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To capture the interdependencies between logistics and supply chain networks in real-world systems, this paper de-
velops a load redistribution-based logistics–supply chain binary-coupled network (LSBCN) model. Employing a dynamic
load redistribution strategy, we systematically investigate the robustness of the LSBCN under cascading failures. We eval-
uate network performance under both random and deliberate failures, thoroughly analyze the mechanisms of influence of
capacity factor (β ) and capacity index (γ) on network robustness, and design three optimization strategies: parameter op-
timization, critical edge protection, and redundant edge addition. Furthermore, we quantitatively examine the synergistic
effects and cost-effectiveness among these strategies. The results reveal that capacity factors exert significant regulatory
effects on network robustness; however, the marginal improvement diminishes beyond a critical threshold. Distinct optimal
capacity parameter configurations correspond to different failure proportions. Protecting critical edges of the logistics net-
work demonstrates superior robustness enhancement under random failures, whereas adding redundant edges proves more
effective under deliberate failures. The synergistic effects between strategies exhibit strong dependence on both failure
modes and proportions. Under random failures, critical edge protection should be prioritized, while under deliberate fail-
ures, redundant edge addition is preferable. These findings provide theoretical foundations and decision-making references
for vulnerability assessment, collaborative optimization, and risk management in logistics–supply chain systems.

Keywords: binary-coupled, logistics–supply chain networks, load redistribution, cascading failure, robustness
analysis
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1. Introduction
As the core region of the “Belt and Road” initiative and

a critical node along the Eurasian golden corridor, Xinjiang’s
modern logistics and supply chain system serves as strategic
infrastructure connecting production networks in central and
western China with Eurasian consumer markets. The “chan-
nel + hub + network” modern logistics operation system es-
tablished in Xinjiang not only supports the transformation and
upgrading of the region’s eight major industrial clusters but
also provides essential logistical support for national energy
resource transportation and high-quality agricultural and live-
stock product distribution. Furthermore, the deep synergistic
capabilities of supply chain networks enable precise match-
ing between supply and demand, effectively reducing resource
misallocation and facilitating Xinjiang’s integration into the
national unified market.[1,2] However, the deep coupling be-
tween logistics and supply chain systems also exposes them to
risks of cascading failure. Investigating the robustness of these
systems holds significant practical implications for ensuring
the smooth economic circulation in Xinjiang and enhancing
the resilience of the industrial chain.

Real-world systems such as supply chain networks, lo-
gistics networks, energy networks, transportation networks,
and communication networks can all be abstracted as com-
plex network models with specific topological structures and
functions.[3–5] The rapid development of information tech-
nology has enabled these networks to expand dramatically
in scale, with increasingly prominent coupling relationships
between them. Existing research indicates that such inter-
dependencies tightly integrate different network systems to
maintain coordinated operation; however, localized failures
can propagate across multiple networks through these de-
pendency relationships, leading to cascading failures or even
systemic collapse, thereby substantially aggravating network
vulnerability.[6–10] Risks of cascading failure arising from net-
work interdependencies have become increasingly prevalent
in recent years. For instance, the global COVID-19 pan-
demic in 2020 disrupted logistics and economic network op-
erations, causing severe impacts and losses across numerous
industries.[11,12] In 2021, extreme cold weather in Texas trig-
gered large-scale power outages, which subsequently affected
electricity supply to natural gas and water infrastructure net-
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works, exacerbating energy and water shortages.[13] Similarly,
the Suez Canal cargo ship grounding incident in the same
year highlighted the critical influence of logistics networks on
overall supply chain networks.[14,15] These cases demonstrate
that in highly interconnected modern infrastructure systems,
single-network failures may propagate to multiple network
systems through dependency relationships, causing systemic
losses far exceeding localized impacts. Therefore, construct-
ing theoretical models capable of characterizing such interde-
pendency features is crucial for understanding and enhancing
the resilience of infrastructure systems.

In research on the modeling of interdependent net-
works, classical models are primarily categorized into two
types: node-coupled interdependent networks and edge-
coupled interdependent networks. Buldyrev et al.[6] first
proposed the node-coupled interdependent networks model
in 2010, while Gao et al.[16] introduced the edge-coupled
interdependent networks model in 2021, laying the theo-
retical foundation for subsequent research on load redis-
tribution in interdependent networks.[17–20] Building upon
these two models, scholars have conducted extensive re-
search on load distribution mechanisms, proposing initial
load setting methods based on topological features such as
node degree and betweenness centrality[21–24] as well as
nonlinear capacity models,[25] and applying these theoreti-
cal frameworks to real-world infrastructure systems includ-
ing power–information interdependent networks,[21,26] trans-
portation coupled networks,[18,27,28] and equipment support
and command information systems.[22,23,25] Nevertheless, the
single-type dependency relationships characterized by these
classical models are insufficient to describe the more complex
heterogeneous coupling patterns observed in real-world sys-
tems. To address this limitation, Gao et al.[29] proposed the
binary interdependent network model in 2024, which couples
nodes with edges, providing a novel theoretical framework for
characterizing heterogeneous infrastructure systems.

Supply chain networks and logistics networks exhibit sig-
nificant bidirectional dependency characteristics.[30] On the
one hand, the normal operation of factory and warehousing
nodes in supply chain systems heavily depends on transporta-
tion routes in logistics networks; on the other hand, the layout
and operational efficiency of logistics routes are directly influ-
enced by production planning, inventory strategies and order
demands within supply chain systems. Given that both sup-
ply chain production capacities and logistics system transport
capacities have upper limits, constructing a logistics–supply
chain binary-coupled interdependent network model based on
these dependency relationships and incorporating load redis-
tribution mechanisms becomes an essential approach for un-
derstanding the robustness of such systems.

Based on the latest theoretical framework of binary inter-

dependent networks, this study, for the first time, investigates
the robustness of the logistics–supply chain binary-coupled
network (LSBCN) model from the perspective of load redis-
tribution. This research represents the first application and
exploration of this theoretical framework in logistics–supply
chain systems. It provides a novel analytical framework and
perspective for system management, extending the current un-
derstanding of robustness in binary-coupled networks. The
findings not only provide scientific decision-making support
for enhancing national logistics hub resilience and optimizing
strategies for supply chain risk prevention but also hold crucial
practical value for ensuring smooth economic circulation in
Xinjiang and achieving the dual objectives of “cost reduction
and efficiency improvement” and “safety and controllability.”

2. Logistics–supply chain interdependent net-
works model

2.1. Model development

In this study, edges serve as the primary functional ele-
ments of logistics networks, such as transportation routes and
air routes. In contrast, the core functions of supply chain net-
works are assumed to be performed by nodes, such as facto-
ries, warehouses, and distribution centers. Therefore, a binary
coupling model with edge-node dependence is adopted.[29]

This paper constructs a basic theoretical model with struc-
turally symmetric and fully interdependent edge-node cou-
pling. In interdependent network research, such simplifica-
tions are commonly adopted to strip away the complex het-
erogeneity of real-world networks,[6,16,17,31,32] thereby more
clearly revealing cascading failure and robustness patterns
arising from interdependency, as shown in Fig. 1, where solid
lines represent internal connections within a network while
dashed lines denote interdependent edges between networks.
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Fig. 1. Schematic diagram of the LSBCN model.
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The loads of nodes and edges in the LSBCN are defined
as follows:

LA
c = kα1

c , (1)

LB
i j = (ki× k j)

α2 , (2)

where LA
c and LB

i j denote the initial load of node c in the sup-
ply chain network and the Ei j edge in the logistics network,
respectively. α1 and α2 are adjustable parameters, kc denotes
the degree of node c in the supply chain network, and ki and
k j denote the degrees of nodes i and j in the logistics net-
work. In the supply chain network, a higher node degree
indicates a greater load that must be handled. Defining the
initial load of nodes and edges as a linear relationship with
degree is a common setting in interdependent network load
research.[18,19,24,28,33,34] In this study, the larger the degree of
a node in the supply chain network, the more load the node
needs to handle; in the logistics network, the transportation
volume of routes connecting two hub nodes is certainly greater
than that of routes connecting two ordinary nodes. Therefore,
we consider the initial load of nodes and edges to also have a
linear relationship with degree, and thus set α1 = α2 = 1.

Since the nonlinear relationship between load and ca-
pacity for nodes and edges better aligns with real-world
networks,[25] this paper adopts a nonlinear load-capacity
model. Therefore, the initial capacities for nodes and edges
in the network are as follows:

CA
c = LA

c +(β1LA
c )

γ1 , (3)

CB
i j = LB

i j +(β2LB
i j)

γ2 , (4)

where β1 and β2 are variable load capacity factors, while γ1

and γ2 are variable load capacity indices. If node c in the sup-
ply chain network fails, its adjacent nodes will receive the load
∆LA

c . Similarly, the load will be redistributed among its adja-
cent edges according to a specific distribution fraction if edge
Ei j in the logistics network fails. At this point, the load of node
b adjacent to node c in the supply chain network and the load
of edge Eim adjacent to Ei j in the logistics network are{

LA′
b = LA

b +∆LA
c

LB′
im = LB

im +∆LB
im.

(5)

When LA′
b > CA

b , node b becomes overloaded and fails; then,
the load from the failed node is redistributed to its adjacent
nodes. Similarly, when LB′

im > CB
im, edge Eim becomes over-

loaded and fails, and the load from the failed edge is redis-
tributed to its adjacent edges.

2.2. Dynamic load distribution strategy

To better analyze the robustness of an LSBCN, this paper
proposes a dynamic residual capacity load distribution strat-
egy. The distribution fraction is dynamically adjusted based

on the real-time residual capacity of adjacent nodes or edges,
as illustrated in Fig. 2.

Fig. 2. Flowchart of the dynamic residual capacity load distribution
algorithm.

When edge Ei j fails, the expression for the dynamic resid-
ual capacity load distribution strategy is

∆LB
i j = LB

i j×
CB

im− L̃B
im

∑
x∈Γi

(
CB

ix− L̃B
ix

)
+ ∑

y∈Γj

(
CB

jy− L̃B
jy

) , (6)

where CB
im and L̃B

im denote the capacity and prior distribution
load of the adjacent edge Eim, respectively. Γi and Γj represent
the collection of neighbors for nodes i and j, respectively.

When node c fails, the expression for the dynamic resid-
ual capacity load distribution strategy is

∆LA
b = LA

c ×
CA

b − L̃A
b

∑x∈Γc(C
A
x − L̃A

x )
, (7)

where CA
b denotes the capacity of the adjacent node b, L̃A

b rep-
resents the load of the adjacent node b prior to the load distri-
bution process, and Γc denotes the collection of nodes adjacent
to node c.

Under this dynamic distribution strategy, nodes (edges)
with greater remaining capacity absorb a larger share of the
load from failed nodes (edges).

2.3. Cascade failure process and robustness evaluation
metric

The failure mechanisms considered in this study comprise
three types: overload failure, dependency failure, and connec-
tivity failure. These mechanisms operate as follows: (1) in
overload failure a supply chain node or logistics edge fails
when its load exceeds its designated capacity; (2) in depen-
dency failure a supply chain node fails when all its dependent
logistics edges fail, whereas a logistics edge fails when its de-
pendent supply chain node fails; and (3) in connectivity failure

078902-3



Chin. Phys. B 35, 078902 (2026)

a node or edge fails upon disconnection from the giant com-
ponent (GC).[6,16]

Figure 3 illustrates the cascading failure process in a LS-
BCN. As depicted in Fig. 3(a), when edges Ei j and Eir in the
logistics network fail, their loads are redistributed to neigh-
boring edges Eim, Erh, and Erk. Simultaneously, the dependent
supplier nodes c and d in the supply chain network also fail,
redistributing their loads to neighboring nodes a, b, e, and f .
Suppose that node a subsequently fails due to overload and
node b fails due to disconnection from the GC; this triggers
the failure of logistics edges dependent on these nodes. Al-
though edges Erh and Erk and nodes e and f receive additional
loads, these remain within their respective capacity limits, pre-
venting further overload failures. The network thus reaches a
stable state, as shown in Fig. 3(b).
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Fig. 3. Cascading failure of a LSBCN.

The integrity of the network topology following cascad-
ing failures is closely linked to the fragility of the network.

The more complete the remaining topology, the faster the net-
work recovers from a failed state. Let p denote the fraction of
the initial number of nodes (edges) that remain after a failure.
The surviving scale F represents the topological integrity of
the network after a failure,

FG =
ÑA

NA
,

FW =
ẼB

EB
.

(8)

Here FG and FW denote the survival scales of the sup-
ply chain network and the logistics network, respectively. ÑA

and ẼB represent the number of remaining nodes and edges
in the supply chain network and the logistics network, respec-
tively, after cascading failures. NA and EB denote the number
of nodes and edges in the supply chain network and the logis-
tics network, respectively, before cascading failures. A larger
F value indicates less network damage, signifying better net-
work robustness.

3. Simulation analysis
3.1. Robustness analysis of networks under different fail-

ure conditions

In the real world, supply chain networks and logistics net-
works exhibit significant scale-free characteristics. Research
indicates that the average degree of most logistics networks
ranges from two to three, while supply chain networks typi-
cally have an average degree of around eight.[35–39] Therefore,
this study models both logistics and supply chain networks as
BA scale-free networks. The logistics network has 2000 nodes
and an average degree of three, while the supply chain network
comprises 3000 nodes with an average degree of eight. Failure
modes involve the random or deliberate failure of a fraction
1− p of edges (nodes) in the network. Deliberate failures pri-
oritize edges with higher failure indices and nodes with higher
degrees. Capacity factors β1 = β2 = 1 and capacity indices
γ1 = γ2 = 1 are adopted, with 100 simulation runs conducted.
Simulation results are presented in Fig. 4.
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Fig. 4. Plot of FW and FG with p during random and deliberate failures.
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Table 1. The critical threshold pc for complete LSBCN collapse.

Curve type

Edges
random

failure of
logistics
network

Nodes
random

failure of
supply chain

network

Edges
deliberate
failure of
logistics
network

Nodes
deliberate
failure of

supply chain
network

pc (FW) 0.71 0.7 0.98 0.98
pc (FG) 0.71 0.69 0.98 0.92

To quantitatively identify the critical threshold at which
a complete LSBCN collapse occurs, we calculated the first-
order derivative dF/d p for each curve in Fig. 4. As p grad-
ually decreases from 1, when dF/d p suddenly drops from
its peak to a smaller value, it indicates that a large-scale col-
lapse has occurred in the system. The p value corresponding
to this peak is defined as the critical collapse threshold pc, rep-
resenting the critical point of a complete system collapse. The
calculated pc values are summarized in Table 1.

From Fig. 4 and Table 1, it can be observed that the
logistics–supply chain network requires approximately 30%
(pc ≈ 0.7) of nodes or edges to fail under random failure to
completely collapse, whereas under deliberate failure a failure
ratio of only about 2% (pc ≈ 0.98) can cause sharp declines
in FW and FG. This indicates that, due to heterogeneity in
betweenness and degree distributions within logistics supply
chain networks, most edges exhibit low betweenness or nodes
have low degrees. Random failures primarily affect non-core
edges or nodes, to which the network exhibits relatively strong
robustness. In contrast, deliberate failures target critical edges

and hub nodes, rapidly disrupting network connectivity.
Supply chain networks exhibit higher average degrees

than logistics networks. When subjected to both random
and deliberate failures, supply chain networks exhibit slightly
greater robustness than logistics networks from the perspective
of FG. However, they still experience abrupt collapse under
deliberate failure scenarios. This indicates that network den-
sity has a minor impact on robustness, with critical edges and
nodes remaining the key determinants.

3.2. Robustness analysis under variation of capacity fac-
tors

We investigate how the robustness of LSBCN evolves
with varying capacity factors. Both capacity factors β1 and
β2 are defined in the range [0, 2] while the capacity indices
γ1 and γ2 are set to 1. The fraction p of retained edges (or
nodes) during random failures is set to 0.6, 0.7, and 0.8, re-
spectively. Other network structural parameters remain con-
sistent with those in the preceding section. The simulation
results for varying β1 are shown in Fig. 5.

To quantitatively evaluate the impact of β1 on network ro-
bustness, we adopted the total improvement magnitude ∆Fβ1 =

max(F)−min(F) to assess the effectiveness of β1. The larger
the total improvement magnitude, the more significant the
variation of F and β1, indicating that adjusting β1 is more
effective for enhancing robustness. The ∆Fβ1 values for all
curves in Fig. 5 are provided in Table 2.
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Table 2. The ∆Fβ1 values of the curves in Fig. 5.

Fig. 5(a) Fig. 5(a) Fig. 5(b) Fig. 5(b) Fig. 5(c) Fig. 5(c) Fig. 5(d) Fig. 5(d)

FW FG FW FG FW FG FW FG

p = 0.6 0.06 0.01 0.04 0.57 p = 0.9 0.002 0 0.007 0.87
p = 0.7 0.45 0.50 0.47 0.68 p = 0.99 0.87 0.89 0.90 0.99
p = 0.8 0.74 0.78 0.79 0.79

Table 3. The β1c values of the curves in Fig. 5.

Fig. 5(a) Fig. 5(a) Fig. 5(b) Fig. 5(b) Fig. 5(c) Fig. 5(c) Fig. 5(d) Fig. 5(d)

FW FG FW FG FW FG FW FG

p = 0.6 – – – 1.60 p = 0.9 – – – 1.36
p = 0.7 1.32 1.32 1.28 1.16 p = 0.99 0.36 0.36 0.36 0.48
p = 0.8 0.76 0.76 0.72 0.72

Table 4. The ∆Fβ2 values of the curves in Fig. 6.

Fig. 6(a) Fig. 6(a) Fig. 6(b) Fig. 6(b) Fig. 6(c) Fig. 6(c) Fig. 6(d) Fig. 6(d)

FW FG FW FG FW FG FW FG

p = 0.6 0.37 0.07 0.01 0.06 p = 0.9 0.007 0 0.006 0.006
p = 0.7 0.53 0.35 0.47 0.17 p = 0.99 0.99 0.99 0.99 0.02
p = 0.8 0.79 0.79 0.79 0.02

Table 5. The β2c values of the curves in Fig. 6.

Fig. 6(a) Fig. 6(a) Fig. 6(b) Fig. 6(b) Fig. 6(c) Fig. 6(c) Fig. 6(d) Fig. 6(d)

FW FG FW FG FW FG FW FG

p = 0.6 2 – – – p = 0.9 – – – –
p = 0.7 2 2 1.08 – p = 0.99 1.16 1.16 1.2 –
p = 0.8 0.88 0.88 0.84 –

Based on the data in Table 2, when ∆Fβ1 > 0.4 increasing
β1 is considered to significantly enhance network robustness.
Accordingly, when the logistics network fails, increasing β1

is effective for p = 0.7, 0.8 and 0.99 (i.e., when the failure
ratio is approximately equal to or below the critical value of
complete network collapse), but not effective for p = 0.6 and
0.9 (i.e., when the failure ratio exceeds the critical value of
complete network collapse). When the supply chain network
fails, except for a few cases, increasing β1 generally improves
robustness.

Furthermore, when β1 increases from 0 to 2, we calculate
the value of dF/dβ1. If it exhibits an evolutionary character-
istic of low value→ peak value→ low value, it indicates that
the robustness of the system has been significantly improved
within this interval. We define the critical capacity parameter
β1c as the β1 value when dF/dβ1 falls back to near 0 after the
peak, at which point continuing to increase β1 has a limited
effect on robustness improvement. The β1c values for curves
with significant changes in Fig. 5 are provided in Table 3.

The analysis results show that increasing β1 has signif-
icant effects on random failure (p = 0.7, 0.8) and deliberate
failure (p = 0.99) scenarios for the logistics network, with op-
timal thresholds of β1 ≥ 1.32, β1 ≥ 0.76, and β1 ≥ 0.36, re-
spectively. For the supply chain network, the optimal thresh-
olds for random failure scenarios at p = 0.6, 0.7, and 0.8 are

β1 ≥ 1.60, β1 ≥ 1.28, and β1 ≥ 0.72, respectively; for delib-
erate failure scenarios at p = 0.9 and p = 0.99 the optimal
thresholds are β1 ≥ 1.36 and β1 ≥ 0.48, respectively.

Figure 6 shows the simulation results when β2 varies.
Similarly, we adopt the total improvement magnitude ∆Fβ2 to
evaluate the effectiveness of β2. Table 4 presents the ∆Fβ2 val-
ues for all curves in Fig. 6.

When ∆Fβ2 > 0.3, increasing β2 is considered to signif-
icantly enhance network robustness. Accordingly, when the
logistics network fails, increasing β2 is effective for p = 0.7,
0.8, and 0.99; at p = 0.6, increasing β2 has only a certain ef-
fect on the logistics network. When the supply chain network
fails, increasing β2 is effective only for the logistics network
at p = 0.7, 0.8, and 0.99.

Furthermore, we calculate dF/dβ2 when β2 ranges from
0 to 2 and obtain the critical capacity parameter β2c. Table 5
presents the β2c values for curves with significant changes in
Fig. 6.

In summary, the optimal thresholds for β2 are: for ran-
dom failure of the logistics network (p = 0.8), β2 ≥ 0.88; and
for deliberate failure (p = 0.99), β2 ≥ 1.16. For a supply
chain network under random failure (p = 0.7, 0.8), the opti-
mal thresholds are β2 ≥ 1.08 and β2 ≥ 0.84, respectively; for
deliberate failure (p = 0.99), β2 ≥ 1.20.
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Fig. 6. Plot of capacity factor β2 and survival scale F .

3.3. Robustness analysis under capacity index variation

To investigate how the robustness of a LSBCN evolves

with varying capacity indices, both γ1 and γ2 were sampled

from [0, 2] while the capacity factors β1 and β2 were set to

1. The fraction p of retained edges (nodes) during random
failures was set to 0.6, 0.7, and 0.8, respectively. Other net-
work structural parameters remained consistent with the pre-
vious section. Simulation results for varying γ1 are shown in
Fig. 7.
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Table 6. The ∆Fγ1 values of the curves in Fig. 7.

Fig. 7(a) Fig. 7(a) Fig. 7(b) Fig. 7(b) Fig. 7(c) Fig. 7(c) Fig. 7(d) Fig. 7(d)

FW FG FW FG FW FG FW FG

p = 0.6 0.06 0.04 0.07 0.57 p = 0.9 0.007 0 0.91 0.91
p = 0.7 0.44 0.49 0.49 0.68 p = 0.99 0.007 0.87 0.91 0.99
p = 0.8 0.74 0.79 0.79 0.79

Table 7. The γ1c values of the curves in Fig. 7.

Fig. 7(a) Fig. 7(a) Fig. 7(b) Fig. 7(b) Fig. 7(c) Fig. 7(c) Fig. 7(d) Fig. 7(d)

FW FG FW FG FW FG FW FG

p = 0.6 – – – 1.24 p = 0.9 – – 0.64 0.64
p = 0.7 1.12 1.12 1.12 1.08 p = 0.99 – 1.2 0.44 0.68
p = 0.8 0.96 0.96 0.92 0.92

Table 8. The ∆Fγ2 values of the curves in Fig. 8.

Fig. 8(a) Fig. 8(a) Fig. 8(b) Fig. 8(b) Fig. 8(c) Fig. 8(c) Fig. 8(d) Fig. 8(d)

FW FG FW FG FW FG FW FG

p = 0.6 0.52 0.09 0.05 0.05 p = 0.9 0.88 0.30 0.84 0.24
p = 0.7 0.66 0.38 0.47 0.12 p = 0.99 0.99 0.99 0.99 0.02
p = 0.8 0.79 0.79 0.79 0.02

Table 9. The γ2c values of the curves in Fig. 8.

Fig. 8(a) Fig. 8(a) Fig. 8(b) Fig. 8(b) Fig. 8(c) Fig. 8(c) Fig. 8(d) Fig. 8(d)

FW FG FW FG FW FG FW FG

p = 0.6 1.32 – – – p = 0.9 1.4 1.48 1.4 1.4
p = 0.7 1.32 1.12 1.12 – p = 0.99 1.08 1.08 1.04 –
p = 0.8 1 1 1 –

Similarly, we adopt the total improvement magnitude
∆Fγ1 to quantitatively evaluate the impact of γ1 on network
robustness. Table 6 presents the ∆Fγ1 values for all curves in
Fig. 7.

When ∆Fγ1 > 0.4, increasing γ1 is considered to signifi-
cantly enhance network robustness. Accordingly, when the lo-
gistics network fails, increasing γ1 is effective at p = 0.7 and
0.8; at p = 0.99, increasing γ1 is only effective for the supply
chain network. When the supply chain network fails, increas-
ing γ1 is only effective for the supply chain network at p= 0.6;
in all other cases, increasing γ1 is effective.

Furthermore, we calculate dF/dγ1 when γ1 ranges from
0 to 2 and obtain the critical capacity parameter γ1c. Table 7
presents the γ1c values for curves with significant changes in
Fig. 7.

The analysis results show that for random failure of the
logistics network, the optimal thresholds are γ1 ≥ 1.12 at p =

0.7 and γ1 ≥ 0.96 at p = 0.8; for deliberate failure (p = 0.99),
γ1 ≥ 1.20. For a supply chain network under random failure,
the optimal thresholds at p = 0.6, 0.7, and 0.8 are γ1 ≥ 1.24,
γ1 ≥ 1.12, and γ1 ≥ 0.92, respectively; for deliberate failure at
p = 0.9 and p = 0.99, the optimal thresholds are γ1 ≥ 0.64 and
γ1 ≥ 0.68, respectively.

Figure 8 shows the simulation results when γ2 varies.

Similarly, we adopt the total improvement magnitude ∆Fγ2 to
quantitatively evaluate the impact of γ2 on network robustness.
Table 8 presents the ∆Fγ2 values for all curves in Fig. 8.

When ∆Fγ2 ≥ 0.2, increasing γ2 is considered to signif-
icantly enhance network robustness. Accordingly, when the
logistics network fails, increasing γ2 is only effective for the
logistics network at p = 0.6; in all other cases, increasing γ2 is
effective. When the supply chain network fails, increasing γ2

is only effective for the logistics network at p = 0.7, 0.8, 0.9,
and 0.99.

Furthermore, we calculate dF/dγ2 when γ2 ranges from
0 to 2 and obtain the critical capacity parameter γ2c. Table 9
presents the γ2c values for curves with significant changes in
Fig. 8.

In summary, the optimal thresholds for γ2 are as follows:
for random failure of the logistics network, the optimal thresh-
olds are γ2 ≥ 1.32 at p = 0.6 and p = 0.7, and γ2 ≥ 1.00 at
p = 0.8; for deliberate failure at p = 0.9 and p = 0.99, the
optimal thresholds are γ2 ≥ 1.48 and γ2 ≥ 1.08, respectively.
For a supply chain network under random failure (p = 0.7,
0.8), the optimal thresholds for logistics network robustness
are γ2 ≥ 1.12 and γ2 ≥ 1.00, respectively; for deliberate failure
at p = 0.9 and p = 0.99, the optimal thresholds are γ2 ≥ 1.40
and γ2 ≥ 1.04, respectively.
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Fig. 8. Plot of capacity index γ2 and survival scale F .

Furthermore, the above analysis reveals that in certain
scenarios, when the failure fraction exceeds the critical thresh-
old for complete network collapse, increasing the capacity pa-
rameters becomes ineffective for improving network robust-
ness. For instance, at p = 0.6 and p = 0.9, enhancing β1 and
β2 shows no improvement in the robustness of the logistics
network. The explanation for this phenomenon is as follows.

(1) From the perspective of network structure, when the
failure ratio p exceeds the critical threshold pc, the GC in the
network splits into isolated small components. This structural
collapse is the primary reason why capacity parameters be-
come ineffective. The GC, which carries most of the network
traffic, fragments into disconnected small components. With-
out a connected network structure, regardless of how much
capacity individual nodes or edges possess, loads cannot be
transmitted between different parts of the network.

(2) From the perspective of the load redistribution mech-
anism, the load redistribution mechanism in this model fun-
damentally relies on surviving neighboring nodes or edges
to share the additional load from failed components. When
p > pc, as the GC splits and fragments, the number of avail-
able neighbor nodes or edges for redistribution drops sharply.
These surviving neighbors must not only absorb their original
loads but also absorb the redistributed loads from failed com-
ponents. Their load growth rate exceeds what the capacity can
accommodate, causing them to transfer accumulated loads to
fewer surviving nodes or edges and thereby accelerating the
collapse of the entire network.

Therefore, when p > pc, the interaction between the net-
work structure and the load redistribution mechanism causes
increases in the capacity parameter to become ineffective. The
splitting of the GC structurally eliminates most redistribution
paths, while the load redistribution mechanism can cause fur-
ther structural damage through cascading failures.

4. Robust optimization strategy
4.1. Optimize the network’s capacity parameters

Based on the analysis of different capacity factors and ca-
pacity indices in Subsection 3.2, the network’s robustness im-
proves continuously as β and γ increase, regardless of whether
failures are random or deliberate. Starting from a baseline
where both β and γ are set to 1, we increased the magnitudes
of the capacity parameters. We conducted computer simula-
tions of logistics–supply chain networks under different ca-
pacity parameter configurations. The resulting relationship be-
tween F and p is illustrated in Fig. 9.

As shown in Fig. 9, increasing the capacity parameter sig-
nificantly enhances network robustness. When the fraction of
random failures exceeds approximately 25%, increasing the
capacity parameter gradually improves network robustness.
For deliberate failures, capacity parameters β and γ at 1.1
yield negligible robustness enhancement; robustness only im-
proves when β and γ exceed 1.3. Simultaneously optimizing
the capacity parameters yields greater improvements in robust-
ness for logistics networks than for supply chain networks.
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To further seek the optimal combination of capacity pa-
rameters, the capacity parameter optimization is formulated as
an unconstrained nonlinear optimization problem. The objec-
tive function is defined as follows:

max
β ,γ

F(β1,γ1,β2,γ2), (9)

where F represents the average of FW and FG, i.e., F =
1
2 (FW +FG). The constraints are β ,γ ∈ (0,2]. Since the objec-
tive function F(·) is an implicit function that must be evaluated
through Monte Carlo simulations, a genetic algorithm is em-
ployed to identify the optimal capacity parameters under dif-
ferent failure types and proportions. Subsequently, the values
of F under both the optimal capacity parameters and the max-
imum capacity parameters are computed, denoted as Fmax and
Fβ=γ=2, respectively. The results are presented in Table 10.

Table 10. Optimal capacity parameters under failures.

Failure mode p β1 β2 γ1 γ2 Fmax Fβ=γ=2

Random failure 0.6 1.63 1.47 1.48 1.58 0.557 0.557
Random failure 0.7 1.12 1.41 1.75 1.60 0.677 0.678
Random failure 0.8 0.86 1.05 1.39 1.53 0.789 0.789

Deliberate failure 0.9 0.70 1.34 1.88 1.59 0.878 0.879
Deliberate failure 0.99 1.34 0.80 1.48 1.41 0.988 0.988

As shown in Table 10, the optimal capacity parameter
configurations vary across different failure scenarios. Notably,
the maximum robustness achieved under optimal capacity pa-
rameters (Fmax) is almost identical to that under maximum ca-

pacity parameters (Fβ=γ=2). This finding indicates that param-
eter optimization enables comparable robustness enhancement
without necessitating the maximization of all parameters.

4.2. Critical edge protection

Protecting critical edges in a logistics network can also
enhance its robustness. By ranking edges based on between-
ness and protecting the top sp% of them, overload failures can
be prevented. Figure 10 illustrates the relationship between
F and p for different sp values under random and deliberate
failures.

As shown in Fig. 10, protecting critical edges in logistics
networks during random failures can enhance network robust-
ness to a certain extent, with better protective effects observed
in logistics networks than in supply chain networks. However,
during deliberate failures, protecting critical edges in logistics
networks does not significantly improve network robustness,
yielding only a very slight improvement when sp = 10%.

4.3. Add redundant edges

In addition to protecting critical edges in the logistics net-
work, redundant edges can be established for these critical
edges. This ensures that when one edge fails, an alternative
edge remains available. Similarly, edges are sorted by their
betweenness, and redundant edges are configured for the top
sr% of sorted edges. Under random and deliberate failure con-
ditions, the relationship between F and p for different sr values
is illustrated in Fig. 11.
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As shown in Fig. 11, adding redundant edges to the lo-
gistics network does not significantly enhance its robustness
during random failures. However, during deliberate failures,
introducing redundant edges significantly improves the net-
work’s robustness, with a greater effect observed in logistics
networks than in supply chain networks.

By combining these three robustness optimization strate-

gies, protecting critical edges in logistics networks can sig-

nificantly enhance network robustness during random failures.

Adding redundant edges to logistics networks significantly im-

proves robustness during deliberate failures, and optimizing

network capacity parameters enhances robustness across all

failure conditions.
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Fig. 10. Plot of F and p under the critical edge protection strategy.

.

.

.

.

.


 . . . . .

p

F
W

.

.

.

.

.


 . . . . .

p

F
G

.

.

.

.

.


 . . . . .

p

F
W

.

.

.

.

.


 . . . . .

p

F
G

(a) (b)

(c) (d)

Random failure

Deliberate failure

Random failure

Deliberate failure

sr/%

sr/%

sr/%

sr/%

sr/%

sr/%

sr/%

sr/%

sr/%

sr/%

sr/%

sr/%

sr/%

sr/%

sr/%

sr/%

Fig. 11. Plot of F and p under the redundant edge addition strategies.
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5. Discussion
5.1. Synergistic effect analysis

To evaluate the synergistic effects of the three strategies,
we designed strategy combination experiments using the con-
trol variable method to assess the effects of pairwise combina-
tions and the simultaneous implementation of all three strate-
gies. Let the three strategies be as follows: S1, optimize ca-
pacity parameters; S2, protect critical edges; S3, add redundant
edges. We define the synergistic effect factor, η , to quantify
the synergistic effects of strategy combinations:

η =
FSi+S j −Fbase

(FSi −Fbase)+(FS j −Fbase)
−1, (10)

where Fbase is the baseline robustness, FSi is the robustness
when using strategy Si alone, and FSi+S j is the robustness un-
der the combined strategy. If η > 0, it indicates positive syner-
gistic effects between different strategies; if η = 0, it indicates
that strategy effects are independent; if η < 0, it indicates neg-
ative synergistic effects between strategies.

Let the optimization parameters for S1 be β = γ = 1.1, for
S2 be sp = 1%, and for S3 be sr = 1%. Computer simulations
were conducted under random failure (p = 0.6, 0.7, 0.8) and
deliberate failure (p = 0.9, 0.99) scenarios. The simulation
results are shown in Table 11.

From these results, it can be concluded that the effects
of strategy combinations are not simply additive but exhibit
complex synergistic effects, as detailed below.

Under random failure, at higher failure ratios (p = 0.6),
all strategy combinations show significant positive synergis-
tic effects, with the S1 + S3 combination showing the most
prominent synergistic effect (η = 3.70), indicating that opti-
mizing capacity parameters and adding redundant edges give
the strongest synergistic enhancement at higher failure ratios.
As the failure ratio decreases to p = 0.7, the synergistic ef-
fect factors of all strategy combinations turn negative, indicat-
ing a certain degree of mutual cancellation among strategies in
moderate failure scenarios. When the failure ratio further de-
creases (p = 0.8), all combinations again show positive syner-
gistic effects, with S1 +S3 (η = 1.49) and S2 +S3 (η = 1.38)
performing better.

Under deliberate failure: at high failure ratios (p = 0.9),
only the S1 +S3 combination shows a significant positive syn-
ergistic effect (η = 4.37), while other combinations show neg-
ative or no synergistic effects. At low failure ratios (p = 0.99),
all strategy combinations show negative synergistic effects, in-
dicating that the joint implementation of multiple strategies ac-
tually reduces the overall protection effectiveness when facing
minor deliberate failures.

Table 11. The η values under different strategy combinations.

Strategy Random failure Random failure Random failure Deliberate failure Deliberate failure
combinations p = 0.6 p = 0.7 p = 0.8 p = 0.9 p = 0.99

S1 +S2 2.20 −0.41 0.05 0 −0.17
S1 +S3 3.70 −0.13 1.49 4.37 −0.50
S2 +S3 0.33 −0.35 1.38 −0.93 1.60

S1 +S2 +S3 1.72 −0.45 0.70 −0.93 −0.54

5.2. Applicability and cost-effectiveness analysis

To systematically evaluate the economic feasibility of the
three robustness optimization strategies in practical applica-
tions, we have constructed a decision framework based on unit
cost-effectiveness.

The S1 cost model: capacity optimization involves en-
hancing the capacity of all nodes and edges in the network.
The cost C1 is defined as: C1 = (nn + ne) · cc, where nn and
ne are the numbers of nodes and edges with enhanced capac-
ity, respectively, and C1 is the unit cost factor for capacity en-
hancement.

The S2 cost model: the critical edge protection strategy
protects high-betweenness edges in the network through tech-
nical means. The cost C2 is proportional to the number of pro-
tected edges: C2 = np ·cp, where np is the number of protected
edges and cp is the protection cost per edge.

The S3 cost model: adding redundant edges requires es-
tablishing new physical connections in the network. The cost
C3 is proportional to the number of added redundant edges:

C3 = nr · cr, where nr is the number of added redundant edges
and cr is the construction cost per edge.

Referring to cost analysis in the infrastructure manage-
ment literature, [40–43] we set the cost ratio relationship among
the three strategies as cc : cp : cr = 1 : 2 : 4. Let the optimiza-
tion parameters for S1 be β = γ = 1.1, and for S2 and S3 be
sp = sr = 1%. Then the S1 strategy requires optimizing 3000
nodes and 3000 edges, the S2 strategy requires protecting 30
edges, and the S3 strategy requires adding 30 edges. From this,
we can calculate C1 = 300, C2 = 30, and C3 = 60.

We define the unit cost robustness improvement Ri as the
evaluation metric

Ri =
∆F
Ci

=
FSi −Fbase

Ci
, (11)

where ∆F is the improvement in the robustness of the network
when adopting strategy Si and Ci is the cost of strategy Si.
Substituting the relevant parameter values, we can obtain the
Ri values under different strategies, as shown in Table 12.
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Table 12. The Ri values under different strategies.

Strategy
Random failure Random failure Random failure Deliberate failure Deliberate failure

p = 0.6 p = 0.7 p = 0.8 p = 0.9 p = 0.99

S1 0.00057 0.00191 0.00001 0.00000 0.00069
S2 0.00268 0.01341 0.00010 0.00000 0.00144
S3 0.00041 0.00177 0.00004 0.00294 0.00347

From this analysis, it can be concluded that when consid-
ering costs, the S2 strategy should be prioritized under random
failure, while the S3 strategy should be prioritized under delib-
erate failure.

5.3. Research limitations and future directions

This study assumes that the number of edges in the logis-
tics network equals the number of nodes in the supply chain
network (1:1 coupling), which is an idealized fully interde-
pendent structure. In real networks, the correspondence be-
tween logistics routes and supply chain nodes is typically more
complex, possibly involving one-to-many or many-to-many
dependency relationships. Therefore, the system robustness
assessed by the model represents a ‘theoretical lower bound,’
and the actual network resilience may be higher than predicted
by the model. Future research can introduce the edge-node
quantity ratio (ρ) and many-to-many coupling (ω) as key vari-
ables into the model to study the impact of different coupling
densities (ρ 6= 1) on network robustness, making the model
more realistic.

This study assumes a linear relationship between load
and degree (α = 1). In actual logistics–supply chain net-
works, load distribution may be influenced by multiple factors
such as geographical distance, transportation cost, and time
constraints, so the relationship between load and degree may
present other forms. Future research can set α to different val-
ues to discuss changes in network robustness under nonlinear
relationships between load and degree.

The deliberate failure method in this study assumes that
attackers have complete knowledge of network topology and
failure based on degree/betweenness priority. In reality, at-
tackers may have only partial information or limited failure
capabilities. Future research can introduce incomplete infor-
mation game models to study the game equilibrium between
failure and defense strategies.

This study is based on simulation modeling and lacks
empirical validation with real logistics–supply chain network
data. Future research could obtain industry data to validate the
model’s predictive capability and perform parameter calibra-
tion.

6. Conclusion
This study establishes a logistics–supply chain binary-

coupled network (LSBCN) model and systematically inves-

tigates network robustness under load redistribution mecha-
nisms using a dynamic load redistribution strategy. We eval-
uate network robustness under random failures and deliberate
failures, thoroughly analyze the impacts of capacity factor (β )
and capacity index (γ) on network performance, and design
three strategies for robustness optimization: parameter opti-
mization, critical edge protection, and redundant edge addi-
tion. Furthermore, we explore the synergistic effects and cost-
effectiveness among these strategies.

(1) Regulatory effects of capacity factors on network ro-
bustness: for logistics network failures, the capacity factor
β1 exerts a significant influence on overall system robustness.
Taking the critical threshold of complete network collapse as
the boundary, moderately increasing β1 rapidly enhances ro-
bustness below this threshold, whereas further increases yield
limited improvement beyond it. For supply chain network fail-
ures, β2 exhibits distinct characteristics: under random fail-
ures, increasing β2 improves the network size metric FW but
has a marginal effect on the GC ratio FG; under deliberate
failures, increasing β2 significantly enhances robustness only
when the failure proportion remains below the critical thresh-
old of complete collapse, beyond which the improvement van-
ishes.

(2) Modulation effects of capacity indices on network ro-
bustness: under random failures, the capacity index γ exhibits
patterns of influence analogous to β . Under deliberate fail-
ures, γ2 can optimize logistics network robustness to its max-
imum FW = 1 within a specific interval, while increasing γ1

consistently enhances robustness during supply chain network
failures.

(3) Effectiveness of robustness optimization strategies:
Parameter optimization significantly enhances network robust-
ness under both random failures and deliberate attacks, with
distinct optimal capacity parameters corresponding to differ-
ent failure proportions. Critical edge protection effectively im-
proves robustness under random failures, whereas the addition
of redundant edges proves more effective under deliberate at-
tacks.

(4) Synergistic effects and cost-effectiveness analysis:
under random failures, all strategy combinations exhibit sig-
nificant positive synergy at high failure proportions (p = 0.6),
with the combination of parameter optimization and redun-
dant edge addition demonstrating the strongest interaction. At
moderate failure proportions (p = 0.7), synergy factors turn

078902-13



Chin. Phys. B 35, 078902 (2026)

negative, whereas at lower proportions (p = 0.8) positive syn-
ergy reemerges. Under deliberate failures, only the combina-
tion of parameter optimization and redundant edge addition
shows significant positive synergy at high failure proportions
(p = 0.9), while all combinations exhibit negative synergy at
low proportions (p = 0.99). Cost-effectiveness analysis indi-
cates that critical edge protection should be prioritized under
random failures, whereas redundant edge addition is prefer-
able under deliberate failures.
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