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Abstract Chlorophyll‐a (Chl_a) concentration in the ocean is a critical indicator of primary production and
plays a pivotal role in the global carbon cycle. Its accurate predictions are essential for reliable projections of
future climate change. However, Chl_a is controlled by myriads of interactive physical and biogeochemical
processes, posing a substantial challenge for its diagnosis and prognosis through numerical modeling. Machine
learning (ML) approaches offer a promising venue to face the challenge, yet existing ML models often struggle
in handling Chl_a's significant spatiotemporal variability. We propose a novel machine learning model,
Spatiotemporal Dynamics Hunter (STD‐Hunter), to tame spatiotemporally heterogeneous dynamics of Chl_a
and improve its prediction. STD‐Hunter effectively accommodates the heterogeneity in principal dynamics
characterized by multiple basis ML models. By integrating these basis models with Chl_a's spatiotemporal
characteristics, STD‐Hunter forms task‐specific predictive models that harvest the underlying dynamics. STD‐
Hunter optimizes the trade‐off between effectively leveraging data and preserving idiosyncratic dynamics.
Based on remotely sensing data, we demonstrate the superior performance of STD‐Hunter in predicting highly
variable Chl_a in an active marginal sea. The extracted characteristics are also well aligned with Chl_a's
intrinsic dynamics. By bridging between highly nonuniform observations and their underlying dynamics, STD‐
Hunter offers an interpretable tool to obtain physically meaningful spatiotemporal characteristics from a data‐
driven perspective.

Plain Language Summary Chlorophyll‐a (Chl_a) concentration in the ocean is a key pigment for
photosynthesis in plankton biomass, thus vital in the global carbon cycle. Chl_a is influenced by many different
drivers and their interactions, exhibiting great heterogeneity in space and time. This poses significant challenges
to its accurate prediction for numerical models and existing machine learning (ML) methods. To handle such
heterogeneity, we developed a new machine learning model to predict Chl_a in the ocean over long time scales
and large geographic areas. Our new model is called Spatiotemporal Dynamics Hunter (STD‐Hunter). The
model's core design creates a predictive model by integrating common basis models with Chl_a's spatiotemporal
characteristics. Then, there is a training process that jointly reconstructs the spatiotemporal characteristics and
the basis models to create a predictive model that performs the single task of providing a value for a specified
time and place. We demonstrate howwell STD‐Hunter performs relative to other preexisting benchmark models
using various prediction scenarios. Additionally, we demonstrate the transparency of STD‐Hunter and the
capability of the mechanism that interprets the data. The model results correspond well to the intrinsic dynamics
of the Chl_a distribution in the marginal sea we used as an example.

1. Introduction
Global ocean accounts for 27% removal of the anthropogenic CO2 emission for the past decade (Friedlingstein
et al., 2022), with marine primary production (PP) as the critical component for this carbon sink (Brando
et al., 2006). Chlorophyll‐a (Chl_a) is a pigment found in phytoplankton biomass, which has been widely used as
a proxy for the PP in marine ecosystem (Behrenfeld & Falkowski, 1997; Boyce et al., 2010). Therefore, accurately
representing and predicting Chl_a is crucial for better climate forecasting and developing plausible sustainability
policies.

To this end, coupled physical‐biogeochemical numerical models have been applied on a global scale (Hauck
et al., 2020; Lacroix et al., 2021; Long et al., 2021; Wright et al., 2021), at regional scales (Du et al., 2020; Lu
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et al., 2020), and at local scales (Gan et al., 2010, 2014; Lu et al., 2022) to diagnose and forecast the physical and
biogeochemical evolution of marine ecosystems. However, prediction accuracy of the coupled models is con-
strained by many uncertainties such as parameterizing the physical sub‐grid processes, finding suitable initial
conditions (Hofmann et al., 2011), and accounting for intricate biogeochemical interactive processes and pa-
rameters (Friedlingstein et al., 2022; Matear, 1995).

With the availability of vast spatiotemporal marine data sets (Esaias et al., 1998; Hauser et al., 2020; Hersbach
et al., 2023), machine learning (ML) models, as data‐driven approaches, have emerged as an alternative to
coupled models for more accurately predicting spatiotemporal trends of Chl_a. ML models have already shown
promising performance compared to numerical models in various tasks (Bi et al., 2023; Chen et al., 2024; Lam
et al., 2023; Nearing et al., 2024; Zhang et al., 2023). Unlike numerical models, which often rely on simplified
assumptions and predefined equations with various approximations, ML models learn directly from data, thereby
substantially mitigating the risk of model misspecification. ML models excel at capturing nonlinear relationships
between ocean variables and can effectively model complex dynamics. Moreover, their significantly higher
computational efficiency enables large‐scale predictions of Chl_a.

Machine learning models have proven successful in spatiotemporal time series predictions (Corradini et al., 2024;
Torres et al., 2021; Wang et al., 2024; Yang et al., 2024). ML models have also been increasingly developed and
applied to predict Chl_a. Park et al. (2015) demonstrated the predictive power of artificial neural network (ANN)
and support vector machine (SVM) in Chl_a prediction. Li et al. (2018) and Yajima and Derot (2018) employed
the random forest method and examined the feature importance of candidate predictors. Cho et al. (2018) and
Zheng et al. (2021) utilized long short‐term memory (LSTM) models to capture long‐range temporal de-
pendencies in Chl_a concentration prediction. Barzegar et al. (2020) and Liu et al. (2022) integrated convolutional
neural network (CNN) with LSTM, forming a hybrid CNN‐LSTM model to more effectively extract temporal
features. Nevertheless, existing models often overlook the spatiotemporal heterogeneous dynamics inherent in the
variables (Shao et al., 2024), so these models struggle in highly variable regions (e.g., Chl_a in the dynamically
active ocean). Heterogeneous dynamics lead to variability in the optimal model parameters of ML models in
predicting Chl_a in a specific space and at a specific time. The limited observations for each task are insufficient
to support the training of complex ML models. The conventional practice of training a single model for all tasks
inherently lacks the ability to accommodate the highly heterogeneous dynamics of Chl_a within a single set of
parameters.

To overcome the shortcoming presented by heterogeneous dynamics, we propose the novel Spatiotemporal
Dynamics Hunter (STD‐Hunter) model to tame Chl_a's spatiotemporal heterogeneous dynamics and improve
long‐term predictions of Chl_a concentration. The core innovation of our model is that STD‐Hunter forms a
predictive model that integrates commonly shared basis models with specific spatiotemporal characteristics of
Chl_a. The basis models and spatiotemporal characteristics are jointly reconstructed using a unified training
process. STD‐Hunter optimizes the trade‐offs between the two conventional approaches. Compared to the
approach that trains a separate model for a single task, STD‐Hunter employs a low‐rank approximation of the
parameter tensor to effectively capture the principal dynamics across different tasks and significantly reduces the
number of parameters. Compared to the approach that trains a single model for all tasks, STD‐Hunter substan-
tially advances the model's ability to accommodate the heterogeneous dynamics of Chl_a into varying model
parameters.

In this study, we utilize STD‐Hunter to predict the Chl_a concentration in the South China Sea (SCS), the largest
marginal sea in the Pacific region. The SCS is characterized by a complex ocean circulation pattern under the
influence of the East Asian Monsoon and the exchanges with water masses of the Western Philippine Sea, East
China Sea, Sulu Sea, and Java Sea (Gan et al., 2016). In addition to the basin‐scale circulation, mesoscale eddies
and jets are ubiquitous and display large spatial and temporal variances in both physical and biogeochemical
parameters. Inputs from the Pearl River and the Mekong River as well as the adjacent western Pacific Ocean
further generate large spatiotemporal gradients in the coastal regions (Ning et al., 2004). The combination of the
factors above results in the considerable heterogeneity of Chl_a in this region, posing a huge challenge to accurate
prediction.

In the following, Section 2 describes the data and model architecture. Sections 3 and 4 provides the prediction
performance and partition provided by the model. Section 5 explores the mechanism and interpretability of the
model, followed by the discussion and conclusions in Section 6.
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2. Data and Method
2.1. Data

We used chlorophyll‐a (Chl_a) concentration and sea surface temperature (SST), which exhibit a strong cor-
relation with Chl‐a, as the prediction variables. We obtained Chl_a and SST from the MODIS Aqua projects via
https://search.earthdata.nasa.gov/search?q=10.5067/AQUA/MODIS/L3M (Esaias et al., 1998). We used
monthly average Level 3 mapped products from January 2003 to December 2020 with a spatial resolution of
4 km. We extracted the data for the deep (>1,000 m) South China Sea (SCS) basin, the largest marginal sea in
the western Pacific Ocean that has active biogeochemical dynamics. To save GPU memory for the broad
application, we downscaled the extracted data by averaging every 3 × 3 grids, resulting in a spatial resolution of
12 km, and 7806 locations in total. We used the average of historical observations from the OC‐CCI data set
(Sathyendranath et al., 2019, 2023) to impute the missing data and ignored the interpolated data when eval-
uating model performance for the test period. Extreme Chl_a events that unfold and dissipate within days or
weeks fall outside the primary scope of our long‐term, monthly scale prediction setting. To handle irregular
extreme values that impede the model training, we winsorized the top and bottom 10% data for the in‐sample
period. We added a sensitivity analysis on the winsorization threshold in Appendix C. Additionally, we
normalized the SST data using the mean and standard deviation of Chl_a data for each location in the in‐sample
period to align them on the same scale.

The heterogeneous dynamics of Chl_a are shaped using diverse physical and biogeochemical processes. To
validate that the characteristics learned by STD‐Hunter align with these underlying mechanisms, we utilized a
suite of oceanographic and atmospheric proxy variables. We obtained the sea level anomalies and the absolute
geostrophic velocity (U⃗ocean) for the SCS region from AVISO Ssalto/Duacs altimeter products, produced and
distributed by the Copernicus Marine and Environment Monitoring Service (Copernicus Climate Change Service
& Climate Data Store, 2018). By calculating the curl of the geostrophic currents, we gained the vorticity. In
addition, we obtained the atmospheric related drivers (wind speed, zonal and meridional wind) from the ERA5
products (Hersbach et al., 2020, 2023). We averaged the oceanic and atmospheric drivers monthly and hori-
zontally interpolated these averages to the MODIS grid.

2.2. Model Architecture

STD‐Hunter provides an end‐to‐end ML framework for collaborative long‐term and large‐scale prediction of
Chl_a (Figure 1). This framework forms one model for each predictive task by integrating commonly shared basis
models with the specific spatiotemporal characteristics of Chl_a, effectively addressing the challenges posed by
Chl_a's heterogeneous dynamics (Figure 1a). STD‐Hunter operates in two stages: first, the model jointly recovers
the parameter tensor for all tasks, and then, the model independently forms the predictive model for each task.

For each task, Sti predicts Chl_a concentrations at location i and in month t, and the optimal model parameters,
Pti ∈RM, vary greatly, where M is the number of parameters. Together, these Pti form the parameter tensor,
P∈RT×N×M, where T and N are the number of months and locations. Although Chl‐a exhibits immense
spatiotemporal heterogeneity, its primary variance is driven by a few common underlying dynamics. STD‐Hunter
leverages this physical intuition by employing a low‐rank approximation P̂ to estimate P (Figure 1b):

P̂ = EB + b,E ∈ RT×N×K , B ∈ RK×M,b ∈ RM.

Here, the basis models B capture the core and shared dynamics, while the spatiotemporal characteristics E dictate
how the intensity of these shared dynamics varies across space and time. By combining E and B, the rank‐K tensor
EB accommodates the heterogeneous dynamics of Chl_a. During training, E, B, and the shared bias term b are
randomly initialized and jointly optimized. The model imposes smoothness constraints on E to ensure continuous
changes through space and time.

STD‐Hunter then sends P̂ti to form the predictive model for task Sti (Figure 1c). During prediction, the 1 × 1
convolutional layer captures the interaction between the input variables (Chl_a and SST data) from the prior
2 years. The transformed features are fed into three temporal convolutional (TC) layers to extract temporal
features. Skip connections are integrated to combine features extracted at different levels. The integrated in-
formation is then processed by a neural network to form the final prediction. The temporal convolutional network
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(TCN) in the TC layer is the core component of this predictive model in STD‐Hunter, benefited from its efficiency
in extracting temporal features of various horizons. The parameters of the TC layers vary across space and time,
while others are shared across all tasks. The strategy of adding flexibility solely to core parameters enables
efficient use of the increased model capacity. We provide a detailed description of each component below.

2.2.1. Factorization of the Parameter Tensor

To factorize the parameter tensor, the model randomly initializes learnable spatiotemporal characteristics,
E∈RT×N×K . Then, the model passes E to a fully connected layer with a weight matrix, B ∈ RK×M, and a bias
vector, b∈RM, to obtain the recovered parameter tensor: P̂ = EB + b. The low‐rank factorization greatly re-
duces the number of parameters from TNM to TNK + (K + 1)M, with E containing TNK parameters, B con-
taining KM parameters and b containing M parameters. Here, all tasks share b, and EtiB accommodates task Sti 's
heterogeneous dynamics. If the heterogeneity across the tasks is insignificant, EB will be small and b will
dominate P̂, resulting in similar model parameters across the tasks. Otherwise, EB will play more roles to
accommodate heterogeneity. This is adaptively adjusted during training.

2.2.2. Smoothness Constraints

The dynamics of Chl_a change smoothly across space and time, leading to a smooth change of P, and, thus, E.
Specifically, Et,i is like Et+1,i and Et,i+1. The model uses two approaches to impose the smoothness structure on E.

Figure 1. Overall architecture of STD‐Hunter. (a) The heterogeneous dynamics of Chl_a pose challenges to accurate prediction. (b) STD‐Hunter recovers the parameter
tensor through a low‐rank approximation. ST characteristics and basis models are randomly initialized, smoothed across space and time, and jointly optimized during
training. (c) Predictive model of STD‐Hunter. Input data spanning the past 2 years' Chl_a and SST are fed into a 1 × 1 Conv to capture interactions between the two
variables. Three TC layers then extract temporal features across various horizons, with skip connection and residual connection added to preserve intermediate information.
Finally, these features are passed into a network to generate the final prediction.
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First, themodel constructs two adjacencymatrices:Atime ∈RT×T andAspace ∈RN×N , whereAtime
t1,t2 = 1 if |t1 − t2| ≤

1, Atime
1,12 = Atime

12,1 = 1, and Aspace
i1,i2 = 1 if

⃦
⃦c1 − c2‖1 ≤ 1, for c1 and c2 the coordinates of space i1 and i2. Then,

Atime and Aspace are normalized so that each row sums to 1, resulting in Ãtime and Ãspace. Then, the model performs a
graph convolution on E:

E = ÃtimeE, Et = ÃspaceEt, t = 1,…,T.

The graph convolution permits each task to share the information in its characteristics with the spatially or
temporally adjacent tasks. Additionally, two regularization terms are added to the loss function:

L1 = ∑
T

t=1
∑
N

i,j=1
∥Eti − Etj∥2 Ãspace

i, j ,L2 = ∑
T

t=1
∥Et − Et+1∥2, (ET+1 = E1).

The regularizations penalize differences in the characteristics of spatially or temporally adjacent tasks, reducing
the flexibility of E.

By applying these approaches, the spatiotemporal characteristics exhibit the following pattern: characteristics of
spatially or temporally adjacent tasks are alike to prevent overfitting idiosyncratic noise, and characteristics of
spatially and temporally nonadjacent tasks can differ significantly, providing the flexibility to accommodate
heterogeneity.

2.2.3. Temporal Convolutional Layer

The Temporal Convolutional Network (TCN) uses 1D convolution to effectively capture temporal patterns and
dependencies in time series and has been demonstrated to compete well with recurrent architectures such as
LSTMs and GRUs (Bai et al., 2018; Lea et al., 2016, 2017; Van Den Oord et al., 2016; Yan et al., 2020). TCN
offers several advantages over RNN‐based architectures, including parallel computing, lower memory costs, and
stable gradients (Bai et al., 2018). We based the TC layer of STD‐Hunter on a TCN variant (Wu et al., 2020) that
incorporates gating mechanisms and employs multiple kernel sizes. Furthermore, our model performs circular
padding before temporal convolution to minimize information loss. Additionally, the model independently ap-
plies transformations to each channel within a skip connection to reduce the number of parameters.

The input features are the past 2 years' Chl_a and SST. To better capture recurrent intra‐annual seasonal dynamics,
these inputs are reformulated into a matrix of shape [4,T], where T = 12. We then stack these feature matrices
across all N = 7806 locations, yielding a tensor of shape [4,N,T]. Utilizing a mini‐batch training strategy with a
batch size of b = 12, the final input data fed into the model has the shape [b, 4,N,T]. First, the input data is passed
through a 1 × 1 convolutional layer to obtain C0 of shape [b, 4d,N,T] , where 4d = 16 is the number of channels.
Subsequently, C0 is fed into three TC layers, whose architecture illustrated in Figure 2. All the parameters within
TC layers, including those of convolutional filters, gating mechanisms, and residual connections, are generated by
passing task‐specific characteristics into fully connected layers. In Figure 2a, each 1D convolution employs d 1D
convolutional kernels to extract diverse temporal features. The gatingmechanism is employed to pass the important
information and suppress irrelevant information.Within the TC layer (Figure 2b),C0 is passed separately into four
1D convolutions with kernel sizes of 2, 3, 6, and 7, resulting in D0 of shape [b, 4d,N,T], concatenated by four
outputs of shape [b,d,N,T]. Subsequently, D0 is processed in two ways. First, the features of each channel are
aggregated through a linear transformation, obtaining S0 of shape [b, 4d,N, 1]. Then, S0 is added to the skip
connection to retain information at this level. Second, D0 is passed through a 1 × 1 convolutional layer to mix
temporal features across different horizons, resulting inC1 of shape [b, 4d,N,T].C1 serves as the input for the next
TC layer. STD‐Hunter stacks three TC layers to enable 1D convolutions in different TC layers to progressively
combine and extract temporal features of various horizons (Figure 2c).

2.3. Settings

We used the past 2 years' Chl_a and SST data from the SCS as model input, and the future Chl_a was our
prediction target. The training period was from 2003 to 2014. The validation period was from 2015 to 2016, and
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the test period was from 2017 to 2020. Specifically, given a reference month T, the model takes a continuous
24‐month lookback window [T‐23, T] of Chl_a and SST to predict the Chl_a target at a future month T + τ. Here
τ denotes the prediction horizon, set to τ = 12 for main results and τ∈ {24,36,48,60} for longer horizons. The
Mean Absolute Error (MAE) between the model prediction and the ground truth was the loss function, and we
used the Adam optimizer with a learning rate of 0.001 to minimize the loss and update the model parameters. We
used the validation set to select the optimal training epoch and prevent overfitting. For each epoch, we recorded
the model's performance on the validation set and its parameters and selected the model with the best validation
performance for predictions in the test period.

We used Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage Error
(MAPE), and Correlation (CORR) as metrics to assess the predictive accuracy of our prediction, ŷ, when
compared to the ground truth, y:

MAE :
∑

T
t=1

⃒
⃒ ŷt − yt

⃒
⃒

T
, RMSE :

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
T
t=1 ( ŷt − yt)

2

T

√

.

MAPE :
1
T
∑
T

t=1

⃒
⃒
⃒
⃒
ŷt − yt
yt

⃒
⃒
⃒
⃒, CORR :

∑
T
t=1 ( yt − y) ( ŷt − ŷ)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
T
t=1 ( yt − y)2 ∑T

t=1 ( ŷt − ŷ)2
√ .

The smaller the better for MAE, RMSE, and MAPE, and the bigger the better for CORR. For each location, we
computed these metrics between the model prediction ŷ and the ground truth y in the test period. Then, we took the
average for each metric across all locations to obtain the overall model performance.

Lastly, we compared STD‐Hunter with several competitive ML benchmark models: XGBoost (Chen & Guest-
rin, 2016), LSTM (Hochreiter & Schmidhuber, 1997), CNN‐LSTM (Barzegar et al., 2020), Graph WaveNet (Wu
et al., 2019), and MTGNN (Wu et al., 2020) (see Appendix A for details).

Figure 2. Design of the TC Layer. (a) Inner operations of the 1D convolution, where multiple filters extract temporal features and the gating mechanism controls the
information flow. (b) The architecture of the TC layer, featuring several 1D convolutions with different kernel sizes and residual connection for training stability. (c) The
stacking of several TC layers extracts temporal features of different horizons.
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3. Results
3.1. Prediction of Chl_a in the SCS

We assessed how well STD‐Hunter performed on a 1‐year prediction of Chl_a concentration in the SCS and
compared the results with results from the benchmark models (Figures 3 and 4). The time series of observed
domain‐averaged Chl_a (Figure 3a) showed that Chl_a concentration in the SCS basin displayed a strong seasonal
cycle, peaking in winter and reaching the minimum during spring, with a second peak during summer. The annual
mean distribution of Chl_a (Figure 3b) revealed several phytoplankton active zones in the SCS: near the Luzon
Strait, west of the Philippine, east off the Vietnam coast, and in the southeastern flank of the deep basin (Palacz
et al., 2011). The maxima near the Luzon Strait contributed the most to the winter peaks, while the one off
Vietnam was the main contributor to the small peaks during the summer season (Figure 3c). All these spatio-
temporal features were well aligned with the underlying coupled physical‐biogeochemical processes in the SCS
(Lu et al., 2020).

STD‐Hunter captured the seasonal variation of the domain mean Chl_a concentration and the annual averaged
Chl_a horizontal distribution well (Figures 3a and 3b). Although the peak values during December were smaller
in the prediction, the averaged value over the winter months during the test periods (December–February) was
very close to the MODIS data (0.18 ± 0.06 μg− 1L for MODIS, and 0.17 ± 0.05 μg− 1L for STD‐Hunter,
Figure 3c). Similarly, STD‐Hunter reproduced the horizontal pattern of the temporal mean during the summer
months (June–August), even though the second peak showed much larger variations among different years
(Figure 3a). The spatial distributions of correlation, MAE, MAPE and RMSE between the STD‐Hunter predicted
values and the observed values are given in the left column of Figure 4c. Generally, temporal correlations were
larger than 0.5, except for the regions near the Vietnam coast and its extended middle basin where Chl_a was
largely affected by variable nutrient discharge from the Mekong River. The best performance took place in the
northern part of the basin, where the Chl_a's periodicity was more pronounced. Large MAE and RMSE values
corresponded to the phytoplankton active regions (west to Luzon, east off Vietnam, and the southeast flank of the
basin). Meanwhile, MAPE, which includes the relative bias compared to the Chl_a value, was more pronounced
in the Vietnam coast and less significant in the other two regions.

To evaluate STD‐Hunter against benchmark models, we computed the domain mean improvements. For each
location, we calculate the percentage reduction in error metrics (MAE, MAPE and RMSE) and the percentage
increase for CORR. Averaging these improvements across all locations yields the domain mean improvements.
STD‐Hunter improved the performance of temporal correlation by 7%–14% (Figure 4b), which was more distinct
in the central and southern parts of the SCS (Figure 4c), a region where Chl_a's periodicity was less pronounced.
With regard to the error, the MAE, MAPE, and RMSE of STD‐Hunter were better than the error metrics of the
five benchmark models (Figure 4c), with the MAPE differing the most (3%–8%). Improvements mostly occurred
near the Luzon Strait and in the southeastern part of the SCS basin (Figure 4c). The STD‐Hunter ranked highest
with regard to predicting temporal and spatial features (Figure 4a). In general, STD‐Hunter predicted better than

Figure 3. (a) Time series of domain‐averaged observed and predicted Chl_a (μg− 1L) from 2017 to 2020 in the SCS. (b) Horizontal distribution of annual mean and
standard deviation of observed Chl_a from MODIS and predicted Chl_a from STD‐Hunter. (c) Horizontal distribution of seasonal mean of observed Chl_a from
MODIS and predicted Chl_a from STD‐Hunter.
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the benchmark models, especially in regions where heterogeneity in space and/or time was more pronounced,
such as Chl_a in the SCS margins where the coupled physical‐biogeochemical forcing was more variable.

3.2. Further Experimental Results

We further evaluated the performance of the STD‐Hunter for longer prediction horizons. We maintained the same
model inputs, and the identical division of training, validation and testing periods. We ranged the prediction target

Figure 4. (a) Overall ranking graph of 6 models using metrics CORR, MAE, MAPE, and RMSE. (b) Domain mean improvement of STD‐Hunter compared to
benchmark models for CORR, MAE, MAPE, and RMSE. The mean and standard deviation of 10 independent runs are reported (c) Horizontal distribution of STD‐
Hunter performance (left column) and the improvement of STD‐Hunter relative to XGBoost (2nd column), LSTM (3rd column), CNN‐LSTM (4th column),
GraphWaveNet (5th column), and MTGNN (6th column). The top row is the temporal correlation, and the 2nd to 4th row are MAE, MAPE, and RMSE, respectively.
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from Chl_a in the next 1 year to Chl_a in the next 2 to 5 years. The results (Figure 5) indicate that STD‐Hunter
continues to outperform other benchmarks in terms of various metrics. The magnitude of these improvements was
similar to the 1‐year prediction results, indicating STD‐Hunter's ability to capture long‐term trends and fluctu-
ations in Chl_a.

We also conducted ablation studies to verify the effectiveness of each component of our model by testing several
scenarios:

1. w/o graph layer: without graph convolutions on characteristics E.
2. w/o regularization: without two smoothness regularization terms.
3. w/o SE: without spatial characteristics, thus the shape of characteristics E becomes T × 1 × K.
4. w/o TE: without temporal characteristics, thus the shape of characteristics E becomes 1 × N × K.
5. concatenate SE: instead of using characteristics E to generate parameters of TCN, simply concatenate the

learnable spatial characteristics of shape 1 × N × K with the input features, and all tasks share one TCN
model.

6. concatenate TE: simply concatenate the learnable temporal characteristics of shape T × 1 × K with the input
features.

Results (Figure 6a) indicated that both the spatial and temporal characteristics of STD‐Hunter played a pivotal
role, supporting the argument that heterogeneity exists across both space and time. Moreover, imposing
smoothness constraints on the characteristics E proved beneficial to model performance. In contrast, the naïve
approach of directly concatenating spatial or temporal characteristics with input features failed to enhance model
efficacy, underscoring the necessity of factorizing the parameter tensor P.

Furthermore, we conducted sensitivity tests to demonstrate the robustness of model performance to changes in
hyperparameters. For each hyperparameter, we made slight adjustments around the default setting and reported
the results from 10 independent runs. Specifically, we evaluated the following configurations: dropout (0.3, 0.7),
number of channels (8, 32), number of layers (2, 4), weight decay (1e− 7, 1e− 5), K (2, 8) and regularization
(1e− 6, 1e− 4). The results (Figure 6b) illustrate that STD‐Hunter is robust to variations in hyperparameters.

4. Partition of the SCS
The biological productivity in the SCS is highly variable, subject to the controls of spatiotemporally heteroge-
neous physical and biogeochemical forcing. Identifying the variability is crucial to advancing scientific

Figure 5. For longer prediction horizons, from the next 2 to 5 years (2 and 3 years in the first row, 4 and 5 years in the second row), the domain mean improvement of
STD‐Hunter to other benchmarks for CORR,MAE,MAPE, and RMSE in the testing period from 2017 to 2020. The mean and standard deviation of 10 independent runs
are reported.
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understanding of ocean ecosystem and underlying mechanisms. STD‐Hunter accommodated the heterogeneous
dynamics of Chl_a within the varying model parameters, which were determined by the spatiotemporal char-
acteristics E. We flattened E along the temporal dimension to obtain the spatial characteristics Espace ∈RN×TK to
identify the variability, which otherwise would not have been feasible. This approach provided us with an
invaluable diagnosis of the spatial distribution of Chl_a in the SCS.

We divided the SCS into five regions by applying the K‐means clustering algorithm to Espace (Figure 7a). STD‐
Hunter offers a fresh perspective on the partition of the SCS based on Chl_a's intrinsic dynamics rather than direct
observations (Xu et al., 2020).

To demonstrate these dynamics, we calculated how various drivers correlated with Chl_a for each of the five
regions (Figure 7b). In general, SST had the highest correlation with the Chl_a concentration, followed by wind,

Figure 6. (a) Ablation studies of each component of STD‐Hunter. The results of 10 independent runs are reported.
(b) Sensitivity tests on the model performance with respect to various hyperparameters. Each hyperparameter was adjusted
individually. The results of 10 independent runs are reported.
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sea level anomaly (SLA), and ocean current related factors. In the eastern and southern parts of the basin (Regions
1, 3, and 5), the wind speed related components (Windspeed: mean wind speed at 10 m; Windx/Windy: wind speed
along zonal/meridional direction) correlated best with Chl_a, which was related to the monsoonal wind‐generated
nutrient pumping because of mixing from the depths as discussed in Palacz et al. (2011) and Lu and Gan (2023).
The curl of the wind (∇ × WS), a driver related to Ekman pumping that modifies the Chl_a concentration by
transporting higher nutrient water upward, was more significant in Regions 3, 4, and 5, where the summer
monsoon dominates. At the same time, low‐nutrient water intrusion from the western Pacific Ocean through the
Luzon Strait affected the eastern part of the basin (Regions 1 and 3). The intrusion adjusted the circulation pattern
via pressure gradient (SLA) and modified the Chl_a with the oligotrophic Pacific water, resulting in a higher
correlation between the eastern SCS and Pacific waters.

We also examined the vorticity (ζ = ∇ × U⃗ocean where ζp represents ζ > 0) of the ocean currents (U⃗ocean), a
variable associated with the upward transport of water mass and nutrients. As expected, the largest impact from
vorticity occurred in regions east of Vietnam's coast (Region 4), where the vorticity related to jet separation is
greatest (Gan et al., 2022). Among all the regions, Region 4 was the most difficult region to predict Chl_a due to
its complex dynamics and low periodicity. In this region, Chl_a was greatly influenced by variable discharges of
high nutrient waters from the Mekong River and ensuing offshore transport. Both wind and its related ocean
currents had a low correlation with Chl_a. The influences of multiple factors interacted nonlinearly and reduced
the periodicity in this region, raising the challenge to better prediction. However, STD‐Hunter identified the
correlated characteristics in this region and showed the second‐best improvement in correlation (Figure 7c).

Figure 7. (a) Partition map. (b) Correlation of various factors with Chl_a observations for the 5 regions. (c) Improvement of STD‐Hunter to benchmark models with
regard to CORR, MAE, MAPE, and RMSE for the different regions.
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5. Mechanism and Interpretation From Spatiotemporal Characteristics
5.1. STD‐Hunter Accommodates Heterogeneous Dynamics

We mainly attribute STD‐Hunter's superior performance to the model's ability to substantially mitigate the
limitations of conventional practices that rely on a single set of parameters for all tasks.

First, STD‐Hunter effectively recovers the optimal parameters for each task by leveraging a low‐rank approxi-
mation of the parameter tensor P. We examined how well STD‐Hunter performed when P̂ was shifted along
spatial or temporal dimensions (Figure 8). Performance deteriorated remarkably with larger shifts, highlighting
the significant variability in optimal model parameters across space and time. The performance declined the most
around shifts of 6–7 in time, corresponding well to the Chl_a's seasonally varying signals. In addition, with
increasing space shift, all performance criteria worsen. The deterioration was most obvious with shifts of
∼100–500 km in space, indicating the large spatial variability due to oceanic meso‐scale (∼100 km) structures in
the SCS. This underscores the crucial role of applying nonuniform parameters in highly heterogeneous envi-
ronment predictions, in which the conventional approach is inherently suboptimal.

Second, STD‐Hunter fosters a balanced training scheme that enables tasks to simultaneously achieve optimal
performance. We compared the training schemes of STD‐Hunter and One‐set‐of‐parameters (OSP). OSP is a
variant of STD‐Hunter that employs a single set of parameters by nullifying spatiotemporal characteristics. For
each training epoch, we performed an empirical orthogonal function (EOF) analysis of the fitted Chl_a, which
decomposed the data's heterogeneous features into a linear combination of multiple modes.We focused on the first
two EOF modes, which explained the most (71.6%) of the variance. We used the relative error between the EOF
modes of Chl_a and the fitted Chl_a to quantitatively compare the training scheme and the testing behavior for each
approach:

relative error1 =
⃦
⃦ŷmode1 − ymode1

⃦
⃦
1⃦

⃦ymode1‖1
, relative error2 =

⃦
⃦ŷmode2 − ymode2

⃦
⃦
1⃦

y⃦mode2‖1
.

In general, the optimal relative errors for both EOF modes were higher for OSP, highlighting the distortion of
heterogeneous dynamics within a single set of parameters. During the training period, STD‐Hunter simulta-
neously accommodates the two distinct modes by leveraging its basis models and spatiotemporal characteristics,
while OSP optimizes the second mode much more slowly than the first because the capacity is not sufficient
(Figure 9a). The different training schemes lead to distinct testing behaviors (Figure 9b). For STD‐Hunter, the two
modes achieved optimal testing performance at similar epochs, reflecting the model's ability to efficiently capture
distinct dynamics. However, for OSP, the inefficient and protracted learning process resulted in dispersed epochs
for the two modes to achieve optimal performance.

For both approaches, we decompose the model's prediction error into three components (see illustration in
Appendix B):

error = erroroptimal + (errorsuboptimal − erroroptimal) + (error − errorsuboptimal)

= erroroptimal + dispersion +mismatch.

Figure 8. Performance after shifting P̂ along spatial or temporal dimensions.
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Here, erroroptimal represents the potential optimal error, where each location achieves its optimal performance at
epochi,optimal. STD‐Hunter achieves a lower erroroptimal, due to its ability to recover superior model parameters
across tasks. errorsuboptimal represents the minimal overall prediction error, achieved at epochoptimal. The term
dispersion quantifies the suboptimality arising from the inability to simultaneously achieve optimal errors across
all locations. By optimizing distinct dynamics simultaneously, the STD‐Hunter exhibits a more concentrated
distribution of optimal performance across locations (Figure 9c). The component mismatch comes from the
discrepancy between epochoptimal and the epoch selected during the validation period. The reduction in overall
error achieved by STD‐Hunter stems from reductions in the three components, with erroroptimal contributing
36.1%, dispersion 53.4%, and mismatch 10.5%.

5.2. STD‐Hunter Captures Principal Dynamics

STD‐Hunter effectively accommodates the first K principal dynamics of Chl_a across space and time in different
spaces spanned by the basis models. Its objective of minimizing prediction error leads to a low‐rank approxi-
mation P̂ = EB + b of the parameter tensor P, the proxy of Chl_a's dynamics. ForK = 1, STD‐Hunter captures
the first principal dynamics that explain the majority of the variance in P along the basis model B, while other
dynamics may be distortedly accommodated within the remaining model capacity. As K increases, additional
principal dynamics unexplained by the previously identified dynamics is then gathered and accommodated into
the new space. By accommodating distinct principal dynamics in different spaces spanned by the basis models,
STD‐Hunter enables their effective and accurate representation.

To investigate the principal dynamics, we reformulated P̂ as follows:

P̂ = EB + b = EPCAA− 1B + bEB + b = EPCABPCA + bPCA.

Here EPCA = (E − bE)A represents the PCA transformation applied to E, whose variation reflects the hetero-
geneous dynamics of Chl_a across space and time. For K = 4, the first two components of EPCA explained the
majority of variance in E (93.0% in total), indicating that the first two principal dynamics dominate Chl_a's
heterogeneous dynamics. BPCA represents the basis models of the K principal dynamics. EPCA characterizes the
strength of these principal dynamics. Unveiling their spatial distribution and temporal evolution offers a window
into the complex and varying dynamics of Chl_a in the SCS. The characteristics of the first principal dynamics
(Figure 10) indicated highly diversified monthly changes in intensity among various active regions. In the Luzon
strait active zone, the winter bloom associated with local eddies (Gan et al., 2022) dominated and the large value
lasted from November to May in the coming year. Meanwhile, activity in the east off Vietnam coast became
notable fromMay and intensified during the summer when southeasterly monsoon, high Mekong River discharge
and strong coastal upwelling prevailed.

We demonstrated the validity of the spatiotemporal characteristics by revealing their intrinsic connections with
the spatial patterns of Chl_a's dominant EOF modes. The parameter tensor serves as a proxy of the dynamics of

Figure 9. (a) Relative error between the EOFmodes of Chl_a and the fitted Chl_a during the training period. (b) Relative error during the test period. (c) The histogram of
errori,suboptimal − errori,optimal across locations. For location i, errori,suboptimal was evaluated at epochoptimal, and errori,optimal was evaluated at epochi,optimal.
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Chl_a observations. The observations' main variabilities, that is, the principal dynamics and dominant EOF
modes, naturally correspond to one another.

We found that the first EOF mode of Chl_a was primarily active near the Luzon Strait around January and the
second mode dominated near Vietnam around August. The spatiotemporal characteristics, EPCA

1 ∈RT×N , of the
first principal dynamics coincided with the spatial patterns of the first two EOF modes (denoted C1,C2) for these
regions and months (bottom of Figures 11a and 11b, and left two columns in Figure 11c). We calculated the
temporal trends of the first two EOF modes by averaging their time series within each month. The trends aligned
with the temporal trends of the first principal dynamics, which is EPCA

1 averaged within Region 1 and Region 4 of
the partition, respectively (top rows in Figures 11a and 11b). Furthermore, for month t, we performed linear
regression of t‐th component of EPCA

1 in the first dimension on spatial patterns of the first 2, 5, 10, 20, and 50 EOF
modes of Chl_a. Results (right column in Figure 11c) showed an increased correlation as the number of EOF

Figure 10. The spatial distribution and temporal evolution of the first principal dynamics. We flattened spatiotemporal characteristics E∈RT×N×K into Eflatten ∈RTN×K

and performed PCA.We obtained EPCA ∈RT×N×K by reshaping principal components of Eflatten into the original shape. EPCA
1 ∈RT×N is the first component of EPCA in the

third dimension. We display EPCA
1 normalized by its standard deviation.
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modes increases. The intrinsic connection between EPCA
1 and dominant EOF modes of Chl_a demonstrated the

interpretable mechanism by which STD‐Hunter effectively accommodates heterogeneous dynamics.

The hyperparameter K, the number of subspaces to accommodate the heterogeneous dynamics of Chl_a across
space and time, is a key parameter in the STD‐Hunter model. We provide an approach to identify the appropriate
K. We trained STD‐Hunter with a large K = 10, and obtained spatiotemporal characteristics E. We performed
the PCA transformation to E and visualized the variance explained by each PC component (Figure 12). The first 4
PC components explained the 98.5% of variance in E, indicating thatK = 4 was sufficient to recover the majority
of the parameter tensor P.

6. Discussion and Conclusions
Using the marginal SCS in the western Pacific Ocean as the experimental region, we showed that STD‐Hunter is a
novel machine learning approach that facilitates long‐term and large‐scale prediction of highly variable Chl_a.
Extensive experiments have demonstrated the superior performance of STD‐Hunter in predicting spatiotemporal
trends of highly variable Chl_a across various prediction horizons. Notably, STD‐Hunter substantially improves
predictions for regions with complex dynamics.

STD‐Hunter manages heterogeneous data with a flexible module. This core module generates parameters using
spatiotemporal characteristics. We substantiated the core module's effectiveness and necessity in its mechanism
analysis and in the ablation study. In addition, the core module optimizes the balance between effectively utilizing

Figure 11. (a) C1 (left in the bottom) and EPCA
1 averaged within Region 1 in January (right in the bottom) and their temporal trends (top). (b) C2 (left in the bottom) and

EPCA
1 averaged within Region 4 in August (right in the bottom) and their temporal trends (top). (c) The absolute correlation between C1 and EPCA

1 (left) and between C2

and EPCA
1 (middle) across regions and months. The correlation between EPCA

1 and the fitted EPCA
1 for regressions of EPCA

1 on spatial patterns of the first 1, 2, 5, 10, 20, and 50
EOF modes of Chl_a across months (right).
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data and preserving idiosyncratic dynamics by leveraging a low‐rank
approximation of the parameter tensor, which substantially mitigates the
limitations of conventional approaches. The characteristics can either be
learned directly from the data or specified a priori due to the nature of the
tasks. In addition, the parameters to be generated are flexibly aligned with the
underlying model architecture. This module is readily adaptable to incorpo-
rate into a wide range of tasks and machine learning models for enhancement.

STD‐Hunter offers an interpretable data‐driven approach for obtaining
characteristics associated with the processes in the ocean. By substantializing
veiled heterogeneity into spatiotemporal characteristics, E, we demonstrated
that STD‐Hunter builds a bridge between the underlying dynamics and the
heterogeneous Chl_a observations we used in this study. The partition based
on E corresponds well to the complex dynamics for the distribution of Chl_a
in the SCS. EPCA characterizes the spatial distribution and temporal evolution
of each principal dynamics, effectively disentangling the multifaceted het-
erogeneity. The intrinsic connections between principal dynamics and Chl_a's
EOF modes offer compelling validation, indicating the interpretable mecha-
nism of STD‐Hunter for predicting and diagnosing highly variable processes
in the ocean.

Given that there is even more pronounced heterogeneity of the ocean worldwide, our future directions include
applying STD‐Hunter to predict Chl_a concentration on a global scale.

Appendix A: Benchmark Models
Our benchmark models are selected to cover different methods in space‐time modeling. We employ XGBoost and
LSTM as standard baselines, CNN‐LSTM as a representative hybrid spatiotemporal model, and Graph WaveNet
and MTGNN as two advanced spatiotemporal graph networks (STGNNs). We provided the description and the
hyperparameter settings (tuned on the validation set) of the benchmark models.

1. XGBoost (Extreme Gradient Boosting): a gradient boosting algorithm that combines the predictions of
multiple sequentially constructed decision trees, with each subsequent tree attempting to correct the errors
made by the previous ones (Chen & Guestrin, 2016). The hyperparameters are set as eta = 0.1, n_estima-
tors = 100, max_depth = 6.

2. LSTM (Long Short‐Term Memory): a type of recurrent neural network (RNN) architecture with a gating
mechanism to selectively remember and forget information (Hochreiter, & Schmidhuber, 1997). The number
of features in the hidden state is 16 and the number of recurrent layers is 1.

3. CNN‐LSTM: utilizes 1D CNN to extract temporal features and LSTM to combine the extracted features
(Barzegar et al., 2020). The network architecture is: Convolutional layer (32 filters + 2 filter size + ELU
activation + padding 'same') + Dropout layer (0.001) + LSTM layer (32 neurons + ELU activa-
tion) + Dropout layer (0.001) + Flatten + Dense layer (1 neuron).

4. GraphWaveNet: an STGNNmodel that learns an adaptive dependency matrix, and adds gate mechanism, skip
connection, and residual connection into the original TCN (Wu et al., 2019). The hyperparameters are set as:
the adjacency matrix is Ãspace, nhid = 16, learning_rate = 0.01, dropout = 0.3, weight_decay = 0.00001,
epochs = 100.

5. MTGNN: a general STGNN framework featuring a graph learning module, mix‐hop propagation layer, and
dilated inception layer to capture the spatial and temporal dependencies (Wu et al., 2020). The hyper-
parameters are set as: the adjacency matrix is Ãspace, dropout = 0.3, dilation_exponential = 1, con-
v_channels = 16, residual_channels = 16, skip_channels = 16, end_channels = 16, layers = 3,
learning_rate = 0.001, weight_decay = 0.0001, epochs = 100.

The hyperparameter settings for the STD‐Hunter are as follows: dropout = 0.5, channels = 16 (number of feature
channels after 1 × 1 Conv), layer = 3 (number of stacked temporal convolutional layers), learning_rate = 0.001,
weight_decay = 1e− 6, K = 4 (dimension of the task's characteristics), and reg = 1e− 5 (coefficient for the two
smoothness regularization terms).

Figure 12. The explained variance of each principal component of E for
K = 10. Specifically, we flattened spatiotemporal characteristics
E∈RT×N×K of a trained STD‐Hunter model with K = 10 into Eflatten ∈RTN×K

and performed PCA.
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Appendix B: Error Decomposition
We provided an illustration of error decomposition. In the training period, locations 1 and 2 are not optimized
simultaneously. In the test period, they achieve the optimal test error (error1,optimal, error2,optimal) in different
epochs (epoch1,optimal, epoch2,optimal). The model achieves the optimal error (errorsuboptimal) at epochsuboptimal.
However, two locations achieve a suboptimal error (error1,suboptimal and error2,suboptimal) at this epoch. The potential
optimal error of the model is:

erroroptimal =
1
2
(error1,optimal + error2,optimal).

The gap between erroroptimal and errorsuboptimal is:

errorsuboptimal − erroroptimal =
1
2
[(error1,suboptimal − error1,optimal)

+ (error2,suboptimal − error2,optimal)]

=
1
2
(dispersion1 + dispersion2)

= dispersion.

In the validation period, epoch is the selected epoch that minimizes the validation loss. At epoch, the test period
error is error, which is the real model error. The gap between error and errorsuboptimal is the mismatch term:

mismatch = error − errorsuboptimal.

Figure B1. Illustration of error decomposition. error = errorsuboptimal + mismatch = 1
2(error1,suboptimal + error2,suboptimal) +

mismatch = 1
2(error1,optimal + error2,optimal) + 1

2(dispersion1 + dispersion2) + mismatch = erroroptimal +

dispersion + mismatch.
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Combing the above equations, we have:

error = erroroptimal + dispersion +mismatch.

Figure B1.

Appendix C: Sensitivity to Winsorization
We perform winsorization with different thresholds (0%, 5%, 10%, and 15%) and report the results of 10 different
runs in Figure C1. Figure C1a shows that moderate winsorization generally stabilizes model performance by
mitigating outlier noise. Figure C1b displays the improvements of STD‐Hunter relative to MTGNN, demon-
strating that the relative performance gain of our model over the top baselines remains significant across all
scenarios.

Conflict of Interest
The authors declare no conflicts of interest relevant to this study.

Figure C1. Sensitivity analysis across various winsorization thresholds over 10 independent runs. (a) Predictive performance
of STD‐Hunter. (b) Relative performance gains of STD‐Hunter over the MTGNN baseline.
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Availability Statement
The chlorophyll‐a (Chl_a) concentration and sea surface temperature (SST) data are from the MODIS Aqua
projects (Esaias et al., 1998). The historical observations of Chl_a are from the OC‐CCI data set (Sathyendranath
et al., 2023). The sea level anomalies (SLA) and the absolute geostrophic velocity (U⃗ocean) are from AVISO DT
global map products (Copernicus Climate Change Service & Climate Data Store, 2018). The atmospheric related
drivers (wind speed, zonal and meridional wind) are from the ERA5 products (Hersbach et al., 2023). The data set
used for prediction is available in Zhang (2026), and the source code for STD‐Hunter and the benchmark models
can be found in Zhang et al. (2026).
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