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Abstract

Understanding and predicting climate anomalies remains a difficult task, particularly when climate observations
are scarce, unevenly distributed, or collected from different sources. Conventional methods that depend solely
on observed data or only on physical equations may not perform well in such situations. To address these
limitations, this study proposes a scalable hybrid framework that combines physics-based understanding with
multi-level data learning. The model considers detailed temperature records together with broader climate
trends, enabling it to learn from both fine-scale and coarse-scale information.A physics-guided constraint is
included to ensure that the predicted changes over time remain realistic, while an uncertainty component is used
to represent the natural variability present in climate data. The framework is evaluated using global temperature
records from the post-1850 period, under conditions that reflect practical issues such as sparse and
heterogeneous data. The results indicate strong predictive performance, with an accuracy of 98.59%, an AUC of
0.9994, and an F1-score of 0.986, showing that the proposed method can identify climate anomalies effectively.
The model also reconstructs temperature values with good reliability, achieving a low root mean square error of
approximately 0.31.The training process is stable and efficient, reaching convergence in about six seconds,
which demonstrates the practical scalability of the approach. Overall, the proposed framework brings together
physical knowledge and data-driven modelling in an effective manner. It offers a reliable and efficient solution
for climate anomaly prediction and may be useful for real-time environmental monitoring, climate analysis, and
decision-making in cases where data are incomplete, noisy, or unevenly available.
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1. Introduction
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Fig 1: Overview of a Hybrid Physics-Guided Multi-Fidelity Framework for Climate Anomaly
Prediction under Sparse and Heterogeneous Data Conditions

This figure presents a clear overview of
the study’s motivation, major challenges,
and overall workflow of the proposed
framework. It shows how different climate
data sources are integrated with physics-
based knowledge and  uncertainty
estimation. The figure also outlines the
main components of the framework and its
expected outcomes, particularly in terms of
improved accuracy, better scalability, and
more reliable climate anomaly prediction.

1.1 Background and Motivation

Predicting climate anomalies is important
for understanding environmental change,
preparing for natural disasters, and
supporting long-term planning. However,
climate systems are complex because they
involve many physical processes that
interact with each other and change over
time. A major difficulty in this area is the

quality and distribution of available data.
Climate observations are often limited,
unevenly spread across regions, and
affected by noise, making accurate
modelling more challenging.Traditional
methods, including numerical simulations
and interpolation techniques, usually
depend on dense and reliable datasets.
When these methods are used with limited
or incomplete data, they may produce
results that are less reliable or physically
inconsistent, particularly in regions where
observations are poor [1], [12]. In recent
years, machine learning approaches have
been used to study complex climate data.
These methods are useful for identifying
patterns, but they may not fully consider
the  physical laws  that  control
environmental systems. As a result, such
models may perform well on existing data
but may not generalize effectively under
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real-world conditions [14], [22].Another
challenge is that climate data are available
at different levels of detail, ranging from
fine-scale  measurements to  broad
aggregated trends. This variation makes
climate modelling even more difficult.
Therefore, there is a clear need for
methods that can combine physical
knowledge with data-driven learning while
also adapting to differences in data quality
and availability.

1.2 Role of Physics-Informed Learning
in Climate Modeling

Physics-informed learning has become an
effective approach for overcoming some of
the limitations of purely data-based
models. By including physical principles
within the learning process, these methods
help ensure that the predictions follow
established scientific laws, even when the
available data are limited [2], [3]. This
approach has been applied successfully in
several fields. For instance, it has been
used for modelling fluid flow based on the
Navier—Stokes equations [3],
reconstructing flow fields from incomplete
observations [4], and estimating pressure
distributions in biomedical studies [5].
Similar methods have also been used in
geophysical applications, including
earthquake source estimation and crustal
deformation analysis [6], [7].Although
these applications show good potential,
some practical limitations still remain.
Training physics-informed models can
require high computational resources,
especially when they are applied to large-
scale climate systems with many
interacting variables [20], [21]. Moreover,
many existing studies mainly consider data
at a single resolution level, which reduces
their ability to represent the multi-scale
behaviour of climate processes. Therefore,
there is a need for more flexible and
scalable frameworks that can work with
different types and levels of climate data
while still maintaining  physical
consistency and reliability.

1.3 Multi-Fidelity and Hybrid Climate
Modeling Approaches

Climate processes occur at different spatial
and temporal scales. Multi-fidelity
learning provides a useful way to handle
this variation by combining detailed
observations with broader aggregated
information. Through this approach,
models can learn from both high-
resolution data and general climate trends,
which can improve prediction accuracy
without greatly increasing computational
cost.Recent studies have highlighted the
value of integrating physical models with
data-driven  techniques to  improve
performance in climate-related
applications [23], [16]. Several advanced
methods have also shown the potential of
data-based modelling in climate science.
For example, FourCastNet and GraphCast
have produced strong results in weather
prediction by using large datasets [24],
[25]. Neural operator methods have further
supported the efficient simulation of
complex climate systems [15].However,
these approaches often require large
volumes of data and may not always
include physical reasoning in a clear and
interpretable manner. This limitation
creates scope for hybrid methods that
combine the advantages of physical
modelling and machine learning. Such
methods are especially useful when the
available data are limited, uncertain, or
incomplete.

1.4 Challenges in Sparse and
Heterogeneous Climate Data

A key challenge in climate modelling is
the limited availability and reliability of
observational data. In many regions,
particularly for earlier historical periods,
climate records are incomplete, unevenly
distributed, or affected by gaps.
Measurement errors and  differences
among data sources can further increase
the difficulty of producing accurate
predictions. These limitations may result
in considerable uncertainty, especially
when models are applied to areas where
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observations are scarce [11], [12].Climate
data are also collected from different
sources, including satellites, ground-based
stations, and reanalysis products. Each
source has its own strengths, limitations,
and possible inconsistencies. Similar
challenges are seen in  several
environmental modelling applications,
such as hydrology, groundwater systems,
and atmospheric dynamics. For example,
reliable modelling of soil moisture,
groundwater flow, and climate—hydrology
interactions requires methods that can
effectively manage uncertainty and
missing information [16],[18].In the same
way, atmospheric flow and turbulence
modelling involve complex nonlinear
behaviour, which may be difficult to
represent using traditional methods alone
[19], [20]. These issues highlight the need
for flexible modelling approaches that can
work under different data conditions while
still remaining consistent with established
physical principles.

1.5 Research Gap and Contributions

Although physics-based and data-driven
methods  have  improved  climate
modelling, some major limitations still
remain. Many existing approaches face
difficulty in scaling efficiently when
applied to large datasets or complex
climate systems. Some methods also fail to
make full use of data available at different
resolution levels, which reduces their
overall effectiveness. Moreover,
uncertainty is not always handled clearly,
even though it is very important for
practical decision-making in real-world
climate  applications.These limitations
show the need for a more complete
approach that can combine physical
knowledge, multiple data sources, and
uncertainty estimation. To address this
need, the present study proposes a scalable
hybrid framework for climate anomaly
prediction.  The  proposed method
integrates physics-based constraints with
multi-level data learning, enabling it to use
both detailed observations and broader

aggregated information effectively. It is
also designed to remain reliable when the
available data are sparse, noisy, or
heterogeneous.The experimental findings
show that the proposed framework
provides strong predictive performance,
efficient computation, and stable
behaviour. Overall, this study supports the
development of more practical and reliable
climate modelling methods by connecting
the strengths of traditional physical
approaches with modern data-driven
techniques.

2. Literature Review

2.1 Physics-Informed Approaches in
Scientific Modeling

In recent years, physics-informed methods
have gained importance for modelling
complex systems governed by partial
differential equations. By embedding
physical laws directly into the modelling
process, these approaches can improve
prediction reliability, particularly in
situations where observational data are
limited. Catricheo et al. [1], for example,
applied physics-informed techniques to
global dust deposition modelling and
reported more physically consistent results
compared with conventional interpolation
methods. Similarly, He and Tartakovsky
[2] demonstrated their application in
advection—dispersion problems, showing
their value for representing transport
processes under uncertain conditions.The
usefulness of these methods has also been
demonstrated in fields beyond climate-
related research. In fluid dynamics, Jin et
al. [3] developed physics-informed models
for solving the Navier—Stokes equations,
while Cai et al. [4] showed that flow fields
could be reconstructed with good accuracy
even when only limited measurements
were available. Their flexibility is further
supported by applications in other
scientific areas. Kissas et al. [5] used these
methods to estimate cardiovascular
pressure, whereas Smith et al. [6] and
Okazaki et al. [7] applied them to
geophysical problems, including seismic
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inversion and crustal deformation analysis.
Overall, these studies indicate that physics-
informed approaches are adaptable and
effective for a wide range of scientific
modelling problems.

2.2 Applications in Climate and
Environmental Studies

Physics-informed methods are increasingly
being used in climate and environmental
studies. Research on dust and aerosol
behaviour, including the works of Molina
Catricheo et al. [8] and Kok et al. [9],
shows the importance of including
physical processes in climate models.
Aerosols have a strong influence on
climate systems, and their role has been
discussed in detail by Mahowald [10].
These studies indicate that effective
environmental models should combine
observed data with physical understanding
to better represent natural processes.At the
same time, machine learning methods have
also become more common in climate
research. Rolnick et al. [11] reviewed
several applications and showed how such
methods can help in climate analysis and
prediction. Tuia et al. [12] also discussed
the use of data-driven techniques in Earth
observation studies. Although these
approaches are useful for identifying
patterns in large datasets, they often need a
large amount of data and may not clearly
explain the physical meaning behind their
predictions. Therefore, recent research has
shown growing interest in combining
physical modelling with data-driven
methods to improve both reliability and
performance.

2.3 Hybrid and Multi-Fidelity Modeling
Approaches

To overcome the limitations of both
traditional modelling methods and purely
data-driven approaches, hybrid modelling
techniques have received increasing
attention. These techniques combine
physical  principles with  advanced
computational methods, allowing models
to make use of both scientific knowledge

and observed data. Karniadakis et al. [13]
introduced the idea of scientific machine
learning, where physical understanding is
integrated into  data-based  models.
Similarly, Jiang et al. [14] proposed neural
operator methods that can simulate
complex climate systems efficiently while
reducing computational cost.The use of
multi-fidelity data is another important
development in this area. Climate systems
contain information at different levels of
detail, and combining these levels can help
improve model accuracy and reliability.
Gentine et al. [15] showed that machine
learning can support climate models by
improving the representation of processes
that are not fully resolved. In
environmental  studies, Bandai and
Ghezzehei [16], Zhang et al. [17], and
Fang et al. [18] demonstrated that using
multiple data sources can improve
prediction performance. These studies
indicate that combining multi-fidelity data
with physics-based modelling is a useful
and promising direction for future climate
and environmental research.

2.4 Challenges in Environmental
Modeling

Despite  recent  advancements, the
modelling of environmental systems
continues to be a difficult problem. A
major reason for this difficulty is the
highly complex and nonlinear behaviour of
these systems. Atmospheric flows and
turbulence, for  example, involve
interactions that occur across different
spatial and temporal scales, making them
challenging to represent with high
accuracy. The studies of Sun et al. [19],
Zhu et al. [20], and Geneva and Zabaras
[21] have discussed these issues and
highlighted the limitations of existing
approaches in capturing such complex
behaviour.Another important challenge is
related to the availability and quality of
climate data. In many cases, climate
datasets are incomplete, unevenly
distributed, or affected by measurement
errors, which can reduce the reliability of
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model predictions. Beucler et al. [22]
stressed the need to combine physical
knowledge with data-driven techniques to
overcome these limitations. Similarly,
Kashinath et al. [23] emphasized the
importance of developing models that can
maintain both predictive accuracy and
physical consistency.These challenges
show the need for modelling approaches
that can effectively manage uncertainty
while producing reliable and physically
meaningful predictions.

2.5 Recent Advances in Data-Driven
Climate Modeling

Recent advances in climate modelling
have demonstrated the strong potential of
large-scale data-driven methods. Pathak et
al. [24] introduced FourCastNet, which is
capable of generating fast and accurate
weather forecasts by learning from large
climate datasets. Similarly, Lam et al. [25]
developed GraphCast, a graph-based
forecasting model that improves weather
prediction performance. These studies
show that modern  computational
approaches can greatly support and
enhance climate prediction.Along with
these forecasting models, several studies
have focused on improving the broader
understanding  of climate  systems.
Kageyama et al. [26] proposed
standardized frameworks for comparing
climate models, which helps in evaluating
model performance more consistently.
Hopcroft and Valdes [27] examined the
influence of dust on climate feedback
processes. Further research by Albani et al.
[28], Kok et al. [29], and Mabher et al. [30]

3. Methodology

explored the relationship between dust,
atmospheric  processes, and climate
behaviour.Overall, these works highlight
the need to combine observational data,
physical knowledge, and advanced
computational techniques to develop more
accurate and reliable climate modelling
approaches.

2.6 Research Gap and Scope of the
Present Study

Although several modelling approaches
have been proposed in this area, important
research gaps still remain. Many existing
methods face difficulties in scaling
efficiently when applied to large datasets
or complex environmental systems. In
addition, multi-fidelity data integration and
uncertainty estimation are often addressed
separately or given limited attention. This
can reduce model reliability, especially in
practical situations where the available
data are incomplete, uneven, or
inconsistent. To overcome these
limitations, the present study proposes a
hybrid framework that integrates physics-
based modelling, multi-level data learning,
and uncertainty handling within a unified
approach. The objective is to develop a
model that can

provide reliable performance even under
challenging data conditions. By extending
the strengths of previous studies and
addressing their limitations, this work
supports the development of more
practical, scalable, and robust methods for
climate anomaly prediction
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Proposed Framework: A Scalable Hybrid Physics-Guided Multi-Fidelity Learning Framework

for High-Accuracy and Uncertainty-Aware Climate Anomaly Prediction under

Sparse and Heterogeneous Data Conditions
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Fig 2: Proposed Hybrid Physics-Guided Multi-Fidelity Framework for Climate Anomaly
Prediction under Sparse and Heterogeneous Data Conditions

This figure illustrates the complete
workflow of the proposed framework,
beginning with multiple climate data
sources and preprocessing stages and
progressing toward model development
and final prediction outputs. It highlights
the integration of physical principles,
multi-level data representation, and
uncertainty handling to support more
accurate, reliable, and efficient climate
anomaly prediction.

3.1 Framework Overview

The proposed framework is designed to
address the difficulties involved in climate
anomaly prediction when the available
data are sparse, unevenly distributed, and
collected from multiple sources. It is built
around three closely connected
components. The first component aims to
maintain realistic climate behaviour by
guiding the model through basic physical
principles. Rather than depending only on
data patterns, the model is encouraged to
represent smooth and meaningful temporal
changes, which helps improve reliability
even when observations are
incomplete.The remaining components
improve the model’s ability to learn from
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available data. Multi-fidelity learning
enables the framework to use both detailed
monthly temperature records and broader
yearly climate trends, allowing it to
capture short-term variations as well as
long-term patterns. In addition, uncertainty
handling is included by considering the
reliability of each observation. This helps
the model manage noisy or less
dependable data more effectively. Overall,
the framework provides a balanced
approach by  combining  physical
reasoning, multiple levels of data detail,
and uncertainty awareness for more
reliable climate anomaly prediction.

3.2 Data Representation

The study uses global temperature records
from the post-1850 period, as data from
this period are comparatively more
consistent and widely available. Before
analysis, the data are transformed into
suitable features that represent different
aspects of climate behaviour. A time-based
index is included to capture long-term
temperature changes and help the model
identify overall climate trends. Seasonal
variations are represented using sine and
cosine functions, which allow the model to
learn  regular  annual  temperature
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patterns.To support multi-level learning,
the framework uses both detailed and
simplified forms of the data. Monthly
temperature values provide fine-scale
information, while yearly averages
represent broader long-term  trends.
Measurement  uncertainty is  also
considered to indicate the reliability of
observations, particularly for older records
where data may be less precise. In
addition, a separate feature is used to
represent missing values or uneven data
distribution, reflecting practical conditions
often found in real-world climate datasets.
Together, these features enable the model
to learn more effectively from complex,
incomplete, and heterogeneous climate
data.

Input Feature Vector

X; = [ti,sin(m;), cos(m;), T

where £; is the temporal index, m; is the mc

temperature, U; is measurement uncertaintj

Temperature AnomalyA; = T; — Tpgse

where T; is the observed temperature and
Tpase 1s the Dbaseline temperature
calculated from the reference period.
Binary Climate Anomaly Class

1, Ai >T
Yi= {0, A<t @)
where 7 is the anomaly threshold.
Algorithm 1: Data Preprocessing and
Multi-Fidelity Feature Construction
Input: Raw climate dataset D, baseline
period B, anomaly threshold t
Output: Processed feature matrix X,
anomaly labels Y, temperature target T
1: Load climate dataset D
2: Remove missing records from date and
temperature columns
3:  Select records from post-1850
observations
4: Extract year, month, and temporal index
t
5: Compute seasonal features sin(month)
and cos(month)

6: Compute low-fidelity ~ annual
temperature trend T-F

7: Estimate measurement uncertainty U

8: Generate sparse observation indicator S
9: Compute baseline temperature Tpase
from period B

10: Compute anomaly A;j = Ti — Thase

11: Assign class label Yi = 1 if Ap> 7,
otherwise Yi=0

12: Construct feature vector Xi = [t,
sin(m), cos(m), T'F, U, S]

13: Return X, Y, and T

3.3 Hybrid Model Architecture

The model is structured with two main
components that work together to
represent different aspects of climate
anomaly prediction. The first component
performs  classification, where the
objective is to identify whether an
observation belongs to a normal climate
condition or an anomalous condition. This
helps the model detect unusual
temperature behaviour, including sudden
increases or extreme deviations from
expected patterns.The second component
focuses on temperature prediction. It
estimates continuous temperature values,
allowing the model to capture gradual
climate variations over time. Both
components are trained together using a
combined loss function. This loss function
includes one term for improving
classification performance, another term
for reducing the difference between
predicted and observed temperature
values, and an additional term that
encourages smooth and physically realistic
temporal changes.By controlling the
contribution of each loss term, the model
is able to maintain a balance between
prediction accuracy, stability, and physical
consistency. This integrated design allows
the framework to address both anomaly
detection and temperature reconstruction
effectively while producing reliable and
meaningful outputs.
Multi-Fidelity
Representation

Temperature
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™F = aT?" + 1 - OTH — e
@)

Where THF  represents high-fidelity
monthly temperature and TtF represents
low-fidelity annual temperature.
Classification Loss

1 —
Los = —;Z?’:ﬂyilog(yl‘) +

(1 = Y)log(1 — ¥)]-mrmmmemeemee ®)
Regression Loss

1 ~
Lreg = N ?I:l(Ti - Ti)z

-(6)
Physics Residual Loss
1 dT;
Lony = 3215105 )? )

Uncertainty-Weighted Loss
1N (Ti-Tp?

Lunc - y&i=l Ui+e

®

where U; is uncertainty and € prevents
division by zero.

Total Hybrid Objective Function

Liotar = Lais + 7\-1Lreg + 7\-2Lphy +

Model Prediction Function
(Y, T:) = fo(X2)
(10)

3.4 Training Strategy

The model is trained through a structured
process to achieve reliable performance.
The dataset is first divided into training
and testing sets, where a larger portion is
used for model learning and the remaining
portion is used for evaluation. This
division helps assess how effectively the
model performs on data that it has not seen
during training.An adaptive optimization
technique is used to update the model
parameters, enabling efficient learning
from the available data. The training
process is carried out over multiple
iterations, allowing the model to gradually
improve its predictions. A moderate batch
size is selected to maintain a suitable
balance between computational speed and
training  stability.This training setup
supports smooth convergence without
requiring high computational resources.
Overall, the process remains efficient and

where fy is the trained hybrid model.
Algorithm 2: Hybrid Physics-Guided
Multi-Fidelity Training

Input: Feature matrix X, class labels Y,
temperature values T, epochs E

Output: Trained model fy

1: Split dataset into training and testing
sets

2: Initialize hybrid model fy with
classification and regression branches

3: for epoch=1to E do

4:  Predict anomaly probability Y using
classification branch i
5: Predict reconstructed temperature T
using regression branch

6: Compute classification loss Lcis

7:  Compute regression 10ss Lieg

8:  Compute physics residual loss Lpny

9: Compute uncertainty-weighted loss
LLlI'lC

10: Compute total loss:

Liotai = Leis + MLyeg + AaLppy + A3Lync
11: Update model parameters 0 using
adaptive optimization

12: end for

13: Return trained model fy

stable, which strengthens the scalability of
the proposed framework and makes it
suitable for practical climate analysis
applications.

4. Experimental Results

Algorithm 3: Performance Evaluation of
the Proposed Framework

Input: Trained model fo, test data Xiest,
Ytest, Ttest

Output: Accuracy, AUC, Precision, Recall,
F1-score, RMSE, confusion matrix

1: Predict anomaly probabilities on Xiest

2: Convert probabilities into class labels
using threshold 0.5

3: Predict reconstructed temperature values
Ttest

4: Compute accuracy using predicted and
actual labels

5: Compute precision, recall, and F1-score
6: Compute ROC curve and AUC value
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7: Compute RMSE between Ttest and Tiest
8: Generate confusion matrix

9: Plot accuracy, loss, AUC, ROC,
confusion matrix, residuals, and anomaly
trend graphs

4.1 Performance Metrics

The results show that the proposed
framework performs very well on both
classification and prediction tasks. The
model achieves an accuracy of 98.59%, an
AUC of 0.9994, and an F1 score of 0.986,
which indicates that it can identify climate
anomalies with a high level of reliability.
These values suggest that the model is able
to clearly separate normal conditions from
unusual temperature patterns. In addition,
the regression part of the model produces a
low root mean square error (RMSE) of
around 0.31, showing that it can accurately

Graph 4: ROC Curve
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Fig 3: ROC Curve for Climate Anomaly Detection

—— AUC = 0.9993
0.0 Random Classifier

1.0

10: Return all evaluation metrics and
visual results

estimate temperature values.Taken
together, these results demonstrate that the
framework is both accurate and consistent.
The high classification scores confirm that
the model can detect anomalies effectively,
while the low error in temperature
prediction shows that it can also capture
overall climate trends. This combination of
strong performance across different
measures suggests that the model works
well even when the data are not perfect or
evenly distributed

This figure shows how well the model separates normal and anomaly cases across different
decision thresholds. The curve stays close to the top-left corner and the very high AUC value
indicate strong performance and accurate predictions.
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Graph 10: Precision, Recall and F1 Score
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Fig 4: Comparison of Precision, Recall, and F1 Score
This figure shows the main metrics used to evaluate how well the model performs. The high
values across all three indicate that the model detects climate anomalies accurately while
maintaining a good balance between correct predictions and errors.

Graph 14: Climate Temperature Anomaly Trend
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Fig 5:Long-Term Trend in Global Temperature Anomalies
This figure shows how temperature anomalies have changed over time, with a clear rise in
recent decades. The overall pattern suggests a steady increase in global temperatures over the

long term.

4.2 Classification Analysis

A closer examination of the classification
results shows that the model produces only
a limited number of errors. The confusion
matrix indicates very few incorrect
predictions, including only a small number
of cases where normal conditions are
misclassified as anomalies or actual
anomalies are not detected. This suggests
that the model is able to distinguish

between normal and anomalous climate
conditions with a high level of
reliability. The results also show a strong
balance between precision and recall. High
precision indicates that most of the
anomalies identified by the model are
correct, while high recall shows that only a
small number of actual anomalies are
missed. This balance is important in
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practical climate applications, where both
false warnings and missed anomaly events
can affect decision-making. Overall, the

classification performance demonstrates
that the model is reliable and consistent
across different observation conditions.

Graph 11: Predicted Probability Distribution
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Graph 5: Confusion Matrix
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Fig 6: Distribution of Predicted Probabilities for Climate Anomaly Classes
This figure shows how the predicted probabilities are distributed for both normal and high
anomaly cases. The clear gap between the two groups suggests that the model makes

Fig 7: Confusion Matrix for Climate Anomaly Classification

This figure shows how many predictions were correct and how many were incorrect for both
normal and high anomaly cases. The large values along the diagonal and the very small
number of errors suggest that the model performs accurately and consistently.

4.3 Training Behavior

The training process demonstrates a
smooth and stable learning pattern. During
the initial epochs, the model shows rapid
improvement, indicating that it is able to
capture useful information from the data at
an early stage. At the same time, the loss
value decreases consistently, showing a
gradual reduction in prediction errors as

training progresses.After the early learning
phase, both accuracy and loss begin to
stabilize, suggesting that the model has
reached convergence. The results do not
show any clear indication of overfitting.
The performance on the training and
testing datasets remains closely aligned,
which indicates that the model is not
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merely memorizing the training data but is behaviour reflects the effectiveness of the
also able to generalize effectively to model design and the suitability of the
unseen inputs.Overall, this stable training training strategy.

Graph 1: Accuracy vs Epochs
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Fig 8: Change in Training and Validation Accuracy over Epochs
This figure shows how the model’s accuracy increases quickly in the early stages of training
and then levels off at a high value. The close match between the training and validation
curves suggests that the model is learning well and performs consistently on new data without

overfitting
Graph 2: Loss vs Epochs
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Fig 9: Decrease in Classification Loss over Training Epochs

This figure shows how the loss drops quickly during the early stages of training and then
settles at a low level. The smooth curve suggests that the model is learning steadily and
improving without any major instability.
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Graph 3: AUC vs Epochs
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Fig 10: Change in Training and Validation AUC over Epochs

This figure shows how the AUC rises quickly at the beginning of training and then stays very
close to its highest value. The close overlap between the training and validation curves
suggests that the model performs consistently well on both seen and unseen data.

4.4 Physics Consistency

Incorporating  physics-based  guidance
helps the model generate more realistic
and consistent outputs. During the training
process, the physics-related loss reaches a
stable pattern, indicating that the model
learns to preserve smooth temperature
variations over time. This is important
because real climate behaviour generally
follows gradual changes rather than abrupt
or unrealistic fluctuations.This component

Graph 8: Physics-Informed Residual Loss

is particularly useful when the available
data are incomplete, noisy, or unevenly
distributed. By following basic physical
constraints, the model is less likely to
produce unstable or physically inconsistent
predictions. The steady behaviour of the
physics-related loss shows that the
framework maintains a suitable balance
between fitting the observed data and
preserving meaningful climate patterns.

10 1 —— Physics Residual Loss

Residual Loss

0 10 20 30 40
Epochs

50

60

Fig 11: Change in Physics-Based Residual Loss during Training
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This figure shows how the physics-related loss evolves as training progresses. It increases at
first and then settles into a steady pattern, suggesting that the model gradually learns to

maintain consistent and realistic behavior.

4.5 Multi-Fidelity Learning
The findings further demonstrate the
advantage of using data at multiple levels
of  detail.  During training, the
reconstruction error decreases clearly,
showing that the model is able to learn
effectively from both detailed monthly
temperature records and broader yearly
climate trends. This allows the framework
to capture short-term variations as well as
long-term climate patterns in a more
balanced manner.The use of multi-level
data also improves

conditions. When detailed observations are
limited or incomplete, the model can still
make use of broader climate trends to
support accurate prediction. This makes
the proposed framework more flexible and
dependable, particularly for real-world
climate datasets where complete and
uniform data may not always be available.

Graph 9: Multi-Fidelity Reconstruction Loss
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Fig 12: Change in Multi-Fidelity Temperature Reconstruction Loss over Epochs

This figure shows how the reconstruction error drops quickly at the beginning of training and
then levels off close to zero. The steady decrease indicates that the model is learning
effectively and improving its temperature predictions over time.

Graph 12: Actual vs Predicted Temperature
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Fig 13 : Actual vs Predicted Temperature Comparison
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This figure shows how closely the predicted temperatures match the actual observed values.
The points clustering along the diagonal line suggest that the predictions are accurate and
consistent.

Graph 13: Temperature Reconstruction Residuals
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Fig 14 : Distribution of Temperature Prediction Errors

This figure shows how the differences between predicted and actual temperatures are spread
out. Most values are close to zero, indicating that the predictions are generally accurate with
only small errors.

4.6 Computational Efficiency

The model demonstrates not only strong accuracy but also good computational efficiency.
The total training time is approximately six seconds, indicating that the framework can
generate results quickly without requiring high computational resources. This efficiency
makes the approach suitable for large-scale analysis and repeated experimental
evaluation.The fast training process also increases the practical value of the framework for
real-time or near real-time applications. It can be useful in situations where timely analysis is
required, such as environmental monitoring and early warning support systems. Overall, the
results show that the proposed framework achieves a strong balance between predictive
performance and practical efficiency.

Graph 6: Time Complexity per Epoch
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Fig 15: Time Taken per Epoch during Training
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This figure shows how long each training epoch takes as the model learns over time. The
fairly steady values suggest consistent performance, with only minor fluctuations

Graph 7: Cumulative Time Complexity
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Fig 16: Total Training Time over Epochs

60

This figure shows how the total time spent on training builds up as the epochs increase. The
steady upward trend suggests smooth and consistent training without any major delays.

5. Discussion

5.1 Combining Physical Understanding
with Data-Based Learning

The results indicate that integrating
physical reasoning with  data-based
learning provides strong and reliable
model performance. By incorporating
basic physical principles, the model is able
to produce smooth and realistic
temperature variations over time. This
helps reduce wunstable or physically
unrealistic predictions, particularly when
the available data are incomplete, noisy, or
unevenly distributed.At the same time,
data-driven learning enables the model to
capture complex patterns that may be
difficult to represent through physical
equations alone. This combined approach
is more effective than depending on either
physical models or data-based methods
separately. Purely physics-based methods
may face limitations when observations
are scarce, while purely data-driven
methods may fail to preserve important
real-world climate behaviour.By
combining both approaches, the proposed
framework makes use of the strengths of
physical knowledge and data learning. The
experimental results clearly demonstrate
that this balanced strategy is effective for
reliable climate anomaly prediction.

5.2 Performance with Sparse and
Uneven Data

One of the main strengths of the proposed
framework is its ability to perform
effectively when the available data are
incomplete or unevenly distributed.
Climate datasets often include missing
values or regions with  limited
observations, which can make accurate
prediction more difficult. Even under these
conditions, the model maintains strong
accuracy, indicating that it can learn
meaningful  patterns  from  limited
information.The inclusion of uncertainty
information further improves the model’s
ability to handle imperfect data. By
considering the reliability of each
observation, the model can reduce the
influence of uncertain values and give
more attention to consistent patterns. This
helps  produce more dependable
predictions when data quality varies across
sources or regions.Overall, the findings
suggest that the proposed framework is
suitable for real-world climate
applications, where complete, uniform,
and error-free data are rarely available.

5.3 Model Stability and Generalization
Another significant finding is the stable
performance of the model on both training
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and testing data. The results suggest that
the model is not merely memorizing the
training samples, but is learning useful
patterns that can also be applied to unseen
data. This is supported by the similar
performance observed across the training
and testing sets, indicating good
generalization ability.The consistency of
the results across different evaluation
metrics further strengthens this
observation. High accuracy, strong AUC
values, and a balanced relationship
between precision and recall show that the
model performs reliably under different
conditions. Such stability is important for
practical use, as climate prediction models
must remain effective not only in
controlled experiments but also in real-
world applications.

5.4 Role of Multi-Fidelity Learning
Using data at different levels of detail is an
important factor in improving the
performance of the proposed model. By
integrating detailed monthly temperature
records with broader yearly trends, the
model is able to develop a more complete
understanding of climate behaviour. This
allows it to capture both short-term
temperature variations and long-term
climate patterns more effectively.The
reduction in reconstruction error during
training indicates that the multi-level data
approach contributes positively to model
learning. Even in situations where detailed
observations are limited, the model can
still use broader trend information to
maintain reliable performance. This
improves the flexibility of the framework
and makes it more suitable for handling
different types of climate data.Overall, the
results demonstrate that combining
information from multiple levels of detail
leads to more accurate, stable, and
dependable predictions.

5.5 Efficiency and Practical Use

The proposed framework also shows
strong  performance in terms of
computational speed and efficiency. Its

short training time indicates that the model
can be trained quickly without the need for
heavy computational resources. This
makes the approach practical for large-
scale climate studies and for cases where
repeated experiments or model evaluations
are required.The efficiency of the
framework also supports its use in real-
time or near real-time applications. For
example, it may assist systems designed
for environmental monitoring or early
warning of extreme climate conditions. By
combining fast processing with accurate
prediction, the framework becomes useful
for both research purposes and practical
climate-related applications.

5.6 Limitations and Future
Improvements

Although the proposed framework shows
strong performance, certain limitations
should be acknowledged. The physics-
based guidance used in the model is
relatively simple and mainly aims to
maintain smooth temporal changes. While
this is suitable for the present study, more
detailed physical relationships may be
required to represent complex climate
behaviour more accurately, particularly
when spatial processes are involved.The
framework also focuses mainly on time-
dependent data and does not fully include
spatial information such as geographical
location, regional climate conditions, or
atmospheric variables. Incorporating these
factors may improve the model’s ability to
capture broader climate patterns. Future
research may also consider more advanced
uncertainty estimation methods and the
inclusion of additional data sources. Such
improvements would make the framework
more comprehensive and applicable to a
wider range of climate modelling tasks.

Comparison of Existing System versus
Proposed System

Many conventional climate modelling
approaches discussed in the literature
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generally depend either on physical
models or on data-driven techniques.
Physical models, including numerical
simulations based on governing equations,
are scientifically well established, but they
often require considerable computational
resources and may face difficulties when
the available data are sparse, incomplete,
or unevenly distributed. On the other hand,
data-driven methods are useful for learning
complex patterns from observations, but
they may not always preserve important
physical relationships, which can reduce
their reliability in practical
applications.Existing methods also
commonly face issues such as high
computational cost, slow training, reduced
performance with noisy or irregular
datasets, and limited ability to use
information available at different levels of
detail. Because of these limitations, their
performance may become less stable when
applied to real-world climate data. The
proposed framework addresses these
challenges by integrating physical

guidance, multi-level data learning, and
uncertainty handling within a single
modelling system.The experimental results
show notable improvement, achieving an
accuracy of 98.59%, an AUC of 0.9993,
and an Fl-score of 0.986. The model also
records a low temperature prediction error,
with an RMSE of 0.3126. The confusion
matrix shows only a small number of
incorrect predictions, indicating that the
framework can identify climate anomalies
with high reliability. In addition, the model
trains  efficiently, reaches  smooth
convergence, and completes training in
approximately 6.7 seconds, making it
suitable for practical use.By combining
detailed and aggregated climate data with
physics-based guidance, the proposed
framework produces more accurate, stable,
and scalable results than many existing
approaches. Overall, it provides a practical
and reliable solution for climate anomaly
prediction  under  real-world  data
conditions.

Table 1: Comparison of Existing Methods and the Proposed Hybrid Physics-Guided Multi-
Fidelity Framework for Climate Anomaly Prediction
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Parameters Existing System Proposed System
Accuracy (%) 85 — 92 (varies across literature models) 98.59
AUC Score 0.85 - 0.95 (moderate class separability) 0.9993
Precision 0.80 — 0.90 (affected by noise & sparsity) 0.9802
Recall 0.82-0.92 (mis::;iz:,l:;r)nalies in sparse 0.992
F1 Score 0.83 — 0.91 (imbalanced performance) 0.986
RMSE (Temperature) 0.8 — 2.5 (higher reconstruction error) 0.3126
Training Time (seconds) il Ll gﬁ?ﬁg?:;:g) EINIELIE ~6.7 sec
Convergence Stability Slow convergence, possible instability Fast & stable convergence

This table presents a comparative
evaluation of previous methods reported in
the literature and the proposed framework
based on important performance metrics. It
demonstrates that the proposed approach
provides improvements in prediction
accuracy, error reduction, computational
efficiency, training speed, and overall
stability. The comparison further indicates
that integrating physical knowledge, multi-
level data learning, and uncertainty
handling can produce more reliable and
practical predictions, particularly when
climate data are sparse, heterogeneous, or
unevenly distributed.

Performance Evaluation

The results demonstrate that the proposed
framework performs effectively in both
classification and  prediction  tasks,
showing clear improvements over existing
approaches. It achieves an accuracy of
98.59%, an AUC of 0.9993, and an FI-
score of 0.986, which indicates its strong
ability to identify climate anomalies
reliably. Compared with earlier methods,
which generally report accuracy values in

the range of 85% to 92% and show weaker
class separation, the proposed model
provides more consistent performance.
The high precision value of 0.9802 and
recall value of 0.992 further show that the
model produces very few incorrect
predictions while successfully detecting
most anomaly cases.For temperature
prediction, the framework achieves a low
RMSE of 0.3126, which is considerably
lower than the error levels reported by
many previous methods. This confirms
that the model is effective not only in
detecting  anomalies but also in
reconstructing temperature values with
good accuracy. The framework also shows
strong computational efficiency and
training stability. It completes training in
approximately 6.7 seconds, which is faster
than many existing approaches that require
longer training times due to their
complexity.The training process remains
smooth, with rapid convergence and stable
performance, and no clear evidence of
overfitting is observed. This consistency is
supported by the use of physics-based
guidance and multi-level data learning,
which help the model maintain realistic
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and reliable predictions. Overall, the
evaluation shows that the proposed
approach improves accuracy, reduces
prediction error, and offers better
efficiency and scalability, making it
suitable for practical climate analysis
under limited, uneven, and heterogeneous
data conditions.

Validation Metrics for the Proposed
Framework

1. Accuracy

Definition:

Accuracy measures the overall correctness
of the model by calculating the proportion
of correctly predicted instances out of all

samples.

Formula:

A B TP+TN
COURACY= o FN+TP+T

(11)

Where:

e TP = True Positives

e TN = True Negatives

o FP =False Positives

o FN = False Negatives
Explanation: With a value of 98.59%, the
model performs very well in correctly
identifying both normal and anomalous
climate conditions.
2. Precision
Definition:
Precision measures the proportion of
correctly predicted threat instances among
all predicted threats.
Formula:

e Precision=

--(12)
Explanation: A precision of 0.9802
means the model makes very few false
alarms, which is important for reliable
climate monitoring.
3. Recall (Sensitivity)
Definition:
Recall measures the proportion of actual
threat instances that are correctly identified
by the model.

Formula:Recall =

(13)

FP+TP

TP
TP+FN

Explanation: With a recall of 0.9920, the
model successfully identifies almost all
real anomalies.

4. F1 Score

Definition:

F1-score is the harmonic mean of precision
and recall, providing a balanced

evaluation.
2-(Precision-Recall)

Formula:F1 Score = —
Precision+Recall

Explanation: The value 0.986 shows that
the model maintains a good balance
between detecting anomalies and avoiding
false alarms.

5. AUC (Area Under ROC Curve)
Definition:

AUC measures the model’s ability to
distinguish ~ between classes  across
different thresholds.

Formula (Conceptual):

AUC = [, TPR(FPR) d(FPR)—(15)
Where:
e TPR (True Positive Rate) = Recall

o FPR (False Positive Rate) = FPT)TN

Explanation: An AUC of 0.9993 indicates
that the model can almost perfectly
distinguish between the two classes.

6. RMSE (Root Mean Square Error)
Definition: RMSE measures how close the
predicted temperature values are to the
actual values.

Equation:

RMSE = \/% > i1 (Yi — 9i)?

Explanation: A low RMSE of 0.3126
shows that the model predicts temperature
values with high accuracy.

7. Confusion Matrix Metrics

Definition: The confusion matrix provides
a detailed count of correct and incorrect

predictions.
Equation:
TN FP
FN TP}
(17)
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Explanation: With TP = 247, TN = 244,
FP =5, FN = 2, the model makes very few
mistakes and performs in a balanced way.
8. Training Time (Efficiency)

Definition: Training time shows how long

the model takes to complete learning.
Equation:

E
Tiotal = Zi—l t;

Explanation: A total training time of
about 6.7 seconds shows that the model is
fast and suitable for real-time use.

9. Physics Residual Loss

Definition: This measures how well the
model follows physical rules during
prediction.

Equation:

2
_ 1y (di)”
Lphy.s‘ics — i=1 ((1!)

Explanation: The stabilization of this loss
shows that the model produces smooth and
physically meaningful predictions.

10. Reconstruction Loss

Definition: Reconstruction loss measures
how accurately the model predicts
temperature using combined data sources.
Equation:

1 n A \2
Lr(:‘gr(f.s'.s'iml = n i=1 (yl yl)

Explanation: The steady decrease in this
loss confirms that combining different data
resolutions improves prediction accuracy.

6. Conclusion and Future Work

6.1 Conclusion

This study presents a scalable framework
for climate anomaly prediction by
integrating physical reasoning, multi-level
data learning, and uncertainty handling
within a unified model. The proposed
approach is designed to address key
challenges in climate analysis, including
limited  observations, uneven data
distribution, and variations in data quality.
The results demonstrate that the model
performs effectively in both anomaly
detection and temperature prediction,
achieving high accuracy with low

prediction error.The training process
remains smooth and stable, indicating that
the model can learn meaningful patterns
from real-world climate data. A major
strength of the framework is its ability to
maintain a balance between predictive
accuracy and computational efficiency. It
produces reliable results with minimal
training time, making it suitable for large-
scale climate studies as well as real-time
applications.The inclusion of physics-
based guidance helps ensure that the
predictions remain realistic and consistent
with expected climate behaviour. At the
same time, the use of data at different
levels of detail allows the model to capture
both short-term temperature variations and
long-term climate trends. Overall, the
proposed framework provides a practical,
efficient, and reliable approach for climate
anomaly prediction under real-world data
conditions.

6.2 Future Work

Future work can improve the proposed
framework in several important ways. One
possible direction is to include spatial
climate features, such as geographical
location, regional climate variables, and
atmospheric conditions. This would help
the model represent complex climate
systems more effectively. More advanced
physical constraints based on detailed
mathematical formulations can also be
added to improve the realism and accuracy
of the predictions. Such developments
would allow the framework to capture both
spatial and temporal climate patterns in a
more complete manner.Further research
may also extend the framework for real-
time forecasting and evaluate it using
larger and more diverse datasets. The
inclusion of satellite observations and
reanalysis data could improve data
coverage and strengthen the model’s
robustness. Another important area for
improvement is uncertainty estimation, as
better uncertainty handling would help
assess the confidence level of model
predictions. These enhancements would
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make the framework more comprehensive
and suitable for a wider range of climate
and environmental applications.
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