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The object of the study is CO, emission pre-
diction using deep learning models. The prob-
lem lies in developing accurate models capable
of handling temporal dependencies and periodic
patterns in CO; data. To address this, three deep
learning models — temporal convolutional net-
work (TCN), long short-term memory (LSTM),
and a hybrid TCN-LSTM are evaluated. These
models are optimized using random search and
Bayesian optimization. Results indicate that the
Hybrid TCN-LSTM model, optimized via random
search, performs best, achieving MAE: 1.0269,
R?: 0.9305, and MAPE: 4.47%. TCN excels at cap-
turing periodic patterns through dilated convolu-
tions, while LSTM handles long-term dependen-
cies. Their integration combines these strengths,
improving accuracy. Optimal hyperparame-
ters (learning rate: 0.000539, dropout rate: 0.5)
enhance robustness. Random search outperforms
Bayesian optimization in navigating complex
search spaces and avoiding local optima. Key find-
ings include the hybrid model’s ability to address
short-term periodicity and long-term trends, and
Random Search’s reliability over Bayesian meth-
ods in this context. These insights advance time
series forecasting methodologies and support
robust predictive frameworks. Practically, they
aid environmental policy, energy planning, and
carbon trading by enabling data-driven decisions
for emission reduction. However, implementation
requires high-quality historical data and suffi-
cient computational resources

Keywords: CO; prediction, deep learning, ran-
dom search, Bayesian optimization, hyperparam-
eter, accuracy
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1. Introduction

In the current global context, where nations are com-
mitting to ambitious carbon neutrality targets, the ability
to generate reliable CO, emission forecasts is not only a
scientific challenge but also a policy imperative. Accurate
predictions of CO, emissions are vital for effective climate
change mitigation and informed policy design. As global
emissions continue to rise, advanced forecasting systems are
increasingly needed.

Both the Intergovernmental Panel on Climate
Change (IPCC) and the International Energy Agency (IEA)
emphasize that the accuracy of emission forecasts is crucial
to the success of net-zero strategies [1]. However, traditional
statistical approaches often fail to capture the nonlinear and
dynamic nature of emission trends, highlighting the need for
more sophisticated predictive tools [2].

Deep learning models have emerged as powerful methods
to address this need. Specifically, temporal convolutional
networks (TCNs) excel in parallel computation and modeling
long-term dependencies through dilated convolutions, mak-
ing them efficient for handling structured, periodic emission
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data [3]. Conversely, long short-term memory (LSTM) net-
works utilize recurrent memory to capture complex temporal
sequences and adapt well to irregular patterns [3].

A hybrid architecture that leverages the complementa-
ry strengths of TCN (for periodic patterns) and LSTM (for
long-term dependencies) offers a promising pathway to a
more comprehensive predictive capability for CO, emis-
sions [4]. Furthermore, integrating hyperparameter optimi-
zation (HPO) techniques is critical to enhance the predictive
accuracy and computational efficiency of these models [5].

The development of such optimized deep learning frame-
works is therefore a key scientific priority. These advances
highlight the potential of modern machine learning ap-
proaches to significantly improve the reliability of CO, fore-
casting, which is increasingly vital for supporting climate
action and net-zero transition strategies.

2. Literature review and problem statement

In recent years, machine learning and deep learning
models have gained increasing prominence in climate




change mitigation research, particularly in the prediction
of CO, emissions. Among these methods, temporal convolu-
tional networks (TCNs) are generally favored for structured
datasets due to their computational efficiency, while long
short-term memory (LSTM) networks are better suited for
datasets with irregular or complex temporal patterns. Nev-
ertheless, domain-specific challenges such as emission vari-
ability across industrial, transportation, and energy sectors
continue to complicate model selection. To address these
limitations, recent studies have proposed hybrid architec-
tures that combine the strengths of TCNs and LSTMs, with
attention mechanisms introduced to emphasize significant
temporal dependencies [6].

In parallel, systematic hyperparameter tuning such as ad-
justments to sequence length, dropout rate, and dilation factors
has proven essential for enhancing forecasting performance,
particularly in TCN-based models [7]. However, despite these
advances, few studies have provided a comprehensive compar-
ative evaluation of TCN and LSTM models for CO, emissions
forecasting, especially when integrated with systematic hy-
perparameter optimization. This gap highlights the need for
further research to establish robust benchmarks and identify
the most effective modeling strategies in this domain.

A substantial research gap remains in comprehensively
evaluating TCN, LSTM, and hybrid architectures across
diverse CO, emission contexts, particularly when incorpo-
rating detailed HPO strategies [8,9]. In response to these
challenges, research into deep learning-based emission fore-
casting continues to attract attention, offering the potential
to refine data-driven climate strategies, energy planning,
and carbon market mechanisms. The paper [10] presents the
results of research on the application of LSTM for time series
forecasting in the industrial sector, demonstrating that LSTM
models outperform traditional statistical approaches such as
ARIMA in terms of predictive accuracy. This study builds a
2020 emission inventory for China’s cement industry and, us-
ing an LSTM model, projects 2025-2035 emissions, showing
that fuel and clinker substitution best reduce SO, and CO,,
while end-of-pipe controls are most effective for underscor-
ing the co-benefits of low-carbon technologies

Shown in [11], the application of TCNs in large-scale time
series datasets particularly in energy forecasting achieves su-
perior computational efficiency compared to LSTM, making
TCNs particularly valuable for structured emissions datasets.
The study shows that TCN outperforms LSTM in seasonal
energy forecasting by improving accuracy and efficiency.
Despite these promising results, there remain unresolved is-
sues related to the direct comparison between these models,
especially in emissions forecasting. The reason for this may
be objective difficulties associated with dataset heterogene-
ity, varying temporal structures, and a lack of standardized
benchmarks for model comparison. Additionally, funda-
mental challenges in capturing long-term dependencies and
short-term periodicity simultaneously still limit the practical
application of individual models.

Hyperparameter optimization (HPO) emerges as a critical
method to enhance the accuracy and efficiency of deep learn-
ing models. Research [5] comparing optimization techniques
for CNN and LSTM found that adaptive methods such as
Optuna and Tree-structured Parzen Estimator (TPE) yield
better performance than conventional approaches like grid
search. However, this study focused primarily on architec-
ture-level optimization without targeting univariate emis-
sions time series.

Moreover, several studies, such as [12], emphasize that
TCN architectures mitigate the vanishing gradient problem
commonly faced by RNN-based models, including LSTM, due
to their use of dilated convolutions. Furthermore, [13] intro-
duces a hybrid TCN-LSTM model with Savitzky-Golay filter-
ing for wind power forecasting, achieving higher robustness
than standalone models. However, this work does not fully
examine model behavior under diverse emissions contexts or
compare optimization techniques across architectures.

Nevertheless, while TCNs show theoretical superiority,
their empirical effectiveness for CO, prediction remains in-
sufficiently explored. Study [9, 11] affirms the advantages of
LSTM in handling long-term dependencies, while [7] focuses on
the integration of TCN and LSTM into hybrid architectures to
combine their respective strengths. Yet, these studies fall short
of providing a comprehensive performance assessment of each
model under identical conditions using real-world CO, data.

Additionally, while [6] underscores the importance of
tuning parameters such as dilation factors and dropout
rates in optimizing TCN performance, it does not address
how these configurations affect LSTM or hybrid models. A
systematic benchmarking of the impact of HPO strategies —
particularly random search and Bayesian optimization - on
each model type is still lacking. Although prior research has
shown that hyperparameter tuning can significantly improve
accuracy [14], its specific influence on emissions forecasting
has not been rigorously analyzed.

A notable contribution in this domain is made by [15],
which investigates hybrid models such as CNN-LSTM and
TCN-BiLSTM in multivariate environmental forecasting.
The study confirms their capacity to model spatiotempo-
ral dependencies effectively, but it employs a grid search
approach for HPO suboptimal in high-dimensional search
spaces. Moreover, the models are not tested in univariate CO,
emissions scenarios, nor are adaptive optimization methods
like random or Bayesian search examined in detail.

These considerations indicate the need for a comprehen-
sive investigation into the relative performance of TCN, LSTM,
and hybrid TCN-LSTM models for univariate CO, emissions
forecasting, particularly emphasizing the impact of adaptive
hyperparameter optimization techniques. Such research could
yield valuable insights into configuring predictive models to
support more effective climate-related decision-making.

3. The aim and objectives of the study

This study aims to evaluate and compare the perfor-
mance of temporal convolutional networks (TCN), long
short-term memory (LSTM), and hybrid TCN-LSTM models
in predicting CO, emissions, with the incorporation of hyper-
parameter optimization. By developing a robust benchmark-
ing framework, this research seeks to provide insights into
model selection, thereby supporting more accurate forecast-
ing and effective climate change mitigation strategies.

To achieve this aim, the following objectives are accom-
plished:

- to design and implement deep learning architectures for
CO, emissions prediction;

- to identify the most accurate and efficient model for
predicting CO, emissions through an empirical comparison
of TCN, LSTM, and Hybrid TCN-LSTM approaches;

- to identify the optimal combination of hyperparameters
that can improve the accuracy of CO, emissions predictions.



4. Materials and methods

The object of the study is CO, emission prediction using
deep learning models. Specifically, the research focuses on
evaluating and comparing the performance of tree architec-
tures: temporal convolutional network (TCN), long short-
term memory (LSTM), and hybrid TCN-LSTM model. The
study to determine the most accurate and efficient model
for forecasting CO, emissions while incorporating hyperpa-
rameter optimization (HPO) techniques (random search and
Bayesian optimization) to enhance predictive capabilities.

The central hypothesis of this study is the hybrid TCN-
LSTM model, when optimized with hyperparameter tun-
ing (specifically Random Search), will outperform standalone
TCN and LSTM models in predicting CO, emissions by lever-
aging the complementary strengths of both architectures. The
key supporting arguments for hypothesis are: TCNs excel at
capturing long-term dependencies and periodic patterns via
dilated convolutions. LSTMs are effective at modeling complex
temporal dynamics through recurrent memory mechanisms.
The hybrid model integrates the strengths, addressing lim-
itations of individual models (e. g., TCN’s fixed receptive field
vs. LSTM’s sequential processing).
HPO (e. g., learning rate, dropout
rates) further refines model per-

formance. Collect Data
The assumption made in the
study are: 2
- model complementarity. TCN Clean Data
and LSTM architecture are as-

Data Collection and Processing

sumed to have strengths (TCN for v

local patterns, LSTM for long-term Feature Selection

dependencies) the improve predic-
tion accuracy when combined; Y

- hyperparameter optimization
effectiveness. Random search and

Normalize Features

Bayesian optimization are assumed v

to significantly enhance model Split Data
performance compared to default
hyperparameters. Random search
is assumed to avoid local optima
traps better than Bayesian optimi-
zation in complex search spaces;

-data quality and relevance.
The dataset from Our World in
Data is assumed to be represen-
tative of real-world CO, emission
patterns and sufficient for training
robust models;

- generalization of results: The
optimized models are assumed to
generalize well to unseen data, giv-
en the use of rigorous evaluation
metrics (MAE, RMSE, R%, MAPE)
and a 70:30 train-test split.

For clarity, the following abbre-
viations are used in this section:
TCN - temporal convolutional
network; LSTM - long short-term
memory; HPO - hyperparameter
optimization; MAE - mean absolute
error; RMSE - root mean squared
error; R? - squared; MAPE — mean
absolute percentage error.

In this study, the methodology outlined in Fig. 1 is de-
signed to systematically develop and optimize an effective
CO, emissions prediction model. Each phase is carefully
structured to maximize prediction accuracy and computa-
tional efficiency:

1. Data collection and preprocessing. The dataset used
in this study was obtained from the data published by Our
World in Data [16]. The dataset spans the period from 1850
to 2022. After data cleaning and outlier removal using the
Interquartile Range (IQR) method, it comprises 55 features
and 47,415 instances. The next step is feature selection, in
which random forest will be utilized as the estimator for se-
lecting features. Recursive feature elimination (RFE) will be
employed to systematically eliminate less important features
based on their significance as determined by the random
forest Regressor [17]. In this experiment, eight numerical fea-
tures and one target variable were selected to enhance com-
putational efficiency and prevent overfitting. This approach
aims to balance model complexity with predictive accuracy.
After feature selection, the data is divided into 70% for train-
ing and 30% for testing. This split ratio is commonly used in
machine learning to balance training data and evaluation.

Model Selection and Architecture

Choose Models
TCN LSTM Hytl’flsdTIACN'
> Model Architecture |«

Hyperparameter
Optimization

Random Search

Bayesian Optimization]

Experimental Setup and Model Evaluation

Compile Model
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| Test Model |

| Calculate Metrics |

Model Deployment

Fig. 1. Research method



2. Model selection and architecture. The deep learning
models utilized in this study are described as follows:

2. 1. Temporal convolutional network (TCN) is a model
based on convolutional neural networks (CNNs) that is
specifically designed to process sequential or time series
data [6, 17]. Unlike recurrent neural networks (RNNSs),
TCNs utilize one-dimensional convolutions along with
dilated convolutions to effectively capture long-range tem-
poral dependencies while addressing the vanishing gradient
problem [9, 18]. Dilated convolution expands the filter’s
receptive field by introducing dilation, which refers to the
spacing between filter elements. This technique enables
the model to capture temporal information more effective-
ly [19, 20].

For each TCN layer [ with dilation d,

H = Swish(W.0 *d HED +b(2), ®
where H is output of the [-th TCN layer, d; is dilated con-
volution, and W, b is learnable weight and biases. Post
processing are:

- batch normalization
a . :BatchNorm(H m); 2

fel

- flatten and dense layer

dense

H, = Swish(de - Flatten (ﬁ o ) +b,,., ); (©)

- output layer

For each time step t are:

- input gate

i, =0 (W, [h_.x,]+b,); (5)
- forget gate

f,:a(Wf[hH,xt}bf); 6)
- output gate

o, =c(w,-[h_.x]+b,); )

- candidate cell gate

¢ =tanh(W,-[h_,x,]+b,); ®
- cell state update

c,=f0c  +i0¢; )

- hidden state

h, =o, Otanh(ct ); (10)
- output
ylslm = Wout'hT + boul’ (1 1)

where hr is the final hidden state. The LSTM architecture
utilized in this study is detailed in Table 2 below.

j\}cn :Wou H ense +bau : (4)
‘ Coe ' Table 2
The TCN architecture implemented in this study is pre- Developing LSTM architecture
sented in Table 1 below.
Layer Input shape | Output shape Parameter
Table 1 Input layer | (B, T, F) (B, T, F) T,F
Developing TCN architecture Units = 96
Layer Input Shape | Output Shape Parameter LSTM layer | (B, T, F) (B, 96) Dropout = 20%
Input layer (B, T, F) (B,T,F) T,F Return sequences = False
Kernel =3 Units = 64
Filters = 128 Dense layer (B, 96) (B, 64) Activation = Relu
TCN layer o
= D =2 0
(4 Block) (B,T,F) (B, T, 128) | Dilation = [1, 2, 4, 8] ropout = 20%
Activation = Swish Units = 1
Output layer| (B, 64) (B,1)
Dropout = 25% Activation = Linear
Batlc_h It‘.or' (B, T, 128) (B, T, 128) -
matization 2.3. The Hybrid TCN-LSTM model integrates the TCN
Flatten (B, T, 128) (B, T, 128) - efficiency in capturing local patterns and long-term depen-
Units = 64 dencies with the LSTM network’s capability to model com-
Dense layer | (B, T, 128) (B, 64) Activation = Swish plex temporal relationships [22, 23]. The formulation is:
Dropout =2 0% I TC
Units = 1 ten N(X)’ (12)
Output layer (B, 64) (B, 1) — -
Activation = Linear H,, =L STM ( X), (13)
2. 2. Long short-term memory (LSTM) is a type of recur- Hy sroadeas = Repeat(H,,,T), (14)
rent neural network (RNN) specifically designed to manage
long-term dependencies in sequential data. It employs mem- concat = Concat([H o Higom_broa dm]). 15)
ory cells and gates to regulate the flow of information during
the processing of sequences [21]. LSTM networks enable the Dense layer and output:
capture of relationships between distant elements in a time
sequence [22]. Hypoo = SWish(Wp, Hooo + by, )» (16)



=W, -H,, +b,.; a7

y hybrid out

dense

where Hy., is TCN path, Hy, is LSTM path,
Hisim_broadcast 1S broadcast LSTM output, and
H_ onear is concatenation. This formulation
aligns with the architecture and parame-
ters to be developed in this study, ensuring
accurate replication of the model for CO,
emission prediction. The hybrid TCN-LSTM
architecture utilized in this study is detailed
in Table 3 below.

Swish activation will be utilized to enhance
the architecture. It is a non-linear function and
a contemporary alternative to ReLU, often pro-
viding improved performance [24, 25]

f(x)=x-0(x), 18)
where
o(x)=—1 19)
Clve

is the sigmoid function. Swish is the product
of the input (x) and the sigmoid function of
that input.

3. Hyperparameter optimization (HPO).
HPO aims to identify the optimal combination
of hyperparameters for model training. This
study employs two methods: Random search,
which randomly selects hyperparameters from
a specified range, and Bayesian optimization,
which predicts the best combination based on
previous results [14]. Bayesian optimization
employs a probabilistic model, specifically
a Gaussian process, to predict the optimal
hyperparameter combinations based on prior
results [5]. The research [26, 27] indicates the
hyperparameter optimization, even without

Table 4

Hyperparameter optimization (HPO)

Model Hyperparameter Search space
tcn_nb_filter {64,128, 192, 256}
tcn_kernel_size {3, 5}
tcn_dropout_rate {0.1,0.2, 0,3, 0.4, 0.5}
dilations_rate {1,2,4,8}
dense_units {32, 64, 96, 128}
TCN
dense_I2_reg {0.0001 - 0.01}
learning_rate {0.0001 - 0.001}
activation_tcn ‘swish’
activation_dense ‘relu’
epoch 50 (tuning), 100(final training)
Istm_units {32, 64, 96, 128}
dropout_rate {0.1,0.2, 0,3, 0.4, 0.5}
dense_units {32, 64, 96, 128}
dense_I2_reg {0.0001 - 0.01}
LSTM -
learning_rate {0.0001 - 0.001}
activation_Istm ‘tanh’
activation_dense ‘relu’
epoch 50 (tuning), 100(final training)
tcn_nb_filters {64,128, 192, 256}
ten_kernel_size {3, 5}
tcn_dropout_rate {0.1,0.2, 0,3, 0.4, 0.5}
dilations_rate {1,2, 4, 8}
Istm_units {32, 64, 96, 128}
Istm_dropout_rate {0.1, 0.2, 0,3, 0.4, 0.5}
Hybrid dense_units (32, 64, 96, 128}
TCN-LSTM

dense_l2_reg {0.0001 - 0.01}

learning_rate {0.0001 - 0.001}

activation_tcn ‘swish’
activation_Istm ‘tanh’
activation_dense ‘relu’

epoch 50 (tuning), 100(final training)

employing formal methods such as Bayesian optimization,
still plays a crucial role in enhancing the performance of
hybrid model. The hyperparameter configuration utilized

in this study is presented in Table 4 below.

Table 3
Developing hybrid TCN-LSTM architecture
Layer Input shape | Output shape Parameter
Input layer (B, T, F) (B, T, F) T,F
Filters = 64
TCN layer (B, T, F) (B, T, 64) Kernel = 5
Dilation = [1, 2, 4, 8]
LSTM Layer (B, T, F) (B, 32) Units = 32
Dropout = 20%
Concatenation (]?]’326;;)’ (B, T.64 + 32) -
Units = 32
Dense layer |(B, T.64 + 32) (B, 32) Activation = Swish
Dropout = 20%
Output layer (B, 32) (B, 1) Units =1
Activation = Linear

Table 4 presents the configuration used to evaluate mod-
el performance. The TCN model includes parameters such
as the number of filters, kernel size, dropout rate, and the
number of units in the dense layer, while maintaining a fixed
dilation rate and utilizing the ‘swish’ activation function.
The LSTM model is characterized by its number of units
and dropout rate, employing the ‘tanh’ activation function.
The hybrid TCN-LSTM model integrates hyperparameters
from both models. The hyperparameter search is conducted
over 50 epochs, while the final training of the model is per-
formed over 100 epochs.

4. Experimental setup and model evaluation. The exper-
iment was conducted on a Windows operating system using
Python, with the environment set up on Google Colab. Model
training and testing was performed utilizing the A100 GPU
runtime. The model was implemented using the Keras, Ten-
sorFlow, Keras-TCN, and Keras-Tuner libraries. Four evalu-
ation metrics were employed in this study: MAE, RMSE, R?,
and MAPE. The formulations of these metrics are as follows:

MAE == 3|y, -5 20)

i=1

RMSE = /%Z( y-3), 1)
i=1
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2 5 23)

in the equation, y; represents the actual CO, emission data,
yhat; donates the predicted value, and n indicates the number
of samples. This metric evaluates the model’s performance
and predictive accuracy.

5.Model development. This model is designed to pre-
dict CO, emissions using a deep learning-based time series
approach, implemented through six systematic stages as
outlined in the following algorithm. Following the prepro-
cessing and feature selection steps described in the previous
section, the normalized dataset is used to train and evaluate
three models:

1) a temporal convolutional network (TCN) with a kernel
size of 3, 128 filters, and dilation rates of (1, 2, 4, 8);

II)a Long short-term memory (LSTM) network with
96 units and 20% dropout;

IIT) a hybrid TCN-LSTM architecture, where a TCN
layer (kernel size = 5, 64 filters) operates in parallel with an
LSTM layer (32 units).

The outputs of both layers are concatenated and passed
through a dense layer consisting of 32 units with a Swish
activation function to yield the final output.

5. Results of evaluating deep learning models for CO,
emissions prediction

5.1. Proposed model architectures

Before introducing the deep learning architectures, it
is crucial to outline the data preparation and preprocessing
steps, including feature correlation analysis, historical CO,
trend examination, and data partitioning. These steps ensure
models are built on relevant features and long-term emission
patterns. Fig.2 presents the feature correlation heatmap,
while Fig. 3 illustrates the historical trends of the CO, emis-
sions over time.

This study develops a predictive model based on long-
term structural drivers of CO, emissions (Fig. 3), such as
energy use and economic growth, and does not explicitly
consider short-term disruptions. A key limitation is the ex-
clusion of the Covid-19 effect, which temporarily reduced
global emissions by about 5-7% in 2020 due to reduced
transport and industry. Since emissions rebounded to near
pre-pandemic levels by 2021, the long-term trajectory re-
mained largely unchanged. Thus, while the short-term im-
pact of Covid-19 is acknowledged, the model emphasizes
underlying trends aligned with Intergovernmental Panel on
Climate Change (IPCC) projections. Using the data foun-
dation, three architectures are proposed for predicting CO,
emissions: TCN, LSTM, and a Hybrid TCN-LSTM model. As
shown in Fig. 4, these models allow for a comparative evalua-
tion of different deep learning strategies in capturing sequen-
tial dependencies and structural patterns in emissions data.
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CO2 Emissions Over Time
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Fig. 3. Historical trends in CO, emission over time
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Hyperparameter optimization is performed using both
random search and Bayesian optimization, targeting the
minimization of mean squared error (MSE) via the Adam
optimizer, with learning rates ranging from 0.0001 to 0.001.
The search space includes the number of TCN filters (64-256),
LSTM units (32-128), and dropout rates (0.1-0.4). Each model
is trained for 100 epochs with early stopping (patience = 15)
and model checkpointing to prevent overfitting.

Model performance is evaluated on the testing set using
four standard metrics: mean absolute error (MAE), root mean
squared error (RMSE), coefficient of determination (R?), and
mean absolute percentage error (MAPE). Among the tested
architectures, the hybrid TCN-LSTM model demonstrates
the highest predictive accuracy, benefiting from the ability
to capture both long-term and short-term dependencies. The
trained models are saved for future deployment in CO, emis-
sion forecasting tasks. The integration of hybrid modeling
with systematic optimization contributes to the robustness
and generalizability of the proposed approach.

Algorithm: CO, Emissions Prediction
Input: Time series dataset D
Output: Optimized model for time series prediction

Concatenate

G

Fig. 4. Proposed model architectures for CO, emissions forecasting

#Step 1: Data Proprocessing
Load dataset D
Handle missing value:
Remove columns with more than 50% missing value
Drop columns with more than 90% missing value
Remove outlier with IQR method
Feature selection using Random Forest Regressor and RFE
Normalize the dataset using MinMaxScaler
Split the dataset into training and testing sets: (Xtrain,
ytrain), (Xtest, ytest): 70:30
#Step 2: Define Model Architecture
#Model TCN
Define Input layer with shape (T, F) (T, F), where T is the
time steps and F is the number of features
Add TCN Layer:
Dilated Convolution with kernel size=3, 128 filters,
and dilation rates= [1,2,4,8]
Swish activation and Dropout (25%)
Apply Batch Normalization
Add Dense Layer (64 units, Swish activation, Dropout 20%)
Define Output Layer (lunit, linear activation)
#Model LSTM
Define Input Layer



Add LSTM Layer:
LSTM units= 96
Dropout rate= 0.2
Add Dense Layer (64 units, Relu activation, Dropout 20%)
Define Output Layer (1 units, linear activation)
#Model Hybrid TCN-LSTM
Define Input Layer with shape (T, F) (T, F)
Apply TCN Layer:
Filters= 64, kernel size= 5, dilation rates= [1,2,4,8]
Apply LSTM Layer:
LSTM units= 32, Dropout rate= 0.2
Concatenate TCN and LSTM outputs
Add Dense Layer (32 units, Swish activation, Dropout 20%)
Define Ouput Layer (1 units, linear activation)
Step 3: Hyperparameter Optimization (HPO)
Define Search Space
TCN filters: {64, 128, 192, 256}
Kernel size: {3, 5}
Dropout rate: {0.1, 0.2, 0.3, 0.4}
LSTM units: {32, 64, 96, 128}
Dense units: {32. 64, 96, 128}
Dense L2 reg: {0.0001 - 0.01}
Learning rate: {0.0001 - 0.001}
Apply Optimization Method
Random Search
Randomly select hyperparameters
Train the model and evaluate MAE and RMSE
Select the best hyperparameter combination
Epoch= 50
Bayesian Optimization
Define objective function based on loss func-
tion (MSE)
Use Gaussian Process to estimate the best hyperpa-
rameter combination
Train the model iteratively, refining search
Epoch= 50
Step 4: Model Compilation and Training
Compile the model using Adam optimizer with learning
rate optimized from HPO
Use Mean Squared Error (MSE) as the loss function
Use Mean Absolute Error (MAE) as the evaluation metric
Train the model using
Earnly Stopping (patience= 15)
Model Checkpointing (save best model)
Epoch= 100
Step 5: Model Evaluation
Test model on testing set: ytest = model (Xtest)
Calculate evaluation metrics:
MAE
RMSE
R2
MAPE
Step 6: Model Deployment
Save the best-performing model.

5. 2. Evaluation of model performance in CO, emis-
sion prediction

The performance evaluation indicates that the Hybrid
TCN-LSTM model, optimized using Random Search, out-
performed both the standalone TCN and LSTM models.
As shown in Table 5, it achieved the lowest MAE (1.0269),
RMSE (2.9392), and MAPE (4.4725), along with the highest
R? score of 0.9305. These results demonstrate superior ac-

curacy and an enhanced ability to capture the variability of
CO, emissions.

The exceptional performance can be attributed to the
complementary strengths of the TCN and LSTM archi-
tectures: TCN effectively captures long-term dependencies
through dilated convolutions, while LSTM adeptly manages
complex and dynamic temporal patterns. These findings un-
derscore the hybrid model as the most accurate and efficient
for predicting CO, emissions, providing both high accuracy
and adaptability to fluctuations in the data. Nevertheless, the
individually optimized TCN and LSTM models also exhibited
competitive performance.

Table 5
Model evaluation matrix
Model HPO MAE |RMSE| R? |MAPE
TCN baseline - 1.1776| 3.0966 | 0.9228 | 6.4031
LSTM baseline - 1.3650(3.3398[0.9102 | 5.5878
TCN Random search [1.09232.9765|0.9287 | 4.5854
TCN Bayesian 1, ) 6813.03290.9260|5.4411
optimization
LSTM Random search |1.3331]3.1920(0.9180 | 6.4702
LSTM Bayesian 1, »24613.0061[0.92285.5534
optimization
Hybrid TCN-LSTM | Random search |1.0269 | 2.9392 | 0.9305 | 4.4725
Hybrid TCN-LSTM | SOV 1) 075315 9657 |0.9292 | 5.1870
optimization

For instance, the TCN model optimized using random
search reduced its MAE from 1.1776 (baseline) to 1.0923, while
the LSTM model optimized with Bayesian Optimization de-
creased its MAE from 1.3650 to 1.2346. However, both models
still lagged behind the hybrid model in terms of prediction ac-
curacy. This underscores the significant potential of the hybrid
approach for large-scale CO, emissions forecasting.

5. 3. The influence of hyperparameter optimization

Hyperparameter optimization is crucial for enhancing
the performance of deep learning models, as demonstrated
in this study. All models, including TCN, LSTM, and Hybrid,
exhibited significant improvements after tuning compared
to their baseline versions. These results underscore that
optimal hyperparameter settings substantially enhance CO,
prediction accuracy, particularly in complex time series sce-
narios such as emission data. One of the key findings from
the hyperparameter optimization (Table 6) process is that
certain parameters, such as the learning rate, dropout rate,
and L2 regularization for dense layers, significantly impact
model performance.

For instance, in the hybrid TCN-LSTM model optimized
through random search, higher dropout rates (tcn_drop-
out_rate = 0.1 and Istm_dropout_rate = 0.5) enhanced the
model’s robustness against noise in the dataset. Additionally,
utilizing an optimal learning rate, such as 0.000539539 in the
hybrid model, facilitated more efficient learning. These re-
sults emphasize that the careful selection of hyperparameters
can greatly improve model generalization, thereby producing
more reliable predictive models. Performance validation, as
illustrated in Fig. 5, demonstrates that the comparison be-
tween training loss and validation loss confirms the model’s
ability to learn effectively without overfitting, thereby main-
taining stability and accuracy.
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Fig. 5. Performance validation result: a — temporal convolutional network baseline; b — long short-term memory baseline;
¢ — temporal convolutional network random search; d — temporal convolutional network Bayesian optimization;
e — long short-term memory random search; f— long short-term memory Bayesian optimization;
g — hybrid random search; A — hybrid Bayesian optimization
Table 6
Hyperparameter optimization performance
Model HPO Best Val MAE Total elapsed time Best hyperparameter
1 2 3 4 5
TCN baseline - 0.0804 00h 11m 02s -
LSTM baseline - 0.0509 00h 13m 12s -
ten_nb_filters = 128
tcn_kernel_size = 3
tcn_dropout_rate = 0.2
TCN Random search 0.0475 00h 07m 39s -
dense_units = 96
dense_12_reg = 0.004823781
learning_rate = 0.000491589




Continuation of Table 6

4 5

TCN Bayesian optimization 0.0692

tcn_nb_filters = 128
tcn_kernel_size = 3

tcn_dropout_rate = 0.2

00h 07m 38s -
dense_units = 32

dense_12_reg = 0.000856437
learning_rate = 0.000159418

LSTM Random search 0.0465

Istm_units = 96

dropout_rate = 0.4

00h 05m 43s dense_units = 32
dense_12_reg = 0.000183332

learning_rate = 0.000869153

LSTM Bayesian optimization 0.0483

Istm_units = 128

dropout_rate = 0.1

00h 05m 36s dense_units = 128
dense_12_reg = 0.000609870

learning_rate = 0.000549713

Hybrid TCN-LSTM Random search 0.0438

tcn_nb_filters = 192
tcn_kernel_size = 3

tcn_dropout_rate = 0.1

Istm_units = 64

00h 13m 23s
Istm_dropout_rate = 0.5

dense_units = 128
dense_12_reg = 0.003467461
learning_rate = 0.000539539

Hybrid TCN-LSTM Bayesian optimization 0.0455

tcn_nb_filters = 192
tcn_kernel_size = 5

tcn_dropout_rate = 0.3

Istm_units = 128

00h 13m 35s
Istm_dropout_rate = 0.4

dense_units = 32
dense_12_reg = 0.000133802
learning_rate = 0.000533017

More specifically, the Fig. 5 presents eight training-vali-
dation loss trajectories across different model configurations
namely TCN, LSTM, and a hybrid TCN-LSTM under two
distinct hyperparameter optimization strategies: random
search and Bayesian optimization. Models in Fig. 5, a, b, g, h,
exhibit stable and effective training performance. In con-
trast, Fig. 5, e, f, indicate potential overfitting or high sensi-
tivity to validation data. Meanwhile, Fig. 5, ¢, d, demonstrate
consistent learning with slower convergence rates.

Thus, it can be concluded that the hybrid TCN-LSTM
approach, which incorporates adaptive hyperparameter op-
timization primarily through random search yields the most
stable and accurate CO, prediction results compared to either
a single model or the lack of optimization.

6. Discussion of results evaluating deep learning
models for CO, emissions prediction

This study demonstrates that systematic data prepro-
cessing combined with well-designed deep learning archi-
tectures (Fig. 4) enhances the reliability of CO, emission
forecasts. By emphasizing long-term structural drivers such
as energy use (Fig. 3), the models align with IPCC projections
while acknowledging, but not modeling, short-term anoma-

lies like Covid-19. Comparative results show that the hybrid
TCN-LSTM consistently outperforms single models by cap-
turing both short- and long-term dependencies. Moreover,
hyperparameter tuning through random search and Bayes-
ian optimization improves accuracy and prevents overfitting,
making the hybrid model robust, adaptable for real-time
applications, and highly relevant for supporting data-driven
climate mitigation and net-zero strategies.

The hybrid TCN-LSTM model delivers more accurate pre-
dictions and effectively manages data complexity. However,
training time is a critical factor. As shown in Table 6, the
hybrid model requires a longer training duration (13 minutes
and 23 seconds) compared to individual models like TCN or
LSTM (under 8 minutes). Nevertheless, the significant im-
provement in accuracy justifies the extended training time as a
reasonable trade-off. This highlights the balance between accu-
racy and computational efficiency when selecting deep learning
models for CO, emission prediction. Evaluation results confirm
that the Hybrid TCN-LSTM model is most suitable for datasets
characterized by complex and dynamic temporal patterns.

The choice of hyperparameter optimization methods sig-
nificantly impacts model performance. Table 5 demonstrates
that Random Search is more effective for hybrid models,
achieving the lowest MAE (1.0269) due to its comprehensive
exploration of the search space. The optimal hyperparame-



ter configuration (e. g., tcn_dropout_rate = 0.1, and learn-
ing_rate = 0.000539) in Table 6 was attained using Random
Search with best val MAE 0.0438. These findings underscore
that hyperparameter optimization not only enhances accura-
cy but also ensures the model’s practical applicability, such
as in predicting CO, emissions for climate change mitiga-
tion. The decision between Random Search and Bayesian
Optimization should align with the specific characteristics
of the model and dataset. Unlike Grid Search as used in [15],
which is constrained by its discrete and exhaustive nature,
Random Search offers greater flexibility and robustness in
high-dimensional, non-context search spaces, reducing the
risk of local optima and improving convergence on optimal
configurations.

This study demonstrates superior CO, emission predic-
tion accuracy compared to prior research. The hybrid TCN-
LSTM model optimized with Random Search achieves a
MAPE of 4.47% and an R? of 0.9305, outperforming [19] (wa-
terlogging depth prediction, MAE 2.22) and [13] (wind power
prediction, 2.00% reduction in nMAE). This advantage stems
from integrating TCN (capturing periodic patterns via di-
lated convolutions) and LSTM (modeling complex temporal
dependencies), further enhanced by systematic hyperpa-
rameter tuning. Unlike [13], which relied on external filters
for data denoising, this study proves that hyperparameter
optimization alone suffices for stable CO, data. In contrast
to [15], which applied hybrid models and conventional grid
search to structured multivariate datasets, the present study
addresses the more volatile and irregular nature of univariate
CO, emissions using an adaptive, fine-grained hybrid TCN-
LSTM architecture, resulting in superior predictive precision,
broader generalization capacity, and enhanced relevance to
domain-specific forecasting challenges.

This research addresses a literature gap by directly
comparing TCN, LSTM, and Hybrid TCN-LSTM models
for CO, prediction a rarely explored focus in prior work.
Unlike [13,19], which employed simple or parallel hybrid
architectures, this study examines TCN-LSTM feature fusion
through concatenation and evaluates the efficacy of Random
Search versus Bayesian optimization. Results reveal that
Random Search effectively navigates complex hyperparam-
eter spaces to avoid local optima. This methodological rigor
positions the study as a reference for developing adaptive, da-
ta-driven predictive models. In this way, the proposed frame-
work not only enhances model accuracy, but also advances
the methodological landscape of environmental forecasting
by integrating optimization strategies directly into the archi-
tectural design.

The findings support the design of effective environmental
policies through precise and stable CO, emission predictions.
Despite requiring longer training times (13.38 minutes), the
hybrid model is recommended for large-scale implementation
to advance climate change mitigation. The proven accuracy
and methodological robustness highlight the necessity of com-
promising computational efficiency for superior results. Thus,
this study not only offers technical solutions but also provides
actionable recommendations to inform data-driven policies in
global efforts to reduce carbon emissions.

Accurate CO, emission predictions are essential for
data-driven climate mitigation. This study optimizes TCN,
LSTM, and a Hybrid TCN-LSTM model to enhance both
accuracy and efficiency when working with large datasets.
Through empirical analysis, it provides methodological in-
sights for improving emission prediction systems and in-

forms environmental policy. The architecture and optimiza-
tion paradigm proposed herein are adaptable across domains,
and serve as a scalable foundation for predictive modeling in
support of sustainability goals.

This study is limited by its focus on univariate CO, emis-
sions data, which restricts the generalizability of the models
to more complex, multivariate environmental datasets. Addi-
tionally, the reproducibility of results may be affected by in-
herent randomness in model training and optimization, such
as initialization variance and stochastic search processes.
The stability of the proposed models under shifting data dis-
tributions or extreme events remains untested, highlighting a
need for broader validation across varied emission scenarios.

A notable disadvantage lies in the high computational cost
of the hybrid TCN-LSTM model, which requires significantly
longer training time than its individual counterparts. While
this is justified by improved accuracy, it poses challenges for
deployment in time-sensitive or resource-constrained appli-
cations. The proven effectiveness of the hybrid TCN-LSTM
model makes it a reliable tool for forecasting CO, emissions,
enabling policymakers to design proactive, data-driven miti-
gation strategies. Furthermore, the success of random search
offers an efficient and replicable method for tuning complex
models in other domains like energy demand forecasting. By
providing a scalable framework for large datasets, this study
contributes to more informed decision-making and robust
climate governance.

Future research should advance from univariate to multi-
variate CO, forecasting by incorporating sectoral and region-
al variables. Building on the effectiveness of random search,
further exploration of advanced optimization methods such
as evolutionary algorithms and reinforcement learning is
recommended. Integrating explainable AI will improve
transparency and policy relevance. Key challenges include
increased model complexity, overfitting risks, and data har-
monization, all of which must be addressed to ensure robust,
scalable, and interpretable climate prediction systems.

7. Conclusion

1. This study introduces three architectures for CO, emis-
sion forecasting: TCN, LSTM, and hybrid TCN-LSTM. The
TCN uses dilated convolutions and batch normalization to
capture periodic patterns, while the LSTM models long-term
dependencies through recurrent memory. The hybrid mod-
el integrates both strengths via concatenation, addressing
short-term periodicity and long-term trends simultaneously.
To enhance robustness and predictive accuracy, hyperpa-
rameter optimization using random search and Bayesian op-
timization is embedded into the architecture design, refining
key parameters such as filter size, kernel size, dropout rate,
and learning rate. This ensures that the proposed models
are not only methodologically rigorous but also practical for
real-world applications.

2. This study confirms that the hybrid TCN-LSTM model,
optimized using random search, is the most effective architec-
ture for predicting CO, emissions. It achieves the lowest mean
absolute error (MAE) of 1.0269, root mean square error (RMSE)
0f2.9392, mean absolute percentage error (MAPE) of 4.47%, and
the highest coefficient of determination (R?) of 0.9305. The mod-
el’s strength lies in its ability to integrate TCN for capturing local
temporal patterns with LSTM networks for modeling long-term
dependencies. This hybrid model outperforms standalone TCN



and LSTM architectures and scales effectively to large datasets,
although it necessitates a longer training time. These findings
underscore the effectiveness of deep learning hybridization for
CO, emission prediction and support data-driven strategies for
climate change mitigation.

3. This study demonstrates that random search is more
effective than Bayesian Optimization for tuning the Hybrid
TCN-LSTM model, particularly in complex, non-linear search
spaces. The optimal configuration (tcn_nb_filters =192,
learning_rate = 0.000539, tcn_dropout_rate = 0.1, Istm_drop-
out_rate = 0.5) minimizes prediction errors (MAE = 1.0269)
and enhances model generalization. Random search excels in
broad exploration, effectively avoiding traps associated with
local minima. These findings advocate for the use of random
search in hybrid models and other complex architectures for
CO, emission prediction, thereby improving accuracy while
providing an efficient and replicable framework.
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