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A B S T R A C T

Deviations of process parameters from their normal ranges are the primary causes of accidents in chemical 
process systems. Traditional risk assessment methods largely rely on static probability analysis based on his
torical data, which struggles to capture the dynamic influence of real-time parameter variations on risk and lacks 
the capability to predict risk evolution trends. This paper proposes a dynamic risk prediction method for 
chemical process systems based on enhanced feature engineering and XGBoost. First, key process parameters 
(KPPs), including temperature, liquid level and flow rate are identified through process analysis. A compre
hensive risk indicator is then constructed using Dempster-Shafer (D-S) evidence theory to achieve dynamic 
quantification of system risk. Second, a dynamic simulation model is established using Aspen Plus, simulating 
operations under normal, disturbed, and extreme conditions to generate time-series data of KPPs. On this basis, 
multi-scale sliding window techniques are employed to extract enhanced features, including temporal, statistical, 
trend, and disturbance features. Finally, an XGBoost-based risk prediction model is developed. A continuous 
stirred-tank reactor (CSTR) is employed to demonstrate the proposed methodology. The results indicate that the 
proposed methodology achieves an RMSE of 0.159, MAE of 0.122 and an R2 of 0.7237, outperforming traditional 
methods by significant margins. The results validate the effectiveness of combining enhanced feature engineering 
with XGBoost for risk prediction in chemical processes.

1. Introduction

As a core component of modern industrial systems, chemical process 
systems involve complex physicochemical reactions, multiphase flow, 
and heat transfer processes, characterized by high temperature, high 
pressure, flammability, explosiveness, and continuous operation (Shi 
et al., 2026). Major safety incidents in the chemical industry are directly 
associated with the loss of control over process parameters (Li et al., 
2026; Khan et al., 2021). Once leakage, fire, or explosion accidents 
occur, they often result in severe casualties, property losses, and envi
ronmental damage (Sun et al., 2025; Yang et al., 2023). Therefore, 
real-time monitoring and risk prediction of the operational status of 
chemical process systems constitute a critical link in ensuring chemical 
safety production and achieving proactive risk prevention and control.

Traditional risk assessment methods for chemical processes can be 

broadly classified into two categories: probabilistic statistical methods 
and mechanistic model-based methods (Reniers and Amyotte, 2012; 
Aven and Zio, 2021; Zio, 2022). Probabilistic statistical methods (such 
as fault tree analysis, event tree analysis, and Bayesian networks) esti
mate the probability of risk events based on historical accident data or 
expert experience, thereby evaluating system risk levels (Nehal et al., 
2023; Lai et al., 2026). While these methods can quantify risk levels, 
they exhibit certain limitations: (1) those methods rely heavily on the 
completeness of historical data and the accuracy of expert judgment, 
leading to considerable ambiguity and subjectivity in assessing novel 
processes or scenarios lacking accident records (Hu et al., 2021); (2) 
they focus on static probability assessment of risk, making it difficult to 
capture the dynamic influence of real-time variations in process pa
rameters on risk evolution.

Mechanistic model-based methods describe the dynamic behavior of 
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chemical processes by establishing differential equations for material 
balance, energy balance, and reaction kinetics, thereby assessing the risk 
evolution process (Liao and Shu, 2026). Although these methods can 
characterize the variation patterns of process parameters from a physical 
perspective, their application faces several challenges (Yuan et al., 
2026): (1) accurate modeling depends on complete knowledge of reac
tion mechanisms and precise acquisition of physical property parame
ters. This becomes increasingly difficult for complex reaction systems or 
scenarios with frequent operating condition changes. Consequently, 
such approaches suffer from high modeling difficulty and computational 
complexity; (2) mechanistic models struggle to integrate sensor data in 
real time and lack adaptive capabilities to address model errors and 
parameter uncertainties.

In recent years, with the rapid advancement of the industrial internet 
of things and intelligent sensing technologies, chemical process systems 
have accumulated massive amounts of process operation data, providing 
a foundation for data-driven risk prediction. Algorithms such as support 
vector machines (SVM) (Jiao et al., 2023), artificial neural networks 
(ANN) (Raeihagh et al., 2020), and random forests (RF) (Bellè et al., 
2023) are employed for state identification and fault diagnosis of pro
cess parameters. Gao et al. (2025) presented a method based on machine 
learning to analyze the causes of production accidents in CPS systems. Li 
et al. (2024) proposed a risk assessment method based on SVM. This 
method was then applied to the risk assessment and management of 
hazardous chemical warehouses. Abdalla et al. (2025) introduced a 
ANN-based approach for real-time assessment of CO2 leak and disper
sion from injection wells and surface facilities. The dataset is generated 
from PHAST simulations. Hassen et al. (2025) presented a RF-based 
approach for evaluating accidental release. The dataset is driven from 
two thousand simulations by ALOHA. The research results show that in 
terms of predicting gas leaks, the performance of RF is better than that of 
SVM. Li e t al. (2021) introduced a SVM-based risk assessment for 
chemical process systems. The research results show that the proposed 
method can identify system risks and reduce the accident probability. 
Although the above studies can effectively assess the risk of chemical 
process systems, existing research still suffers from the following 
limitations: 

(1) Insufficient attention to dynamic risk assessment driven by pro
cess parameters. Most current data-driven approaches continue 
to follow the conventional risk assessment paradigm, treating risk 
as a static probabilistic event based on historical data. The 
essence of risk in chemical processes lies in the gradual deviation 
of process parameters (such as temperature, pressure, flow rate, 
and liquid level) from safe ranges, rather than in sudden discrete 
events. How to continuously quantify the degree of risk based on 
real-time process parameter sequences and identify its evolu
tionary trajectory remains a challenging problem that needs to be 
solved.

(2) Research on predicting the trend of risk evolution is limited. 
Existing studies predominantly focus on system risk assessment at 
the current moment. However, chemical accidents usually un
dergo a gradual evolution process: from a normal state to devi
ation, then to early warning, then to critical condition, and finally 
to accident. If the system risk could be predicted before it reaches 
the alarm threshold, operators would be afforded valuable time 
for proactive intervention. Currently, the research on the dy
namic prediction of process parameters in chemical systems is 
still at an early stage, and the methods that combine the predic
tion results with risk assessment are even rarer. Developing risk 
prediction models that can provide early warnings is of crucial 
importance for enhancing chemical process safety.

To address the aforementioned research gaps, this paper proposes a 
dynamic risk prediction method for chemical process systems based on 
enhanced feature engineering and eXtreme Gradient Boosting (XGBoost) 

integrated with process parameter fusion. The main contributions are as 
follows: 

(1) Construction of a risk quantification indicator that considers the 
multi-dimensionality and time-varying characteristics of process 
parameters. This indicator retains the physical meaning of the 
original parameters, and at the same time provides a continuous 
target variable for subsequent risk prediction, overcoming the 
limitation of traditional methods that can only output discrete 
risk states.

(2) By conducting simulation to obtain real-time data on the system's 
process parameters, the uncertainty in data acquisition has been 
reduced to a certain extent.

(3) Development of a time-series prediction method for predicting 
the risks of a chemical process system. The proposed approach 
enables early perception of risk evolution trajectories, providing 
technical support for proactive risk prevention and control.

The remainder of this paper is organized as follows. The proposed 
methodology is described in Section 2. Section 3 shows the application 
of the proposed method in a case study. Section 4 concludes the study.

2. The proposed methodology

The impact of disturbance events causing key process parameters in 
chemical process systems to exceed safety thresholds is a primary cause 
of accidents such as leakages, fires, and explosions. An accurate risk 
assessment and prediction method can assist operators in taking effec
tive preventive measures before process parameters exceed the thresh
olds. The framework of the proposed methodology is depicted in Fig. 1. 
First, a comprehensive risk indicator for the chemical process system is 
established through a two-step procedure: (i) identification of KPPs that 
reflect the system's operational status, along with their corresponding 
safety thresholds, based on process hazard analysis and engineering 
considerations; and (ii) aggregation of these KPPs into a unified risk 
indicator according to their respective importance. Subsequently, a 
dynamic simulation model of the chemical process system is developed 
to generate time-series data of the KPPs under various disturbance sce
narios. Finally, a data-driven risk assessment and prediction model is 
constructed using a hybrid XGBoost framework. Fig. 1 illustrates the 
main steps of the proposed methodology, which are detailed in the 
following sections.

2.1. Construction of comprehensive risk indicators

2.1.1. Identification of key process parameters
The risk evolution of chemical process systems is a complex process 

involving multiple factors that are coupled together. The contribution of 
different process parameters to system safety varies significantly (Qi 
et al., 2025). Reasonably determining the KPPs is the basis for con
structing comprehensive risk indicators and is directly related to the 
accuracy of risk assessment. The selection of key process parameters 
should follow the following basic principles (Moslem et al., 2025): 

(1) The selected parameters should be directly related to the safety of 
the system, and their abnormal changes should be able to reflect 
potential risks. For example, temperature directly determines the 
reaction rate and the risk of thermal runaway.

(2) The selected parameters should meet the requirements for real- 
time online monitoring and be capable of being continuously 
collected through sensors.

(3) The selected parameters should be sensitive to changes in the 
operation conditions and be able to detect abnormal signals at the 
early stage of risk evolution.

(4) Relatively independent parameters should be selected to avoid 
information redundancy.
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After determining the key process parameters, the safety threshold 
needs to be determined based on the design specifications, industry 
standards, and historical operation data (Yadiz et al., 2024). Accord
ingly, for a given KPPi, the corresponding potential disruptive event D is 
defined as: 

KPPi(t)≥KPPmax
i or KPPi(t) ≤ KPPmin

i ,∀t ∈ T (1) 

where KPPmax
i and KPPmin

i represent the upper and lower operating 
limits for the KPP.

2.1.2. Representation of system risk based on D-S theory
D-S theory is employed to integrate various process parameters into a 

single indicator that can comprehensively represent the system risk. D-S 
theory can effectively address issues related to incomplete information, 
imprecision, and conflicts among information sources (Zeng et al., 2022; 
Kalathil et al., 2020). Due to the ability of Dempster's combination rule 
to synthesize knowledge and data from different experts and informa
tion sources, D-S theory has been widely applied across various fields 
(Sezer et al., 2023). In risk analysis, expert knowledge is integrated by 
defining a belief structure and employing the reasoning algorithm of 
evidence theory, thereby determining the degree of belief in events.

D-S theory encompasses four fundamental concepts: the frame of 
discernment, basic probability assignment, belief function, and plausi
bility function. 

(1) Frame of discernment

Let Θ = {θ1, θ2, ..., θn} be a non-empty set consisting of n complete 
and mutually exclusive elements. Then Θ is called the frame of 
discernment. In D-S theory, 2Θ is referred to as the power set of Θ, which 
is composed of all subsets of the frame of discernment, satisfying 2Θ =

{∅, (θ1), (θ2), ..., (θn), (θ1,θ2), (θ1,θ3), ..., (θ1,θn), ...Θ}. 

(2) Basic probability assignment

Let A be a subset of Θ. If the mapping m: 2Θ→[0,1] satisfies Eq. (2), 
then m is called the basic probability assignment function on Θ. Any A 
with m(A) > 0 is termed a focal element, representing the degree of 
support that the evidence provides for A. 
{m(∅) = 0∑

A⊆Θ
m(A) = 1 (2) 

(3) Belief function and plausibility function

Let A and B be subsets of Θ. Then the belief function Bel is defined as 
shown in Eq. (3), and the plausibility function Pl is defined as shown in 
Eq. (4): 

Bel(A)=
∑

B⊆A
m(B) (3) 

Pl(A)=
∑

B∩A∕=∅
m(B) (4) 

where the interval [0, Bel(A)] represents the degree of belief in propo
sition A, the interval [Bel(A), Pl(A)] denotes the uncertainty of the evi
dence, and the interval [Pl(A), 1] indicates the degree of disbelief in 
proposition A. 

(4) Dempster's Combination Rule

The combination rule is the core of D-S theory and is used to syn
thesize information from different sources. After the belief function and 
plausibility function are determined, Dempster's combination rule is 
employed to fuse multiple pieces of evidence. If two basic probability 
assignment functions m1 and m2 are derived from two distinct pieces of 

Fig. 1. The framework of the proposed methodology.
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evidence, they can be combined according to Dempster's rule, as shown 
in Eq. (5): 

m(A)=m1 ⊕m2(A)=

⎧
⎪⎨

⎪⎩

∑

B∩C=A
m1(B)⋅m2(C)

1 − K
,A ∕= ∅,A ⊆ Θ

0,A = ∅

(5) 

where K is the conflict coefficient, which represents the degree of 
discrepancy between different pieces of evidence and satisfies Eq. (6): 

K=
∑

B∩C=∅
m1(B) ⋅ m2(C) (6) 

The process of establishing the system risk indicators based on D-S 
theory is shown in Fig. 2.

2.2. Dynamic simulation and data generation

Dynamic simulation is based on rigorous thermodynamic models and 
comprehensive property databases. It generates high-fidelity time-series 
data of process parameters (Sun et al., 2024). This enables accurate 
characterization of nonlinear coupling relationships and dynamic evo
lution patterns among process variables. Unlike historical data, which 
are limited by actual operating records, dynamic simulation allows 
systematic modeling of various operating conditions under controlled 
settings (Qi et al., 2025; Cui et al., 2023). These include normal opera
tions, disturbances, and extreme scenarios such as feed fluctuations, 
cooling failures, and valve malfunctions. This approach achieves 
comprehensive coverage of the operating condition space. Aspen PLUS 
is used to develop the dynamic simulation model for chemical process 
systems (Salehifar and Farsi, 2026). The model development process is 
shown in Fig. 3.

2.3. Risk prediction based on enhanced feature engineering and XGBoost

The overall framework of the dynamic risk prediction method for 
chemical process systems consists of two main modules: enhanced 
feature engineering and XGBoost, this approach enables dynamic pre
diction of the comprehensive risk indicator for chemical processes.

Enhanced feature engineering is a method that extracts rich features 
from raw process parameters using multi-scale sliding window tech
niques. Specifically, the method first employs sliding windows of 
different sizes (e.g., window sizes of 3, 5, and 8) to extract raw temporal 
features, capturing the variation patterns of parameters at different time 
scales. On this basis, statistical features within the windows (mean, 
standard deviation, maximum, minimum, and range) are calculated to 
characterize the overall distribution of the parameters. First-order and 
second-order difference features are constructed to capture the variation 
trends of the parameters. Disturbance detection and decay features are 
introduced to quantify the persistent impact of disturbance events on the 

system. Interaction features are also constructed to reflect the coupling 
relationships among parameters. Through the above multi-dimensional 
feature extraction and construction, enhanced feature engineering can 
fully exploit the implicit information contained in the raw data, 
providing rich information input for subsequent prediction models.

XGBoost is an ensemble learning algorithm based on the gradient 
boosting framework. It can be understood as "combining multiple simple 
decision tree models to form a powerful predictive model". Its core 
principle involves iteratively constructing decision trees, where each 
new tree is trained to fit the residuals of the previous model, thereby 
progressively optimizing the prediction results, as shown in Fig. 4. 
Compared with traditional gradient boosting methods, XGBoost ap
proximates the loss function using first-order and second-order Taylor 
expansions, significantly accelerating convergence. At the same time, 
regularization terms (including the number of leaf nodes and the L2 
norm of leaf node weights) are incorporated into the objective function 
to effectively control model complexity and prevent overfitting. 
Furthermore, XGBoost supports optimization strategies such as column 
subsampling, row subsampling, and parallel computing, enabling high 
computational efficiency when handling high-dimensional features. 
Combining enhanced feature engineering with XGBoost, on the one 
hand, improves the model's ability to capture complex nonlinear re
lationships through rich feature inputs; on the other hand, leverages 
XGBoost's powerful fitting and regularization mechanisms to achieve 
high-precision and high-robustness risk prediction.

3. Case study

To illustrate the application of the proposed risk prediction method, 
a continuous stirred-tank reactor (CSTR) case study originally presented 
by Al-Malah (2016) is adopted. CSTR exhibit typical strong nonlinearity, 
multivariable coupling, and thermodynamic characteristics. Their state 
variables, such as reactant concentration and reaction temperature, are 
highly coupled. This can lead to complex dynamic behaviors. In addi
tion, the reaction process inside a CSTR involves significant exothermic 
or endothermic effects. These effects make temperature control difficult. 
As a result, system operation carries a high level of risk. The primary 
reaction taking place in this CSTR is an exothermic process, in which 
ethylene (E) and benzene (B) react to form the target product, ethyl
benzene (EB). In addition, two undesired side reactions occur concur
rently: first, E further reacts with the already-formed EB to produce an 
unwanted by-product diethylbenzene (DEB); second, B reacts with DEB 
to regenerate EB. The overall reaction scheme is as follows: 

C2H4 +C6H6→C8H10 (7) 

C2H4 +C8H10→C10H14 (8) 

C6H6 +C10H14→2C8H10 (9) 

Fig. 2. Diagram of system risk indicator establishment.
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Fig. 5 depicts the process flow and control configuration of the CSTR 
system. Table 1 lists the specifications and parameter values used for 
modeling the CSTR.

3.1. Construction of comprehensive risk indicators

To effectively evaluate and predict the dynamic risk of the CSTR 
system, three KPPs are identified as critical indicators, including the 
CSTR liquid level, the CSTR temperature and the product flow rate. The 
liquid level and temperature are closely related to process safety, as they 
reflect the mass balance and thermal stability of the CSTR. In contrast, 
the product flow rate serves as an indicator of production efficiency, 
directly representing the system's output performance. The combination 

of these parameters provides a reliable foundation for reflecting CSTR 
behavior, covering process safety, operational stability, and system 
output. Table 2 lists the established safety thresholds for liquid level, 
temperature and product flow rate, which are essential for accurately 
assessing and predicting systemic risks.

The operational state of CSTR is inherently subject to various dis
turbances. Accurate identification of these disturbances serves as a 
fundamental prerequisite for assessing and predicting the CSTR system 
risk. Disturbances can be broadly categorized into human errors and 
equipment failures. The impact of such disturbance events on the system 
is primarily manifested through deviations in the KPPs of CSTR. For 
example, variations in feed flow rate or cooling water temperature can 
significantly alter the value of KPPs for CSTR, thereby posing potential 

Fig. 3. The performance curves of CPPs and the overall system performance.

Fig. 4. XGBoost flowchart.
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risks to operational safety. To simulate the effects of unexpected dis
ruptions on the CSTR operation, the values of selected input variables 
can be systematically varied.

Feed temperature variations directly affect the reaction rate and 
thermal balance of a CSTR. An increase in feed temperature introduces 
additional sensible heat into the reaction system, leading to a corre
sponding rise in the initial reaction temperature within the CSTR. Since 
both the primary reaction (E + B→EB) and the side reaction (E +
EB→DEB) are exothermic, a higher feed temperature further accelerates 
the reaction rate and releases more reaction heat. Under severe condi
tions, this may lead to CSTR runaway and pose thermal safety hazards. 
Conversely, an excessively low feed temperature lowers the initial 
temperature of the reaction mixture, suppresses the reaction rate, and 
reduces the conversion of the primary reaction. Moreover, the relative 
extent of the side reaction may change, thereby affecting product dis
tribution and yield. Therefore, feed temperature is a key operating 
variable that significantly influences the thermal stability, reaction 
selectivity, and process safety of the CSTR.

3.2. Dynamic simulation

3.2.1. Identification of potential disruption
Taking the temperature variation of Feed B as the disruptive event, 

its temporal evolution exhibits distinct jump characteristics, as shown in 
Fig. 6. The disruptive event occurs in two stages. In the first stage, at the 
3rd hour, the temperature jumps and then remains stable. In the second 
stage, at the 6th hour, the temperature jumps again and stays stable. 
Within the range of 0 to 3 h, the temperature fluctuates steadily within 
the range of 24.06-25.88 ◦C, indicating a relatively steady state. After 3 
h, the temperature suddenly rises to 30.43 ◦C. It then fluctuates violently 
between 29.27 ◦C and 31.26 ◦C for about 3 h. This marks the first strong 
disruptive event. Subsequently, After 6 h, the temperature undergoes 

another abrupt change, surging sharply from 29.96 ◦C to 49.90 ◦C, 
reaching a peak of 50.99 ◦C at 6.02 h. Thereafter, it continues to oscillate 
with high frequency within the range of 48.73-50.99 ◦C. In summary, 
the temperature of Feed B experiences two significant step-like distur
bances, with the second disturbance being larger in magnitude and 
longer in duration.

During the simulation period of 0-10 h, both the temperature of Feed 
E and the cooling water temperature remained within their normal 
operating ranges and exhibited a dynamically stable pattern with small 
fluctuations. Specifically, the temperature of Feed E varied between 
23.58 ◦C and 26.36 ◦C, while the cooling water temperature fluctuated 
within the range of 23.71 ◦C to 25.97 ◦C. The variation amplitude of 
both temperatures was controlled within approximately 3 ◦C, with no 
abrupt step changes or pulsed disturbances observed. These results 
indicate that the system possesses good thermal stability and control
lability under normal operating conditions. The temperature of Feed E 
and the cooling water temperature change over time are shown in Figs. 7 
and 8.

3.2.2. Simulation data generation
During the 0-10 h simulation period, the CSTR liquid level remained 

between 7.6 m and 9.5 m, as shown in Fig. 9. During the period of 0-6 h, 
the liquid level fluctuated steadily within the range of 7.6 m to 9.3 m, 
indicating a relatively steady state. After the first disturbance event at 3 
h, the CSTR liquid level did not show any significant change. The fluc
tuation remained stable. Following the second disturbance event at 6 h, 
the liquid level dropped to a minimum of approximately 7.9 m and rose 
to a maximum of approximately 9.4 m. The fluctuation did not increase 

Fig. 5. CSTR with basic control structure.

Table 1 
Parameter values of the CSTR.

Parameter value Parameter value

Flow rate of E 360 kmol/h Reactor volume 60 m3

Flow rate of B 720 kmol/h Heat transfer option Dynamic
B/E feed temperature 21.85 ◦C Medium temperature 24.85 ◦C
B/E feed pressure 2 MPa Temperature approach 77.33 ◦C
Reactor temperature 21.85 ◦C Heat capacity 4200 J/kg/K
Reactor pressure 1.5 MPa Medium holdup 1000 kg
Reactor level 8.64m Equipment mass 6800 kg

Table 2 
Values of CPPs for the CSTR.

Parameter Expected value Safety threshold

CSTR level 8.64 m [8.0, 10]
CSTR Temperature 126.85 ◦C [120, 140]
Product flow rate 757.509 kmol/h [600, 900]

Fig. 6. The temperature variation of feed B.
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significantly. Overall, both disturbance events caused some degree of 
fluctuation in the liquid level. However, the liquid level remained within 
the safe threshold throughout the period. This indicates that the tem
perature variation of Feed B did not have a significant impact on the 
CSTR liquid level.

The CSTR temperature was relatively sensitive to the disruption. 
During the first 3 h, the temperature fluctuated slightly between 
126.8 ◦C and 127.4 ◦C, indicating stable operation. After 3 h, the CSTR 
temperature increased slightly. It then oscillated between 125.8 ◦C and 
128.0 ◦C. The fluctuation did not increase significantly compared to that 
before the disruption. However, after 6 h, the CSTR temperature 
exhibited significant fluctuations. The temperature increased sharply 
from approximately 126 ◦C to 130.4 ◦C, as shown in Fig. 10. This in
dicates that temperature changes of feed B will significantly intensify the 
exothermic reaction, preventing the reaction heat from being removed 
in time, thereby causing the CSTR temperature to increase sharply.

The response of the CSTR product flow rate to the two disturbance 
events was not significant, as shown in Fig. 11. During the period of 0-3 
h, the flow rate fluctuated steadily within the range of 743 to 775 kmol/ 
h. After the first disturbance event at 3 h, the flow rate did not show any 

obvious fluctuation. Following the second disturbance event at 6 h, the 
first peak and lowest point appeared in the flow rate fluctuation. The 
flow rate dropped to a minimum of approximately 738 kmol/h and rose 
to a maximum of approximately 779 kmol/h, with a fluctuation 
amplitude exceeding 40 kmol/h. This indicates that the disruption 
events had a certain effect on the outlet flow rate by influencing the 
reaction rate and material balance. Although the fluctuation amplitude 
was relatively large, the flow rate remained within the acceptable 
operating range, as the safe range of the product flow rate is 700-900 
kmol/h.

3.3. Risk assessment and prediction

As shown in Fig. 12, during the 0-10 h simulation period, the 
normalized liquid level, temperature, and product flow rate of the CSTR 
all exhibited different degrees of fluctuation. The normalized liquid level 
mainly varied between 0.9 and 1.0, with relatively stable fluctuations. 
Only a few moments showed values below 0.9, indicating that the 
temperature fluctuation of Feed B had a limited impact on the CSTR 
liquid level. Notably, after the disturbance events, the CSTR temperature 

Fig. 7. The temperature variation of feed E.

Fig. 8. The temperature variation of cooling water.

Fig. 9. The liquid level variation of the CSTR under the disruption.

Fig. 10. The temperature variation of the CSTR under the disruption.
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showed relatively large fluctuations, especially around 3 h and 6 h, 
reflecting its strong sensitivity to disturbances. The product flow rate 
also showed some correlation with the disturbance events. Its fluctua
tions were moderate, and the flow rate remained between 0.8 and 1.0 for 
most of the time, indicating a generally high level of product output. 
However, the flow rate reached its minimum at 6 h, indicating that the 
temperature change of Feed B influenced the reaction in the CSTR and 
thus reduced product generation to some extent. Overall, all three var
iables responded to the disruption. The temperature showed the most 
significant response, while the fluctuations in liquid level and flow rate 
were relatively mild.

Based on the D-S evidence theory, this study takes the normalized 
CSTR liquid level, temperature and product flow rate as three inde
pendent evidence sources and constructs their basic probability assign
ment functions to represent the initial support of each parameter for the 
system risk. The basic probability assignment of each piece of evidence 
is directly determined by its normalized value, with the remaining 
portion assigned to the frame of discernment to represent uncertainty. 
On this basis, Dempster's combination rule is applied to fuse the three 
pieces of evidence, comprehensively considering the contribution of 
liquid level, temperature, and flow rate to the system risk, thereby 
obtaining a comprehensive system risk indicator. The system risk under 
the disruption is shown in Fig. 13.

On the basis of the assessed system risk, the proposed risk prediction 
model is employed to forecast the CSTR system risk under the influence 
of disruptive events. A comparison between the predicted results and the 
actual values is presented in Fig. 14. From an overall trend perspective, 
the predicted values are generally consistent with the actual values, both 
fluctuating within the range of 0.9 to 1, indicating that the proposed 
model can effectively capture the overall evolution pattern of system 
risk. For the vast majority of sample points, the predicted values are 
close to the actual values, with relatively small errors. However, de
viations between the predicted and actual values are observed around 
sample points 60-80, with a maximum error of approximately 0.06. 
Overall, the model maintains high prediction accuracy on the entire test 
set, validating the effectiveness of combining enhanced feature engi
neering with XGBoost for system risk prediction in chemical process 
systems.

According to the comparison results presented in Table 3, the pro
posed method outperforms the traditional algorithms across all evalu
ation metrics. Specifically, the proposed method achieves an RMSE of 
0.159, which is 23.2% lower than that of linear regression (0.207) and 
54.7% lower than that of SVM (0.351). The MAE is 0.122, representing 
reductions of 26.1% and 58.9% compared to linear regression (0.165) 

Fig. 11. The product flow rate variation of the CSTR under the disruption.

Fig. 12. The normalized liquid level, temperature and flow rate of CSTR under the disruption.

H. Sun et al.                                                                                                                                                                                                                                     Journal of Loss Prevention in the Process Industries 102 (2026) 106036 

8 



and SVM (0.297), respectively. The proposed method attains an R2 of 
0.7237, significantly higher than those of linear regression (0.534) and 
SVM (0.348). Furthermore, the MAPE is 0.100, which is 23.1% and 
56.5% lower than those of linear regression (0.130) and SVM (0.230), 
respectively. These results demonstrate the clear superiority of the 
proposed approach. By integrating enhanced feature engineering with 
XGBoost, this method effectively captures complex nonlinear relation
ships and improves prediction accuracy for system risk in chemical 
process systems.

4. Conclusion

This paper presents a systematic study on the dynamic risk predic
tion method for chemical process systems, with the main research 
findings and conclusions summarized as follows. 

(1) A comprehensive risk indicator construction method based on D- 
S evidence theory is proposed. By taking the normalized CSTR 
liquid level, temperature, and product flow rate as three inde
pendent evidence sources, the basic probability assignment 
functions are constructed and fused using Dempster's combina
tion rule. This method effectively integrates the contributions of 
multiple key parameters to system risk, overcoming the limita
tion of using a single parameter for risk characterization. The 
resulting comprehensive risk indicator provides a reliable quan
titative basis for subsequent risk prediction.

(2) An enhanced feature engineering method is developed to fully 
exploit the temporal dependencies and nonlinear coupling re
lationships among process parameters. Multi-scale sliding win
dow techniques are employed to extract raw temporal features, 
statistical features, trend features, and disturbance features. The 
construction of disturbance detection and decay features effec
tively quantifies the impact of abrupt changes in temperature B. 
Interaction features are also constructed to capture the coupling 
relationships among parameters. These enhanced features pro
vide rich information input for the prediction model.

(3) A risk prediction model combining enhanced feature engineering 
with XGBoost is established. The proposed method achieves su
perior performance in predicting CSTR system risk under 
disturbance events. Experimental results demonstrate that the 
proposed method significantly outperforms traditional algo
rithms such as linear regression and SVM. These results validate 
the effectiveness of the proposed method in capturing complex 
nonlinear relationships and improving prediction accuracy.

In summary, the proposed dynamic risk prediction method for 
chemical process systems, which integrates D-S evidence theory, 
enhanced feature engineering, and XGBoost, effectively addresses the 
limitations of traditional static probability assessment methods. It ach
ieves a transition from static probability assessment to dynamic risk 
prediction, providing decision support for proactive risk prevention and 
control in chemical processes. Future work will focus on further 
improving the model's responsiveness to rapid risk fluctuations and 
extending the method to more complex chemical process systems.
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