 3.20

WA-LSTM SLP R² 0.46 0.09 0.39 0.52
RMSE 8.17 0.69 7.67 8.67

CPP R² 0.56 0.07 0.50 0.61
RMSE 9.74 0.90 9.09 10.38

SW R² 0.51 0.04 0.47 0.54
RMSE 4.40 0.20 4.25 4.54
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DISCUSSION

From 2021 to 2025, the Southern California coast has 
experienced four consecutive years of toxic algal blooms 
(28). The most recent, in January 2025, was the largest 
in recorded history, spanning from Baja California, 
Mexico, to central California (3). It was also among 
the longest-lasting and most lethal algal blooms in 
recent memory (29). This bloom had a dramatic impact 
on marine ecosystems, primarily from domoic acid, a 
neurotoxin produced during these algal blooms that can 
poison marine life (30, 31). Accurate prediction of algal 
blooms from chlorophyll-a concentration can provide the 
timely warnings needed for preemptive action to protect 
human and animal health, reduce economic losses, and 
preserve marine ecosystems (32).

For the 17 years of data, even though LSTM is 
theoretically better at learning time-series sequences 
than SVR or ANN, the poor quality of the input data 
(gaps in crucial exogenous variables like nutrient 
concentration) limits its superiority and also makes 
the memory component of LSTM less advantageous 
(33). Since the more complex WA-LSTM model did 
not significantly outperform simpler WA-ANN and 
WA-SVR hybrid models, there is no need to give up 
predictive performance to reduce model complexity and 
computational time (LSTM is generally slower). If there 
is no statistically significant difference in the models’ 
performance, then the choice of model can be made 
based on ease of deployment, interpretation, and training 
(34). The similar performance for all three models 
suggests they may have reached a plateau in accuracy 
given deficiencies in the quality of the current data, 
indicating a need for higher-resolution or more diverse 
explanatory variables (e.g., satellite ocean color data and 
turbidity), or extension beyond 17 years of data to achieve 
a statistically significant difference in performance (35, 
36).

The wavelet-integrated data pipeline applied to 
California coastal data in the present investigation is 
highly transferable to other coastal regions, such as the 
Atlantic or Gulf coasts. Coastal environmental data 
everywhere is naturally non-stationary, which means that 
its statistical properties change over time. The wavelet 
transform effectively handles this non-stationarity better 
than traditional Fourier methods (37, 38). Additionally, 
the wavelet decomposition is extremely useful for regions 
with high environmental variability or frequent extreme 
events (e.g., hurricanes in the Atlantic or monsoons in 
Asia), where separating short-term disturbances from 

Figure 3. WA-ANN model chlorophyll-a concentration 
predictions compared to real measurements at the 
Scripps Pier (A), CalPoly Pier (B), and Stearns Wharf (C) 
locations.

Table 2. Diebold–Mariano paired comparison test results 
for the three best-performing wavelet-integrated models, 
reporting mean test statistic and mean p-value across ten 
seed-matched evaluations using absolute and squared error 
loss functions.

Comparison Loss Mean 
Statistic

Mean 
p-value

WA-ANN vs 
WA-SVR

Absolute Error -0.06 0.76
Squared Error -0.89 0.37

WA-ANN vs 
WA-LSTM

Absolute Error -0.32 0.75
Squared Error -1.01 0.31

A

B

C
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long-term trends is crucial for accurate analysis (39). 
Once a clean and uncluttered signal is obtained, the 
choice of AI model becomes secondary (40).  

CONCLUSION

In this study, several machine learning models with 
and without wavelet decomposition preprocessing 
were evaluated for their ability to predict ocean water 
chlorophyll-a concentration, a key indicator of harmful 
algal bloom activity, along the southern to central 
California coast. Previous studies in this region were 
limited by short time spans and single-location datasets 
and did not investigate the effect of wavelet analysis 
preprocessing on machine learning model predictive 
performance. To address these gaps, the present study 
used 17 years of time-series data from three locations 
in the southern to central California coastal region and 
applied wavelet analysis preprocessing. The predictive 
ability of WA-SVR, WA-RF, WA-XGBoost, WA-ANN, 
and WA-LSTM machine learning models for marine 
chlorophyll-a concentration was then evaluated against 
the corresponding baseline models without wavelet 
decomposition. The models were trained and tuned 
by splitting the data into training, validation, and test 
datasets. 

The WA-ANN machine learning model achieved the 
best performance at all examined locations, although DM 
tests did not show a statistically significant difference 
between WA-ANN and WA-SVR, and between 
WA-ANN and WA-LSTM. In the future, the same 
methodology can be applied to other coastal regions 
that have sufficient data with minor modifications, e.g., 
incorporating site-specific environment drivers operating 
in the new regions and re-calculating time lag effects to 
fit the faster or slower biological responses to the input 
variables in the new locations. In summary, future 
research at different coastal regions should focus on 
acquiring more physical and satellite data from more 
sites while maintaining a similar model structure. 
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