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ABSTRACT

Objectives: Imbalances between limited police resource allocations and the timely handling of road
traffic crashes are prevalent. To optimize resource allocations and route choices for traffic police
routine patrol vehicle (RPV) assignments, a dynamic crash handling response model was developed.
Methods: This approach was characterized by two objective functions: the minimum waiting time
and the minimum number of RPVs. In particular, an adaptive large neighborhood search (ALNS) was
designed to solve the model. Then, the proposed ALNS-based approach was examined using
comprehensive traffic and crash data from Ningbo, China.

Results: Finally, a sensitivity analysis was conducted to evaluate the bi-objective of the proposed
model and simultaneously demonstrate the efficiency of the obtained solutions. Two resolution
methods, the global static resolution mode, and real-time dynamic resolution mode, were applied
to explore the optimal solution.

Conclusions: The results show that the optimal allocation scheme for traffic police is 13 RPVs based
on the global static resolution mode. Specifically, the average waiting time for traffic crash handling
can be reduced to 5.5min, with 53.8% less than 5.0min and 90.0% less than 10.0min.
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Introduction violations in Ningbo in 2021. However, the number of traffic
police officers, only 303 officers patrolling the region, must
be increased. Additionally, the number of traffic-police-RPV's
is much fewer than that required for urban road traffic
development and management tasks (Peng et al. 2023).
Thus, it is paramount to optimize the allocation of lim-
ited police resources, including traffic police and
traffic-police-RPVs.  According to the “Regulations on

Procedures for Handling Road Traffic Accidents” in China,

The global road traffic safety situation remains severe and
complex. According to the World Health Organization
(WHO), road traffic deaths in 182 countries are still as high
as 1.3 million per year (World Health Organization 2019).
Road traffic accidents have been recognized as one of the
major public hazards in all categories (Mcllroy et al. 2019;
Wang et al. 2019; Ding et al. 2022; Li and Zhao 2022; Ding

et al. 2023).

Rapid scientific responses, timely dispatches and crash
data collection are essential elements of urban road safety
prevention and control and can be used to reduce the sever-
ity of road traffic crash damages and manage traffic accident
occurrences (Wong and Manning 2022). However, the short-
age of urban traffic police, especially the number of traffic
police routine patrol vehicles (RPVs), significantly affects the
responses to traffic crashes and the disposal of these crashes.
For example, there were approximately 8,809,984 traffic

traffic police should be dispatched within 5min after receiv-
ing incident orders and within 10min during the nighttime.
This study proposes a dynamic crash-handling response
model to optimize resource allocations and route choices for
traffic police RPVs. This approach can be characterized by
two objective functions: the minimized waiting time for
crash handling and the minimized number of
traffic-police-RPVs. Furthermore, an adaptive large neigh-
borhood search (ALNS) will be applied to determine the
optimal solution.
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Literature review
Allocation planning of traffic-police-RPV resources

Allocation planning of traffic-police-RPV resources can be
categorized into two aspects: macroplanning problems
(Hoque et al. 2004; Krukowski and Sieminski. 2018; Koskey
and Njoroge 2019; Ho 2020) and microplanning problems
(Kolesar et al. 1975; Sacks 2000; Heyer et al. 2008; Sayarshad
2022).  Specifically, macroplanning traffic-police-RPV
resources aim to balance the work demand by integrating
decision-making on the number of traffic-police-RPVs, path
selection, resource scheduling, etc. Representative theories
include new public management theory (Krukowski and
Sieminski ~ 2018),  administrative  efficiency  theory
(Nepomuceno et al. 2021), two-factor theory (Munyeka and
Setati 2022), no-growth improvement theory (Luan et al.
2022), weighted management theory (Jagat 2021), and sys-
tems principles (Terpstra and Schaap 2021). In contrast, the
microplanning traffic-police-RPV resources are oriented to
the specific task demands. For instance, the optimal number
of traffic-police-RPVs can be estimated by evaluating the
task demand workload and efficiency. The representative
theories of microplanning problems include queuing theory
(Ahmad and Jayalalitha 2021), linear regression theory
(Aiello 2021), and the DEA model (Wong and Manning 2022).

Dispatching of traffic-police-RPV resources

Traffic-police-RPV resource dispatching refers to the optimal
matching of traffic-police-RPV resources and the optimal
dispatching path. In previous studies, there were three com-
mon theories for the optimal matching of traffic-police-RPV
resources, including exact matching theories (e.g., Hungarian
assignment algorithm and dynamic programming theory),
approximate matching theories (e.g., fuzzy mathematical the-
ory and greedy algorithm), and pattern-specific matching
theories (e.g., prediction-based algorithms, clustering algo-
rithm, and lattice algorithm). Although the efficiency of
these methods was widely illustrated, they were designed for
route optimization in conventional patrol or scheduling, in
which the tasks or scheduling demands were all known
before optimization and failed to handle traffic emergency
disposals. Because the tasks/demands or available resources
of emergency scheduling were unknown before optimization,
the scheduling was required to be fast. For instance, most
are passively waiting for response methods and manual
assignments based on location information services.

The optimal dispatching path aims to search the optimal
path between the task point and the disposal
traffic-police-RPVs, considering the current traffic state and
organization of the road network (Kovacs et al. 2012). In the
literature, two common path decision algorithms, the exact
algorithm, and heuristic algorithm, were adopted (Tamannaei
and Irandoost 2019; Archetti et al. 2020; Mahmutogullar:
et al. 2023; Hu et al. 2021; Liu et al. 2017; Li and Zhao
2022; Adulyasak et al. 2014; Azi et al. 2014; Dayarian et al.
2016). Examples include exact algorithms (e.g., the
branch-and-bound method and Bender’s decomposition
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algorithm) and heuristic algorithms (e.g., the ant colony
algorithm, simulated annealing algorithm, forbidden search
algorithm, genetic algorithm, and adaptive large neighbor-
hood search algorithm). The exact algorithm that can achieve
a high-quality solution cannot obtain an optimal solution in
an acceptable time under a large-scale problem. In contrast,
the heuristic algorithm can obtain a suboptimal solution in
a shorter period by making a tradeoff between the solution’s
quality and efficiency.

Methodology
Problem description

The problem can be described as an optimal assignment
problem for N traffic-police-RPVs to handle M crash tasks
in a day according to the working conditions of the
traffic-police-RPVs, assuming N<<M. Details of the problem
description are as follows.

a. One crash should be handled by one traffic police
RPV and one police officer.

b. Crash rankings (i.e., codes) can be confirmed based
on the occurrence time.

c. The maximum waiting time for a crash is determined
by the crash severity level.

d. The crash handle time by the traffic police RPV is
assumed to be a normal-distribution with the param-
eters (y, 02).

e. A dynamic mechanism between traffic police RPVs
and crash matching is designed. In particular,
24hours will be divided into K time panes based on
the distribution of traffic incidents. The free
traffic-police-RPVs will be assigned to undisposed
traffic crashes in each time pane.

f.  Since the number of undisposed crashes may be
greater than the number of available traffic-police-RPVs
in the time panes, we assume that crashes that are
not successfully matched to traffic-police-RPVs in the
current time pane will be deferred to the next time
pane.

g. A traffic-police-RPV can only be assigned one traffic
crash in each time pane.

h. The traffic-police-RPV does not need to return to the
police command center when finishing the current
assignment. They can continue to perform patrol
duties on the road until they receive the next task.

Modeling

Objective function
According to the above problem description, formulations of
the proposed model are given as follows:

minZ :Z{ZZ(tmn(k)xmn )5mk +Z(pk -p. )Smk (1)
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minF =N (2)

In Equation (1), the objective function Z refers to the
minimum waiting time for the crash, which consists of two
parts: the matching time and travel time of traffic-police-RPVs.
In Equation (2), N denotes the number of RPVs. This value
can affect the feasible domain of the solution. If the value of
N is too small, there will be no feasible solution; if the value
of N is too large, the solution might not satisfy the objective
of the minimum number of RPVs.

The symbols used in the objective function are shown as
follows:

t,.(k): The travel time of RPV n to Crash m (unit: min-
ute) in Time Pane k.

x,; If x =1, RPV n is assigned to Crash m; oth-
erwise, x, =0.

t,.(k)x, : The shortest travel time of RPV n to Crash m
in the k-th time pane.

0, If 6, =1 Crash m occurs within Period k; oth-
erwise, 6,, =0.

p,: Ending time of Period k.

P,: The occurrence time of Crash m.

(pk —pm)émk: Response time, ie., the time from the
occurrence of a crash to the receipt of the order instruction
by the RPVs.

a,: The arrival time of the traffic police RPV to the
crash sites.

d : The disposal time of Crash m. According to the road
traffic crash disposal record data provided by the traffic
police department, there is a certain pattern in the distribu-
tion of crash disposal time. Generally speaking, the more
serious and complex the crash, the longer the disposal time.
We have tried to categorize the crash grades, and the dis-
posal time of crashes in the same grade obeys a certain
degree of normal distribution.

e : The disposal end time of Crash m.

M ooN . .
zmzlzn:l(tmnxmn )8,,: The total waiting time for all
crashei? in Period k.

zmzl( P — pm)6mk: The total matching time for all crashes

in Period k.

Constraints
The constraints of the proposed model are listed in Equation
(3) to Equation (18), as follows.

Each crash is handled by one RPV. If there is no suitable
or idle RPV currently, they will wait for an appropriate or
idle RPV to complete its task allocation. Therefore, the crash
disposal response should be based on Equations (3-5),

M, =M +(M,_, - M, )k=23,.,K (3)

M =M (4)

M; -M, >0,k=12,....K (5)

Constraint (3) indicates the crashes that need to be solved
in the current time pane, including the new crashes and
crashes that failed to match any RPV in the former period
successfully; Constraint (4) indicates the crashes that
occurred in the first time pane; Constraint (5) indicates that
the number of crashes that successfully match the RPVs
should not be greater than the total number of crashes in
the time pane.

The status of an RPV is non-idle after successfully match-
ing with a task, and it cannot be assigned to other undis-
posed crashes. Therefore, the number of available RPVs
should be calculated from Equations (6-8),

N, =N; +(N,_ =N, k=23, K (6)
N,=N,N; =0 (7)
N,—-N,>0 (8)

Constraint (6) denotes the available number of RPVs in
the time pane, including the RPVs that have finished tasks
in this period and the idle RPVs in the preceding period.
Constraint (7) indicates that all RPVs should be available in
the first-time pane; Constraint (8) indicates that the number
of on-duty RPVs should not exceed the number of off-duty
RPVs in any time pane.

In addition, only one RPV would be assigned to handle
one crash, as shown in Constraints (9-10).

N
DXy =Lm=12,...M 9)

n=1

x,,=00rlm=12,... ,M;n=12,..,N

m

(10)

Considering the limited work capacity of RPVs, we
assumed that the number of tasks assigned to an RPV in a
time pane should be at most 1.

M
menémk <Lk=12,..,K;n=12,...,.N (11)
m=1
5mk =0orl,m=12,...M;k=12,.. ,K (12)
M N
DD %O =My, k=12, (13)
m=1n=1
M
0<Zm:1xmn <Qn=12,..,N (14)

Constraint (11) indicates that an RPV can only be
assigned to a maximum of one crash in any given time
pane. From Constraint (12), it can be seen that 5, =1 if
Crash m occurs in Period k; otherwise, J,, =0. Constraint
(13) represents the number of on-duty RPVs on the time



pane. Constraint (14) indicates that the RPVs are all bounded
by the maximum number of crashes.

The waiting time for a crash consists of the matching
time and travel time of an RPV, which cannot exceed the
maximum waiting time of the crash.

TP =P, <l .m=12,..,M (15)
(k)= R 10 VoG (k)-1eT,(k) (16)
a,=pS,, +t, (k) (17)

e, =a, +d_ (18)

Constraint (15) indicates the priority of crashes based on
their maximum waiting time; Constraint (16) indicates the
travel time of the RPVs to the next task sites; Constraint
(17) indicates the arrival time of the RPVs to the crash sites;
Constraint (18) denotes the disposal end time of m crashes.

The initial positions of RPVs are located at their respec-
tive traffic police station. When a traffic crash disposal task
is received, the RPV will depart from its initial position, and
return after completing its full day tasks.

T, (start) = min{R

S,(Tn(l))/vk’izl’--~>1}§ n=1L2,

(19

T,(end)=T,(0),n=12,...,N (20)

Constraint (19) indicates the initial position of each RPV:
the RPV locates at the traffic police station with the shortest
travel time to its first crash task; Constraint (20) indicates
the RPV will return to its initial position after completing

its full day tasks.

Figure 1. Flowchart of the ALNS algorithm.
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Adaptive large neighborhood search algorithm

In this study, an adaptive large neighborhood search (ALNS)
algorithm is used to explore the optimal solution. The ALNS
algorithm, which is a metaheuristic algorithm (Li et al.
2020), is a variant of the large neighborhood search (LNS)
algorithm. The ALNS algorithm has been widely adopted in
previous studies due to its powerful global searchability
(Kovacs et al. 2012; Azi et al. 2014; Adulyasak et al. 2014).
The ALNS can autonomously select the better-performing
operator to find the optimal solution in a reasonable run-
ning time. In addition, the ALNS algorithm can utilize the
metropolis acceptance criterion to avoid falling into the local
optimum in the solution process.

(1) Algorithm structure design

Figure 1 illustrates the overall flow of the ALNS algorithm.
First, parameter initialization, including the number of
RPVs, the status of RPVs, the positions of RPVs, and the
start time, is shown. Then, a new task (i.e., crashes) is
assigned, and the new optimal solution can be generated
based on the initial or previous optimal solution. This pro-
cess is iterative until all tasks are assigned, and the optimal
global solution is obtained.

(2) Self-adaptive weight adjustment strategy

To explore the appropriate strategy pair, the self-adaptive
weight adjustment strategy was applied in this study. The
selection probability of the strategy pair can be calculated by

(21)

YIS e, Z,ld,

The search process is divided into several segments, each
of which consists of ¢ successive iterations. The weight w,,
and score m,; will be assigned to each pair (d, r). Notably,
the weights can be updated by the score accordingly.

P My (1-p)w,, o, >0
0, =1 01’ v (22)
(Ddr > Oidr = 0

The weights of all strategy pairs in the initial stage are set
to 1, and the scores are initially 0. After selecting the strat-
egy pair in each iteration, if the new solution outperforms
the original, the score of the strategy pair increases o1; if the
new solution is the optimal global solution, the score of the
policy pair increases 02; if no better solution is generated,
however, the new solution is still accepted, and the score of
the strategy pair increases 03. In summary, it can be found
that 03<02<0l.

(3) Delete-repair strategy pair

The deletion strategy is used to find new solutions in this
study. Specifically, the successfully assigned tasks in the solu-
tion will be deleted and then reassigned to the repair pro-
gram. Four deletion strategies were considered.
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a. Random deletion strategy
The random deletion strategy randomly selects 1-3
tasks in the solution sequence to delete, and the
deleted tasks will be inserted into new positions in
the subsequent repair program to generate new solu-
tions. The utility performance of the newly generated
solution cannot be guaranteed to be better than that
of the original.
This strategy can help to jump out of local optimal
solutions. It does not need to calculate the disposal
utility (i.e., the waiting time) of any task, and tasks
will be directly deleted by a random selection proce-
dure. However, the quality of the newly generated
solution is unstable.

b.  Worst-case deletion strategy
After calculating the utility performance (such as the
longest actual waiting time) of each task in the solu-
tion sequence, the worst deletion strategy selects 1-3
tasks with the worst utility to delete. The deleted
tasks will be inserted into new positions in the sub-
sequent repair program to generate new solutions.
The utility performance of the newly generated solu-
tion will be more likely to be better than that of the
original.
This strategy can delete the tasks with the worst util-
ity (the wait time, for instance) performance and will
help to find a better disposal order in the subsequent
repair strategy to obtain a better solution.

c. Distance deletion strategy
After calculating the riding distances between tasks
in the solution sequence, the distance deletion strat-
egy selects 1-3 tasks with the largest riding distance
to delete. The deleted tasks will be inserted into new
positions in the subsequent repair program to gener-
ate new solutions. The utility performance of the
newly generated solution will be better than that of
the original solution at a certain probability.
This strategy can help to reduce the travel time of
RPVs. For instance, it can delete the tasks with the
longest driving distance from their previous task of
an RPV and will help to assign them to another
closer RPV in the subsequent repair strategy.

d. Idle deletion strategy
After calculating the idle time of the RPV assigned
before the start of each task in the solution sequence,
the idle deletion strategy selects 1-3 tasks with the
largest idle time to delete. The deleted tasks will be
inserted into new positions in the subsequent repair
program to generate new solutions. The utility per-
formance of the newly generated solution will be bet-
ter than that of the original solution at a certain
probability.
To improve the efficiency of RPVs, an idle deletion
strategy will be applied. This strategy will delete the
tasks with the longest idle time from their previous
task of an RPV and will help to assign them to
another more appropriate RPV in the subsequent
repair strategy.

Afterward, the repair strategy, including the greedy repair
strategy and regret insertion strategy, is applied to repair the
solutions by filling the deleted tasks into the current task
chain of RPVs. The repair sequence can be determined
according to the time of the deleted tasks. If the maximum
waiting time constraint cannot be met during the repair pro-
cess, the number of RPVs will be increased. In contrast, if
there are idle RPVs after the repair process, the number of
RPVs will be reduced accordingly.

a. Greedy repair strategy
The greedy repair strategy calculates the total waiting
time increment of each RPV when inserting a new
task into the task chain of the RPVs and chooses the
RPV with the smallest waiting time increment.

b. Regret insertion strategy
The regret insertion strategy is designed based on the
regret value of task insertion. It will calculate the
total waiting time increment of each RPV after the
task is inserted and choose the smaller of the largest
intervals.
In total, there are eight ‘delete-repair’ strategy pairs.
Detailed information is shown in Figure 2.

(4) Evaluation of feasible solutions

The increase and decrease mechanism of the number of
RPVs in the ALNS algorithm can ensure the feasibility of
the generated solution. It is crucial to comprehensively eval-
uate these solutions because of the double objective func-
tions of the model.

max(Z)-Z max (F)—F

Fooq— 72 (1) T (23

max(Z)—min(Z) max (F)—min(F)

In Constraint (23), Z denotes the total waiting time of all
crashes, and F is the number of RPVs; min(Z) and max(Z)
represent the minimum value and the maximum value of
the total waiting time of all crashes at the optimal value,

Figure 2. Combinations of the delete-repair strategy pairs.



respectively; min(F) and max(F) represent the minimum
value and the maximum value of the number of RPVs at the
optimal value, respectively. Furthermore, the Dijkstra algo-
rithm is applied to search for the optimal route between the
tasks and RPVs.

Case study

The study area is the Yinzhou District, Ningbo, China. The
geographical area was 799.09 square kilometers. There are 8
traffic police stations in the region, the distribution of which
is shown in Figure 3. The initial locations of RPVs are
located at their respective traffic police stations. When a
traffic crash disposal task is received, the RPV will depart
from its initial location and return to this initial location
after completing its full-day tasks. Crash data were collected
from the Police Brigade in the Yinzhou branch of the
Ningbo Public Security Bureau. Each record includes the
crash location, occurrence time, crash types, weather condi-
tions, and environment, including whether the light is suffi-
cient and whether greening blocks vision. A total of 221
crash records were selected on July 22, 2020. The distribu-
tion of the crash data is shown in Figure 4.

Two methods, real-time dynamic resolution and global
static resolution, were applied for case-solving in this study.
The former indicates that RPVs do not know the finish time
when handling the crash, and new tasks can only be assigned
to idle RPVs. In contrast, the task finish time is primarily
known in the latter, and the task reassignment evaluation
can be done after full-day tasks.

The formulations of the methods mentioned above are
specified as follows.

a. The real-time dynamic resolution method

mn

_ L, ifp,< €0 (01 ande(qm(k)_n +t, (k)—pm <l
0, else

(24)

Figure 3. Distribution of the traffic police stations.
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b. The global static resolution method

X :{1) I:fe(qmn(k)—l) +tmn (k)_pm < lm (25)

0, else

For the initial parameters of the ALNS-based algorithm,
the number of RPVs was set to 10, the weight of the num-
ber of RPVs a was set to 0.3, the weight of the total waiting
time of all the crashes was set to 0.7 and the scoring param-
eters of the ‘delete-repair’ strategy pairs were o, =1.0, 5, =0.4
, and o, =0.25, respectively.

Results of the real-time dynamic resolution

After task assignments are provided and dynamic searches are
performed, the global optimal solution output by the ALNS
algorithm under real-time dynamic resolution conditions is 13
RPVs. Information on the task lists is shown in Supplementary
Table Al (see in the Appendix). Also, some partially enlarged
views of the riding routes of RPVs are shown in Figure 5.
The total waiting time for all crashes is 1218.3min, and
the total travel time of all 13 RPVs is 1218.3 min. Figure 6
illustrates the distributions of the waiting times for crashes.

Results of the global static resolution

The results of the ALNS algorithm under global static reso-
lution are shown in Figure 7 and Supplementary Table A2
(see in the Appendix). The results suggest that 8 RPVs can
complete all tasks with a total travel time of 1,279.9 min.

In addition, the time margins of RPVs, which represents
the time difference between the former task being completed
and the latter task starting, were calculated.

&n =Dy _e(qm”(k),l) (26)

The time margins of RPVs for the real-time dynamic
solution and the global static solution are shown in
Supplementary Table A3.

Figure 4. Distribution of the crash data.
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Figure 5. Disposal task and riding route distribution under real-time dynamic
solution conditions.

As shown in Supplementary Table A3, the number of
RPVs using global static resolution is 8, the average waiting
time of the crashes is 7.5min, and the total time margin for
crashes is 4079.3 min, significantly lower than the 7884.6 min
of real-time dynamic resolution. This indicates that the RPV

Figure 6. Distribution of the waiting time for crashes.

assignment for crashes is more accurate using the global
static resolution, which can significantly reduce the time
margin between tasks and, therefore, improve the efficiency
of the RPV. However, the crashes’ total or average waiting
time could be increased due to the time margins.

Discussion and conclusion
Discussion

(a) performance of the ALNS

To assess the performance of the ALNS, two other conven-
tional algorithms were selected for model comparison,
including the genetic algorithm (GA) and the ant colony
algorithm (ACA). GA and ACA have no adjustment mech-
anism for the number of RPVs, so the two algorithms were
used to solve the problem by specifying the number of RPVs
in advance. The range of the number of RPVs was set as 6
to 20, and the optimal assignment of tasks was carried out
in the real-time dynamic resolution mode and the global
static resolution mode. The results are shown in
Supplementary Table A4 (see in the Appendix).

In the real-time dynamic resolution mode, regardless of
the GA or the ACA, within the set range of the number of
RPVs, they failed to search for any feasible solution success-
fully. That is, they failed to make the actual waiting time of
all tasks not exceed their maximum waiting time. GA or
ACA 1is a static resolution algorithm. Moreover, assigning
idle RPVs to sudden tasks only by cross/mutation operations
or pheromone induction mechanisms is impossible under
the condition of meeting the longest waiting time constraint.
At the same time, it can be seen that the increase in the
number of RPVs only reduced the actual waiting time of
tasks by a small margin, indicating that the algorithms were
trapped in the local optimum during iteration.

In the global static resolution mode, the performance of
the GA and ACA were slightly better than in the real-time
dynamic resolution mode. When there was 18 or 16 RPVs,
a feasible solution satisfying the constraints could be found.
However, compared with the optimal solution searched by
ALNS, the actual waiting time was 59.5% larger, and the
number of RPVs was 100% more. These results fully show
that the mechanism setting of the ALNS algorithm is supe-
rior to that of the GA or ACA.
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Figure 7. Disposal task and riding route distribution under global static resolu-
tion conditions.

(b) sensitivity analysis
In this study, the proposed model has two objective func-
tions, the minimum number of RPVs and the minimum
waiting time to reach crashes. A sensitivity analysis was con-
ducted to assess the robustness of the model.

The weight factor a varies in the range of [0.0, 1.0].
When a=0.0, the model degenerates into a single objective
optimization model with the minimum number of RPVs;
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Figure 8. Influence of the a value on the feasible optimal solutions.

when a=1.0, the model degenerates into a single objective
optimization model with the minimum total waiting time.
Figure 8 shows the change in the number of RPVs and total
waiting time with the weight factor «.

When a=0.0, the number of RPVs is 12, and the total wait-
ing time is 2343.0min. There is no feasible solution when the
number of RPVs is less than 12 since it is challenging to
ensure that the actual waiting time for all crashes is less than
the maximum waiting time. When a=1.0, the number of RPVs
is 28, and the total waiting time is 1147.6min. In general, if the
number of RPVs equals the number of crashes, the total wait-
ing time should be 773.5min when each RPV is only assigned
to one crash. However, it is difficult to achieve such theoretical
optimality in practice. This is mainly attributed to the greedy
strategy for dynamic task allocation of the crash and the strat-
egy design for the repair operation. When the number of RPVs
exceeds 27, any deleted crash can find a suitable location that
meets all constraints when repaired. Meanwhile, increasing the
number of RPVs is not triggered indefinitely. When 0.0<a< 1.0,
the results suggested that the number of RPVs could increase
with the weight factor «, and the total waiting time shows a
decreasing trend. In other words, the more RPVs are operated,
the smaller the total waiting time.

Furthermore, we found that the total waiting time for
crashes of 28 RPVs is not considerably lower than that of 13
RPVs. The waiting time for crashes in the task allocation
scheme for 13 RPVs is equal to the travel time, which indi-
cates that the crashes in the task chain of each RPV have a
good aggregation in space-time under this allocation scheme.
This finding also proves the efficiency of the task allocation
scheme for 13 RPVs.

Conclusion

In this paper, the imbalance issue between limited police
resource allocations and the timely handling of road traffic
crashes is emphasized. A dynamic crash-handling response
model was developed to optimize resource allocations and
route choices for RPV assignments. Specifically, two objec-
tive functions were designed: the minimum waiting time
and the minimum number of RPVs. In particular, two reso-
lution methods, real-time dynamic resolution, and global
static resolution mode, were applied to explore the optimal
solutions based on comprehensive traffic and crash data in
Ningbo, China. The research summary is as follows.
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a. The optimal allocation scheme for the traffic police is
13 RPVS using the real-time dynamic resolution. For
instance, the average waiting time to reach crashes is
5.5minutes, with 53.8% of crashes being reached in less
than 5minutes and 90.0% in less than 10minutes.

b. If only considering the minimum number of RPVs,
the optimal allocation scheme for the traffic police is
12 RPVs, and the total waiting time of all crashes is
2343.0minutes. If the number of RPVs is less than 12,
the model has no feasible solution. In contrast, the
optimal allocation scheme for the traffic police is 28
RPVs if only considering the minimum waiting time
for all crashes. In addition, the algorithm is able to
avoid converging to a theoretically optimal allocation
without practical significance due to the greedy strat-
egy and the repair strategy design.

The findings of this study are expected to provide insight-
ful instruction for road safety management. For instance, the
proposed method can be indicative of the RPV allocation
scheme for the disposal of crashes and, therefore, improve
road safety in the long run. However, there are still some
limitations in the current study. For instance, the matching
rule of RPVs and crashes is too strong. In practice, the sys-
tem will assign an RPV to emergency crashes, although they
are possibly handling other crashes. However, this practical
rule could put forward higher requirements for the optimi-
zation mechanism of the proposed model. In the future,
more consideration will be given to some complex scenarios
to improve the performance of the proposed algorithm.
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