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Abstract 
The climate of economic recession that is felt globally has been one of the major drivers of 

change in the consumers’ buying habits. As a result, markets have become increasingly dynamic 
and competitive, with unceasing pressure from companies to continuously improve their 
processes and provide value-added services to their clients. There is a growing interest of 
companies in better managing their logistics processes, with the overall goal of reducing their 
operating costs while maximizing their service levels. 

This paper originates from a collaboration with Nutricafés, S.A., a company which operates 
in the coffee roasting and distribution sector. By focusing on sales and neglecting the logistics 
component of the distribution activity, the company has been dealing with several inefficiency 
issues, and therefore requires solutions that allow more control over its logistics costs and 
increase the efficiency of its distribution operations. This study focuses on developing a 
distribution plan to support the company’s decision making, regarding the current use of its 
resources. A cluster analysis is performed to assess customer behavioral patterns, and three 
distribution scenarios are compared regarding the focus of the activity in three different 
perspectives: logistics, sales, and balance. 

Keywords: Distribution Planning, Segmentation, Cluster Analysis, Logistics Efficiency, Cost 

Reduction 

1. Introduction 

This paper studies the case of 
Nutricafés, a coffee roaster which also 
distributes its products in the Horeca 
channel. The term Horeca refers to the food 
service industry. It is an acronym formed by 
linking the words Hotel, Restaurant and 
Catering [1].  

The market for coffee related products 
and services in the Horeca channel has 
matured and became extremely competitive 
over the years. Many businesses face 
greater difficulties in generating cash which 
generally translates to smaller orders and 
late payment. This is raising pressure among 
distributors to boost sales. Nutricafés 
currently deploys a commercial fleet of 18 
distributors to supply the Horeca channel in 
the Greater Lisboa subregion. Each member 
of the distribution team is assigned to 

several zones and to a set of customers 
which belong in the zones. Each customer is 
visited monthly, weekly or fortnightly 
according to the visit frequency established 
by the company’s commercial department. 
Each distributor designs their own daily 
routes and plans the selection and the 
amount of products that are loaded to the 
delivery vehicle according to each route. The 
route of customers is followed without prior 
knowledge as to the quantities that will be 
delivered. It is completely possible that no 
order will materialize. If a given customer is 
interested in being supplied, then the order, 
delivery and, usually, the payment take 
place simultaneously.  

According to the commercial 
department, the current visit frequencies 
favor the creation of customer value and 
provide an opportunity to stimulate sales. 
Visits are also vital for the collection of 
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overdue payments or even monitor any 
breaches of contract from customers who 
may be turning to wholesalers. 

Together with the commercial 
department the following main issues were 
outlined: (i) the distributor’s self-organization 
and the company’s focus on commercial 
objectives often result in an inflated number 
of visits per customer; (ii) the assignment of 
visit frequencies to customers needs to be 
adjusted so that the delivery rates can 
improve and transportation costs can be 
reduced. 

To solve this problem, the company 
needed a tool which could help manage its 
commercial network more efficiently. A 
distribution plan was developed so that 
different scenarios in which customers are 
visited by the distributors could be evaluated 
in terms of resource utilization and 
transportation costs.  

 

2. Related Literature 

Many authors highlight the impact of 
distribution planning in the ability to respond 
to market uncertainty, through the better use 
of company resources, increased flexibility 
and overall process efficiency [2, 3]. 
Lambert, et al. [4] mention the impact of 
logistics costs resulting from the various 
activities of production, product handling, 
storage or distribution in the final cost of a 
product. The authors reinforce the need to 
plan and coordinate these areas efficiently 
along the supply chain in order to ensure its 
flexibility and competitiveness in the long-
term. 

In the case described in this paper, the 
visit frequency assigned to each customer 
can be related to a periodic review policy [5] 
where the inventory level is replenished with 
no lead time, since the product is readily 
available on site if a certain need is met. The 
logistics efficiency of the possible variations 
in the review period can be studied under a 
distribution plan at a tactical level. Literature 
refers to the tactical level of planning as a 
decision support over the medium-term, 
regarding multiple planning periods, typically 
monthly or quarterly [5-8]. This type of 
planning is often used to determine the best 
configuration for a system and, 
simultaneously, to provide better 
management and control over a set of 
operations. Tactical decisions refer to the 
use and allocation of resources, such as 
shipment volumes, customer aggregation 
and route definition. 

Several authors approach similar 
problems in the literature through variations 
of a classic vehicle pouting problem (VRP), 
namely Periodic VRP (PVRP). PVRP relate 
to both tactical and operational levels of 
planning, where in the tactical level different 
visit frequencies are assigned to different 
customers, and at the operational level the 
execution of the routes is simulated in order 
to analyze the total distance travelled and 
the average utilization of resources [9-12].   
Chen, et al. [13] support the tactical decision 
of assigning visiting frequencies to 
customers through the use of clustering 
analysis in order to identify target groups 
with different behavior. Li, et al. [14] mention 
the importance of avoiding unnecessary 
operating costs by developing strategies that 
better suit customer needs. Like Li, et al. 
[14], Hosseini, et al. [15] applied data mining 
techniques in the search for behavioral 
patterns of customers. This approach is 
based on the RFM (Recency, Frequency, 
Monetary) analysis, which consists of 
examining transactional records of clients 
following three main dimensions: recent 
purchases, purchase frequency, and the 
corresponding monetary value [16]. From 
this analysis a range of scores is assigned to 
each dimension, by which the customers are 
then classified. According to Chen, et al. 
[17], the RFM model is widely used in the 
retail, production or service industries to 
support the study of customer segmentation. 

In this study a variation of the RFM 
analysis will be implemented and clustering 
techniques will be used in order to assess 
different customer patterns, and to support 
the decision making process regarding the 
visit frequencies to be assigned to the 
distribution scenarios.  

3. Work Procedure 
The problem to be solved can be briefly 

formalized as follows: First, customer 
behavior is to be assessed, by analyzing the 
company’s historical purchasing and credit 
records. Second, customers are aggregated 
to different strategic groups. Third, different 
distribution strategies are assigned to each 
group according to their behavioral pattern 
and the given distribution scenarios.  

 
3.1. Stage 1 – Data analysis 
For this stage the sales records 

between July 2012 and June 2013 and the 
credit records between September 2012 and 
June 2013 were extracted from the 
company’s database and analyzed using 
Excel tools. 
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Let 𝐶(𝑐 = 1, … , 𝐶)  be the number of 

supplied customers in the 𝐼(𝑖 = 1, … ,12) 
months in the analysis period. Customers 
were analyzed according to the average 

(𝑉𝑜𝑙𝑢𝑚𝑒𝑐) and standard deviation (𝑆𝐷𝑉𝑐) of 
their monthly volume purchases 𝐾𝐺𝑖𝑐 during 
the contract length in the analysis period 
𝑀𝑜𝑛𝑡ℎ𝑠𝑐 as shown in equations [1] and [2]. 

𝑉𝑜𝑙𝑢𝑚𝑒𝑐 =
∑ 𝐾𝐺𝑖𝑐𝑖

𝑀𝑜𝑛𝑡ℎ𝑠𝑐
 [1] 

𝑆𝐷𝑉𝑐 = √
1

𝑀𝑜𝑛𝑡ℎ𝑠𝑐

∑ (𝐾𝐺𝑖𝑐 − 𝑉𝑜𝑙𝑢𝑚𝑒𝑐)2
𝑖    

[2] 

 

This information was used to estimate 
the parameters of a corresponding periodic 
review policy, based on the number of 𝑇𝑖𝑐 
transactions from each customer c in periods 
i, according to equations [3] and [4]. 

𝑅𝑐 = 30 𝑑𝑎𝑦𝑠
∑ 𝑇𝑖𝑐𝑖

𝑀𝑜𝑛𝑡ℎ𝑠𝑐
⁄   

[3] 

𝐵𝑆𝐿𝑐 = Volume𝑐 30 𝑑𝑎𝑦𝑠⁄ × R𝑐 + 

+ Z × SDV𝑐 30 𝑑𝑎𝑦𝑠⁄ × √𝑅𝑐 [4] 

The Base Stock Level 𝐵𝑆𝐿𝑐 
corresponds to the demand forecast for a 
given customer during the review period 𝑅𝑐. 
The safety factor Z is associated with the 
required service level for establishing the 
amount of safety stock [5]. The value of 95% 
was used for the service level, which 
resulted in a value of 1.65 for Z. 

Next, an analysis of different payment 
profiles was carried out. Let 𝐽(𝑗 = 1, … ,10) 
be the number of months in the credit 
analysis, the customers’ average amount of 

late payment 𝐿𝑎𝑡𝑒𝑐  was determined based 
on the average of late payments at the end 
of each month j for a customer c (𝑆𝑉𝑗𝑐), given 

the 𝑀𝐶𝑐 contract length of each customer in 
the credit analysis, as equation [5] shows:   

𝐿𝑎𝑡𝑒𝑐 =
∑ 𝑆𝑉𝑗𝑐𝑗

𝑀𝐶𝑐
 [5] 

The payment trend was determined in 
equation [6] which represents a weighted 
average of the variation of late payment in 
the last 4 months of the credit records, given 
an auxiliary binary variable 𝑥𝑗𝑐  which 

represents the contract link of customer c in 
period j.  

𝑇𝑟𝑒𝑛𝑑𝑐 =
1

𝐿𝑎𝑡𝑒𝑐
×

∑ (𝑗 − 6)𝑥𝑗𝑐(𝑆𝑉𝑗+1,𝑐 − 𝑆𝑉𝑗𝑐)10
𝑗=7

∑ (𝑗 − 6)𝑥𝑗𝑐
10
𝑗=7

 [6] 

Finally, the recent amount of late 
payment 𝐿𝑃𝑐  was calculated in days given 
the monthly average of the customers’ 
revenue 𝑅𝑒𝑣𝑖𝑐  in each month i ( 𝑉𝐿𝐹𝑐 ), 
according to equations [7] and [8]. 

𝑉𝐿𝐹𝑐 =
∑ 𝑅𝑒𝑣𝑖𝑐𝑖

𝑀𝑜𝑛𝑡ℎ𝑠𝑐
 [7] 

 

𝐿𝑃𝑐 =
𝑆𝑉10,𝑐

𝑉𝐿𝐹𝑐
× 30 𝑑𝑎𝑦𝑠 [8] 

 

  
3.2. Stage 2 – Customer Segmentation 
The second step includes the 

classification and segmentation of 
customers. Together with the commercial 
department, it was decided that the 
customers would have to be classified 
according to 2 different sets of clusters: 
clusters for delivery patterns and clusters for 
payment patterns.  

6 ranges of values were identified to 
classify the customers’ delivery patterns, 
according to Table 1. 

Table 1 – Classification scales for R and BSL 

variables 

Score R 
Range R 

(days) 
Score BSL 

Range BSL 
(Kg) 

1 0-7 1 0-6 Kg 
2 7-15 2 7-12 Kg 
3 15-21 3 13-18 Kg 
4 21-30 4 19-24 Kg 
5 30-60 5 24-36 Kg 
6 >60 6 >36 Kg 

5 ranges of values were identified to 
represent the customer’s payment behavior. 
A score of 3 in the Trend variable indicates a 
constant trend of the average late payment 
amount at the end of each month, whereas 
a score of 1 represents the settling of the 
debt, and a score of 5 represents an 
aggravation of the debt.  

Table 2 - Classification scales for LP and 

Trend variables 

Score LP 
Range LP 

(days) 
Score 
Trend 

Range Trend 

1 0-15 1 <-0,20 
2 15-30 2 -0,20 – -0,05 
3 30-60 3 -0,05 – 0,05 
4 60-90 4 0,05 – 0,20 
5 >90 5 >0,20 

Next, a cluster analysis of the customer 
scores in the 2 sets of variables was carried 
out in order to assess similar behavioral 
patterns. The cluster analysis was 
performed using IBM’s SPSS Statistics 
software (SPSS) and the Ward’s hierarchical 
clustering algorithm. A sensitivity analysis of 
the resulting cluster structures to different 
variable weights was also performed. 
Cluster structures were then compared in 
relation to their Calinski and Harabasz index 
(CH) and the subjective interpretation of 
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each cluster structure by the commercial 
department.  

It was observed that scenarios with 
increased weight for variable R resulted in a 
progressive aggregation of the elements in 
terms of their classification in variable R and 
a higher dispersion on the variable BSL. This 
change in the cluster structure was barely 
noticeable in comparison to the initial CH 
index. Together with the commercial 
department the scenario with higher 
aggregation in the R variable was validated, 
so that the clusters could represent groups 
with similar delivery patterns. Table 3 shows 
the validated cluster structure for the delivery 
patterns, named Clusters BR. 

Table 3 - Cluster BR structure 

Cluster % 

BSL R  

Range 
(KG) 

Avg 
Range 
(days) 

Avg 

1 15% 0-18 8,06 30-60 38 

2 23% 0-12 6,63 15-30 20 

3 7% 0-18 7,55 60+ 104 

4 9% 12-24 16,04 0-15 10 

5 6% 12-24 16,54 15-30 20 

6 21% 0-12 7,00 7-15 11 

7 5% 18+ 44,86 30+ 59 

8 8% 0-12 7,34 0-7 7 

9 3% 24+ 45,64 15-30 20 

10 4% 24+ 41,23 0-15 10 

The validation criteria for the cluster 
structures of different payment patterns was 
based on the structures’ representation of 
the different late payment periods, in days, 
as well as the display of similar trends in a 
same group. Table 4 shows the validated 
cluster structure for the payment patterns, 
named Clusters LT. 

Table 4 - Cluster LT structure 

Cluster  % 
LP (days) Trend 

Range  avg Range Avg 

A 57% 
No 
Debt 

0 Constant 0,00 

B 3% 60+  170 Settling -0,16 

C 9% 15-60 37 Aggravation 1,20 

D 3% 15-60 35 Settling -0,26 

E 13% 60+ 214 Aggravation 0,63 

F 13% 0-15 1 Settling -0,99 

G 3% 0-15 6 Aggravation 2,08 

 

 

3.3. Step 3 – Distribution plan 
The third step focuses on the 

development of the distribution plan, based 
on two fundamental steps: definition of 
different distribution scenarios and 
evaluation of the alternatives. 

Three different distribution scenarios 
were defined in order to represent the focus 
of distributors in different perspectives: 
logistics, commercial, and balance.  

Scenario 1: Focused on the logistics 
aspect. In this scenario the influence of the 
commercial obligations in the distributors’ 
routes is assumed to be inexistent. The 
distribution model is based exclusively on 
periodic deliveries. 

Scenario 2: Focused on the commercial 
side. This scenario is intended to represent 
the current distribution model, which is 
based on the fulfillment of the distributors’ 
commercial objectives, such as the need to 
boost sales, influence the volume of each 
order, or to pressure on the settlement of 
outstanding debts. 

Scenario 3: Focused on balance. This 
scenario aims to depict a compromising 
situation between the two previous 
scenarios, where the distribution model for 
some customers is based under a delivery 
regime, and the distribution model for the 
remaining customers is based on a higher 
visit frequency based on the perceived need 
for an on-site control of debt building. 

 
3.3.1. Assignment of the visit 

frequencies 
Table 5 shows the visit frequencies 

assigned to each cluster BR, in a delivery-
based model and in a commercial-oriented 
model. The range of assigned frequencies 
is: once a trimester (TM); once every 2 
months (BM), monthly (M), fortnightly (FN), 
3 weeks in a month (3W) and weekly (W).    

Table 5 - Visit frequencies for the different 

distribution models 

Cluster Delivery VF Commercial VF 

1 M FN 

2 M FN 

3 TM M 

4 FN 3W 

5 M FN 

6 M 3W 

7 BM M 

8 M W 

9 M FN 

 



5 

 

The criteria for the frequency 
assignment was the ability to aggregate 
orders for the delivery-oriented distribution 
model and the ability to fulfill sales and debt 
collection objectives in the commercial-
oriented distribution model. 

The criteria for which customer to be 
assigned a delivery- or commercial-oriented 
distribution model was based on the 
assessed behavior of their assigned cluster 
LT, as shown in Table 6. 

Table 6 - Assigment of distribution models 

Cluster % 
Distribution 

Model 

A 57% Delivery 

B 3% Commercial 

C 9% Commercial 

D 3% Commercial 

E 13% Commercial 

F 13% Delivery 

G 3% Commercial 

3.3.2. Scenario Evaluation 
The evaluation of these scenarios was 
focused on the performance study of the 
distribution team, by analyzing several 
logistics indicators such as distribution 
costs, vehicle saturation or the efficiency of 
the visit frequency in terms of sales. For 
comparison terms, these parameters were 
also calculated for the current distribution 
model. 

The efficiency of the current distribution 
model was based on the difference between 
the visit frequencies provided by the 

commercial department ( 𝐹𝑉𝑐 ) and the 
number of the 𝑇𝑖𝑐  originated sales for each 
customer in each month i. according to 
equations [9] and [10]. 

𝐸𝑓𝑐 =
1

𝑀𝑜𝑛𝑡ℎ𝑠𝑐
∑ (

𝐹𝑉𝑐 − 𝐷𝐼𝐹𝑖𝑐

𝐹𝑉𝑐
)

𝑖
 [9]  

𝐷𝐼𝐹𝑖𝑐 = |𝑇𝑖𝑐 − 𝐹𝑉𝑐| [10]  

The efficiency of the remaining 
distribution scenarios was estimated by the 
probability of a given visit frequency 
translate into sales. This probability was 
assumed to follow a Poisson distribution in 
which the parameter 𝜆𝑐  represents the 
average rate of transactions given the new 
visit frequency and the current distribution 
review period, as shown in equation [11]. 

𝜆𝑐[𝑠𝑎𝑙𝑒𝑠/𝑣𝑖𝑠𝑖𝑡] =
𝑛𝑒𝑤 𝑉𝐹 [

𝑑𝑎𝑦𝑠
𝑣𝑖𝑠𝑖𝑡]

𝑅𝑐[
𝑑𝑎𝑦𝑠
𝑠𝑎𝑙𝑒𝑠]

 
[11] 

The overall probability of sales of a 
given distribution scenario was then 
calculated by 𝑃(𝑆𝑎𝑙𝑒𝑠 > 0), which by using 
the probability mass function is equivalent to 
1 − 𝑃(𝑆𝑎𝑙𝑒𝑠 = 0). Scenario 1 is assumed to 
be 100% efficient, where every visit to a 
given customer represents an inventory 
replenishment back to the estimated BSL.  

Given an average transportation cost 
per visit ATC, the transportation costs for 
each scenario s were estimated through 
equation [12]. 

𝑇𝐶𝑠 = 𝐴𝑇𝐶[€ 𝑉𝑖𝑠𝑖𝑡⁄ ] × 𝑇𝑜𝑡𝑎𝑙 𝑉𝑖𝑠𝑖𝑡𝑠𝑠  [12] 

In order to assess the impact of the 
transportation costs in each distribution 
scenario, the operational results for each of 
the distribution scenarios were also 
estimated. The operational results were 
calculated by subtracting the production cost 
of products sold to the annual revenues from 
sales for each customer. 

Finally, the average saturation of each 
vehicle was estimated in the current 
scenario by determining the ratio between 
the average daily volume sold by each 
distributor and a reference value of 700Kg. 
For each of the distribution planning 
scenarios the expected value of the average 
vehicle saturation was estimated by 
conducting an exploratory assignment 
approach on a distributor’s route, based on 
the given visit frequencies. The expected 
value was calculated based on the 
probability of sales for each scenario, the 
total volume sold for each daily route, and 
the reference value of 700Kg. 

4. Results 

Table 7 shows a comparison between 
the three distribution scenarios and the 
current distribution model. Scenario 1 
generated the lowest number of visits, and 
therefore the lowest transportation costs, 
with a decrease of nearly 60% from the 
current distribution model. Scenario 3, which 
represents a compromise between the 
logistical and commercial perspectives, 
displays an equally low number of visits in 
relation to the current distribution model, 
which translates to the second biggest 
reduction in transportation costs with 
45,35%.  
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Table 7 - Comparison between the distribution scenarios 

  Sales Visits Variation Transp. Cost Variation T.cost % Op. Res (%) 

Current 
Model 

62872 87137 - 874 986,00 € - - - 

Scenario 1 34864 34864 -52273 350 086,78 € - 524 899,22 € -59,99% +26,25% 

Scenario 2 44824 79164 -7973 794 925,14 € -   80 060,86 € -9,15% +20,20% 

Scenario 3 33625 47617 -39520 478 150,31 € - 396 835,69 € -45,35% +23,52% 

Scenario 2 generated the biggest 
number of visits and the smallest variation in 
terms of transportation costs, with only 9% 
reduction over the current distribution model. 

Figure 1 shows the different ranges of 
efficiency for the visit frequencies applied in 
the current distribution model. Around 6% of 
the visit frequencies translate to a maximum 
of 20% in distribution efficiency, adding up to 
approximately 58% of the visit frequencies 
which fall under the 60th percentile of 
distribution efficiency,  

 

Figure 1 - Distribution efficiency for the 

current distribution model 

Scenario 2 displayed a similar number 
of cases between 40% and 80% efficiency 
rates. However, the number of visit 
frequencies with 80% or higher efficiency 
rates was dropped to 1% in relation to the 
current distribution model, as shown in Figure 

2. 

 

Figure 2 - Delivery efficiency for scenario 2 

Scenario 3 presented an improvement 
in delivery efficiency over the current 
distribution model, as shown in Figure 3. This 
scenario presented around 70% of cases 
over 60% efficiency, and no cases under 
20%. 

 

Figure 3 - Delivery efficiency for scenario 3 

 Figure 4 shows the average saturation 
levels for the distribution fleet and for a 
single distributor. It can be seen that the 
average saturation levels are no higher than 
27%.  

 

Figure 4 - Average vehicle saturation in the 

current distribution scenario 

Figure 5 shows the expected value of 
the saturation levels for each of the 
distribution scenarios. Scenario 1 presented 
the highest improvement in capacity 
utilization, which reflects the high volume per 
sale originated from a delivery-oriented 
distribution model.  On the other end, 
Scenario 2 shows similar saturation values 
as the current distribution model, which 
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represents the lower volumes per sale as a 
result of the higher visit frequencies with less 
delivery efficiency.  

 

Figure 5 – Vehicle saturation in scenarios 1-3 

In short, Scenario 2 presented the 
lowest values for delivery efficiency among 
the 3 distribution scenarios, as well as the 
lowest saturation rates. On the other end, 
Scenario 1 presented the highest average 
saturation levels, as an outcome of less 
frequent visits to customers and higher 
delivery volumes. The lower number of visits 
in this scenario allow for 60% reduction over 
the current transportation costs, which 
explain a 26,25% increase over the current 
model’s operational results. 

Results show the advantages of 
adjusting service to customer needs. In 
logistics-oriented distribution models, such 
as Scenario 1 and, to some extent, Scenario 
3, less visit frequencies allow for improved 
delivery efficiency and higher vehicle 
saturation levels. 

Scenario 3 is a clear evidence on how 
the company can benefit from a better 
insight of their customers’ profiles. Results 
show optimization opportunities in its 
delivery processes by tailoring different 
distribution strategies according to specific 
customer needs. 

5. Conclusions 

In this paper, a procedure for customer 
service adjustment was presented. 
Customers were divided in different 
segments and different visit frequencies 
were assigned according to different 
distribution scenarios.  

Results showed greater improvement in 
a logistics-oriented distribution model in 
terms of transportation costs, delivery 
efficiency and vehicle capacity utilization.  

Further research could focus on 
developing a mathematical model that 
enables the study of the three distribution 
scenarios, regarding the execution of the 
routes in a logistics-oriented perspective and 

a commercial-oriented perspective. The 
number of vehicles needed to perform the 
routes could be studied, and an analysis of 
the corresponding overhead costs could be 
conducted. 

As a final conclusion, this paper hopes 
to provide a useful tool in supporting the 
distribution management of Nutricafés. 
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