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 Manufacturers and services providers often encounter stochastic parametric scenarios in 
transportation. Researchers have, thus far, considered deterministic truck and trailer 

routing problem (TTRP) that cannot address the prevailing travel time uncertainties 

and/or other complexities. Therefore, truck and trailer routing problem with stochastic 
travel times and time windows (TTRPSTTW) has practical significance. The purpose of 

this study is to expand the deterministic TTRP model by introducing stochastic travel 

times with time window constraints to bring the TTRP model closer to reality and solve 
the model in a reasonable timeframe by administering the simulated annealing (SA). 

Eighteen benchmark-instance problems have been modified for this case and solved by 

using these algorithms. Also the problems are tested by sensitivity analysis to 
understand the effects of parameters and to make a comparison between the best results 

obtained by SA and sensitivity analysis.  
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INTRODUCTION 

 

 This paper presents the truck and trailer routing problem with stochastic travel time and time windows 

(TTRPSTTW). It is an extension of truck and trailer routing problem (TTRP) is discussed. The truck and trailer 

routing problem is a variant of the vehicle routing problem (VRP). In TTRP, sometimes a truck pulls a trailer to 

serve the known customers (which is a feature that usually is ignored in the VRP). However, because of some 

limitations which are encountered in real-life situations, such as government regulations, limited space to 

manoeuver at customer site, and road conditions, only a truck may serve some of the customers. These 

constraints can be found in many practical situations (Lin et al., 2009). Several researchers have been working 

on this field. Gerdessen worked on Vehicle Routing Problem with trailer (Gerdessen, 1996). He demonstrated 

two real applications which are relevant to TTRP. The first one is the distribution of dairy products in which 

many customers were located in cities with heavy traffic. Because of maneuvering a complete vehicle is found 

so difficult in these cities, therefore the trailer often parked in designated parking places and the truck serviced 

the customers. The second application is to distribute compound animal feed to farmers. Because most of the 

villages have narrow roads or small bridges, different kinds of vehicles are required to deliver the feed to 

farmers. One kind of vehicles called double bottom. It consists of a truck and a trailer. While the truck serves 

customers by making sub-tours, the trailer is remaining parked at the parking area.  

 In many real-life issues which are relevant to TTRP some constraints and limitations such as time windows 

are imposed to make the model more realistic. In addition, in practical situations travel time between customers 

are stochastic. Therefore, it is important to consider TTRP with stochastic travel time and time windows. This 

problem is an extension of VRP with stochastic travel time and time windows (VRPSTTW). 

 

1. Formulation of the truck and trailer routing problem with stochastic travel times and time windows: 

 The TTRPSTTW is an extension of the TTRP. TTRP was first proposed by Chao (Chao, 2002). The 

TTRPSTTW is defined as an undirected graph 𝐺 =  (𝑉,𝐸), where 𝑉 =   𝑣0 , 𝑣1 , 𝑣2 , . . .  ,𝑣𝑛   is the set of vertices 

and 𝐸 = {(𝑣𝑖 , 𝑣𝑗 ) ∶ 𝑣𝑖  ,𝑣𝑗  ∈  𝑉, 𝑖 < 𝑗}  is the set of edges. The central depot is represented by 𝑣0 and the other 

vertices in 𝑉 \{𝑣0}correspond to customers. Each vertex vi is associated with a deterministic and non-negative 

demand qito be met. Also each customer should be serviced in service time𝛾𝑖 . A customer type𝑡𝑖  is available for 

all customers. If 𝑡𝑖 = 1 ,  the customer i is a truckcustomer (TC) and can be serviced only by single truck. 
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If𝑡𝑖 = 0, a customer i is a vehicle customer (VC) and it can be serviced by single truck or complete vehicle 

(truck pulling a trailer). 𝐶 =  (𝑐(𝑣𝑖 , 𝑣𝑗 )) is a stochastic travel cost which is defined on E. 

 A fleet of 𝑚𝑘and 𝑚𝑟  , respectively, number of trucks and trailers are available at a point of time. However, 

some available trucks and trailers may not be used any time in TTRPSTTW solution. Without loss of generality, 

it is assumed that 𝑚𝑘 ≥ 𝑚𝑟 , as considered by Chao (Chao, 2002) and Scheuerer (Scheuerer, 2006) and Lin et al  

(Lin et al., 2009, Lin et al., 2010, Lin et al., 2011) for give reason. All trucks and all trailers have their same 

capacity𝑄𝑘   and 𝑄𝑟 ,respectively.  

 Three types of route are available in TTRPSTTW as follow: 1) a pure travel route (PTR). It can be travelled 

by only single truck. 2) A pure vehicle route without any sub-tour (PVR). Only complete vehicle can be 

travelled in this route. 3) Complete vehicle route (CVR). It consists of a main tour and at least one sub-tour. A 

sub-tour starts and finished at the same vehicle customer (vr) (trailer is parked in parking place which is called 

root) and it can be travelled only by a single truck; however, it should be serviced by complete vehicle in main 

tour. 

 In practical situation, often travel times are not really deterministic between two vertices because of traffic 

congestion, different weather conditions or level of driver’s skills or may be influenced by distribution 

technology. Therefore, due to some limitations in VRP model which cannot consider several conditions such as 

government regulations, limited space to manoeuver at customer site and road conditions and the necessity of 

stochastic travel times in real-life issues, the truck and trailer routing problem with stochastic travel times and 

time windows is considered in this paper. A comprehensive survey on stochastic vehicle routing problem was 

done by Gendreau et al. (Gendreau et al., 1996). Their paper classified the stochastic vehicle routing problems 

(SVRP) into three main categories: stochastic travel times, stochastic demands and stochastic customers and the 

various components which could be produced from these three types. Laporte et al. introduced VRP with 

stochastic travel times. They considered the problem using stochastic programming concept and customized a 

branch-and-cut approach for this problem. Then the VRP with stochastic travel times was developed by Kenyon 

and Morton. They used Monte Carlo solution approach and inserted a branch-and-cut algorithm into it to solve 

large-size problems efficiently. The VRP with stochastic travel times can be considered with time window 

constraints to make it more realistic (Li et al., 2010, Taş et al., 2012). 

 The truck and trailer routing problem with stochastic travel times and time windows can be cast within the 

framework of stochastic programming. In this paper, chance constrained programming (CCP) is considered to 

solve TTRPSTTW. The CCP model will be explained in the following subsections. 

 

2.1.    The chance constrained programming model of TTRPSTTW:  

 Chance constrained programming was first proposed by Charnes and Cooper in 1959 (Charnes and Cooper, 

1959). The assumption of this concept is that the stochastic constraints will hold at least with the probability α, 

where α is the significance level provided as an appropriate safety margin by the decision-maker. It means that 

the probability of route failure must be lower than a certain threshold value (Li et al., 2010). Chance constrained 

concept can be considered for different variants of stochastic vehicle routing problems such as VRP with 

stochastic demands, VRP with stochastic customer and VRP with stochastic travel times (Tan et al., 2007, Li et 

al., 2010, Branda, 2012, Zhang et al., 2012).  

 In this paper, driver duration chance constraint is considered for TTRPSTTW. In real-life situations, 

workers have fixed working hours. However, due to stochastic travel times between customers, route duration 

may exceed the threshold of a driver duration D and driver may need to work more than the predetermined 

working hours. In addition, the vehicle has to return to depot not later than the predetermined deadline 𝑙0. 

𝑃 𝐴0𝑘 ≤ 𝑙0 = 1                                                                                                                  (1) 

𝑃 𝑒𝑖 ≤ 𝐴𝑖𝑘 ≤ 𝑙𝑖 ≥ 𝛼                                                                                                                    (2) 

𝑃{ 𝑡𝑟𝑖𝑟𝑖+1 +  𝛾𝑖 ≥ 𝐷} ≤ 𝛽
𝑛𝑘
𝑖=0                                                                                                        (3) 

 

 Where 𝑃 is the probability measure. In addition, 𝑟𝑖 is the i-th customer, 𝑛𝑘  is the number of customers 

served in route k, 𝐴0𝑘  and 𝐴𝑖𝑘  are an arrival time of vehicle k to depot and the arrival time of vehicle k at 

customer i . In addition, 𝑡𝑖𝑗  is travel time between customer i and j. It seems that the working hours may exceed 

upper bound D with a probability of 1- α. A lower probability of overwork is caused by a higher value of α. The 

CCP model of the TTRPSTTW is shown as follows:   

 min T X, Y =   𝐶𝑖𝑗𝑋𝑖𝑗𝑘𝑘∈𝐾 +    𝐶𝑖𝑗𝑌𝑖𝑗𝑘𝑘∈𝐾𝑗∈𝑉𝑖∈𝑉𝑗∈𝑉𝑖∈𝑉                              (4)                                        

Subject to: 

   𝑋𝑖𝑗𝑘 + 𝑌𝑖𝑗𝑘  = 1                  ∀𝑖 ∈ 𝑉𝑘∈𝐾𝑗∈𝑉                                                            (5)                                    

  𝑋0𝑗𝑘 + 𝑌0𝑗𝑘  = 1                          ∀𝑘 ∈ 𝐾𝑗∈𝑉                                                      (6)                                   

  𝑋𝑖0𝑘 + 𝑌𝑖0𝑘 = 1                          ∀𝑘 ∈ 𝐾𝑖∈𝑉                                                     (7)                                                                

 𝑋𝑖𝑗𝑘 −  𝑋𝑗𝑖𝑘𝑖∈𝑉 = 0                    ∀𝑗 ∈ 𝑉, 𝑘 ∈ 𝐾   𝑖∈𝑉                                                                    (8)                                                       

 𝑌𝑖𝑗𝑘 −  𝑌𝑗𝑖𝑘𝑖∈𝑉 = 0                      ∀𝑗 ∈ 𝑉, 𝑘 ∈ 𝐾   𝑖∈𝑉                                                                 (9)                                                                    
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 (𝑞𝑖𝑖∈𝑉  𝑋𝑖𝑗𝑘 )𝑗 ∈𝑉 ≤ 𝑄𝑘 + 𝑄𝑟              ∀𝑘 ∈ 𝐾                                                    (10)                                                           

 (𝑞𝑖𝑖∈𝑉  𝑌𝑖𝑗𝑘 )𝑗 ∈𝑉 ≤ 𝑄𝑘                      ∀𝑘 ∈ 𝐾                                              (11)                                                                   

𝑃{  𝑡𝑖𝑗  𝑋𝑖𝑗𝑘 + 𝑌𝑖𝑗𝑘  +  𝛾𝑖𝑖∈𝑉  ≥ 𝐷} ≤ 1 −𝑗 ∈𝑉𝑖∈𝑉  𝛽     ∀𝑘 ∈ 𝐾                                          (12)                                               

𝑃 𝐴0𝑘 ≤ 𝑙0 = 1                               (13) 

𝑃 𝑒𝑖 ≤ 𝐴𝑖𝑘 ≤ 𝑙𝑖 ≥ 𝛼                                            (14)      

𝑋𝑖𝑗𝑘 ∈  0,1  ,   𝑌𝑖𝑗𝑘 ∈  0,1 ,   ∀𝑖, 𝑗 ∈ 𝑉,    𝑘 ∈ 𝐾                                         (15)   

 

𝑋𝑖𝑗𝑘 is equal to 1 if customer iand j (edge (𝑖, 𝑗) ∈ 𝐸) are serviced by a complete vehicle ( the k-th truck with a 

trailer), and 0 otherwise.  𝑌𝑖𝑗𝑘 is equal to 1 if edge (𝑖, 𝑗) ∈ 𝐸 is used by the k-th truck (without trailer).  

 To solve CCP, the most popular method is to convert CCPs into their corresponding deterministic equation 

under some assumptions (Li et al., 2010). For this case, TTRPSTD under CCP can be transformed into a 

deterministic TTRP. Here, 𝑡𝑖𝑗  is a travel time between vertices i and j and follows Normal distributions, i.e., 

𝑡𝑖𝑗 ~𝑁(𝜇𝑖𝑗 ,𝜎𝑖𝑗
2 ). Therefore, the Eq. (11) can be transferred to deterministic equation as follows. 

 

𝜑−1 𝛼    𝑉(𝑡𝑖𝑗𝑘 (𝑋𝑖𝑗𝑘 + 𝑌𝑖𝑗𝑘 )) + 𝑉(𝛾𝑖)𝑗 ∈𝑣𝑖∈𝑣 +   𝐸(𝑗∈𝑣𝑖∈𝑣 𝑡𝑖𝑗𝑘 (𝑋𝑖𝑗𝑘 + 𝑌𝑖𝑗𝑘 )) +  𝐸(𝛾𝑖)𝑖∈𝑣 ≤ 𝐷      ∀𝑘 ∈ 𝐾                                                                                               

(16)            

 

For proving this equation, please refer to (Li et al., 2010). 

 Where 𝜑 is the standardized normal distribution function and 𝜑−1 is the inverse function of 𝜑. 𝑉(. )and𝐸(. ) 

are variance and expected cost values, respectively.  

 

2. Simulated annealing for solving TTRPSTTW: 

 Simulated annealing is one of the most famous local search heuristics. It can be applied to a wide variety of 

combinatorial optimization problems (Lin et al., 2009, Lin et al., 2011). It was introduced by Metropolis et al. 

in 1953 (Metropolis et al., 1953, Van Breedam, 1995). When using the local search methods, one should know 

that a thorough search of the solution space is implemented by moving at each step from the existing solution to 

another likely solution in its neighbourhood. At first, the initial solution should be known as a best solution. At 

each iteration the algorithm produces a new solution from the neighbourhood of the current solution. If new 

solution which is found by algorithm is better than the current solution, the new solution should be known as a 

best solution and the procedure should be continued. However, sometimes the algorithm occurs in local optima. 

The procedure may escape from this issue by accepting worse solution with some conditions. New solution with 

a worse objective function value can be accepted as a current solution with a small probability determined by 

the Boltzmann function, 𝑒𝑥𝑝(−𝛥/𝐾𝑇), where K is a predetermined constant and T is the current temperature in 

Boltzmann function  (Lin et al., 2009).  

 

3.1.     Initial solution:  

 Aforesaid customers can be classified as truck customers (TCs) and vehicle customers (VCs). A string of 

numbers represents an initial solution which is denoted by the set  1,2,… ,  𝑛  and N dummy zeros (artificial 

depot or the root of a sub-tour). The parameter N is utilized to terminate sub-tour or route and can be calculated 

by   𝑑𝑖𝑖 /(𝑄𝑘)  where  • denotes the largest integer which is equal or smaller than to the enclosed number. The 

ith non-zero number in the first 𝑛 + 𝑁 positions denotes the ith customer to be serviced. Vehicle customer can 

be serviced by either complete or truck vehicle. Therefore, the vehicle type of VC is 1 if it is serviced by truck 

vehicle. Otherwise its vehicle type is 0. Hence TC must be serviced only by truck vehicle, therefore does not 

need to be mentioned in the solution (Lin et al., 2009, Lin et al., 2011).  

 

3.2.      Neighborhood: 

 In local search-based heuristic, it is important to define an appropriate method for finding the effective 

neighbors to improve the solution. A random neighborhood structure including swap, reversion and insertion are 

used for generating good neighborhood from a current solution. In every iteration, the algorithm generates new 

solution Y from current solution X by using swap, reversion, insertion and change of service vehicle type 

randomly as follows.  

 The swap is carried out by selecting two customers randomly and swapping them to generate new solution 

from the current solution. The reversion is performed by selecting two numbers (customers) from the string of 

numbers representing the current solution then reversing the route from bigger number to smaller one. The 

insertion is performed by selecting two customers randomly and inserting the first customer immediately after 

the second one. The probability of selecting swap, reversion and insertion will be set to be 0.333 for each of 

them as it assumed that each of these methods has an equal chance to improve the solution.   
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3.3.      Parameters: 

 Simulated annealing method uses seven parameters for improving the solutions, such 

as 𝑇0 ,𝑇𝑓 , 𝐼𝑖𝑡𝑒𝑟 ,𝐾,𝑁𝑛𝑜𝑛 ,𝛽,𝑃.T indicates the thermodynamic temperature and it is used to simulate the system at 

the temperature T, whereas T gradually cools down from an initial high temperature (𝑇0) to a final lower 

temperature (𝑇𝑓 ). It means that the algorithm procedure will be stopped when the current temperature is lower 

than𝑇𝑓 . 𝐼𝑖𝑡𝑒𝑟 represents the number of iterations in each temperature. 𝐾is the Boltzmann constant which is used 

in the probability function. 𝑁𝑛𝑜𝑛 denotes the maximum number of allowable iterations in temperature. The 

algorithm will be terminated if the number of reductions exceed the 𝑁𝑛𝑜𝑛  without improving the best cost. 𝛽is 

the coefficient for controlling the cooling scheme. 𝑃is the penalty cost associated with the number of extra 

vehicles used.  

 

3.4.    The SA procedure: 

 At first, the current temperature is set to be initial temperature and the algorithm generates initial solution X 

randomly. In addition, the best solution 𝑋𝑏𝑒𝑠𝑡  and the best objective function are set to be X and 𝑜𝑏𝑗(𝑋,𝑃), 

respectively. In each iteration the algorithm generates new solution Y from its neighborhood and evaluates its 

objective function value. Let Δ represents the differences between objective function values between X and Y. 

therefore, Δ =  𝑜𝑏𝑗 𝑌,𝑃 − 𝑜𝑏𝑗(𝑋,𝑃).  The probability of replacement of the current solution with next solution 

is as follows. 

 
1                            , Δ ≤ 0

exp  
−𝛥

𝐾𝑇
             , Δ > 0

  

 

 IfΔ ≤ 0, it means that the next solution is better than the current solution and should be replaced with the 

current solution. IfΔ > 0, it means that the next solution is not appropriate. However, as it mentioned, since 

escaping from trapping in local search, these kinds of solutions will be accepted with exp  
−𝛥

𝐾𝑇
  probability by 

generating a random number r ∈[0,1] and replacing the solution X with Y if 𝑟 < exp  
−𝛥

𝐾𝑇
 . After accomplishing 

the number of iterations, the current temperature will be decreased according to the formula 𝑇 = 𝛽𝑇, where 0 <
𝛽 < 1.  Due to owing a more chance to find a better solution, the algorithm uses a local search procedure which 

sequentially performs 2-Opt, swap, reversion and insertion in every three temperature reductions. If the current 

temperature T is falling below the 𝑇𝑓  or the number of reductions exceed the 𝑁𝑛𝑜𝑛  without improving the best 

cost, the algorithm will be terminated. 

 

3. Computational study: 

 The algorithm proposed above was coded using MATLAB 7.9.0 and has run on a laptop with 2.4 GHz dual 

processor and 4 G RAM. The special 18 TTRPSTTW benchmark instances are modified which are derived from 

Lin (Lin et al., 2011) for the truck and trailer routing problem with time windows (TTRPTW).  The coordinates 

of vertices and demands are the same as in the Lin’s instances. Also the number of trucks and trailer and their 

capacities are customized for this problem.  However, the travel times between customers are stochastic with 

normal distributions (𝜇𝑖𝑗 ,𝜎𝑖𝑗
2 )having a mean value equal to deterministic travel times in Lin (Lin et al., 2011). 

Furthermore, 𝜎𝑖𝑗
2  is a randomly generated integer value taken from [1,5]. This problem was not considered by 

any researcher earlier and thus the results cannot be compared with any previous findings. However, for the first 

time this problem is solved by using simulated annealing heuristics. In addition, objective function values of 

TTRPs (Lin et al., 2011) with deterministic travel times and time windows are reported to compare this study 

result with them and it is obvious that this objective function value is larger than the deterministic one because 

the capacities are less than deterministic one and recourse failure is sometimes occurred. The problems and 

results are presented in Table 1 and Table 2, respectively. Each set has been run in 10 times and the best one is 

located. Also the time taken for proposed SA presented in the next columns. 

 

4.1.     Computational results: 

 Parameters used in the model may affect on the quality of computational results. These parameters may use 

in SA, TS or both.  In order to obtain better solutions, different values have been used in initial experiments such 

as  

𝑃 = 10000; 𝛽 = 0.99, 0.975, 0.95; 𝐼𝑖𝑡𝑒𝑟 = 20000, 40000, 60000, 80000, 100000; 

𝐾 = 1, 0.9, 0.8, 0.7, 0.6, 0.5; 𝑇0 = 1000,𝑇𝐹 = 0.1or𝑇0 = 10,𝑇𝐹 = 0.001; 𝑁𝑛𝑜𝑛 = 50, 100; 
 Since it is not possible to use more than the predetermined number of vehicles, the penalty cost is 

considered too high. Hence parameter settings may have significant affect on the computational results; 

therefore, they should be chosen carefully. Consequently, the parameters have been examined with different 

values and set to be𝛼 = 0.95, 𝛽 = 0.95,𝐼𝑖𝑡𝑒𝑟 = 60000, 𝐾 = 0.8,𝑇0 = 10, 𝑇𝐹 = 0.001, and 𝑁𝑛𝑜𝑛 = 50. They 
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seem to give best results and will be used for further computational study. For finding the number of 

temperature reductions is SA, this equation should be solved. 

 
Table 1: The benchmark values used to solve the proposed problem. 

Problem ID Original 
Number of 

VC 

Number of 

TC 

Truck 

number 

Truck 

capacity 

Trailer 

number 

Trailer 

capacity 

1 C101 38 12 8 100 5 100 

2 C101 25 25 8 100 5 100 

3 C101 13 37 8 100 5 100 

4 C201 75 25 12 100 8 100 

5 C201 50 50 12 100 8 100 

6 C201 25 75 12 100 8 100 

7 R101 150 50 20 100 20 100 

8 R101 100 100 20 100 20 100 

9 R101 50 150 20 100 20 100 

10 R201 38 12 8 100 5 100 

11 R201 25 25 8 100 5 100 

12 R201 13 37 8 100 5 100 

13 RC101 75 25 12 100 8 100 

14 RC101 50 50 12 100 8 100 

15 RC101 25 75 12 100 8 100 

16 RC201 150 50 20 100 20 100 

17 RC201 100 100 20 100 20 100 

18 RC201 50 150 20 100 20 100 

 
Table 2: The proposed TTRPSTTW solutions. 

Problem ID 
Proposed SA 

heuristic 

Time (s) 

(SA) 

objective function 

values (OFV) 

Time (s) 

(OFV) 
Best solutions 

1 434.52 617 415.67 743 415.67 

2 451.74 649 491.07 721 451.74 

3 472.40 549 500.59 808 472.40 

4 709.71 3214 671.37 3521 671.37 

5 727.81 3117 713.06 3469 713.06 

6 732.36 3182 711.45 3641 711.45 

7 6211.14 18232 5106.72 18923 5106.72 

8 6094.93 18527 5324.81 19329 5324.81 

9 5826.87 18988 5484.90 19778 5484.90 

10 739.90 821 794.34 889 739.90 

11 751.54 867 794.34 935 751.54 

12 744.69 936 794.34 998 744.69 

13 1822.48 4348 1719.74 4565 1719.74 

14 1847.36 4102 1776.69 4368 1776.69 

15 1878.21 4081 1786.11 4602 1786.11 

16 3042.47 16129 2907.93 17198 2907.93 

17 3097.35 16753 2951.21 17089 2951.21 

18 3025.53 15831 2858.70 16892 2858.70 

Avg. 2145.06 7274.61 1989.06 7692.72 1989.06 

 

 The results obtained by SA and OFVare close to each other. Hence 5 best solutions are obtained by 

proposed SA and the others are obtained by OFV, the result from SA algorithm can be accepted. The average of 

SA and OFV results are 2145.06 and 1989.06, respectively. In addition, the average time taken is mentioned in 

Table 2. These are 7274.61 and 7692.72, respectively. It shows that OFV used more time to solve these 

problems than proposed SA. 

 

Conclusion: 

 The truck and trailer routing problem with stochastic travel times and depot deadline (TTRPSTTW) is 

introduced, modelled and solved in this paper. This issue has been formulated as a chance constrained 

programming (CCP) model. Eighteen TTRP benchmark problems have been modified for this model. The 

simulated annealing algorithm has been applied to solve this problem. A random neighbourhood structure which 

uses of three different types of moves including swap, reversion and insertion have been considered to find the 

new solutions. Hence nowadays, the travel times between customers are not deterministic and some limitations 

such as time windows, government rules may be occurred in servicing the customers, TTRPSTTW needs to be 

considered. In addition, since no comparative results are available for TTRPSTTW, the paper can only compare 

the results of SA with objective function values of TTRPs with deterministic travel times and time windows.  
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