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SUMMARY

Accurate ocean temperature forecasting is essential for understand-
ing long-term environmental variability and supporting ecological
decision-making. This study evaluates the performance of SARIMA
(Seasonal Autoregressive Integrated Moving Average), ETS (Error Trend Sea-
sonality), and LSTM (Long Short-Term Memory) models for predicting
ocean temperature using historical time series data from the CalCOFI
programme. The dataset was preprocessed using seasonal decom-
position and stationarity analysis, and forecasting accuracy was as-
sessed using MAPE (Mean Absolute Percentage Error), RMSE (Root Mean
Squared Error), and MSE (Mean Squared Error). The results indicate that
LSTM produced the most accurate and stable forecasts overall, achiev-
ing lower RMSE and MAPE values at most stations and depths. It
effectively captured nonlinear behaviour, seasonal variability, and ex-
treme temperature fluctuations. SARIMA demonstrated a strong capa-
bility to model trend and seasonality, while ETS generated smoother
forecasts but with comparatively higher error values. Residual diag-
nostics further confirmed LSTM'’s superior ability to learn complex
temporal dependencies present in ocean temperature data. This study
contributes to a comparative evaluation of classical statistical and deep

DOL: 10.62366/ crebss.2026.1.002 learning models for ecological time series forecasting and provides

JEL: C22, C45, Q54

evidence supporting the application of LSTM for improved oceano-
graphic prediction and environmental monitoring.
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1. Introduction

Ocean temperature is critical in climate studies because it affects marine ecosystems, weather
patterns, and global climate systems (Venegas et al., 2023). Accurate forecasting is therefore
essential to understand and mitigate the climate-change impacts on marine environments and
coastal communities (Singh Bist et al., 2024). Traditional time-series models such as ARIMA,
SARIMA, and ETS are widely used across environmental and epidemiological forecasting, in-
cluding ARIMA for COVID-19 epidemiology (Tomov et al., 2023), SARIMA for environmental
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epidemiology (Gudzitinaité et al., 2023) and river-flow prediction (Tadesse & Dinka, 2017),
and SARIMA/ETS for food-borne disease forecasting (Xian et al., 2023). With advances in
deep learning, Long Short-Term Memory (LSTM) networks can improve forecasting by cap-
turing complex temporal patterns, as shown in financial time-series prediction (Buczynski et
al., 2023). Because ocean temperature records are sequential, temporally dependent, and span
multiple decades (1949-2016), time-series models are well suited for forecasting future vari-
ability, i.e. ARIMA, SARIMA, and ETS are commonly applied to environmental and climate
variables, while LSTM offers a nonlinear alternative that can capture long-memory prop-
erty. Beyond forecasting, time-series data support trend analysis, pattern discovery, anomaly
detection, and forecasting. Accordingly, this study compares SARIMA, ETS, and LSTM for
forecasting ocean temperatures at depths between 0 and 500 m using monthly observations
from the CalCOFI programme (California Cooperative Oceanic Fisheries Investigations). This
is a long-term oceanographic ecosystem monitoring and research programme with the goal
of serving data in support of sustainable marine resource management (CalCOFI, 2025).
Therefore, the study objective is to compare SARIMA, ETS, and LSTM using perfor-
mance measures RMSE, MSE, and MAPE in order to identify the most effective model for
monthly ocean temperature forecasting. The relevance of this objective lies in the growing
importance of accurate ocean temperature forecasting for climate monitoring, marine ecosys-
tem management, and early warning of phenomena such as marine heatwaves and coral
bleaching, all of which depend on reliable monthly-scale predictions. Methodologically, the
study addresses a genuine gap: although SARIMA and ETS are well established for seasonal
time-series and LSTM has shown superior in capturing complex nonlinear patterns, there is
no consensus on which approach performs best for oceanographic data. By benchmarking
the three models under identical conditions using complementary accuracy metrics (RMSE,
MSE, and MAPE), the study offers an objective, evidence-based comparison, with particu-
lar attention to whether ETS improves upon SARIMA and whether LSTM delivers superior
predictive accuracy across stations and depths. Its contribution is thus twofold: practically,
it identifies the most suitable tool for ocean temperature prediction, and academically, it
adds empirical evidence to the debate between traditional statistical methods and machine
learning in environmental forecasting, providing a replicable framework for similar studies.

2. Materials and methods

Time-series models capture temporal dependence in sequential observations to identify trend,
seasonality, and autocorrelation structures for forecasting (Box & Jenkins, 1976; Hyndman &
Athanasopoulos, 2018). A commonly used additive decomposition represents a time-series
as:

Yi=Ti+ S+ Ry ey

where Y; is the observed value, T; is the trend, S; is the seasonal component, and R; is the
residual. Stationarity is a fundamental assumption in many statistical time-series models.
The Augmented Dickey-Fuller (ADF) test is used to detect unit roots and assess whether
differencing is required (Dickey & Fuller, 1979). Seasonal time-series often require seasonal
differencing when periodic cycles are present. Seasonal Autoregressive Integrated Moving
Average (SARIMA) models extend ARIMA by incorporating seasonal autoregressive and
moving-average components and are denoted as (p,d,q) x (P,D,Q)s, where s represents
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the seasonal period (Box & Jenkins, 1976). Model selection is commonly performed using the
Akaike information criterion AIC (Akaike, 1974).

Error-Trend-Seasonality (ETS) models belong to the exponential smoothing family and
represent time-series through combinations of error, trend, and seasonal components within
a state-space framework (Hyndman & Athanasopoulos, 2018).

Long Short-Term Memory (LSTM) networks are recurrent neural architectures designed
to capture long-term dependencies and nonlinear temporal relationships without strict sta-
tionarity assumptions (Hochreiter & Schmidhuber, 1997).

Forecast accuracy is evaluated using Mean Squared Error, Root Mean Squared Error, and
Mean Absolute Percentage Error (Hyndman & Koehler, 2006). These metrics are selected for
their complementary properties: MSE and RMSE emphasize large errors and retain the orig-
inal measurement units, whereas MAPE offers a scale-independent percentage that enables
comparison across stations and depths.

Data were obtained from the CalCOFI database CalCOFI (2025), comprising 864,863 dis-
crete water samples collected at different depths and locations from 1949 to the present,
including measurements of temperature, salinity, dissolved oxygen, chlorophyll 4, nutrients,
and other variables. Each record corresponds to a bottle closure during a CTD-rosette cast
at a specific depth and station. Temperature (T_degC) represents in situ water temperature
measured at the recorded depth (Depthm).

For temperature forecasting, the extracted variables were Cst_Cnt, Btl_Cnt, Sta_ID,
Depth_ID, Depthm, and T_degC. Table 1 describes the raw CalCOFI bottle database, of which
station, depth, and water temperature are the primary variables used in this study. For the
temperature time-series, observations of temperature data were aggregated to monthly in-
tervals using the monthly mean temperature (month-start resampling), and missing values
were replaced by linear interpolation. The full dataset contained 113 stations and 74 vari-
ables; three stations were randomly selected and analysed at 0 m (surface) and 500 m (deep
water), producing six time series (three stations x two depths). Because temperature declined
steeply until approximately 500 m and was relatively stable thereafter, forecasting focused on
these two representative depth levels. The six subsets are summarised in Table 2.

Table 1. Database description

Feature ‘ Description Units

Cst_Cnt Auto-numbered cast count — all casts consecutively  n.a.
numbered (1 is the first station)

Btl_Cnt Auto-numbered bottle count — all bottles ever sampled, n.a.
consecutively numbered

Sta_ID CalCOFI line and station n.a.

Depth_ID | [Century][YY][MM][ShipCode][CastType][Julian Day]- n.a.
[CastTime]-[Line][Sta][Depth][Bottle]-[Rec_Ind]

Depthm Depth in metres metre
T_degC Temperature of water °C

Source: CalCOFI Bottle Database https://calcofi.org/data/oceanographic-data/bottle-database
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Table 2. Ocean temperature data shape

Station name ‘ Station Depth (metre) Data shape

090.0 037.0 la 0 328 x 3
1b 500 323 x 3
090.0 070.0 2a 0 316 x 3
2b 500 313 x 3
090.0 045.0 3a 0 330 x 3
3b 500 316 x 3

Note: columns used are time, depth, and temperature.

Preprocessing comprised monthly resampling, missing-value handling, and seasonality
identification. After downloading, the data were assessed for seasonality, trend, and distri-
butional behaviour. Missing/irregular values were corrected using interpolation (Lepot et
al., 2017) to ensure modelling readiness (Usmani et al., 2024), and because stations follow a
uniform sampling methodology, the workflow used for one station was treated as representa-
tive of all. Seasonal decomposition was applied to the monthly temperature series (especially
500 m) using an additive form because seasonal amplitude was approximately constant over
time (Hyndman & Athanasopoulos, 2018).

Stationarity was evaluated using the ADF test (Dickey & Fuller, 1979). An ADF statistic
of —5.41, below the 1%, 5%, and 10% critical values with an approximately zero p—value,
rejected non-stationarity. Thus, the series is stationary in its non-seasonal component, but
the annual cycle still requires seasonal differencing (D = 1) for SARIMA to capture periodic
behaviour.

SARIMA model is commonly used for time-series exhibiting trend, seasonality, and auto-
correlation (Box & Jenkins, 1976). Prior to modelling, data were cleaned, missing values inter-
polated, and observations resampled to monthly frequency (Castel & Burr, 2021; Hyndman &
Athanasopoulos, 2018). Initial model identification used autocorrelation function (ACF) and
partial autocorrelation function (PACF) plots. For Station 1b, the ACF showed slow decay
with significant spikes at multiples of 12, indicating strong seasonality, while the PACF exhib-
ited a sharp cutoff after lag 1, suggesting an autoregressive order of p = 1. The ACF further
suggested ¢ = 1 — 2. Based on this inspection, a manual SARIMA(1,1,1) x (1,1,1)1, specifi-
cation was proposed. To reduce subjectivity and allow consistent optimization across series,
AutoSARIMA was also applied. AutoSARIMA evaluates combinations of (p, d, q, P, D, Q)
and selects the model that minimizes the AIC information criterion (Akaike, 1974; Hyndman
& Khandakar, 2008):

AIC =2k —2In(L) 2

where k is the number of parameters and L is the maximised likelihood. According to Table 3
SARIMA(3,1,2) x (2,0,1)1, was selected, achieving a lower AIC than the manual model (
—1260.55 versus —1195.02). Forecasting employed an 80-20 train-test split, with one-step-
ahead predictions generated using autoregressive, moving-average, differencing, and sea-
sonal components.

The ETS model, originating in the late 1950s, is part of the exponential-smoothing family
and represents time series through combinations of error, trend, and seasonal components
within a state-space framework (Hyndman & Athanasopoulos, 2018). While ARIMA-type
models are valued for simplicity, they may struggle with complex temporal structures (Fa-
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tima & Rahimi, 2024). Unlike SARIMA, ETS does not require differencing or strict stationarity
assumptions, directly modelling level, trend, and seasonality. This makes ETS suitable for se-
ries with irregular trends or multiplicative seasonal behaviour, where SARIMA performance
may degrade (Gao, 2025).

In this study, AutoETS evaluated additive and multiplicative combinations of error,
trend, and seasonality, including damped trends, selecting the specification with the lowest
AIC (Hyndman & Athanasopoulos, 2018). As shown in ??, the optimal model for the main
station series had no trend, additive seasonality, and no damping (AIC=—-3070.46), while al-
ternatives incorporating trends or multiplicative seasonality produced higher AIC values and
were rejected.

LSTM networks are recurrent neural architectures designed to capture long-term tem-
poral dependencies and nonlinear dynamics in time-series data through gated memory cells,
mitigating the vanishing-gradient problem (Hochreiter & Schmidhuber, 1997). They are par-
ticularly suitable for temperature series with long-term variability and complex seasonality
(Zhang et al., 2023) and can generalise across nonlinear and nonstationary behaviours that
challenge SARIMA and ETS models (Zhang et al., 2023).

Prior to training, temperature values were scaled to the [0, 1] range to stabilise optimisa-
tion (Al-Sharafi et al., 2023). A sliding-window approach transformed the series into super-
vised learning sequences, where past observations formed inputs and the subsequent value
served as the target (Kong et al., 2024; Zhang et al., 2023), reshaped to (samples, timesteps,
features). The network consisted of a single LSTM layer followed by a dense output layer
for one-step-ahead prediction, trained using the Adam optimizer with MSE loss. An 80:20
train—test split was applied, with 20-50 epochs and batch size = 16. Training loss decreased
smoothly from 0.1691 at epoch 1 to 0.0039 at epoch 20, indicating stable convergence; predic-
tions were subsequently inverse-transformed to the original °C scale.

The choice of a single LSTM layer with a moderate number of units was motivated by the
need to balance model complexity and generalisation capability. Deeper architectures may
capture more complex hierarchical representations but also increase the risk of overfitting,
particularly for relatively small datasets such as the station-specific temperature series used
in this study. The selected configuration provided sufficient capacity to model nonlinear
temporal dependencies while maintaining computational efficiency.

Hyperparameter selection was guided by empirical testing and prior literature. The
number of epochs (20-50) was chosen to allow the model to converge while avoiding ex-
cessive training that could lead to overfitting. The batch size of 16 ensured stable gradient
updates without significantly increasing computational cost. The Adam optimizer was se-
lected due to its adaptive learning-rate properties and proven effectiveness in time-series
forecasting applications.

To ensure consistency and comparability across models, the same train-test split (80:20)
was applied to all series. Model performance was evaluated on the test set using one-step-
ahead forecasting, ensuring that predictions were based only on past information. This ap-
proach reflects realistic forecasting scenarios and avoids data leakage.

Finally, inverse transformation of scaled predictions was performed to return values to
the original temperature scale, allowing direct comparison of model outputs with observed
data and enabling meaningful interpretation of forecast errors.
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Residual analysis was used to assess whether SARIMA, ETS, and LSTM adequately cap-
tured temporal structure. An appropriate model should produce residuals that are random,
uncorrelated, and approximately normally distributed (Ljung & Box, 1978). Residual plots
were inspected for remaining trends or seasonality, while histograms and Q-Q plots assessed
normality (Cafa et al., 2021; Liu & Li, 2023). Residual autocorrelation was examined using
the ACFE, where spikes outside confidence bounds indicated remaining structure (Hyndman
& Athanasopoulos, 2018).

Model performance was evaluated using MSE, RMSE, and MAPE (Hyndman & Koehler,
2006; Chai & Draxler, 2014):

N

MSE = % ;(actual — predicted)? ©)]
RMSE = +/'MSE )

N _ .
MAPE — 100 Z actual — predicted
actual

S )

i=1
where actual denotes the observed value, predicted denotes the forecasted value generated
by the model, N represents the total number of observations.

MSE and RMSE measure absolute forecast error (RMSE in °C), while MAPE provides
a scale-independent percentage error. Lower values indicate better performance. Because
observed temperatures were strictly positive across all stations and depths, division-by-zero
issues did not arise, and MAPE was well-defined for all series.

3. Empirical results
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Figure 1. Seasonal decomposition of ocean temperature
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Figure 1 shows the seasonal decomposition of temperature data: the top plot displays the
original time series, the second shows the trend, the third the seasonal component, and the
fourth the residual component. Seasonal decomposition of the monthly temperature series
showed that the trend component captured long-term fluctuations over the study period,
while the seasonal component displayed a stable annual cycle with a small amplitude of
approximately 0.1 °C. Residuals were largely random with occasional anomalies, indicating
that the trend and seasonal components captured most systematic variability (Hyndman &
Athanasopoulos, 2018).

The ADF test statistic (—5.41) with a near-zero p—value suggested the absence of a non-
seasonal unit root (Dickey & Fuller, 1979). However, the pronounced annual cycle observed
in the decomposition justified the use of a seasonal model with period 12 and seasonal dif-
ferencing for SARIMA.
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Figure 2. ACF and PACF of monthly temperature of Station 1b

Figure 2 illustrates the ACF and PACEF plots used to guide SARIMA parameter selection.
The ACF displays strong autocorrelation across multiple lags, with significant seasonal peaks
confirming the need for seasonal differencing (D). The PACF shows a sharp cutoff after lag 1,
indicating an autoregressive term of p = 1, while significant ACF spikes at lags 1 and 2
suggest a moving-average component (7 = 1 — 2). The 12-month seasonal pattern evident in
the ACF is consistent with the monthly structure of the dataset.

Table 3. AIC results of manual SARIMA and automatic SARIMA

Model ‘ Specification AIC

Manual SARIMA(1,1,1) x (1,1, 1)1, —1195.02
Automatic | SARIMAG3, 1,2) x (2,0, 1)1, —1260.55

Source: authors calculation based on CalCOFI data.

As shown in Table 3, the automatic model achieved a lower AIC (—1260.55) than the
manual model (—1195.02) and was therefore retained for further analysis.

Residual diagnostics were conducted using graphical analysis of training and test resid-
uals. Residual plots showed that errors were centred around zero and exhibited no clear
remaining trend or seasonal structure. Histogram and Q-Q plot inspection indicated ap-
proximate normality with slightly heavier tails, while the residual ACF displayed only mi-
nor spikes at a few lags, suggesting that most temporal dependence had been adequately
captured. Overall, the AutoSARIMA model reproduced the dominant seasonal and trend
components of the temperature series and was retained for comparative evaluation.
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The best-performing ETS model had no trend, additive seasonality, and no damped
trend, indicating stable and repeating seasonal patterns without a strong long-term trend
(AIC=-3070.46). Models including additive trend or multiplicative seasonality produced
higher AIC values and were therefore rejected. ETS forecasts were smoother than SARIMA,
capturing overall seasonality but underestimating sharp peaks and troughs.

The LSTM model trained for 20 epochs showed a monotonic reduction in loss from 0.1691
to 0.0039, indicating stable convergence without severe overfitting and good computational
efficiency. Residual diagnostics indicated that LSTM residuals were smaller and more tightly
clustered around zero than those of ETS, with reduced autocorrelation at short lags, indicat-
ing improved capture of temporal structure. Histograms indicated greater symmetry, Q-Q
plots showed fewer outliers, and residual ACF plots exhibited substantially reduced autocor-
relation, particularly at lags 3-5. Increasing training to 50 epochs further reduced residual
magnitude and improved randomness, although minor autocorrelation persisted. Overall,
LSTM residuals were closest to white noise.

Because performance trends were consistent across all stations (Table 5, Table 6, and Ta-
ble 7), Station 1b is presented as a representative example for graphical comparison. This
station was selected to illustrate model behaviour under deep-water conditions with mod-
erate variability. Quantitative results for all locations are provided in Table 5, Table 6, and
Table 7.
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Figure 3. Comparison of the actual temperature series at Station 1b

Figure 3 compares observed temperatures at Station 1b with forecasts from SARIMA,
ETS, LSTM (20 epochs), and LSTM (50 epochs), with evaluation metrics summarised in Ta-
ble 4. SARIMA followed seasonal patterns but deviated at sharp peaks and troughs (MSE =
0.046, RMSE = 0.214, MAPE = 2.64%). ETS produced smoother forecasts with similar perfor-
mance (MSE = 0.045, RMSE = 0.213, MAPE = 2.73%). LSTM (20 epochs) tracked observations
more closely, particularly at extremes (MSE = 0.012, RMSE = 0.111, MAPE = 1.18%), while
LSTM (50 epochs) achieved the best performance overall (MSE = 0.009, RMSE = 0.093, MAPE
= 1.07%). These results show that LSTM, especially with 50 epochs, provided the most accu-
rate forecasts for Station 1b.
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Table 4. Model results of Station 1b based on MSE, RMSE, and MAPE

Model ‘ MSE (°C) RMSE (°C) MAPE (%)
SARIMA 0.046 0.214 2.64
ETS 0.045 0.213 2.73
LSTM (50 units, 20 epochs) 0.012 0.111 1.18
LSTM (50 units, 50 epochs) 0.009 0.093 1.07

Source: authors calculation based on CalCOFI data.
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The evaluation metrics MSE, RMSE, and MAPE across stations are reported in Table 5,
Table 6, and Table 7.

Table 5. Accuracy measures with respect to different models applied to Stations 1a and 1b

Station ‘ Model Settings MSE (°C) RMSE (°C) MAPE (%)
la SARIMA Auto 1.22 1.10 4.68
la ETS Auto 1.06 1.03 4.64
la LSTM (50 units, 50 epochs) 0.46 0.68 3.07
1b SARIMA  Auto 0.05 0.21 2.64
1b ETS Auto 0.05 0.21 2.73
1b LSTM (50 units, 50 epochs) 0.01 0.09 1.07
Source: authors calculation based on CalCOFI data.
Table 6. Accuracy measures with respect to different models applied to Stations 2a and 2b
Station ‘ Model Settings MSE (°C) RMSE (°C) MAPE (%)
2a SARIMA Auto 1.76 1.33 6.07
2a ETS Auto 1.76 1.33 6.09
2a LSTM (50 units, 50 epochs) 0.26 0.51 2.56
2b SARIMA  Auto 0.04 0.21 3.02
2b ETS Auto 0.04 0.19 2.65
2b LSTM (50 units, 50 epochs) 0.01 0.09 1.18
Source: authors calculation based on CalCOFI data.
Table 7. Accuracy measures with respect to different models applied to Stations 3a and 3b
Station ‘ Model Settings MSE (°C) RMSE (°C) MAPE (%)
3a SARIMA Auto 1.65 1.28 6.45
3a ETS Auto 2.35 1.53 8.32
3a LSTM (50 units, 50 epochs) 0.46 0.68 3.27
3b SARIMA  Auto 0.05 0.23 2.77
3b ETS Auto 0.03 0.17 2.12
3b LSTM (50 units, 50 epochs) 0.01 0.07 0.83

Source: authors calculation based on CalCOFI data.

Table 5, Table 6, and Table 7 summarise forecasting performance across all stations and
depths. The Long Short-Term Memory (LSTM) model consistently achieved the lowest MSE,
RMSE, and MAPE at every station, confirming its superior ability to capture nonlinear and
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seasonal temperature dynamics. Compared with SARIMA and ETS, LSTM reduced MSE
substantially at both surface (a) and deep-water (b) stations. For example, at Station 2a, MSE
decreased from 1.76 (SARIMA /ETS) to 0.26 with LSTM, while at Station 3b, MSE decreased
from 0.05 (SARIMA) and 0.03 (ETS) to 0.01.

Surface stations (la, 2a, 3a) exhibited higher forecasting errors than their correspond-
ing deep-water stations, indicating greater variability at 0 m compared to 500 m depth.
Station 3a presented the most challenging forecasting conditions, where ETS produced the
highest MAPE (8.32%), whereas LSTM reduced the error to 3.27%, demonstrating improved
robustness under higher variability.

Across deep-water stations (1b, 2b, 3b), overall error magnitudes were considerably
lower, with LSTM achieving MAPE values below 1.2% in all cases and as low as 0.83% at
Station 3b. While ETS slightly outperformed SARIMA at some deep stations (e.g., 3b), both
statistical models were consistently outperformed by LSTM.

These results confirm that deep learning provides substantial performance gains over
traditional statistical approaches for ocean-temperature forecasting across multiple spatial
locations and depths.

Model Performance Comparison Across Stations (MSE)
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Figure 4. Model comparison across Stations based on MSE (°C)

Model Performance Comparison Across Stations (MAPE)
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Table 5-Table 7 and Figure 4-Figure 5 summaries performance across all stations and
depths, where “a” denotes the surface and “b” 500 m depth. AutoETS generally outper-
formed AutoSARIMA in MSE and MAPE at Stations 1a, 1b, 2a, 2b, and 3b, with Station 3a
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as an exception, where SARIMA performed better. LSTM (50 epochs) consistently achieved
the lowest MSE, RMSE, and MAPE across all stations and depths, demonstrating superior
pattern capture. LSTM (20 epochs) outperformed SARIMA and ETS at most stations but
remained slightly weaker than the 50-epoch model. RMSE trends mirrored MSE, with lower
errors at deeper stations (1b and 3b), likely due to reduced variability at 500 m. For MAPE,
ETS generally improved upon SARIMA, but LSTM (50 epochs) consistently produced the
lowest values, indicating the most precise predictions under both surface and deep-water
conditions, particularly at the more challenging Station 3a.

4. Discussion

In this study, LSTM outperformed SARIMA and ETS in forecasting monthly ocean-temperature
time series across the analysed stations and depths. This result is consistent with the theoret-
ical capability of LSTM networks to model sequential data with long-term temporal depen-
dencies, as the architecture was originally developed to address limitations such as vanishing
gradients in recurrent neural networks (Hochreiter & Schmidhuber, 1997). Previous studies
have also reported the usefulness of LSTM-based approaches for temperature forecasting,
where decomposition-based Bi-LSTM models improved prediction accuracy by separating
trend, seasonal, and residual components (Zhang et al., 2023). In the present study, the ob-
served seasonal structure and nonlinear variability in ocean-temperature records provide a
reasonable explanation for the stronger performance of LSTM compared with SARIMA and
ETS. More broadly, ocean-temperature prediction is important because marine temperature
variability is closely linked to ocean warming and ecological change (Venegas et al., 2023).

The consistent reduction in MSE, RMSE, and MAPE achieved by LSTM across most sta-
tions in this study indicates that deep-learning models can provide robust predictions when
ocean-temperature series contain nonlinear variability and temporal dependence. Previous
studies have similarly demonstrated the suitability of LSTM for temperature and environ-
mental forecasting applications, where the model showed strong capability in learning tem-
poral patterns from sequential data (Liu & Li, 2023; Salman et al., 2018). In the present study,
the improved performance of the 50-epoch LSTM compared with the 20-epoch configuration
further suggests that sufficient training helped the model better learn the temporal structure
of the ocean-temperature series.

The comparative performance of SARIMA and ETS also provides useful insights. ETS
generally produced smoother forecasts and achieved competitive performance under rela-
tively stable conditions, whereas SARIMA demonstrated stronger capability in capturing
explicit seasonal and autoregressive structures, particularly where periodic patterns were
pronounced (Hyndman & Athanasopoulos, 2018). In the present study, both models showed
reduced performance under stations with greater variability and more complex tempera-
ture fluctuations, which may explain the higher forecasting errors observed at some surface
locations. Similar comparative behaviour between SARIMA- and ETS-based forecasting ap-
proaches has been reported across different application domains, where model performance
depended on the characteristics and variability of the time series (Gao, 2025; Xian et al., 2023;
Kuan, 2022).

An important observation from this study is the difference in forecasting performance
between surface (0 m) and deep-water (500 m) stations. Surface stations exhibited higher
variability and consequently higher prediction errors, likely reflecting the stronger influ-
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ence of seasonal and environmental variability on near-surface ocean conditions. In contrast,
deep-water stations exhibited more stable temperature profiles, resulting in consistently lower
RMSE and MAPE values at 500 m depth across all forecasting models.

Overall, the results demonstrate that while SARIMA and ETS remain valuable for inter-
pretable and computationally efficient forecasting, LSTM provides a more flexible framework
for modelling complex ecological time series. In the present study, LSTM maintained strong
predictive performance across different stations and depths, suggesting improved capabil-
ity in handling nonlinear and variable ocean-temperature dynamics. The consistently lower
MSE, RMSE, and MAPE values achieved by LSTM further support its suitability for ocean-
temperature forecasting under varying environmental conditions. These findings suggest that
deep-learning approaches may provide advantages for large-scale oceanographic prediction
systems and environmental monitoring applications.

Automatic SARIMA achieved a lower AIC than the manually specified SARIMA model,
indicating that automated order selection can improve modelling efficiency and support more
consistent parameter selection across multiple time series (Arlt & Tr¢ka, 2021). Similarly,
the automatic ETS framework selected models using AIC-based optimisation, demonstrating
the usefulness of automated model-selection procedures for identifying suitable forecasting
configurations across different datasets.

In this study, ETS generally outperformed SARIMA at most stations, particularly under
relatively stable conditions, although SARIMA occasionally achieved lower errors at certain
locations such as Station 3a. Similar comparative behaviour between ETS- and SARIMA-
based forecasting approaches has been reported in previous forecasting studies, where model
performance varied depending on the variability and structure of the time series (Gao, 2025;
Xian et al., 2023; Kuan, 2022). Mixed forecasting performance between ETS and SARIMA
has also been observed in unemployment prediction studies, where SARIMA occasionally
outperformed ETS under specific temporal conditions (Davidescu et al., 2021).

Finally, LSTM, particularly with 50 training epochs, achieved the strongest forecasting
performance across most stations and depths in this study. The lower MSE, RMSE, and MAPE
values obtained by LSTM suggest that deep-learning approaches may provide advantages in
capturing nonlinear variability and long-term temporal dependencies in ocean-temperature
data. Similar advantages of LSTM-based forecasting models have been reported in tempera-
ture, weather, and energy forecasting applications, where deep-learning approaches demon-
strated strong capability in learning complex temporal patterns from sequential data (Liu &
Li, 2023; Salman et al., 2018; Bilgili & Pinar, 2023). In the present study, the strong perfor-
mance of LSTM at more variable stations, such as Station 3a, further highlights its robustness
under complex environmental conditions.

5. Conclusion

This study compared traditional statistical models (SARIMA and ETS) with a deep-learning
model (LSTM) for ocean-temperature forecasting at multiple stations and depths in the Cal-
COFI region. Automatic SARIMA improved on manual SARIMA in terms of AIC, and ETS
generally outperformed SARIMA across stations. However, neither matched the performance
of LSTM. Particularly, LSTM with 50 training epochs, consistently achieved the lowest MSE,
RMSE, and MAPE, supporting its ability to capture nonlinear patterns and long-term depen-
dencies in ecological time series. SARIMA and ETS remain useful for simpler datasets or
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situations where computational cost and interpretability are critical, whereas LSTM emerges
as the most robust option for complex ocean-temperature prediction in the present study.
These findings underline the advantages of deep learning for ecological forecasting and high-
light its potential to advance predictive modelling in environmental applications. They also
emphasise the importance of selecting appropriate modelling approaches for long-term en-
vironmental monitoring and climate-related decision-making.

The forecasting framework developed in this study may support detailed analysis of
ocean-temperature behaviour with depth, including long-term trends, seasonal variability,
and temporal patterns in the CalCOFI region and similar marine monitoring programmes
(O’'Donncha et al., 2022). Accurate forecasting at both surface (0 m) and deep-water (500 m)
stations may also assist marine ecosystem assessments and climate-related environmental
studies (Wei & Guan, 2022). Furthermore, LSTM-based forecasting approaches may con-
tribute to early-warning systems by helping identify anomalous or extreme temperature con-
ditions in marine environments (Bonino et al., 2024). Integration of these forecasting models
into Al-driven environmental decision-support systems could additionally support planning
and optimisation in coastal resource management and environmental monitoring.

The datasets used were relatively small, so AutoSARIMA and AutoETS procedures were
efficient; however, for larger datasets and higher model orders, parameter estimation and
model selection may become more computationally demanding. Strategies for choosing reg-
ular and seasonal differencing orders, especially in more complex series, still require refine-
ment.

The present work does not fully address real-world complexities such as extensive data
transformations, outlier treatment, or structural breaks, all of which may influence perfor-
mance and limit generalisation to other regions or higher-frequency data.

Future research should extend this analysis to larger and more diverse datasets to better
understand model behaviour under different temporal and spatial conditions. Further opti-
misation of LSTM hyperparameters, such as batch size, number of layers, and epochs, could
improve performance and stability.

Hybrid models that combine SARIMA or ETS with LSTM or other deep-learning ar-
chitectures are a promising direction. Such approaches could exploit the interpretability of
statistical models together with the nonlinear learning capacity of deep networks to produce
more robust ocean-temperature forecasts.
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Usporedba predvidanja temperature oceana koristenjem SARIMA, ETS i

LSTM modela

SAZETAK
To¢no predvidanje temperature oceana klju¢no je za razumi-
jevanje dugoro¢ne okolisne varijabilnosti i podrsku ekoloskom
odluc¢ivanju. Ovaj rad ocjenjuje uspjesnost modela SARIMA
(sezonski autoregresijski integrirani model pomicnih prosjeka), ETS
(model pogreske, trenda i sezonalnosti) i LSTM (model duge kratko-
rocne memorije) u predvidanju temperature oceana koristenjem
povijesnih vremenskih nizova podataka iz programa CalCOFL
Skup podataka pripremljen je primjenom sezonske dekompozi-
cije i analize stacionarnosti, a to¢nost predvidanja ocijenjena je
pomocu pokazatelja MAPE (srednja apsolutna postotna pogreska),
RMSE (korijen srednje kvadratne pogreske) i MSE (srednja kvadratna
pogreska). Rezultati pokazuju da je LSTM ukupno dao najto¢nija
i najstabilnija predvidanja, ostvarujuéi niZe vrijednosti RMSE i
MAPE na veéini postaja i dubina. Model je uspjesno zabiljezio
nelinearno ponasanje, sezonsku varijabilnost i ekstremne tem-
peraturne fluktuacije. SARIMA je pokazala snaznu sposobnost
VRSTA CLANKA modeliranja trenda i sezonalnosti, dok je ETS generirao glada
Prethodno priopéenje predvidanja, ali s razmjerno visim vrijednostima pogreske. Di-
jagnostika reziduala dodatno je potvrdila superiornu sposob-
. nost LSTM-a da naudi sloZene vremenske ovisnosti prisutne u
INFORMACIJE O CLANKU  podacima o temperaturi oceana. Ovaj rad doprinosi usporednoj
Primljeno: 21. travnja 2026. ogjeni klasi¢nih statisti¢kih modela i modela dubokog ucenja za
Prihvaceno: 22. svibnja 2026. predvidanje ekoloskih vremenskih nizova te pruza dokaze koji
DOI: 10.62366/ crebss.2026.1.002 . .. oy
JEL: C22, C45, Q54 p.odu}.nr.u prl/m]e.nu LSTVM—a za poboljsano oceanografsko pred-
vidanje i pracenje okolisa.
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Ekoloski vremenski nizovi, ETS, predvidanje, LSTM, SARIMA
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