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a b s t r a c t

The global low-carbon transition is driving refining enterprises to shift from oil-dominant production 
toward diversified  production, requiring the collaborative allocation of refined  oil and new energy. 
However, logistics systems face significant challenges arising from nonlinear demand fluctuations and 
external disturbances, which traditional static approaches fail to address effectively. To this end, this 
study proposes a multi-party collaborative framework for multi-energy logistics systems. Specifically, a 
hybrid demand forecasting model integrating variational mode decomposition and bidirectional long 
short-term memory is developed to capture demand fluctuation  characteristics. Based on the fore
casting results, a multi-product, multi-modal rolling robust simulation model is constructed to 
dynamically balance economic benefits  and system resilience under uncertainty. The proposed 
framework is validated through a case study of a large Chinese petrochemical enterprise, and a multi- 
dimensional evaluation method incorporating resilience, economic, environmental and energy in
dicators is proposed. The results show that: (i) compared with the deterministic scheme, the proposed 
simulation scheme increases operating costs by 3.64% under high volatility scenarios, while improving 
service level by 3.18%, reducing average stockout duration by 29.5%, and decreasing stockout quantity by 
46.15%; (ii) the optimized energy product structure achieved by the model reduces carbon emissions by 
7.7% and increases calorific value by 7.6%; and (iii) the study reveals integrated refinery and new energy 
configurations  enabled by multi-party collaboration, providing quantitative support for enhancing 
system resilience. Based on these findings, policy implications are proposed to promote the develop
ment of energy logistics systems.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc- 

nd/4.0/).

1. Introduction

The global shift toward a low-carbon energy mix, coupled with 
stringent decarbonization mandates, is fundamentally reconfigur
ing the operational paradigms of the traditional petrochemical 
sector. In the past decade, the global annual demand for refined oil 
has fluctuated between 0.9 and 1.4 billion tons (Liu et al., 2025). 
With the deepening of industrialization and breakthroughs in new 

energy technology, according to the International Energy Agency 
(IEA), the demand for refined oil is projected to peak before 2030. 
Simultaneously, the demand for chemical feedstocks and new en
ergy shows a strong trend of continuous growth. By 2060, their 
aggregate demand is expected to increase to 13.8–20.8 billion tons 
of standard coal equivalents, accounting for 53%–71% of primary 
energy, replacing fossil energy as the main type of energy devel
opment (Popoola et al., 2026). Consequently, refining  enterprises 
are adopting energy transition strategies, with “oil to chemicals” 
being the most prevalent approach. This strategy facilitates the 
pivotal transition of traditional refining  capacity toward the pro
duction of high-value chemical feedstocks and emerging energy 
carriers (Akah et al., 2025). Leveraging the spatial compatibility 
between existing refined oil logistics and new energy logistics, the 
industry can directly utilize the surplus transportation capacity of 
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refined oil to transport new energy. This strategy effectively avoids 
the excessive operating costs of constructing new infrastructure 
while mitigating the risk of asset idleness (Fu et al., 2025). However, 
the realization of this multi-party collaboration faces multifaceted 
challenges. Primarily, the collaboration necessitates a dynamic 
trade-off between the competing profitability of traditional refined 
oil and new energy. In addition, the inherent spatial mismatch be
tween supply and demand for new energy necessitates large-scale, 
long-distance transfers. This extensive logistical process inevitably 
introduces transport time lags. Consequently, these lags render the 
system highly susceptible to demand volatility and external shocks, 
such as geopolitical conflicts  (Zhang et al., 2025a). The inherent 
non-linearity of these fluctuations  makes precise forecasting 
exceptionally difficult,  thereby hampering proactive resource allo
cation. Despite these critical challenges, current research remains 
confined to independent, single-energy simulations, leaving a gap in 
multi-party collaborative operations that effectively balance eco
nomic benefits and system resilience.

Based on the above background, this study is motivated by 
three critical challenges:

(1) Difficulty in characterizing uncertainty boundaries for 
resilience: The demand for refined oil and new energy ex
hibits high nonlinear fluctuations driven by multiple factors. 
Current methodologies struggle to precisely quantify these 
uncertainty boundaries, leading to operational plans that 
frequently deviate from real-world conditions. Such 
misalignment results in either inventory surpluses or supply 
deficits, thereby undermining overall system resilience.

(2) Lack of simulation models for balancing resilience and 
economy: A complex dynamic trade-off exists between 
economic benefits and system resilience. Existing research 
lacks an adaptive collaboration approach to re-optimize 
operational plans in response to demand shifts. Conse
quently, decision-makers lack the tools to identify optimal 
strategies that harmonize cost-effectiveness with multi- 
party coordination.

(3) Absence of quantitative metrics for multi-party collabo
rative resilience: Multi-party collaboration involves con
flicting  goals and competing interests. However, a multi- 
dimensional evaluation method to quantitatively assess 
collaborative performance is still missing. This void pre
cludes a scientific  evaluation of whether an operational 
scheme achieves the necessary equilibrium between eco
nomic benefits and system resilience.

The contributions of this work are summarized as follows:

(1) A multi-party collaborative framework is proposed to 
govern multi-energy logistics resilience. By mapping de
mand uncertainty to parameter sets, it provides a structured 
approach to validate system effectiveness across diverse 
stochastic scenarios.

(2) A rolling robust simulation model is developed, coupling 
rolling horizon strategy with robust optimization. This 
approach synchronizes production and allocation, gener
ating operation schemes that inherently buffer against de
mand uncertainty.

(3) The strategic coordination between refining and logistics 
stakeholders is quantified.  Through a multi-dimensional 
evaluation method, the study provides empirical evidence 
of the synergy gains in resilience, as well as economic, 
environmental, and energy performance.

(4) This work reveals strategic policy implications for the en
ergy transition. It offers a rigorous basis for calibrating the 
trade-off between economic premiums and the necessity of 
resilience buffers, guiding decision-makers toward adaptive 
energy shifts.

The remainder of this paper is structured as follows. Section 2
provides a comprehensive review of the technologies pertinent to 
resilience enhancement in logistics systems. Building upon this, 
Section 3 characterizes the research problem and delineates the 
integrated conceptual framework. Section 4 details the core 
mathematical formulations, comprising the hybrid demand fore
casting model, rolling robust simulation model, and evaluation 
method. Section 5 then implements a real-world case study, fol
lowed by Section 6, which presents the simulation results and 
analyses to validate the model's efficacy, explores critical trade- 
offs, and derives targeted policy implications for enhancing sys
tem resilience. Finally, Section 7 concludes the paper by synthe
sizing the key findings and suggesting directions for future inquiry.

2. Literature review

2.1. Time-series prediction algorithm

To achieve the multi-party collaboration, accurate demand 
forecasting acts as the cornerstone for decision-making. Early 
research primarily relied on statistical methodologies such as the 
autoregressive integrated moving average model and its variants 
(Pasari and Shah, 2020). Characterized by structural simplicity and 
strong statistical interpretability, these models have been widely 
applied to relatively stable energy consumption forecasting. 
However, they typically rely on the assumption that time series are 
linear or can be rendered stationary via differencing (Kontopoulou 
et al., 2023). Consequently, they struggle to capture abrupt struc
tural changes and complex non-linear dynamics, which leads to a 
substantial degradation in predictive accuracy under highly vola
tile market conditions. With the advancement of artificial intelli
gence, machine learning approaches represented by support 
vector regression (SVR) and artificial neural networks have grad
ually superseded traditional statistical models. Notably, recurrent 
neural networks and their advanced variant, long short-term 
memory (LSTM) networks, have demonstrated superior perfor
mance in processing time series data due to unique gating 
mechanisms that effectively address long-term dependencies. 
Meng et al. (2022a, 2022b) developed a highly accurate SVR- 
Markov Chain hybrid model for forecasting China's total energy 
consumption and structural evolution, significantly outperforming 
traditional methods and prior studies, providing a scientific basis 
for the 14th Five-Year Plan. Muzaffar et al. (2019) trained an LSTM 
network on electrical load data incorporating exogenous variables 
to perform multi-horizon forecasting. Despite these advantages, 
single deep learning models applied directly to raw high-noise 
data often fail to distinguish between underlying structural 
trends and stochastic noise. This limitation frequently results in 
overfitting  or convergence to local optima, thereby constraining 
forecasting robustness. To address these challenges, the “decom
position-ensemble” strategy has emerged as a prominent research 
focus. The core premise of this strategy involves utilizing signal 
decomposition techniques to break down complex raw series into 
multiple sub-sequences characterized by singular frequencies and 
distinct features which are then individually forecasted and 
aggregated. Specifically, variational mode decomposition formu
lates the decomposition process as a non-recursive variational 
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optimization problem (Dragomiretskiy and Zosso, 2013). This 
approach enables adaptive and effective signal separation while 
significantly mitigating mode mixing, thereby demonstrating su
perior noise immunity and decomposition precision.

2.2. Dynamic optimization and rolling horizon strategies

While accurate prediction provides the data foundation, the 
realization of multi-party collaboration requires dynamic adapt
ability in execution strategies. Traditional logistics simulation 
models are mostly deterministic models, meaning that a deter
mined optimal plan is formulated for the entire cycle at the 
beginning of the planning period. Although these models are easy 
to solve, their applicability in the background of energy transition 
is poor. They assume that throughout the planning period, both the 
production plan on the refinery side and the transportation plan 
on the transport side are certain, which is seriously inconsistent 
with reality (Xiong et al., 2025). In actual operation, once facing 
sudden external disturbances, a conversion scheme and trans
portation scheme that are seemingly optimal at the beginning of 
the month may become completely unenforceable by the middle 
of the month due to the impact of external uncontrollable factors. 
To overcome the problem of poor adaptability of static plans, the 
rolling horizon strategy has been widely introduced into dynamic 
optimization research (Homsi et al., 2024). Rolling horizon de
composes the entire long planning period into a series of linked 
short periods. At each decision point, the model re-optimizes 
based on the latest information currently mastered, and then as 
time goes on, constantly updates the optimization interval and 
repeats this optimization process. Li et al. (2023) aimed at the 
coupling problem of chemical production and supply chain, pro
posed a multi-horizon optimization framework combining 
parameter prediction, and realized real-time operation response 
under supply chain fluctuations.  Fattahi and Govindan (2020)
developed a data-driven rolling horizon method to design a 
resilience distribution network under disruption risks, verifying 
the effectiveness of this strategy in supply chain dynamic recon
figuration. These studies fully prove the universality and superi
ority of the rolling horizon strategy as a dynamic optimization 
strategy in dynamically correcting various operating parameters of 
the system. However, when applying the rolling horizon strategy, 
existing studies often limit their optimization focus to the imme
diate response of a single logistics system, ignoring the complex 
dynamic trade-off between economic benefits  and system resil
ience in the uncertain environment of energy transition.

2.3. Uncertainty programming and robust optimization

In the problem of multi-party collaboration optimization of 
multimedium petrochemical integrated logistics system under the 
background of energy transition, uncertain factors mainly come 
from the shrinkage of refined oil demand after peaking (Qiu et al., 
2022), the nonlinear growth of converted product demand, and 
sudden disturbances from the external environment (Li et al., 
2026). How to effectively deal with these uncertainties is the 
core difficulty of decision optimization. Compared with stochastic 
programming's strong dependence on probability distribution, 
robust optimization provides a more robust modeling paradigm. It 
does not need to know the exact probability density function of 
uncertain parameters, but instead finds the optimal solution that 
is still feasible under all possible worst-case scenarios within the 
set by constructing an uncertainty set (Huang and Wan, 2026). In 
numerous application studies, robust optimization has been 
proven to effectively improve the resilience of energy systems. For 
example, Selerio et al. (2022) developed a robust mixed-integer 

linear programming model to configure  a multi-generation pro
duction system, effectively dealing with the uncertainty caused by 
supply chain disruptions and price fluctuations, ensuring system 
robustness under different emission policies. To address the multi- 
dimensional uncertainty in energy networks, Bai et al. (2025)
proposed a quantum-inspired robust optimization method, suc
cessfully coordinating the scheduling problem where renewable 
energy generation and load demand fluctuate simultaneously. In 
addition, in the field  of downstream supply chain, Awan et al. 
(2025) simulated disruption scenarios and verified  the signifi
cant effect of robust optimization strategies in improving the 
resilience of downstream oil supply chains and minimizing costs. 
However, existing studies often focus on worst-case scenario 
protection in a single link when dealing with uncertainty chal
lenges, while ignoring how to dynamically balance the uncertainty 
caused by refinery transformation and the cost premium caused 
by excessive conservatism of robust control in the long-period 
rolling decision process.

2.4. Summary and research gaps

Despite the significant advancements in the above-mentioned 
fields, several critical research gaps remain to be addressed:

(1) While the decomposition-ensemble strategy has improved 
forecasting accuracy, existing literature often treats demand 
prediction and logistics optimization as decoupled pro
cesses. There is a lack of approaches to effectively translate 
forecasting uncertainty intervals into actionable logistics 
decision boundaries.

(2) Most rolling horizon applications focus on single-energy 
systems. There is a lack of research that integrates the re
finery conversion side with the multi-modal transportation 
side under a unified collaborative framework to address the 
dual-uncertainty of refined oil demand shrinkage and new 
energy growth.

(3) Current robust optimization models often prioritize worst- 
case protection, leading to excessive conservatism and high- 
cost premiums. A dynamic logic that balances economic 
performance with the strategic necessity of a resilience 
buffer has yet to be fully established.

Consequently, there is an urgent need for a rolling robust 
simulation approach that can bridge these gaps by synchronizing 
multi-party collaboration with resilience enhancement.

3. Methodology

3.1. Problem description

The global energy landscape is in a period of profound structural 
transition, marking a leap from traditional fossil fuel dominance to a 
new energy system, urgently requiring the construction of a multi- 
energy logistics system. As shown in Fig. 1, this logistics system 
covers four core sides: the refinery side, the depot side, the trans
portation side, and the customer side. Both refineries and oil depots 
are equipped with storage facilities to serve as essential logistical 
buffers. The sides are tightly coupled through four transportation 
modes: pipeline, waterway, railway, and highway, constructing a 
complex logistics network to ensure efficient  material trans
portation between different nodes (Qiu et al., 2024a). As the supply 
node of the system, the refinery side has the functions of refined oil 
supply and material conversion, enabling the shift in production 
structure from refined  oil to various converted energy products 
through different process routes. Specifically, the crude oil 
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processing flow  can be divided into three conversion paths. The 
light components are mainly used to produce gasoline, or are con
verted into intermediates like ethylene and propylene through 
cracking and reforming processes, and then synthesized into 
ethylene glycol. The medium components yield diesel and kerosene 
while enabling the production of lubricating base oils through hy
drocracking (Ge et al., 2023). The heavy components, in addition to 
producing heavy fuel oil and asphalt, undergo deep conversion via 
gasification  or coking to generate methanol, liquid ammonia (Tu 
et al., 2024), and clean energy carriers such as grey and blue 
hydrogen. Furthermore, the system is continuously exposed to un
certain external environmental disturbances during operation, 
resulting in varying degrees of demand fluctuation at the customer 
end, which rapidly propagates to the production end via inter
connected nodes (Shi et al., 2025). When market demand surges, 
the inventory volume at the depot side drops rapidly, necessitating 
an adjustment in the product conversion ratio at the refinery side to 
prioritize the supply of high-demand products. Conversely, a drop in 
demand leads to inventory accumulation, prompting a strategic 
shift in the product conversion ratio to minimize holding costs. 
Therefore, under demand uncertainty and capacity constraints, lo
gistics system resilience depends on the ability to formulate effi
cient dynamic strategies.

3.2. Multi-party collaborative framework

Fig. 2 shows the multi-party collaborative framework for multi- 
energy logistics systems. The framework consists of three core 
modules: uncertainty quantification, rolling robust simulation, and 
R&3E (Resilience, Economy, Environment and Energy) evaluation 
and decision analysis. These modules interact closely to form a 
continuous data and decision-making loop. First, the uncertainty 
quantification  module establishes the analytical foundation. For 
traditional refined oil, which possesses abundant historical data, the 
VMD-BiLSTM model is utilized to accurately capture their non- 
linear demand trends and calculate prediction error intervals. 

Conversely, for converted new energy products, which are currently 
in a rapid growth phase with limited historical data accumulation, 
their uncertainty boundaries are determined by establishing de
mand fluctuation ranges. This module generates diverse simulation 
scenarios with varying fluctuation amplitudes based on empirical 
data characteristics. Second, the rolling robust simulation module 
serves as the computational core. Receiving the aforementioned 
disturbance boundaries as inputs, this module integrates robust 
optimization theory with a rolling horizon strategy to dynamically 
generate logistics schemes. At the mathematical level, it employs an 
uncertainty budget to identify integrated logistics schemes capable 
of withstanding worst-case scenarios within the predefined 
parameter sets. At the strategic level, the rolling horizon strategy is 
used to solve the problem of long-period dynamic adjustment. As 
shown in Fig. 2, the planning cycle is decomposed into a series of 
sliding time windows (t, t + 1, …). At each decision moment, the 
model re-optimizes based on the latest system status and updated 
demand information, executes only the decision of the current 
window, and then the time window rolls forward and starts a new 
round of optimization. This iterative logic ensures that the gener
ated logistics scheme can be dynamically corrected and respond in 
real-time according to environmental changes. Finally, the R&3E 
evaluation and decision analysis module assesses the holistic per
formance of the proposed schemes. The logistics schemes generated 
by the simulation module are sequentially fed into this evaluation 
module. By establishing a multi-dimensional evaluation method 
covering resilience, economy, environment and energy, this module 
utilizes empirical data from a large petrochemical enterprise to 
conduct a quantitative comparative analysis. The results validate 
the framework's effectiveness in calibrating the trade-off between 
economic benefits and system resilience, providing rigorous deci
sion support for industrial practitioners. The evaluation outcomes 
act as a feedback mechanism. This mechanism dynamically quan
tifies the trade-offs between economic costs and system resilience. 
Based on these insights, decision-makers can adjust the uncertainty 
budget tolerance or alter the initial supply-demand configurations 
of the system.
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Fig. 1. Schematic diagram of multi-energy logistics systems.
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4. Mathematical model

Let T = {1;2; :::; tmax} denote the set of all time points, indexed 
by t. Let TL denote the set of all time periods, where a time period t 
is composed of the consecutive time points t and t+ 1. Let S = {1;
2; :::; smax} denote the set of all supply nodes, indexed by s. Let H =
{1;2; :::;hmax} denote the set of all transit nodes, indexed by h. Let 
D = {1;2; :::;dmax} denote the set of all demand nodes, indexed by 
d. Let N = {1;2; :::;nmax} denote the set of all nodes, indexed by n, 
where N = S ∪ H ∪ D. Let M = {1;2; :::;mmax} denote the set of all 
transportation modes, indexed by m. Let O = {1;2; :::; omax} denote 
the set of all refined oil, indexed by o. Let P = {1;2; :::; pmax} denote 
the set of all converted energy products, indexed by p. Let K = {1;
2; :::; kmax} denote the set of all refined oil and converted energy 
products, indexed by k, where K = O ∪ P.

4.1. VMD-BiLSTM

It should be noted that the forecasting module is introduced in 
this study not as the primary methodological contribution, but as a 
supporting component to provide reliable demand fluctuation 
estimates for the subsequent uncertainty quantification and roll
ing robust simulation.

4.1.1. VMD
In a multimedium petrochemical integrated logistics system, 

directly applying data-driven prediction models to raw demand 

series often leads to unstable learning performance and limited 
robustness. To mitigate these issues, VMD is adopted as a pre
processing technique to decompose depot demand time series into 
multiple subcomponents with improved stationarity and clearer 
temporal structures.

Let xt;n;k denote the observed demand of product k at node n 
and time point t in the energy logistics system. The objective of 
VMD is to decompose the original demand series xt;n;k into a finite 

set of J intrinsic mode functions (IMFs), denoted by 
{

uj
t;n;k

}J

j=1
, and 

a residual component rt;n;k, such that each IMF captures oscillatory 
demand behavior around a specific  center frequency. The 
decomposition satisfies the following reconstruction relationship: 

xt;n;k =
∑J

j=1

uj
t;n;k + rt;n;k (1) 

Unlike recursive signal decomposition approaches, VMD for
mulates the demand decomposition process as a constrained 
variational optimization problem. Each IMF is assumed to be an 
amplitude-modulated and frequency-modulated signal with 
limited bandwidth, representing demand fluctuations at a specific 
temporal scale. The bandwidth of each component is quantified by 
the squared L2-norm of the gradient of its analytic signal after 
frequency shifting. The variational problem seeks to minimize the 
total bandwidth of all IMFs under the reconstruction constraint: 

Fig. 2. The multi-party collaborative framework for multi-energy logistics systems.
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min
{uj};{ωj}

∑J

j=1

⃦
⃦
⃦∂t

[(
δ(t) +

a
πt

)
*uj

t;n;k

]
e− aωj t

⃦
⃦
⃦

2

2

s:t:
∑J

j=1

uj
t;n;k = xt;n;k

(2) 

where ωj represents the center frequency of the k-th IMF, δ(t) is the 
Dirac delta function, and * denotes the convolution operator. By 
introducing a quadratic penalty factor and a Lagrange multiplier, 
the constrained optimization problem is transformed into an un
constrained form and solved iteratively using the alternating di
rection method of multipliers. This formulation enables stable 
convergence and effectively mitigates the mode-mixing problem 
that often arises in traditional decomposition methods.

From the perspective of logistics systems, the IMFs extracted by 
VMD correspond to demand fluctuations  at different temporal 
scales. High-frequency components typically reflect short-term 
disturbances such as abrupt demand changes and rapid in
ventory adjustments, whereas low-frequency components capture 
long-term structural trends associated with seasonal demand 
patterns, production planning cycles, and energy transition dy
namics. The residual term rt;n;k represents the remaining slowly 
varying trend that cannot be adequately described by the finite set 
of IMFs.

After decomposition, each component uj
t;n;k exhibits reduced 

non-stationarity and lower structural complexity compared with 
the original series xt;n;k. This property significantly facilitates the 
learning process of subsequent prediction models and enhances 
forecasting robustness under uncertain operating conditions. 
Accordingly, all IMFs and the residual component are retained and 
separately used as inputs to the BiLSTM basic prediction model, 
forming the basis for accurate demand forecasting in the energy 
logistics system.

4.1.2. BiLSTM
After the VMD model, the oil depot demand series in energy 

logistics systems is represented by a set of intrinsic mode func
tions (IMFs) and a residual component, each exhibiting reduced 
non-stationarity and clearer temporal characteristics (Li et al., 
2025). To capture the nonlinear temporal dependencies 
embedded in these decomposed demand components, a bidirec
tional long short-term memory network is employed as the pre

diction model. Let uj
t;n;k denote the k-th decomposed demand 

component of product k at oil depot n and time point t. In the 
forward direction, the LSTM updates its internal state sequentially 
according to the standard gating mechanism, where the forget 
gate, input gate, and output gate are given by: 

ft = σ
(

Wf ht− 1+Uf uj
t;n;k + bf

)
(3) 

nt = σ
(

Wnht− 1+Unuj
t;n;k + bn

)
(4) 

and the candidate cell state is computed as: 

~ct = tanh
(

Wcht− 1+Ucuj
t;n;k+ bc

)
(5) 

The cell state is then updated by: 

ct = ft ⊙ ct− 1 + nt ⊙ ~ct (6) 

while the output gate and hidden state are obtained as: 

yt = σ
(

Wyht− 1+Uyuj
t;n;k + by

)
(7) 

hj
t;n;k

̅̅̅→
= yt ⊙ tanh(ct) (8) 

where σ( ⋅) denotes the sigmoid activation function and ⊙ repre
sents element-wise multiplication. In parallel, a backward LSTM 
processes the same input sequence in reverse temporal order, 

yielding the backward hidden state hj
t;n;k

←̅̅̅
. The forward and back

ward hidden states are concatenated to form the bidirectional 
representation. 

hj
t;n;k=

[

hj
t;n;k

̅̅̅→
+ hj

t;n;k

←̅̅̅]

(9) 

which is subsequently mapped through a fully connected output 
layer to obtain the predicted value of the decomposed demand 
component, expressed as: 

ûj
t;n;k=Whhj

t;n;k + bh (10) 

This prediction procedure is applied independently to all IMFs 
and the residual component, and the final  point forecast of oil 
depot demand is reconstructed by linear superposition as: 

x̂t;n;k =
∑J

j=1

ûj
t;n;k + rt;n;k (11) 

By jointly exploiting forward and backward temporal de
pendencies, the BiLSTM model provides an effective data-driven 
approach for modeling oil depot demand dynamics within en
ergy logistics systems.

4.1.3. Data normalization and evaluation metrics
Data normalization is a critical preprocessing step for demand 

forecasting in energy logistics systems, as it transforms input 
variables into a consistent numerical scale and alleviates the 
adverse effects caused by large magnitude differences among 
features. In practical oil depot operations, the outbound demand 
volumes of different oil products often exhibit substantial vari
ability across depots and time periods, which may lead to nu
merical instability during deep learning model training and hinder 
effective parameter optimization. Normalization helps stabilize 
the training process, accelerates convergence, and enhances the 
robustness and generalization capability of the prediction model. 
In this study, the Min–Max normalization method is adopted to 
rescale all input variables into the interval [0, 1], which is 
expressed as Eq. (12). 

X̂n=
Xn − Xmin

Xmax − Xmin
(12) 

where Xn denotes the original input value, X̂n represents the 
normalized value, and Xmin and Xmax correspond to the minimum 
and maximum values of the input dataset, respectively. After 
model prediction, the normalized outputs are transformed back to 
their original scale to enable direct comparison with observed 
demand values.

To quantitatively evaluate the forecasting performance of the 
proposed demand prediction model, several widely used evaluation 
metrics are employed. The root mean square error (RMSE), mean 
absolute error (MAE), and mean absolute percentage error (MAPE) 
are adopted to measure prediction accuracy from different per
spectives, where lower values indicate smaller deviations between 
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predicted and observed demand. Collectively, these metrics provide 
a comprehensive and reliable assessment of the accuracy and 
effectiveness of the proposed oil depot demand forecasting model.

4.2. Multi-product, multi-modal rolling robust simulation model

4.2.1. Objective function
The multi-product, multi-modal rolling robust simulation 

model aims to reduce the total cost of the four segments of 
transportation, conversion, storage and stockout in the multi- 
energy logistics system. Eq. (13) represents the objective func
tion FLG, which includes transportation cost FTC, conversion cost 
FCC, storage cost FSC, and stockout penalty cost FPC. FTC represents 
the cost of shipping refined oil from refineries to all depots and 
from transit depots to all depots. FCC represents the cost required 
to convert one product into another. FSC represents the cost 
required for holding refined oil and converted energy products at 
refineries,  transit depots, and regular depots. In addition, FPC 
represents the penalty for unmet demand at transit depots and 
regular depots. From the perspective of specific interest relation
ships among different stakeholders, this multi-party collaboration 
is mathematically formulated under a centralized optimization 
mechanism, which inherently constitutes a cooperative game 
theory framework. Unlike a non-cooperative game where indi
vidual entities greedily minimize their isolated costs (Fan et al., 
2024), the cooperative framework integrates all participants into 
a unified  global objective function (Eq. (13)). As indicated in 
comparative analyses of energy logistics (Tu et al., 2024), varia
tions toward non-cooperative relationships typically induce 
higher marginal friction costs and lower overall system resilience. 
Therefore, managing this network from a globally centralized 
perspective ensures that different nodes collaboratively share in
ventory buffers and material conversion capacities, overcoming 
individual barriers to achieve an optimal operational state for the 
entire multi-energy logistics system. 

min FLG = FTC + FCC + FSC + FPC (13) 

FTC=
∑

t∈TL

∑

n∈S

∑

nʹ∈H∪D

∑

m∈M

∑

k∈K

cqv
n;nʹ;m;kQV

t;n;nʹ;m;k

+
∑

t∈TL

∑

nʹ∈H

∑

nʹ́∈H∪D

∑

m∈M

∑

k∈K

cqv
nʹ;nʹ́ ;m;kQV

t;nʹ;nʹ́ ;m;k (14) 

FCC=
∑

t∈TL

∑

n∈S∪H

∑

k∈O

∑

kʹ∈P

cqc
n;k;kʹQ

C
t;n;k;kʹ (15) 

FSC =
∑

t∈T

∑

n∈S

∑

k∈K

cqu
n;kQU

t;n;k +
∑

t∈T

∑

nʹ∈H∪D

∑

k∈K

cqu
nʹ;kQU

t;nʹ;k (16) 

FPC =
∑

t∈T

∑

n∈H∪D

∑

k∈K

cqi
n;kQI

t;n;k (17) 

4.2.2. Model constraints

(1) Refinery capacity constraint

Eq. (18) ensures that the refined  oil and converted product 
planned production volume QX

t;n;k at these refineries is equal to the 

planned production sampling volume qx
t;n;k. Eq. (19) ensures that 

the refined oil and converted product inventory volume QU
t;n;k at 

these refineries does not exceed the maximum inventory volume 

qu;max
t;n;k and not is less than the minimum inventory volume qu;min

t;n;k . 

Eq. (20) ensures that the total inventory volume of refined oil and 
converted energy products at these refineries does not exceed the 
maximum collaborative capacity qcou;max

n;k . 

QX
t;n;k = qx

t;n;k ∀t∈ TL;n ∈ S; k ∈ K (18) 

qu;min
n;k ≤ QU

t;n;k ≤ qu;max
n;k ∀t ∈ T;n ∈ S; k ∈ K (19) 

∑

k∈K

QU
t;n;k ≤

∑

k∈K

qcou;max
n;k ∀t ∈ T;n ∈ S (20) 

(2) Refinery conversion constraint

Eq. (21) represents the constraint for the transfer-out of refined 
oil products. It ensures that the refined oil supply volume QR

t;n;k, 

together with the cumulative sum of refined oil transfer-out vol
ume 

∑

kʹ∈P
QC

t;n;k;kʹ , is less than or equal to the refined  oil planned 

production volume QX
t;n;k. Eq. (22) represents the constraint for the 

transfer-in of conversion products. It ensures that the converted 
product supply volume QR

t;n;k is less than or equal to the cumulative 

sum of converted product transfer-in volume 
∑

kʹ∈O
γn;kʹ;k⋅QC

t;n;kʹ;k and 

the converted product planned production volume QX
t;n;k. 

QR
t;n;k+

∑

kʹ∈P

QC
t;n;k;kʹ ≤QX

t;n;k ∀t∈ TL;n ∈ S; k ∈ O (21) 

QR
t;n;k≤

∑

kʹ∈O

γn;kʹ;k ⋅ QC
t;n;kʹ;k+QX

t;n;k ∀t∈ TL;n ∈ S; k ∈ P (22) 

(3) Sending synergistic capacity constraint

Eq. (23) ensures that the transportation volume 
∑

nʹ∈H∪D

∑

k∈K
QV

t;n;nʹ;m;k from a refinery  or transit depot using trans

portation modes within a unit time period is less than the maximum 
collaborative sending capacity qcovs;max

n;m . This constraint reflects the 
upper bound of loading and dispatching capability at transit depots 
and regular depots under multi-modal transportation. 
∑

nʹ∈H∪D

∑

k∈K

QV
t;n;nʹ;m;k ≤ qcovs;max

n;m ∀t∈ TL;n∈ S∪H;m∈M (23) 

(4) Receiving synergistic capacity constraint

There are constraints on the volume received by regular depots 
or transit depots via different transportation modes within a unit 
time period (Zhang et al., 2025b). Eq. (24) ensures that the sum of 
the received volume 

∑

nʹ∈S∪H

∑

k∈K
QV

t;nʹ;n;m;k from refineries and transit 

Y.-T. Liang, G.-T. Fu, H.-C. Li et al. Petroleum Science 23 (2026) 5836–5852

5842



depots, together with the in-transit transportation volume 
∑

nʹ́∈S∪H

∑

k∈K
QZ

t;nʹ́ ;n;m;k at the planning cutoff, is less than the depot's 

maximum collaborative receiving capacity qcovr;max
n;m . 

∑

nʹ∈S∪H

∑

k∈K

QV
t;nʹ;n;m;k +

∑

nʹ́∈S∪H

∑

k∈K

QZ
t;nʹ́ ;n;m;k ≤ qcovr;max

n;m 

∀t ∈ TL;n ∈ H ∪ D;m ∈ M (24) 

(5) Depot capacity constraint

Eq. (25) ensures that the refined oil inventory volume QU
t;n;k at 

these depots does not exceed the maximum inventory volume 

qu;max
n;k and is not less than the minimum inventory volume qu;min

n;k . 

This constraint is used to maintain the inventory level of each 
product within the allowable operating range. Eq. (26) ensures 
that the total inventory volume of refined oil and converted energy 
products at these depots does not exceed the maximum collabo
rative capacity qcou;max

n;k . This constraint reflects  the overall in

ventory limitation of the depot in collaborative logistics operation. 

qu;min
n;k ≤ QU

t;n;k ≤ qu;max
n;k ∀t ∈ T;n ∈ H ∪ D; k ∈ K (25) 

∑

k∈K

QU
t;n;k ≤

∑

k∈K

qcou;max
n;k ∀t ∈ T;n ∈ H ∪ D (26) 

(6) Material balance constraint

Eqs. (27)–(29) are the material balance constraints for refineries 
(Qiu et al., 2024b). At the initial time, the inventory volume of each 
refinery  QU

t=0;n;k is equal to its initial inventory volume. During 

each time period, the inventory volume QU
t+1;n;k is determined by 

the inventory volume QU
t;n;k at the previous time point, plus the 

supply volume QR
t;n;k, minus the product transfer-out volume for 

conversion 
∑

kʹ∈P
QC

t;n;k;kʹ , plus the converted product transfer-in vol

ume 
∑

kʹ∈O
γn;kʹ;k⋅QC

t;n;kʹ;k, and minus the transportation volume 

∑

nʹ∈H∪D

∑

m∈M
QV

t;n;nʹ;m;k. 

QU
t=0;n;k = qu;ini

n;k ∀n ∈ S; k ∈ K (27) 

QU
t+1;n;k = QU

t;n;k + QR
t;n;k −

∑

kʹ∈P

QC
t;n;k;kʹ +

∑

kʹ∈O

γn;kʹ;k⋅QC
t;n;kʹ;k 

−
∑

nʹ∈H∪D

∑

m∈M

QV
t;n;nʹ;m;k ∀t ∈ TL;n ∈ S; k ∈ K (28) 

QU
t=0;n;k = qu;ini

n;k ∀n ∈ H ∪ D; k ∈ K (29) 

(7) Robust material balance constraint

Eq. (30) represents the uncertainty expression of the demand 

variable ~Q
D
τ;n;k , which embeds random demand fluctuation into the 

rolling robust simulation model in the form of a nominal value 

Q
D
τ;n;k and a disturbance term ξt;n;k⋅Q̂

D
t;n;k. The range of values for 

the disturbance variable ξt;n;k is from 0 to 1. At the theoretical 

formulation level, this study adopts the widely recognized robust 
optimization framework proposed by Bertsimas and Sim (2004) to 
construct the uncertainty sets (Bertsimas and Sim, 2004). Eq. (31)
is the robust material balance constraint for transit depots and 
regular depots under demand uncertainty. During each time 
period, the cumulative available volume at the depot side must be 
no less than the cumulative uncertain demand. Specifically, the 
left-hand side represents the net material availability at the cur
rent time period. It is determined by the current inventory volume 
QU

τ;n;k , minus the inventory volume QU
τ+1;n;k at the next time point, 

plus the stockout volume Q I
τ;n;k in the current time period, plus the 

received transportation volume 
∑

nʹ∈S∪H

∑

m∈M
QV

τ;nʹ;n;m;k in the current 

time period, plus the in-transit transportation volume 
∑

nʹ́∈S∪H

∑

m∈M
QZ

τ;nʹ́ ;n;m;k in the current time period, minus the trans

portation volume 
∑

nʹ́ʹ∈H∪D

∑

m∈M
QV

τ;n;nʹ́ʹ;m;k in the current time period. 

The right-hand side represents the cumulative demand require
ment under the robust counterpart, which is composed of the 

nominal demand value 
∑t

τ=1
Q

D
τ;n;k and the robust protection terms. 

Specifically, the robust protection terms include the term associ
ated with the uncertainty budget Γn;k⋅πn;k, together with the 
auxiliary dual variables corresponding to the deviations of the 

uncertain demand 
∑t

τ=1
ρτ;n;k in each time period. Eqs. (32)–(34)

define the corresponding relationships for the dual variables πn;k 

and ρτ;n;k and their non-negativity constraints
The introduction of the uncertainty budget Γn;k implies the 

assumption that it is historically and spatially improbable for the 
worst-case extreme demand peaks to occur simultaneously across 
all consumer nodes at every time period. By restricting the total 
number of active worst-case deviations through Γn;k, the model 
effectively mimics the spatial-temporal correlation and stochastic 
nature of energy market disturbances, avoiding the physical 
impossibility of absolute global disruption. Because directly solving 
this infinite worst-case scenario maximization within a constraint is 
computationally intractable, strong duality theory of linear pro
gramming is explicitly applied to transform the structural formu
lation (Meng et al., 2022a, 2022b). By constructing the dual problem 
of the inner parameter maximization block, the intractable 
component is strictly converted into an equivalent minimization 
problem. During this transition, the dual variables πn;k and ρτ;n;k are 
introduced to replace the original disturbance variables. Specifically, 
πn;k acts as the dual variable associated with the uncertainty budget 
limit, representing the marginal penalty of increasing the robust
ness level; conversely, ρτ;n;k corresponds to the individual upper 
bounds of each disturbance variable, absorbing the specific devia
tion peaks. 

~Q
D
t;n;k=Q

D
t;n;k + ξt;n;k⋅Q̂

D
t;n;k ∀t ∈ T;n ∈ D; k ∈ K (30) 

∑t

τ=1

(

QU
τ;n;k − QU

τ+1;n;k+QI
τ;n;k+

∑

n′ ∈S∪H

∑

m∈M

QV
τ;n′ ;n;m;k 

+
∑

n′′ ∈S∪H

∑

m∈M

QZ
τ;n′′ ;n;m;k −

∑

n′′′ ∈H∪D

∑

m∈M

QV
τ;n;n′′′ ;m;k

)

≥
∑t

τ=1

Q
D
τ;n;k+Γn;k⋅πn;k+

∑t

τ=1

ρτ;n;k∀t∈T;n∈D;k∈K (31) 
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πn;k+ ρτ;n;k ≥ Q̂
D
τ;n;k ∀τ ∈ {1;2; :::; t};n ∈ D; k ∈ K (32) 

πn;k≥0 ∀n ∈ D; k ∈ K (33) 

ρτ;n;k≥0 ∀τ ∈ {1;2; :::; t};n ∈ D; k ∈ K (34) 

4.3. Multi-dimensional evaluation method

The goal of multi-energy logistics systems is not only to com
plete the physical transportation of refined oil and converted en
ergy products, but more importantly, to ensure the continuous 
service of downstream refined oil and converted energy products 
to the consumer market, to mitigate uncertainty from the demand 
side. Therefore, evaluating this logistics system requires a multi- 
dimensional evaluation method, covering four dimensions: resil
ience, economy, environment and energy. Resilience evaluation 
indicators include average stockout duration, stockout quantity, 
and service level. The economic evaluation indicator is operation 
cost. The environmental evaluation indicator is carbon emission. 
The energy consumption evaluation indicator is calorific value.

(1) Average stockout duration

The average stockout duration evaluation (RAS) indicator aims 
to measure the average stockout duration of the system by 
calculating the arithmetic mean of the stockout days of each oil 
depot in the logistics system within the planning cycle, thereby 
evaluating the overall degree of impact on that system when facing 
supply interruptions. 

RRS
t;n;k=

⎧
⎪⎨

⎪⎩

1; if

(
∑

nʹ∈S∪H

∑

m∈M

QV
t;nʹ;n;m;k + QU

t;n;k −
~Q

D
t;n;k

)

< 0

0; otherwise
(35) 

RAS=

∑

t∈TL

∑

n∈H∪D

∑

k∈K
RRS

t;n;k

K
(36) 

(2) Stockout quantity

The stockout quantity evaluation indicator (RSQ) is used to 
quantify the scale of total demand that failed to be met within the 
planning cycle. When the available quantity of a certain demand 
node (composed of planned receiving quantity and existing in
ventory quantity) is lower than its actual demand quantity, it is 
determined that a stockout occurs. This indicator intuitively re
flects the degree of shortage of refined oil and converted energy 
products by accumulating the stockout quantity. 

RSQ =
∑

t∈TL

∑

n∈H∪D

∑

k∈K

max

{

0; ~Q
D
t;n;k −

(
∑

nʹ∈S∪H

∑

m∈M

QV
t;nʹ;n;m;k+QU

t;n;k

)}

(37) 

(3) Service level

The service level evaluation indicator (RSL) is defined  as the 
proportion of the satisfied demand to the total demand (i.e., the 

net value after utilizing total demand volume minus stockout 
quantity, divided by total demand volume), which is used to 
measure the extent to which the system successfully achieves 
supply–demand matching. 

RSL=

∑

t∈TL

∑

n∈H∪D

∑

k∈K

⎛

⎜
⎝

~Q
D
t;n;k − max

{

0;~Q
D
t;n;k −

(
∑

ń ∈S∪H

∑

m∈M

QV
t;nʹ;n;m;k+QU

t;n;k

)}

~Q
D
t;n;k

⎞

⎟
⎠

K
(38) 

(4) Operation cost

The operation cost evaluation indicator (EOC) quantifies  the 
total cost of the entire system within the planning cycle. This in
dicator is composed of three main parts: transportation cost, 
conversion cost, and storage cost. Transportation cost is the 
transport expense of various materials using different transport 
modes, conversion cost is the expense of converting refined  oil 
into converted energy products, and storage cost is the holding 
expense of each node. 

EOC =
∑

t∈TL

∑

n∈S

∑

nʹ∈H∪D

∑

m∈M

∑

k∈K

cqv
n;nʹ;m;kQV

t;n;nʹ;m;k 

+
∑

t∈TL

∑

nʹ∈H

∑

nʹ́∈H∪D

∑

m∈M

∑

k∈K
cqv

nʹ;nʹ́ ;m;kQV
t;nʹ;nʹ́ ;m;k

+
∑

t∈TL

∑

n∈S∪H

∑

k∈O

∑

kʹ∈P

cqc
n;k;kʹQ

C
t;n;k;kʹ +

∑

t∈T

∑

n∈S

∑

k∈K

cqu
n;kQU

t;n;k 

+
∑

t∈T

∑

nʹ∈H∪D

∑

k∈K

cqu
nʹ;kQU

t;nʹ;k (39) 

(5) Carbon emission

The carbon emission evaluation indicator (ECE) measures the 
potential carbon emissions avoided by the system through con
version strategies within the planning cycle. Specifically, since a 
portion of refined  oil is transferred out for chemical production 
through conversion operations instead of being directly consumed 
as fuel, this indicator quantifies  the total consumer-side carbon 
emissions that would have originally been produced if this refined 
oil were burned as fuel. 

ECE = −
∑

t∈TL

∑

n∈S∪H

∑

k∈O

∑

kʹ∈P

ecarb
n;k ⋅QC

t;n;k;kʹ (40) 

(6) Calorific value

The calorific value evaluation indicator (ECV) is used to eval
uate the calorific value capability of chemical products obtained by 
the system through material conversion strategies within the 
planning cycle. Specifically, this indicator quantifies  the total 
calorific  value contained in the newly added chemical products 
transferred in through conversion operations, intuitively reflecting 
the increment in the system's chemical energy reserves. 

ECV =
∑

t∈TL

∑

n∈S∪H

∑

k∈O

∑

kʹ∈P

ecalo
n;kʹ ⋅ γn;k;kʹ⋅QC

t;n;k;kʹ (41) 
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5. Case study

This paper takes the multi-energy logistics system of a large 
petrochemical enterprise in China as a case study. This case in
volves 20 distinct materials (O01–O20), comprising 15 refined oil 
products (diesel and gasoline) and 5 converted energy products, 
namely ethylene glycol, methanol, liquid ammonia, grey hydrogen 
and blue hydrogen. Fig. 3(a) shows the distribution locations of 16 
supply nodes (S1–S16), and Fig. 3(b) shows the distribution loca
tions of 11 transit nodes (T1–T11) and 80 demand nodes (D1–D80). 
Each supply node possesses supply and conversion functions. The 
demand nodes are divided into refined oil demand nodes and in
tegrated demand nodes (consuming both refined oil and converted 
energy products). The spatial geographic distances between 
different nodes are logically determined based on actual route 
extraction from the Google Maps platform. Moreover, critical 
empirical parameters, including transportation route information, 
initial inventory volumes, target inventory volumes, supply and 
demand situation, are sourced directly from the petrochemical 
enterprise's logistics management system. In contrast, since con
verted energy products are still in the early stages of rapid market 
penetration with insufficient  longitudinal data to train deep 
learning models, their nominal demands and fluctuation bound
aries in this study are mapped based on the annual reports of the 
same enterprise, properly adjusted by the actual new energy 
development plans of different provinces. The monthly supply and 
demand situation in each region is represented by color depth, and 
addressing the mismatch of supply and demand of various prod
ucts in geographical space needs to use 4 transportation modes 
(TRK, SHP, PIP, RAL) for resource deployment.

Table 1 summarizes the unit transportation costs of the four 
transportation modes, all preserving the average standard freight 
rates within the research area. Considering policy subsidies, 
equipment depreciation, actual operation, and other factors, it is 

assumed that the unit conversion cost is 1050 CNY/t, and the unit 
inventory cost of the depot is 10 CNY/t (Cai et al., 2025). Table 2
summarizes the material conversion ratios based on the element 
conservation method, without considering process losses, 
and relying solely on average carbon content to calculate the 
theoretical maximum output value (Tong et al., 2013). Taking 
converting input O01 to output O16 as an example, consuming 1 
ton of O01 yields 0.49 tons of O16. Table 3 details the physico
chemical parameters of each material (Ma et al., 2022; Tu et al., 
2023). Taking material O01 as an example, its calorific  value is 
42.65 GJ/t. If consumed directly as fuel, the combustion of one ton 
of O01 would result in 3.17 t of CO2 emissions.

The proposed rolling robust simulation model is coded in Python 
and solved using Gurobi Optimizer (version 11.0.2). The computa
tion is executed on a computer equipped with a 13th Gen Intel Core 
i5-13600KF CPU (14 physical cores, 20 logical processors) and 
running the Windows 11 operating system. The constructed model 
possesses a massive scale, containing 432,997 variables (columns), 
394,665 constraints (rows), and 995,861 non-zero coefficients. 
Despite its massive scale, thanks to the deterministic linear refor
mulation, the solver effectively resolved the problem and achieved 
the optimal objective within 5 s.

6. Results and discussion

6.1. Prediction effect analysis

To provide a more robust and depot-independent evaluation of 
model performance, the prediction accuracy for the same oil 
product across the two depots is averaged corresponding to the 
92#, the 95#, and the diesel, as summarized in Tables 4–6. This 
aggregation strategy mitigates site-specific  fluctuations  and 
highlights the intrinsic predictive capability of each model.

Across all oil products, the proposed model consistently out
performs the benchmark methods in terms of RMSE, MAE, and 
MAPE. For the 92# case, the proposed approach achieves an average 
RMSE of 56.68 and MAE of 43.09, which are approximately 70% 
lower than those of traditional machine learning models such as 
Backpropagation Neural Network (BP), Support Vector Regression 
(SVR), Random Forest (RF), and XGBoost. In contrast, the ARIMA 

Fig. 3. Schematic diagram of the system node distribution.

Table 1 
Cost parameters of multi-modal transportation.

Mode TRK SHP PIP RAL

Transportation cost (CNY/ton-km) 0.68 0.17 0.15 0.30
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model exhibits severe performance degradation, reflected by 
extremely large error magnitudes, indicating its limited applica
bility in capturing the nonlinear and nonstationary demand dy
namics of refined  oil products. A similar performance pattern is 
observed for the 95# case. The proposed model reduces the average 
MAPE to 8.08%, whereas the compared methods generally exceed 
26%. This substantial improvement demonstrates the proposed 
framework's enhanced capability in handling high volatility and low 
base-demand scenarios, where conventional models tend to suffer 

from amplified  relative errors. For the diesel case, which exhibits 
stronger seasonality and more pronounced demand inertia, the 
proposed model still maintains a clear advantage, achieving an 
average RMSE of 88.53 and MAPE of 8.99%. In comparison, all 
benchmark models yield MAPE values around 30%, suggesting that 
they struggle to simultaneously capture long-term trends and 
short-term fluctuations in diesel consumption.

Overall, the averaged results across depots confirm  that the 
proposed model delivers stable and superior predictive perfor
mance across different oil products and demand characteristics. 
The consistent error reduction observed in all three cases indicates 
that the model's effectiveness is not confined to a specific depot or 
fuel type, thereby validating its robustness and generalization 
capability in multi-depot refined oil demand forecasting scenarios.

6.2. System resilience analysis

Fig. 4 shows the comparison results of the traditional static 
deterministic simulation model (TSDM) and the proposed multi- 
product, multi-modal rolling robust simulation model (RRSM) in 
terms of two resilience indicators, average stockout duration (RAS) 
and service level (RSL), under three different demand volatility 
scenarios. Under the low volatility scenario, the rolling model 
already shows better performance than the static model. The 

Table 2 
Conversion ratio parameters among different materials.

Transfer-in material Transfer-out materials Ratio Transfer-in material Transfer-out materials Ratio

O01–O07 O16 0.49 O08–O15 O16 0.73
O17 2.29 O17 2.27
O18 0.20 O18 0.20
O19 0.20 O19 0.20
O20 1.13 O20 1.13

Table 3 
Carbon emission factors and calorific values of different materials.

Material CO2 emission, t CO2/t Calorific value, GJ/t Material CO2 emission, t CO2/t Calorific value, GJ/t

O01 3.17 42.65 O11 3.08 43.30
O02 3.17 42.65 O12 2.93 42.00
O03 3.16 42.55 O13 2.93 42.00
O04 3.15 42.40 O14 2.95 42.20
O05 3.14 42.30 O15 3.10 43.50
O06 3.13 42.10 O16 0.00 19.10
O07 3.12 42.10 O17 1.37 19.90
O08 3.05 43.10 O18 0.00 120.00
O09 2.93 41.80 O19 0.00 120.00
O10 2.93 41.80 O20 0.00 18.60

Table 4 
Average prediction accuracy for the 92# case (two depots).

Model RMSE MAE MAPE

BP 192.303 137.337 18.438
SVR 204.481 152.405 20.191
ARIMA 2.998 × 106 2.059 × 106 175.756
RF 198.138 146.732 19.500
XGBoost 204.644 153.467 20.142
The proposed model 56.676 43.092 5.630

Table 5 
Average prediction accuracy for the 95# case (two depots).

Model RMSE MAE MAPE

BP 123.014 87.840 26.347
SVR 127.946 89.327 26.479
ARIMA 2.790 × 106 2.108 × 105 537.320
RF 130.112 91.606 27.894
XGBoost 129.323 92.295 28.012
The proposed model 38.810 28.883 8.083

Table 6 
Average prediction accuracy for the diesel case (two depots).

Model RMSE MAE MAPE

BP 278.993 214.001 29.879
SVR 282.924 215.256 30.533
ARIMA 289.371 220.450 30.819
RF 278.409 214.076 30.288
XGBoost 278.940 214.584 30.287
The proposed model 88.534 66.933 8.993
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service level of the rolling model reached 97.63%, which is higher 
than the static model's 95.49%. Meanwhile, the average stockout 
duration of the rolling model is controlled at 4.16 days, signifi
cantly better than the static model's 5.03 days. These results 
suggest that the integration of the rolling horizon strategy and 
robust optimization theory enhances system resilience even 
within a comparatively stable operating environment. As the de
mand fluctuation  intensifies  from a low volatility scenario to a 
high volatility scenario, the superiority of the rolling model be
comes more prominent. The service level of the static model 
shows a worsening trend as volatility increases, dropping from 
95.49% under low volatility to 91.48% under high volatility, a 
decrease of about 4.01%. In contrast, the service level of the rolling 
model remains at 94.66% in the high volatility scenario, with a 
decrease of only about 2.97%. Especially in high volatility sce
narios, the service level of the rolling model is 3.18% higher than 
that of the static model. Regarding the comparison of average 
stockout duration, the rolling model similarly demonstrates 
exceptional performance in accelerating recovery from stockout 
events. In all volatility scenarios, the average stockout duration of 
the rolling model is significantly lower than that of the traditional 
static model. In the high volatility scenario, the average stockout 
days for the static model are 4.30 days, while that of the rolling 
model is only 3.03 days, a reduction of about 1.27 days, a decrease 
of 29.5%.

To further analyze the feasibility of the operational schemes 
generated by the rolling model, Fig. 5 presents the daily shortage 
heatmaps for some demand nodes under the high volatility sce
nario. The rolling model effectively alters the spatiotemporal dis
tribution of shortages. Specifically, the total stockout quantity 
under the static model scheme amounts to 82.51 × 104 tons, 
whereas the rolling model scheme effectively mitigates this figure 
to 44.43 × 104 tons, representing a significant reduction of 46.15%. 
Regarding the specific distribution patterns, stockouts in the static 
model exhibit characteristics of high intensity and long duration. 
After sustaining demand shocks at the beginning of the month, 
several depots (e.g., D40, D10, D46) not only experienced signifi
cant initial shortages but also showed repeated deep-colored 
shortage blocks in the middle and late month. Taking depot D40 
as an example, under the static model scheme, it reached a peak 

shortage of 2.55 × 104 tons on the 18th, and still had a shortage of 
1.08 × 104 tons on the 20th. In contrast, shortages in the rolling 
model are characterized by low intensity and fast recovery. The 
color blocks of the rolling model are significantly lighter and more 
dispersed, no longer forming continuous areas as in the static 
model. Taking depot D40 again, on the 18th when the static model 
had severe shortages, the operating scheme generated by the 
rolling model reduced the shortage to only 3.7 tons. This proves 
that the rolling model can rectify logistics schemes in a timely 
manner through the rolling horizon strategy and robust optimi
zation theory, eliminating early shortage impacts and preventing 
further deterioration.

6.3. System economic analysis

Table 7 provides a detailed comparison of the various cost 
components between the static model and the rolling model under 
different volatility scenarios. Since the static model performs 
overall planning at the beginning of the month, its cost compo
nents remain unchanged in all scenarios, with a total cost of 
64.49 × 108 CNY. In contrast, the total cost of the rolling model 
gradually increases as the volatility rises. In the high volatility 
scenario, the robust rolling model's total cost reaches 66.84 × 108 

CNY, which is 3.64% higher than that of the static model. The 
rolling model copes with market fluctuations  by increasing up
stream material conversion inputs and holding more safety stock, 
which increases operating expenses but achieves higher system 
resilience. The Sankey diagram in Fig. 6 reveals the reasons for the 
cost differences from the perspectives of transport structure and 
resource flow. Leveraging an operational strategy of direct refinery 
dispatch coupled with material conversion, the system circum
vents total reliance on transit depot redistributions during short
ages. Instead, it utilizes the production capacity of adjacent 
refineries to synthesize required products for direct high-capacity 
delivery to demand nodes.

The traditional static model is frequently associated with 
excessive conservatism, typically resulting in unnecessarily high 
inventory holding costs to hedge against worst-case scenarios. 
However, the multi-party collaborative framework proposed in 
this study inherently mitigates this over-conservatism through the 
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rolling horizon strategy. By continuously updating the real-time 
system status and adjusting the uncertainty boundaries at each 
rolling window, the system dynamically releases excess safety 
buffers when the forecasted extreme disruptions do not materi
alize, thus avoiding rigid, long-term cost premiums. The compar
ative analysis across the low, medium, and high volatility scenarios 
presented in Table 7 effectively functions as an evaluation of 
varying robustness settings. Rather than tuning a singular abstract 
mathematical budget parameter, calibrating the amplitude of the 
disturbance intervals across these three scenarios provides 
decision-makers with a more intuitive and operational under
standing of how varying degrees of uncertainty intensity drive the 
dynamic trade-off between resilience gains and economic costs.

Table 7 
Economic performance analysis of TSDM and RRSM across three volatility scenarios.

Model Costs, ×108 CNY Low volatility scenario Medium volatility scenario High volatility scenario

The traditional static model Transportation 27.13 27.13 27.13
Refinery inventory 0.46 0.46 0.46
Depot inventory 0.43 0.43 0.43
Conversion 36.48 36.48 36.48
Total cost 64.49 64.49 64.49

The robust rolling model Transportation 26.57 26.60 26.46
Refinery inventory 0.54 0.66 0.82
Depot inventory 0.12 0.11 0.13
Conversion 37.40 39.15 39.43
Total cost 64.63 66.52 66.84

Total cost comparison, % 0.22 3.15 3.64
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Fig. 6. Sankey diagrams illustrating the material flow structure difference under three volatility scenarios.

−11.8 −11.6 −11.4 −11.2 −11.0 −10.8 −10.6 −10.4 −10.2

Carbon emission, ×106 t CO2

RRSM TSDM

Low
volatility
scenario

Medium
volatility
scenario

High
volatility
scenario

Fig. 7. Comparison of carbon emission evaluation indicator between TSDM and RRSM.

Y.-T. Liang, G.-T. Fu, H.-C. Li et al. Petroleum Science 23 (2026) 5836–5852

5848



6.4. System environment and energy analysis

This section evaluates the carbon emission and calorific value 
of the logistics schemes generated by the two models under 
different scenarios. Fig. 7 presents the comparison results of the 
carbon emission evaluation indicator (ECE) for the static model 
and the rolling model. The carbon emission evaluation indicator 
measures the potential carbon emissions avoided by the system 
through conversion strategies, where a larger absolute negative 
value indicates a greater reduction in potential emissions. Under 
the low volatility scenario, the rolling model has already shown 
better performance than the static model. However, as the demand 
fluctuation intensifies from the low volatility scenario to the high 
volatility scenario, the environmental advantages of the rolling 
model become increasingly significant. Due to its inherent static 
planning nature, the carbon emission evaluation indicator of the 
static model scheme remains constant across all volatility sce
narios, staying at − 10.73 × 106 t CO2. In contrast, the carbon 
emission evaluation indicator of the rolling model scheme shows 
an optimization trend as volatility increases, 
reaching − 10.99 × 106 t CO2, − 11.46 × 106 t CO2, and − 11.56 × 106 t 
CO2 in the low, medium, and high volatility scenarios, respectively. 
Especially in the high volatility scenario, compared with the static 
model, the rolling model avoids an additional potential carbon 
emission of 0.83 × 106 t CO2, achieving an improvement of about 
7.7%. This indicates that the rolling model adopts a proactive 
strategy, increasing the conversion ratio of refined oil to chemical 
products and clean energy, achieving significant  consumer-side 
carbon reduction effects.

Fig. 8 further presents the comparison results of the calorific 
value evaluation indicator (ECV). Consistent with the trend 
observed in the carbon emission indicator, the rolling model 
demonstrates similar performance in enhancing energy calorific 
value. The calorific  value of the static model scheme is 
8.16 × 107 GJ in all scenarios. The performance advantages of the 
rolling model become increasingly prominent as demand volatility 

escalates. Specifically, the calorific  value of the rolling model 
scheme is 8.30 × 107 GJ in the low volatility scenario, then in
creases to 8.75 × 107 GJ in the medium volatility scenario, and 
finally reaches 8.78 × 107 GJ in the high volatility scenario. In the 
high volatility scenario, the calorific  value of the rolling model 
scheme is 0.62 × 107 GJ higher than that of the static model 
scheme, achieving an energy calorific  value growth of approxi
mately 7.6%. This improvement confirms  that the rolling model 
successfully achieved a strategic shift from single fuel supply to a 
diversified  chemical energy reserve focus. By converting more 
fuel-attribute materials into feedstock-attribute chemical prod
ucts, the rolling model effectively enhances the potential indus
trial value.

6.5. Ablation study

To rigorously justify the necessity of integrating the core 
methodological components, namely uncertainty quantification 
and the rolling horizon strategy, an ablation-style comparative 
analysis is conducted. Fundamentally, this analysis is constructed 
upon two methodological dimensions: the assumption of supply- 
demand parameters (Deterministic vs. Uncertain) and the execu
tion strategy (Static vs. Rolling). The cross-combination of these 
dimensions theoretically yields four distinct operational para
digms: (1) the deterministic static model, (2) the deterministic 
rolling model, (3) the robust static model, and (4) the proposed 
rolling robust model. It is worth noting that for the deterministic 
rolling model, because the supply and demand parameters are 
strictly deterministic, the recursively updated system status 
identically matches the initial expectations. Consequently, it gen
erates the exact same operational schemes and simulation results 
as the deterministic static model. Thus, it is conceptually 
acknowledged here but merged with the deterministic static 
model in the subsequent quantitative comparison.

As presented in Table 8, the evolution of resilience indicators 
across the distinct scenarios clearly demonstrates the specific 
contribution of each component. Taking the high volatility sce
nario as an example, the deterministic static model's service level 
sharply plummets to 91.48%, and the stockout quantity peaks at 
82.51 × 104 tons. When robust optimization is introduced in 
isolation (the robust static model), the service level recovers to 
93.09% and the stockout quantity drops to 66.92 × 104 tons. This 
improvement highlights the value of delineating uncertainty 
ranges to provide a proactive capacity buffer. Finally, when the 
rolling horizon strategy is fully integrated (the rolling robust 
model), the service level further surges to 94.66%, and the stockout 
quantity drastically decreases to 44.43 × 104 tons. This final per
formance leap substantiates that the dynamic rolling strategy can 
provide the temporal flexibility required to correct logistical 

TSDM
RRSM

7.8

8.0

8.2

8.4

8.6

8.8

Low volatility
scenario

Medium volatility
scenario

High volatility
scenario

C
al

or
ifi

c 
va

lu
e,

 ×
10

7  G
J

Fig. 8. Comparison of calorific value evaluation indicator between TSDM and RRSM.

Table 8 
Ablation analysis of system resilience under varying operational models and volatility scenarios.

Volatility scenario Optimization model Average stockout duration, d Service level, 
%

Stockout quantity, 
×104 t

Low volatility The deterministic static model 5.03 95.49 43.67
The robust static model 4.74 95.95 39.21
The proposed rolling robust model 4.16 97.63 22.91

Medium volatility The deterministic static model 4.72 93.69 61.13
The robust static model 3.66 94.24 55.74
The proposed rolling robust model 3.41 95.16 43.53

High volatility The deterministic static model 4.30 91.48 82.51
The robust static model 3.54 93.09 66.92
The proposed rolling robust model 3.03 94.66 44.43
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misalignments and truncate average stockout durations (down to 
3.03 days).

6.6. Policy implications

Based on the simulation findings,  several policy implications 
are derived to facilitate the transition of the multi-energy logistics 
system. These recommendations aim to bridge the gap between 
theoretical modeling and industrial practice:

(1) Transition from static planning to dynamic collaborative 
planning

Logistics operators should move away from traditional monthly 
static planning in favor of rolling horizon strategies. Crucially, the 
functional silos between refining production and logistics trans
portation must be broken down. Establishing a multi-party 
collaborative protocol between the refining and logistics sectors 
is essential to proactively hedge against market volatility and 
systemic risks.

(2) Reconfigure  performance evaluation based on R&3E 
evaluation

Decision-makers should move beyond narrow cost-centric 
metrics and adopt the R&3E evaluation system. Performance as
sessments should incorporate resilience indicators, including ser
vice levels and stockout durations, alongside environmental and 
energy metrics such as carbon emissions and calorific  value. 
Incentivizing operators to accept manageable economic premiums 
in daily operations is vital to securing long-term systemic resil
ience and low-carbon benefits.

(3) Enhance structural flexibility and strategic redundancy

Case analysis demonstrates that refineries with resource con
version capabilities are pivotal in absorbing fluctuations. Strategic 
investments should be prioritized to enhance the energy conver
sion capability of process units at key nodes, enabling rapid tran
sitions between refined  oil and new energy. Furthermore, 
developing supporting storage infrastructure provides a necessary 
resilience buffer to mitigate extreme market disturbances.

7. Conclusions and future directions

7.1. Conclusions

As a critical hub for energy transition, the multi-energy logis
tics system is continuously exposed to uncertainty disturbances 
triggered by non-linear market demand fluctuations, which pose 
severe challenges to its operational continuity. Within this dy
namic and high-risk environment, traditional static logistics 
planning methodologies are becoming obsolete, frequently 
resulting in low plan execution rates and supply-demand mis
matches. Therefore, improving the ability of the logistics system to 
cope with uncertainty is crucial for ensuring economic benefits 
and system resilience. By constructing a multi-party collaborative 
framework for multi-energy logistics systems, this paper quanti
tatively evaluates the system performance across diverse uncer
tainty scenarios from four dimensions: resilience, economy, 
environment and energy.

The research results show that the multi-product, multi-modal 
rolling robust simulation model constructed in this paper per
forms excellently in non-economic evaluation dimensions. First, 
regarding resilience indicators, as demand fluctuation intensifies 

from low to high volatility, the advantage of the rolling model over 
the traditional static deterministic model becomes increasingly 
significant.  In the high volatility scenario, the rolling model in
creases the service level by 3.18%, shortens the average stockout 
duration by 1.27 days, achieving a decrease of 29.5%, and reduces 
the stockout quantity by 38.08 × 104 tons, representing a decrease 
of 46.15%. Heatmap analysis further confirms  that the rolling 
model successfully transforms the high-intensity and long-dura
tion shortage pattern of the static model into a low intensity and 
fast recovery pattern. Second, in the environmental and energy 
aspects, under the high volatility scenario, the rolling model avoids 
about 0.83 × 106 t CO2 of potential carbon emissions, achieving a 
7.7% benefit  improvement. Meanwhile, it increases the calorific 
value reserve by 0.62 × 107 GJ, improving the energy value by 7.6%. 
Finally, in the economic and resource allocation aspects, this 
improvement in resilience, environmental and energy benefits 
comes at a cost, mainly reflected in an increase in operating costs 
of about 3.64%. This shows that the model successfully converts 
uncontrollable uncertainty risk into controllable operating costs 
by increasing material conversion input and holding safety stock, 
thereby enhancing system resilience. Synthesizing the case study 
and research findings, this paper proposes policy implications for 
enhancing system resilience from the perspectives of energy lo
gistics system managers and operators.

7.2. Limitations and future directions

This study constructs a multi-party collaborative framework for 
multi-energy logistics systems to balance economic benefits and 
system resilience under uncertainty. However, several limitations 
remain. First, this study focuses primarily on demand-side un
certainty, while uncertainties on the supply and logistics sides are 
not explicitly considered. Future research can develop collabora
tive logistics system simulation models incorporating multi- 
source uncertainties. Second, this study addresses multi- 
objective trade-offs by transforming uncertainty into cost mini
mization under constraints. Future work may adopt multi- 
objective optimization methods to generate Pareto frontiers and 
support decision-making under different risk preferences. Finally, 
as emerging energy demands continue to grow, logistics networks 
will become increasingly heterogeneous and complex. Future 
research can further investigate the coupling effects between 
multi-modal transportation networks and multi-energy carriers to 
support long-term energy transition.
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Parameters
cqu

n;k
Unit inventory cost of product k in node n, CNY=t

cqi
n;k

Unit penalty cost of product k out of stock in node n, CNY=t

cqc
n;k;kʹ

Unit conversion cost of transfer-out volume of product k to product ḱ  in refinery n, t

cqv
n;nʹ;m;k

Unit transportation cost of product k from node n to node ń  by transportation mode m, CNY=t

qx
t;n;k

Planned production sampling volume of product k in node n at time period t, t

qu;ini
n;k

Initial inventory volume of product k in node n, t

qu;max
n;k qu;min

n;k
Maximum or minimum Inventory volume of product k in node n, t

qcou;max
n;k

Maximum collaborative capacity of product k in node n, t

qcovs;max
n;m

Maximum collaborative sending capacity of transportation mode m in node n, t

qcovr;max
n;m

Maximum collaborative receiving capacity of transportation mode m in node n, t

γn;kʹ;k Material conversion ratio of product k to product ḱ  in node n

Γn;k Uncertain budget parameters of product k in node n

Q
D
t;n;k

Nominal demand value of product k in node n at time period t, t

Q̂
D
t;n;k

Maximum allowed deviation of product k in node n at time period t, t

Decision variables
QV

t;n;nʹ;m;k
Transportation volume of product k sent from node n to node nʹ by transportation mode m at time period t, t

QZ
t;n;nʹ;m;k

In-transit transportation volume of product k sent from node n to node ń  by transportation mode m at time period t, t

QX
t;n;k

Planned production volume of product k in node n at time period t, t

QR
t;n;k

Supply volume of product k in node n at time period t, t

QC
t;n;k;kʹ

Transfer-out volume of product k to product ḱ  in refinery n at time period t, t

QU
t;n;k

Inventory volume of product k in node n at time point t, t

Q I
t;n;k

Stockout volume of product k in node n at time point t, t

QD
t;n;k

Demand volume of product k in node n at time period t, t

~Q
D
t;n;k

Demand sampling volume of product k in node n at time period t, t

ξt;n;k Uncertain disturbance variable of product k in node n at time period t, t
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