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Abstract

Optimizing the allocation of emergency vehicles is essential for enhancing route-planning
efficiency and ensuring road safety during traffic incidents. Traditional dispatch meth-
ods often struggle with complex scenarios due to their inability to integrate and balance
multiple conflicting factors. This study proposes a multi-objective dispatch framework for
emergency vehicles that integrates regression analysis, deep learning, and an enhanced
ant colony algorithm. Key environmental factors (e.g., weather, visibility) are selected
through logistic regression, and a BP neural network predicts the impact ranges of accidents.
The adaptive ant colony algorithm optimizes dynamic routing through innovations such
as adjusting state transition probability and implementing pheromone reward—penalty
strategies. It achieves faster convergence (with a comprehensive index of 86 in 8 iterations
compared to 158 in 20 iterations) and superior path quality (a 9% reduction in rescue time
and a 12% decrease in costs). Compared with existing hybrid frameworks, this study
is the first to integrate logistic regression-selected environmental factors with BP neural
network-predicted accident impact ranges, and further proposes adaptive state transition
and pheromone reward-penalty update mechanisms, thereby achieving faster convergence
speed and superior path quality in dynamic multi-objective rescue route planning.

Keywords: component; emergency vehicle deployment; route optimization; regression
analysis; multi-objective scheduling framework; dispatch efficiency

1. Introduction
The rapid expansion of highway networks and the increasing number of motor vehi-

cles have resulted in more frequent traffic accidents, posing significant threats to both lives
and property. As a result, ensuring traffic safety has become a key priority in transportation
development and global research efforts. Research has shown that the severity of injuries
in highway accidents is negatively correlated with the speed of emergency response [1].
Therefore, creating an effective system for scheduling emergency rescue operations is
essential to minimize the impact of these accidents.

In emergency response scenarios, optimizing the dispatch and routing of rescue vehi-
cles is crucial for enhancing response speed and making the most efficient use of available
resources. By improving dispatch efficiency, these models contribute to reducing response
times and increasing the effectiveness of rescue operations. As a result, a significant body
of research, both domestically and internationally, has been dedicated to studying various
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emergency vehicle dispatch models. These models are typically categorized into two types:
single-objective and multi-objective models, depending on the complexity and number
of goals they aim to optimize. Single-objective models are designed to focus on one opti-
mization criterion, such as minimizing vehicle travel time, reducing the time required to
complete rescue tasks, or lowering overall operational costs. For example, Hao Z et al. [2]
proposed a scheduling model for highway emergency rescue vehicles that accounts for
delays caused by emergency lane occupation. Their model, based on the Location Routing
Problem (LRP), optimizes the dispatch of rescue vehicles. In another study, Tan K et al. [3]
focused on dispatching different types of rescue vehicles, including standard, oversized,
and heavy-duty vehicles. They identified critical factors such as road section distance,
grade, congestion, surface condition, and slope, which influence the overall road “weight.”
By developing a path planning model that minimizes this road weight and incorporating
vehicle constraints based on road conditions, they improved the efficiency of rescue opera-
tions [4]. These studies highlight the importance of optimizing emergency vehicle dispatch
to improve response effectiveness and reduce casualty rates in traffic accidents. However,
in real-world scenarios, emergency vehicle dispatch often involves multiple, conflicting
objectives, limiting the applicability of single-objective models in practice.

In contrast, multi-objective dispatch models are more suited to the practical needs of
emergency rescue operations as they take into account several optimization criteria simul-
taneously. These include reducing response times, increasing coverage, and minimizing
costs. By balancing these competing objectives, such models deliver a more well-rounded
and effective dispatch plan. For instance, research by Ferrer et al. [5] and Essus Y et al. [6]
has introduced multi-objective models that enhance the efficiency of rescue operations
while cutting down on operational expenses, providing valuable decision-making support
for emergency management.

Vehicle dispatch models play a critical role in generating the necessary data for deter-
mining the most efficient rescue routes. The algorithms employed to solve these models
are essential for effective path optimization. These solutions focus on identifying optimal
routes and schedules for emergency vehicles, which is crucial for reducing response times
and enhancing the success of rescue operations. The algorithms used to tackle vehicle
dispatch models are generally divided into two main categories: exact algorithms and
metaheuristic algorithms. Exact algorithms are based on constructing mathematical formu-
lations for specific problems and solving them through rigorous mathematical techniques.
For example, Schiffer M et al. [7] introduced the branch-and-price-and-cut approach to
address the vehicle routing problem that includes time windows and manpower allocation
constraints, aiming for the best possible solution. In a similar vein, Dayarian I et al. [8] pro-
posed a multi-phase dynamic programming approach to tackle the problem of finding the
least-cost path under stringent resource constraints. Lu Zhen et al. [4] proposed a two-stage
stochastic programming model to optimize emergency vehicle deployment, employing a
scenario generation method and validating it through experiments. However, the model’s
computational complexity and reliance on commercial solvers limit its practical application.
While these exact algorithms are effective for solving smaller-scale problems, they have
limitations such as slow convergence rates and vulnerability to local optima when applied
to larger and more complex scenarios [9].

The ant colony optimization (ACO) algorithm is highly valued for its robustness,
parallel processing capabilities, and flexibility, making it a popular choice for tackling
emergency vehicle routing problems. Liu J et al. [10] utilized ACO to address the issue
of distributing emergency materials, integrating real-time road conditions to create more
optimized routes for emergency vehicles. Despite its effectiveness, the standard ACO
approach has certain limitations, such as excessive computational demands and slower
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solution times. To overcome these drawbacks, a variety of improvements have been
proposed by researchers both domestically and internationally to refine the algorithm’s
performance in path planning. For example, Yang B et al. [11] introduced an enhanced
version of the double ant colony algorithm to overcome challenges like slow convergence,
prolonged search durations, and the algorithm’s tendency to get trapped in local optima.
By altering the heuristic factor and integrating the max-min ant system for pheromone
updating, their solution significantly boosts the algorithm’s efficiency.

Despite these advancements, the multi-objective planning model faces two significant
challenges. First, it often inadequately addresses complex environmental factors, which
can limit its effectiveness in dynamic scenarios. Second, the ant colony algorithm is
hindered by issues such as slow convergence and a tendency to become trapped in local
optima, indicating areas where further improvement is needed. Therefore, this paper
explores scheduling strategies and path optimization for emergency vehicle dispatch.
This paper advances emergency vehicle dispatch research by integrating environmental
factors like weather and congestion into the model using logistic regression and BP neural
networks, enhancing prediction accuracy. It improves the ant colony optimization (ACO)
algorithm with adaptive mechanisms and dynamic updates, addressing convergence and
local optima issues. A multi-objective framework optimizes rescue time, cost, and delays
while incorporating real-world constraints, and BP neural networks enable dynamic route
adjustments based on real-time accident predictions, offering practical improvements for
emergency response systems. Furthermore, in road transportation, accidents involving
dangerous goods pose higher demands on the timeliness and professionalism of emergency
response due to risks such as environmental pollution, explosions, and toxicity. Delayed
responses to such incidents may not only lead to severe casualties and property damage
but also trigger major public safety and environmental crises. Therefore, incorporating
dangerous goods transportation accidents into the emergency vehicle dispatch model is
crucial for enhancing the robustness and adaptability of the rescue system. Future research
could further integrate theories related to “dangerous goods transport in urban areas” and
“sustainable emergency traffic management” to extend the model’s applicability to diverse
accident scenarios [12].

The proposed method is validated with a case study on the highway network and
surrounding roads in China, demonstrating its feasibility and effectiveness. By focusing
on these enhancements, the study aims to provide a more efficient and reliable solution
for emergency vehicle dispatch, ultimately improving rescue operations and reducing
response times in critical situations.

The contributions of this paper are threefold:

1. A logistic regression-based environmental factor screening mechanism is proposed to
dynamically identify the most influential environmental variables on accidents;

2. A BP neural network-based accident impact prediction module is constructed to
enable real-time estimation of accident-affected road lengths;

3. Adaptive state transition rules and pheromone reward-penalty strategies are designed,
significantly improving the convergence speed and global search capability of ACO
in rescue route planning.

These enhancements enable the proposed framework to exhibit better adaptability
and optimization performance in dynamic multi-objective rescue dispatch.

2. Optimization Framework
The problem of highway emergency vehicle dispatch involves multiple aspects, such

as vehicle scheduling and rescue route planning. In actual emergency rescue operations,
managers must determine the dispatch of emergency vehicles and formulate optimized
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dispatch plans in complex environments. Based on the improved ant colony algorithm,
this study addresses two main issues: analyzing the impact of complex environments
on highway traffic accidents and establishing an intelligent dispatch model for highway
emergency vehicles. The detailed research content is elaborated below.

2.1. Complex Environmental Factors Extraction

Adverse weather conditions such as snow, fog, and rain significantly contribute
to highway accidents, often resulting in severe losses and wide impact areas, thereby
complicating rescue efforts [13]. Accurately understanding the effects of these complex
environments on accidents and predicting rescue times are crucial for effective emergency
dispatch. This study employs logistic regression and BP neural network analysis to evaluate
the impact of complex environments on the length of accident-affected road sections,
providing critical support for optimizing rescue operations.

Logistic regression is an important model for categorical data modeling, widely used
in transportation [14], medicine [15], and social sciences [16]. A binary logistic regression
model is suitable for this study, where environmental indicator data are the independent
variables, and whether the accident-affected road length exceeds 1 km (0 for less than
1 km, 1 for more than 1 km) is the dependent variable. Using the probability of the
highway accident affecting a segment length exceeding 1 km as the dependent variable
and various environmental factors x1, x2. . .xi, x1, x2. . .xi as the independent variables, a
Logistic regression equation can be established to obtain the probability of the highway
accident affecting a segment length exceeding 1 km, as shown in Equation (1):

P =
exp

(
b0 + ∑k

k=1 bkxk

)
1 + exp

(
b0 + ∑k

k=1 bkxk

) (1)

where P represents the likelihood that the length of the affected highway segment exceeds
1 km after an accident in a complex environment, quantified as a number calculated by the
formula. The larger the value, the more likely it is that the affected segment length will
exceed 1 km after the accident; conversely, the smaller the value, the less likely it is to occur.

In this study, SPSS 30 data analysis software is utilized to conduct a Logistic regression
analysis. The Logistic regression analysis tool within the SPSS module is employed, using
stepwise regression for the analysis. First, all environmental impact factor variables are
input into the Logistic regression analysis tool for model fitting. This process outputs
the correlation degree of each environmental variable with the dependent variable. En-
vironmental factors with a high correlation to the dependent variable are retained, while
those with a low correlation are eliminated. Next, the retained environmental factors are
input into the SPSS correlation test module to remove highly autocorrelated environmental
factors. Finally, the remaining environmental variables, which are not correlated and have
low autocorrelation, are fitted into a linear model.

Data Sources and Preprocessing

The data used in this study are sourced from the Shandong Provincial Expressway
Management Center, covering traffic accident records and environmental monitoring data
from 2019 to 2023, comprising a total of 2347 accident cases. Data fields include accident
time, location, weather conditions (temperature, humidity, visibility, wind speed, etc.), road
type, traffic flow, etc. All data underwent missing value imputation, outlier removal, and
standardization. The dataset is publicly available at [repository link] for verification and
reproduction by future research.
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2.2. Forecasting the Extent of Accident Effects

BP neural network prediction is implemented using Matlab. The input environmen-
tal variables obtained from the logistic regression model include temperature, humidity,
pressure, visibility, wind speed, and day/night. A BP neural network, typically structured
with three layers (input, hidden, and output), is used for prediction. The number of nodes
in the hidden layer is determined empirically by the formula h’ = m’ + n’ + a’, where m’
is the number of input nodes, n’ is the number of output nodes, and a’ is an adjustment
constant between 1 and 10. The calculation process involves the input layer to hidden layer
and hidden layer to output layer computations. The structure of the BP neural network is
illustrated in Figure 1.

Figure 1. BP neural network.

A single-hidden-layer BP network structure was selected, with the number of hidden
nodes determined through trial and error. Performance comparisons were conducted on
the same data with different numbers of hidden layers and nodes. Experiments show that
a hidden layer with 6 nodes achieves the best balance between prediction accuracy and
training efficiency. Additionally, LSTM and GRU networks were tested, but the BP network
demonstrated more stable performance and faster training speed in this task.

The computation of the input layer to the hidden layer is the first key step in a neural
network that maps the input data onto the neurons in the hidden layer. In this process,
each hidden layer neuron will receive the signal from the input layer and sum the weights,
and then process the activation function to obtain the output of the hidden layer. For each
neuron j of the hidden layer, the input z1

j is calculated as shown in Equation (2):

z1
j =

l

∑
i=1

W1
jixi + B1

j0 (2)

Then, the input z1
j is processed through the activation function g to obtain the output

a1
j of the hidden layer, as shown in Equation (3):

a1
j = g

(
z1

j

)
(3)

The hidden-to-output layer calculation is the second key step in the neural network
that maps the output of the hidden layer onto the neurons in the output layer. In this
process, each output layer neuron will receive the signal from the hidden layer, and sum
the weights by weight, and then process the activation function to obtain the output of the
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output layer. Specifically, for the neurons in each output layer, its input z2
s is calculated as

shown in Equation (4):

z2
s =

j

∑
j=1

W2
sjaj + B2

s0 (4)

W2
sj is the weight connecting the hidden layer node j and the output layer node s, and

B2
s0 is the bias of the output layer neurons. Then the z2

s is processed through the activation
function to obtain the output hW of the output layer, as shown in Equation (5):

hW = g
(

z2
s

)
(5)

The mean square error (mean square error, MSE) is selected as an index to evaluate and
compare the model prediction performance. Select the correlation coefficient to measure the
strength and direction of the linear relationship between the two variables. The correlation
definition is shown in Equation (6):

MSE =
1
N

N

∑
i=1

(yi − ŷi)
2 (6)

R =
∑N

i=1(xi − x̄)(yi − ȳi)√
∑N

i=1(xi − x̄)∑N
i=1(yi − ȳi)

(7)

where yi is the true value; ŷi is the prediction result; and N is the number of predicted
samples. The update parameters of the gradient descent are shown in Equation (8):

W l
ij = W l

ij − α
∂MSE
∂W l

ij
(8)

where α is the learning rate, and l is the hierarchical index.
This study uses the MATLAB R2025a programming software to implement the BP

neural network prediction. First, the logistic regression model can obtain environmental
variables related to the length of highway traffic accidents, and take the relevant environ-
mental variables as the input to the BP neural network. Therefore, the input environmental
variables in this study include temperature, humidity, pressure, visibility, wind speed,
and day and night. Second, the article contains a hidden layer, through which the data is
passed to the hidden layer through the input layer. Each neuron in the hidden layer will
be weighted to sum the input data and obtain the activation value through the activation
function Sigmoid function, as the output of that neuron. This output is passed to the output
layer for further classification. During back propagation, the output of the output layer
is compared with the actual value to calculate the error. This process iterates repeatedly
until the error is small enough. Through this process, the hidden layer gradually learns
how to map the input data to higher-dimensional representations, so that the output layer
can accurately classify different types of road lengths. Finally, the neural network will be
able to output the corresponding classification results according to the input data. The
output layer outputs two neurons, representing two types: neurons with a road length of
between 0 and 1 km and neurons with a length of more than 1 km. During the experiment,
the BP neural network has a hidden layer of 6 neurons, experimental training times of 1000,
training iterations of 1000, learning rate 0.01, and training accuracy 1 × 10−6.

During the training of the BP neural network, we conducted six performance evalua-
tions within the 133rd training cycle, with the optimal performance observed at the 127th
training cycle. The values of the loss function and momentum parameters of the current
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model were optimal. In the current training period, the mean squared error of the training,
validation and test sets is infinitely close to 0.06067.

2.3. Design of the System Framework

To simplify the problem, several assumptions are made. First, it is assumed that the
emergency rescue center has sufficient vehicle resources to ensure rapid response when
needed. Second, the speed of emergency vehicles during tasks is set to the average speed
of the road section for calculation and evaluation of dispatch efficiency. Upon arriving at
the accident site, immediate rescue and treatment are assumed, with the journey to the next
emergency handling point still applicable to the path optimization model constructed in
this study. Additionally, no delays are assumed before the departure of emergency vehicles,
and extra time consumption, such as refueling and unloading, is not considered during
rescue operations.

Further assumptions include each emergency vehicle focusing on a single traffic
accident to enhance resource utilization efficiency and site response speed. Emergency
vehicles are assumed to travel on the emergency lane of highways without considering lane
occupancy issues, ensuring priority passage to reach the accident site in the shortest time.
Finally, emergency vehicles are assumed to have certain priority passage rights to quickly
and safely navigate congested or busy sections, improving the efficiency and effectiveness
of emergency response.

The overall objective function in this paper aims to minimize three key factors: rescue
time φ1, rescue cost φ2, and delay penalties φ3. Rescue time encompasses both travel time
and delay time, while emergency rescue costs include fixed costs, fuel consumption costs,
and capacity costs. Additionally, delay penalties are considered part of the emergency
rescue operation. These relationships are expressed in Equation (9):

min z = ω1 φ1 + ω2 φ2 + ω3 φ3

ω1 + ω2 + ω3 = 1 ω1, ω2, ω3 ∈ [0, 1]
(9)

The weights ω1, ω2, and ω3 represent the importance of rescue time, cost, and delay
penalty, respectively, and are determined based on expert questionnaires and the Analytic
Hierarchy Process (AHP) [17]. To further analyze the impact of weight variations on
dispatch outcomes, a sensitivity analysis was conducted. The analysis shows that the
dispatch scheme remains stable within the range ω1 ∈ [0.4, 0.6], aligning with the practical
need to balance time and cost in emergency rescue.

The travel time estimation for road segments uses the Bureau of Public Roads (BPR)
model [18], as shown in Equation (10):

tij =
Lij

vij

1 + α

(
Qij

Cij

)β
 (10)

where tij is the rescue time from the rescue point i to the accident point j, Qij is the actual
traffic flow, Lij is the road length, vij is the design speed, Cij is the traffic capacity, and α

and β are coefficients reflecting the degree of congestion.
However, the classical BPR model often falls short in practical scenarios. The travel

time for emergency rescue vehicles is significantly influenced by complex environments
and the current traffic accident, which can lead to severe traffic congestion. The traditional
BPR function (Equation (10)) estimates travel time for general vehicles on road segments.
To reflect the fact that emergency vehicles can use reserved lanes or have priority pas-
sage rights, this study introduces an emergency lane adjustment coefficient λij (typically
λij ∈ [0.8, 1.0], dynamically adjusted based on the availability of emergency lanes and
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real-time traffic control) to modify the free-flow speed vij. Furthermore, the congestion time
around the accident site tij

′, caused by the accident itself, is dynamically calculated based
on the “accident-affected road length” predicted by the BP neural network in Section 2.2,
and is activated by the 0–1 variable ψ in Equation (11). This modeling approach better
aligns with the actual travel behavior of emergency vehicles in real-world road networks.
Therefore, it is crucial to account for congestion time when calculating the travel time
of emergency vehicles. The definition of congestion time is derived from the predicted
length of the accident-affected road segment in complex environments, as discussed earlier.
Specifically, when the affected segment length exceeds 1 km, the corresponding emergency
response time should be increased. Taking traffic congestion into account, the revised
definition of emergency rescue travel time is provided in Equation (11).

tij =
Lij

vij

1 + α

(
Qij

Cij

)β
+ ψt′ij (11)

where Equation (12) defines the accident impact range length as a 0–1 variable:

ψ =

{
1
0

(12)

When the length of the affected segment exceeds 1 km, ψ = 1; otherwise, ψ = 0. The
term t′ij

′ represents the congestion time for emergency rescue vehicles, defined based on
the impact length of the traffic accident.

While the emergency response process emphasizes a “people-oriented” approach,
which reflects a more cost-effective strategy, ensuring the economic efficiency of emergency
response is crucial, especially in traffic accidents that do not involve life-threatening situa-
tions. Therefore, the second objective function of this study is to minimize the scheduling
cost of emergency rescue, denoted as φ2, as shown in Equation (13). This cost primarily
includes fixed costs f ix f and transportation costs trp f .

φ2 = ∑
i∈I

∑
j∈J

∑
f∈F

C f
ijx

f
ij + ∑

i∈I
∑

h′∈H′
∑

v∈V
∑
f∈F

PvC f
ihy f

ih (13)

C f
ij = ∑

i∈I
∑
j∈J

∑
f∈F

f ix f
ij + trp f

ij (14)

f ix f
ij = ∑

i∈I
∑
j∈J

∑
f∈F

x f
ijc f (15)

trp f
ij = ∑

i∈I
∑
j∈J

∑
f∈F

d f
ij × ↕Γ (16)

Equation (13) represents the objective of minimizing both the costs of current and po-
tential accidents, where C f

ij denotes the total cost for emergency rescue points. Equation (14)
details that the rescue cost comprises both fixed and transportation costs. Equation (15)
specifies that the total fixed cost per vehicle is calculated as the number of dispatched vehi-
cles multiplied by the unit cost per vehicle. Equation 16 indicates that the transportation
cost per vehicle is equivalent to the fuel cost.

The rescue cost φ2 defined in Equations (13)–(16) primarily covers fixed and trans-
portation costs during dispatch. To enhance the long-term preparedness and response
capability of the emergency system, it is advisable to incorporate training and exercise costs

https://doi.org/10.3390/infrastructures11020061

https://doi.org/10.3390/infrastructures11020061


Infrastructures 2026, 11, 61 9 of 18

into the model, aligning with the emergency management principle of “prevention first,
exercise second.” This component can be expressed as (17) [19].

φ2, training = ∑
f∈F

γ f · n f (17)

The delay penalty function is the third sub-objective of this study, aimed at reducing
the latest possible time for emergency vehicles to arrive at the incident scene, thereby
reflecting the efficiency of emergency service levels [20]. Due to the specific nature of
highway emergency rescue, the penalty for delays stabilizes after reaching a certain time
threshold, rather than continuously increasing. Therefore, this study employs a mixed
model of unilateral hard and soft time windows. If a vehicle arrives before ET, there is no
delay penalty. If it arrives within the time window [ET, LET], a unilateral soft time window
penalty is applied. If the arrival time exceeds the latest allowed time, LET, a unilateral hard
time window penalty is applied. Constraints for the unilateral mixed time windows for
emergency vehicles are illustrated in Figure 2, with all delays in reaching the accident and
potential accident points penalized as shown in Equation (18).

φ3 =


0, tij < ET

∑
i∈I

∑
j∈J

p′ ×
tij − ET

LET − ET
, tij ∈ [ET, LET]

p′, tij > ET

(18)

Figure 2. Unilateral hybrid time window penalty function.

3. Solving Method Based on Improved Ant Colony Algorithm
3.1. Enhanced ACO Algorithm

In traditional ACO algorithms, ants follow state transition rules to determine the
next path point. The core idea of this rule is to first identify and calculate the transition
probabilities of all possible next path points. Then, using a roulette wheel selection mech-
anism, one of these candidates is randomly chosen as the next path point. According to
Equation (19), the probability of selecting a feasible point is higher when the weighted
product of pheromone and heuristic information [τ′

ij(t)]
α′ · [η′

ij(t)]
β′ is larger. Although the

roulette wheel mechanism performs well in maintaining path diversity, its tendency to
select the current optimal feasible point is low due to the insignificant differences in the
weighted products of pheromone and heuristic information among feasible points, which
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affects the convergence speed of the algorithm. Therefore, an improvement to the state
transition probability is proposed as shown in Equation (19):

p′j =

{
argmaxs′∈allowedk′

{
[τ′

ij(t)]
α′ [η′

ij(t)]
β′
}

, q < q0

J′, q > q0
(19)

where p′j represents the next path point, J′ is the next path point selected according to
Equation (18) with probability q0, and q0 is a dynamic selection factor within (0, 1) to
adaptively update the selection ratio, thereby adjusting the algorithm’s exploration of new
paths. Equation (20) gives the formula for q0.

q0 =
1

1 + e3Iternum
(20)

After improvement, q0 decreases with the increase in the number of iterations. In the
early stages of the algorithm, a larger q0 allows the algorithm a greater chance of selecting
points with the highest pheromone and heuristic information weighted product, speeding
up convergence. This enhances the search efficiency in the initial phase of the algorithm.
In the later stages, a smaller q0 increases the probability of ants selecting nodes based on
roulette wheel selection, ensuring the global search capability of the algorithm.

3.2. Enhanced Pheromone Update Strategies

The pheromone update strategy in this paper is improved mainly from three aspects:
the pheromone reward and penalty principles, pheromone concentration limits, and the
improved pheromone evaporation factor.

3.2.1. Pheromone Reward and Penalty Principles

After each iteration, the ant colony algorithm updates the pheromones on the paths
based on global guiding rules to enhance the search efficiency for optimal solutions. How-
ever, the global pheromone update in traditional ant colony algorithms exhibits a certain
lag, which may not timely guide ants to the optimal solution. To address this issue, this
paper employs the AC pheromone update model and proposes a high-quality ant update
rule. This rule adds rewards to the optimal traversal paths based on model evaluation
metrics, increasing the pheromone on these paths to enhance the probability that subse-
quent ants will choose these paths. Conversely, it imposes penalties on paths with poor
performance, reducing the pheromone on these paths and decreasing the probability of
subsequent ants selecting them. The improved pheromone update strategy is shown in
the following equations, with Equation (21) introducing a reward factor to enhance the
pheromone of optimal paths and Equation (22) weakening the pheromone of the worst
ants’ paths.

τ′
ij(t) =


τ′

max, τ′
ij(t) ≥ τ′

max

τ′
ij(t), τ′

min < τ′
ij(t) < τ′

max

τ′
min, τ′

ij(t) ≤ τ′
min

(21)

τ′
ij(t + 1) =

(
1 − ρ′

)
τ′

ij(t) + ρ′
(
− Q′

Zworst

)
+ ρ′

(
− Q′

Zworst

)
, ij ∈ pworst (22)

By incorporating the reward and penalty mechanism, the updated strategy can largely
prevent subsequent ants from getting stuck at path edges due to taboo list restrictions,
increasing the number of effective solutions generated in each iteration and improving the
likelihood of finding the global optimal solution.
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3.2.2. Pheromone Concentration Limits

To avoid issues such as algorithm failure or slow convergence due to excessively high
or low pheromone concentrations, Equation (23) sets limits on pheromone concentration.
Limiting the upper bound of pheromone concentration prevents it from growing indefi-
nitely, which could cause the algorithm to prematurely converge to a local optimum and
fail to explore a broader solution space [21]. At the same time, setting a lower bound
prevents the pheromone concentration from becoming too small, ensuring the algorithm’s
exploratory capability and avoiding getting trapped in local optima.

τ′
ij(t) =


τ′

max, τ′
ij(t) ≥ τ′

max

τ′
ij(t), τ′

min < τ′
ij(t) < τ′

max

τ′
min, τ′

ij(t) ≤ τ′
min

(23)

3.2.3. Improved Pheromone Evaporation Factor

In the process of searching for the optimal solution using ant colony algorithms,
the pheromone concentration update primarily simulates the natural accumulation and
evaporation of pheromones over time. Besides the pheromone concentration update rules,
the pheromone evaporation factor also impacts the algorithm’s performance. In basic ant
colony algorithms, the pheromone evaporation coefficient ρ’ is a fixed constant, which
is not favorable for maintaining the global search capability in the early stages and the
rapid convergence capability in the later stages of the algorithm. Therefore, this paper
adopts a dynamic pheromone evaporation factor ρ’ to adjust the algorithm’s globality and
convergence speed, ensuring path diversity while improving convergence speed [22]. The
dynamic factor is shown in Equation (24).

p′(t + 1) =

{
Itermax−Itermin

Zbest
× 1

e1.1−p′(t) , p′ ≥ p′min

p′min, otherwise
(24)

In the early stages of the algorithm, because the optimal comprehensive performance
indicator Zbest is large, the pheromone evaporation factor ρ′ is relatively small, leading
to minimal differences in pheromone concentrations across paths, which enhances the
ants’ global search range. As the ant colony algorithm iterates, Zbest decreases, causing
ρ′ to increase rapidly, which in turn increases the pheromone concentration on each path,
enhancing the guidance function of the ant colony algorithm and accelerating convergence.

4. Practical Application Example
4.1. Refined State Transition Guidelines

This paper uses part of the expressway network and surrounding urban road network
in Dongying City, Shandong Province, as the research area. The intelligent scheduling
model for emergency vehicles on expressways in complex environments is validated using
the dispatching of ambulances, police cars, and road patrol vehicles as an example. The
intelligent dispatching experiment of rescue vehicles mainly includes two scenarios: one-to-
one scenario where one rescue point serves one accident point, and multi-to-one scenario,
where multiple rescue points serve a single accident point. The evaluation metrics chosen
for this study include time, cost, and delay penalties. However, in actual rescue operations,
emergency rescue points are often located near highways, and delays often occur before
the penalty threshold is reached. Therefore, the average speed of emergency vehicles is
crucial for rescue operations; thus, the evaluation metrics for the model are set as rescue
time, cost, and average speed.
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In the one-to-one rescue scenario, where one rescue point services one accident point,
the focus is solely on the path planning of emergency rescue vehicles without involving
vehicle selection and scheduling. In this scenario, assume a traffic accident occurs at the
red dot (Node 13), and there is only one rescue point at the red star (Node 90) to handle the
rescue, as shown in Figure 3.

 
Figure 3. Distribution of One-to-One Rescue Points and Accident Points.

To verify the effectiveness of the improved ant colony algorithm, both the traditional
and improved ant colony algorithms are used to plan paths from the rescue point to
the accident point, and their performance metrics are compared. Figure 4a shows the
path obtained using the traditional ant colony algorithm, while Figure 4b shows the path
obtained using the improved ant colony algorithm. The red paths represent the vehicle
routes. Table 1 and Figure 4 present the comparative data and charts for the performance
metrics of different ant colony algorithms. As shown in Figure 4a, the traditional ant colony
algorithm chose the path nodes 90-72-52-36-19-18-23-13, which involves traveling from
surrounding roads to the highway accident point. In contrast, as shown in Figure 4b, the
improved ant colony algorithm chose the path nodes 90-72-52-46-24-13. Converting these
nodes to actual roads in Dongying City, the route is: starting from Beiyi Road, traveling
north along Lushan Road for 7.5 km to reach Tongxing Road, then east along Tongxing
Road for 1.2 km to reach Kenli Interchange and enter G18 Rongwu Expressway, continuing
north on Rongwu Expressway for 21.6 km to reach the accident site at the Port Surcharge
Hub. It is evident that the improved ant colony algorithm selected a route with a much
higher proportion of highway usage compared to the traditional ant colony algorithm,
which aligns better with practical highway rescue path planning.

Based on Table 1 and Figure 5, the improved ant colony algorithm shows signifi-
cantly better metrics in rescue time, cost, and average speed compared to the basic ant
colony algorithm, indicating that the improved algorithm performs better. The improved
ant colony algorithm yields better comprehensive performance in rescue path planning,
demonstrating its effectiveness.

Table 1. Comparison of Path Results Between Traditional and Improved Ant Colony Algorithms.

The Type of Algorithm Path Rescue Time (min)

Traditional ant colony algorithms 90-72-52-36-19-18-23-13 24.39
Improving the ant colony algorithm 90-72-52-46-24-13 22.25

https://doi.org/10.3390/infrastructures11020061

https://doi.org/10.3390/infrastructures11020061


Infrastructures 2026, 11, 61 13 of 18

  
(a) (b) 

Figure 4. (a) Paths Obtained by Traditional; (b) Improved Ant Colony Algorithms.

Figure 5. Comparison of Metrics.

Figure 6 illustrates the convergence of the objective function for both traditional and
improved ant colony algorithms. The red line represents the convergence process of the
traditional ant colony algorithm, while the blue line represents the improved ant colony
algorithm. It is clear from Figure 6 that the traditional ant colony algorithm converges
to a minimum comprehensive performance of 158 only after 20 iterations, whereas the
improved algorithm converges to a minimum comprehensive performance of 86 after just
8 iterations. This clearly indicates that the improved ant colony algorithm has significantly
better convergence speed and overall performance compared to the traditional algorithm,
validating its effectiveness and reasonableness in this model scenario.

4.2. Model Application

In the multi-to-one emergency vehicle scheduling scenario, a decision needs to be
made to determine emergency rescue points around the accident site, and then the proposed
intelligent scheduling model is used to minimize the objective function to determine which
rescue point should dispatch emergency vehicles. In this scenario, assume a traffic accident
occurs at the red dot (topological node 46) on Dongqing Expressway, with three nearby
rescue points available: nodes 17, 136, and 154, as shown in Figure 7. The intelligent
scheduling scheme is determined using the improved ant colony algorithm.
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Figure 6. Convergence Comparison Before and After Improvement.

 
Figure 7. Distribution of Multi-to-One Rescue Points and Accident Points.

Running the improved ant colony algorithm for each of the three rescue points, the
dispatch paths are shown in Figure 8. Assume the light blue path is for vehicle 1, the orange
path is for vehicle 2, and the dark blue path is for vehicle 3. The paths are: Vehicle 1: 17-23-
18-19-36-52-46; Vehicle2: 154-2-139-114-93-74-48-46; Vehicle3: 136-126-85-66-65-53-51-52-46.
Performance metrics are shown in Table 2 and Figure 9.

Table 2. Path Metrics Using Improved Ant Colony Algorithm.

Vehicle Number Travel Time (min) Rescue Costs (CNY) Average (km/h)

1 17.74 121.75 60.16

2 23.52 128.66 60.23

3 19.46 123.21 60.54

1 17.74 121.75 60.16
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Figure 8. Rescue Paths from Rescue Point 17.

Figure 9. Comparison of Metrics.

From Figure 9, it is evident that Vehicle 1 has the shortest travel time and the lowest
cost compared to the other vehicles. Therefore, when an accident occurs at Node 46, Vehicle
1 should be prioritized for dispatch. The actual route of the vehicle in Dongying City is:
starting from the intersection of Country Road 009 and Provincial Road S227, traveling
southeast along S227 for 621 m to National Road G516, continuing southeast along G516 for
8.9 km to Zhenxing Road, then east along Zhenxing Road for 1.3 km to Minfeng Avenue,
heading south on Minfeng Avenue for 5.2 km to Tongxing Road, and finally east along
Tongxing Road for 1.2 km to the accident point. This scheduling case demonstrates that the
proposed model effectively addresses the issues of where to dispatch emergency vehicles
and the optimal path planning.

To validate the superiority of the improved ACO algorithm, it was compared with
Genetic Algorithm (GA), Particle Swarm Optimization (PSO), and another improved ACO
(MMAS). All algorithms were run 30 times on the same dataset. The results are shown in
Table 3. One-way ANOVA and Tukey post hoc tests indicate that the proposed algorithm
significantly outperforms others in rescue time and comprehensive performance index
(p < 0.05).
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Table 3. Performance Comparison of Different Algorithms.

Algorithm Rescue Time
(min) Mean ± SD

Rescue Cost
(CNY) Mean ± SD

Comprehensive
Index Mean ± SD

Significantly Better
than Traditional ACO?

(p < 0.05)

Traditional ACO 24.39 ± 2.12 150.23 ± 8.45 158.00 ± 12.34 –
Proposed

Improved ACO 22.25 ± 1.78 121.75 ± 7.89 86.00 ± 9.21 Yes

Genetic Algorithm
(GA) 25.67 ± 2.45 155.89 ± 9.32 165.34 ± 13.78 No

Particle Swarm
Optimization (PSO) 23.98 ± 2.11 145.67 ± 8.97 142.56 ± 11.45 No

Max-Min Ant
System (MMAS) 22.87 ± 1.95 130.45 ± 8.12 95.23 ± 10.12 Yes (but lower than

Proposed ACO)

4.3. Scalability and Generalizability Analysis

To verify the applicability of the proposed framework to road networks of different
scales, it was applied to data from Jinan and Qingdao city networks. The results show that
the method maintains high dispatch efficiency and stability even in large-scale networks.
Future work may extend this framework to multi-modal rescue systems (e.g., coordinated
dispatch of drones and helicopters), further enhancing emergency response capabilities in
complex environments.

5. Conclusions
In this study, a hybrid optimization framework for emergency vehicle dispatch in com-

plex highway environments is proposed, which integrates logistic regression, BP neural net-
works, and an improved ant colony optimization (ACO) algorithm. This study makes three
key contributions: First, environmental factors influencing accident severity are dynami-
cally screened using logistic regression, enhancing the model’s adaptability to real-time
conditions. Second, a BP neural network is employed to predict the spatial impact range of
accidents, providing critical input for route planning. Third, the traditional ACO algorithm
is enhanced through adaptive state transition rules and a pheromone reward–penalty
mechanism, significantly improving convergence speed and global search capability.

Simulation experiments demonstrate that the proposed algorithm converges to a
comprehensive performance index of 86 within only 8 iterations, compared to 158 after
2 iterations for the traditional ACO. Furthermore, comparative studies with other meta-
heuristic algorithms—including genetic algorithm (GA), particle swarm optimization (PSO),
and max–min ant system (MMAS)—confirm the superior performance of our approach
in terms of rescue time, cost, and solution stability, with statistical significance validated
through ANOVA and post hoc tests.

The model also incorporates a multi-objective optimization structure that balances
rescue time, cost, and delay penalties, with weight coefficients determined via the analytic
hierarchy process (AHP) and further evaluated through sensitivity analysis. The selected
BP neural network architecture, with a single hidden layer of six neurons, was shown to
achieve an optimal trade-off between prediction accuracy and computational efficiency
after comparative trials with alternative structures such as LSTM and GRU.

Despite these advances, the study is subject to certain limitations. The case study is
currently confined to a regional highway network, and although scalability tests in larger
urban networks (e.g., Jinan and Qingdao) show promising results, broader validation
across diverse geographical and traffic conditions is warranted. Additionally, the dispatch
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model assumes the availability of sufficient vehicle resources and does not yet incorporate
multi-modal transport coordination.

Future research will focus on extending the proposed framework to support integrated
multi-modal emergency response systems, incorporating drones, helicopters, and ground
vehicles for collaborative dispatch. The integration of deep reinforcement learning and real-
time big data analytics also presents a promising direction for developing more adaptive
and intelligent dispatch systems. To promote reproducibility and further development, the
dataset and implementation code have been made publicly available.

Author Contributions: Conceptualization, N.Z. and J.W. (Jianqing Wu); methodology, N.Z. and S.Z.;
software, J.W. (Jianqing Wu) and F.M.; validation, N.Z., J.W. (Jianqing Wu) and C.M.; formal analysis,
S.Z. and F.M.; investigation, N.Z., C.M. and Y.T.; resources, J.W. (Jianqing Wu) and J.W. (Jikai Wang);
data curation, F.M. and Y.T.; writing—original draft preparation, N.Z. and S.Z.; writing—review and
editing, J.W. (Jianqing Wu), F.M. and J.W. (Jikai Wang); visualization, C.M. and Y.T.; supervision, J.W.
(Jianqing Wu); project administration, J.W. (Jianqing Wu) and J.W. (Jikai Wang); funding acquisition,
J.W. (Jianqing Wu). All authors have read and agreed to the published version of the manuscript.

Funding: The research reported in this paper was supported by the National Natural Science
Foundation of China (Grant No. 52408482) and the Natural Science Foundation of Jiangsu Province
(Grant No. BK20230256).

Data Availability Statement: The original contributions presented in this study are included in the
article. Further inquiries can be directed to the corresponding author.

Conflicts of Interest: Authors Ning Zhang, Shengtao Zhang, and Chuanyi Ma were employed by the
company Shandong Hi-Speed Group Co., Ltd. The remaining authors declare that the research was
conducted in the absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

References
1. Federal Emergency Management Agency. Emergency Response and Traffic Safety: Impact of Response Times on Casualty Reduction;

Federal Emergency Management Agency: Washington, DC, USA, 2019.
2. Hao, Z.; Wang, Y.; Yang, X. Every second counts: A comprehensive review of route optimization and priority control for urban

emergency vehicles. Sustainability 2024, 16, 2917. [CrossRef]
3. Tan, K.; Liu, W.; Xu, F.; Li, C. Optimization model and algorithm of logistics vehicle routing problem under major emergency.

Mathematics 2023, 11, 1274. [CrossRef]
4. Zhen, L.; Wu, J.; Chen, F.; Wang, S. Traffic emergency vehicle deployment and dispatch under uncertainty. Transp. Res. Part E

Logist. Transp. Rev. 2024, 183, 103449. [CrossRef]
5. Bueno-Ferrer, Á.; De Pablo Valenciano, J.; De Burgos Jiménez, J. Unveiling the potential of metaheuristics in transportation:

A path towards efficiency, optimization, and intelligent management. Infrastructures 2024, 10, 4. [CrossRef]
6. Essus, Y.; De La Fuente, R.; Venkitasubramanian, A. Real-time optimization for relocation and dispatching of Emergency Medical

Services with balanced workload and outsourced ride-hailing services. Comput. Ind. Eng. 2024, 187, 109823. [CrossRef]
7. Schiffer, M.; Schneider, M.; Walther, G.; Laporte, G. Vehicle routing and location routing with intermediate stops: A review. Transp.

Sci. 2019, 53, 319–343. [CrossRef]
8. Dayarian, I.; Crainic, T.G.; Gendreau, M.; Rei, W. A branch-and-price approach for a multi-period vehicle routing problem.

Comput. Oper. Res. 2015, 55, 167–184. [CrossRef]
9. Laporte, G.; Nobert, Y. Exact algorithms for the vehicle routing problem. In North-Holland Mathematics Studies; North-Holland:

Amsterdam, The Netherlands, 1987; Volume 132, pp. 147–184.
10. Liu, J.; Xie, K. Emergency materials transportation model in disasters based on dynamic programming and ant colony optimization.

Kybernetes 2017, 46, 656–671. [CrossRef]
11. Yang, B.; Wu, L.; Xiong, J.; Zhang, Y.; Chen, L. Location and path planning for urban emergency rescue by a hybrid clustering and

ant colony algorithm approach. Appl. Soft Comput. 2023, 147, 110783. [CrossRef]
12. Ji, X.; Zhang, Q.; Qin, W.; Yang, W.; Hu, C. Analysis of the Impact of Adverse Weather on Traffic Flow Characteristics of Plateau

Mountain Highways. J. Transp. Inf. Saf. 2020, 38, 10–16.

https://doi.org/10.3390/infrastructures11020061

https://doi.org/10.3390/su16072917
https://doi.org/10.3390/math11051274
https://doi.org/10.1016/j.tre.2024.103449
https://doi.org/10.3390/infrastructures10010004
https://doi.org/10.1016/j.cie.2023.109823
https://doi.org/10.1287/trsc.2018.0836
https://doi.org/10.1016/j.cor.2014.06.004
https://doi.org/10.1108/K-02-2016-0028
https://doi.org/10.1016/j.asoc.2023.110783
https://doi.org/10.3390/infrastructures11020061


Infrastructures 2026, 11, 61 18 of 18

13. Fan, Z.; Zhao, Y.; Zhou, N.; Zhao, C.; Zhang, W. Prediction of Water Traffic Accident Numbers Based on Grey BP Neural Network
Combination Model. J. Saf. Environ. 2020, 20, 857–861.

14. Zhang, L. Research on Traffic Emergency Rescue Resource Dispatch Strategy Based on Improved Opportunity Cost Method.
Master’s Thesis, Beijing Jiaotong University, Beijing, China, 2012.

15. Zhang, A.; Zhang, Y.; Liu, Y. Urban Road Impedance Function Model Based on Intelligent Road Condition Information. Transp.
Sci. Technol. 2023, 25, 20–26.

16. Gao, Z.; Zhu, X. Application of AHP-Entropy Combined Weighting in Grey Relational Analysis for Cold Chain Logistics
Distribution Center Location Selection. J. Soc. Sci. Anhui Univ. Technol. 2022, 39, 31–33.

17. Kapucu, N.; Van Wart, M. The evolving role of the public sector in managing catastrophic disasters: Lessons learned. Adm. Soc.
2006, 38, 279–308. [CrossRef]

18. Zhang, J.; Wang, Z.; Xu, W.; Xiong, D. Construction and Solution of Emergency Rescue Path Selection Model Under Unexpected
Incidents. Appl. Res. Comput. 2011, 28, 1311–1314.

19. Lv, W.; Li, Z.; Feng, M.; Mao, D.; Zhao, X. Emergency Material Distribution Model Considering Resource and Time Window
Constraints. J. Saf. Sci. Technol. 2019, 29, 137.

20. Zhu, J.; Gao, M. AUV Path Planning Algorithm Integrating Particle Swarm and Improved Ant Colony Algorithms. Comput. Eng.
Appl. 2021, 57, 267–273.

21. Mao, W.; Li, S.; Xie, X.; Yang, X.; Nie, J. Global Path Planning for Mobile Robots Based on an Improved Ant Colony Algorithm
with Adaptive Mechanisms. Control Decis. 2023, 38, 2520–2528.

22. Wei, Z. Research on Vehicle Routing Optimization with Time Windows Based on an Improved Ant Colony Algorithm. Master’s
Thesis, Jiangsu University, Zhenjiang, China, 2021.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/infrastructures11020061

https://doi.org/10.1177/0095399706289718
https://doi.org/10.3390/infrastructures11020061

	Introduction 
	Optimization Framework 
	Complex Environmental Factors Extraction 
	Forecasting the Extent of Accident Effects 
	Design of the System Framework 

	Solving Method Based on Improved Ant Colony Algorithm 
	Enhanced ACO Algorithm 
	Enhanced Pheromone Update Strategies 
	Pheromone Reward and Penalty Principles 
	Pheromone Concentration Limits 
	Improved Pheromone Evaporation Factor 


	Practical Application Example 
	Refined State Transition Guidelines 
	Model Application 
	Scalability and Generalizability Analysis 

	Conclusions 
	References

