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Abstract: - This study forecasts CO2 emissions from industrial processes in Vietnam to support climate change
mitigation and sustainable development. Accurate forecasting provides valuable insights for policymakers and
businesses in designing emission reduction strategies and achieving the Net Zero target by 2050. Three Grey
forecasting models, namely the Gompertz Grey Model (GGM), Auto-Regressive Grey Model (ARGM (1,1)),
and Nonlinear Grey Model (NGM (1,1,k,c)), were evaluated using World Bank data from 2000-2023.
Forecasting performance was assessed using Mean Absolute Percentage Error (MAPE) and Root Mean Square
Error (RMSE). The results indicate that all models achieved acceptable accuracy (MAPE < 10%), with GGM
outperforming the others (MAPE = 5.51%, RMSE = 2.1363). Therefore, GGM was selected to forecast CO2
emissions for 2025-2030, projecting a continued upward trend and highlighting the need for cleaner technologies
and effective emission reduction policies.
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1 Introduction rise, indicating the strong growth of global industrial
Amid climate disruption becoming an increasingly processes. Emissions over the past three decades have
pressing challenge to sustainable development, increased by 93% vs. 1990 and 43% vs. 2005; in
greenhouse gas (GHG) emissions, especially carbon essence, high emission concentrations continued

dioxide (CO,), are drawing worldwide attention. The qnabateq over the past three decades. In the .shorter
constant increase of industrial processes due to the time period between 2023 and 2024, approximately

accelerated industrialization and urbanization has 1% higher emissions were observed [2]. To construct
resulted in a rise in the amount of CO, in the @ realistic Net Zero road map requires an accurate
atmosphere, producing the greenhouse effect, and forecast of CO, emissions from ‘the industrial
resulting in global warming. Against this trend, processes. It can also be used by policy makers and
nations and firms around the globe are turning to industry for the identification of trends in the impacts

green economic policy, with the latter being known as and for the analys.is of effe?cts, and preventi'on t.hereof.
“Net Zero,” a goal of reaching net zero carbon by the The purpose of this study is to lay at the scientific and

mid-21st century. Countries have established ~ Pragmatic ground upon which to analyze emission
commitments to the Paris Agreement in 2015, and trends, to develop realistic estimation models, and to
emission-reducing measures are being implemented =~ ©MPOWeEr deci.si(.)n-makers.with the necessary tools for
by way of technological innovations, renewable, and industrial emission reduction planning. The research

efficient production processes for industry, for integra@s data from the World 'Bank with advanced
example. At COP29 in 2024, all the member countries ~ forecasting methods to contribute to the world

- the US, UK and European Union -- committed to strategy for transition within a low-carbon economy
become Net Zero by 2050, China by 2060 and India ~ and to fulfill the future Net Zero targets. .
by 2070 [1]. The EDGAR (Emissions Database for Grey system theory is a method for studying

Global Atmospheric Research) report stated that the ~ uncertain systems, especially in cases with limited
emission of greenhouse gases in 2024, based on data and incomplete 1nf0rrpat10n, proposed by Prof.
combustion and industrial processes, continued to ~ Deng in 1982 [3]. This approach focuses on

E-ISSN: 2224-2678 519 Volume 25, 2026



WSEAS TRANSACTIONS on SYSTEMS
DOI: 10.37394/23202.2026.25.41

maximizing the use of available information to
describe and forecast system behavior, rather than
requiring large datasets like probability and statistics
or handling vagueness like fuzzy mathematics.
Uncertain systems are typically characterized by
incomplete information, data deviations, and the
difficulty of constructing perfectly accurate models;
therefore, grey system theory emphasizes
approximate but effective models. Over time, it has
developed into a comprehensive framework that
includes tools such as grey forecasting models, grey
relational analysis, and decision-making models. As a
result, it has been widely applied in fields such as
energy [4], finance and economics [5], semiconductor
technology [6], tourism [7], and logistics [8].

In the research paper of [9], the authors proposed
14 carbon emission factors across four major groups
(population, economy, transportation, and
technology) and used the Random Forest feature
ranking algorithm to evaluate the importance of these
factors in three regions of China (Western, Central,
and Eastern regions) as well as the entire country.
Additionally, the authors introduced a hybrid ARIMA
+ LSTM carbon emission forecasting model based on
backward error combination to address both linear and
nonlinear relationships in emission data. The results
indicate that the ARIMA + LSTM model achieves
higher accuracy in predicting CO, emission trends in
China, as reflected by performance indicators such as
RMSE, MAE, and MAPE. Reference of [10] used
Multiple Linear Regression (MLR) and Multivariate
Polynomial Regression (MPR) to forecast Iran’s CO,
emissions under two assumed scenarios: “business-as-
usual” and the Sixth Development Plan (SDP). By
applying regression analysis, the study estimated
annual CO, emissions based on factors including
population, CO, intensity, GDP per capital, the share
of electricity generated from fossil fuels, and per
capital energy use. The coefficient of determination
(R?) for both models exceeded 0.99; however, the total
residual sum of squares (RSS) of the MPR model was
significantly lower. In [11], the authors explored a
causal relationship between determinants of CO;
emissions in Indonesia, which include population,
GDP, energy consumption, and forest area. Long-term
and short-term relationships were characterized using
the Vector Error Correction Model (VECM) in the
study through the Granger causality test. A MAPE of
2.637836% was obtained from the forecasted model
using the data period time 1990-2019. Reference of
[12] applied multiple forecasting techniques including
nonlinear time-series neural networks, Gaussian
Process Regression, and the Holt method to predict
CO; emissions in Bahrain. The results showed that the
neural network model achieved the lowest root mean
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square error (RMSE) of 0.206, compared to RMSE
values of 1.0171 and 1.4096 from the other two
models. In [13], It developed a combined forecasting
model based on quadratic exponential smoothing,
multiple linear regression, and Gaussian Process
Regression, integrated using the Generalized Induced
Ordered Weighted Averaging (GIOWA) operator.
Using China’s CO; emission data from 1980 to 2020,
the combined model achieved an average accuracy
exceeding 99.5%. The reference of [14], the authors
reviewed the consequences of policy changes to CO;
emissions with respect to three estimation algorithms:
ANN, SVR, and ARIMAX. The datasets included
factors such as population, GDP, and vehicle-
kilometers traveled covering the period 1993-2022. It
was found that the ANN model had the best
predictions, which had the lowest mean absolute
percentage error (MAPE) of 6.395. In [15], the author
developed a deep learning model to predict CO;
emissions in Vietnam by analyzing the factors
influencing emission growth. A data transformation
method is applied to enhance prediction accuracy. The
model achieves high performance, with an RMSE of
0.025 and R? of 0.97, outperforming traditional
methods such as KNN, SVR, and Naive Bayes.

However, no existing research has applied grey
forecasting models yet to predict CO; emissions from
industrial processes in Vietnam. Therefore, this study
proposes three forecasting models - GGM, ARGM
(1,1), and NGM (1,1,k,c) - with the following
objectives: (1) To examine whether Grey Forecasting
Models are suitable for predicting CO, emissions
from industrial processes. (2) To provide a basis for
policymakers and especially industrial enterprises to
propose effective measures for reducing CO;
emissions from industrial processes.

2 Research Methodology

2.1 Grey Gompertz Model (GGM)
GGM is developed based on Gompertz’law. The
Gompertz function was first introduced by Benjamin
Gompertz [16]. The GGM is highly compatible with
the GM (1,1) model. The GGM can be developed
using GM (1,1).
The steps of the GGM are present as follows:

Step 1: Identify a raw data set X9 consisting of at
least four data points

X0 = (X<0>(1), X0(2),... X<°)(n)) >4 &

XO(0)=0, k=1,2, ..., n(1)
Step 2: Apply a logarithm operation to the data set
X to obtain the data set y
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HO= (Y01, yO@),..., YO (1)) @)
Here:
FO>)=In (X(O) (1)) L i=1,2,..,n
Step 3: Apply the AGO to the data set y(o) () to
obtain the data set X(1)
XD =xD (1), xV(2),..x1 (1) (3)

Here

k
D (k)= Z YO D, k=1,2,...n
=1
Step 4: Utilize the data set XU to derive the data
set ZD
Z0=(20(1), 29(2),... 201 )(4)
Here
AD (k)= % (XD @+ xV(&1))

ZD(R)=xD (k)
Step 5: Create the y;, va matrix B,

[y(o)(Z)] FzV@2) 2 -05 17
o S R
7O (n) /—Z(l)(n) n -05 1/

(%)

Step 6: Determine the values of a4, band ¢
labd = (B"B)" By,(6)
Step 7: Obtain the prediction values

%O (et 1) =exp (g 4 ( SO (1) g + i—ff) (-
ea)e-ak)’

k=1,2,..,n-1(7)
%0 (1)=x(1)

2.2 Auto-regressive Grey Model (ARGM

(1.1))

Assume X = (x (1), x (2), x (3), ..., x(n)), where X
stands for a data sequence. The equation
x(k)=xx(k-1)+ 5 k=23,...n 9

is called the auto-regressive GM (1,1) model
(ARGM (1,1)) [17]. Use the ordinary least squares
method to estimate the parameters as follows

[;‘j= (BTB)1BTY (10)
Where
x(2) x(1) 1
[ x(3) ] [ x(2) 1]
YZ|x(1;-1) . X(I;-Z) 1|
| () | o) 1l

Theorem 1. Assume that 2, b are the same as (1).
Set (1) = x(1); The recursive function is given

MR)= ot [x(1) - L]+ £

1-&
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withk=1,2,..,n-1 (1
2.3 Nonlinear Grey Model (NGM (1,1,k,c))
The above theoretical analyses and case study suggest
that the NGM model has its own flaw [18]; that is, its
simulate sequence cannot express an arbitrary non-
homogeneous index sequence. Compare it with other
similar grey forecasting models.
The whitenization differential equation of the grey
model proposed by Yu and Wei is

(dxPldp)+ax® = p+dp—1). (12)
The whitenization differential equation of the grey
model proposed by Zhang and Gu is

(dxD/dt) + ax® = bt + c. (13)

The above models both have three parameters, and
the parameters of solutions of their whitenization
differential equations are all independent of each
other. Thus, these models are both applicable for
simulation and prediction of approximate non-
homogeneous index sequences, which are relatively
effective models. According to similar models, a
parameter must be added to the NGM (1,1,k,c) model.
Definition 2. The equation
x (k) +az™ (k)=kb+c(14)

is called a grey differential equation of the NGM
(1,1,k,c) model (abbreviated as NGM (1,1,k,c)),
which is the defining type of the NGM (1,1,k,c)
model. The parameter a in the NGM (1,1,k,c) model
is called the development coefficient, and kb + c is the
grey action quantity, just like b in the GM (1,1)
model.

The parameters of the NGM (1,1,k,c) model
calculated by the least squares method can be written
as

labd™= (B"B)y1BTY (15)
Where
-ZV2) 2 1] [X(O)(Z)
B-| 20 3 1y

20 n 1 X(O)(H)J
The first-order differential equation
1
%+ax(1)=bt+c(16)
is called a whitenization differential equation of

the NGM (1,1,k,c) model.
The equation
b

D= xD(1). 2 €N gaky by b€
by (k)_(x( (1- 2+ az+a)e + 2k S+517)

is called a time response equation of the NGM
(1,1,k,c) model. The restored values are

0= (0 24 245) creres £
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2.4 Evaluation of Forecasting Model
Accuracy

To evaluate the accuracy of the forecasting models,
this study employs the Mean Absolute Percentage
Error (MAPE). It is calculated using the following

formula:
1 X0k -3k
With: x(9(k): Actual value at time k
%9 (k): Forecasted value at time k
The MAPE evaluation scale was illustrated in the

reference [19] is divided into four levels, as shown in
Table 1.

(19)

Table 1. MAPE Evaluation Levels

L7
MAPE <1% ;(;0 5%-10% >10%
0
Evaluatio | Excellen | Goo | Acceptabl | Inaccurat
n t d e e

Source: Reference [19]

Meanwhile, RMSE (Root Mean Square Error) as
an indicator has been used to evaluate forecasting
performance:

Y (A= Fp)?
n

RMSE = (20)

A; : Actual value at time k

F;: Forecasted value at time k

n: The number of observations in the research
datasets

3 Result and Discussion

Data on CO, emissions from industrial processes for
the period 2000-2023 were collected from the World
Bank website. All the data is visualized in Figure 1
(Unit: million tons). The data clearly indicate that CO,
emissions from industrial activities in Vietnam are
developing to a noticeably increasing pattern in the
long term, having a clear trajectory increasing from
10.57 million tons in 2000 to 39.32 million tons in
2023 — which is almost fourfold higher. Emissions
surged rapidly and consistently from 2000 until 2010,
especially after 2007. But from 2011 to 2014, growth
slowed and varied somewhat, and continued at
between 29 and 31 million tons. From 2015 to 2019,
emissions rose once more, reaching 43.57 million tons
in 2019. Importantly, this was very much less from
2020 to 2021, of 32.12 million tons, then recovered in
2022 and 2023.
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-

Fig. 1: CO2 Emissions from Industrial processes
Source: World Bank

-—

3.1 Tool and Functions

To calculate and simulate the Grey Forecasting
Models GGM, ARGM (1,1), and NGM (1,1 ,k,c), this
study uses Microsoft Excel, a widely used software
from Microsoft Excel provides a variety of built-in
functions that facilitate computations.

To compute the parameter values for these models,
the study employs basic arithmetic operations along
with two particularly useful functions: MMULT
(matrix], matrix2), for matrix multiplication;
MINVERSE (matrix), for calculating the inverse of a
matrix. These two operations are fundamental for
calculating the parameters within the models. After
performing these computations in Microsoft Excel,
the forecasting results of the models are presented as
follows:

3.2 Forecasting Results of the GGM Model

By combining the datasets collected from 2000 to
2023 with the algorithm of the GGM forecasting
model described above, the study determined the
parameter values as a = 0.1329, b = 0.49606, and ¢
= 2.17795, and constructed the GGM behavioral
model to forecast CO, emissions from industrial
processes as follows:

%9 (k+1)=exp(3.73246+(10.32) (1 -
60'1329)9'0'13291‘),

k=1,2,..,n-1
The performance results of GGM model are shown
in detail in Table 2.

3.3 Forecasting Results of the ARGM (1,1)
model
By combining the datasets collected from 2000 to
2023 with the algorithm of the ARGM (1,1)
forecasting model described above, the study
determined the parameter values as X= 0.91389,
B =362720 and constructed the ARGM (1,1)
behavioral model to forecast CO, emissions from
industrial processes as follows:

X%(k) = 0.91389%1[10.5697-42.12416] +
42.12416
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The RMSE and MAPE indexes results of ARGM
(1,1) model are shown in detail in Table 2.

3.4 Forecasting Results of the NGM (1,1,k,c)
model

By combining the datasets collected from 2000 to
2023 with the algorithm of the NGM (1,1,k.c)
forecasting model described above, the study
determined the parameter values as a= 0.08059, b =
3.65257, and ¢ = 4.557, and constructed the NGM
(1,1,k,c) behavioral model to forecast CO, emissions
from industrial processes as follows:

20 (5)=584.204¢70-9805% 4 45 3237976k 505.864589

Van Thanh Phan, Anh Tuan Le

GGM, followed by NGM (1,1,k,c), and the last is
ARGM.

3.5 Forecasting CO2 emissions from industrial
processes

According to an evaluation of the prediction
performance of the models mentioned above, our
study strongly recommend uses the GGM model to
forecast the CO; emission from industrial activities
between 2025 and 2030. The forecasting results are
presented in Table 3.

Table 3. CO, emission prediction

The performance of ARGM (1,1) model are Year CO: emission from industrial processes
presented in Table 2. (Unit: million tons)
2025 | 39.414
Table 2. Performance of the Forecasting Models 2026 | 39.701
Model | NGM(1,1.k¢) | AROM | Gom 2027 | 39.954
(LD 2028 | 40.177
RMSE 2.2866 2.9227 2,1363 2029 | 40.374
MAPE 8.08% 9.23% 5.51% 2030 | 40.546
Evaluation | Acceptable Acceptable | Acceptable Source: Created by the authors

Source: Created by the authors

Figure 2 presents the analysis results of the
forecasting models.

Fig. 2: Analysis results of the Forecasting Models
Source: Created by the authors

It can be seen the results in the Table 2 and Figure
2, all three models achieve a MAPE < 10%, which
means they achieve a satisfactory forecast accuracy.
Nonetheless, there are significant discrepancies
between those performances. For GGM, we find that
it is the best model, where the lowest RMSE =2.1363
and MAPE = 5.51%, indicating that the model has
good ability to capture and predict the trend in the raw
data. The NGM (1,1,k,c) model is the second model
with an MAPE = 8.08% and an RMSE = 2.2866,
exhibiting steady performance but not as accurate as
that of GGM. By comparison, the ARGM (1,1) model
performed in the least satisfactory way (highest
RMSE 2.9227, MAPE= 9.23%, showing less
appropriateness for this datasets). In conclusion, we
find the best fitting model for this datasets is called
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A projected table shows that the CO, emissions
from the industrial processes of Vietnam are expected
to rise slightly and steadily between 2025 and 2030.
More specifically, emissions are expected to increase
from 39.414 million tons in 2025 to 40.546 million
tons in 2030. The yearly increase is around 0.36
million tons (an average increase of nearly 0.36
million tons), indicating a steady upward trajectory.
Even with not much in the way of rapid growth,
management and mitigation are still needed to control
the emissions and support sustainable industrial trends
at a manageable range. The increasing trend indicates
that the industrial process is increasing, but not much
change in the direction of cleaner energy sources. In
view of Vietnam’s ambition to attain net-zero GHG
emissions by 2050 at COP26, this trend suggests
considerable push by the industry to reduce emissions
following 2030. For industrial infrastructure to
transition to net-zero emissions in just two decades
after the introduction of CO, emission control tools in
this country, beyond more than 40 million tons of CO,
in 2030, for example. This indicates that the current
time frame is critical to lay the basis for a
sustainability-based green transition for CO, removal,
establishing that the Net Zero goal remains attainable
and lasting.

4 Conclusion
Based on the outcome of the simulation, the research
team presents several observations and avenues for
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research: All three Grey Forecasting models
contribute to the best predicted CO; emission.
Nevertheless, in the time period 2000-2023, the
authors suggest using the GGM model for forecasting
with data, resulting in an accuracy of more than 92%,
which is significantly higher than the ARGM (1,1)
and NGM (1,1,k,c) models. These outcomes help
governments and businesses, especially in industry,
create their policy to lower CO, emissions from
industrial activities.

In the next steps, the team wants to implement
more Grey forecasting models or compare existing
models with other time series forecasting approaches,
like, for example, AR- or similar time series
regression, which might produce a more reliable
forecast on CO, emissions from manufacturing
activities.
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