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The low-carbon transition is fundamentally reshaping the petrochemical industry, exposing integrated petrochemical 

logistics system to hazards arising from stochastic supply-demand uncertainty and operational vulnerabilities. To 

mitigate the risks of traditional static planning in this volatile environment, this paper develops the multi-stage 

collaborative reliability optimization framework. By integrating scenario generation and reduction techniques with 

stochastic programming, a multi-stage optimization model is established to ensure process safety and handle long-

term planning adjustments. Taking a large-scale petrochemical network as a case study, the trade-off between 

economic expenditure and operational reliability is quantitatively evaluated across four fluctuation scenarios. The 

research findings demonstrate that the proposed multi-stage model outperforms static model in reliability indicators. 

Specifically: (i) the multi-stage model achieves a 39.25% reduction in supply failure magnitude, representing a 

decrease of 18.13 104 tons under the extreme failure scenario, and effectively curtails the average failure duration 

by 16.82% under high fluctuation scenario; (ii) the service reliability level remains 1.88% higher than that of the 

static model under extreme fluctuation scenario; and (iii) although the framework necessitates a 9.15% safety 

premium in objective function value, this investment successfully transforms uncontrollable external hazards into 

manageable safety margins. These results provide critical decision support for maintaining operational safety and 

ensuring the continuous reliability of integrated petrochemical systems. 

 

Keywords: Petrochemical system, Reliability optimization, Multi-stage collaborative programming, Supply and 

demand uncertainty, Risk mitigation 

 

1. Introduction 
The global low-carbon transition is reshaping 

the petrochemical industry. In the past decade, 

the global annual demand for refined oil has 

fluctuated between 900 million and 1.4 billion 

tons (Liu et al. 2025), the demand for refined 

oil is expected to peak before 2030 (IEA 

987
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2023). Concurrently, demand for methanol 

and hydrogen exhibits robust growth, 

projected to dominate 53%~71% of primary 

energy consumption by 2060 (Popoola, et al. 

2026). Consequently, enterprises are 

compelled to adopt oil-to-chemicals  

strategies. However, the spatial mismatch 

between the supply and demand for these 

conversion products necessitates large-scale, 

cross-regional resource allocation, thereby 

increasing the vulnerability of the system 

operation level. The existing supply-demand 

networks of refined oil and the logistics flows 

of conversion products are characterized by a 

high degree of spatial congruence, 

establishing the physical basis for an 

integrated petrochemical logistics system 

(IPLS). However, this structural 

interdependency ultimately magnifies the risk 

of systemic cascading failures under 

operational stress. In actual operation, the 

IPLS frequently faces severe disruption risks 

triggered by external extreme events, such as 

geopolitical conflicts and natural disasters, 

which critically compromise the overall 

operational safety and continuous supply 

reliability of the energy network. 

Traditional static planning strategies 

frequently lead to critical system failures in 

practice, as their deterministic nature renders 

them highly vulnerable to dynamic external 

disturbances and operational disruptions. To 

mitigate the inherent risks associated with this 

operational vulnerability, multi-stage planning 

frameworks have been increasingly adopted as a 

robust mathematical tool for quantitative risk 

management and reliability optimization. For 

instance, Li et al. (2023) addressed the complex 

risk coupling between chemical production and 

subsequent supply operations by proposing a 

multi-time-domain optimization framework. 

Similarly, Fattahi et al. (2020) developed a data-

driven multi-stage planning method focused on 

designing highly reliable distribution networks 

under severe disruption risks, thereby validating 

the strategy s effectiveness in systemic risk 

mitigation and operational recovery. 

Consequently, these studies substantiate the 

paramount role of multi-stage planning, 

functioning not merely as an economic 

optimization technique but as an essential safety 

mechanism for dynamically calibrating operating 

parameters to ensure the continuous reliability of 

complex systems. 

Critical vulnerabilities within IPLS from 

highly volatile demands for refined oil and 

conversion products, coupled with unpredictable 

external disruption risks. To mathematically 

quantify and mitigate these hazards, the stochastic 

programming strategy based on scenario 

generation and reduction serves as an essential 

framework, striking an effective balance between 

traditional probabilistic risk assessment and 

robust safety optimization. This strategy has been 

effectively applied in various complex energy 

logistics cases. For instance, Zeng et al. (2020) 

utilized scenario reduction techniques to optimize 

the risk-informed operation of renewable energy 

systems, verifying the capacity of the reduced 

scenario sets to preserve critical statistical 

features. Furthermore, Gao et al. (2024) 

integrated principal component analysis with the 

K-medoids clustering algorithm to extract typical 

and high-consequence failure scenarios from 

massive historical datasets, providing precise 

safety boundary conditions for the fault-tolerant 

operation of integrated energy systems. Overall, 

this scenario-based risk management strategy 

empowers decision-makers to formulate high-

quality resource allocation plans that guarantee 

continuous supply reliability during unnormal 

operations while establishing robust fault 

tolerance against severe external shocks. 

However, when existing studies apply multi-

stage planning frameworks, their optimization 

objectives are predominantly restricted to the 

immediate response of a single logistics system. 

This narrow focus overlooks the complex, risk-

informed trade-offs between operational cost 

efficiency and long-term continuous system 

reliability. By ignoring systemic vulnerabilities 

and the critical need for fault tolerance under the 

uncertain and hazard-prone environment of the 

global energy transition, traditional models fail to 

adequately prevent cascading failures. 

Consequently, there remains a pressing need for a 

comprehensive mathematical framework capable 

of dynamically balancing proactive risk 

mitigation with operational safety across IPLS. 

2. Methodology 
2.1. Problem description 
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As illustrated in Figure 1, integrated 

petrochemical logistics system comprises four 

interdependent critical sub-systems: supply, 

transfer, transportation, and demand. Both 

refineries and depots are equipped with storage 

facilities that function explicitly as risk mitigation 

buffers, designed to absorb disruption shocks. 

These sub-systems are tightly coupled through 

four transportation modes (pipeline, waterway, 

railway, and highway), constituting a highly 

complex critical infrastructure network. While 

this tight coupling facilitates the efficient flow of 

materials, it simultaneously magnifies the 

system’s inherent vulnerability to cascading 

failures. Furthermore, refineries operate as supply 

nodes with the production flexibility to convert 

refined oil into diverse chemical products (e.g., 

methanol, liquid ammonia, hydrogen, ethylene 

glycol). Within the context of system safety, this 

conversion capability acts as a crucial fault-

tolerance mechanism, allowing operators to 

dynamically reconfigure process pathways under 

severe interference. During actual operation, this 

integrated network is continuously exposed to 

stochastic environmental hazards and 

unpredictable external disruption risks. These 

uncertainties manifest as extreme fluctuations in 

supply and demand, continuously challenging the 

operational safety margins and operational 

reliability of the entire petrochemical system. 

 
Fig. 1. The integrated petrochemical logistics system 

of refined oil and conversion products. 
2.2. Research framework 
Figure 2 illustrates the multi-stage collaborative 

reliability optimization framework designed to 

ensure the operational safety and continuous 

reliability of the integrated petrochemical 

network. The architecture comprises three 

modules. Module 1 utilizes Monte Carlo 

stochastic simulation to generate a large-scale set 

of hazard scenarios. By defining specific 

fluctuation boundaries, this module 

mathematically captures the non-linear 

characteristics of operational uncertainties and 

severe disruption risks. Module 2 serves as the 

computational core for systemic operational risk 

mitigation. It involves two critical stages: first, it 

builds a multi-stage collaborative optimization 

model based on multi-stage planning strategies to 

deal with plan adjustments in long time 

dimensions. Second, it introduces the K-means 

clustering algorithm for scenario reduction, 

accurately extracting typical and extreme 

scenarios from large-scale scenarios by 

combining multi-dimensional evaluation 

indicators. Finally, Module 3 executes a system 

risk evaluation. By replacing traditional metrics 

with a multi-dimensional system explicitly 

focused on system reliability, risk mitigation and 

economics. Furthermore, through a real-world 

petrochemical case study, it demonstrates how the 

proposed multi-stage model vastly outperforms 

static model, thereby providing quantitative 

decision support for ensuring system safety and 

highly reliable actual operations. 

 
Fig. 2. The multi-stage collaborative reliability 

optimization framework for integrated comprehensive 

logistics system. 
2.3. Optimization model 
2.3.1. Objective function 
The multi-stage collaborative optimization model 

aims to reduce the total cost of the three segments 

of transportation, conversion, and storage in the 

integrated comprehensive logistics system. Eq.(1) 

represents the objective function , which 

includes average transportation cost ℎ ℎ , 

average conversion cost average 

y p y

g y p



990 Proc. of the European Safety and Reliability Conference (ESREL 2026)

storage cost ℎ ℎ , and average stockout 

penalty cost ℎ ℎ .  

 

2.3.2. Refinery operational constraints 
The refined oil and converted product planned 

production volume ℎ  at these refineries is 

equal to the planned production sampling volume 

ℎ in scenario ℎ. Furthermore, the inventory 

volume ℎ  is constrained to remain within 

its predefined operational safety boundaries, 

bounded by the minimum inventory volume 

and maximum inventory volume . 

Eq.(2) represents the constraint for the 

transfer-out of refined oil products in each 

scenario ℎ . The refined oil supply volume 

ℎ , plus the cumulative sum of refined oil 

transfer-out volume ℎ ′′ , minus the 

refined oil planned production volume ℎ . 

Eq.(3) represents the constraint for the transfer-in 

of conversion products in each scenario . The 

converted product supply volume , 

minus the cumulative sum of converted product 

transfer-in volume ′ ′′ , plus 

the converted product planned production volume 

ℎ . 

 

 

2.3.3. Transfer capacity constraint 
Eq.(6) ensures that the transportation volume 

 from a refinery or 

transit depot using transportation modes within 

unit time period is less than the maximum sending 

capacity  in scenario ℎ. 

There are constraints on the volume received 

by regular depots or transit depots via different 

transportation modes within unit time period 

(Zhang et al. 2025). Eq.(4) ensures that the sum 

of the received volume  

from refineries and transit depots and the in-

transit transportation volume 

 at the planning 

cutoff is less than the depot’s maximum receiving 

capacity  in scenario ℎ. 

 

2.3.4. Depot capacity constraint 
Eq.(5) ensures that the demand volume ℎ  

at these depots is equal to the demand sampling 

volume ℎ  in scenario ℎ. Furthermore, the 

refined oil inventory volume ℎ  at these 

depots does not exceed the maximum inventory 

volume  and is not less than the minimum 

inventory volume  in scenario ℎ. 

 

2.3.5. Material balance constraint 
At the initial time, the inventory volume of each 

refinery  is equal to its initial inventory 

volume . The inventory volume ℎ  

at time period , equals the inventory volume 

ℎ at time point  , plus the supply volume 

ℎ  at time period  , minus the 

transportation volume  

at time period . 

 

At the initial time, the average inventory 

volume of each depot  is equal to the 

depot’s initial inventory volume . At time 

period , the average inventory volume 

 equals the sum of the average 

inventory volume ℎ , the average stockout 

volume ℎ , the receiving volume 

ℎ ′′ , and in-transit 

transportation volume 

ℎ ′′′′ , minus sending 

volume  and the 

average demand volume ℎ  at time period 

. 
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2.4. Scenario generation and reduction model 
2.4.1. Scenario generation model 
Based on the supply and demand fluctuation 

intervals obtained from a prediction algorithm, 

Eq.(14)~(17) assume that the planned supply, 

denoted as the random variable , follows 

a distribution centered around the daily planned 

supply  with a fluctuation interval of . 

Similarly, planned demand  fluctuates 

within  around the baseline  (Ryou, et 

al. 2026). 

 

 

2.4.2. Scenario reduction model 
K-means clustering is employed to select a set of 

representative scenarios from the large-scale 

scenario optimization results. After the 

optimization model is solved for all generated 

scenarios h, the evaluation results for various 

metrics are obtained for each scenario. We let  

denote the value of evaluation metric j for 

scenario h. Let  denote the set 

of all indicators, indexed by . 

 

To eliminate the influence of different units 

and magnitudes across the various metrics, Z-

score standardization is applied to construct a 

standardized vector . In this equation, and 

represent the mean and standard deviation, 

respectively, of evaluation metric j across all 

scenarios. 

Based on the similarity of these standardized 

metrics, the algorithm partitions the scenario set S 

into C distinct clusters, such that . 

From each cluster, a typical and an extreme 

scenario are selected. The typical scenario is 

the one that minimizes the sum of squared 

distances to the cluster’s centroid for all 

evaluation metrics j. Conversely, the extreme 

scenario as the one that maximizes this sum 

of squared distances. Here, denotes the 

centroid of metric j for cluster c. 

2.5. Indicator construction 
Beyond basic physical routing, the fundamental 

objective of the integrated network is to 

proactively mitigate stochastic supply-demand 

disruption risks and guarantee operational safety 

alongside continuous service reliability. 

Consequently, multi-dimensional evaluation 

indicators are required to rigorously evaluate 

system vulnerabilities. This paper proposes three 

core reliability and fault-tolerance indicators: 

magnitude of supply failure average failure 

duration, and service reliability level. Economic 

evaluation indicators are used to quantify costs 

including conversion, transportation, storage, and 

penalty. 

2.5.1. Supply failure magnitude (SFM) 
This vulnerability indicator quantifies the 

absolute structural magnitude of unmet demand. 

 

 

2.5.2. Average failure duration (AFD) 
This temporal risk indicator measures the 

recovery latency and the overall operational 

downtime of the degraded system following a 

disruption.  

 

 

 

2.5.3. Service reliability level (SRL) 
This critical metric measures the operational 

integrity of the system, verifying the extent to 

which the optimization framework has 
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successfully achieved fault-tolerant matching 

under severe environmental stress. 

 

3. Case study 
This paper takes the integrated comprehensive 

logistics system of a petrochemical enterprise in 

China as a case for study. The case involves 20 

materials (O01-O20), among which 15 materials 

are traditional refined oils, covering different 

types of diesel (O01-O07) and different types of 

gasoline (O08-O15), and 5 materials are chemical 

and clean energy converted products, including 

ethylene glycol (O16), methanol (O17), grey 

hydrogen (O18), blue hydrogen (O19), and liquid 

ammonia (O20). Figure 3(a) shows the 

distribution locations of 16 supply nodes (S1-

S16), and Figure 3(b) shows the distribution 

locations of 11 transit nodes (T1-T11) and 80 

demand nodes (D1-D80). Each supply node has 

refined oil supply capability and conversion 

capability. Demand nodes are divided into refined 

oil demand nodes and refined oil and converted 

product demand nodes. The monthly supply and 

demand in each region are indicated by colour 

shading, and the geographical mismatch between 

supply and demand of various products requires 

the use of 3 transportation modes for resource 

allocation. 

 
Fig. 3. Schematic diagram of the system node 

distribution.  
Table 1 summarizes the material conversion 

ratios based on the element conservation method 

(Tong et al. 2013), taking converting O01 into 

O16 as an example, where consuming 1 ton of 

O01 gets 0.49 tons of O16. Table 2 summarizes 

the unit transportation costs of four transportation 

modes. Considering policy subsidies, equipment 

depreciation, actual operation, etc., it is assumed 

that the unit conversion cost is 2100 CNY/t, the 

warehouse unit inventory cost is 10 CNY/t, and 

the unit penalty cost t is 1 105 CNY/t. 
Table 1. Conversion ratios among various materials. 

Transfer-in 

material 

Transfer-out 

materials 

Rati

o 

O01-O07 

O16 0.49 

O17 2.29 

O18 0.2 

O19 0.2 

O20 1.13 

O08-O15 

O16 0.73 

O17 2.27 

O18 0.2 

O19 0.2 

O20 1.13 

Table 2. Transportation cost of different transportation 

modes. 

Mode Transportation cost (CNY/t-km) 

TRK 0.68 

PIP 0.15 

RAL 0.30 

4. Results and discussion 
4.1. Scenario reduction 
To ensure the optimization model can fully 

capture the uncertainty of the system, the number 

of scenarios needs to be determined. In the figure 

4 of the objective function value, when the 

scenario set reaches 830 scenarios, the objective 

function begins to show stability. Therefore, this 

study finally generated 830 scenarios and selected 

two typical and two extreme scenarios from them 

for detailed analysis later. Table 2 summarizes the 

four scenarios. Furthermore, this paper applies the 

traditional deterministic logistics model (TDLM) 

and the multi-stage optimization model (MAOM) 

to four scenarios. 

 
Fig. 4. Convergence curves of the model objective 

function with respect to the number of scenarios.

 
Table 2. Characteristics of operational risk and supply-

demand fluctuation scenarios. 
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Scenario Description 

Slight Fluctuation 

(SFS) 

Minor supply-demand 

adjustments 

Moderate Fluctuation 

(MFS) 

Recognizable deviations 

from the mean 

High Fluctuation 

(HFS) 

Substantial structural 

oscillations 

Extreme Fluctuation 

(EFS) 

Unpredictable surges or 

sharp drops 

4.2. Indicator analysis 
Figure 5 presents a comparative reliability 

analysis between the static model and the 

proposed multi-stage model across four 

fluctuation scenarios. As the severity of 

operational hazards intensifies from the slight 

fluctuation scenario to the extreme fluctuation 

scenario, the fault tolerance of the multi-stage 

model becomes increasingly pronounced. The 

service reliability level of the static model 

demonstrates significant vulnerability to 

increasing volatility, deteriorating from 95.96% 

down to 95.23%, which signifies a heightened 

risk of system-wide failure. In contrast, while the 

multi-stage model also experiences 

environmental stress, it maintains a robust and 

highly service reliability level between 97.10% 

and 97.93%. Under extreme fluctuation scenario, 

the multi-stage model achieves a service 

reliability level 1.88% higher than the static 

model, effectively preventing supply-chain 

breakdowns. From the perspective of the 

objective function, the static model maintains a 

deceptively low-cost baseline of approximately 

12.01×109 CNY by neglecting the safety margins. 

Conversely, the multi-stage model’s risk-

weighted expenditure increases alongside the 

hazard level, peaking at 13.01×109 CNY in the 

extreme fluctuation scenario. Although this 

represents a 9.15% increase in operational 

expenditure, this surplus is mathematically 

characterized as a “safety premium”, which 

serves as a necessary investment to reinforce the 

system’s structural reliability and proactively 

buffer against catastrophic uncertainty shocks. 

 
Fig. 5. Comparative analysis of service reliability level 

and objective function. 

Figure 6 illustrates a comparative supply 

failure magnitude and average failure duration 

under varying disruption intensities. For the static 

model, as the system hazard escalates from slight 

fluctuation scenario to extreme fluctuation 

scenario, the supply failure magnitude 

demonstrates an upward trend, peaking at 

46.29×104 t in the extreme fluctuation scenario. In 

contrast, the multi-stage model effectively 

constrains the supply failure magnitude to 

28.06×104 t, representing a substantial reduction 

of 18.13×104 t and a corresponding 39.25% 

decrease compared to the static model. Across all 

fluctuation scenarios, the average failure duration 

of the multi-stage model remains consistently 

lower than that of the static model. Specifically, 

under high fluctuation scenario, the multi-stage 

model successfully shortens the average failure 

duration from 4.94 days to 4.11 days, representing 

a 16.82% improvement in operational recovery 

speed. These results quantitatively demonstrate 

that the proposed framework serves as a robust 

fault-tolerant mechanism, enabling the integrated 

system to more rapidly mitigate operational 

failures and restore process safety following 

severe supply-demand shocks. 

 
Fig. 6. Comparative analysis of supply failure 

magnitude and average failure duration. 
5. Conclusions 
Driven by the systemic risks of the energy 

transition and stochastic supply-demand 

fluctuations, traditional static planning proves 

inadequate in mitigating operational 

vulnerabilities within integrated petrochemical 

logistics system. This study establishes a multi-

stage collaborative reliability optimization 

framework that serves as a mathematical tool to 

quantitatively evaluate operational reliability, risk 

mitigation and economics, across varying degrees 

of operational uncertainty. 

The research findings demonstrate that the 

proposed multi-stage model significantly 

outperforms static model in reliability indicators. 

Under the extreme fluctuation scenario, the 

supply failure magnitude is reduced by 18.13

104 tons, an improvement of 39.25%. Regarding 

g p y

pp y
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g g
the system’s operational recovery, the multi-stage 

model achieves a superior response speed. The 

average failure duration decreases from 4.94 days 

to 4.11 days in high fluctuation scenario, marking 

a 16.82% reduction in operational downtime. 

Furthermore, the service reliability level remains 

1.88% higher than that of the static model under 

extreme fluctuation scenario. From a risk 

mitigation perspective, while the multi-stage 

model necessitates a 9.15% increase in the 

objective function value, this expenditure is 

characterized as a necessary “safety premium”. 

This strategic investment successfully transforms 

volatile external hazards into manageable safety 

margins, thereby significantly enhancing the 

overall operational safety and structural reliability 

of the integrated petrochemical system. 
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Appendix A. Nomenclature 
Decision variables 
 Transportation volume of 

product   sent from node  

to node   by transportation 

mode   at time period   in 

scenario ,  

 In-transit transportation 

volume of product   sent 

from node   to node   by 

transportation mode  at time 

period  in scenario ,  

 Planned production volume 

of product  in node  at time 

period  in scenario ,  

 Planned production sampling 

volume of product   in node 

 at time period  in scenario 

,  

 Supply volume of product  

in node  at time period  in 

scenario ,  

 Transfer-out\ transfer-in 

volume of oil   to oil   in 

refinery   at time period   in 

scenario ,  

 Inventory volume of product 

 in node  at time point  in 

scenario ,  

 Stockout volume of product 

 in node  at time point  in 

scenario ,  

 Demand volume of product  

in node  at time period  in 

scenario ,  

 Demand sampling volume of 

product   in node   at time 

period  in scenario ,  
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