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Abstract Resource planning in service industries is a difficult task and quite 

different from resource planning in manufacturing. Revenue management is one 

concept used in service industries when capacity and inventory are challenging 

to identify. In this study, the company case study provides chilled storage areas 

for customers. Different products are served and service charging is calculated 

based on the product’s weight and storing time. Currently, the target revenue 

cannot be achieved. This study presents the application of revenue management 

in chilled storage area allocation. From a previous study, there were four classes 

of products based on their importance level as A, B, C and D. Among all classes, 

the cost of under and overestimating demand was calculated for setting up the 

area allocation by following the concept of revenue management. Monte Carlo 

simulation was applied to simulate the existing and improved systems. The 

simulation results indicated that the average daily revenue could be improved 

when the storage area allocated to the lowest priority class (class D) was limited 

to be equal to the average daily demand of class D. Applying the proposed 

policy can help in increasing yearly revenue by approximately 73,638.75 Thai 

Baht. Finally, the implementation of the proposed procedure was discussed 

under the concept of Logistics 4.0. 
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INTRODUCTION 
 

 

Warehousing is an activity in supply chain and product distribution. Some 

companies have their own warehouses, but some of them use logistics service 

providers (LSPs) to handle activities occurring in warehouses, including receiving, 

storing, picking and shipping. A chilled storage warehouse is a service provided by 

LSPs because owning this type of warehouse is costly due to controlling temperature, 

leading to high energy costs, so many manufacturers outsource this activity to third-

party logistics providers (3PLs). 

The company in the present case study provides chilled storage warehouses. 

Presently, this company cannot achieve its revenue target for this service due to 

inefficient procedures for allocating storage areas. Stored products are charged based 

on their weights and storage duration. Sometimes, most of the area is occupied for 

storing products that generate low revenue. Thus, when other high-revenue 

generating products arrive, there is no space to store them.  

For service industries, like LSPs, demand forecasting is a difficult task due to 

demand uncertainty. Revenue management is a technique used to deal with uncertain 

demand, which is common in service industries. The concept of revenue management 

is to maximise profit mainly from time-sensitive products and services—usually in 

industries with inflexible and expensive capacity, perishable products and uncertainty 

demand (Russell and Taylor, 2011). Example applications of revenue management are 

overbooking (Phumchusri and Maneesophon, 2014; Saito et al., 2019), fare classes 

(Raza and Akgunduz, 2010), and single order quantities (D'Huart, 2010). 

Saito et al. (2019) proposed the application of revenue management for online 

hotel booking systems that consider overbooking because of the increasing number of 

bookings through online booking websites and last-minute cancellations, which cause 

severe damage to the hotel management. This paper provided numerical examples of 

the optimal room charges and overbooking levels by using actual online booking data 

from a Japanese booking website for two major luxury hotels in the Shinjuku ward in 

Tokyo. In such a case, the proposed model can help to determine the overbooking 

level and the room charge efficiently. Moreover, many papers have applied revenue 

management to the airline industry. Raza and Akgunduz (2010) presented an airline 

revenue management strategy to jointly determine both seat allocation and fare price 

for a single leg flight in a duopoly market. Furthermore, this study also employed 

game-theoretic analysis and regression analysis. Most of the research usually employs 

the revenue management strategy in hotels (Aydin and Birbil, 2018), airlines 

(Kyparisis and Koulamas, 2018), restaurants (Guerriero et al., 2014), cruise ships 

(Maddah et al., 2010), railways (Bharill and Rangaraj, 2008), stadiums (Ogasawara, 

2017), and theatres (Choi et al., 2015).  

The pricing mechanism is a major researched area in revenue management 

(Cheraghi et al., 2010). Caldentey and Wein (2006) studied an electronic market with 

two selling channels. The firm in this study aimed to determine whether to accept or 

reject incoming orders in order to maximise revenue while reducing inventory, holding 

and backorder costs. This study found that segregating orders and accepting the  

high-priced ones by the proposed order acceptance policy could help the system 

achieve higher profits than the blind acceptance of incoming orders. Recently, 

dynamic pricing has become a significant trend in pricing mechanism because it allows 

optimal response to real-time demand and supply information. Several papers have 

applied this mechanism in revenue management. Gayon and Dallery (2007) proposed 

a comparison between a static pricing problem and a dynamic pricing problem in  

a make-to-stock queue with a partially uncontrolled production environment.  

The results indicated that dynamic pricing is much more beneficial than static pricing 

when the production is not controlled. Tian et al. (2018) presented a dynamic pricing 

model for a reservation-based parking system through the revenue management 

method. This study aimed to maximise the expected revenue of the parking manager. 

Numerical examples show that the proposed dynamic pricing model can provide 

significant increases in revenue and make full use of the parking resources during 

peak periods. Another article related to the dynamic pricing model is Selc̣uk and  

Avṣar (2019). 
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Some articles have focused on storage capacity allocation through revenue 

management. Harris and Pinder (1995) were the first  to study storage capacity 

allocation in revenue management. They considered an assemble-to-order 

environment and proposed pricing strategies and stopped sales tactics to allocate  

the pre-existing capacity optimally. Maglaras and Meissner (2006) determined how  

to maximise profits over a time horizon by applying a pricing mechanism and capacity 

allocation. They proposed heuristics for pricing and capacity controls in a multi-

product environment. Zou and Ding (2008) proposed a capacity allocation 

optimisation model for sea cargo based on revenue management. This objective’s 

function is aimed to maximise the revenue, in which the goal of revenue management 

is to sell the container capacity to the right customer at the right price at the right 

time. Another paper related to cargo by Armar (2009) developed a framework for the 

application of revenue management, specifically for capacity control, to space logistics 

for use in the optimisation of mission cargo allocation. Xian-hao et al. (2015) 

proposed a robust optimisation of capacity allocation policies in a third-party 

warehouse, which provides several different level storage services at different prices 

under uncertain market demand. The model focused on the revenue management 

perspective to maximise the revenue in the system. According to the literature 

review, no research was found that employs a revenue management strategy in 

chilled storage area allocation. Hence, we aim to apply revenue management in this 

study.  

To evaluate the performance of implementation under random variables 

represented by probability distributions, Monte Carlo simulation is a technique that 

can resolve this problem. Several papers employ Monte Carlo simulation in many 

fields, including revenue management. Li et al. (2016) studied the capacity allocation 

game between duopolistic airlines, which could offer callable products; the revenue 

management technique and Monte Carlo simulation were applied in this study. 

Furthermore, Pimentel et al. (2018) developed a simulation model of a hotel 

reservation system for transient customers that has all of the elements of a real-world 

hotel revenue management system. Monte Carlo simulation was used to provide a 

point estimate of the expected net revenue across the planning horizon. Based on the 

advantage of this approach, the Monte Carlo simulation is employed in the present 

study for testing the proposed improvement. 

Nowadays, industry is in the fourth industrial revolution period (Industry 4.0). 

Industry 4.0 implications in logistics, namely Logistics 4.0, were addressed by Barreto 

et al. (2017). Many companies have prepared themselves for this revolution and 

several technologies have been applied in many companies, including information 

technology (IT). Trab et al. (2015) proposed product allocation planning with 

compatibility constraints. They aimed to solve the problem of storing hazardous 

products and constraint-dependent products in warehouses via negotiation 

mechanisms based on Internet of Things (IoT) infrastructure and multi-agent 

systems. This proposed idea provides several advantages in warehouse management 

systems, such as the reduction of human error or products’ misplacements. Other 

related papers in applying IT were Tejesh and Neeraja (2018) and Mourtzis et al., 

(2019). Owing to the advantage of IT, we aim to propose such an idea in the present 

study. 

Upon review of the existing research, there is a lack in research regarding the 

application of revenue management in chilled storage area allocation. Therefore, this 

research aims to propose the application of revenue management strategy in chilled 

storage area allocation. There are three contributions to this research. The first 

objective is to propose a policy for chilled storage area allocation using revenue 

management. Secondly, the Monte Carlo simulation is adopted to evaluate the 

proposed system in comparison with the existing system (no systematic method). 

Finally, the conceptual system design under the concept of Logistics 4.0 is proposed 

together with the proposed method. 
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MATERIALS AND METHODS 
 

As this research is a case study, the methodology developed by Yin (2011) was 

applied in this study, which consists of plan, design, prepare, collect, analyses and 

share. The research methodology was addressed as follows. 

 

Data collection 
The company’s data were studied and collected; the data included product 

items, serviced quantities (unit: pallet), storage area, the revenue of service and 

chilled storage’s operating cost, in which those primary data were from observation 

and interviewing the company’s officers who take care of this service. Then, 

secondary data were collected from historical data of the company, such as product 

lists. 

 

Product classification 
The data clustering technique was applied, as presented in Pangsuta et al. 

(2018). The first step was to identify product classification criteria through interviews. 

Pairwise comparison from the AHP procedure was carried out to derive each criterion’s 

weight. Then, impact criteria could be identified and carried on to K-means clustering 

for grouping products. Finally, products were classified to multiple groups with 

different levels of importance. 

 

Storage area allocation using revenue management 

In order to calculate the storage area for each class of product, the general 

formula from Russel and Taylor (2014) for revenue management was applied as 

equation 1: 

 P(M < X) < 
𝐶𝑢

(𝐶𝑢+𝐶𝑜)
         (1) 

 

when 

Co = Cost of overestimating demand (when an assigned area is higher than  

  demand, cost of opportunity loss) (Baht). 

Cu = Cost of underestimating demand (when the assigned area is less  

 than demand, loss profit) (Baht). 

M = Demand (pallet). 

X = Assigned area (pallet). 

P(M<X) = Probability that coming demand is less than the fixed number of allocated 

  areas. 

After P(M<X) is estimated, this value is compared to the demand data to identify 

the optimal number of areas for each product class. 

 
Monte Carlo simulation 

The simulation study was conducted using the following steps. 

Data fitting. Input data were analyzed in the form of a probability distribution. 

 

Random number mapping. Random numbers were mapped to each random 

variable used in the model. 

 

Simulation performing. The first simulation was for the existing system; the 

procedure was as follows: 

1) Parameter setting: Parameters including run length (days) and warm-up 

period (days) were set. 
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2) Random numbers (RNs) were generated and compared with RN mapping 

based on the probability distribution for creating each random variable. 

3) Daily revenue was calculated as the performance measurement of the 

system. 

 

Verification and validation. The results of the existing system were verified 

and validated to confirm the rightness of the model by comparing it with the real data 

from the company. 

 

Experiment for improvement. The area allocation based on revenue 

management was simulated. The results comparison was carried out to present the 

improvement in comparison with the existing system. 

 
 
RESULTS 
  

Firstly, the general data were studied. The company in the present case study 

provides a chilled storage warehouse for agricultural products such as vegetables, 

fruits, flowers, juice, etc., in which 280 pallets can be stocked in this chilled storage 

warehouse (the size of a pallet is 120 × 115 × 80cm.). Currently, the company 

calculates the service charge based on weights and storage duration without 

considering appearance and volume of products in which the service charge for the 

first week of storage is 1 Baht per kilogram and the service charge for the next week 

until the last week of storage is reduced to 0.5 Baht per kilogram. Sometimes, most 

of the area is occupied for storing products that generate low revenue. Thus, when 

other high-revenue generating products arrive, there is no space to store them. 

Owing to this issue, the company cannot reach its revenue target. The present 

revenue of this company is approximately 220,000 - 260,000 Baht per month.  

Pangsuta et al. (2018) proposed to consider three criteria—product’s weight, 

keeping time and frequency -- to classify products for cold storage service. Based on 

the company case study, four classes were determined, as presented in Table 1.  For 

more details, see Pangsuta et al. (2018).  

From Table 1, class A is the most crucial group because average keeping weight 

is the highest, which means high revenue generation when the turnover rate is short 

as well. Class D is the least significant group because of less revenue generation due 

to the long keeping time, which occupies storage area and leads to lost opportunities 

for storing high revenue products. 

 

Table 1. Product classes of the company case study. 

Class No. of Items Weight* (kg./year) 
Keeping time* 
(days) 

Frequency* 
(times/year) 

A 2 354,057.50 2.00 150.21 

B 19 36,177.05 2.11 21.50 

C 599 1,167.30 2.14 0.89 

D 76 402.93 24.08 0.40 

Total 696    

Note: *Average values from all items in groups. 

 

 
The proposed area allocation policy 

Based on revenue management, Co and Cu should be estimated. Co and Cu of 

each class are presented in Table 2 based on sampling as 190 days from 365 working 

days (Yamane, 1973). Then, P(M>X) of each class was compared with the data of the 

product to define the optimal number of pallets for each class. An example of class A 

is presented in Table 3. 
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Table 2. Co and Cu Estimation. 

Class 
Daily Revenue 
(Baht/pallet) * 

Cost 
(Baht/pallet) 

Probability Cu Co P(M<X) 

A 119.00 12.77 0.24 106.23 71.16 0.60 

B 114.15 0.28 101.38 68.45 0.60 

C 102.00 0.47 89.23 54.69 0.62 

D 97.28 0.01 84.51 95.62 0.47 

Note: * The daily revenue is calculated from the total revenue of i class per year divided by the total number of pallets of i 

class per year. 

 

 

From Table 3, 12 pallets were dedicated to class A based on revenue 

management. Whereas products in class A are generally kept for two days on average, 

the number of pallets should be adjusted to 24 pallets (Two days x 12 pallets). The 

total number of pallets allocated for all classes was 163 pallets when the capacity of 

the chilled storage area is 280 pallets. Finally, the adjusted number was derived by 

the same percentage. For example, the total number of pallets from the first 

approximation was 163 when class A was 24/163 or 14.72%. For implementation, 

14.72% of 280 pallets (42 pallets) should be allocated to class A. 

 

 

Table 3. Pallet allocation for class A. 

M Frequency (day) Probability P(M) P(M<X) 

when X = M 

1 2 0.011 0.000 

2 5 0.026 0.011 

3 5 0.026 0.037 

⋮ ⋮ ⋮ ⋮ 

11 11 0.058 0.462 

12** 18 0.095 0.520 

13 16 0.084 0.615 

⋮ ⋮ ⋮ ⋮ 

36 2 0.011 0.989 

Total 190 1.00  

 

 

Table 4. Pallet allocation. 

Class No. of pallets 
from revenue 
management 

Avg. Storing 
time (days) 

1st Adjusted 
no. of pallets 

2nd Adjusted 
no. of pallets 

A 12 2 24 42 

B 14 3 42 73 

C 24 3 72 124 

D 1 25 25 41 

Total   163 280 

 

 
Monte Carlo simulation 

Existing system. The simulation model for the existing service was developed, as 

presented in Figure 1. From Figure 1, the number of items was generated daily among 

34 – 91 items (per the example data in Table 5). For example, when the RN is 0.03, 

the number of items on that day should be 35 items. Then, each item was assigned to 
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each class of product based on product probability as RN mapping, as presented in 

Table 6. The number of pallets that should be stored was assigned based on the 

probability and RN mapping as an example of class A in Table 7. For each item, the 

number of stored pallets was compared with the current capacity of the storage area 

(maximum as 280 pallets). If the capacity is available, profit from service can be 

calculated, but opportunity loss is calculated when the capacity is full and the item 

should then be rejected. 

 

 

 
 

 

Figure 1.  Flow chart of the existing service. 

 

Table 5. The number of items and RN mapping based on probability distribution. 

Number of items Frequency (days) Probability RN range 

34 4 0.021 [0.00, 0.02] 

35 3 0.016 [0.02, 0.04] 

36 2 0.011 [0.04, 0.05] 

⋮ ⋮ ⋮ ⋮ 

91 1 0.005 [0.99, 1.00] 

Total 190 1.00  

 

Table 6. Product class and RN mapping based on probability distribution. 

Product class Frequency (time) Probability  RN range 

A 2201 0.24 [0.00, 0.24] 

B 2557 0.28 [0.24, 0.52] 

C 4313 0.47 [0.52, 0.99] 

D 114 0.01 [0.99, 1.00] 

Total 9185 1.00  
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Table 7. The number of stored pallets for class A and RN mapping based on 

probability distribution. 

M Frequency (days) Probability P(M) RN range 

1 2 0.011 [0.00, 0.01] 

2 5 0.026 [0.01, 0.04] 

3 5 0.026 [0.04, 0.07] 

⋮ ⋮ ⋮ ⋮ 

36 2 0.011 [0.99, 1.00] 

Total 190 1.00  

 

 

Then, the simulation was run for 60 days with warm-up periods of 10 days (the 

number of samples for 365 working days) and daily revenue was determined as 

presented in Figure 2. The daily average revenue from the simulation model was 

7,440 – 8,139 Baht (95% mean confidence interval (CI)). These results were 

compared with the real data of the company as daily revenue at 95% CI as 7,333.33 – 

8,666.67 Baht per day. The results from the simulation and the company data were 

not significantly different.  Hence, the results from the comparison can confirm that 

the simulation model was valid to represent the existing system. 

 

 

 
 

 

Figure 2.  95% mean confidence interval of daily revenue. 

 

 

Improved system. The simulation model for the existing service was modified 

to implement area allocation for each product class. As presented in Table 4, 42, 73, 

124 and 41 pallets were assigned for class A, B, C and D, respectively. The operations 

flow of the system was changed, as presented in Figure 3. From the proposed policy, 

as shown in Figure 3, after each item was assigned the number of stored pallets, each 

item was separated into each product class (A, B, C, or D). Then, the number of 

stored pallets was compared with the current capacity of the storage area in each 

product class (the maximum of each product class is presented in Table 2). If the 

capacity was available, profit from service could be calculated, but opportunity loss 

was calculated when the capacity was full and the item should be rejected. 
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Figure 3.  Flow chart of the proposed policy. 

 

Result Comparison. Simulation results of both systems were compared using 

paired T-test mean comparison, as in Figure 4. 

 

 
 
 

Figure 4.  Paired T-test results. 

 

 

µD is the difference in profit mean of the two situations when the same random 

numbers are used in the simulation (C1 for the existing system and C2 for the 

revenue management system). 

Hypothesis Testing:  

H0:  µD = 0 

H1:  µD ≠ 0 

The results in Figure 4 showed that the average profit of the existing system was 

3,862 Baht while the average profit of the revenue management system was 3,202 
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Baht. According to the results for the paired T-test, the average profit comparison 

between the existing and improved systems was significantly different because P value 

was 0.00 (using α = 0.05), so H0 was rejected. Also, the 95% CI of profit means 

produced positive values, so it can be concluded that C1 is greater than C2. For this 

test, the area allocation cannot help in increasing the revenue of this service.  

The simulation results presented that the area allocation based on revenue 

management cannot increase the profit of this service. Then, the results of the 

proposed system were investigated in detail. The number of rejected products was 

studied and we found that class A products were rejected because the allocated 

number of pallets was not sufficient. However, the pallets allocated to D were idle 

during the simulation run. According to Caldentey and Wein (2006), the acceptance of 

high-priced products by the order acceptance policy can help the system achieve 

higher profits than the acceptance of low-priced products and the random acceptance 

of incoming orders. Hence, the second improvement was proposed.  

The second improvement was set to reduce the number of pallets allocated for 

class D to 25 pallets as its average daily demand and the reduced pallets were added 

to class A. Finally, the area allocation for the second improvement was determined as 

presented in Table 8. 

 

Table 8. Pallet allocation. 

Class 1st Improvement 2nd Improvement 

A 42 58 

B 73 73 

C 124 124 

D 41 25 

Total 280 

 

Then, the simulation test was run for the second improvement. The results of 

the mean profit comparison between the existing and second improvement are 

presented in Figure 5 (C4 for the existing system and C5 for the revenue management 

system). 

 

 

 
 

 

Figure 5.  Paired T-test results. 

 

 

Hypothesis Testing:  

H0: µD = 0 

H1: µD ≠ 0 

 

The results in Figure 5 showed that the average profit of the revenue 

management system for the second improvement was increased to 4,066 Baht. The 

results for the paired T-test showed that the average profit comparison between the 

existing and second improvement was significantly different because P value was 
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0.013 (using α = 0.05), so H0 was rejected. In addition, the 95% CI of mean profit 

difference had negative values, thus, it can be concluded that C5 was greater than C4. 

For this study, the area allocation can help in increasing the revenue of this service. 

 
 
DISCUSSIONS 

 

 

Owing to the results in the above section, we found that the application of 

revenue management theory in this case study is limited, in which the first 

improvement cannot increase the profit of the service. However, when the results of 

the first improvement were investigated in detail and the second improvement system 

was proposed based on the reallocation of the number of pallets for class A and D, the 

second improvement can increase the profit of the service. Therefore, it means that 

not only a theoretical perspective, but also a practical perspective, should be focused 

simultaneously.  

Nowadays, we are in the fourth industrial revolution (Industry 4.0). Warehouse 

management system (WMS) is a technological application for companies to handle the 

increasing complexity of planning and control practices in warehouses. In practice, the 

proposed method from this study cannot be implemented effectively without 

introducing information technology (IT) solutions for WMS to the case study company. 

Whereas the initial step of smart warehousing is to prepare the current warehousing 

to be systematic and optimised (Kasemset and Petchalalai, 2018), the proposed 

method can be adopted after completing an evaluation using the simulation 

procedure. The recommendation to the company is to implement WMS starting from 

(i) developing a database for all products, (ii) collecting related data and providing 

real-time visibility into inventory levels and area usage, and (iii) developing a user 

interface to allow users to make the decision on receiving and outgoing products 

based on the proposed method. The conceptual system design of WMS based on the 

proposed model is presented in Figure 6. 
 

 
 

Figure 6.  WMS conceptual model for the case study company. 

 

 

Figure 6 presents the conceptual model of WMS. To start from the product 

database, information related to products (e.g., product code, product name, class) is 

stored here. This database is updated when users perform operations such as 

receiving, outgoing and checking stocks through the user interface and devices. RFID 

is recommended for storing information of the received products and RFID tags must 

be attached to the pallets of products before storing in the storage area. RFID is useful 

for stock checking and updating the product database using wireless and internet 
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systems. Users are allowed to carry out the operations using the user interface and 

can perceive the real-time inventory status, as well. 

 
 

CONCLUSIONS 
 
 
This research aims to propose the application of revenue management in chilled 

storage area allocation. In this study, the company case study provides a chilled 

storage area for customers. Different products are served and service charges are 

calculated based on the product’s weight and storing time. From Pangsuta et al. 

(2018), four classes of products were classified based on their importance level, 

represented as A, B, C and D. According to Pangsuta et al.’s (2018) classification, cost 

of under (Cu) and over (Co) estimating demand was calculated for setting up the area 

allocation following the concept of revenue management. Then, the Monte Carlo 

simulation was applied to simulate the existing and improved systems. The simulation 

results found that the first improvement cannot increase the revenue of the company 

case study, in which the profit of the first improvement was reduced to 3,202 Baht 

per day. Since the first improvement cannot increase the profit of the service, this 

was investigated in detail. The results showed that class A products were rejected 

because the allocated number of pallets was not sufficient. However, the pallets 

allocated to class D were idle during the simulation run. Therefore, the second 

improvement was set to reduce the number of pallets allocated for class D and the 

reduced pallets for class D were added to class A. The simulation results of the second 

improvement found that this procedure can help in increasing yearly revenue by 

approximately 73,638.75 Baht. 

 The weakness of this research is the data collection since the company 

collected few historical data, which affects the calculation of probability and cost of 

under (Cu) and over (Co) estimating demand and the simulation analysis. Hence, the 

company should collect more data so as to enhance the service in the future. 

In addition, to implement the proposed method efficiently, the conceptual 

system design of WMS was presented. With WMS, when data of products are 

complete and accurate, the future plan can be more precise under the changing 

environment of supply chains. 
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