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with SIE in prior studies [3]. We utilize the Spearman’s rank correlation and
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;@ ExtraTrees regressor to enhance our understanding of the importance of the
pen Access

five variables in predicting SIE. We further enhance our predictor variables
with seasonal information, lagged time steps, and a linear regression simulated
SIE that accounts for the influence of past SIE on current SIE. Statistical meth-
ods guide our selection of data scalers and best evaluation metrics for our
model. By experimenting with hyperparameter optimization and advanced
deep learning training techniques, such as batch sizes, number of neurons,
early stopping, and model checkpoint, our model achieved a Mean Absolute
Error (MAE) of 0.191 and R? of 0.996, underscoring its ability to account for
nearly all the variance in our data and holds great promise for the prediction
of SIE.
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1. Introduction

The rapid decline of Arctic Sea ice has become increasingly relevant due to its
profound and far-reaching effects on the environment, climate, ecosystems, and
human communities [2]. The most common measure of sea ice is extent, defined
as the area covered with an ice concentration of at least 15%. Extent increases and
decreases with the seasons. As shown in Figure 1, the median Arctic extent, as
assessed over the period 1981-2010, is greatest in mid-March. The minimum me-

dian extent falls in mid-September [4].

Arctic Daily Sea Ice Extent (millions of km?)
16-

6- 2012 (record low)
4-"""" 1981-2010 average
+2 standard deviations
2 T T T T T T T
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Figure 1. Daily Arctic Sea Ice Extent in millions of km? [5].

Since 2011, the decline of sea ice has persisted, and near-surface permafrost has
continued to warm, signaling a transformation of the Arctic into a warmer, more
humid, and less predictable environment [6]. The stability of marine ecosystems
and the very survival of marine life are put at risk as sea ice continues to melt.
Moreover, the alterations in the Arctic region will amplify disruptions in ocean
currents, affecting global weather patterns, the viability of fishing industries, and
the vulnerability of coastal cities to increased flooding risks. The consequences of
melting sea ice underscore the urgent need for the development of precise predic-
tive models that can capture the dynamic changes occurring in the Arctic. These
models are essential for not only understanding the impacts of decreased sea ice
on the Arctic but also for gaining invaluable insights into the broader issue of
climate change.

Various approaches have been made to develop prediction models for the Arc-
tic, however they focus on exploring convolutional neural networks and Convo-
lutional Long Short-Term Memory networks (ConvLSTM), while the exploration
of Long Short-Term Memory (LSTM) networks is limited per our literature re-
view. It’s important to understand that the melting of Arctic Sea ice is a multifac-
eted phenomenon, one that is influenced by a variety of climate and atmospheric
variables. To address this complexity and enhance prediction accuracy, our study
employs feature selection to encompass a wide array of variables, including sea
surface temperature, surface pressure, total precipitation, latent heat, and sensible

heat. Additionally, many predictive models underestimate the speed of melting in
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the Arctic and limit the range of techniques used to enhance their LSTM models.

According to the Sea Ice Outlook by Sea Ice Prediction network (SIPN), before
2020, there were more submissions with statistical approaches and dynamical
models in comparison to those utilizing machine learning [7]. In a pioneering
study, Chi and Kim [8] utilized machine learning and developed a 1-month fore-
cast LSTM model to predict sea ice concentration (SIC). Their model predicted
monthly SIC with less than 9% average monthly prediction errors. Achieving ac-
curate predictions during the melting season (June to October) was more chal-
lenging compared to the freezing season (November to May). This heightened
difficulty was attributed to the impact of sea ice thinning [8].

This study branches off our previous research [9], in which we focused on ex-
ploring the combination of image and numerical data when constructing predic-
tive models for the Arctic Sea Ice Extent (SIE). In this study, we aim to further
explore the potential of LSTM models using exclusively numerical data. This ap-
proach allows us to employ a variety of techniques to optimize the accuracy of our
sequential LSTM model and make informed comparisons on the most effective
methods for SIE prediction.

This research not only enhances our comprehension of sea ice dynamics, but
also equips us with the essential knowledge pertaining to LSTM models and their
application in preserving and protecting the Earth’s delicate environmental bal-

ance.

2. Model
2.1. Long Short-Term Memory Networks (LSTM)

LSTM network is a special type of Recurrent Neural Network (RNN) which was
developed to overcome the limitations of traditional RNNs, particularly their in-
ability to capture and maintain long term dependencies [10]. Consequently,
LSTM:s are exceptionally well-suited for tasks involving the classification and pre-
diction of time-series data.

A typical LSTM structure is composed of distinct memory blocks known as
cells. These cells act as transporters of essential information through the network’s
chain and thus effectively serve as the network’s memory. This architecture ena-
bles the transfer of information from earlier time steps to subsequent ones, gen-
erating the capacity for long-term memory retention. An LSTM cell consists of
the cell state (C), the hidden state (A) and three gates: the forget gate, the input
gate, and the output gate. The cell state is the long-term memory of the LSTM
whereas the hidden state is the short-term representation or output of the current
time step. The gates regulate the flow of information by determining what to for-
get, update, and output, enabling the network to effectively capture and utilize
long-term dependencies in sequential data.

Activation functions play a crucial role in controlling the flow of information
through LSTM networks and learning complex patterns in sequential data. They

allow LSTM to selectively update and utilize information in the cell state based on
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the input, previous states, and the network’s learned parameters. For the gate and
cell state operations, LSTM networks traditionally employ the sigmoid and hyper-
bolic tangent (tanH) activation functions due to specific gate-like characteristics
and suitability of these activations for handling sequential data.

The sigmoid function confines data to a range of 0 to 1; when the input is large
and positive, the output approaches 1 else the output approaches 0. The tanH
function maintains values between —1 and 1 to regulate data flow; when the input
is a large positive number, the tanH function approaches 1, whereas it approaches
-1 for large negative numbers.

Referring to Figure 2, the forget gate decides which information to keep or for-
get from the cell state. To make this decision, it multiplies the current input (x)
and the previous hidden state (/A.-;) by weight matrices and adds a bias. The sig-
moid function is then applied and produces a vector with values from 0 to 1, cor-
responding to each number present in the cell state. An output of 0 indicates for-
getting and an output of 1 indicates keeping that piece of information. The vector
output (£) produced by the sigmoid function is then multiplied' to the previous
cell state (Ci-1) so that knowledge no longer needed is forgotten.

h 4
1
Forget gate Input gate Output gate
c T c
-1 | y /x\ ‘:r ; @ | ! .
| i ————= =+
| l| I tanh :
| | |
| -
PR I Kl
| W o tanh ||| © '
hz—l | ll i : h’
L I A | .
R | — ol e —— — —— — -l %

Figure 2. Basic Structure of an LSTM unit.

Then, the input gate determines the addition of new information in the current
cell state. It begins by subjecting the current input (x;) and the previous hidden
state (/1) to a sigmoid function, producing values between 0 and 1 and thus cre-
ating a regulatory filter (7). This process is similar to the one of the forget gate.
Moreover, the current input (x;) and the previous hidden state (A-1) also pass
through a tanH function, producing a new cell state C,. Finally, C,. and the
value of the regulatory filter (7) are multiplied, and this information is added to
the current cell state.

The final gate, known as the output gate, utilizes relevant information from the

forget and input gates to decide whether to update and store new state data. The

'Element-wise multiplication: this type of multiplication takes in two vectors (or more generally two
matrices) of the same dimensions and returns a vector (or matrix) of the multiplied corresponding
elements.

DOI: 10.4236/acs.2024.144026

432 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2024.144026

V. Pegkou Christofi, X. D. Wang

previous cell state (C.1) goes through the tanH function and the result is multi-
plied by the output of the sigmoid function (o,). The resulting vector is the new
hidden state (A, that is output by the LSTM for the current time step.

The final gate, known as the output gate, utilizes relevant information from the
forget and input gates to decide whether to update and store new state data. The
previous cell state (C,1) goes through the tanH function and the result is multi-
plied by the output of the sigmoid function (o,). The resulting vector is the new
hidden state (/) that is output by the LSTM for the current time step.

For our research we implemented our LSTM model with TensorFlow, a flexible

and high performing end-to-end machine learning platform [11].

2.2. Research Dataset

The SIE data used for our model was obtained from the National Snow and Ice
Data Centre (NSIDC) and consisted of monthly numerical data from 1989 to 2022
[12]. NSIDC monitors and provides data on various aspects of Earth’s cryosphere,
including sea ice, glaciers, and snow cover. They use a variety of methods, such as
satellite observations and ground-based measurements, to track and analyze
changes and other characteristics of sea ice. The SIE data was derived from satel-
lite sensors that measured the presence of ice cover over large areas. From there,
the satellite measurements were combined and processed to calculate the monthly
extent of sea ice coverage in the Arctic available in numerical form.

To enrich our dataset with variables influencing changes in sea ice, we used
ERA5 data from Copernicus [13]. ERA5 is a reanalysis dataset that offers con-
sistent historical weather variable estimates. ERA5 integrates data from observa-
tion satellites, ground-based weather stations, and ocean buoys to create a com-
prehensive dataset. ERAS5 data is processed by organizing it into a grid that covers
the entire Earth. This grid structure process makes the data easily accessible and
usable for various applications, as it provides a structured and consistent format
for the data, simplifying data analysis and interpretation.

Specifically, from ERAS5 we extracted the following predictor variables: sea sur-
face temperature (SST), total precipitation (TP), surface pressure (SP), surface la-
tent heat flux (SLHF), and surface sensible heat flux (SSHF). The selection of these
variables was based on analysis from Chen [3] that confirmed correlation with
SIE. For example, SST directly affects sea ice dynamics, as higher temperatures
can promote further ice melt. TP, in the form of snowfall, can slow down the rate
of melting through insulating ice from atmospheric heat. However, precipitation
in the form of rainfall can accelerate ice melt. SP can modulate wind patterns, thus
indirectly affecting sea ice. Finally, SLHF and SSHF impact the energy balance of

the ice, influencing freezing and melting rate.

2.3. Data Pre-Processing

To enhance our data integrity, we applied multiple data preprocessing techniques,

including normalization, dimensionality adjustments, and dataset merging.
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Notably, we addressed spaces in target labels and handled missing values in the
data. Specifically, we handled such values with polynomial interpolation, which is
regarded as a good method for interpolation of monthly and yearly climate ele-
ments [14]. This meticulous handling is crucial to ensure the robustness and ac-
curacy of our dataset for our machine learning model.

After verifying our SIE data, we shifted our focus onto the ERA5 climate varia-
ble data. ERA5 data is stored in specialized formats like NetCDF (Network Com-
mon Data Form) or GRIB (Gridded Binary). As TensorFlow doesn’t provide built-
in functionality to read ERA5 climate variable data, we extracted the data from
the climate dataset. After loading the ERA5 data, we first analyzed the data struc-
ture and dimensions. Originally, our dataset contained the following dimensions:
longitude, latitude, EXPVER, and time. EXPVER is a dimension representing the
version or ensemble member of the experiment in climate or weather modeling.
Our dataset included 2 EXPVER values, indicating that there were two ensemble
members or experiment versions in the subset of the NetCDF file. In addition to
EXPVER, each climate variable in the NetCDF file had its own 2D array of values
representing the data for each combination of longitude and latitude. Our first
step was to split the dataset based on its EXPVER. We then conducted spatial ag-
gregation to lower data dimensions based on latitude and longitude. This effec-
tively transformed our dataset, enabling conversion to CSV format for merging
with our numerical SIE data. SIE was loaded as our target variable, while ERA5

data served as our control variables.

2.4. Data Analysis

In the initial stages of our data analysis, we recognized the potential impact of ex-
treme values, or outliers, on the performance and robustness of our LSTM model.

The distribution of data plays a significant role in outlier detection. The Shapiro-
Wilk test results showed that all our variables except for SP did not follow a normal
distribution. Thus, for outlier detection we decided to use the Interquartile Range
(IQR) as it doesn’t depend on a specific distribution and uses percentiles.

To determine the presence of outliers, we performed the following calculations:
first, we solved for the first quartile value (Q1) and the third quartile (Q3). Subse-
quently, the IQR was derived by subtracting Q1 from Q3. We utilized the follow-
ing formulas to find our outliers: Q1 — 1.5 (IQR) for the lower bounds and Q3 +
1.5 (IQR) for upper bounds. Our findings are displayed in the box plots of Figure
3 below: all our variables, except SIE and TP, contained outliers.

Our next goal was to check for the relation between our target variable, SIE, and
climate variables. We utilized Spearman’s rank correlation coefficient as this
method is robust against the presence of outliers and doesn’t require normal dis-
tributional shape when calculating relationships between variables [15]. A Spear-
man coefficient is abbreviated as p and is calculated with the ranks of the values
of each variable, instead of the actual values [16]. The value of the Spearman co-

efficient ranges between -1 and +1. A value of -1 indicates strong negative
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correlation, meaning that as one variable increases, the other tends to decrease. A
value 0 means no association, and a value of +1 indicates strong positive correla-
tion, meaning that as values of one variable increase, the values of the other vari-

able also increase.

Sea Ice Extent Sea Surface Temperature (sst)

®  Outliers ®  OQutliers
' I-- |
i 8 10 12 14 16 272.0 2725 273.0 2735 274.0
Sensible Heat Flux (slhf) Surface Pressure (sp)
e Outliers ® Outliers
° b ° oo
-8 -6 -14 -12 -0 -08 06 04 98000 98500 99000 99500 100000 100500
Surface Solar Heat Flux (sshf) Total Precipitation (tp)
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| - }—.—{
800000 600000 400000 —200000 0 200000 400000 00004 00006 0.0008 00010 00012 00014 00016 00018
Figure 3. Box plots for the SIE and predictor variables.
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Figure 4. Heat map for SIE and predictor variables.
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As shown in Figure 4, the analysis indicates a strong negative correlation between
SST and TP and SIE (correlation coefficients of —0.95 and —0.86 respectively), indi-
cating that as SST and TP increase, SIE decreases. There is a moderate positive mon-
otonic relationship between SLHF and SIE (correlation coefficient of 0.58), and a
weak positive monotonic relationship for SP and SIE (correlation coefficient of
0.25). For SSHF and SIE, the Spearman’s rank correlation coefficient is —0.04, sug-
gesting a very weak or negligible monotonic relationship between the variables.

Next, we utilized the ExtraTrees regressor, a meta-estimator that employs ran-
domized decision trees on dataset subsets to analyze feature contributions for tar-
get variable predictions. This method assesses both linear and nonlinear relation-
ships and enhances predictive accuracy as it averages results and helps to mitigate
overfitting risks. The output is a numerical value of each variable’s importance,
where all values sum to 1. The results were as follows:

e Sea Surface Temperature (SST) importance: 0.600
e Latent Heat Flux (SLHF) importance: 0.075

e Surface Pressure (SP) importance: 0.012

o Sensible Heat Flux (SSHF) importance: 0.025

e Total Precipitation (TP) importance: 0.288

Our SST variable retained its position as the most influential feature for pre-
dicting SIE, despite changes in the importance of other variables. For this analysis,
our SP variable resulted as the least impactful for our prediction model, followed
closely by SSHEF.

Combining the results from the Spearman’s rank correlation coefficients with
ones from Extra Trees Regressor feature importance can provide valuable insights

into the relationships between variables and confirm their importance in predict-

ing SIE (see Table 1):

Table 1. Spearman’s correlation and extra trees regressor results.

Spearman’s Correlation

Extra Trees Regressor

Sea Surface
Temperature
(SST)

Surface Latent

—0.95: Strong negative correlation.
This suggests that as SST increases,
SIE decreases.

0.58: Moderate positive correlation,

0.600: High importance, the
most influential feature in
our dataset.

0.075: Moderate importance

Heat Flux indicating that higher SLHF is contributing to the model’s
(SLHF) associated with increased SIE. predictive power.
Surface " . 0.012: Very low importance
0.25 Positive correlation but weaker . .
Temperature but still contributes to the
than SST and SLHF.
(SP) model
Surface —0.04: Very weak negative 0.025: Low importance. It
Sensible Heat  correlation, indicating a negligible contributes to the model but
Flux (SSHF)  relationship. is not a major influencer.
. ) 0.288: Significant
Total —0.86: Strong negative correlation, .
e as g : . importance, the second
Precipitation  indicating that higher precipitation . . .
. . . most influential feature in
(TP) is associated with reduced SIE.

our dataset.
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As a summary:
e SST and TP stand out as critical factors influencing SIE, supported by both
strong Spearman’s correlations and high ExtraTrees importance scores.
e SLHF also plays a significant role, having a moderate Spearman’s correlation
and a moderate importance score.
e SPand SSHF have weak Spearman’s correlations and relatively low importance
scores, suggesting they contribute to the prediction but have less impact com-

pared to other variables.

3. Building the LSTM Model

In our initial study [9] we developed a LSTM model tailored for handling numer-
ical climate data. The model demonstrated satisfactory performance with R? score
of 95.48, MAE of 0.58, MSE of 0.49 and RMSE of 0.70, showcasing its efficacy in
SIE prediction. Experimentation showed that the best performance was achieved
with 78 LSTM units and 64 batch size.

In our current research, we systematically investigate several other crucial di-
mensions of our model, in addition to LSTM units, batch sizes, and adjustable

learning rate to evaluate the impact on its predictive capabilities.

3.1. Model Optimization

Our LSTM model’s optimization journey encompasses the key areas described be-
low.
¢ Extended Historical Context

We explore the impact of varying historical context by creating data sequences
with 6 and 12 past months. Chen [3] showed that when using multiple linear re-
gression (MLR), support vector regression (SVR), and random forest regression
(RFR) techniques, a 12-month sea ice data resulted in a better forecast for SIE than
using 6-month data. As shown further below, our analysis provides valuable in-
sights into the significance of historical data length for accurate predictions in
LSTM models.
e Hyperparameter Optimization

The number of LSTM units determines the complexity of the model. More units
allow the model to learn more complex patterns in the data but may also lead to
overfitting if the model becomes too complex for the given dataset. We also ex-
periment with batch size, an important hyper-parameter in deep learning that
represents the number of samples that work through the network on each itera-
tion before updating the internal model parameters. The batch size has a direct
impact on the accuracy and computational efficiency of the training process.
Large batch sizes can provide a smoother gradient signal and lead to faster training
times. However, it has been observed that using larger batches lead to the decline
of a model’s ability to generalize [17]. On the other hand, it has been demonstrated
that smaller batches allow a significantly smaller memory footprint and introduce

noise in the optimization, leading in improved generalization performance [18].
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This yields a more stable and reliable training.
e Data Scaling

As presented earlier, our data doesn’t follow a Normal (Gaussian) distribution
and contains outliers. Standardization is suitable for data that has a normal distri-
bution, whereas Normalization (MinMax) is preferred when data does not follow
a normal distribution but is sensitive to outliers. Robust scaling is used when data
has many outliers [19]-[21]. For our data scaling, we experiment with all three
scalers.
¢ Temporal Embedding

To capture the temporal patterns inherent in climate data, we test the inclusion
of the month variable into our data series. We aim to refine the model’s under-
standing of seasonal variations, a critical factor in climate prediction. We also ex-
periment with the inclusion of past SIE information to check how this could help
enhance our model’s ability to capture temporal dependencies in the data.
e Advanced Training Techniques

In addition to the adjustable learning rate, we experiment with model check-
point and early stopping techniques. Model checkpoint ensures the preservation
of the best-performing model during training, while early stopping prevents over-
fitting by stopping training when validation loss starts increasing, leading to a
more generalizable and robust LSTM model. Overfitting occurs when a model
learns to fit the training data very closely, but it performs poorly on unseen or test
data.
e Regularization Techniques

Regularization techniques are also used to prevent overfitting and improve the
generalization of a model. For example, the Elastic Net regularization combines
the advantages of both L1 and L2 regularization. The L1 encourages the model to
focus on a subset of the most relevant features, effectively ignoring irrelevant or
redundant ones, thus reducing the complexity of the model. On the other hand,
the L2 regularization prevents any one feature from dominating the model’s pre-
dictions and improves the model’s stability [22] [23].
e Activation Functions

As mentioned earlier, LSTM networks traditionally employ the sigmoid func-
tion for the gate activation and tanH function for the cell state operations, due to
specific gate-like characteristics and suitability of these activations for handling
sequential data. However, both sigmoid and tanH functions present the vanishing
gradient problem. The Rectified Linear Unit (ReLU) activation was introduced to
solve this problem. It is linear for all values greater than or equal to zero, which
enables it to learn faster. However, any input value that is below or equal to zero
causes the ReLU to produce an output of zero, leading to zero gradients during
backpropagation, a problem known as the dying ReLU problem. The Parametric
ReLU (PReLU) improves ReLU by adding a slope for negative values, thus allow-
ing the algorithm to learn from negative data regions.

Experimenting with activation functions won’t be a focus in this study.
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Nevertheless, due to having both positive and negative values in our dataset, we
checked our best performing model with the Parametric ReLU (PReLU) for the
LSTM layer.

The primary goal is to build a model that predicts a continuous numerical value,
that is of the SIE. Since the focus is on producing an output that directly represents

the SIE value, we will only use the default linear function for the output layer.

3.2. Evaluation Metrics

In our study, we conduct a comprehensive evaluation of our model’s performance
using the following standard deterministic accuracy metrics: Mean Absolute Error
(MAE), R-squared value (R*), Mean Square Error (MSE), and Root Mean Square
Error (RMSE).

MAE measures the average absolute differences between predicted values and
actual values in a dataset. R* represents the proportion of the variance in the de-
pendent variable that is predictable from the independent variables in a regression
model. MSE measures the average of the squared differences between predicted
values and actual values in a regression problem. Finally, RMSE provides a more
interpretable measure by taking the square root of the MSE.

As our data analysis demonstrates, our data contains outliers. Since the squar-
ing of errors enforces a higher importance on outliers, MSE and RMSE may be

less robust for our model compared to MAE [24].

3.3. Data Preparation

Data splitting into training, validation, and test sets is essential for assessing and
fine-tuning machine learning models, preventing overfitting, choosing the best
model, and ensuring they can make accurate predictions on new, unseen data. It’s
a fundamental practice for robust and reliable model development. Since our data
is a time series, we used a temporal split: allocated the earlier portion of the data
for training (80%), a middle portion for validation (10%), and the most recent
portion for testing (10%).

We organize our data in sequences, with each sequence containing a series of
past data points of the SIE and predicting variables, and the corresponding target
representing the next data point for the SIE. The inclusion of the SIE from the
previous month was important to account for temporal dependencies in the data.

For example, in the case of sequences considering three lagged time steps, the
structure of the inputs and outputs would be as follows:

X [[SIE(t-3), varl(t-3), var2(t-3) ...]

[SIE(t-2), varl(t-2), var2(t-2) ...]
[SIE(t-1), varl(t-1), var2(t-1) ...]]
Y SIE(t)

4.LSTM Model

In this section we present the steps we take for exploring performance

DOI: 10.4236/acs.2024.144026

439 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2024.144026

V. Pegkou Christofi, X. D. Wang

improvements to our supervised regression learning problem: predicting the SIE
at the current month () using the SIE and environmental variables values from
prior time steps. We will only highlight the configurations that yield the best re-
sults. Our baseline, stateful LSTM model was built with two dense layers and uti-
lized the default activation methods. The first is the LSTM layer, using sigmoid
and tanH activations, followed by an output layer with a single unit that uses the
linear activation function.

model = Sequential()

model.add(LSTM(lstm_units, input_shape=(n_past_months, n_features)))

model.add(Dense(1)) # Output layer for regression

model.compile(loss="mae’, optimizer="adam")

We also included the ReduceLROnPlateau scheduler, a learning rate adjustment
technique that operates by monitoring a specific metric, in our case the validation
loss. If the validation loss does not improve after the number of epochs defined by
the “patience” variable, the scheduler reduces the learning rate to 10% of its current
value (factor parameter). The learning rate will never go below min_lr.

ReduceLROnPlateau(monitor="val_loss', factor=0.1, patience=20, verbose=1,
min_lr=1e-6)

The first improvement we wanted to make was to train our model with an ex-
tended historical context of 6 and 12 months (Ze, 6 and 12 lagged time steps). We
also experimented with different scalers to optimize our model’s performance by
tailoring the data preprocessing to our specific dataset. The Robust Scaler scales
the data in such a way that makes it more robust to outliers by using the median
and interquartile range (IQR) rather than the mean and standard deviation.
Standard and MinMax scalers are both not robust to outliers.

Table 2 below shows the best performance results for 6 and 12 lagged time steps
for all scalers we tested. We obtained best MAE for 12 lagged time steps, indicating
better predictive performance. This observation is consistent with the findings of
Chen et all for their support vector, random forest, and multiple linear regression
models. Out of the two scalers that are not robust to outliers, Standard scaler had
superior results. Moreover, considering all performance indicators, scaling with
Robust scaler provided better results than with MinMax scaler. Thus, we decided

to check performance with both Standard and Robust scalers for the next tests.

Table 2. Best performance results with learning rate adjustment technique.

SIZ::; Months I{JS;Z[ Batch Size' MAE R* MSE RMSE
Standard 6 64 32 0485 098 0235 0.484
Standard 12 9% 64 0334 099 0.181 0.425
MinMax 6 78 64 0.743 095 0575 0.758
MinMax 12 78 32 0467 098 0273 0522
Robust 6 64 32 0571 097 0330 0.574
Robust 12 64 64 0480 098 0232 0482
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LSTM networks are well-suited for sequence prediction tasks where the order
and timing of events matter. To enhance the model’s performance and provide
additional context regarding how data changes over time, we decided to conduct
further experiments with the incorporation of seasonal information. Seasonal in-
formation can offer valuable insights into recurring patterns within the data.

To achieve this, we included month information using cyclical encoding. Cy-
clical encoding is a methodology used to represent cyclical patterns, such as those
related to time of day, months, or seasons. This technique ensures that the values
“wrap around” in a circular fashion, preserving the inherent cyclical nature of the
data. By encoding the months in this manner, we aimed to provide our LSTM
model with a deeper understanding of how seasonal changes influence the data,
ultimately testing its impact on prediction accuracy. Cyclical encoding can be

done using the following transformations [25].
Xgp =Sin(27* x/max (x)) (1)
X5 = COS( 277 * X/max (X)) )

For our monthly data, let M =month, where M =1,---,12, and
Mg, =sin(z*M/6) (3)
Mo, = Cos(z*M/6) 4)

For a 12-month historical context, our model performed best with 96 LSTM
units and 64 batch size (see Figure 5 and Figure 6). Specifically, we obtained the
following results:

Standard Scaler: MAE: 0.399 || R% 0.993 || MSE: 0.086 || RMSE: 0.294

Robust Scaler: MAE: 0.230 || R% 0.993 || MSE: 0.088 || RMSE: 0.296

We also experimented with the inclusion of yearly information. However, this

did not improve our results and therefore we excluded this from our dataset.

Actual vs. Predicted Values
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Figure 5. Inclusion of Month in Dataset, performance for 12-month historical context—Standard Scaler.

The next step was to utilize the early stopping technique. Early stopping monitors
the model’s performance on a validation dataset during training and stops training

when the performance starts to degrade, preventing overfitting. If the validation loss
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stops improving or begins to worsen, considering the “patience”, training is halted.
Therefore, it helps in preventing the model from learning noise in the training data,

saving time and resources, and often results in better generalization to unseen data.

Actual vs. Predicted Values

—— train — Actual
test Predicted
104 14
s 12 )
\ /
o g10 /
= / :"
> | /
/ /
4 8 \ /r
24 6 \/
0 4
0 50 100 150 200 250 0 5 10 15 20 25 30

Sample Index

Figure 6. Inclusion of Month in Dataset, performance for 12-month historical context—Robust Scaler.

from tensorflow.keras.callbacks import EarlyStopping

early_stopping = EarlyStopping(monitor="'val_loss', patience=10, re-
store_best_weights=True)

history = model fit(train_X, train_y, epochs=250, batch_size=64,

validation_data=(validation_X, validation_y),
callbacks=[early_stopping, reduce_Ir], verbose=0,
shuffle=False)

We tested three different values for patience: 10, 15, and 20 (see Table 3). For
Standard scaler we obtained better performance results for patience equal to 20.
For Robust scaler, the performance results for 15 and 20 patience were very close.
There was a slight improvement on MAE with patience 15, which indicated that
our model was able to achieve better performance in terms of absolute prediction
accuracy on the validation data.

Thus, for our subsequent testing we decided to use patience 20 for Standard

scaler and patience 15 for Robust scaler.

Table 3. Inclusion of early stopping—Performance results for patience 10, 15, 20.

Data Scaler  Early Stopping Patience = MAE R? MSE RMSE
Standard 10 0.272 0.991 0.109 0.33
Standard 15 0.305 0.989 0.133 0.364
Standard 20 0.260 0.992 0.095 0.309

Robust 10 0.396 0.979 0.267 0.517
Robust 15 0.236 0.994 0.076 0.275
Robust 20 0.242 0.994 0.074 0.272

The next step was to further explore our model’s performance with the
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inclusion of the model checkpoint technique. Model checkpoint saves the model’s
weights and architecture periodically during training, typically after each epoch
or after a certain number of training steps. This feature enables the ability to re-
sume training from a specific point if the training process is interrupted or to se-
lect the best performing model for later use. Therefore, this provides access to the
model’s best state during training, even if the training process is interrupted. Ad-
ditionally, it allows for the evaluation of the model’s performance on different da-
tasets or at different points in time.

Setting the monitor equal to “val_loss” allowed the callback to save the weights
when it observed an improvement in validation loss. The callback only saved the
model weights if the validation loss had improved compared to the previous best
value. We then loaded the best performing weights to make the predictions.

The order in which we utilized early_stopping, reduce_lr, and checkpoint
callbacks is important. First, we wanted to monitor the model’s performance with
early_stopping. If training continues without early stopping, our model could
consider reducing the learning rate with reduce_lr, when needed. Finally, we
placed checkpoint last to save the model’s weights after the other callbacks run.

checkpoint=ModelCheckpoint(filepath="best_model_weights.h5', moni-
tor="val_loss', save_best_only=True)

history = model fit(train_X, train_y, epochs=250, batch_size=64,

validation_data=(validation_X, validation_y),
callbacks=[early_stopping, reduce_lr, checkpoint],
verbose=0, shuffle=False)

# Load the best model weights

model.load_weights('best_model_weights.h5')

The combination of model checkpoint and early stopping enabled us to balance
two important but somewhat conflicting objectives: preventing overfitting and
ensuring that we save the best model. Therefore, we expected that it would not
only ensure the stability and reliability of our model but would also optimize the
use of computational resources, as unnecessary iterations would be prevented.

The performance results for standard scaler deteriorated when we combined
early stopping and model checkpoint. Both the MAE and MSE increased by ap-
proximately 8.46% and 25.26% respectively. In contrast, the results with Robust
scaler improved; MAE and MSE decreased by approximately 10% and 6.7%. The
difference in model performance with different scalers alongside model check-
point and early stopping is something worth investigating more.

Standard Scaler: MAE: 0.282 || R% 0.99 || MSE: 0.119 || RMSE: 0.345

Robust Scaler: MAE: 0.212 || R% 0.994 || MSE: 0.069 || RMSE: 0.263

Overall, with Robust scaler, combined with early stopping and model check-
point, the model’s performance results prove that the predictions are very close to
the actual values (MAE: 0.212, MSE: 0.069) and the model captures almost all the
underlying patterns in the data (R% 0.994). The low RMSE (0.263) also indicates a
tight fit of our model to the data. Figure 7 below shows the train and test loss and
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the actual versus predicted values SIE graph. Table 4 also shows the actual (test

dataset) versus predicted SIE values.

Actual vs. Predicted Values
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Figure 7. Robust scaler: Inclusion of Month in Dataset—Performance for 12 month window, Early Stopping and

Model checkpoint.

Table 4. Actual versus Predicted values for Robust scaler.

Actual Predicted Actual Predicted
7.29 7.98 6.82 6.88
5.07 5.34 9.83 9.79

4 4.26 12.15 12.19
5.33 5.91 13.87 13.58
8.99 9.04 14.61 14.45
11.73 11.57 14.59 14.84
13.5 13.14 13.99 13.82
14.39 14.21 12.88 12.68
14.66 14.46 10.88 11.03
13.79 13.97 8.29 8.19
12.68 12.35 5.95 5.53
10.77 10.35 4.9 4.85
7.65 7.91 6.66 6.70
5.71 5.83 9.73 9.64
4.95 5.10 11.89 12.00
7.29 7.98 6.82 6.88

Since the robust scaler is designed to handle outliers and due to the existence of
outliers in our data, we believe that the use of Robust scaler resulted in a more
stable performance. Model checkpoint saves the model weights when the valida-
tion metric improves. Based on our observations, we believe that Robust Scaler
leads to more stable training, thus making easier for early stopping to identify the

optimal stopping point and for model checkpoint to capture more robust model
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snapshots.

Similar to past research results [8], the model with Robust scaler also achieved
more accurate predictions during freezing season compared to the ones during
melting season, with July having the least accurate prediction. Table 5 below in-
cludes the performance results for each season and Table 6 includes the perfor-

mance results per month.

Table 5. Evaluation Metrics for Melting and Freezing season (96 LSTM units, 64 batch
size, Robust scaler, adjustable learning rate, early stopping with patience 15 and model
checkpoint).

Melting Season Freezing Season
(June to October) (November to May)
MAE 0.254 MAE 0.174
R? 0.975 R? 0.988
MSE 0.103 MSE 0.039
RMSE 0.321 RMSE 0.199

Table 6. Evaluation Metrics per month (96 LSTM units, 64 batch size, Robust scaler,
adjustable learning rate, early stopping with patience 15 and model checkpoint).

1989-2002 MAE MSE
Jul 0.349 0.185
Jan 0.323 0.115
Jun 0.281 0.106
Aug 0.266 0.097

May 0.265 0.086
Oct 0.228 0.074
Mar 0.224 0.051
Apr 0.175 0.031
Feb 0.168 0.030
Sept 0.153 0.028
Dec 0.102 0.013
Nov 0.057 0.004

As a next step, we wanted to test the impact of adding additional past SIE as a
feature in our model’s input sequence. Our hypothesis was that inclusion of more
past SIE values could enhance capturing temporal dependencies in the data. If
there were patterns or trends in the historical SIE that influence future values, the
model could learn from these patterns. Also, if there was a sudden increase or
decrease in SIE, it might affect the subsequent month’s extent, and the model
could learn to recognize such patterns.

Specifically, we first tried including the SIE of the corresponding month in the

previous year, which did not improve the model’s performance. So, instead, we
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incorporated a simple linear regression simulated SIE of the previous year.

We build a linear regression model to predict SIE based on past SIE. We then
extracted the slope coefficient which we multiplied to the SIE of the corresponding
month of the previous year. This new feature captures the influence of past SIE on

current SIE, as learned by the model.

SIEg,, (t) = LinRegSlopeCoeff *SIE (t -12) (5)

where t=Mof Y
SIE,, (t) =Slope*SIE(t-12) (6)

where t=MofY.

As shown in Figure 8 and Table 7, MAE improved by 9.91% and MSE by 20.3%.
Moreover, the predictions for melting season improved and outperformed the
predictions for freezing season, overcoming the limitations of the previous model
configuration and those in past research results that we are aware of.

Robust Scaler: MAE: 0.191 || R% 0.996 || MSE: 0.055 || RMSE: 0.234

Actual vs. Predicted Values
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Figure 8. Robust scaler: Inclusion of SIE in Dataset—Performance for 12 month window, early stopping and model

checkpoint.

Table 7. Evaluation Metrics for Melting and Freezing season with inclusion of past year
SIE (96 LSTM units, 64 batch size, Robust scaler, adjustable learning rate, early stopping
with patience 15 and model checkpoint).

Melting Season Freezing Season
(June to October) (November to May)
MAE 0.170 MAE 0.207
R? 0.989 R? 0.981
MSE 0.048 MSE 0.060
RMSE 0.220 RMSE 0.245

We also tested the impact on performance when including the L1 and L2 regu-
larization. L1 regularization (Lasso) adds a penalty term based on the absolute
values of the model’s coefficients and can help with feature selection by driving

some coefficients to exactly zero. L2 regularization (Ridge) adds a penalty based

DOI: 10.4236/acs.2024.144026

446 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2024.144026

V. Pegkou Christofi, X. D. Wang

on the squared values of the coefficients, which helps prevent overfitting and can
improve generalization. We iteratively tested different combinations of L1 and L2
values and identified that the best performing values for our model were 0.001
and 0.001 respectively. The inclusion of L1 and L2 did not have any positive im-
pact on our model’s performance. Although on average MSE remained the same,
MAE slightly deteriorated by 3%. Since L1 did not lead to an improvement in the
model performance, it may suggest that most of our features are contributing to
our model and thus there aren’t many irrelevant features to eliminate. The fact
that L2 did not help improve performance may suggest that early stopping is ef-
fectively controlling our model’s complexity leading to no overfitting.

Lastly, we tested PReLU activation function both at the LSTM layer and as a
separate layer. Both had a significant negative impact on the performance. In the
first case, MAE increased by approximately 120% and in the second it increased
by 50%.

5. Conclusions

In this research, we optimized an LSTM model for the prediction of Arctic Sea ice
extent on a monthly scale by carefully choosing several key hyperparameters and
then properly tuning them through feature re-engineering and the inclusion of
advanced training techniques. The development of accurate Arctic SIE predictive
models is crucial due to the rapid decline of sea ice in recent years and provides
essential insights for understanding and mitigating the impact of climate change
on polar regions.

In the initial stages of our data analysis, we focused on identifying outliers pre-
sent in our data and exploring the relationship between SIE and our five climate
variables: sea surface temperature, surface pressure, total precipitation, latent
heat, and sensible heat. Our experiments revealed the presence of outliers in the
data, influencing our choice of evaluation metrics and data scaling techniques.
Feature importance analysis also confirmed that all our features significantly con-
tributed to SIE, a finding further supported by the results of L1 Regularization.

Our original model configuration included 96 LSTM units, 64 batch size, one-
month time lag, and an adjustable learning rate. Our model delivered predictions
with a MAE of 0.480, R? of 0.98 and MSE of 0.232.

We trained our model with an extended historical context of 6 and 12 months
(ie, 6 and 12 lagged time steps). We experimented with three different scalers:
Standard, MinMax, and Robust Scaler. The model’s performance with Standard
and Robust Scaler was best for the 12 lagged time steps, with Standard outper-
forming Robust. We incorporated month information with cyclical encoding to
introduce temporal and seasonal information. After these enhancements, the
model’s performance with Robust Scaler was superior in terms of MAE. The con-
figuration with Robust scaling continued to outperform after the incorporation of
advanced training techniques like early stopping and model checkpoint, resulting

in more accurate predictions for the freezing season (November to May) compared
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to the melting season (June to October).

However, our results changed when we included one more feature: specifically,
a linear regression simulated SIE that accounted for the influence of past SIE on
current SIE. This increased the accuracy of predictions for the melting season
compared to the freezing season and overcame limitations in not only model con-
figuration but also those in past research. Further, our observations following L2
Regularization suggested to us that our early stopping was effectively controlling
our model’s complexity and prevented overfitting.

Overall, following meticulous hyperparameter tuning, feature re-engineering
and inclusion of the advanced training techniques of early stopping and model
checkpoint, MAE improved by 60% (0.191) and MSE by 76% (0.055). R* also
reached an impressive value of 0.996, underscoring the model’s remarkable ability

to explain and account for nearly all the variance in the data.
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