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SUMMARY

The decision-making of logistics vehicle scheduling is difficult under varying constraints, multiple
disturbances and strong time-variation. The multi-agent system (MAS) is a new approach to
investigate the real-time decision-making of logistics vehicle scheduling. It satisfies the various
requirements of the logistics system, such as the geographical distribution of vehicles, the dynamic
changes of information, and the constant changes in consumer orders. In view of the theoretical
and practical significance of the MAS, this paper explores the decision-making of logistics vehicle
scheduling based on the MAS, and relies on two-level planning modelling method to construct the
mathematical model of outsourcing-based container port vehicle scheduling problem. Then, an
effectively exchange neighbourhood tabu search algorithm was designed to solve the model.
Through the research, it is concluded that the proposed hierarchical decomposition method of
logistics distribution task can reduce the overall scheduling difficulty and reduce the actual
planning error effectively; the established MAS-based intelligent logistics scheduling model can
minimize the total distribution cost through continuous adjustment of resources according to the
distribution task. Finally, the feasibility of the proposed algorithm was verified by the results of a
calculation example.

KEY WORDS: Intelligent logistics system; vehicle scheduling; automatic task matching; intelligent
decision-making.

1. INTRODUCTION

The boom of global trade and e-commerce has propelled the diversification, commercialization,
and transformation of logistics distribution [1, 2]. Logistics, the liaison between producer and
client, is affected by multiple factors, such as market environment and customer demand.
Nowadays, the traditional point-to-point distribution model can no longer satisfy the demand in
an increasingly competitive market [3]. To solve the problem, it is an imperative to set up an
intelligent logistics system that highlights the importance of vehicle scheduling, considers the
links between the upstream, midstream and downstream of the logistics chain and supports
intelligent decision-making in logistics scheduling [4, 5].
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The existing studies on logistics scheduling optimization mainly concentrate on the vehicle
scheduling and routing [6-9] and exist as combinatorial scheduling optimization based on
models, methods and algorithms. For model-based optimization, the actual logistics model is
sometimes placed into a class of graph theory problems [10-14]; for method-based optimization,
the actual logistics scheduling is solved as several basic problems, and then combined into the
original problem [15, 16]; for algorithm-based optimization, the scheduling is improved by
precise algorithms and heuristic algorithms, such as probability analysis, shortest path method,
coverage algorithm, interactive optimization method, branch and bound method, etc. [17-20].

One of the most popular algorithms for logistics scheduling optimization is a dynamic approach
based on multi-agent system (MAS). The MAS, a collection of multiple intelligent agents, aims to
transform large and complex systems into small, easy-to-manage systems that communicate and
coordinate with each other. This approach is good at describing dynamic complex systems,
thanks to its natural attributes like collaboration, parallelism, robustness, scalability and
distributed solutions. As a result, the MAS has often been used as a theoretical reference for
building complex dynamic systems and played an increasingly important role in the intelligent
decision support system. Thanks to its intelligence, adaptability and autonomy, the MAS
outperforms other algorithms in the research of intelligent logistics systems [21-24]. For
instance, the MAS has been preliminarily adopted for the optimal allocation of job-shop
resources [25, 26], the planning of distributed process flow [27, 28] and the dynamic scheduling
of the production system [29, 30]. However, there is still no report on its application in logistics
system for automatic task matching and negotiated scheduling of distribution vehicles.

To fill the gap, this paper attempts to improve the traditional logistics scheduling with the MAS.
Firstly, an automatic task matching and negotiated scheduling method was proposed based on
the intelligent logistics system. Then, the Agent framework model was suggested to suite the
method. Finally, the proposed method was verified through a case study.

2. VEHICLE SCHEDULING MODEL BASED ON INTELLIGENT LOGISTICS SYSTEM

2.1 LOGISTICS SCHEDULING FOR GENERAL OPERATIONS

As shown in Figure 1, in the traditional logistics scheduling process, the products leave from the
upstream and pass through the delivery centre before finally reaching the client.

Upstream Client

Delivery center

Q pstream manufacturer

Upstream logistics | | Goods Goods
_ centre | collection storage

Distnibution >< Final consumer
Upstr
ps eam. Receiver
wholesaler

Fig. 1 Traditional logistics scheduling process
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Logistics scheduling, the core of the entire logistics process, consists of cargo distribution,
vehicle scheduling and routing. The distribution of goods can be abstracted into the following
knapsack problem:

N
N w:x; <W
maxf(X]=ijxj s.t. ; 7 M
J=1 x;e{0,1},(j=12,.,N)

The optimization goal is to maximize the value f{X) of the cargo combination X of each vehicle.
The vehicle scheduling problem can be solved with the following mathematical model of the
assignment problem:
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where min f is the minimum total cost of vehicle scheduling. The routing can be simplified as

the solution to the traveling salesman problem (TSP):
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According to the above formulas, the overall logistics flow can be expressed as:
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where ty; is the delivery time of the goods; c;; is the distribution cost of a vehicle from
distribution site i to distribution site j (including the vehicle cost, the personnel cost, etc.); x;;,
is the correlation coefficient of the route ( x;;, =1 if vehicle k drives from distribution site i to
distribution site j and x;3 =0 if otherwise). An optimization function that minimizes the

number of vehicles or the length of the route can be derived from Eq. (4).
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2.2. MAS-BASED LOGISTICS SCHEDULING MODEL

Here, the MAS is introduced to improve the traditional logistics scheduling, forming a MAS-
based model. The core processing structure is the multi-agent planning system in Figure 2.
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C D Taskactivity -» Control link
> Scheduled activity ,,,,,, - Task outline
——1 Executed activity """

legend ‘ Message processor le— (" External user oragent)
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Belief library |« P - |
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Fig. 2 Multi-agent planning system

The system mainly consists of a target library, a task library and an information library. Each
library contains agents with different functions. The MAS-based logistics distribution process
can be simplified to the multi-agent model in Figure 3 below.

Joit company
Agent
Distribution supply chain

Supplier }—»—1 Delivery center }—»1 Distributor

< Logistics, information flow, capital flow >

Fig. 3 Multi-agent model for the MAS-based logistics distribution

On this basis, the author established a multi-agent vehicle scheduling management system
model for intelligent logistics (Figure 4). The above-mentioned multi-agent planning system is
placed at the centre of this system model. In addition, there is a cargo distribution agent, a
vehicle agent, and a route information agent in this model. Each agent has its independent
reasoning and communication capabilities. The agents communicate in messages coded in XML.
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Fig. 4 Multi-agent vehicle dispatch management system for intelligent logistics

Once the system model receives a batch of orders, the planning system agent will send the order
delivery information to other execution agents. Then, the XML parser in each agent will encode
and parse the information. The parsed commands will be transmitted via the ACL to the agents
to initiate relevant operations.

3. VEHICLE SCHEDULING METHOD FOR INTELLIGENT LOGISTICS SYSTEM

3.1 LOGISTICS SCHEDULING FOR GENERAL OPERATIONS

Through further analysis, a vehicle scheduling method was put forward for intelligent logistics
system and the overall workflow of the delivery centre was clarified (Figure 5).

Order or agency agreement H Arrival of goods H Goods acceptance H Return ‘

ﬁ Tally H Waste treatment ‘

t

Sorting H Order processing H Temporary stock H Packaging / distribution processing‘

4{ Upper shelf/stock position Fi

Distribution H Delivery area temporary storage H Logistics ‘

Fig. 5 Overall workflow of the distribution centre
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Considering the huge order volume of the delivery centre, the distribution items should be
decomposed as follows: simplify different items as several units X, and decompose each unit into
subunits X; ~ X, that satisfy:

X=X,UX,U..UX;U..UX, (5)
XinX;=@(i#]) (6)
Cy=).Cx, 7

The subunits should have the same attributes, be independent, integrable and time-varying, and
be able to distinguish between different job contents and responsible persons.

The distribution task decomposition of intelligent logistics system is shown in Figure 6. The
overall distribution task can be decomposed into several subunits according to the
abovementioned MAS-based logistics scheduling model. The entire distribution task can be
reconstructed from the smallest decomposable units, marked as Pe.

Logistics distribution Subproject 1
virtual enterprise

B lSeIi\;e;yict;ntieri 777777777777777777777777 ; 777777
‘ Subproject 1 ‘ ‘ Subproject 2 ‘ i T - Subproject3 ‘
¥ Y
‘ P1 ‘ ‘ P2 ‘u i1 pn ‘
Enterprise internal i 3
P21 ‘ ‘ P22 ‘u i1 Pan
777777777777777777777 V-
. . Pe
Atomic subproject
task sequence
¥ Y
‘ T ‘ ‘ T2 ‘i i1 T ‘

Fig. 6 Distribution task decomposition of intelligent logistics system

The primary subunits include the collection of goods, storage of goods, vehicle scheduling and
delivery of goods. Among them, the collection of goods can be further divided into two secondary
subunits: order acceptance and order issuance/charging; the storage of goods can be further
divided into goods acceptance, processing, and goods placement; vehicle dispatching can be
further divided into goods assembling, route planning and fuel management; the delivery of
goods can be further divided into inspection of goods, issuance of orders and shipment of goods.
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Fig. 7 Resource planning for distribution scheduling of intelligent logistics system

As shown in Figure 7, the resource planning for distribution scheduling of intelligent logistics
system can minimize the total distribution cost through continuous adjustment of the resource
allocation according to the distribution task.

3.2 IMPROVED EXCHANGE NEIGHBOURHOOD TABU SEARCH ALGORITHM

The improved exchange neighbourhood tabu search algorithm was adopted to minimize the
total cost of logistics distribution. Assuming that each delivery centre has k vehicles and several
orders, the initial solution of the job sequence corresponding to the k vehicles was generated by
the insertion method, while the remaining orders were outsourced. In this way, a total of k+1
task sequences were generated.

Under the exchange structure of the adopted algorithm, two task sequences were selected to
exchange their orders, forming new task sequences. Since the value of A in the algorithm is either
1 or 2, eight exchange operators (e.g. (0, 1), (1, 1) and (2, 1)) can be generated. Note that (1, 1)
means one order is exchanged into another task sequence. The computation should be
terminated when the iteration results reach the pre-set threshold or the maximum number of
iterations.

The specific steps of the adopted algorithm are as follows:

(a)

Randomly generate the initial solution S, denote the best-known solution as Sp, and make it
the initial solution, i.e. S = Sp;

(b)
(c)

Initialize various parameters in the algorithm;

Perform a neighbourhood search on S, and update the completed and to-be-completed task
sequences in real time;

(d)

The objective function of the optimization can be expressed as:
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N K M
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Egs. (8) to (10) respectively specify the minimum total distribution cost of the orders delivered
by the vehicles of the delivery centres, the minimum total distribution cost of the orders
delivered by outsourced vehicles, and the minimum total distribution cost of the orders
delivered by vehicles of the delivery centres and outsourced vehicles. The optimal plan obtained
by Eqgs. (8) to (10) is marked as SS. If Cost(S, )>Cost(SS), update S into SS and start the

iteration and computation again:

If{Cost(S,)>Cost(S)} S,=S,m=m+1 (11)

Otherwise, use the original value for the computation.

4. CASE STUDY

The logistics scheduling of a large port was selected to validate of the proposed automatic task
matching and negotiated scheduling method for intelligent logistics system. There are three
types of vehicle scheduling for the logistics distribution at the port (Figure 8).

— 1. Heavy traffic .
Port Distribution Center > Empty traffic Cust h 2, Empty traffic Customer warehouse/
(Duty Free Zone) - EMpty ustomer warenhouse storage area

a Entering port operation order

— 1, Empty traffic .
Port Distribution Center |——— 0= Cust h 1, Empty traffic Customer warehouse/
(Duty Free Zone) ' vy ustomer warenhouse storage area

b Issue port operation order

Port Distribution Center Empty traffic Customer warehouse/
(Duty Free Zone) storage area

)

% &
72 §
& D
% 8
° Customer warehouse/ <

storage area

¢ Empty container transfer operation order

Fig. 8 Types of vehicle scheduling for the logistics distribution at the port
In light of our approach, a port vehicle scheduling agent model was created for intelligent
logistics system (Figure 9). The model involves the task announcement, task assignment, agent

design (environment agent, communication agent, skill agent, identification agent), and route
planning.
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Fig. 9 Port vehicle scheduling agent model for intelligent logistics system

The orders at the port were processed according to Figure 10, where H;; and Hj; are the
processing time of the logistics operation at the start point and the end point, respectively; W
and Wiz are the waiting time of the logistics operation at the start point and the end point,
respectively; D; is the distribution form; Rip~Ri: and R;z~R;3 are the longest allowable operation
time.

Starting place Starting place Destination Destination
driving process waiting time driving process work time
Starting place Destination
H H work time H waiting time
D ‘ Winia Di ‘ Wiz
< < <
S S S
> > >
Destination time
window limit
= - o ]
4 [ [ o4

Fig. 10 Workflow of order processing at the port

Next, the logistics distribution of the container goods at the port was computed by the proposed
model and relevant algorithms. The relationship between the number of iterations and the
relative total cost is presented in Figure 11.

The relative total cost can be expressed as:

N K M
minZPi[ZZXikm] (12)
i=1 k=Im=1

where N is the number of orders; K is the number of distribution vehicles; M is the maximum
number of orders that can be processed each day by each vehicle.

Figure 11 shows that the proposed model handled the port orders excellently. The total
distribution cost plunged with the growing number of iterations, and reached the optimal
scheduling state after the 16t iterations. In addition, the proposed algorithm has never
converged to the local optimum, indicating that it can effectively prevent premature
convergence. Thus, it is feasible to use the proposed algorithm for the intelligent control of
logistics distribution.
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Fig. 11 The relationship between the number of iterations and the relative total cost

Next, the proposed algorithm was further contrasted with the traditional insertion method and
neighbourhood search algorithm against the same logistics plan. The comparison in Figure 12
shows that the insertion method brought the highest relative total cost (mean value: 1.22),
followed by the neighbourhood search algorithm (mean value: 1.14). The proposed algorithm
achieved a much lower distribution cost than the two contrastive algorithms.
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Fig. 12 The relative total costs of the three algorithms

5. CONCLUSIONS

This paper introduces the innovative technology of the MAS to improve the traditional logistics
scheduling, proposes an automatic task matching and negotiated scheduling method for
intelligent logistics system, and constructs a corresponding agent framework model. The
research conclusions are as follows:

(1) The multi-layer decomposition of the overall logistics scheduling task greatly reduces the
scheduling difficulty of the overall logistics process, and, to some extent, prevents the
computing error caused by incomplete data and uncertain indices.
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(2)

(3)

The MAS-based intelligent system logistics scheduling model supports automatic task
matching and auto-negotiation. During distribution, the total distribution cost can be
minimized through continuous adjustment according to the delivery task.

The case study demonstrates the effectiveness and superiority of the proposed method.
Compared with the insertion method and the neighbourhood search algorithm, the
proposed method can effectively avoid premature convergence.
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