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Abstract 

 
A modern customer expects high quality of food products, and consequently, retailers must present their products in 

a decent quality to improve their reputation and customer retention in the market. There are many factors which can 

influence the quality of food products; one of the vital factors is maintaining products in a predetermined temperature 

through their life cycle since it can slow the bacteria growth which deteriorates food quality. The necessity of 

implementing a proper temperature-controlled system creates various challenges in a supply chain. This research is 

focused on selecting a sustainable fleet of vehicles to minimize environmental effects and costs of delivering food 

products from a distribution center to retailers. A simulation model was developed to represent the relationship of 

supply chain actors, and it was followed by an optimization approach to determine the optimal number of vehicles. 

The results of this study show a comparative analysis of delivery costs and environmental effects to show that the 

sustainable selection of the fleet of vehicles is an efficient approach to preserve the quality of perishable products 

during transportation phase. 
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1. Introduction 
Delivering high quality food into the market is a key expectation of the modern customers. The quality of the food 

can decay at any level of Food Supply Chain (FSC) which contains suppliers, warehouses, transportation modes, 

Distribution Centers (DC) and retail stores. There are many criteria needed to be kept under control to preserve the 

quality of food in the whole FSC. The most important criterion is maintaining foods in a proper temperature [1]. 

Hence, the concept of Temperature Controlled Supply Chain (TCSC) emerged in 1980s in the UK, and defined as a 

FSC which determines a certain temperature range for food products at the various level of the TCSC [1]. Controlling 

the temperature through the whole FSC is essential to deliver the quality to the end customers. In this research, only 

distribution activities of FSC is studied. These activities are not only influenced the quality of the products, but also, 

affect the efficiency of the whole FSC. The distribution system can have a huge economic and environmental impact 

on the efficiency of the TCSC [2]. We will discuss how different types of delivery systems can be economically 

justified, and also, they can preserve the environment and the quality of the food products. 
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The temperature level can be different for each type of food products and at each level of TCSC. The specific 

temperature in which the products must be kept in transportation mode are imposed by the governments [3]. However, 

food’s required temperature levels can typically be categorized into frozen (-25 oC), Chill (0 oC) and Dry (10 oC- 15 

oC) [1]. The delivery vehicles need to be customized with a proper cooling system and isolation to be able to maintain 

the products in the predetermined temperature. Traditionally, there are vehicles designed to deliver one type of food. 

These Single Compartment Vehicles (SCVs) pick up items at a temperature-specific gate of the DC, and they start 

their route after loading at the gate. But today’s market demand requires more flexibility in delivery systems since 

customers order more often and in small batches. This type of behavior from retailers helps them to sell products 

fresher and save the inventory costs. Hence, Multi Compartment Vehicles (MCVs) are designed to deliver foods in 

different temperature levels in smaller amounts, and they should pick up items at more than one temperature-specific 

gates. Hubner and Ostermeier [4] discussed the benefits of using each type of vehicles in more details, and we added 

cost aspect to their point of view to compare these two type of vehicles. 

 

• Loading and unloading cost and time are higher in MCVs than SCVs. 

• Total travelled distance is potentially higher in SCVs than MCVs. 

• Flexibility in planning is higher in MCVs than SCVs. 

• Capital costs are higher in MCVs than SCVs. 

 

Developing a hybrid model to benefit the strength of different modeling approaches shows a promising results in this 

research area [5]. Therefore, A simulation optimization hybrid model was built to analyze the effects of number of 

SCVs and MCVs on the quality of foods, environment and distribution costs in different scenarios. Different scenarios 

for loading the products into the vehicles at the DC are evaluated to extract the optimal number and type of the vehicles. 

Additionally, sensitivity of the model to some parameters are assessed in this research. The most recent review of the 

literature shows that this research is innovative in considering the effects of MCVs on delivery costs, environmental 

effects and the level of food quality at the same time, and also, our simulation optimization approach is unique in this 

area. 

 

2. Research Methodology 
Considering the narrow margins in the food industry, it is substantial to efficiently manage the cost in a transportation 

system [4]. Hence, we need to define what elements have the most impact on the efficiency of the system. 

Transportation represents a significant fraction of total logistics activities [6], and delivering high quality of products 

is a substantial matter for public health and safety [7]. Therefore, total transportation costs and its environmental 

effects in addition to quality of the products are considered as the main impactful items in our TCSC. In order to obtain 

an accurate estimation of the total transportation costs, we considered the following three kinds of costs in our system 

since total transportation costs can mostly be impacted only by the following types of costs when we select different 

kinds of vehicle for delivery: 

 

• The capital costs associated to each vehicle (USD) 

• Delivery costs per item (USD per item per distance) 

• Idle cost of the vehicles (USD per hour) 

 

Additionally, the model calculates the amount of CO2 emissions that are produced by the delivery vehicles. This 

amount is directly related to the fuel consumption of each vehicle, and fuel consumption is linearly related to the 

vehicles’ travelled distance [8]. Accordingly, total amount of CO2 emissions of the system is total travelled distance 

multiplied by a constant number. It is also being expected that the distribution system should be able to deliver 

products to the customers in a good quality. In the distribution process, quality of the products decay in the storage 

facility when they are being prepared to deliver, and inside the vehicles during the delivery. The decay process is 

different for each product, but for the purpose of this research, we assumed that any products that is required to be 

kept at the same temperature follow the same decay speed in the model [9]. We also assumed that chill products decay 

faster than the other products, and freezing types decay faster than dry products [10]. The decay rate is linear in both 

storage and transportation stage which means that the quality of foods deteriorates as a linear function of time. 

 

We modeled a TCSC containing a DC which uses a fleet of vehicles to deliver food products among eight retailers. 

The retailers receive orders from their customers in a random pattern which follows a Poisson distribution. The amount 

of the orders is deducted directly from on hand inventory of the retailers. The customers do not wait for the back 



Gharehyakheh, Cantu, Krejci, Rogers 

orders, and retailers fails to satisfy the orders that are higher than the retailers’ inventory level. Hence, retailers make 

their replenishment orders when their inventory levels reach their reorder points to decrease the risk of losing a 

customer demand. The retailers follow (s, S) inventory policy which introduced by Scarf [11] in 1959. According to 

this policy, if the amount of on hand inventory goes below the reorder point s, the retailer will make an order up to S. 

The amount of new orders, previous undelivered orders and on hand inventory cannot exceed S. In the Figure 1, 

ordering process is explained as a flow chart. 

 

 
Figure 1: The process of making orders in the retailers 

 

The orders are processed at the DC by the sequence of the received order, and they are prepared for delivery based on 

their required cooling temperature. We examined four loading strategies as different scenarios: (1) FIFO strategy in 

which the products prepared earlier will be loaded into the vehicles first. (2) Longest travelling distance (LTD) which 

imposes higher priority to the orders received from the farthest customers. (3) Shortest Travelling Distance (STD) in 

which the nearest customers are served earlier than others. (4) Delivery based on Quality Decay Speed (QDS) in which 

chill products have a higher priority to the other products, and frozen products are prepared prior to dry products to 

deliver. Both SCVs and MCVs can deliver the food products in the predetermined temperature. As we discussed 

earlier, despite MCVs’ potentially lower transportation costs and flexibility in planning, SCVs can be beneficial in 

some cases, such as loading and unloading times and lower capital costs. There are three possible choices for selecting 

the type of vehicles in the fleet of vehicles. 

 

• A fleet of SCVs which have a unique compartment designs in isolation and cooling system for each of these 

product types. 

• A fleet of MCVs with a flexible compartment size that can deliver each type of foods according to the delivery 

schedule. 

• A combination of fleet of SCVs and MCVs in which higher possibility of lower transportation cost is 

considered for prioritizing the vehicles. 

 

In the case that we have combination of vehicle types, since SCVs are more likely cheaper to deliver a group of 

products that belong to a same group rather than using MCVs. We give a higher priority to SCVs if the products ready 

for delivery by a vehicle are categorized in the same group. Otherwise, MCVs are our first choice. In all the cases, we 

assumed that all the vehicles are identical, and the only differences are in flexibility of the compartment size and their 

cooling system. After loading the items, vehicles start their route at the DC, and they come back to their origin after 

delivering the products. Their routes are built based on the shortest distance logic which forces the vehicle to choose 

the route that has the shortest distance comparing to other options. 

 

A discrete event simulation model was developed to analyze the efficiency of the delivery system because simulation 

models are able to describe the system’s behavior in different scenarios respecting complexity and uncertainty of the 

model [12]. The simulation model was built using Simio as a software tool. This software is used to define all the 

objects, logics, relations and scenarios in the model, and its compatibility with GIS maps enables us to draw realistic 

routes for delivery of the products. 

 

The main objective of this research is to find optimal number of vehicles that are required in each scenario to deliver 

the products efficiently to their customers. Simulation model is a descriptive tool which is not able to find the optimal 

values for the variables. Therefore, optimization techniques can be combined with simulation models to obtain 

optimality in the simulation model. In our model, we assess each scenario based on optimal number of vehicles. Thus, 

we need to find the optimal number of vehicles in each scenario before analyzing each scenario in the simulation 
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model. In the optimization approach, we are seeking for the values of the variables which can give us the minimum 

total delivery cost. We consider only the solutions that can at most reach a certain value of CO2 emissions, and their 

minimum values for the quality should not be less than a lower bound value. Therefore, we need to find the optimal 

value for the number of vehicles with a single transportation cost objective with two constraints as an upper bound for 

CO2 emissions and a lower bound for the minimum quality of the products, see equation (1). The variables that we 

are looking to find in the optimization step are shown in Table 1. 

 

Table 1: Variables in the optimization approach 

 
Fleet of vehicles 

SCVs MCVs SCVs and MCVs 

L
o

ad
in

g
 

sc
en

ar
io

s 

FIFO a11
* b11

* c11
*  d21

* a31 b31 c31 d31 

LTD a12 b12 c12  d22 a32 b32 c32 d32 

STD a13 b13 c13  d23 a33 b33 c33 d33 

QDS a14 b14 c14  d24 a34 b34 c34 d34 

aij: Number of SCVs to deliver chill products 

bij: Number of SCVs to deliver frozen products 

cij: Number of SCVs to deliver dry products 

dij: Number of MCVs 

i: shows the choice of the fleet of vehicles 

j: shows the loading scenario 

 

Objective: minimize transportation cost    (1) 

Subject to: 

Amount of CO2 produced by the vehicles ≤ Upper limit 

Minimum quality level ≥ Lower limit 

 

We used OptQuest as an optimization tool which is available as a package in Simio. According to Kleijnen et al [13], 

OptQuest sees the simulation model as a black box, and it only considers input and output values of the simulation 

model. Kleijnen et al [13] also mentioned that OptQuest uses a heuristic algorithm which is a combination of Tabu- 

Search, Neural Network and Scatter Search algorithms, but unfortunately for commercial reasons, there is no available 

information that shows exactly how this heuristic works. In this algorithm, we defined minimum and maximum 

replications for each scenario 5 and 20 respectively in which our minimum replications ensure that our results are 

reliable enough, and maximum replications terminate generating more scenarios in case that simulation model cannot 

find a reliable result. In addition, we allow the algorithm to run at most 100 different scenarios if the algorithm does 

not reach a none improving solution. 

 

In order to comprehend the effect of parameters on the final results, sensitivity of the outputs to capacity of vehicles 

and customers’ demand were assessed in sensitivity analysis part. This analysis was only done on the scenario which 

gives us the best set of answers. 

 

During the model development phase, various outputs were extracted from different steps of the model, and they were 

analyzed to verify all the model’s component are working as expected. 

 

3. Results and Discussion 
3.1 Output of model 

The simulation model was run for each scenario with the same machine at the same conditions. The planning horizon 

was 52 weeks for this model. However, the first order was made at the beginning of the second week, hence, the 

results of the first 7 days were considered as a warmup periods, and they do not have any effects on the final results. 

In Table 2, we showed the optimal number of vehicles and the total transportation cost at each scenario. In real world, 

we can consider tighter bounds to see how much cost they can add to our system. This helps to choose suitable lower 

and upper bounds regarding to the budget which is available for sustainability purpose. The results also show that 

using a fleet of SCVs and MCVs using LTD loading strategy has the minimum transportation cost. It has been 

demonstrated in the literature that MCVs can help to save transportation cost when you want to deliver more than one 

type of products, but in our model, there are some cases in which only one type of products is ready for delivery which 

makes SCVs more beneficial than MCVs. Moreover, using LTD loading strategy eventuated the least travelling 

distance that caused an improvement in the model objectives. 
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Table 2: Optimal No. of vehicles and transportation costs for each scenario  

Loading scenario Fleet of vehicles Optimal No. of vehicles 
Optimal transportation costs 

(1000 $) 

FIFO 

SCVs a11= 3 b11= 3 c11= 2 478,628 

MCVs d21= 9 365,893 

SCVs and MCVs a31= 1 b31= 1 c31= 1 d31= 5 258,900 

LTD 

SCVs a12= 3 b12= 3 c12= 2 398,453 

MCVs d22= 10 305,487 

SCVs and MCVs a32= 2 b32= 1 c32= 2 d32= 4 211,604 

STD 

SCVs a13= 3 b13= 3 c13= 2 550,476 

MCVs d23= 10 420,479 

SCVs and MCVs a33= 1 b33= 1 c33= 3 d33= 3 337,459 

QDS 

SCVs a14= 3 b14= 3 c14= 2 528,470 

MCVs d24= 10 401,879 

SCVs and MCVs a34= 1 b34= 1 c34= 2 d34= 6 274,851 

 
In Figure 2, the total transportation cost is shown in groups of loading scenarios and fleet of vehicles. As it can be 

seen, the transportation cost is considerably lower in LTD comparing to the other scenarios, and we notice that loading 

strategy has a considerable impact on the transportation costs. The transportation cost is also noticeably changing in 

different fleet of vehicles, and we can conclude that type of vehicles obviously affects the transportation costs. 

 

 
Figure 2: Costs of different scenarios per loading scenarios and type of vehicles 

 

3.2 Sensitivity Analysis 

The results of the model can be sensitive to the value of the parameters. In the optimum scenario, the sensitivity of the 

model to the customers’ demand and vehicles’ capacity in their reasonable range of variations were tested. The results 

were shown in the Table 3. As it is expected, the transportation costs positively change with customer’s demand, and 

has a negative relation with vehicles’ capacity. The relations seem to be linear, so we can conclude that the solution 

is stable. 

 
Table 3: Results of sensitivity analysis 

Name of the parameter Variation range Total cost (1000 $) 

Customers’ demand 

+%20 250,789 

+%10 238,653 

-%10 195,623 

-%20 168,378 

Vehicles’ capacity 

+%20 170,789 

+%10 201,653 

-%10 235,623 

-%20 255,378 
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Figure 3 is a graphical representative of the 

sensitivity analysis which Jansen et al.  initially 

used for the same purposes. The customers’ 

demand and vehicles’ capacity have opposite 

effects on the transportation cost, but the data 

suggests that the cost decrease happened 

because of deduction in customers’ demand is 

approximately equal to cost reduction that we 

have due to increase in vehicles’ capacity.   

 

Figure 3: Sensitivity of the transportation costs to the 

customers’ demand and vehicles’ capacity 

4. Conclusions 
There are lots of concerns in today’s food market. Total cost of the system is always one of the indicators of the total 

efficiency of the FSC. However, modern customers care about the environmental effects of the system as well as the 

quality of the products. Therefore, we developed a simulation optimization model to capture all economic and 

environmental concerns to build a sustainable delivery system which can satisfy today’s market’s needs. In this model, 

we analyzed the effect of vehicle types in response to more frequent and small order sizes. 

 

The output of the model shows that the order of loading products into the vehicles and type of vehicles have an effect 

on the transportation costs. LTD loading strategy led into lower travelling distance comparing to the other strategies, 

and a fleet of vehicles containing SCVs and MCVs was beneficial rather than using just SCVs or MCVs in the fleet 

of vehicles. A sensitivity analysis over the customers’ demand and vehicles’ capacity show that the model is stable, 

and it does not have an unpredicted response to increase or decrease of the parameters. It is highly recommended to 

validate the results of this research in a real-world case study. Additionally, it should be interesting to try a well-known 

vehicle routing problem algorithm to see the effects of routing on the final results. 
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