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Abstract: Spatial crowdsourcing (SC), as an effective paradigm for accomplishing spatiotemporal tasks, has gradually attracted 
widespread attention from both industry and academia. With the advancement of mobile technology, the service modes of SC 
have become more diversified and flexible, aiming to better meet the variable requirements of users. However, most research has 
focused on homogeneous task allocation problems under a single service model, without considering the individual differences 
among task requirements and workers. Consequently, many of these studies fail to achieve satisfactory outcomes in real scenarios. 
Based on real service scenarios, in this study, we investigate a heterogeneous multi-task allocation (HMTA) problem for hybrid 
scenarios and provide a formal description and definition of the problem. To solve the problem, we propose a role division 
approach embedded with an individual sorting model (RD-ISM). This approach is implemented based on a batch-based 
mode (BBM) and consists of two parts. First, an individual sorting model is introduced to determine the sequence of objects 
based on spatiotemporal attributes, prioritizing tasks and workers. Second, a role division model is designed based on an 
attraction–repulsion mechanism to match tasks and workers. Following several iterations over multiple batches, the approach 
obtains the final matching results. The effectiveness of the approach is verified using real and synthetic datasets and its 
performance is demonstrated through comparisons with other algorithms. Additionally, the impact of different parameters 
within the approach is investigated, confirming its scalability.
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1  Introduction

In recent years, with the development of infor‐

mation technology and the rapid popularization of 

mobile terminal devices, spatial crowdsourcing (SC) 

has become an effective model for accomplishing 

spatiotemporal tasks in the real world (Guo et al., 

2018). This approach has gradually attracted wide‐

spread attention from both industry and academia 

(Wang L et al., 2018). SC leverages the mobile Inter‐

net to integrate and schedule idle offline resources 

through online recruitment, aiming for efficient shar‐

ing of resources (Chen et al., 2014). By using SC 

platforms, mobile workers can be recruited to handle 

various complex, large-scale, and distributed spatio‐

temporal tasks that are difficult for computers or a few 

experts to accomplish (Gong et al., 2020).

With the rapid development of the online-to-offline 

business models, SC has been widely applied across 
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various industries (Tong et al., 2017). These diverse 
SC platforms are gradually becoming integrated into 
people’s daily lives, playing a significant role in areas 
like social governance and traffic management. In terms 
of transportation management, the time constraints 
and spatial location changes involved in residents’ 
travel can be regarded as typical spatiotemporal tasks 
(Mazzetto, 2024). Shared mobility platforms of SC 
have reshaped the urban transportation industry eco‐
system, and numerous related SC platforms have 
emerged, such as Uber, DiDi, and Gofun (Ray et al., 
2023). According to the urban traffic operation report 
released by DiDi, the number of daily trips facilitated 
by the platform has exceeded 30 million people (Feng 
and Xiao, 2024).

As more users post tasks on crowdsourcing plat‐
forms, both the number and complexity of tasks are 
increasing, necessitating a large number of workers 
to complete these tasks. Task allocation is one of the 
key issues for SC platforms (Hettiachchi et al., 2022). 
The results of task allocation determine the service 
quality of the platform. An effective allocation mech‐
anism can improve work efficiency, thereby increas‐
ing workers’ income and saving platform costs. Task 
allocation in SC typically relies on a centralized plat‐
form that collects task object information and matches 
workers and tasks according to some assignment strat‐
egies (Alamri, 2024). Currently, most research has 
focused on offline task allocation problems, and numer‐
ous algorithms aimed at maximizing the utility and 
quantity of task allocation have been proposed (Zhang 
et al., 2023). In these studies, all task and worker data 
were assumed to be known at the outset algorithm, 
and these known data were used for offline (static 
environment) task allocation. However, in reality, work‐
ers and tasks emerge randomly, and platforms cannot 
obtain detailed information about tasks and workers 
in advance (Zhao BM et al., 2019). Therefore, offline 
algorithms do not perform well in actual application 
scenarios. Moreover, most previous research on crowd‐
sourcing task allocation has focused on allocation prob‐
lems under a single task type, where the tasks and 
worker attributes perceived by the crowdsourcing 
platform are completely identical (Wang YJ et al., 
2019). However, in actual task allocation processes, 
tasks submitted by different users are often not exactly 
the same, and worker attributes also vary. Most SC 

allocation processes belong to heterogeneous multi-
task allocation (HMTA) problems in hybrid scenarios.

Taking the online car-hailing scenario as an ex‐
ample, in the service process, users submit travel tasks 
to the platform online based on their individual re‐
quirements (You et al., 2023). The platform matches 
suitable workers (i.e., vehicles) to the users based on 
the task requirements and spatiotemporal informa‐
tion. Previous studies have generally treated travel 
tasks submitted by users as homogeneous and assumed 
that all vehicles have identical attributes (Tong et al., 
2021; Cai et al., 2023). However, in reality, users’ re‐
quirements are diverse, and vehicle types vary (Feng 
and Xiao, 2024). Currently, travel platforms such as 
DiDi offer users more personalized travel services and 
vehicle options, such as Express, Taxi, and Premier. 
Users can select different vehicle types based on their 
requirements, considering various factors, and even 
choose multiple options simultaneously. Therefore, the 
tasks submitted by users have personalized character‐
istics, and the platform needs to match an appropriate 
vehicle type according to the task requirements.

In summary, there are some shortcomings in the 
research on SC task allocation, mainly in the follow‐
ing aspects:

1. Most research was based on static scenarios, 
where the spatiotemporal information of all crowd‐
sourcing tasks and workers is fully known before task 
allocation (Song et al., 2017b). However, in reality, 
there is unpredictability. The results of research based 
on static scenarios lack feasibility in practical appli‐
cations. Therefore, it is necessary to study online task 
allocation in dynamic environments.

2. Most research has focused on homogeneous 
task allocation problems, where the tasks and worker 
attributes perceived by the crowdsourcing platform 
are assumed to be identical. However, in real task allo‐
cation processes, tasks submitted by different users 
are often not identical, and worker attributes vary. 
Therefore, the allocation process in most SC scenarios 
is characterized as an HMTA problem in a hybrid 
environment.

In response to the above challenges, in this 
study, we investigate a class of HMTA problems 
under the background of SC. Based on this, we design 
a quasi-real-time online task allocation method. Most 
existing methods target static allocation problems 
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(Zhou et al., 2023), while few approaches exist for 
solving dynamic task allocation problems (Tong et al., 
2020). Additionally, in terms of task types, most exist‐
ing methods consider single tasks, where the tasks 
and worker attributes are identical, while methods for 
solving heterogeneous task allocation problems are 
relatively scarce.

In the online task allocation problem, the sets of 
tasks and workers are initially unknown, and it is 
assumed that tasks and workers enter the platform in 
an uncertain order. Subsequently, the platform irrevo‐
cably assigns tasks to workers based on the principle 
of invariance (Tong et al., 2020); i.e., once a task allo‐
cation is implemented, it cannot be changed. Each al‐
location generates a corresponding revenue. The key 
to solving this problem is to design an allocation 
strategy that maximizes total profit while satisfying 
various practical constraints, such as spatial, time, and 
capacity constraints (Duan et al., 2019). In recent years, 
research on online task allocation has increased. For 
instance, Hassan and Curry (2014) studied the online 
task allocation problem, where users submitted demands 
in real time and the platform matched suitable candi‐
dates by analyzing the spatial information of work‐
ers. Zhao BM et al. (2019) proposed and investigated 
a stable online matching problem, which maximized 
revenue and user satisfaction by considering spatial 
distance and order value. Zhang et al. (2022) addressed 
the online allocation problem of multi-stage tasks in 
complex scenarios and developed a cross-regional task 
allocation algorithm based on offline data information. 
Song et al. (2017b) focused on workplaces as match‐
ing objects, studied online matching problems in spe‐
cific environments, and proposed an immediate match‐
ing algorithm. Tong et al. (2021) considered the micro‐
task allocation problem GOMA in a new global online 
SC scenario and proposed a TGOA-Greedy algorithm 
based on a greedy strategy. Zhang et al. (2023) studied 
the optimal bilateral online allocation of tasks and 
workers under different arrival orders, solving the 
optimal bilateral matching problem and proposing an 
algorithm to maximize total revenue. In recent years, 
heterogeneous task allocation in SC has attracted grow‐
ing attention from researchers. For example, Lin et al. 
(2024) investigated the dual-heterogeneous task allo‐
cation problem, proving that heterogeneous task allo‐
cation in SC is an NP-hard problem, and proposed 

a dual-heterogeneous task allocation algorithm to maxi‐
mize task completion quality and minimize average 
travel distance. Bhatti et al. (2021) studied the dual-
heterogeneous task allocation problem and proposed 
an approximate allocation scheme based on the parti‐
tioning and shifting method.

Due to the requirements of real-time processing, 
many methods commonly used for offline problems, 
such as exact algorithms and heuristic algorithms (Xiao 
et al., 2023), struggle to meet the efficiency demands 
of online problems. Although some online algorithms 
can address the above problems, constraints on spa‐
tiotemporal information and the limitations of task 
heterogeneity often lead algorithms to be trapped in 
local optima (Gong et al., 2020). Since online algo‐
rithms are highly sensitive to spatiotemporal informa‐
tion, it is necessary to conduct a reasonable analysis 
of this information in online algorithms to maximize 
the allocation utility and success rate (Liang et al., 
2023). Most online task allocation algorithms have 
focused on optimizing allocation utility, neglecting 
the impact of time and space factors on the allocation 
results (Feng and Xiao, 2023), which results in a low 
success rate of task allocation. In summary, the main 
challenges in solving the problem studied in this paper 
are reflected in the following aspects:

1. In SC, the scale of the problem scenario is large 
(with urban areas as the unit), and it is an NP-hard 
problem when considering a dynamic environment. 
The platform requires allocation solutions within an 
acceptable time, making it significantly more chal‐
lenging than typical task allocation problems.

2. Tasks and workers emerge randomly, and the 
matching process adheres to the principle of invari‐
ance. Each match affects subsequent task allocations. 
Therefore, it is necessary to weigh the current matching 
results at each step, leading to a coupled and complex 
solution process.

3. In hybrid scenarios, both tasks and workers 
exhibit individual differences, making this a hetero‐
geneous task allocation problem with more constraints 
and greater difficulty.

To solve the above problems, this study is inspired 
by the role division phenomenon in group behavior 
of organisms (Xiao, 2024), and a quasi-real-time solu‐
tion is designed by collective intelligence (CI). SC 
can be regarded as a practical application form of the 
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theory of CI (Wang MZ et al., 2022). Accordingly, the 
CI method can be used to further improve the task 
allocation efficiency of SC. In the field of CI, there 
are many methods for solving the task allocation 
problem, among which labor division and role divi‐
sion are typical. Labor division is inspired by lower 
organisms and is applicable to simple task allocation 
problems such as unmanned aerial vehicle (UAV) task 
allocation (Dortheimer, 2022), while role division is 
inspired by higher organisms and is a cooperative divi‐
sion mode based on group perception and group inter‐
action, which can be used to solve task allocation prob‐
lems in complex dynamic environments. During the 
role division process, individuals follow an attraction–
repulsion mechanism to choose tasks. Different types 
of roles undertake different tasks, and each individual 
flexibly adjusts its role state based on attraction and 
repulsion, ultimately leading to an emergent overall 
role distribution (Wu et al., 2018). In this paper, we 
propose a role division approach embedded with an 
individual sorting model (RD-ISM) to solve the above 
problem. First, the objects to be matched are collected 
and acquired in batch-based mode (BBM). Next, an 
individual sorting model is designed to prioritize tasks 
and workers by determining the sequence of individ‐
uals based on spatiotemporal attributes. Based on the 
above, the role division model is formulated through 
the attraction–repulsion mechanism. The algorithm 
iterates through the two stages of individual sorting 
and role division. After multiple rounds of informa‐
tion iteration and feedback, the algorithm can obtain 
the final matching results for task objects.

2  Problem statement

2.1  Scenario description

Based on common real-world service scenarios, 
we study an HMTA problem from the perspective of 
SC platforms. The following provides detailed descrip‐
tions of real-world scenarios.

2.1.1  Online car-hailing

Online car-hailing is a common application in 
shared mobility platforms and is also a typical scenario 
for smart travel. In the online car-hailing service pro‐
cess, users submit travel tasks to the platform online 

based on their individual requirements. The platform 
then matches suitable workers (i.e., vehicles) to the 
users based on the task requirements and spatiotem‐
poral information. Once a match is successful, the 
worker proceeds to the user’s location to provide ser‐
vice. Previous studies have generally treated the travel 
tasks submitted by users as homogeneous and assumed 
that all workers have identical attributes. However, 
in reality, users’  travel requirements are diverse, and 
vehicle types differ. Currently, various shared mobility 
platforms have provided users with more personalized 
travel services and car types. The ride-hailing plat‐
form DiDi offers users a variety of vehicle types to 
choose from, including Discount, Express, Flash, Taxi, 
and Premier (Fig. 1). Users can select different vehi‐
cle types based on their travel requirements, consider‐
ing various factors such as travel cost, waiting time, 
comfort level, and privacy. Users can also select mul‐
tiple vehicle types at the same time. Therefore, the 
tasks published by each user have personalized char‐
acteristics, and the platform needs to match one of its 
vehicles according to the user’s choice. In this sce‐
nario, the task requirements published by each user 
are not the same, and the worker attributes differ; it 
is a typical HMTA problem.

2.1.2  On-door repair

On-door repair services have emerged as a new 
service model based on Internet platforms and shar‐
ing economy strategies. Many crowdsourcing repair 
platforms, such as Shifubang and Jiedantong, have 

Fig. 1  Different requirements and vehicles in the DiDi 
car-hailing scenario
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expanded to cover numerous cities in China. Their 
service offerings include the installation, repair, and 
cleaning of various types of furniture and utilities. 
During the service process, users initiate tasks through 
the platform and describe the task details. The plat‐
form then matches suitable repair workers based on 
the task requirements and spatiotemporal information 
to provide on-door services. Importantly, each user’s 
repair task is unique, and the technical skills and 
qualifications of each worker vary. Therefore, during 
the task–worker matching process, the platform needs 
to match workers whose skill levels are equal to or 
higher than the task requirements to ensure that the task 
is completed successfully. Thus, this type of on-door 
repair service is a typical HMTA problem.

Previous research has generally treated tasks posted 
by users as homogeneous, and all worker types were 
assumed to be identical. These studies did not consider 
the individual differences (i.e., heterogeneity) in real-
world scenarios. A simple example of a car-hailing 
scenario is provided in Fig. 2. Over a period of time, 
users randomly submit a set of tasks to the platform, 
denoted as U={u1, u2, u3, u4}. Moreover, workers (i.e., 
vehicles) W={w1, w2, w3, w4, w5, w6, w7} also appear 
randomly over time. The spatial distributions of tasks 
and workers are shown in Fig. 2a, and their temporal 
distributions are shown in Fig. 2c. The platform offers 
users five types of vehicles, i.e., Vehicle_type={Dis‐
count, Express, Flash, Taxi, Premier}. Users can select 
different vehicle types based on their travel require‐
ments and choose multiple types simultaneously. For 
instance, in Fig. 2b, user u1 selects two vehicle types: 
Discount and Express; user u2 selects Express; user 
u3 selects Flash and Taxi; user u4 chooses Express 

and Flash. The different vehicle type selections by 
each user result in varied travel tasks, and different 
types of vehicles have different prices and capacities. 
During the task allocation process, the platform must 
fully consider the differentiated characteristics of tasks 
and workers.

2.2  Problem definition

In response to the described scenario, we define 
the HMTA problem. A typical SC system includes 
workers, users, and crowdsourcing platforms. Users 
post tasks with specific requirements, and workers have 
various attribute labels. The platform receives all the 
information from workers and users, allocates tasks 
to workers based on the allocation mechanism, and 
earns revenue upon completion of each task. Addi‐
tionally, the SC is an Internet-based service industry, 
where service quality is particularly important. In 
designing the evaluation function, we consider im‐
plicit market costs and use the user matching success 
rate as a measure of user satisfaction. We also focus 
on both the direct revenue from task allocation and 
user satisfaction. The goal of the problem is to maxi‐
mize the overall utility of task allocation while satis‐
fying the constraints. The main symbols are listed in 
Table 1.
Definition 1 (Task) The crowdsourcing task is de‐
fined as a tuple ui=<lui, Rli, hi, si, ei>, where lui repre‐
sents the location point of the task ui in Euclidean 
space and Rli denotes task requirements. The labor 
cost of task ui is hi, indicating the labor (service) cost 
required by workers to complete the task. The start 
time of task ui is si, and the end time is ei. This means 
that task ui can be assigned to workers by the platform 

Fig. 2  Task allocation of a car-hailing scenario: (a) spatial distributions; (b) task requirements; (c) temporal distributions
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within the time window [si, ei], with the waiting time 
Twi=ei−si.

In Definition 1, the requirements of all tasks can 
be considered as a set. Taking car-hailing as an exam‐
ple, each user can choose multiple vehicle types for 
travel. Therefore, the overall requirements of all tasks 
can be viewed as a set of worker types R={r1, r2, … , 
rk}. The requirements Rli for task ui are described as 
a subset of the total requirements R, i.e., Rli⊆R.
Definition 2 (Worker) Crowdsourcing workers are 
defined as the tuple wj=<lwj, rj, pj, cj, bj, dj> , where 
lwj represents the current location of worker wj. The 
service type of worker wj is rj, and the unit service 
price is prj. The start time of worker wj is bj, and the 
end time is dj. This means that worker wj can be as‐
signed tasks by the platform within the time window 
[bj, dj], with the waiting time Twj=dj−bj. The service 
range of the worker is limited to a circular area cen‐
tered at the current location lwj with a radius of cj.

In Definition 2, the service type rj of worker wj 
is an element of set R, which can be represented as rj∈
R. The platform can assign worker wj to task ui only 
if rj∈Rli. The unit service price prj of each worker is 
related to their service level rj, with different service 
levels having different unit prices. U and W represent 
the sets of spatial tasks and workers, respectively.

Definition 3 (Revenue) The revenue function of 
worker wj completing the crowdsourcing task ui is de‐
fined as Rf (ui, wj), which is defined as the difference 
between the task reward and the execution cost. The 
specific expression is shown in Eq. (1), where Cd is the 
unit distance cost coefficient and dist(· ) denotes the 
distance function. The successful matching between 
worker wj and task ui presupposes that rj∈Rli and the 
task is within the service range of the worker.

Rf ( )ui, wj = [ ]pj·hi−Cd·dist ( )lw j, lu i ·Xij, (1)

Xij =
ì
í
î

1,

0,

 (ui, wj ) matching succeeds,

 (ui, wj ) matching fails,
(2)

UT=∑ui∈U', wj∈W'
Rf ( )ui, wj − η∑ui∈Uf

hi . (3)

In practical scenarios, crowdsourcing tasks are 
generally bounded by a specific urban area in terms 
of space, and the service range of workers is also lim‐
ited to a certain extent. Therefore, the distance cost in 
the problem definition is bounded. The service labor 
cost for each task is also limited to a certain range. 
Consequently, in practical applications, both prices 
and profits are bounded. That is, for any task–worker 
match pair (ui, wj), the matching utility has an upper 
bound B, i.e., max( Rf (·))⩽B. Based on the above 

Table 1  Summary of the main notations

Notation

M, Mp

U, Up, Uf

W, Wp

R, Ri

Rli

hi

lu, lw

rj

prj

cj

bj, dj

si, ei

η, Cd

UT, Ur, Ue

Ti, Tw

F ij
UW

Rc

θ

Description

The matching set and the obtained matching set in batch p

The task set, the collected task set in batch p, and the task set that failed to match in the current batch p

The worker set and the collected worker set in batch p

The total requirement set of tasks and the ith type of requirement

Requirements for task ui

The labor cost of task ui

The location of tasks and workers

The service type provided by worker wj

The unit service price of worker wj

The service radius of worker wj

The start and end times of worker wj

The start and end times of task ui

The dissatisfaction coefficient and unit distance cost coefficient

The total utility, direct revenue, and user experience cost of the matching

The time interval and the waiting time (the difference between start and end times)

The interaction force between ui and wj, which can be obtained through formulas for attraction and repulsion

The relative coefficient in the role division model

The adjustable threshold of group adjustment strategy
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descriptions, the definition of the HMTA problem can 
be provided.
Definition 4 (HMTA problem) Given a set of crowd‐
sourcing tasks U={u1, u2, … , un}, a set of workers W=
{w1, w2, … , wm}, and a utility function Rf (·), where 
tasks and workers appear in an uncertain order, the 
goal of HMTA is to find a set of assignments M 
(M⊆U′×W′) that maximizes the total utility UT of the 
task allocation. Here, U′ and W′ are subsets of task set 
U and worker set W, respectively. The total utility UT 
is shown in Eq. (3), where Uf represents the set of 
tasks that were not successfully assigned and η is the 
user dissatisfaction coefficient.

When performing task allocation, it is necessary 
to consider both direct revenue and user satisfaction. 
Additionally, the matching process must satisfy the 
following constraints.

1. Time constraint: task allocation can be per‐
formed only when both the task and the worker are 
present. It requires that the activity time [bj, dj] of the 
matched worker wj intersects with the existence time 
[si, ei] of task ui.

2. Spatial constraint: each worker has an activity 
radius. The prerequisite for a successful match between 
worker wj and task ui is that the task is within the 
worker’s service range.

3. Service constraint: during the allocation process, 
a match can occur only if the service level rj of worker 
wj can meet the requirements of task ui (i.e., rj∈Rli).

4. Invariance constraints: once a task allocation 
is implemented, it cannot be changed.

As described above, the proposed HMTA problem 
is an online matching problem with bilateral dynamic 
characteristics. It is a typical combinatorial optimiza‐
tion problem and an NP-hard problem (Zhang et al., 
2023). Unlike general bilateral matching problems, 
the HMTA problem considers individual differences 
(heterogeneity) and thus has more complex constraints. 
Exact algorithms are impractical for online problem 
solving due to their high computational complexity. 
Many researchers have turned to greedy strategies to 
address such NP-hard problems (Song et al., 2017a). 
The main approach involves identifying all potential 
matching groups and choosing the one that provides 
the highest benefit (Zhao H et al., 2023). However, 
the greedy strategy tends to maximize the number of 
matches, even when the benefits are minimal. While 

the greedy algorithm offers good efficiency in online 
matching problems, its performance can be limited by 
the unpredictable nature of object appearances and the 
invariance constraints of the problem. As a result, it 
may sometimes match groups with lower benefits, a 
limitation that is inherent in real-world applications.

3  Role division approach embedded with an 

individual sorting model

In this section, we propose RD-ISM to address 
the HMTA problem. The process begins with data pro‐
cessing of perceived information, where we collect 
tuples of objects to be matched using a BBM (Fig. 3). 
Subsequently, we design an individual sorting model 
to determine the sequence of individuals based on 
spatiotemporal attributes, thereby prioritizing tasks and 
workers. The role division model is then developed, 
consisting of two parts. The first part is a matching 
strategy based on attraction–repulsion mechanism, 
which can pair tasks with workers. The second part is 
a threshold-based heuristic group adjustment strategy, 
which enables adjustments to matching groups with 
lower utility. After individual sorting and role division, 
the current batch matching results are obtained. In the 
real-time task allocation process, the algorithm can 
achieve the final matching results of all objects follow‐
ing multiple batches of iteration.

3.1  Task sensing and batch-based mode

Many SC platforms, such as DiDi, Uber, Gigwalk, 
TaskRabbit, and gMission, are built on the foundation 
of crowd sensing (Tong et al., 2020). Prior to task allo‐
cation, the platform must collect basic information 
about the objects involved in the allocation (You et al., 
2023). In the HMTA problem, the objects fall into 
two major categories, i.e., tasks and workers, both of 
which exhibit individual differences; that is, there is 
heterogeneity.

The HMTA problem proposed in this paper is 
conducted based on task sensing and is essentially a 
dynamic matching problem. There are currently two 
modes for addressing dynamic matching problems. One 
is the instant assignment mode (IAM), where matching 
is performed immediately as tasks emerge. The other is 
the BBM, where tasks and workers are matched after 
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a certain time interval, that is, in batches (Liu et al., 
2022). Each mode has its own advantages and disad‐
vantages. In IAM, the system executes matching im‐
mediately when a new task arrives, resulting in a short 
task response time. However, due to the limited number 
of current matching objects, the quality of the match‐
ing results is often unsatisfactory. In contrast, BBM 
performs a unified matching operation for multiple 
objects that appear within a time interval at fixed 
moments. In this case, the task response time is slightly 
extended (related to the time interval), but the quality 
of the matching results can be significantly improved 
(Guo et al., 2018). In practical applications, platforms 
do not strictly enforce immediate assignment, which 
provides an opportunity to enhance the effectiveness 
of dynamic task allocation results. For instance, in 
SC for transportation services like DiDi, the mode 
used is BBM (Hettiachchi et al., 2022). The process 
of BBM is shown in Fig. 4. Within a duration time T, 
a matching operation is conducted after each time 
interval, with the matching moment denoted as time‐
stamp g. The batch processing procedure is illustrated 
in Algorithm 1. Specifically, at each timestamp g, the 
crowdsourcing platform collects a batch of tasks U 
and workers W. The sources of task set Up and worker 
set Wp consist of two parts: first, the new objects that 
emerge in the current batch; second, the unmatched 
objects left over from previous batches. During the 

task sensing process, our proposed method collects 
information about the objects in batches based on 
BBM, facilitating subsequent task allocation.

Fig. 4  Timeline diagram of the batch-based mode (BBM)

Algorithm 1 Batch-based mode
Input: Total time T and time interval Ti

Output: Task–worker matching results M within T

  1 Set M←∅
  2 After every time interval Ti, a batch p is obtained

  3 for each batch p∈T do

  4   Collect a set of tasks Up

  5   Collect a set of workers Wp

  6   Prioritize all objects according to the individual sorting 

model to obtain a task sequence

  7   Based on the task sequence, perform matching based on 

the role division model and obtain a feasible matching 

Mp⊆Up×Wp

  8   Let the matching result Mp be a feasible matching of batch 

p and output it

  9   Let M ← M ∪ Mp

10   Adjust the next batch interval Ti according to the changing 

trend of the number of tasks

11 end for

12 Return M

Fig. 3  Overall framework of RD-ISM
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Note that the time interval (the batch size) is not 
fixed. Taking car-hailing as an example, the platform 
adjusts the size of the time interval based on traffic 
flow and task number. Generally, as the number of 
vehicles and tasks increases, the time interval decreases 
to facilitate quicker matching. Conversely, when the 
number of vehicles and tasks decreases, the time inter‐
val can increase, provided that it is within the allow‐
able waiting time to ensure the quality of the matching 
results. In BBM, the number of tasks and vehicles in 
the upcoming period can be predicted by existing data 
to determine the next batch size (time interval). This 
problem can be regarded as a short-term data predic‐
tion issue based on time series. Traffic flow data exhibit 
trends over time, with data points closer to the pre‐
diction point having a greater impact on the predicted 
value. To improve generalization performance and 
ensure rapid solution capabilities of the proposed 
method, we refer to the exponential smoothing method 
and propose a time series model that can adaptively 
adjust the batch size (Dudek et al., 2022). The main 
idea is to enhance the role of recent observations in 
the predicted value, assigning unequal weights to 
observations at different times, thereby increasing the 
weight of recent observations and enabling the pre‐
dicted value to quickly reflect actual market changes.

Assume that during a time period T, the time 
interval for a batch p is denoted as Tip and can be rep‐
resented as Eq. (4), where C is a positive integer and 
tun represents the unit time, meaning that the time 
interval Ti  is an integer multiple of the unit time tun.

Tip = C·tun, (4)

N̂t + k = At + Bt k, (5)

At = 2S (1)
t −S (2 )

t , (6)

S (1)
t = εNt +(1− ε ) S (1)

t−1, (7)

S (2 )
t = εS (1)

t +(1− ε ) S (2 )
t−1, (8)

Bt =
ε

1− ε ( )S (1)
t −S (2 )

t . (9)

Using the unit time tun as the interval, the number 
of tasks that appear in the (t+k)th unit time is predicted 
based on the data from the previous t unit times. The 
specific formulae are given by Eqs. (5)–(9), where Nt 
is the number of tasks that appear in the tth unit time 

and N̂t + k is the predicted number of tasks that appear 

in the (t+k)th unit time. At represents the intercept term, 
and Bt represents the slope term in the calculation, both 
of which are derived from the exponential smoothing 
values, as shown in Eqs. (6) and (9). ε is the weight‐
ing coefficient, where ε∈(0,1). St

(1) and St
(2) are the first-

order and second-order exponential smoothing values 
at time t, respectively.

According to the above formulae, let the time in‐
terval of batch p+1 be equal to that of batch p. The 
predicted number of new tasks emerging in batch p+1 

NB p + 1 can then be obtained, as shown in Eq. (10). 

The task quantities of the two batches are compared 
to decide whether to change the time interval of 
batch p+1. If the ratio of the task number in batch 
p+1 to that in batch p is greater than (or less than) a 
certain threshold, the time interval is adjusted accord‐
ing to Eq. (12), where NBp is the number of tasks 
that emerge in batch p. υ1 and υ2 are relative coeffi‐
cients, set as υ1 = 1

υ2
=1.5. Additionally, the time inter‐

val Ti   is an integer multiple of the unit time tun and 
should be restricted to a certain range. Based on pre‐
vious work (Feng and Xiao, 2024), it should be less 
than half of the waiting time of the task objects, i.e.,  

 Ti∈( )tun, 0.5 Tw .

NB p + 1 = At Np + Bt∑
i = 1

Np

i, (10)

Np =
Tip

tun

, (11)

Tip + 1 =

ì

í

î

ïïïï

ï
ïï
ï

Tip + tun, NB p + 1 > υ1 NBp,

Tip − tun, NB p + 1 < υ2 NBp,

Tip, otherwise.

(12)

3.2  Priority division model based on individual 
sorting

Based on task sensing, in this study, we use the 
individual sorting model to prioritize task objects and 
determine the task sequence. The individual sorting 
model is inspired by the spatial structuring observed 
in the task allocation processes of biological groups. 
When individuals perform tasks, they exhibit activity 
levels associated with the tasks, and these activity 
levels vary among individuals. For instance, in an ant 
colony, individuals sort themselves within the nest 
based on activity level. Individuals with lower activity 
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levels move toward the center of the nest, while those 
with higher activity levels move toward the periphery. 
Ultimately, each individual position itself is between 
those with higher activity levels and those with lower 
activity levels. The activity area of each individual is 
confined to a limited space, resulting in an orderly 
spatial structure for the entire colony. Tasks within the 
colony are spatially separated, with each individual exe‐
cuting a limited set of tasks within its confined activity 
area, leading to a clear division. In the process of SC 
task allocation, worker w needs to execute task u in 
a timely manner, aiming to complete as many high-
reward tasks as possible before the end time to ensure 
maximum profit.

Based on the idea of individual sorting, task ob‐
jects can be classified according to the degree of time 
urgency. For task u and worker w that have not yet 
matched, their priority functions are represented by 
Eqs. (13) and (14), respectively, where α, β, and κ rep‐

resent the waiting time weight, the deadline weight, 
and the reward weight, respectively, which can be set 
as follows: α β< 1 and α β+ κ= 1. tnow is the current 

time, and Pr (·) is the priority function.

Pr ( )ui =α ( )tnow − si ( )β (ei − tnow ) + κhi, (13)

Pr ( )wj =α ( )tnow −bj ( )β (dj − tnow ) , (14)

EU ={ }ui| ( )ei − tnow Tip + 1≤ 1, ∀ui ∈U , (15)

EW ={ }wj| ( )dj − tnow Tip + 1 ≤ 1, ∀wj ∈W . (16)

Substitute tasks and workers into the priority 
function to obtain the values, and then arrange them in 
descending order to obtain the priority sequences. 
The larger the Pr ( ⋅) value is, the higher the priority. 

Furthermore, objects that approach their deadlines 
require special attention. The objects with a remaining 
time of less than one batch time interval are catego‐
rized separately and denoted as sets EU and EW, with 
their function judgment expressions shown in Eqs. (15) 
and (16), where Tip+1 is the time interval for the next 
batch. For objects in sets EU and EW, priority alloca‐
tion is necessary in the next batch to ensure task com‐
pletion rates.

3.3  Role division model

Based on the prioritization of objects, a role divi‐
sion model is designed to perform matching operations 
for task objects. The specific process is divided into two 
main parts: the attraction–repulsion mechanism-based 
matching strategy and the threshold-based group adjust‐
ment strategy.

The core idea of the attraction–repulsion mecha‐
nism is based on individual role differentiation, where 
individuals (or agents) of different role types under‐
take different tasks (Xiao et al., 2023). Fig. 5 shows 
a schematic diagram illustrating the principle of the 
attraction–repulsion mechanism. During group coop‐
eration, in response to all the tasks present in the envi‐
ronment, each individual (or agent) spontaneously 
transforms into the execution unit of different roles 
according to different task demands. Gradually, the 
whole group shows different forms of organization. 
In the above process, many individuals participate and 
perform different tasks. Different tasks have a differ‐
ent attraction to individuals, which is related to the 
amount of demand (value) of the task. Individuals are 
also influenced by other participating individuals while 
choosing their tasks. When the number of individuals 
participating in a given task is large, other individuals 

Fig. 5  Attraction–repulsion mechanism and interaction force
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are repelled to ensure the average benefit of the partici‐
pating individual and the team’s overall coordina‐
tion. In this case, a repulsive effect occurs among indi‐
viduals. Each individual flexibly adjusts his/her role 
status based on attraction and repulsion, and eventu‐
ally emerges to obtain the overall role distribution. More 
theoretical content is provided by Xiao et al. (2023).

3.3.1  Matching strategy

During the task allocation process, worker w needs 
to travel to the location of task u to provide service, 
considering spatial and temporal constraints, task re‐
quirements, and labor costs. Based on these factors, a 
mapping relationship between task allocation and the 
attraction–repulsion mechanism is designed (Table 2). 
Workers are considered agents of different types, and 
tasks are regarded as roles. Based on the current envi‐
ronment (the attributes of objects), agents (i.e., work‐
ers) undergo role transformation; that is, task–worker 
matching operations are performed. When the role 
division of all objects is completed, the overall role dis‐
tribution (matching result) is obtained. The attraction–
repulsion mechanism performs object matching based 
on the interaction forces between tasks and workers. 
The interaction forces include two kinds of force: the 
attractive force FAttract and the repulsive force FRepel 
(Fig. 5).

In the task allocation process, let W={w1, w2, …, 
wm} and U={u1, u2, … , un}, representing m workers 
and n tasks, respectively. The attractive force F ij

Attract 
between worker wj and task ui is related to the reward 
and urgency of the task. The greater the reward and 
the stronger the urgency are, the greater the attractive 
force (Eq. (17)), where RTij is the relative coefficient 
between task ui and worker wj, denoted as RT ij = Rn j·Rc i.

Rci is the relative urgency coefficient of task ui 
(Eq. (18)), with a larger Rci indicating a higher degree 

of urgency. Its value range is (0, 0.5). hi is the labor 
cost of task ui, and Rnj is the task demand coefficient 
(Eq. (19)). A larger Rnj indicates lower demand for rj 
in the current batch; to ensure the balance of differ‐
ent demands, the task’s attractiveness to worker wj 
increases accordingly. The set Usj represents all tasks 
in the current batch that contain rj in their task require‐
ments (Eq. (20)).

F ij
Attract =

ì
í
î

0,

RT ij·pj·hi,

  rj ∉ Rl i or dist ( )lw j, lu i > cj,

  otherwise,
 (17)

Rc i = 1 + min ( )Pr ( )ui

max
u∈U

( )Pr ( )u
, 0.5 , (18)

Rn j = exp ( )1 − || Us j

||U
, (19)

Us j ={ }ui| ui ∈U and rj ∈Rl i , (20)

F ij
Repel = RT ij·Cd·dist ( )lw j, lu i , (21)

F ij
UW = max ( ( F ij

Attract−F ij
Repel ), 0 ). (22)

The repulsive force F ij
Repel between task ui and 

worker wj is related to the distance cost. The farther 
the distance between the task and the worker is, the 
stronger the repulsive force (Eq. (21)).

The attractive and repulsive forces between each 
task and the worker can be calculated using Eqs. (17)–
(21). The total force F ij

UW between task ui and worker 
wj is shown in Eq. (22), and the value of F ij

UW is greater 
than or equal to 0. If the attractive force F ij

Attract is greater 
than the repulsive force F ij

Repel, the magnitude of F ij
UW 

is the difference between the two. If the attractive 
force F ij

Attract is smaller than the repulsive force F ij
Repel, 

matching cannot yield any revenue, so the total force 
F ij

UW is 0.
Using the above matching processes, an initial 

matching result M′ between task u and worker w is 
obtained. The main idea is to regard workers as agents 
and tasks as roles, and under the interaction of attrac‐
tive and repulsive forces, different tasks are assigned 
to workers.

3.3.2  Group adjustment stage

In BBM, the matching result of each batch is 
related to the degree of matching of objects in the 
current batch. However, during this process, there are 

Table 2  Mapping relationship between attraction–repulsion 
mechanism and task allocation

Attraction–repulsion mechanism

Agent

Role

Environment

Role diversion

Overall role distribution

Task allocation

Worker

Task

Task attributes

Task–worker matching

Matching results M⊆U×W
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inevitably some undesirable matching groups with low 
utility. In such cases, if a matching with low utility is 
carried out, it may lead to the loss of subsequent match‐
ings with higher utility. To address this challenge, we 
propose a threshold-based group adjustment strategy. 
In this strategy, an adjustable threshold θ is designed. 
It is used to evaluate matching groups (i.e., (u, w)) at 
the end of the preliminary matching in each batch. 
We filter the groups whose utilities are less than 
the threshold θ to eliminate poor-quality matching. 
This strategy may result in the loss of some alloca‐
tions with low utility. However, it can select the larger 
ones among the conflicting allocations and avoid the 
worst-case scenario. In the process of group adjust‐
ment, the key issue is how to determine the appropriate 
threshold θ when filtering matching groups in each 
batch. Therefore, a heuristic rule is designed with ref‐
erence to an existing adaptive thresholding algorithm 
(ATA) (Song et al., 2017a).

The profit function Rf(ui, wj) defined in HMTA 
is used as the evaluation metric for the matching 
group (ui, wj) to calculate the value of each group. 
The expression for Rf(ui, wj) is presented in Eq. (1).

Fi (ui, wj ) =
ì
í
î

1,

0,

    Rf (ui, wj )⩾θ,

otherwise,
(23)

Mp ={ }(ui, wj ) | (ui, wj )∈M ′p and Fi (ui, wj )= 1 ,   (24)

Pz =ωz ∑
z = 0

v

ωz , (25)

ωz =ωz (1 + λEz ), z = 0, 1, …, v, (26)

Ez = ∑
(u,w ) ∈M z

p

Rf (u, w ) . (27)

The filtering function Fi(·) is defined in Eq. (23). 
When the evaluation function Rf(· ) of a matching 
group is less than the threshold θ, the group is filtered 
out. At this point, a filtering operation can be per‐
formed on each matching group to obtain the final 
matching results Mp for the current batch p, as shown 
in Eq. (24). When the algorithm selects different thresh‐
olds in a given batch, it leads to different matching 
results. The proposed group adjustment strategy can 
dynamically adjust the probability of threshold selec‐
tion. The group adjustment strategy is applied through‐
out the entire phase of the RD-ISM algorithm. The 
overall pseudo-code of the RD-ISM algorithm is shown 
in Algorithm 2. The maximum evaluation function 

value RfMax can be set or obtained from the history of 
the crowdsourcing platform before task allocation.

Lines 1–4 are the initializations of the algorithm. 
First, the parameter v and the set of thresholds {e0, 
e1, … , ev} are calculated, and all the weights {ω0, 
ω1, …, ωv} of the available thresholds are initialized 
to 1. The selection probability of the available thresh‐
olds is calculated by Eq. (25). Lines 5–7 represent 
the task sensing process under the current batch p. 
Line 8 prioritizes all the objects based on the individual 

Algorithm 2 RD-ISM
Input: Total time T and initial time interval Ti

Output: Matching results M

  1 Set M←∅
  2 Let v← floor ( ln (RfMax ) )

  3 Set ωz=1, where z=0, 1, …, v

  4 Calculate the probability P =( P0, P1, ⋅ ⋅ ⋅ , Pv ) according to 

Eq. (25)

  5 After every time interval Ti, a batch p is obtained

  6 for each p∈T do

  7  Collect the task set Up and the worker set Wp

  8  Calculate the priority Pr(⋅) of objects and EU and EW 
according to the individual sorting model

  9  Prioritize the execution of the matching strategy for the 
objects in EU and EW

10  Execute the matching strategy for the other objects, and 
integrate to obtain the preliminary matching results M ′p 
for batch p

11  Set Mp←∅
12  for each (u, w) in M ′p do

13        According to probability P, choose a random value 
ve from {0, 1, …, v}

14        Let θ←eve

15        Calculate the values of Fi for each matching group (u, 
w) in M ′p according to Eq. (23)

16        if Fi (ui, wj )=1 then

17          Mp←Mp ∪{(ui, wj ) }

18        end if

19        Update the weights {ω0, ω1, ⋅ ⋅ ⋅ , ωv} according to 
Eq. (26)

20        Update the probability P according to Eq. (25)

21   end for

22  M←M ∪Mp

23  Adjust the next batch interval Ti according to the changing 
trend of the task number

24 end for

25 Return M
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sorting model. Lines 9 and 10 represent the prelimi‐
nary matching results M ′p obtained using the matching 
strategy in the current batch p. Lines 11–18 select a 
value eve from the available thresholds {e0, e1, …, ev} 
based on the selection probability P and evaluate and 
filter each matching group in the preliminary result 
to obtain the final matching result Mp in the current 
batch p. Subsequently, a parameter updating process 
(lines 19 and 20), i.e., updating the weights ωz and 
probabilities Pz in each batch, is used. Ez can be cal‐
culated by Eq. (27), which indicates that when ez is 
always used as the threshold θ from the first batch, 
the evaluation sum of the matching results of the cur‐
rent batch p is obtained. The learning rate λ is used to 
control the update rate of ω. In this study, we set λ=
0.01 according to Song et al. (2017b). The final 
matching results M of all batches are obtained in 
lines 22–25.

3.4  Algorithm analysis

The RD-ISM algorithm encompasses two distinct 
models: the individual sorting model and the role divi‐
sion model (Fig. 3). The individual sorting model, 
inspired by spatial structuring in biological group task 
allocation processes, determines the task sequence 
through the analysis of spatiotemporal attributes. It 
can ensure the timeliness of task allocation and the 
task completion rate. According to the priority classi‐
fication, the role division model allocates each task 
to the optimal extent through batch cyclic processing 
and information feedback. Consequently, the proposed 
RD-ISM ensures the total utility of task allocation 
while improving the success rate of task matching. 
Moreover, the approach presented in this paper is 
implemented in a BBM. Considering practical appli‐
cation scenarios, an adaptive adjustment method for 
batch time intervals is provided in conjunction with 
the exponential smoothing model, further enhancing 
the applicability of the algorithm.

Furthermore, we analyze the computational com‐
plexity of RD-ISM. We assume that the task alloca‐
tion process contains a total of N batches. The time 
interval between batches needs to be predicted before 
each batch begins. Our proposed prediction model is 
obtained based on the improved exponential smooth‐
ing method, and the complexity is consistent with that 
of the exponential smoothing method: both are O(1). 

Therefore, the complexity of predicting N batches is 
O(N). In any batch p containing task objects Up and 
Wp, the algorithm is divided into two parts (i.e., indi‐
vidual sorting and role division). In the individual 
sorting model, the tasks Up and workers Wp are sorted 
first, and its time complexity is O(|Up| + |Wp|). In the 
role division model, there are two stages: the matching 
stage and the group adjustment stage. In the match‐
ing stage, the tasks Up and workers Wp are matched, 
and its time complexity is O(|Up||Wp|), which repre‐
sents calculating the interaction force. In the group 
adjustment stage, it is necessary to evaluate each group 
of the preliminary result M ′p with complexity O(v|M ′p|). 
In the worst case, |M ′p| equals |Up|, and the complexity 
is O(v|Up|). Therefore, in batch p, the complexity is 
O(|Up| + |Wp| + |Up||Wp| +v|Up|). Assuming the same 
number of task objects in each batch, the complexity 
of the entire matching process is O (N(|Up| + |Wp| +
|Up||Wp|+v|Up|)+N). In the worst case, there is only one 
batch process, i.e., N=1. At this point, the complexity 
takes the maximum value of O(|U|+|W|+|U||W|+v|U|).

4  Experiment

In this section, we apply the proposed RD-ISM 
to solve the HMTA problem. To evaluate the perfor‐
mance of RD-ISM, we design two distinct sets of test 
cases: synthetic dataset instances and real-world data‐
set instances.

4.1  Experimental setup

4.1.1  Datasets

HMTA is a common task allocation problem in 
SC platforms that considers the differences in task 
requirements and worker types. For instance, in the 
car-hailing scenario, tasks posted by users can encom‐
pass various vehicle types. Consequently, in this experi‐
ment, we set up a total of four different task require‐
ments and worker levels R. Moreover, workers of dif‐
ferent levels have different unit service prices pr. The 
specific parameter settings are shown in Table 3.

The real-world dataset used in this experiment was 
taxi data from Chengdu in August 2014, which includes 
the vehicle ID, longitude and latitude, passenger capac‐
ity, date, and time for each taxi (Feng and Xiao, 2024). 
We selected a portion of the data at a ratio of 14׃ to 
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represent tasks (users) and workers (vehicles) (i.e., 
|U|׃|W|=14׃). Additionally, missing information (such 
as unit service price, task service requirements, and 
unit cost) was supplemented for each dataset accord‐
ing to the definition of the HMTA problem. The statis‐
tical information of the real-world dataset is presented 
in Table 3. The selected time range was from 7:30 am to 
12:30 pm (with 1 min as the unit time, totaling 300 min). 
The location information of the objects could be con‐
verted through longitude and latitude, and the price 
was quoted in RMB. In the experiment, the unit dis‐
tance cost Cd for workers was set to 0.8 CNY/km, 
based on real-world conditions, and the service radius 
c of all workers was set to 10 km. By default, workers 
of different levels (types) were randomly generated, 
and each task randomly generated a service require‐
ment set Rl . The task service (labor) cost h defaulted to 
a normal distribution N(25, 25), with an expected value 
μ of 25 and a standard deviation σ of 5. The initial time 
interval Ti for the real-world dataset experiment was 
set to 5 min, meaning one batch was 5 min. The wait‐
ing time Tw of the objects obeyed a uniform random 
distribution with a distribution interval of [20 min, 
30 min]. The grouping information for the dataset ex‐
periments is also shown in Table 3.

Furthermore, we tested the scalability of the algo‐
rithm using synthetic datasets. Task objects (tasks U, 
workers W) were generated within a 30 km×30 km 
area, with their location information following a uni‐
form random distribution. The time range for task allo‐
cation was set to [0, 500 min]. Workers of different 
service levels were randomly generated. Each task 

randomly generated its service requirement set Rl . The 
ratio of tasks to workers was 14׃. The task service cost 
h defaulted to a normal distribution N(25, 25), with an 
expected value μ of 25 and a standard deviation σ of 
5. The waiting time Tw of the objects also followed 
a uniform distribution with a distribution interval of 
[20 min, 30 min], and the initial time interval Ti  was 
5 min. By adjusting the service cost, task number, and 
other parameters, the impact of various parameters on 
the algorithm’s performance was verified. The details 
of the synthesized dataset are shown in Table 3.

4.1.2  Compared approaches

To evaluate the performance of RD-ISM, we intro‐
duced three algorithms as comparison benchmarks: 
the greedy algorithm (Tong et al., 2021), delay match‐
ing (DM) algorithm (Li et al., 2020), and ATA (Song 
et al., 2017b). Note that during the experimental pro‐
cess, these comparison algorithms needed to be modi‐
fied to adapt to the HMTA problem.

Greedy algorithm: The greedy algorithm is a clas‐
sic algorithm that has been proven to be effective in 
matching problems (Tong et al., 2021). In performing 
the greedy algorithm, whenever a new task arrives, 
the algorithm traverses all available workers and per‐
forms matching for the new task. Then, the algorithm 
finds all the matching groups that satisfy the problem 
constraints and selects the group with the highest rev‐
enue as the matching result. We modified the greedy 
algorithm to make it suitable for HMTA. We modified 
the evaluation function of the algorithm as Eq. (1) to 
maximize the matching revenue and added the service 

Table 3  Dataset statistics and parameter settings

Parameter

N=4|U|=|W|

Time range (min)

Spatial range

Task requirements and worker levels R

Unit service price pr (CNY)

Worker service radius c (km)

Unit distance cost Cd (CNY/km)

Dissatisfaction coefficient η

Expected value μ of task service cost h

Settings and statistics

Real-world dataset

2500, 5000, 10 000, 20 000

[0, 300]

Latitude and longitude to 

coordinates

{1, 2, 3, 4}

{1, 2, 3, 4}

10

0.8

0.1

20, 25, 30, 35, 40

Synthetic dataset

5000, 10 000, 20 000, 40 000, 80 000

[0, 500]

Randomly distributed within 

30 km×30 km area

{1, 2, 3, 4}

{1, 2, 3, 4}

5, 10, 15, 20

0.8

0.1

20, 25, 30, 35, 40

Bold entries represent the default settings used during the experiment
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constraints and spatial constraints during algorithm 
execution.

DM algorithm: This algorithm adopts the idea of 
delayed matching, proposed by Li et al. (2020). The 
tasks are processed when the waiting time is about to 
end. Essentially, the DM algorithm is similar to the 
greedy algorithm, but improved by the introduction of 
delayed matching. As with the greedy algorithm, we 
modified the evaluation function of the original DM as 
Eq. (1) and added the service and spatial constraints.

ATA: This algorithm is from Song et al. (2017b) 
and is an extension of the random threshold algorithm. 
The algorithm can match groups in real time when 
objects emerge and update the threshold to filter the 
groups with high revenue. To apply the algorithm to the 
HMTA problem, we modified the evaluation function 
to Eq. (1) and the objective function to Eq. (3).

To ensure the fairness of the experimental process, 
all the experiments were conducted using a Windows 
10 PC with Intel® CoreTM i7-12700 2.1 GHz CPU and 
32 GB main memory. The algorithms were imple‐
mented based on MATLAB R2020a. The criteria used 
to compare the above algorithms were as follows:

1. Total utility (UT): the total utility of the task 
allocation, calculated from the HMTA definition.

2. Task completion rate (|M|/|U|): the ratio of the 
matching number |M| to the task number |U|.

3. Average time (AT): AT=MT/|M|, i.e., the total 
runtime for task matching MT divided by the number 
of task matches |M|.

4.2  Experiments on the synthetic dataset

First, we analyzed the effect of variation in the 
number of tasks and workers on the algorithm perfor‐
mance. The other experimental parameters were set to 

the default values shown in Table 3. The experimental 
results are shown in Fig. 6a. During the experiment, 
as the number of workers |W| gradually increased (with 
4|U| = |W|), the total utility UT obtained by the algo‐
rithms showed an upward trend. However, the results 
of the RD-ISM algorithm were always superior to 
those of the other algorithms, with RD-ISM>ATA>
DM>Greedy. When the number of workers was set 
to the default value (i.e., |W|=20 000), the total utility 
UT obtained by RD-ISM was approximately 20% 
higher than that of ATA, and this gap gradually wid‐
ened as |W| increased.

As shown in Fig. 6b, when |W|=20 000, the com‐
parison of the average time AT for each algorithm 
yielded the result RD-ISM>ATA>DM>Greedy, mean‐
ing that the greedy algorithm had the shortest average 
time AT to complete tasks, followed by the DM algo‐
rithm and ATA. The increased average time observed for 
RD-ISM compared to other algorithms is mainly due 
to the dynamic adjustment mechanism and individual 
sorting process. RD-ISM integrates an attraction–
repulsion mechanism to dynamically balance task allo‐
cation and resource utilization, which inherently in‐
volves more computational steps than simpler algo‐
rithms like the greedy algorithm. This complexity is 
necessary to achieve a better balance between task 
completion and resource efficiency, especially in dy‐
namic environments with many constraints. While the 
increased computation time may seem like a disadvan‐
tage, it is important to note that RD-ISM is designed 
to optimize long-term efficiency and adaptability 
rather than purely minimizing execution time. The 
algorithm’s ability to dynamically adjust to changing 
conditions ensures better coordination and resource 
utilization, which ultimately leads to higher overall 

Fig. 6  Comparison of results from varying |W|: (a) UT; (b) AT; (c) |M|/|U|. DM: delay matching algorithm; Greedy: greedy 
algorithm. References to color refer to the online version of this figure
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system efficiency and profit in various scenarios. The 
experimental results revealed that the average time 
AT of RD-ISM was indeed higher than that of the com‐
parison algorithms. However, the time remained within 
the same order of magnitude, and all average times 
were within the millisecond range. The difference in 
runtime decreased as the number of task objects in‐
creased (Fig. 6b). As the number of tasks increased, the 
average time AT for each task also slightly increased. 
This is because as |W| increases, the number of ob‐
jects that need to be processed in each batch increases, 
leading to a greater number of possible matching 
groups that need to be considered. Additionally, com‐
parison of the task completion rate |M|/|U| of each al‐
gorithm shows that RD-ISM was also relatively high 
(Fig. 6c), slightly inferior to the greedy algorithm, and 
can meet user experience requirements.

In this experiment, the task service cost h defaulted 
to a normal distribution N(25, 25). During the experi‐
ment, to analyze the impact of the task service cost h 
on the algorithm performance, the expected value μ of 
the normal distribution was varied within the set {20, 
25, 30, 35, 40}. The utility of RD-ISM was superior 
to that of the other algorithms (Fig. 7a). As the value 
of μ increased, the total utility UT of all algorithms 
increased. The reason is that with increasing expecta‐
tions, the overall task service cost also increased. Addi‐
tionally, as μ increased, there was no significant pattern 
in the average time AT of the algorithms (Fig. 7b). 
Furthermore, a comparison of the task completion rate 
|M|/|U| of each algorithm in Fig. 7c shows that the 
proposed algorithm RD-ISM was also good, and there 
was no significant pattern with the change in μ.

Subsequently, we investigated the impact of the 
worker service radius c on the algorithm performance. 

Each worker had spatial constraints, manifested as their 
matching objects not exceeding the area covered by 
their service radius. The service radius was set to {5 km, 
10 km, 15 km, 20 km} (Table 3). The experimental 
results are shown in Fig. 8. As the radius c increased, 
the number of tasks each worker could match also in‐
creased, leading to a slight improvement in the overall 
task-completion rate |M|/|U| and total utility UT.

The proposed RD-ISM was designed based on 
the BBM, and an adaptive time interval adjustment 
strategy is presented in this paper. To further investi‐
gate the impact of parameter settings on the results, 
we examined the task allocation performance of the 
RD-ISM algorithm when a fixed time interval was used; 
i.e., we compared the solution effects under different 
fixed time intervals Ti . The results are shown in Fig. 9. 
As the time interval Ti  increased, the total utility UT 
of the proposed algorithm first increased and then de‐
creased. With an increasing time interval, the percep‐
tion process of each batch of tasks can obtain more 
object information, which helps in global matching and 
thus improves the matching utility to a certain extent. 
However, when the time interval was too large, some 
objects were ignored due to excessive waiting time, 
leading to a decrease in total utility. Moreover, the 
longer the time interval is, the more objects needed 
to be matched in each batch, increasing the computa‐
tional load and reducing task matching efficiency.

4.3  Experiments on a real-world dataset

In the experiments using the real-world dataset, 
RD-ISM was also compared with the three other algo‐
rithms. The statistical information of the real-world 
dataset and the model parameter information are shown 
in Table 3. Comparisons and analyses were conducted 

Fig. 7  Comparison of results from varying h (changing the μ of the normal distribution): (a) UT; (b) AT; (c) |M|/|U|. References 
to color refer to the online version of this figure
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from three aspects: total utility UT, average time AT, 
and task completion rate |M|/|U|. The comparative re‐
sults under different scales are shown in Fig. 10. As 
the number of tasks |U| and the number of workers 
|W| changed continuously, RD-ISM consistently out‐
performed the other three algorithms in terms of the 

total utility UT for task allocation. Moreover, as the 
scale increased, the total utility obtained by the algo‐
rithm increased. The average time AT of RD-ISM was 
longer than that of the other algorithms (Fig. 10b) 
but was still within an acceptable range and met the 
requirement for real-time performance. In addition, 

Fig. 8  Comparison of results from varying c: (a) UT; (b) |M|/|U|

Fig. 9  Comparison of results from varying Ti: (a) UT; (b) |M|/|U|

Fig. 10  Comparison of results from varying |W|: (a) UT; (b) AT; (c) |M|/|U|. References to color refer to the online version 
of this figure
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the task completion rate |M|/|U| of RD-ISM was rela‐
tively good, meeting the user experience requirements.

As with the synthetic dataset, to analyze the 
impact of the service cost h on the algorithm perfor‐
mance during the experiment, the experimental results 
with different expected values μ were compared. The 
total utility of RD-ISM was superior to that of the 
other algorithms (Fig. 11). As the value of μ gradually 
increased, the total utility UT of all algorithms in‐
creased. The reason is that with increasing expected 
value, the overall task reward also increases. Addi‐
tionally, as the value of μ gradually increased, the 
average time AT of the algorithms showed no clear 
pattern of change.

4.4  Summary of experiments

HMTA problem has strong uncertainty and is 
difficult to solve precisely. In this study, we designed 
various tests based on real and synthetic datasets for 
algorithm verification. In all instances, the effective‐
ness of RD-ISM in solving the HMTA problem was 
verified through comparisons with three different 
algorithms. Additionally, we investigated the impact 
of different parameter values on performance and 
validated the scalability of the method. In real-world 
dataset instances, the effectiveness of the algorithm 
was verified through experiments at three different 
scales. Compared with the other algorithms, RD-ISM 
achieved a better total utility UT in all the experi‐
ments. RD-ISM also achieved a satisfactory task com‐
pletion rate |M|/|U| and average time AT. RD-ISM can 
ensure a higher task completion rate |M|/|U| while max‐
imizing the total utility UT. Overall, RD-ISM demon‐
strates good performance in solving the HMTA prob‐
lem. This method, which is based on task perception, 

performs rapid matching through individual sorting 
and role division models and then adjusts the matches 
using group adjustment strategies to ultimately obtain 
better matching results. The superiority of RD-ISM 
lies in its ability to optimize the total utility, which is 
a more comprehensive measure of system perfor‐
mance. This makes RD-ISM a robust and versatile 
solution for SC platforms, where balancing multiple 
objectives is critical for long-term efficiency and adapt‐
ability. Experiments also prove that RD-ISM is suitable 
for solving large-scale online heterogeneous task allo‐
cation problems.

5  Conclusions

With the rapid development of mobile Internet 
technology and the online-to-offline business mode, 
SC has been widely applied in many industries. In this 
study, we investigate a class of online HMTA prob‐
lems in SC. We provide a definition and formal descrip‐
tion of the problem based on real-world scenarios. 
The objective of the HMTA problem is to match task 
objects (user–worker pairs) in a timely and dynamic 
manner to maximize the total utility. In HMTA, the 
task completion rate is used as a measure of user sat‐
isfaction, and the utility function is defined by integrat‐
ing matching direct revenue and market implicit costs. 
In terms of problem solving, we propose RD-ISM. 
During the real-time task allocation process, the indi‐
vidual sorting model is first introduced to determine 
the sequence of individuals based on spatiotemporal 
attributes, prioritizing tasks and workers. Then, a role 
division model is designed to match tasks and workers. 
Moreover, our approach is implemented within a BBM. 

Fig. 11  Comparison of results from varying h (changing the μ of the normal distribution): (a) UT; (b) AT; (c) |M|/|U|. 
References to color refer to the online version of this figure
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Considering real scenarios, an adaptive adjustment 
method for batch time intervals is provided in conjunc‐
tion with an exponential smoothing model, further 
enhancing the applicability of the algorithm. Experi‐
ments are designed on real-world and synthetic data‑
sets. Through comparisons with other algorithms, the 
effectiveness and superiority of the proposed algo‐
rithm were verified.

While this paper addresses a class of HMTA prob‐
lems from the perspective of SC platforms and achieves 
good results, the approach still has limitations in prac‐
tical applications. Taking traffic traveling as an exam‐
ple, travel services in SC are diverse, and the current 
problem definition struggles to encompass all prob‐
lem types, such as task allocation problems involving 
multi-targets or personal preferences. In some cases, 
the platform may need to consider the balance of the 
user experience, and bottleneck matching is another 
issue that requires further research. Additionally, al‐
though the proposed approach is a quasi-real-time 
online algorithm under dynamic scenarios, it still has 
limitations. In the algorithm proposed in this paper, 
the matching process considers factors such as dis‐
tance costs, but in practical applications, the correla‐
tion of the cost function with traffic conditions and 
sudden accidents is equally important. Future work 
should consider further improving the algorithm by 
introducing predictive methods and the concept of 
stochastic programming.
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