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Introduction: Accurate prediction of atmospheric CO, concentration is
essential for evaluating local emission dynamics, supporting regional carbon
management, and promoting carbon neutrality goals. However, CO, variations
are highly influenced by complex interactions between meteorological
conditions and anthropogenic activities, leading to highly nonlinear and time-
dependent behavior that challenges conventional prediction methods.
Methods: To address this issue, a time series prediction framework based on
Bidirectional Long Short-Term Memory (BILSTM) was developed for ground-
based CO, concentration forecasting. Observations from four stations of
the European Integrated Carbon Observation System (ICOS) were used.
Correlation analysis was first conducted between CO, concentration and
multiple meteorological variables to identify dominant driving factors. Two
prediction schemes were then designed: one incorporating all meteorological
variables and another using only highly correlated features. The proposed
BILSTM model was evaluated against LSTM, GRU, and Support Vector Regression
(SVR) models using RMSE, MAE, and R2 as performance metrics.

Results: The results indicate that correlation-based feature selection effectively
improves prediction accuracy and model stability. Among all models, BILSTM
consistently achieves superior performance in both short-term and long-
term CO, prediction, exhibiting greater stability and robustness than LSTM,
GRU, and SVR.

Discussion: The superior performance of BILSTM is attributed to its bidirectional
recurrent structure, which enables effective learning of both past and future
temporal dependencies in CO, time series. Differences in prediction accuracy
among stations reflect varying environmental and anthropogenic influences.

KEYWORDS

bidirectional long short-term memory, carbon dioxide, ground monitoring, integrated
carbon observation system, time series prediction

1 Introduction

Carbon dioxide (CO,) is the most critical greenhouse gas, accounting for more
than three-quarters of global greenhouse forcing. Since the Industrial Revolution,
rapid industrialization and fossil fuel consumption have led to a continuous rise in
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atmospheric CO, levels, intensifying the greenhouse effect and
triggering frequent extreme weather events (Das et al, 2023;
Diffenbaugh et al., 2017). To address these challenges, the Paris
Agreement in 2015 (UNFCCC, 2016) marked the international
community’s collective commitment to combat climate change,
aiming to limit the global average temperature rise to below 2 °C
compared to pre-industrial levels and make efforts to further reduce
the increase to below 1.5°C (Ayugi et al., 2023; Jin et al., 2024;
Zhang et al,, 2023; Zhang and Chen, 2022). Currently, over 190
parties have legally committed to reducing their national greenhouse
gas emissions (Lelandais et al., 2022). Achieving this target relies
not only on emission reduction commitments but also on accurate
monitoring and prediction of atmospheric CO, concentration at
regional and local scales, which provide scientific evidence for
climate policy formulation and emission regulation.

At present, satellite observation and surface measurement are
the main methods to obtain the CO, concentration (Li Y. et al., 2025;
Yang et al., 2020). Satellite observation, due to its extensive spatial
coverage, has become an important tool for analyzing the spatio-
temporal variations of global CO, concentration (Xiang et al., 2022;
Yang et al., 2023). However, the narrow swaths and revisit cycles
(Jin et al., 2022; Zhang et al., 2022) make the satellite observation
data suffer from temporal discontinuity and accuracy limitations
(Heymann et al, 2017; Wang W. et al., 2022). As a result, it is
difficult to accurately reflect the temporal continuous variation
of CO, concentration. To make up for the deficiency, ground-
based monitoring stations provide high-precision and temporal
continuous CO, observation data (Mingwei et al., 2017), which
can more finely depict the real-time change of CO, concentration
(Wu C.etal,, 2023). As early as 1958, the Mauna Loa Observatory in
Hawaii, USA, began long-term observations of CO, concentration
(Keeling et al., 1976). Subsequently, the World Meteorological
Organization (WMO) established the Global Atmosphere Watch
Programme (GAW) in 1991 (Ferrarese et al., 2015; Li et al., 2022)
with the goal of developing a comprehensive network observation
to facilitate in-depth research into global CO, concentration
changes. However, most of these monitoring stations are located
in high-altitude and remote areas far from CO, sources and sinks
(Curcoll et al, 2018). They are primarily dedicated to studying
long-term CO, concentration changes on global trend rather than
regional and local variations (Conil et al., 2019). Therefore, in order
to accurately monitor regional and local CO, concentration, the
Integrated Carbon Observation System (ICOS) has been established
in Europe since 2012 (Yver-Kwok et al., 2021). This network
consists of towers set up at different heights to monitor atmospheric
components such as CO,, CH,, N,O, as well as meteorological
variables like temperature and humidity (Lelandais et al., 2022). This
provides valuable datasets for exploring CO, variation mechanisms
and developing predictive models.

Ground station observation, with its core advantage of high
temporal resolution, can not only track and accurately depict
the overall evolution trend of local CO, concentration over the
long term, but also capture its short-term dynamic changes such
as diurnal fluctuations in real time. However, the variation of
CO, concentration is comprehensively influenced by multiple
local factors such as traffic emissions, industrial activities, and
meteorological conditions. Consequently, the CO, time series
data exhibit pronounced characteristics such as strong seasonality,
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nonlinearity, and local heterogeneity, which still pose challenges
for CO, prediction. Traditional statistical models and shallow
learning methods lack the ability to effectively capture long-
term temporal dependencies and complex nonlinear mechanisms,
making it difficult to meet the requirements of high-precision
prediction. In recent years, deep learning methods have become
powerful tools for dealing with nonlinear and long-term dependent
sequences (Cui et al., 2023; Gao and Li, 2021; Li R. et al.,, 2025).
Recurrent Neural Network (RNN), as one of the earliest deep
learning methods for time series prediction (Amalou et al., 2022;
Khaldi et al., 2023), has made some progress in handling sequential
data. However, it is prone to the issues of gradient disappearance
and explosion (Fang et al, 2021; Wang]. et al, 2022). Long
Short-Term Memory (LSTM) network is an improvement based
on RNN, which can effectively capture long-range dependencies
(Chu et al, 2023; Qadeer et al, 2020) by introducing gating
mechanisms (Zaini et al., 2023). However, conventional LSTM
network only processes sequential data in one direction, which limits
the model’s ability to utilize future information (Zrira et al., 2024).
The Bidirectional Long Short-Term Memory network (BILSTM)
overcomes this limitation by combining forward and backward
propagation, thus enabling a more comprehensive understanding
of temporal dependencies and improving prediction robustness
(Li et al., 2024; Liu et al., 2023; Wu K. et al., 2023).

In this study, we developed a BILSTM-based CO, prediction
model using multi-factor meteorological inputs from ICOS ground
stations. The main objectives are: 1. To analyze the correlations
between CO, concentration and meteorological variables, and assess
the impact of feature selection on model performance; 2. To compare
the predictive accuracy of BILSTM with GRU, LSTM, and SVR
baseline models using standard statistical metrics. The remainder
of this paper is organized as follows: Section 2 introduces the
data and methods; Section 3 presents the experimental results and
discussion; Section 4 summarizes the main conclusions and future
research directions.

2 Data and methods
2.1 Data source

The time series data of CO, concentration used in this paper
were obtained from the Integrated Carbon Observation System
(ICOS). ICOS is an Observer Intergovernmental Organization
(IGO) to the United Nations Framework Convention on Climate
Change (UNFCCQC). It has a prominent role in some of the working
groups of the Global Climate Observing System (GCOS) and
is also a part of the Group on Earth Observations (GEO) and
Global Atmosphere Watch (GAW) program, with data products
accessible through the World Meteorological Organization (WMO).
Currently, ICOS comprises approximately 180 stations across 16
European countries, covering three major observational domains,
atmosphere, ecosystem, and ocean. All ICOS stations follow unified
instrumentation standards, calibration procedures, and quality-
control protocols, ensuring high precision, consistency, and long-
term stability of the measurements.

Specifically, the ICOS Atmosphere Release 2023-1 Level 2
greenhouse gas dataset (https://www.icos-cp.eu/data-products/
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FIGURE 1
Location distribution of HPB, IPR, KRE, and TRN stations.

TABLE 1 Detailed location of HPB, IPR, KRE, and TRN stations.

Station Station Latitude (°) Longitude
code name ()
HPB Hohenpeissenberg 47.8011 11.0246
IPR Ispra 45.8147 8.6360
KRE Kiesin u Pacova 49.5720 15.0800
TRN Trainou 47.9647 2.1125

atmosphere-release) was utilized (ICOS et al., 2023). This collection
includes final quality controlled hourly averaged data for CO,, CH,,
N,O0, and CO, as well as corresponding meteorological parameters
measured at multiple vertical levels. It also contains additional
records such as "*C in CO, in two-weekly integrated samples and
flask sample analyses of CO,, CH,, CO, N, O, SF, and H,, covering
the period from September 2015 to April 2023.

For this research, 2 years (1 January 2020 to 31 December
2021) of hourly CO, concentration and meteorological observations
were selected from four ICOS atmospheric stations: HPB, IPR,
KRE, and TRN. The meteorological variables considered include
air temperature (AT), relative humidity (RH), air pressure (AP),
wind direction (WD), and wind speed (WS). The geographical
distribution of these stations is illustrated in Figure 1, and detailed
site information is provided in Table 1.

2.2 Data preprocessing

During data acquisition, inevitable factors such as instrument
maintenance, network interruptions, and power outages may cause
missing values in the original time series, which can negatively affect
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the accuracy and stability of model predictions. To assess the impact
of missing data, we systematically analyzed the missingness of CO,
concentration and meteorological variables at the four observation
stations from 2020 to 2021, with the results visualized in Figure 2.

The missing distribution of CO, observations at each station
across different years was shown in Figure 2a, while the missingness
of meteorological variables was presented in Figure 2b. It can
be seen that although all six types of observational variables at
each station exhibit varying degrees of missing data, missing rates
remain relatively low, with most variables missing less than 5%,
indicating that the dataset quality is sufficient for model training.
To minimize the impact of missing data, the linear interpolation
method was applied to fill the data gaps. The calculation formula
is shown in Equation 1:

Xi

N
Y =X+ y (=) (1)

i
where ¢ represents the time point with missing observation data, i
and j are the time points without missing data before and after time
t, x; and x; are the observed values at time points i and j, and y, is
the final interpolation calculation result.

Additionally, since the measurement scales of the six observation
variables are different, it is necessary to normalize them and generate
a unified value range of [0,1] so that improve the calculation and
convergence speed of the prediction model. The calculation formula
for normalization is shown in Equation 2:

x—min (x)
r= max (x) — min (x) @
where x represents the original observed value, min (x) and max (x)
represent the minimum and maximum values of the observed data
respectively, and y represents the normalized result.

Finally, to prepare the data for model training, the continuous
time series from each station were converted into a supervised
learning format. Specifically, the sliding window method was
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FIGURE 2
Missing rate at each station. (a) CO,. (b) Meteorological variable.
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FIGURE 3
Sliding window technology.

employed to segment the time series into input-output pairs,
enabling the model to learn temporal dependencies from historical
observations. As illustrated in Figure 3, when the window size is L
and the time step is 1, each input sequence consists of L consecutive
historical data points, which are used to predict the value at the
next time step.

2.3 Methods

The overall methodological framework for CO, concentration
prediction is illustrated in Figure 4. It mainly consists of two main
stages: data analysis and model training. In the first stage, time
series data of CO, concentration and meteorological observations
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from the HPB, IPR, KRE, and TRN stations were collected and
preprocessed. Missing values were filled using linear interpolation,
and all variables were normalized to enhance the numerical
stability of subsequent model training. The preprocessed data were
then divided into training set and testing set. In the second
stage, the correlation between meteorological variables and CO,
concentration was analyzed to identify the most influential factors.
The highly correlated features were selected as model inputs
to reduce noise and improve predictive accuracy. Finally, the
BILSTM network was constructed for time series prediction, and its
performance was evaluated by statistical metrics and three baseline
models, LSTM, GRU, and SVR.

2.3.1 Long short-term memory

Long Short-Term Memory, first proposed by Sepp Hochreiter
and Jurgen Schmidhuber in 1997, can solve the gradient
disappearance or explosion problem that exists in the traditional
(Schmidhuber, 1997).
As shown in Figure 5, its basic structure contains a memory cell
¢, and three gates (forget gate f,, input gate i,, and output gate o,).

The core idea of LSTM is the adaptive gate mechanism, which
determines whether and to what extent the cell state of LSTM is
updated (Gers and Cummins, 2000). The input gate i, contains
the sigmod function and tanh function, which together control

Recurrent Neural Network model

how input information is passed to the memory cell. As the most
important component of LSTM, the forget gate f, determines how to
retain and forget historical information by calculating the weight, so
it can effectively overcome the problems of gradient disappearance
and gradient explosion (Wang et al, 2021). The output gate o,
determines which amount of information is to be output in the
current state. The complete calculation process of the LSTM network
from input to output is as follows:

1
1+e

sigmod(x) = — (3)
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¢ =fircq +ip G (8) The hidden state /i, of the BILSTM network is composed of the
hidden states of forward LSTM network &, and the hidden states
0,= o(W,-[h,_,x,] +b,) ) of Paclfward LS.TM network h,. The output value is obtained by
activation function.
h, = o, tanh (c,) (10)

In Equations 3-10, Wy, W;, W, and W, denote the weight
vectors of forget gate, input gate, output gate and memory
cell respectively. by, b;, b; and b, represent the bias vectors of
forget gate, input gate, output gate and memory cell respectively.
fp i ¢ and o, denote the vectors of forget gate, input gate,
memory cell and output gate respectively. h,_; and h, represent
the output vectors at time steps t and f—1; x, denotes the input
at time .

2.3.2 Bidirectional long short-term memory

As shown in Figure 6, Bidirectional Long Short-Term Memory
(BILSTM) network is an improvement based on LSTM model,
consisting of two independent LSTM networks, forward and
backward propagation (Alex Graves and Jirgen, 2005; Graves and
Schmidhuber, 2005).

The hidden state of the forward LSTM network 7, is:

hy = LSTM(x,,h, ;) (11)

In Equation 11, x, represents the input at time #, LSTM denotes the
LSTM unit, h,_, represents the hidden state of the forward LSTM
network at time ¢ — 1.

Similarly, the hidden state of the backward LSTM network 1, is:
b, = LSTM(x,, b, ) (12)

In Equation 12, x, represents the input at time £, LSTM denotes the
LSTM unit, z,_, represents the hidden state of the backward LSTM
network at time ¢ — 1.
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2.3.3 Parameter setting
The
impact on prediction performance. After multiple rounds of

design of model parameters has a significant
testing and adjustment, the final parameter configuration is
summarized in Table 2. Specifically, the CO, concentration and
meteorological data from the HPB, IPR, KRE, and TRN stations
were divided into training and testing sets according to the time
dimension using a 7:3 ratio. The first 70% of the data were used for
model training, while the remaining 30% were used for testing. The
historical sequence length was set to 24, and the prediction length
was set to 1, meaning that the CO, concentration of next hour was
predicted based on observations of past 24 h from each station. The
BILSTM network consisted of one BILSTM layer, one Dropout layer,
and one Dense layer. The BILSTM layer contained 128 neurons,
while the dropout rate was set to 0.2 to prevent overfitting. The
model was trained using the Mean Squared Error (MSE) as the loss
function, with a learning rate of 0.001 and a batch size of 64. The
Adaptive Moment Estimation (Adam) optimizer, known for its high
computational efficiency and low memory demand, was employed
for parameter optimization and loss minimization. The number of
epochs was set to 100. All experiments were implemented in Python
3.9.18, utilizing the TensorFlow 2.7.0 and Keras 2.7.0 frameworks.
Both training and testing were conducted on a system equipped

with a GeForce RTX 3060 GPU and 16 GB of memory.

2.3.4 Model evaluation

To quantitatively evaluate the performance of the BILSTM
model in predicting CO, concentration, RMSE (represent overall
prediction accuracy), MAE (represent the average distance between
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TABLE 2 Parameter Settings of BILSTM model.

Parameter Values

Training set 70%

Test set 30%
History len 24
Predict len 1

Neurons 128
Dropout 0.2

Loss function Mean square error

Learning rate 0.001
Batch size 64
Optimizer Adam

Epochs 100

predicted values and true values), and R? (represent the degree of
model fit) were employed (Yan et al., 2025). The formulas for each
metric are shown in Equations 13-16:

(13)

(14)

(15)

(16)

In the above equation, y, and y, are the observed and predicted
values at time t respectively; T is the amount of data in the test set.

3 Results and discussion
3.1 Input feature selection

Selecting appropriate input features is crucial for constructing a
high precision prediction model. Feature selection not only directly
affects the predictive performance of the model but also influences
its generalization ability and computational efficiency. An excessive
number of input variables may introduce redundancy, reduce
interpretability, and increase computational cost, thereby limiting
the model’s performance. To identify the key variables influencing
CO, concentration, the correlations between meteorological factors
and CO, concentration at the HPB, IPR, KRE, and TRN stations
were analyzed using Pearson’s correlation coefficient. According to
conventional criteria, the absolute value of the Pearson correlation
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coeflicient less than 0.3 indicates a low correlation, between 0.3 and
0.7 indicates a moderate correlation, and above 0.7 indicates a high
correlation.

As shown in Figure 7, the correlations between CO, concentration
and five meteorological factors, air temperature (AT), relative humidity
(RH), air pressure (AP), wind direction (WD), and wind speed (WS),
were analyzed. Among these factors, air temperature exhibits the
strongest correlation with CO, concentration at all four stations,
with correlation coefficients exceeding 0.6. Relative humidity is
identified as the second most influential factor, showing a relatively
strong correlation at the IPR, KRE, and TRN stations. Although the
correlation at the HPB station is slightly weaker, RH still ranks as
the second most important variable after temperature. In contrast,
air pressure, wind direction, and wind speed display consistently low
correlations across all stations, with average correlation coefficients
below 0.1 (Table 3). Therefore, based on the correlation analysis, air
temperature (AT) and relative humidity (RH), which show relatively
strong and consistent correlations with CO, concentration across all
stations, were selected as the key input features for the subsequent
BILSTM prediction model.

3.2 Feature selection effect

To verify the influence of feature selection on the model’s
predictive performance, the results of the BILSTM model using all
meteorological factors as input were compared with using only air
temperature (AT) and relative humidity (RH). The predicted values
and the true observed values for the four stations under these two
different input feature configurations are compared in Figure 8.
From the prediction results, it can be observed that for all four
stations, when the model input features are restricted to air
temperature and relative humidity, the predicted values are closer
to the actual observations, indicating a higher level of agreement
between predictions and measurements. These findings suggest that
simplifying the input feature set does not compromise prediction
accuracy. On the contrary, it effectively eliminates redundant and
weakly correlated information, thereby improving the model’s ability
to capture key patterns and enhancing its overall predictive stability.

For further quantifying the prediction performance of before
and after input feature selection, the RMSE, MAE, and R? for
each station under the two feature configurations are calculated in
Table 4. Additionally, the fitting relationships between predicted
values and actual observations are visualized in Figure 9 through
density scatter plots. As can be seen, when input features are limited
to air temperature and relative humidity, the RMSE and MAE of the
BILSTM model are decreased and the R* is increased at all stations.
The overall prediction accuracy is improved compared to using all
meteorological factors as input features. Specifically, the average
RMSE at the four stations decreases from 2.426 to 2.178, and the
average MAE decreases from 3.715 to 3.429, both of which decrease
by about 0.3. Meanwhile, the average R? increases from 0.899 to
0.915. This indicates that selecting features that are highly correlated
with CO, mole fraction will be more effective than using all of
them. Removing low-correlation meteorological factors can not only
enhance prediction performance but also reduce computational
complexity and overfitting risk.
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FIGURE 7
Correlation between CO, concentration and meteorological factors at four stations. (a) HPB. (b) IPR. (c) KRE. (d) TRN.

TABLE 3 Correlation values between CO, concentration and meteorological factors at four stations.

Correlation

Average
Station
AT ~0.670 -0.612 ~0.689 ~0.662 -0.658
RH 0.287 0513 0.564 0.481 0.461
AP -0.191 0217 ~0.084 -0.011 -0.017
WD 0.020 ~0.068 ~0.011 ~0.065 ~0.031
WS 0.097 -0.254 0.030 0.111 ~0.004

It is observed that after feature selection, the prediction
performance has improved. However, there are still differences
among all four stations, which may be closely related to the
geographical location characteristics (Figure 10). The HPB station,
located in a high-altitude mountainous region in Germany, serving
as a regional background station, is far from major anthropogenic
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emission sources. Its CO, observations primarily reflect large-scale
background signals with relatively smooth temporal variability and
minimal local disturbances, making the time series easier for the
model to learn and resulting in the highest prediction accuracy.
In contrast, the IPR station exhibits the highest prediction error,
as it is located near industrial zone in northern Italy. The CO,
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TABLE 4 Prediction performance of the BILSTM model under different
input feature configurations.

Station CO,+All features CO,+AT, RH
MAE RMSE | R> MAE | RMSE R?
HPB 1.896 3.151 0.889 1.624 2.974 0.901
IPR 3.753 5.702 0.910 3.548 5.387 0.919
KRE 1.908 2.702 0.917 1.742 2.556 0.926
TRN 2.167 3.305 0.880 1.797 2.798 0914
Average 2.426 3.715 0.899 2.178 3.429 0.915

observations at IPR is strongly influenced by highly variable local
anthropogenic emissions, including industrial activities and traffic,
making it challenging to accurately capture short-term fluctuations
and leading to greater uncertainty. KRE and TRN stations show
relatively similar prediction accuracies, as both are dominated by
natural ecosystem processes. KRE, located in an agricultural area,
is influenced by crop growth and soil respiration, while TRN, as
a forest station, exhibits CO, variations dependent on vegetation
photosynthesis and respiration. Overall, the observed differences in
model performance across stations are not incidental but a direct
reflection of varying environmental conditions. The selected stations
in this study encompass diverse geographical and environmental
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backgrounds, demonstrating the strong environmental adaptability
of the BILSTM model in CO, prediction. Furthermore, this analysis
highlights that future prediction targeting complex environments
should incorporate external indicators of human activity, such as
traffic indices or emission inventories, which may further enhance
prediction accuracy.

3.3 Model performance evaluation

In order to explore the accuracy and effectiveness of BILSTM
model in predicting CO, concentration, the prediction results were
compared with those of three baseline models, LSTM, GRU, and
SVR. The parameter settings for each model are shown in Table 5.

3.3.1 Short-term prediction performance

The performance comparison of the four models in predicting
CO, concentration is illustrated in Figure 11. It is evident
that the three neural network models, BILSTM, GRU, and
LSTM, demonstrate similar prediction performance, all of which
outperform the SVR model, a traditional machine learning
approach. Among them, BILSTM achieves the best overall
performance, with RMSE and MAE values consistently lower than
those of GRU and LSTM across all stations, indicating higher
prediction accuracy. Although the performance of GRU and LSTM
is slightly inferior to BILSTM, they still provide relatively accurate
predictions. In contrast, the SVR model performs the worst among
the four, exhibiting notably higher RMSE and MAE values at all
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FIGURE 10
The locations of the four stations. (a) HPB. (b) IPR. (c) KRE. (d) TRN.

TABLE 5 Parameter Settings of the three baseline models.

Model Parameter

LSTM Learning rate = 0.001, batch size = 64, epoch = 100, neurons = 128, optimizer = Adam, dropout = 0.2
GRU Learning rate = 0.001, batch size = 64, epoch = 100, neurons = 128, optimizer = Adam, dropout = 0.2
SVR Kernel = ‘rbf’, gamma = 0.01, ¢ = 10, epsilon = 0.1
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FIGURE 11
Comparison of prediction performance of the four models.

TABLE 6 MAE, RMSE, and R? of the four models at each station.

Station Model

MAE RMSE R? Station Model MAE RMSE R?

BILSTM 1.624 2.974 0.901 BILSTM 1.742 2.556 0.926
LSTM 1.764 3.029 0.898 LSTM 1.791 2.575 0.924
HPB KRE
GRU 1.647 3.052 0.896 GRU 1.803 2.603 0.923
SVR 4.321 5.162 0.703 SVR 2.014 2.810 0.910
BILSTM 3.548 5.387 0.919 BILSTM 1.797 2.798 0.914
LSTM 3.846 5.762 0.908 LSTM 1.885 2.931 0.906
IPR TRN
GRU 3.563 5.432 0.918 GRU 1.840 2.845 0.911
SVR 4.361 5.800 0.907 SVR 2.755 3.520 0.864

stations, particularly at HPB and TRN, where prediction errors
are significantly larger. This demonstrates that the generalization
capability of SVR is much weaker when dealing with complex
nonlinear time series data compared to neural network approaches.

The quantitative evaluation metrics (RMSE, MAE, and R?) for
each model and station are summarized in Table 6. As shown, the
R? of BILSTM consistently exceed those of the other three models,
reflecting its superior ability to capture temporal variability in CO,
concentration. BILSTM also exhibits stronger explanatory power
and a better overall fit, confirming its robustness and reliability in
CO, prediction.

To further analyze model performance at a detailed level, part
of the prediction results from the TRN station were selected for
visualization and discussion. The comparison between the true
observations and the predicted results of BILSTM, GRU, LSTM, and
SVRis presented in Figure 12. As shown, all four models can capture
the overall temporal trend of CO, concentration. In Figure 12a, both
GRU and BILSTM accurately reproduce the detailed variations of
CO, concentration, with BILSTM showing slightly higher precision,
particularly in peak regions. This improvement can be attributed
to the bidirectional propagation mechanism of BILSTM, which
allows the model to incorporate both past and future information
for more comprehensive temporal representation. The comparison
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between BILSTM and LSTM (Figure 12b) further highlights this
advantage. LSTM tends to produce larger prediction errors,
especially around CO, concentration peaks, whereas BILSTM more
effectively captures subtle fluctuations in the time series, resulting
in predictions closer to the observed values. Finally, Figure 12c¢
compares the prediction performance of BILSTM and SVR. It
is clear that BILSTM not only captures the overall trend more
accurately but also provides better predictions during periods
of complex CO, fluctuations. In contrast, SVR tends to lose
detailed information, leading to relatively larger errors and poorer
performance.

Overall, both the quantitative metrics and visual analysis
confirm that the BILSTM model achieves the highest prediction
accuracy among the four models. Its bidirectional learning structure
significantly enhances the model’s capacity to represent temporal
dependencies, yielding more precise and stable prediction values
compared with GRU, LSTM, and SVR.

3.3.2 Long-term prediction performance

To comprehensively verify the long-term prediction capability
of the BILSTM model, we extended the prediction horizon
and conducted multi-step prediction experiments to evaluate its
temporal generalization performance. Specifically, the prediction
intervals were expanded to 3, 6, 12, 24, and 48 h, and the average
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MAE, RMSE, and R? across the four stations were calculated for each
prediction step. The results are summarized in Table 7.

As can be seen from the Table 7, all models exhibit a continuous
increase in MAE and RMSE, accompanied by a gradual decrease in
R? as the prediction horizon becomes longer. This pattern indicates
that long-term prediction tasks have higher uncertainty, so the
prediction accuracy decreases over time. Despite this, BILSTM
consistently demonstrates superior performance compared with
GRU, LSTM, and SVM across all prediction steps. Especially when
the prediction step reaches 24 h and 48 h, BILSTM still maintains
the lowest error and highest R?, highlighting its stronger stability and
robustness in long-term prediction.

Furthermore, as illustrated in Figure 13, the performance
differences between neural network models (BILSTM, GRU, LSTM)
and machine learning model (SVM) is particularly significant as
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the prediction step increases. When the prediction step reaches
6 h, the R? of SVM drops to only 0.59, whereas all three neural
network models retain R? above 0.7. When the prediction step
is extended to 24 h, the R* of SVM sharply decreases to 0.334,
while the R? of neural network models still maintains above
0.5. This rapid degradation in SVM performance is due to its
inherent lack of temporal memory capability and inability to model
long-term dependencies. In contrast, BILSTM, GRU, and LSTM
benefit from gated recurrent units that effectively capture sequential
patterns, enabling them to maintain relatively high R* values.
As the prediction horizon becomes longer and cumulative errors
increase, the advantages of BILSTM become more evident. Across all
prediction steps, BILSTM consistently exhibits the lowest MAE and
RMSE, indicating that its bidirectional recurrent structure allows to
leverage both forward and backward temporal information during
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TABLE 7 Multi-step prediction results of different models.

10.3389/feart.2026.1736569

Model Metric +1h

MAE 2.178 3.122 3.958 4.994 5.762 6.194
BILSTM RMSE 3.429 4.765 5.886 7.138 8.112 8.706
R? 0.915 0.839 0.755 0.636 0.530 0.458
MAE 2213 3.189 3.995 5.042 5.893 6.404
GRU RMSE 3.483 4.889 5915 7.243 8.312 8.935
R? 0.912 0.827 0.752 0.622 0.502 0.423
MAE 2.322 3.282 4.115 5.091 5.853 6.279
LSTM RMSE 3.574 4.933 6.014 7.331 8.213 8.780
R? 0.909 0.829 0.745 0.613 0.520 0.451
MAE 3.363 4.648 5313 6.779 7.720 8.695
SVM RMSE 4.323 5.812 7.020 8.537 9.250 10.277
R? 0.846 0.719 0.595 0.415 0.334 0.181
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FIGURE 13
Comparison of prediction performance among BILSTM, GRU, LSTM, and SVM models at different time steps. (a) MAE, (b) RMSE, and (c) R,.

training. This enables BILSTM to more effectively characterize the
temporal dependencies of CO, concentration dynamics, thereby
achieving higher prediction reliability.

4 Conclusion and future work

This study proposed a CO, concentration prediction method
based on a BILSTM and compared its performance with three
baseline models, GRU, LSTM, and SVR. The predictive capabilities
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of all models were evaluated using three statistical metrics, RMSE,
MAE, and R?. The main findings are summarized as follows: 1.
Among the five meteorological factors (air temperature, relative
humidity, air pressure, wind direction, and wind speed) at the
HPB, IPR, KRE, and TRN stations, air temperature exhibited the
highest correlation with CO, concentration, followed by relative
humidity. In contrast, the correlations of air pressure, wind
direction, and wind speed with CO, concentration were relatively
weak. 2. Feature selection played an essential role in improving
model prediction accuracy. When only air temperature and relative
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humidity were used as input variables, the prediction accuracy
of the BILSTM model significantly improved compared with
using all meteorological factors. This result indicates that selecting
features with stronger correlations effectively reduces input noise
and enhances the model’s predictive performance. 3. Comparisons
with GRU, LSTM, and SVR baseline models revealed that the
BILSTM model achieved the best overall performance among
the four models. Across all four stations, BILSTM consistently
achieved the lowest RMSE and MAE values and the highest R%. The
superior performance of BILSTM is attributed to its bidirectional
propagation mechanism, which enables the model to capture
historical and future information comprehensively so that more
detailed information of CO, concentration could be captured and
further improve prediction accuracy.

Although this study demonstrates the capability of the BILSTM
model to effectively predict CO, concentrations at ground-based
observation sites, several limitations remain. First, the predictive
variables rely on meteorological factors, whereas CO, is also
influenced by anthropogenic emissions, land-cover characteristics,
and vegetation activity. Incorporating these additional driver factors
in future work would allow for a more comprehensive representation
of the spatiotemporal variability and governing mechanisms of
atmospheric CO,. Additionally, the present analysis is validated
using data from only four ICOS stations in Europe. To further
examine the generalizability of the proposed model, future studies
should extend the evaluation to a larger number of ICOS sites
or global GAW/NOAA observation networks, enabling a more
robust assessment of model applicability under diverse atmospheric
conditions. Finally, future research could explore more advanced
hybrid deep learning approaches, such as introducing attention
mechanisms to focus on critical prediction features, or employing
graph neural networks to explicitly capture spatial correlations
among different monitoring stations thereby further enhancing the
predictive capability and interpretability.
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