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ABSTRACT
The sugar industry plays a critical role in the Vietnamese economy, contributing to annual economic growth

and job creation. However, the performance of Vietnamese sugar mills has been recognized to be under potential
and seems to decline in recent years due to changes in the internal and external environments. Thus, it is necessary
to evaluate and predict the performance of companies in this industry to ϐind solutions for their long‑run growth.
In such a context, this paper aims to predict the performance of Vietnamese sugar mills so that they can improve
their proϐitability for sustainable development in the future. We employed the Grey Verhulst model to analyze data
from 16 Vietnamese sugar mills in the 2020–2023 period. The data collected include key ϐinancial indicators, such
as total assets, cost of goods sold, selling and distribution costs, net proϐit, and inventory. Firstly, we proved that
our proposed forecast model is applicable for the Vietnamese sugar industry with high percentage of reliability
and accuracy. Then, using the model, we have predicted the performance of these ϐirms for the period of 2024–
2027. Our prediction shows that sugar mills grapple with familiar industry challenges as consumption declines.
It is predicted that net proϐit criteria have the tendency to decline This slowdown places them under signiϐicant
competitive pressure from foreign sugar producers. Thus, we suggest that sugar mills use our research results to
formulate their strategic plan to mitigate the potential risks and position themselves in the market for their long‑
term proϐit and sustainable development in the future.
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1. Introduction
The sugar sector is of paramount importance in the

ϐield of agribusiness, acting as a fundamental pillar for
several economies across the globe. The production of
sugar encompasses an intricate value chain that starts
with the growth of sugarcane or sugar beets and con‑
tinues to the manufacture of sugar and its generated
by‑products, includingmolasses, ethanol, and bioenergy.
As it sustains millions of farmers and contributes to ru‑
ral development, this sector has a substantial impact on
agricultural practices. Sugarcane agriculture serves as
a major economic driver for rural areas in several de‑
veloping nations, generating employment opportunities
and fostering economic expansion. The industry’s need
for employment in the stages of planting, harvesting,
and processing contributes to the improvement of liveli‑
hoods in agricultural regions. Furthermore, the sugar
business stimulates progress in agricultural technology,
encompassing the creation of crop types with high pro‑
ductivity and the implementation of sustainable farm‑
ing methods, both of which are crucial for ensuring food
security and environmental sustainability. Additionally,
the by‑products of the business, such as ethanol, play a
crucial role in the renewable energy sector by augment‑
ing energy security and diminishing dependence on fos‑
sil fuels. Consequently, the sugar sector plays a crucial
role not only in food production but also inmaking a sub‑
stantial contribution to global energy markets.

In Vietnam, the sugar industry, the second largest
industry in the middle region of Vietnam, is a key driver
of rural development, supporting agricultural Vietnam’s
economic growth. Besides a vast globalmarket for sugar,
derivatives keep the industry booming. At present, the
sugar industry in Vietnam is facing a complex environ‑
ment characterized by both favorable circumstances and
substantial barriers. Following Vietnam’s commitment
to the Association of Southeast Asian Nations (ASEAN)
Asian Trade in Goods Agreement (ATIGA), which sub‑
stantially cut import duties, domestic production has
been greatly affected by competition from cheaper im‑
ported sugar, notably from Thailand. Consequently,
there has been a signiϐicant surge in the importation of
sugar, intensifying the challenge for domestic produc‑
ers to compete effectively. Notwithstanding these ob‑

stacles, Vietnam’s sugar industry has experienced a cer‑
tain degree of expansion. According to the Vietnam Sug‑
arcane and Sugar Association (VSSA), there is an antic‑
ipated 16.6% growth in domestic sugar production in
2024 compared to the previous ϐinancial year [1]. This
enhancement can be attributed, in part, to advantageous
climatic circumstances and government measures de‑
signed to safeguard the local industry, such as the impo‑
sition of anti‑dumping tariffs on imported sugar. Never‑
theless, the sector continues to experience an imbalance
between supply and demand since local production only
fulϐills around 35–40% of the overall demand, requiring
substantial imports to compensate for the inadequate
supply. Poor competitiveness makes Vietnam’s sugar in‑
dustry unable to supply enough sugar for the domestic
market. It is in danger of being wiped out in the domes‑
tic market, making Vietnam a complete sugar importer
like Malaysia and Taiwan [2]. If that happens, nearly one
million workers risk losing their jobs, and sugar areas
will have to switch to other crops. Furthermore, the sec‑
tor is coping with challenges such as the exorbitant ex‑
penses of agricultural inputs, the consequences of cli‑
mate change, and the competition for land utilization
withmoreproϐitable crops, resulting in adecrease in sug‑
arcane cultivation. The Vietnamese government has re‑
sponded by taking measures to restore sugarcane cul‑
tivation and improve supply chains, but the industry’s
long‑term viability is still dubious.

In such a context, this paper aims to predict the
performance of Vietnamese sugar mills for the period
of 2024–2027 and suggests these companies use our re‑
search results for their strategic planning towards long‑
term development.

2. Research Problem and Context
Mboi, Muturi and Wanjare deϐined performance

management as integral to their performance evaluation
metrics; performance measures empower manufactur‑
ers to enhance operational efϐiciency consistently [3]. It
also measures enterprise performance and argues that
these objectives are necessary because they form the
main objectives of enterprises, as stated by Carnero,
Martı́nez‑Corral and Cárcel‑Carrasco [4]. According to
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Liu et al., performance evaluationmetrics provide a stan‑
dardized evaluation method, which is necessary to es‑
tablish a performancemanagement index system for the
food industry [5]. According to Kamble et al., the per‑
formancemeasurement system for industry 4.0‑enabled
smart manufacturing systems will provide them with
the competitive beneϐits of improved costs, quality, time,
ϐlexibility, and optimized productivity [6]. Through fore‑
casting and strategic planning using data from 2020–
2023, farmers can beneϐit from improved yield stability,
reduced input costs, and better risk management in the
future.

Agribusinesses gain competitive advantage by
enhancing product differentiation, optimizing supply
chains, and reaching the markets. According to Al Aina
and Atan, performance is characterized in various ways.
It can be described as “achieving a goal with a speciϐic
intention,” “the outcomes of an action,” “the capacity to
achieve or the potential to produce results,” or “unex‑
pected results compared to what was anticipated”. Ad‑
ditionally, the interpretation of performance can vary
depending on who is evaluating the organization’s effec‑
tiveness [7].

Tseng deϐined organizational performance as often
being assessed using a combination of ϐinancial and non‑
ϐinancial indicators to obtain a comprehensive view of
its performance [8]. As classiϐied by Nguyen some critical
factors utilized for the assessment of performance are
ϐinancial performance such as total assets, cost of sold
capital, selling expenses, and general and administration
expenses [9]. Similarly, Wang, Pham and Nhieu found
that the total assets, cost of goods sold, gross proϐit, and
expert‑based performance are assessed to analyze how
well an organization performs and achieves its goals and
objectives [10].

This study aims to answer the research question:
How can enterprises forecast the performance of sugar
factories to help them develop strategies to boost their
competitiveness in agribusiness? In this regard, the
present study collects relevant information from 2020
to 2023 from 16 sugar mills, and utilizes a mathemat‑
ical Grey Verhulst model to forecast their performance.
The criteria to evaluate performance management from
the ϐinancial report include total assets [11], cost of goods

sold, selling and distribution costs [12], net proϐit [9], and
inventory [13].

To effectively measure the performance of sugar
mills, several key measures can be considered:

• Total assets: including both current and long‑
term assets, are all the resources that a corpora‑
tion owns and administers [11].

• Cost of goods sold: encompasses the direct ex‑
penses incurred in manufacturing the goods sold
by a company. This comprises the costs of mate‑
rials and labor directly involved in the production
process, excluding indirect expenditures like dis‑
tribution and sales force expenses [14, 15].

• Selling and distribution costs: the cost to market
a produced product comprises not only the cost to
sell, but also the cost to store, pack, and transport
the goods, as well as the cost of collecting the sale
funds [16].

• Net proϐit: a company’s proϐit after operational
costs, taxes, interest, and depreciation have all
been deducted from total sales [17, 18].

• Inventory: inventory performance for ϐirms in
sugar manufacturing industries involves several
vital metrics, such as raw materials and compo‑
nents served for production [13, 19, 20].
Figure 1 shows the general scenario of the Viet‑

namese sugarcane manufacturing process and illus‑
trates the connection between supply/source and de‑
mand/customer, which is the fundamental nature of the
product lifecycle from sugarcane growers to end cus‑
tomers.

Figure 1. The framework of the Vietnamese sugarmanufactur‑
ing process.

As illustrated in Figure 1, once sugarcane is pur‑
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chased from the farm, it is transported to the factory
for sugar processing. However, sugarcane yields nu‑
merous additional products, notably electricity from
bagasse andmud, by‑products of the sugar‑crushing pro‑
cess. These materials also serve as valuable resources
for fertilizer and animal feed production. The factory
processes the incoming sugar into various sugar prod‑
ucts (RS: Reϐined Sugar, White Sugar, and RE: Reduc‑
ing Sugar—Finished Sugar). Firstly, we predict activities
that add value and incur costs or inefϐiciencies. Accord‑
ing to Deng, the Grey predictionmodel is a crucial aspect
of the Grey system theory and effectively addresses un‑
certain problems with limited data and insufϐicient in‑
formation. Based on the number of variables involved,
Grey prediction models can be classiϐied into univari‑
ate and multivariable models. The univariate Grey pre‑
diction model employs a data‑driven approach to fore‑
casting [21]. Tang and Lu deϐine the Grey Verhulst model
as well‑suited for systems characterized by saturated
growth with an S‑shaped curve or single‑peaked charac‑
teristics, offering enhanced prediction accuracy [22]. Af‑
ter that, data analytics and predictive GreyVerhulstmod‑
eling will be used to forecast future trends in sugar pro‑
duction and ϐind demand for by‑products like electric‑
ity. Thus, in this research, we collected secondary data
from theVietnamese stockmarket of sixteenVietnamese
sugarmills from2020 to 2023 and applied the predictive
GreyVerhulstmodelingmethod to forecast future trends
in sugar production and ϐind demand for by‑products
like electricity.

The existing Grey system model encounters limita‑
tions as throughput increases in an S‑shaped curve or
reaches saturation, leading to signiϐicant forecasting er‑
rors. Such inaccuracies are unacceptable in practical ap‑
plications. Addressing this issue requires the develop‑
ment of an improved Grey model speciϐically tailored
for port throughput forecasting. Thus, the Grey Ver‑
hulst model is employed in this research. As Evans in‑
dicated, the entropy method quantiϐies the uncertainty
associated with each variable within a theoretical con‑
cept. This approach offers a detailed understanding of
the uncertainty, aiming to minimize it as much as pos‑
sible in the evaluation process, thereby enhancing the
objectivity of the analysis [23]. In addition, the forecast‑

ing method has been applied in the evaluation of ur‑
ban carrying capacity by Tang and Lu [22]. Furthermore,
Zeng, Ma and Zhou [24] and Zeng et al. [25] also used the
estimated method to determine the weight of the spe‑
ciϐic evaluation indicators of performance management
in agribusiness for each year. Deng deϐined the Grey the‑
ory, whichmadequantitative predictions of the future by
modeling limited original data [21]. Wang and Li found
that the GM (1,1) model, the Grey Markov model, and
the Grey Verhulst model are widely used in Grey fore‑
casting [26]. However, GM(1,1) model can only describe
the monotonically changing process of data, and the
simulation results have low accuracy [27]. According to
Zhao, Shou andWang, theGreyMarkovpredictionmodel
needs to divide the data interval, which is relatively sub‑
jective [28]. Meanwhile, Grey Verhulst has demonstrated
that incorporating the forecasting model into combina‑
tion forecasting is effective. The Grey Verhulst model
can successfully predict mid‑ to long‑term loads, yield‑
ing highly accurate forecasting results when applied in
this context. According to Tang and Lu, the parameter
estimation process is more straightforward than the cal‑
culation process of the accurate background value con‑
struction method. This method effectively avoids the
complexity caused by the background value structure in
the Grey Verhulst model and the traditional parameter
estimation method of a differential equation converted
to a difference equation [22]. The performance manage‑
ment in the agribusiness of the sugar capacity system
constructed in this paper is a dynamic system with a
particular random ϐluctuation, which is suitable for us‑
ing the Grey Verhulst model. Hence, this research intro‑
duces a Grey Verhulst model on time series error cor‑
rected for the port throughput forecasting.

According to Guo, Song and Ye, there are also many
methods for forecasting port throughput, and the Grey
systemmodel is one [29]. Because the Grey systemmodel
needs little original data, has a simple calculation pro‑
cess, and has higher forecasting accuracy, it has been
widely used in the prediction of many research ϐields. In
theprevious research, theGreyGM(1,1)model to predict
port throughput is imperfect when the throughput in‑
creases in the curve with S type or the throughput incre‑
ment is in the saturation stage. In this case, the through‑
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put forecasting error of the Grey system model will be‑
come larger, and the result will be unacceptable in the
real world. To solve this problem, we need a new Grey
model for port throughput forecasting.

3. Methodology

3.1. Proposed Framework

To improve theGreyVerhulstmodel, we applied the
effectiveness of the proposed model. We proposed a re‑
search framework as demonstrated in Figure 2.

Figure 2. The proposed framework.

As shown in Figure 2, our process consists of six
steps, as follows:

Step 1: Problem statement
Domestically produced sugar products cannot com‑

pete in the market. The quantity of sugar manufactur‑
ing did not have enough supply for the domestic market,
which led to a broken value chain of goods.

Step 2: Literature review and criteria identiϐication
affecting the performance management of sugar in Viet‑
nam agribusiness

Developed a Grey Verhulst model that improved
the forecasting effectiveness of the stochastic ϐluctuation
data and boosted a practical methodology for forecast‑
ing Vietnamese sugar manufacturing performance crite‑
ria, designing the ϐluctuation of four‑year forecasting in
cases involving samples with a large change in data fore‑
casting.

Step 3: Selecting forecasting methodology and col‑

lecting data
This study assesses the future performance of six‑

teen sugar mills listed on Vietnam’s public stock market.
The research forecasts future performance trends in the
agribusiness sector by analyzing criteria such as total as‑
sets, cost of goods sold, selling anddistribution costs, net
proϐit, and inventory from 2020 to 2023. The goal is to
predict trends to enhance proϐitability and minimize in‑
vestment risks for Vietnam’s sugar mills.

Step 4: Measure the integrated forecasting model’s
accuracy to judge its effectiveness in applying the Grey
Verhulst models

In this step, we hypothesize that integrating the
Grey Verhulst builds a practical model that increases its
predictive accuracy.

Step 5: Measure the accuracy of the forecasting
methodology to calculate the result and analysis.

Step 6: Verify the effectiveness of the methodology
Regarding the evaluation performance of the fore‑

casting volatilitymodel, based on verifying the results of
predicted values that match the actual values, this study
adopted themean absolute percentage error (MAPE) ap‑
proach to evaluate the forecasting performance of the
Grey Verhulst models.

3.2. Grey Verhulst Prediction

According to Tang and Lu, Grey prediction is built
upon the approach of the Grey forecasting model [22]. In
the GM (1,1) model, the ϐirst 1 indicates the meaning
of one variable, and the next 1 is used to interpret the
ϐirst order of the Grey differential equation. It is one of
the most frequent models used in a series of Grey fore‑
casting models. In this study, we collect data of sixteen
Vietnamese sugar manufacturing entities such as total
assets, cost of goods sold, selling and distribution costs,
owner equity, inventory, net sales, and net proϐit from
2020 to 2023 based on secondary data from theVietnam
stock market. The authors utilized the Grey Verhulst
model to forecast the future performance of Vietnamese
sugarmanufacturing, aiming to formulate strategies that
enhance their competitiveness and foster sustainable ex‑
pansion amidst increasing openness and integration.

Supposing the original sequence:
U0= [u(0)(1),u(0)(2),u(0)(3),…,u(0)(n)], heren≥ 4,  
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u(0)(k) ≥ 0,  k= 1,  2,   . . . ,  n;
The 1‑AGO sequence of U (0) is: U (1) =

[u(1)(1),u(1)(2), u(1)(3),…,u(1)(n)]
Here u(0)(k) =

∑k
i=1 u

(0)(i), k = 1,2,3…,n
Z(1) is the mean generation of consecutive neigh‑

bors sequence of U (1)

Where, Z(1) = (z(1)(2), z(1)(3),…,z(1)(n)
Here z(1)(k) = 0.5[u(1)(k) + u(1)(k–1)] k =

2, 3, . . . , n
Deϐinition 1. Assumption:

u(0)(k) + az(1)(k) = b
(
z(1)(k)

)
(1)

As Grey Verhulst model.
Deϐinition 2. Assumption:

du(1)

dt
+ au(1) = b

(
u(1)

)2

(2)

As the whitenization equation of Grey Verhulst model.
By calculating Equation (2), we can get

u(1)(t) =
au(1)(0)

bu(0)(0) +
(
a− bu(1)(0)

)
eat

(3)

to substitute Equation (2) with the parameter estimated
by Equation (1), we can obtain the response function,
which can be used in ϐinally forecasting. Obviously,
the accuracy of Equation (1) affects directly the ϐinal
forescast result. In fact, the modeling method above
takes u(0)(t) directly as the Grey derivative item of dx(1)

dt

, and calculates the area encircled by the ϐitted curve
u(1)(t) and the time axis through the trapezoid formula.
Thus, we can obtain z(1)(t). Then substitute Equation
(2) with z(1)(t), to optain Equation (3). This method cut
if the relationship between difference equation and dif‑
ferential equation, thus it lacks the scientiϐic foundation
and theoretical basis.

A new Grey Verhulst model:
According to the Grey model’s modeling through,

the smooth ϐitted curve of the 1‑AGO sequence is original
data is u(1)(t), according to the trapezoid formula, the
approximate equation of u(0)(t+ 1) can be expressed as
follows:

au(0)(t+ 1) =u(1)(t) +
1

2

[
du(1)(t)

dt
+

du(1)(t+ 1)

dt

]
(4)

By the deϐinition of accumulating generator, we can
obtain:

u(1)(t+ 1) =  u(1)(t) +  u(0)(t+ 1) (5)

By Equation (2), namely the whitenization equa‑
tion of the Grey Verhulst model, we can obtain{

du(1)(t)
dt + au(1) = b

(
u(1)(t)

)2
du(1)(t+1)

dt + au(1+1) = b
(
u(1)(t+ 1)

)2
Adding the two equations of Equations group (5),

we can get:

du(1)(t)
dt + du(1)(t+1)

dt + a
[
u(1)(t) + u(1)(t+ 1)

]
= b

[
u(1)(t)

2
+ u(1)(t+ 1)

2
] (6)

To substitute Equation (5) with Equation (6), we
can obtain

u(0)(t+ 1)
2 a
2

[
u(1)(t) + u(1)(t+ 1)

]
= b

2

[
u(1)(t)

2
+ u(0)(t+ 1)

2
] (7)

We can get a new Grey Verhust model by Equation
(7), which is expressed by equation

u(0)(k + 1)
2 a
2

[
u(1)(k) + u(1)(k + 1)

]
= b

2

[
u(1)(k)

2
+ u(0)(k + 1)

2
] (8)

Theorem1. SupposingU (0) is a non‑negative smooth se‑
quence

U0= (u(0)(1),u(0)(2),u(0)(3),…,u(0)(n))
U1 is the 1‑AGO sequence of U0, the parameter â =

(a, b)
T

Here,

Y =


u(0)(2)

u(0)(3)
. . .

u(0)(n)


B=

− 1
2

[
u(1)(1) + u(1)(2)

]
1
2

[(
u(1)(1)

)2
+

(
u(1)(1)

)2]
− 1

2

[
u(1)(2) + u(1)(3)

]
1
2

[(
u(1)(2)

)2
+

(
u(1)(3)

)2]
⋮ ⋮

− 1
2

[
u(1)(n− 1) + u(1)(n)

]
1
2

[(
u(1)(1)

)2
+

(
u(1)(1)

)2]


(9)
Equation (9) is the parameter sequence of the new

Grey Verhulst model by least‑square method

â =  (a, b)T =
(
BTB

)−1
BTY (10)

Proving is omitted.

486



Research onWorld Agricultural Economy | Volume 05 | Issue 04 | December 2024

Theorem 2. The solution of the whitenization equation
of Grey Verhulst model is

u(1)(t) = 1

eat

[
1

u(1)(0)
− b

a (1−e−at)

] = au(1)(0)

eat[a−bu(1)(0)(1−e−at)]

= au(1)(0)

bu(1)(0)+(a−bu(1)(0))eat

(11)
The time response function of Grey Verhulst model

is expressed as follows

û(1)(k + 1) =
au(1)(0)

bu(1)(0) +
(
a− bu(1)(0)

)
eak

(12)

The proof has been left out.
From the solution of the whitenization equation of

Grey Verhulst Model, we know that when t → ∞,
If a > 0, then u(1)(t) → 0,
If a < 0, then u(1)(t) → a

b

Namely, t is big enough, for any k > t, u(1)(t) is
fully close to u(1)(k), thus, u(0)(k + 1) = u

(1)
(k + 1) −

u(1)(k) ≈ 0, the system comes to the death.

3.3. Evaluative Precision of Forecasting
Models

There are some common approaches to the evalua‑
tion of the performance of the volatility model for fore‑
casting. This study adopted ϐive criteria to evaluate the
forecastingmodel of the riceprice. Model characteristics
include periodicity, randomness, and tendency. To ob‑
tain the tendency of the series and the context of the de‑
velopment of natural disasters, this study not only used
integration to improve the background value but also in‑
creased the accuracy by correcting the model’s periodic
errors. According to Wang et al. [27] the MAPE is deϐined
as follows:

MAPE =
1

n

n∑
k=2

∣∣∣∣u(0)(k)− û(0)(k)

u(0)(k)

∣∣∣∣× 100% (13)

where: u(0)(k): the actual value in time period k, and
û(0)(k): the forecast value in the time period.

The gradeofMAPE is divided into four levels shown
in Table 1.

Table 1. The MAPE grade level.
MAPE ≤10% 10–20% 20–50% >50%

Grade levels Excellent Good Qualiϐied Unqualiϐied

We ensure there is no space for errors during the
forecasting calculation because forecasting accuracy is
important to solvemathematical concerns for future val‑
ues with incomplete information. Therefore, in this pa‑
per, the MAPE is employed to measure the accuracy of
the method for constructing ϐitted time‑series values.
When MAPE values are small, the predicted values are
close to the actual values. This model’s application is a
relative case study in the agricultural supply chain, par‑
ticularly for sugar. It enables companies to anticipate fu‑
ture performance, allowing them to plan proactively and
reduce risks.

4. Results and Disscussion
In this section, we present the forecasting results of

the Grey Verhulstmodel for DMU1, illustrating the calcu‑
lations applied to all 16 sugar mill companies. Detailed
forecasting results can be found in the Appendix A.

Take U0 = (914750;  1764646;  2380345;  2887429)
is the sequence of raw data and U (1) applying for Grey
Verhulst models with the simulation such as:

According to Equation (1) u(0)(k) + az(1)(k) =
b
(
z(1)(k)

)2compute the accumulation generation of U0

and the 1‑IAGO sequence of U (1) the equation showed:

U (1) =  u(1)(1),  u(1)(2),  u(1)(3),  u(1)(4) =

 914750;  1764646;  2380345;  2887429
The ϐirst‑order accumulated progression satisϐies

the following generation of consecutive neighbors se‑
quence of U (1)  as follows:

z(1)(k) = (1339698;  2072495.5;  2633887)

The parameter â = (a, b)
T and matrix B and con‑

stant vector Y are accumulated by means of this:

Y =

 −1339698

−2072495.5

−2633887



B =

 −67854 1975371.533

−234197 4390008.912

−108615 7001644.274


After calculating the least squares estimation, we

obtain the sequence of parameter â = (a, b)
T . Accord‑

ing to Equation (11), because of a < 0, thus x(1)(t) → a
b
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u(1)(t) =   1

ea0.2676t

[
1

u(1)(0)
−447642(1−e−0.2676t)

]
= 0.2676u(1)(0)

e0.2676t[0.2676−1196879u(1)(0)(1−e−0.2676t)]

= 0.2676u(1)(0)

b1196879u(1)(0)+(0.2676−1196879u(1)(0))e0.2676t

the time response function of Grey Verhulst model
and its time response from u(1)(k + 1) = u

(1)
(k + 1) −

u(1)(k) as follows:
k = 1; and u(1)(1) = 914, 750
k = 2; and u(1)(2) = 818, 013.89
k = 3; and u(1)(3) = 695, 302.165
k = 4; and u(1)(4) = 543, 421.07
k = 5; and u(1)(5) = 483, 559.99
k = 6; and u(1)(6) =  398,643.44
k = 7; and u(1)(7) =  324, 320.47
k = 8; and u(1)(8) =  278, 450.7 
After determining the simulated values ofU0 using

the raw series according to the accumulated generating
operation by using u(1)(k + 1) = u

(1)
(k + 1) − u(1)(k).

Using the same evaluation and procedures, all predicted
values of all companies from 2020 to 2023 are found
for DMU1—Vietnamese sugar evaluations shown in Fig‑
ure 3, and sixteen Vietnamese sugar in the table of the
Data Availability part.

Figure 3. Results from the test run of DMU 1 sample.

Figure 3 shows that the estimated data for the
DMU1 from 2024 to 2027 reveals a complex picture
marked by challenges and opportunities. The sharp de‑
cline from 483,559.99 to 278,450.7 million VND in to‑
tal assets raises concerns about the company’s ϐinan‑
cial health and long‑term viability, a critical concern in
the agricultural industry. While this could be partly at‑
tributed to industry‑wide challenges such as land con‑
version to more proϐitable crops, the lift of sugar quo‑
tas in 2020 and subsequent trade liberalization could ex‑

acerbate this issue by intensifying competition from im‑
ported sugar. Given potential internal challenges such
as asset divestment or underinvestment, the company
must bolster its ϐinancial position and consider strategic
options like partnerships or mergers within the agricul‑
tural value chain. The ϐindings suggest that leveraging
technology forprecision farming, data analytics, and sup‑
ply chain management can enhance efϐiciency and min‑
imize losses in sugar mills. Additionally, implementing
risk management and hedging strategies can safeguard
against price volatility and unforeseen events. These ap‑
proaches will help stakeholders navigate market ϐluctu‑
ations and foster sustainable growth within the agricul‑
tural value chain.

The volatile net proϐit trend underscores the un‑
certainties in the Vietnamese sugar industry. Although
a signiϐicant proϐit of 387,206.89 million VND is pro‑
jected for 2024, subsequent declines to 153,427.11 mil‑
lion VND in 2025 and 2026 are followed by a rebound
to 316,225.06 million VND in 2027. These ϐluctuations
reϐlect the impact of factors such as global sugar price
changes, increased competition from trade liberaliza‑
tion, and rising production costs. Additionally, poten‑
tial decreases in sugar demand from the beverage indus‑
try due to stricter alcohol policies and proposed excise
taxes on sugary drinks add further complexity. To nav‑
igate these risks, DMU1 must adopt proactive ϐinancial
management strategies, including price risk mitigation
through hedging and diversiϐication of its product port‑
folio. On a positive note, the reduction in selling and dis‑
tribution costs indicates effective cost‑cutting measures
or strategic changes in distribution. This trend should
be sustained and enhanced through investments in tech‑
nology and exploration of direct‑to‑consumer models.
However, while stable inventory levels suggest efϐicient
management, they also carry the risk of overstocking or
missed opportunities in a volatile market, necessitating
improveddemand forecasting and adaptable production
capabilities.

MAPEwas used to evaluate the accuracy of the fore‑
casting model and is shown as follows in the Tables 2
and 3.

Table 3 compares the simulation forecast results
from the Grey model and accurate data, showing that
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Table 2. The simulated forecast results for DMU 1 using the Grey Verhulst.

Year
Total Asset Cost of Goods Sold Net Proϐit

Actual
Value

Forcasting
Value

Actual
Value

Forcasting
Value

Actual
Value

Forcasting
Value

2020 914,750 914,750 3768 3768 278,312 278,312
2021 849,896 835,338.76 4256 3,954.87 314,970 310,406.01
2022 615,699 639,209.71 4629 5,171.01 301,548 310,668.23
2023 507,084 589,129.77 4987 29,987 315,487 310,930.68

Year
Selling and Distribution Costs Inventory

Actual
Value

Forcasting
Value

Actual
Value

Forcasting
Value

2020 599,384 599,384 99,994 99,994
2021 714,971 718,264.28 99,069 100,353.96
2022 742,652 736,117.73 89,458 85,917.90
2023 751,285 754,414.94 71,648 73,558.48

Table 3. Grey Verhulst methodology for the MAPE of DMU 1. Unit: Percentage

Year Total Asset Cost of Goods Sold Selling and Distribution Costs Inventory Net Proϐit

2020 0.00 0.00 0.00 0.00 0.00
2021 1.71 7.09 0.46 1.29 1.44
2022 3.89 7.91 0.87 3.95 3.02
2023 3.54 6.08 0.41 2.66 1.44
Total 2.29 4.23 0.43 3.95 1.48

the forecast indices are pretty close to the accurate data.
In addition, Table 2 presents the MAPE simulation re‑
sults for DMU1 from 2020 to 2023 across sixteen sugar
manufacturing companies. The average forecasting ac‑
curacy for each criterion was 2.29% for Total Assets,
4.23% for Cost of Goods Sold, 0.43% for Selling and Dis‑
tribution Costs, 3.95% for Inventory, and 1.48% for Net
Proϐit. Applying the Grey Verhulst methodology signiϐi‑
cantly improved model precision, achieving forecast ac‑
curacy exceeding 90%. This performance earned the
Grey Verhulst forecastingmethod an ‘excellent’ rating re‑
garding MAPE. Consequently, the Grey Verhulst model
proved to be an effective model for forecasting perfor‑
mance criteria, aiding the future performance manage‑
ment of the sixteen companies in this case study. A pre‑
dictive mathematical model utilizing these forecasts can
assist economists in estimatingmarket pressures andde‑
veloping a more efϐicient supply chain to manage volatil‑
ity in the agricultural business market.

The results of the applied Grey Verhulst forecast‑
ingmodel for performance are shown inTable A1 in the
Appendix. Based on the predicted results, sugar mills

grapple with familiar industry challenges as consump‑
tion declines. Net proϐit criteria have the tendency to
decline This slowdown places them under signiϐicant
competitive pressure from foreign sugar producers. Per‑
formance management is a crucial issue; addressing it
requires a coordinated approach that spans raw mate‑
rial sourcing, production, and distribution—a persistent
weakness within the sugar mill for many years.

In Table A1, DMU 11 in the following years has
had a change in investment in total assets in 2024:
5,298,000.92; in 2026, increased by nearly 8%, cor‑
responding to 6,820,410.75 million Dong; in 2027, it
reached the highest total expenditure for this criterion,
in the forecast period of 7,574,480.15 million Dong.
Companies are exploring ways to reduce costs to lower
prices, including adopting new technologies that en‑
hance efϐiciency and lower production expenses. Effec‑
tive supply chain management throughout sugar mill
production is crucial for minimizing labor costs. For the
domestic sugar industry to thrive in a competitive envi‑
ronment, it must implement robust strategies and un‑
dergo restructuring, focusing on everything from raw
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material planning and mechanized procurement to pro‑
duction and distribution processes. The results show
that companies need to focus on developing production
processing technology (increasing total assets) to opti‑
mize the performance management model better in the
future. The simulation results for the other sugar mill
companies can be found in Table A1 of the Appendix.

In this research, we addressed two key challenges.
First, we utilized Grey Verhulst to predict the perfor‑
mance of stochastic volatility in sugar mills. The results
are presented in Table A1 (Appendix A), aiding them
in developing strategies to enhance their competitive‑
ness in the agribusiness sector. Second, we provided
an effective forecasting method tailored for the perfor‑
mance management of Vietnamese sugar producers, in‑
cluding total assets, cost of goods sold, selling and dis‑
tribution costs, net proϐit, and inventory. This approach
not only improves the accuracy of four‑year forecasts
in scenarios with signiϐicant data ϐluctuations but also
supports sixteen companies in strengthening theirweak‑
nesses and achieving tremendous success in Vietnam’s
agribusiness industry. It is implied in our study that
all sixteen companies should strengthen their ϐinancial
position, optimize operational efϐiciency, and advocate
for supportive policies. Embracing sustainability and en‑
gaging with stakeholders across the value chain will fur‑
ther enhance the companies’ resilience and long‑term
prospects in the dynamic Vietnamese sugar market.

5. Conclusions
TheVietnamese sugar industry presents a challeng‑

ing but navigable landscape. Sugar manufacturing can
thrive by adopting a proactive and strategic approach, fo‑
cusing on ϐinancial health, diversiϐication into new mar‑
kets and value‑added products, and innovation in agri‑
cultural economics. By leveraging favorable policies
like anti‑dumping measures and FTAs while mitigating
risks associated with unfavorable ones like the excise
tax, sugar mills can position themselves for success in
this evolving market based on the overview forecasting
in this research.

This paper employed the Grey Verhulst model to
assess its effectiveness in forecasting the performance

of stochastic volatility in sugar mills. Speciϐically, it fo‑
cused on key ϐinancial metrics such as Total Assets, Cost
of Goods Sold, Selling and Distribution Costs, Inventory,
and Net Proϐit for sixteen publicly traded sugar mills. By
estimating the impact of these volatile criteria on per‑
formance, the study aims to assist sugar mills in manag‑
ing their production process, stabilizing input materials,
and allocating risks more effectively. The research ϐind‑
ings, derived from the Grey Verhulst model, provide in‑
sights into how current performance trends may inϐlu‑
ence the future performance of sugar mills. The model
achieved aMAPE percentage of approximately 5%–10%,
indicating its effectiveness and applicability for not only
the Vietnamese sugar industry but also farming busi‑
nesses in Vietnam and globally.

In other words, this research introduces a novel
decision‑making model, demonstrated through an ac‑
tual case study, showcasing its applicability and efϐicacy.
The integrated approach offers empirically valuable in‑
sights into the sustainable development of the food sup‑
ply chain industry. Future research could further re‑
ϐine this perspective and develop more integrated ap‑
proaches to manage increasingly complex supply chains.

However, the criteria used in this study for evalu‑
ating management methods may introduce bias in inter‑
preting the research results. Therefore, future research
should consider expanding the sample size to a global
scale. To improve the speciϐicity of a model forecasting
future performance, it is important to incorporate addi‑
tional evaluation criteria. This includes assessing exter‑
nal factors such as economic indicators, industry trends,
and the competitive landscape, all of which can signiϐi‑
cantly inϐluence future outcomes.
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Conϐlicts of Interest
All authors disclosed no conϐlict of interest.

Lists of Acronyms

Notation Interpretation

u(0)(k) the actual value in time period k; u(0)(k) ≥ 0,  k = 1,  2,   . . . ,  n;
Z(1) the generated mean sequence of consecutive neighbors of X (0)
du(1)(t) the obtained whitening differential equation of the Grey Verhulst model
t → ∞ whitenization equation of Grey Verhust model
û(0)(k) the forecast value in the time period
a the development coefϐicient
b the Grey action

Appendix A

Table A1. Forecasting the performance of 16 sugar mills from 2024 to 2027.

Sugar Mill 2024

DMU (I)Total Asset (I)Cost of Good Sold (I)Selling and
Distribution Cost (I)Inventory (O)Net Proϐit

DMU 1 183,559.99 51,082.46 443,707.22 81,007.64 387,205.9
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Sugar Mill 2024

DMU (I)Total Asset (I)Cost of Good Sold (I)Selling and
Distribution Cost (I)Inventory (O)Net Proϐit

DMU 2 125.01 5,109.62 58,739.90 7,446.79 38,105.37
DMU 3 105.76 1,245.86 958,604.70 31,638.55 97,107.79
DMU 4 715,718.70 3,214.34 776,471.44 517,865.6 931,424.4
DMU 5 537,485.71 806,248.69 1,352,174.62 497,107.5 1,076,116
DMU 6 2,925,068.68 1,326,800.50 82,174.62 248,001.1 2,761,975
DMU 7 856,754.89 910,833.07 156,160.82 3,043.19 2,320,837
DMU 8 426,436.02 829,263.01 849.93 12,294.32 168,258
DMU 9 474,285.68 302,150.12 15,330.28 33,376.37 160,211.4
DMU 10 357,490.25 415,884.97 13,197.17 13,251.95 662,752.8
DMU 11 5,298,000.92 402,150.12 106,396.07 1,140,358 5,973,587.3
DMU 12 28,738.43 930,820.75 371,313.47 1,033,957 25,965.972
DMU 13 601,823.91 108,326.15 4,657.45 279,007.4 189,927.71
DMU 14 1,016,664.72 1,599,557.81 17,063.52 141,417.5 2,310,564.8
DMU 15 462,337.23 52,049.58 8,219.21 120,492.6 95,325.11
DMU 16 152,706.65 194,982.00 11,268.06 85,550.38 262,178.42

2025
DMU 1 68,643.45 52,108.98 209,703.96 88,326.45 339,491.2
DMU 2 188.42 4,910.49 64,251.71 8,246.322 30,666.71
DMU 3 165.16 1,242.70 1,035,966.06 32,925.72 138,768.6
DMU 4 307,617.96 3,463.13 813,469.17 6,245,034 1,076,103
DMU 5 172,590.41 1,326,800.50 1,576,749.07 429,481.3 1,168,025
DMU 6 3,098,203.49 1,006,248.69 77,749.07 265,557.9 2,884,020
DMU 7 934,906.93 851,946.33 177,919.49 286.56, 2,141,413
DMU 8 404,350.08 840,545.00 707.38 12,286.57 39,864.81
DMU 9 462,652.11 366,799.38 17,053.83 28,579.59 204,551.96
DMU 10 368,099.59 428,933.90 18,488.60 11,549.65 752,165.76
DMU 11 4,331,453.23 466,799.38 128,863.32 172,268.3 5,960,843.3
DMU 12 31,810.87 1,042,335.47 373,062.74 1,519,006 21,923.73
DMU 13 698,860.88 117,156.85 5,330.61 290,836.1 25,784.334
DMU 14 1,281,767.98 1,685,873.48 16,802.61 161,623.5 3,446,365.6
DMU 15 388,312.18 68,636.35 4,367.65 169,326.8 70,315.32
DMU 16 189,052.52 213,911.88 11,681.40 61,400.06 274,695.2

2026
DMU 1 24,320.47 53,115.38 87,777.98 84,563.92 153,427.2
DMU 2 218.98 4,644.52 66,313.77 9,952.01 38,040.87
DMU 3 201.73 1,239.39 1,182,663.70 36,070.34 514,401.1
DMU 4 119,651.73 4,165.28 803,037.75 6,191,921 241.3
DMU 5 52,534.50 1,411,798.73 1,376,535.33 410,171 2,730.89
DMU 6 2,516,402.99 1,111,650.75 86,535.33 347,801.8 396,219.5
DMU 7 1,019,964.56 779,017.18 175,497.59 302.52 1,123,124
DMU 8 443,151.71 970,060.10 955.41 13,902.52 12,317.06
DMU 9 501,400.59 381,922.17 18,453.38 12,996.9 35,869.57
DMU 10 426,868.23 409,430.93 14,576.75 9,774.082 4,698.752
DMU 11 6,820,410.75 481,922.17 139,185.15 1,396,585 142,853.4
DMU 12 32,744.91 11,415,904.00 428,544.80 1,238,556 9,488,586
DMU 13 793,185.71 102,102.00 6,284.18 243,214.6 21,405.25
DMU 14 1,419,886.65 1,822,160.19 18,761.70 195,281.4 9,824.396
DMU 15 428,600.54 85,383.21 7,756.40 186,820.3 11,382,509
DMU 16 5,245,247.32 185,015.08 10,554.96 38756.24 210,500

2027
DMU 1 8,450.67 60,046.23 34,858.48 81,644.94 316,224.9
DMU 2 232.79 4,827.20 72,656.67 8,808.016 31,185.54
DMU 3 154.12 1,235.93 1,079,446.09 32,890.92 123,910.9
DMU 4 44,713.84 43,357.58 1,005,831.00 6,962,667 1,029,289
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2027
DMU 5 15,727.94 1,191,748.51 1,467,505.56 448,179.9 1,060,486
DMU 6 2,226,499.81 871,235.51 97,505.56 27,322.92 2,864,073
DMU 7 1,241,610.99 785,297.21 159,666.17 343.4612 2,241,713
DMU 8 517,038.39 863,298.80 1,017.56 14,343.46 448,675.46
DMU 9 416,425.20 337,925.76 16,326.59 39,816.13 301,222.69
DMU 10 410,213.95 448,773.53 12,235.06 8,067.56 784,427.64
DMU 11 7,574,480.15 51,925.76 127,125.25 1,175,012 592,261.35
DMU 12 39,905.40 1,147,631.44 410,766.73 1,105,198 24,321.62
DMU 13 718,853.23 93,874.56 8,056.61 219,363.9 24,439.168
DMU 14 1,022,902.373 1,947,531.41 19,058.90 169,332.5 20,772,217
DMU 15 472,658.40 108,157.82 7,625.47 185,091.3 64,814.85
DMU 16 221,384.806 167,880.64 12,927.03 22,515.7 310,043.8
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