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A B S T R A C T   

Tackling poverty has been one of the greatest global challenges and a prerequisite to sustainable development of 
countries. Countries implement nationally appropriate social protection systems and measures to address poverty. 
This paper addresses an aid system adopted by the government in Turkey where significant amounts of coal is 
distributed to poor families each year. The objective of the coal aid system is to complete the delivery of coal to 
poor families by the start of winter. However, an analysis of the data from previous years indicates that the 
distribution to many families cannot be completed on time. This results from the fact that planning is done 
manually and by trial-and-error as there is no system that can be used for distribution planning. This paper 
describes the planning problem encountered and develops a mathematical model to solve it. The proposed model 
is a multimodal, multicommodity, and multiperiod linear programming (LP) model. The model can be used to 
develop and update a distribution plan as well as to answer several what-if questions with regard to capacities, 
time constraints, and so forth. The model is solved using CPLEX for several problem instances obtained under 
different scenarios using data for the year 2012. The results show that at least 9% cost savings and about 40% 
decrease in distribution completion time can be achieved when the model is used. We analyze scenario results 
qualitatively and quantitatively and provide several insights to the decision makers. As a part of quantitative 
analysis, we develop regression models to predict optimal costs based on several factors. Our main contribution is 
to provide an efficient and effective tool to handle a large-scale real-world problem. The model has also helped to 
prove that the organization responsible for distribution planning may move from the current planning practice to 
an all-encompassing top-down approach.   

1. Introduction 

Tackling poverty has been one of the greatest global challenges and a 
prerequisite to sustainable development of countries. Accordingly, “to 
eradicate extreme poverty and hunger” was set as the first goal of the 
eight Millennium Development Goals (MDGs), which were put into ef
fect in 2000 and completed in 2015 by the United Nations (UN) [1]. 
Having realized significant achievements in all MDGs, the UN built upon 
them and put seventeen Sustainable Development Goals (SDGs) into 
effect in 2016. The first goal of the seventeen SDGs is again about 
poverty eradication and aims “to end poverty in all its forms every
where.” The first of the seventeen SDGs is again about poverty eradi
cation and aims “to end poverty in all its forms everywhere.” Among 
seven targets of the first goal, one aims to reduce at least by half the 
proportion of men, women and children of all ages living in poverty and 

implement nationally appropriate social protection systems and measures for 
all [2]. 

Poverty is broadly defined as income and material deprivation. In 
this regard, it is not only about restrictions imposed by lack of income 
but is also about other elements of deprivation such as lack of access to 
basic resources like food, housing, clothing, drinking water, and so forth 
(e.g., Ref. [3]. Measures and criteria about the income dimension of 
poverty may significantly change among nations, national and/or in
ternational institutions, and researchers. Nonetheless, it is frequently 
used to reflect the standards with regard to material deprivation. 

In Turkey, surveys conducted by the governmental Turkish Statisti
cal Institute (TSI) indicate that the population at the risk of poverty is 
about 13.29% (21.2%) when poverty threshold is set to 50% (60%) of 
the median income [4]. The survey also points out that Equation (1) 
39.6% of the population has problems with regard heating the dwelling 
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and (2) 26.7% of the population has severe material deprivation (e.g., 
inability to pay rent and utility bills; inability to have a telephone, a 
washing machine, or a car; and inability to heat home adequately 
warm). When the survey results for previous years are considered, 
similar figures are observed even though there are improvements over 
the years. These statistics clearly indicate that it is necessary to approach 
the poverty issue systematically and to develop strategies to solve 
high-priority problems related to poverty in Turkey. 

In Turkey, the General Directorate of Social Assistance (GDSA) 
operating under the Ministry of Family and Social Policies (MFSP) is 
responsible for dealing with poverty issues. The GDSA implements its 
social assistance activities through 975 local Social Assistance and Sol
idarity Foundations (SASFs) established in each district of Turkey. The 
decision body for a SASF is the Board of Trustees headed by the district 
governor. The SASFs are especially helpful in determining the needy 
people and ensuring that aids reach them. 

One assistance program that has been adopted by the GDSA since 
2003 is to distribute free coal to poor families including refugee families in 
order to tackle with the problem of heating the dwelling. Even though 
natural gas is used for heating in most urban areas, coal is still the pri
mary resource in suburban and rural areas. According to Administrative 
Activity Report of the MFSP for 2015, the total amount of coal distrib
uted to poor families between 2003 and 2015 was about 22 million tons 
while the amount of coal distributed to more than 2 million families was 
about 2.6 million tons in 2015 [5]. It is expected that this aid program 
will continue with increasing amounts because (1) it will take time to 
decrease poverty and (2) government has decided to increase coal pro
duction besides investments in clean energy alternatives. 

The coal aid system is a complex system that includes several 
governmental and non-governmental organizations such as ministries, 
foundations, private mining and transportation companies, state-owned 
coal enterprises, Turkish State Railways, and governorates. The aid 
process starts with a decree of the Council of Ministers to initiate the 
process at the beginning of each year and finishes when required 
quantities of coal are delivered to needy families and necessary financial 
transactions are made. The main objective in the system is to complete 
the delivery of coal to poor families by the start of winter in the planning 
year, which may change from October to December depending on the 
region. An analysis of data from previous years indicates that a signifi
cant portion of delivery is completed by the end of December. However, 
it also indicates that a nonnegligible portion of the delivery does not 
finish until March in the subsequent planning year. For example, in 
2012, about 90% of coal was delivered by the end of December. On the 
other hand, the amount delivered in the November–March period was 
about 30%–40% of the total. Unfortunately, most of the provinces with 
late delivery also happened to have cold climate. That is, the assistance 
program does not serve its purpose as many families are left with no (or 
insufficient) means of heating when they need it. 

There are several problems in the system that contribute to this un
desired result. However, the state-owned General Directorate of Turkish 
Coal Enterprises (TCE) is mostly held responsible for the result. The 
reason is that the TCE is the main planner and coordinator of almost all 
activities related to the supply and physical distribution of coal to 975 
districts. The distribution within a district is the responsibility of the 
SASF in the district. In this context, the TCE is expected to develop a 
distribution plan taking into account several factors, e.g., capacities with 
regard to coal production and transportation. However, the TCE 
currently does not have a system and capability to develop such a plan; 
the planning is done manually and by trial-and-error. As a result, the 
final plan is mostly a rough plan and not applicable. 

This paper describes the Coal Distribution Planning Problem (CDPP) 
that the TCE faces and develops a mathematical model to solve it. The 
proposed model is a multimodal, multicommodity, and multiperiod 
linear programming (LP) model. The model can be used to develop and 
update a distribution plan and to answer several what-if questions with 
regard to capacities, time constraints, and so forth. The model is solved 

using CPLEX for several problem instances obtained under different 
scenarios using data for the year 2012. The results show that at least 9% 
cost savings and about 40% decrease in distribution time can be ach
ieved when the model is used. Our main contribution is to provide an 
efficient and effective tool to handle a large-scale real-world problem. 
The model has helped to prove that the TCE can implement an all- 
encompassing top-down approach instead of the current planning 
practice. 

The rest of the paper is organized as follows: We review the literature 
in Section 2. We describe the problem and formulate it mathematically 
in Sections 3 and 4, respectively. We define scenarios, solve the math
ematical model under these scenarios, and interpret their results in 
Section 5. We analyze the results of scenarios to determine the param
eters that are statistically important on the distribution cost and time in 
Section 6. Finally, we conclude the paper in Section 7. 

2. Literature review 

The typical steps in coal production and distribution process include 
(1) the production of coal with different quality specifications and at 
different rates in the mines or the import of coal from different suppliers, 
(2) the shipment of coal to the silos where it undergoes a beneficiation 
process that improves the economic value of the ore by removing the 
valueless and undesirable minerals, (3) the blending of different grades 
of coal at silo facilities to obtain the desired quality specifications, and 
(4) the transportation of coal from mines or suppliers to the customers, 
e.g., power plants and subsidiaries. There are many studies in the 
literature that address several issues in the aforementioned process. We 
refer the reader to Ref. [6,7] for production scheduling in the mines; to 
Ref. 8–11 for coal blending optimization; to Ref. [12–14] for coal supply 
chain planning issues; to Ref. [15–17] for coal import planning; and to 
Ref. [18–22] for coal distribution. 

Studies regarding coal distribution are mostly integrated with other 
problems in the coal industry. [18,19] study the coal blending and 
shipping problem and develop strategic and tactical level LP models that 
determine schedules for coal shipment to silos, cleaning and blending 
operations at the silos, and the subsequent shipment of coal to customers 
over a multi-period time horizon such that total operational cost is 
minimized. [20] similarly address the coal blending and shipping 
problem with additional considerations (e.g., the supply, quality, and 
price from each overseas contract; the demand, quality requirement, and 
limit on supply sources; seaport capacity utilization restrictions) and 
develop a mixed-integer programming model. [21] study a problem 
where coal is transported to a port by trains and then to the four sub
sidiaries by river vessels. They develop a Markov decision model that 
integrates ordering and delivery decisions. [22] develops a linear model 
to find the set of suppliers, coal products satisfying certain physical and 
chemical properties, and transportation routes that will minimize the 
purchase and transportation cost of the coal for the power plants. Even 
though the distribution of coal is considered in these studies, our 
problem context is completely different from theirs. Moreover, the 
problem characteristics are different. CDPP is a multimodal, multi
commodity, and multiperiod transportation problem. [18,19] study a 
single-commodity, multiperiod problem while [20] study only a 
single-commodity problem. [21] address a multimodal problem. [22] 
considers multiple commodities but does not take the time factor into 
account. 

In the following, we will shortly focus on the freight transportation 
planning literature that is related to the problem characteristics of 
CDPP. 

A review of papers on multimodal freight transportation including 
the models and solution methodologies can be found in Ref. [23–26]. 
The first three studies cover the literature up to 2005 while the last one 
covers the papers from 2005 to 2014. The review papers categorize the 
multimodal freight transportation problems as strategic, tactical, and 
operational planning problems depending on the planning horizon of the 
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problems. 
Strategic planning problems focus on decisions regarding the exist

ing or new infrastructures, e.g., determining the network topologies and 
the location of the terminals and hubs. Tactical planning problems deal 
with decisions related to optimally utilizing the given infrastructure, e. 
g., choosing the services and modes, allocating their capacities to meet 
demands, selecting vehicle fleet size and mix as well as routes and fre
quency on which the services are offered. Operational planning prob
lems address the real-time planning problems that occur in the conduct 
of plans in a dynamic environment, e.g., routing and scheduling of ve
hicles, scheduling of crew, distribution of empty vehicles, and allocation 
of resources. The main difference between the tactical and operational 
planning is that time factor is explicitly considered in operational 
planning problems, e.g., the arrival and departure times of each vehicle. 
CDPP is mainly a tactical planning problem with an operational point of 
view. 

There are two groups of models in tactical planning, namely, 
Network Flow Planning (NFP) and Service Network Design (SND) [26]. 
In NFP, the aim is to move the commodities throughout the network 
[27–33]. In SND, the purpose is to choose the transportation services 
and modes, e.g., origin, destination, intermediate terminals, route, ca
pacity and price, with the goal of building regular services at a mini
mized cost [34–41]. SND is decomposed into static and deterministic 
dynamic problems with the main difference being the inclusion of time 
component in the deterministic dynamic SND. 

In the formulation of NFP and SND models, continuous variables are 
used to represent the flow of commodities through the network. In SND 
models, in addition to continuous variables, binary variables are used to 
represent the selection of services [26]. Most SND models are in the form 
of deterministic, fixed cost, capacitated, multicommodity network 
design formulations [23]. Even though the same problems, e.g., the 
frequency of the service, the capacity allocation, and the routing and 
flow of commodities, are solved in both groups, deterministic dynamic 
SND problems have a time dimension in the formulation and result in a 
discrete multiperiod model defined on a time-space network. See 
Ref. [42] for a survey of dynamic SND problems. 

[26] classify the NFP and static SND models into arc-based, path-
based, and stochastic programming and the dynamic SND models into 
arc-based, path-based, cycle-based, and stochastic programming. The 
flow of commodities is represented on the arcs in the arc-based models 
and on the paths in the path-based models. Cycle-based formulations are 
used to model vehicle rotations. 

In modeling the CDPP, arc-based continuous flow variables are used 
to represent the flows. Even though the flow variables represent the flow 
of vehicles, they indirectly represent the flow of commodities. An 
operational point of view is taken by including the time component in 
the model. The resulting model is a multiperiod model as in determin
istic dynamic SND. However, it is not an SND model because we do not 
select regular services to be offered to the customers by using the binary 
variables. Unlike the previous studies, we do not use binary variables to 
select the modes (road and rail) either. We construct an artificial 
network to represent alternative routes consisting of different modes 
from the origins to the demand points. Accordingly, we determine how 
to route multiple commodities through this artificial network by utiliz
ing available resources, e.g., the network and vehicles, to meet the de
mands, which is in accordance with the requirements of tactical 
planning. We can consider the CDPP as an NFP problem with the time 
component and problem-specific properties incorporated. To our 
knowledge, NFP models in the literature are static. Moreover, most 
models are single-mode [28–30,32]. With the aforementioned charac
teristics, CDPP is a multimodal, multicommodity, and multiperiod 
freight transportation planning problem with unique properties. 

Finally, the CDPP is a public sector problem. The use of Operations 
Research/Management Science (OR/MS) in the public sector is termed 
as the Public Sector OR (PSOR) or Community OR (COR) [43]. define 
PSOR as “OR/MS applications that address ‘provision of goods and 

services, or prescribe social policy actions, for which stakeholders are 
defined, in a spatial or social sense, as localized, or who are considered 
disadvantaged or underserved, or for which issues of equity or social 
influence are important considerations’, as examples of 
community-based operations research”. However, there is no 
agreed-upon definition of PSOR. We refer the reader to Ref. [44–48] for 
further discussion on PSOR. 

3. Problem definition 

Major coal producers in Turkey are General Directorate of Turkish 
Coal Enterprises (TCE), the Electricity Generation Company (EGC), and 
the Turkish Hard Coal Enterprises (THCE), which are all state-owned. In 
addition to state-owned companies, there are private companies that 
work under different mechanisms. 

The coal aid to poor families is annually planned with the cooperation 
and collaboration of several organizations, e.g., the ministries, the 
SASFs, and the Governorates. After a governmental decree is issued to 
initiate the planning process, the TCE becomes the main coordinator and 
responsible for planning how to supply needed coal and monitoring the 
implementation of the plan. 

As a first step for planning, the TCE requests the lists of needy fam
ilies and delivery quantities along with other necessary information 
from the governorates. The governorates collect necessary data with the 
help of the SASFs and send the data to the TCE, which may take quite a 
long time. In the meantime, the TCE signs a protocol with the Turkish 
State Railways (TSR) to be able to use railways for coal transportation. 
The protocol specifies the total capacity assigned to the TCE, which 
accounts for about 15–20% of the total demand (about 400,000 tons in 
2015). According to the protocol, the TSR provides trains when 
requested by the TCE. 

The distribution of coal from mines to poor families is conducted in 
two phases. In the first phase, coal is transported from mines to delivery 
locations in the districts that are determined by the SASFs. In this phase, 
road transport or a combination of rail and road transport may be used. 
In the former, coal is loaded onto trucks at the mines and moved to the 
delivery locations in the districts by trucks. In the latter, coal is loaded 
onto railcars at the mines and moved to a destination station by train. At 
the destination station, coal is unloaded from railcars and loaded onto 
trucks for further transportation to delivery locations in the districts. In 
the second phase, coal is moved from delivery locations to families within 
districts by trucks. The TCE is responsible for the first phase while the 
SASF in each district is responsible for the second phase. However, the 
TCE may also request the support of the foundations when needed in the 
first phase, e.g., for arranging regional or local distribution. 

Data analysis indicates that there are several problems in both phases 
of the distribution. For example, sometimes there are not sufficient 
number of trucks to carry the coal unloaded from railcars to the districts 
because the responsible foundation is not informed about the delivery 
time in advance to allow it to prepare for local or regional delivery. The 
preparation process for local or regional delivery takes time because the 
foundation need to go out to a tender, which may take several weeks, to 
determine the transportation company to carry coal. A similar problem 
may occur at the delivery locations in the districts. Such problems may 
require coal to be stored at the stations or delivery locations in the 
districts for some time. Even though coal can be stored under appro
priate conditions in open or closed areas for short periods of time, some 
negative developments may be observed in various characteristics of 
coal, especially if stored in open areas. For example, caloric value may 
diminish, coal may be fragmented, and self-oxidation may cause fires. 
Because of such problems, the TCE would like to ensure that coal is not 
stored at the stations and at the delivery locations for a long time. In our 
model, we allow temporary inventory only at the rail stations. 

The TCE governs about 40% of lignite production and operates 32 
opencast and nine underground mines through its subsidiaries or private 
companies under subcontracts. Some of these mines produce coal only 
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for industrial purposes, e.g., power generation and steel production, 
while some produce coal for heating dwellings and for industrial pur
poses. The TCE has to provide contracted amounts of coal to its dealers 
and customers in a given year. For this reason, it generally plans to meet 
about half of the total demand for the aid system from its own sub
sidiaries and the remaining from private subcontractors operating the 
TCE’s mines. Selected mines assign a certain portion of their total 
throughput to poor families. The throughput of a mine is determined by 
loading capacities for each transportation mode, available trans
portation capacities, e.g., the number of trucks and trains, and the ca
pacities of railcars and trucks allocated to poor families. 

In addition to the above issues, the pollution level of each district is 
to be taken into account in planning to abide by the environmental 
regulations. The pollution level of a district determines what quality of 
coal can be used for heating purposes in the district. A district can 
receive coal with a quality level equal to or better than the corre
sponding pollution level. This requirement affects from which mines a 
district can be served because the quality of produced coal changes 
depending on the coal beds. Coal of different qualities may be produced 
in the same mine. 

As being responsible for the first phase of coal distribution, the TCE is 
expected to develop a distribution plan that considers the movement of 
the coal from the supply points (subsidiaries or subcontractor com
panies) to the districts. Specifically, the TCE is to develop a distribution 
plan that includes from where (private- or state-operated mines), at 
what time(s), and by what transportation mode(s) each district is to be 
supplied. The plan should be developed taking the cost and other con
straints into account, e.g., time and capacity constraints with regard to 
the coal production and transportation. Developing such a plan and 
making it public is of critical importance for both the TCE and other 
stakeholders in the process for control and coordination purposes. For 
example, it would be more desirable for the foundations to know the 
distribution schedule for their districts in advance so that they can make 
necessary preparations for distribution within the district. In the current 
situation, the plan essentially includes an allocation of supply points to 
districts on a monthly basis. It is left to the subsidiaries and sub
contractors to coordinate with the foundations in the districts to deter
mine specific distribution times. Nevertheless, this in turn allows supply 
points to take control of the process depending on their own priorities (e. 
g., different customers) even though there are regulations or procedures. 
The result is that the completion times of delivery for even two neigh
boring districts can be drastically different. 

In the current practice of planning, the TCE does not use any system 
and develops a distribution plan manually. The TCE first assigns supply 
points under its control to meet the demand of some districts. This 
assignment is mainly based on the previous year’s realized plan. The 
TCE then goes out to tender to meet the demand of the uncovered dis
tricts. Depending on the results of the tenders, which are essentially 
based on the bid prices by the subcontractors, the TCE determines the 
companies to serve the districts. The plan is finalized with the assign
ment of private subcontractors to the uncovered districts. This assign
ment is also based essentially on the previous year’s realized plan. 

Because of the adopted approach to develop the plan, most factors 
including cost are not exactly taken into account and alternative plans 
are not developed and evaluated. This is a disadvantage for the TCE 
because it misses the opportunity to come up with a plan with a high 
probability of success (in terms of delivery times) and lower cost. During 
a planning year, the TCE finances the program and then requests 
reimbursement from the Treasury. The Treasury makes payments 
depending on only the quantity of distributed coal and not on the dis
tribution expenses. Thus, the cost of transportation becomes very critical 
for the TCE especially when private companies are used for trans
portation. The cost of transportation needs to be computed accurately 
and incorporated into per unit cost of the coal. The TCE has a cost 
analysis model, NAKMAL [49], developed exactly for that purpose. 
Nevertheless, the model computes point-to-point costs based on average 

values for different transportation modes considering several factors. It 
is especially used to evaluate offers during tenders with the purpose of 
keeping cost under the estimated amount. It is useful for the TCE but 
does not help to develop and consider alternative plans. 

That the cost of the aid program reached about $400 million in 2013 
[50] and that the program will continue for the coming years make it 
necessary for the TCE to have a system capable of developing alternative 
distribution plans such that the cost is minimized and the delivery 
schedules are met. 

This paper describes a mathematical model that is developed to 
address all aforementioned issues and analyzes the results of the model 
through a set of scenarios. The results indicate that the model can be 
used to meet the needs of the TCE. 

4. Formulation of the problem 

The explanations for the sets, indices, parameters, and decision 
variables used in the formulation of the problem are presented in 
Table 1. 

We formulate the problem on a network G = (N,A) constructed to 
represent the alternative routes from the origins (the mines) to the de
mand points (the districts). The network consists of three echelons 
where the nodes in the first, second (middle), and third levels represent 
NS, NTR, and ND, respectively. NTR is comprised of NRail, where transport 
mode changes from rail to road, and NS that act as dummy transfer 
points. That is, N = NS ∪ NTR ∪ ND with NTR = NRail ∪ NS. The nodes in 
two consecutive echelons are connected via directed arcs (i, j) that 
represent possible transportation movements as well as the shortest 
paths from mines to rail stations and from rail stations to districts. Fig. 1 
gives a schematic representation of the constructed network where 
dashed lines represent the rail transportation while solid lines represent 
the road transportation. We remind that the network structure given in 
Fig. 1 is a constructed network and does not represent the real physical 

Table 1 
Sets, indices, parameters, and decision variables of the proposed model.  

Sets, Indices, and Parameters 

i, j ∈ N  Nodes in the network G = (N,A), N = NS ∪ NTR ∪ ND  

k,k ∈ K  Coal types, K = {1, 2}

m ∈ M  Transportation modes, M = {road, rail}
t ∈ T  Time periods (weeks), T = {1, 2,…, |T|}, |T| = 20,25, 30,35,40  

NS  Set of origin nodes (mines) 

NS  Set of copies of origin nodes 

NRail  Set of nodes representing railway stations 

NTR  Set of transshipment nodes, NTR = NRail ∪ NS  

ND  Set of nodes representing demand points (districts) 

NS
k  Set of mines that produce type k coal  

ND
k  Set of demand points that require type k coal  

demik  Demand of coal type k at demand node i  
cijkm  Cost of sending one ton of coal type k from node i to node j using 

transportation mode m  
vcapm  Vehicle capacity for transportation mode m  
pcapik  Production capacity of coal type k at mine i  
lcapim  Loading capacity for transportation mode m at mine i  
mcapm  Maximum allowable capacity of transportation mode m  
availvehim  Available number of vehicles of transportation mode m at node 

i ∈ (NRail ∪NS  

arrvehim  Max number of loaded vehicles of transportation mode m = rail allowed 
to arrive at node i ∈ NRail  

Decision Variables 

Xijkmt  the number of vehicles of transportation mode m that carry type k coal 
from node i to node j in period t   
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network. The shortest path from a mine to a rail station, e.g., C, on the 
real physical network may consist of other rail stations, e.g., F, as in
termediate nodes of the shortest paths. In this case, transportation of 
coal between transshipment points is possible; however, coal is not 
transferred to other trains at these intermediate transshipment points 
and they are used just as transit points. A similar situation occurs in the 
second level of the network. A truck moving from a rail station or a mine 
to a district, e.g., D, may go through other districts, e.g., E. However, 
coal is not transferred to other trucks at the districts. 

There are two options to transport coal from i ∈ NS to l ∈ ND: (1) by 
trucks and (2) by a combination of trains and trucks. If trucks are to be 
used, trucks move from i ∈ NS to j ∈ NS and then from j to demand point 
l. For example, in Fig. 1, the route from A to E using trucks is A− B− E 
with B acting as a dummy transfer point. If a combination of trains and 
trucks are to be used, the flow is via trains from i ∈ NS to n ∈ NRail and 

then from n to l via trucks. At the railway station n, coal is unloaded from 
railcars and loaded onto trucks destined to the districts. For example, in 
Fig. 1, there are two routes from A to E that use both transport modes: 
A − C − E and A − F − E. The transportation from A to C (F) is by train 
and the transportation from C (F) to E is by trucks. In constructing the 
network, we assume that, if there is a mine in a district, the demand of 
that district will be met from the mine in the district. Moreover, we do 
not allow links from an origin node to the copy of another origin node in 
the second level because it is not reasonable to send coal from a mine to 
another mine. 

The decision about which routes to use from origins to demand 
points is based on the total purchasing and transportation cost. To incor
porate the costs appropriately, we associate a cost cijkm with each arc (i, j)
that changes depending on coal type k ∈ K, transportation mode m ∈ M,

and the role of the arc in the constructed network (e.g., whether it 
connects a source node and a transfer node or a transfer node and a 

Fig. 1. Schematic representation of the constructed network.  
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destination node). The cost cijkm associated with arc (i, j) for i ∈ NS, j ∈
NRail, and m = rail represents the purchasing and transportation cost per 
ton of type k coal using rail transportation, e.g., the cost on the arc (A,C)
in Fig. 1, while the cost cjlkm associated with arc (j, l) for j ∈ NRail, l ∈ ND, 
and m = road represents the transportation cost per one ton of type k coal 
using road transportation, e.g., the cost for (C,D) in Fig. 1. The cost cnlkm 

for arc (n, l) with n ∈ NS, l ∈ ND, and m = road represents the purchasing 
and transportation cost per one ton of type k coal using road trans
portation (e.g., the cost for (B,E) in Fig. 1). The cost for an arc con
necting an origin node to its copy is zero, e.g., cijkm = 0 for (i, j) = (A,B)
in Fig. 1. 

We additionally define the parameters pcapik, lcapim, demlk, mcapm, 
and vcapm and the sets NS

k and ND
k . In our representation, k = 2 is of 

lower quality than k = 1. We assume that a single type of vehicle with a 
maximum capacity is used for each transportation mode. Specifically, a 
truck is assumed to have a maximum capacity of 25 tons while a train is 
assumed to have a maximum capacity of 500 tons. The capacity of a 
train between two points, e.g., a mine and railway station, is actually 
determined by the number of railroad cars assigned by the TSR at the 
request of the TCE. 

Even though not considered in the current planning practice, the 
number of available vehicles at the mines and railway stations to carry 
coal may be limited. Moreover, the number of arriving trains that can be 
handled at the railway stations may be restricted. These capacity con
straints may result from contractor capacity or infrastructural limita
tions. To incorporate capacity constraints into the model, we define 
availvehim and arrvehim. 

We formulate the problem as a multimodal, multi-commodity, and 
multiperiod network flow model. The length of a period t is one week. 
We assume that sufficient number of vehicles are available at the 
required locations in each week; trucking companies make new trucks 
available or ensure that trucks reaching demand points come back to 
their departure points and the TSR assigns capacity on scheduled trains. 
To formulate the problem, we define the decision variable Xijkmt as the 
number of vehicles of transportation mode m that carry type k coal from 
node i to node j in period t. 

Model CDPM: Coal Distribution Planning Model 

z* = min
X

z =
∑

i,j,k,m,t
cijkmvcapmXijkmt (1)  

s.t.
∑

i∈NTR ,k≤k,m=road,t

vcapmXijkmt = demjk j ∈ ND
k , k

(2)  
∑

j∈NTR ,m,t

vcapmXijkmt ≤ pcapik i ∈ NS
k , k (3)  

∑

j∈NTR ,k

vcapmXijkmt ≤ lcapim i ∈ NS,m, t (4)  

∑

i∈NS ,j∈NTR ,k,t

vcapmXijkmt ≤ mcapm m (5)  

∑

j∈ND
k ,m=road

vcapmXijkmt −
∑

j∈NS
k ,m=rail

vcapmXjikm,t− 1 = 0 i ∈ NRail, k, t (6)  

∑

j∈ND
k ,m=road

vcapmXijkmt −
∑

j ∈ NS
k ,m = road

vcapmXjikmt = 0 i ∈ NS, k, t (7)  

∑

j∈NTR ,k

Xijkmt ≤ availvehim i ∈ NS,m, t (8)  

∑

j∈ND
k ,k

Xijkmt ≤ availvehim i ∈ NRail,m = road, t (9)  

∑

j∈NS ,k

Xjikmt ≤ arrvehim i ∈ NRail,m = rail, t (10)  

Xijkmt ≥ 0 i, j, k,m, t (11) 

Objective function (1) minimizes the total purchasing and trans
portation cost that depends on the quantity of coal transported by the 
vehicles. Constraints (2) are demand satisfaction constraints. The con
straints ensure that each district receives the required or better-quality 
coal throughout the planning period. If data are available, we can 
ensure that coal is distributed to the districts within the specified time 
windows by restricting the summation over time index in Constraints (2) 
to time windows of the districts. Constraints (3) and (4) require that 
production and loading capacities at the mines be satisfied, respectively. 
Constraints (5) restrict the total amount of coal that can be transported 
by each transport mode. Constraints (6) and (7) are flow-balance con
straints for transshipment nodes, i.e., dummy transfer nodes and rail 
stations. We assume that coal sent from a mine by trucks will reach the 
demand points in one week while coal sent from a mine to a rail station 
will reach the demand points by trucks in two weeks. That is, we allow 
temporary inventory at the stations for one week if needed. Constraints 
(8) restrict the number of trucks and trains that can be sent from mines 
while constraints (9) restrict the number of trucks that can be sent from 
rail stations in one week. Constraints (10) limit the number of trains that 
can arrive at rail stations. We remark that the capacity constraints 
indirectly distribute the transportation load across the planning period. 
Constraints (11) define the decision variables. 

CDPM does not track which mines supply which districts explicitly. 
However, this information can be extracted from the solution by 
tracking the incoming flow to a district backwards to the origins. The 
difficulty may arise when multiple mines send a specific type of coal to a 
railway station and when the railway station sends that specific type of 
coal to multiple districts in a period. For example, in Fig. 1, railway 
station C may receive coal from both mines and then send it to D and E. 
Such a solution is highly unlikely. There are three mines with the 
infrastructure supporting rail transportation and 201 railway stations. A 
district mostly receives coal from the nearest railway station, which also 
receives coal mostly from a single mine as long as the capacities are 
sufficient because of the cost minimization objective. However, if such a 
solution occurs, we can assign districts receiving coal to the mines 
sending coal at a specific time period by taking into account the flow 
quantities arbitrarily because which mines serve which districts does not 
affect the total cost and distribution time. In this case, what is important 
for a mine is to know which railway station to send coal in a specific time 
period and not the district it is to supply because coal from different 
mines is consolidated at the railway station and then distributed to the 
districts. The Social Assistance and Solidarity Foundation in the region is 
responsible for organizing this. 

In CDPM, we define xijkmt as a continuous variable. We have made 
this decision after having discussions with the experts from the TCE and 
ensuring that the usage of continuous variables is valid in the context of 
the problem. The results of scenarios also confirm the validity of the 
continuous variables. When the decision variables take on fractional 
values, they can be rounded up or down because the total amount of coal 
sent by the TCE changes in practice as well for several reasons. For 
example, new families may be added to the distribution list in a district 
or slight changes may be made in the amount of coal distributed to 
families in a district. As a result, the TCE may prefer to use full truck load 
instead of less than truckload shipment for a district or prefer not to send 
less than truckload shipment to a district. Moreover, the decision vari
ables take on high values and rounding up or down has a meaning in 
reality. To explain, consider the year of 2012 when about 2 million tons 
of coal was distributed. Given the total transportation mode capacities 
(400,000 tons by train and 1,600,000 by truck) and vehicle capacities 
(500 tons for trains and 25 tons for trucks), this implies that 800 trains 
and 64,000 trucks are needed in total. If we assume that the vehicles are 
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evenly distributed over the planning period, 20 trains and 1,600 (One 
thousand and six hundred) trucks are needed in each week for a 40-week 
planning period. If we assume that trucks (trains) are evenly distributed 
among 15 (3) mines, the number of trains and trucks leaving from each 
mine are 8.33 and 106.7, respectively. The number of wagons for each 
train is at least 8 based on the capacity of the wagons. Thus, if the 
number of trains to be sent from a mine is 8.33, it means that the TCE 
should request 67 or 66 (8.33 × 8 = 66.6) wagons from the Turkish State 
Railways. Please note that the Turkish State Railways does not dedicate 
trains to the TCE to carry coal but assigns a capacity on certain sched
uled trains. The TCE needs to determine the capacity to request from the 
Turkish State Railways, which can be done rounding up or down the 
resulting solution value. Similarly, the value of 106.7 can be rounded up 
or down. 

5. Solution of the model and scenario analysis 

5.1. Scenarios 

To gain insights about the problem and to test the performance of 
CDPM, we construct and solve a set of scenarios that are based on real 
data for the year 2012. The total demand for 975 districts is about 2 
million tons. The number of mines that produce coal for heating 
dwellings is 15 and only three of them has the infrastructure to support 
rail transportation. The number of railway stations is 201. The con
structed network consists of 1206 nodes (15, 216, and 975 nodes in 
three consecutive layers, respectively) and 211,218 arcs (618 arcs con
necting the first and second layers and 210,600 arcs connecting the 
second and third layers). 

We define scenarios using different data sets for production capac
ities (pcapik), loading capacities (lcapim), transportation mode capacities 
(mcapm), the number of available vehicles (trucks and trains) at the 
mines and railway stations (availvehim), and the number of trains 
allowed to reach the rail stations (arrvehim). The data sets for the 
aforementioned parameters are given in Table 2 through 5, respectively. 
In all tables, the first data set represents the actual situation while other 
data sets represent possible cases. Data set 1 in Table 2 represents the 
actual production capacities of the mines used in 2012. Data set 2 in 
Table 2 is designed to allow more flexibility to the model to determine 
the mines that will supply coal for the aid system. The production ca
pacities in data set 2 are close to each other and hence more balanced. 
The values change from 15000 to 300000 in data set 1 and from 200000 
to 250000 in data set 2. If the changes were not that significant, we 
would not be able to determine which mines are better to supply from 
and the assignments would be mostly similar to the current practice. Data sets 2 and 3 in Table 3 are determined assuming that the capacities 

allocated to the aid system are increased by 25% and 50%. Similarly, 
data sets 2 and 3 in Table 4 are specified considering possible cases. Data 
sets 2, 3, and 4 in Table 5 are determined after analyzing the results of 
the scenarios that do not take into account vehicle capacities. We remark 
that the values in the tables represent the capacities that can be used for 
the aid system and not the overall (production, loading, etc.) capacities. 

We define scenarios using different combinations of data sets in 
Tables 2–5. We construct three categories of scenarios. The first category 
S1 represents the real situation in 2012, i.e., the first data sets in 
Tables 2–5 are used. The second category S2 consists of scenarios ob
tained by using different data sets for the first three parameters, i.e., 
pcapik, lcapim, and mcapm. In this category, we set the values of 
availvehim and arrvehimto infinity, i.e., they are not restrictive. The third 
category S3 consists of the scenarios obtained by adding restrictive 
values regarding availvehim and arrvehim to scenarios in S2. We have 
defined data sets in S3 after analyzing the solutions of S1 and S2. In S3, 
the number of trains available at a mine i and the number of trains 
arriving at a station j, i.e., availvehi,rail and arrvehj,rail are set to the same 
value. The number of trains available at a station j, availvehj,rail, are set 
to zero. In all scenarios, we use the same demand (demik) and cost (cijkm)

Table 2 
Data regarding production capacities at the mines (tons/week).  

Mines Data Sets for pcapik  

1 2 

Coal Type 1 Coal Type 2 Coal Type 1 Coal Type 2 

A 80000  200000  
B 20000  200000  
C 250000  250000  
D  65000  200000 
E 50000  200000  
F 250000 250000 250000 250000 
G 250000 250000 250000 250000 
H  65000  200000 
I 20000  200000 200000 
J 80000  200000  
K  80000  200000 
L 80000  200000  
M  15000  200000 
N  300000  200000 
O  15000  200000  

Table 3 
Data regarding loading capacities at the mines (tons/week).   

Mines 
Data Sets for lcapim  

1 2 3 

Road Rail Road Rail Road Rail 

A 10000  12500  15000  
B 10000  12500  15000  
C 10000  12500  15000  
D  10000  12500  15000 
E 10000  12500  15000  
F 10000 10000 12500 12500 15000 15000 
G 10000 10000 12500 12500 15000 15000 
H  10000  12500  15000 
I 10000  12500  15000  
J 10000  12500  15000  
K  10000  12500  15000 
L 10000  12500  15000  
M  10000  12500  15000 
N  10000  12500  15000 
O  10000  12500  15000  

Table 4 
Data regarding total transportation mode capacities (in tons).  

Transportation Mode Data Sets for mcapm  

1 2 3 

Road 1650000 1650000 2000000 
Rail 400000 800000 800000  

Table 5 
Data regarding restrictions on the number of vehicles allowed to enter and leave 
the nodes (per week) (inf: infinity).  

Node Types Data Sets for availvehimand arrvehim  

1 2 3 4 

Road Rail Road Rail Road Rail Road Rail 

Mines 
(availvehim)  

inf inf 400 40 300 30 200 20 

Railway stations 
(availvehim)  

inf 0 400 0 300 0 200 0 

Railway stations 
(arrvehim)  

0 inf 0 40 0 30 0 20  
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data. We have encountered problems especially in determining costs 
from mines to railway stations, from railway stations to districts, and 
from mines to districts. The TCE has provided us with cost data only for 
the realized distributions in the past between certain locations. For the 
remaining point-to-point cost data, we have made educated guesses in 
coordination with the representatives from the TCE. We have not been 
able to use NAKMAL, the cost analysis model of the TCE, because it does 
not have necessary data in its database to do analysis for new point-to- 
point distributions. 

We give all scenarios in S1 (1–5) and S2 (6–90) in Table 6 and all 
scenarios in S3 (91–210) in Table 7. We compare the optimal objective 
function values z* for each scenario with the realized cost value zc in 
2012 and give how much improvement (Imp= 100×(zc − z*)/z*) is 
achieved in Tables 6 and 7. Even though the distribution period is about 
40 weeks in 2012, we find solutions for |T| = 20, 25,30,35, and 40 to see 
whether distribution is possible in less-than 40-week period. 

We have coded CDPM with GAMS 26.1 [51] and solved it with the 
solver CPLEX 12.3 using default settings [52]. We have conducted all 
computations on a PC with 2.50 Intel Core i7-4710HQ processor and 16 
GB of RAM. Optimal solutions for about 90% of scenarios are obtained 
within less than 1 h while the solution times increase up to 2 h for the 
remaining 10%. 

5.2. Scenario results 

5.2.1. The results for S1 (Scenarios 1–5) 
The results for S1 indicate that both the completion time of distri

bution and the cost realized in 2012 can be reduced when the model is 
used. Specifically, a completion time of 25 weeks with a cost reduction 
of 9.18% can be achieved. However, it is not possible to complete the 
distribution in less than 25 weeks. When the completion time is set to 40 
weeks, the cost reduction increases to 9.64%, which corresponds to 
about $40 million in 2012 dollars [53]. This reduction results from the 
changes in the assignments of mines to districts, in the routes used, and 
in the usage of transportation modes. 

5.2.2. The results for S2 

5.2.2.1. The effect of transportation mode capacities (scenarios 6–15). In 
S1, the whole rail capacity is used because rail transportation is cheaper 
than road transportation. When the transportation mode capacities are 
increased, the distribution time cannot be decreased below 25 weeks. 
That is, transportation mode capacities are not the limiting factor for 

Table 6 
Scenarios S1 and S2 and their results.  

Scenarios |T| pcapik  lcapim  mcapm  vehim  Imp 

1 20 1 1 1 1 Infeasible 
2 25 1 1 1 1 9.18 
3 30 1 1 1 1 9.37 
4 35 1 1 1 1 9.52 
5 40 1 1 1 1 9.64 

6 20 1 1 2 1 Infeasible 
7 25 1 1 2 1 10.73 
8 30 1 1 2 1 11.94 
9 35 1 1 2 1 12.87 
10 40 1 1 2 1 13.33 
11 20 1 1 3 1 Infeasible 
12 25 1 1 3 1 10.73 
13 30 1 1 3 1 11.94 
14 35 1 1 3 1 12.87 
15 40 1 1 3 1 13.33 

16 20 1 2 1 1 9.18 
17 25 1 2 1 1 9.41 
18 30 1 2 1 1 9.58 
19 35 1 2 1 1 9.69 
20 40 1 2 1 1 9.69 
21 20 1 3 1 1 9.37 
22 25 1 3 1 1 9.58 
23 30 1 3 1 1 9.69 
24 35 1 3 1 1 9.69 
25 40 1 3 1 1 9.69 

26 20 1 2 2 1 10.66 
27 25 1 2 2 1 12.14 
28 30 1 2 2 1 13.15 
29 35 1 2 2 1 13.37 
30 40 1 2 2 1 13.37 
31 20 1 2 3 1 10.66 
32 25 1 2 3 1 12.14 
33 30 1 2 3 1 13.15 
34 35 1 2 3 1 13.37 
35 40 1 2 3 1 13.37 
36 20 1 3 2 1 11.83 
37 25 1 3 2 1 13.12 
38 30 1 3 2 1 13.37 
39 35 1 3 2 1 13.37 
40 40 1 3 2 1 13.37 
41 20 1 3 3 1 11.83 
42 25 1 3 3 1 13.12 
43 30 1 3 3 1 13.37 
44 35 1 3 3 1 13.37 
45 40 1 3 3 1 13.37  

Scenarios |T| pcapik  lcapim  mcapm  vehim  Imp 

46 20 2 1 1 1 22.60 
47 25 2 1 1 1 22.64 
48 30 2 1 1 1 22.65 
49 35 2 1 1 1 22.65 
50 40 2 1 1 1 22.65 

51 20 2 1 2 1 23.91 
52 25 2 1 2 1 24.22 
53 30 2 1 2 1 24.36 
54 35 2 1 2 1 24.42 
55 40 2 1 2 1 24.48 
56 20 2 1 3 1 23.91 
57 25 2 1 3 1 24.22 
58 30 2 1 3 1 24.36 
59 35 2 1 3 1 24.42 
60 40 2 1 3 1 24.48 

61 20 2 2 1 1 22.64 
62 25 2 2 1 1 22.65 
63 30 2 2 1 1 22.65 
64 35 2 2 1 1 22.65 
65 40 2 2 1 1 22.65 
66 20 2 3 1 1 22.65 
67 25 2 3 1 1 22.65 
68 30 2 3 1 1 22.65 
69 35 2 3 1 1 22.65  

Table 6 (continued ) 

Scenarios |T| pcapik  lcapim  mcapm  vehim  Imp 

70 40 2 3 1 1 22.65 

71 20 2 2 2 1 24.21 
72 25 2 2 2 1 24.38 
73 30 2 2 2 1 24.45 
74 35 2 2 2 1 24.52 
75 40 2 2 2 1 24.59 
76 20 2 2 3 1 24.21 
77 25 2 2 3 1 24.38 
78 30 2 2 3 1 24.45 
79 35 2 2 3 1 24.52 
80 40 2 2 3 1 24.59 
81 20 2 3 2 1 24.35 
82 25 2 3 2 1 24.44 
83 30 2 3 2 1 24.53 
84 35 2 3 2 1 24.60 
85 40 2 3 2 1 24.60 
86 20 2 3 3 1 24.35 
87 25 2 3 3 1 24.44 
88 30 2 3 3 1 24.53 
89 35 2 3 3 1 24.60 
90 40 2 3 3 1 24.60  
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Table 7 
Scenarios S3 and their results.  

Scenarios |T| pcapik  lcapim  mcapm  vehim  Imp Imp (Table 6) 

91 20 1 1 1 2 Infeasible Infeasible 
92 25 1 1 1 2 Infeasible 9.18 
93 30 1 1 1 2 9.37 9.37 
94 35 1 1 1 2 9.52 9.52 
95 40 1 1 1 2 9.64 9.64 
96 20 1 1 1 3 Infeasible Infeasible 
97 25 1 1 1 3 Infeasible 9.18 
98 30 1 1 1 3 Infeasible 9.37 
99 35 1 1 1 3 8.74 9.52 
100 40 1 1 1 3 9.37 9.64 

101 20 1 1 2 2 Infeasible Infeasible 
102 25 1 1 2 2 10.18 10.73 
103 30 1 1 2 2 11.94 11.94 
104 35 1 1 2 2 12.87 12.87 
105 40 1 1 2 2 13.33 13.33 
106 20 1 1 2 3 Infeasible Infeasible 
107 25 1 1 2 3 Infeasible 10.73 
108 30 1 1 2 3 10.92 11.94 
109 35 1 1 2 3 12.65 12.87 
110 40 1 1 2 3 13.33 13.33 

111 20 1 2 1 2 Infeasible 9.18 
112 25 1 2 1 2 Infeasible 9.41 
113 30 1 2 1 2 9.37 9.58 
114 35 1 2 1 2 9.52 9.69 
115 40 1 2 1 2 9.64 9.69 
116 20 1 2 1 3 Infeasible 9.18 
117 25 1 2 1 3 Infeasible 9.41 
118 30 1 2 1 3 Infeasible 9.58 
119 35 1 2 1 3 8.74 9.69 
120 40 1 2 1 3 9.37 9.69 
121 20 1 3 1 2 Infeasible 9.37 
122 25 1 3 1 2 Infeasible 9.58 
123 30 1 3 1 2 9.37 9.69 
124 35 1 3 1 2 9.52 9.69 
125 40 1 3 1 2 9.64 9.69 
126 20 1 3 1 3 Infeasible 9.37 
127 25 1 3 1 3 Infeasible 9.58 
128 30 1 3 1 3 Infeasible 9.69 
129 35 1 3 1 3 8.74 9.69 
130 40 1 3 1 3 9.37 9.69 

131 20 1 2 2 2 Infeasible 10.66 
132 25 1 2 2 2 11.71 12.14 
133 30 1 2 2 2 13.15 13.15 
134 35 1 2 2 2 13.37 13.37 
135 40 1 2 2 2 13.37 13.37 
136 20 1 2 2 3 Infeasible 10.66 
137 25 1 2 2 3 Infeasible 12.14 
138 30 1 2 2 3 12.55 13.15 
139 35 1 2 2 3 13.36 13.37 
140 40 1 2 2 3 13.37 13.37  

Scenarios |T| pcapik  lcapim  mcapm  vehim  Imp Imp (Table 6) 

141 20 1 3 2 2 Infeasible 11.83 
142 25 1 3 2 2 12.93 13.12 
143 30 1 3 2 2 13.37 13.37 
144 35 1 3 2 2 13.37 13.37 
145 40 1 3 2 2 13.37 13.37 
146 20 1 3 2 3 Infeasible 11.83 
147 25 1 3 2 3 Infeasible 13.12 
148 30 1 3 2 3 13.10 13.37 
149 35 1 3 2 3 13.36 13.37 
150 40 1 3 2 3 13.37 13.37 

151 20 2 1 1 3 19.23 22.60 
152 25 2 1 1 3 21.91 22.64 
153 30 2 1 1 3 22.66 22.65 
154 35 2 1 1 3 22.66 22.65 
155 40 2 1 1 3 22.66 22.65 
156 20 2 1 1 4 Infeasible 22.60 
157 25 2 1 1 4 16.53 22.64 
158 30 2 1 1 4 19.34 22.65 
159 35 2 1 1 4 21.18 22.65 

(continued on next page) 
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decreasing the completion time. On the other hand, increasing mode 
capacities results in more cost reductions (between 1.55% and 3.69%) 
than those in S1. When |T| = 25 (40), a cost reduction of 10.73% 
(13.33%) can be achieved. That the same results are obtained when only 
rail capacity and both rail and road capacities are increased (data sets 2 
and 3 in Table 4) indicates that cost improvement results from the in
crease in the rail transportation capacity. 

5.2.2.2. The effect of loading capacities (scenarios 16–25). Increasing the 
loading capacities at the mines by 25% and more allows the distribution 
time to be completed in 20 weeks. Moreover, slightly better cost re
ductions than the ones in S1 are obtained. However, additional cost 
reduction cannot be obtained when |T| ≥ 35 (30)with 25% (50%) in
crease (The maximum cost reduction is 9.69%). That is, increasing the 
loading capacity has a limited effect on the cost reduction. If the loading 
capacities are increased more, the same cost reduction with a lower 

distribution time can be achieved. Because 25% increase allows the 
distribution time to be decreased to 20 weeks and additional cost 
improvement obtained with 50% over 25% increase is minimal, 25% 
increase may be considered sufficient as well. 

5.2.2.3. The effect of transportation mode and loading capacities (scenarios 
26–45). The previous scenarios indicate that increasing the mode ca
pacities reduces the cost much more than increasing the loading ca
pacities (in comparison to S1) while increasing the loading capacities 
decreases the distribution time. When both changes are applied simul
taneously, the distribution can be completed in 20 weeks as a result of 
the increased loading capacity. Moreover, better cost improvements 
than those obtained with increasing only the mode capacities are 
attained for the same planning horizon. However, the cost improve
ments decrease and almost vanishes as the planning horizon increases, e. 
g., the cost improvement is 1.41% (2.39%) for |T| = 20 while it is 0.04% 

Table 7 (continued ) 

Scenarios |T| pcapik  lcapim  mcapm  vehim  Imp Imp (Table 6) 

160 40 2 1 1 4 22.66 22.65 

161 20 2 1 2 3 21.18 23.91 
162 25 2 1 2 3 23.83 24.22 
163 30 2 1 2 3 24.36 24.36 
164 35 2 1 2 3 24.42 24.42 
165 40 2 1 2 3 24.48 24.48 
166 20 2 1 2 4 12.38 23.91 
167 25 2 1 2 4 20.24 24.22 
168 30 2 1 2 4 22.49 24.36 
169 35 2 1 2 4 23.67 24.42 
170 40 2 1 2 4 24.48 24.48 

171 20 2 2 1 3 19.28 22.64 
172 25 2 2 1 3 21.92 22.65 
173 30 2 2 1 3 22.66 22.65 
174 35 2 2 1 3 22.66 22.65 
175 40 2 2 1 3 22.66 22.65 
176 20 2 2 1 4 Infeasible 22.64 
177 25 2 2 1 4 16.53 22.65 
178 30 2 2 1 4 19.34 22.65 
179 35 2 2 1 4 21.18 22.65 
180 40 2 2 1 4 22.66 22.65 
181 20 2 3 1 3 19.33 22.65 
182 25 2 3 1 3 21.92 22.65 
183 30 2 3 1 3 22.65 22.65 
184 35 2 3 1 3 22.65 22.65 
185 40 2 3 1 3 22.65 22.65 
186 20 2 3 1 4 Infeasible 22.65 
187 25 2 3 1 4 16.53 22.65 
188 30 2 3 1 4 19.34 22.65 
189 35 2 3 1 4 21.18 22.65 
190 40 2 3 1 4 22.66 22.65  

Scenarios |T| pcapik  lcapim  mcapm  vehim  Imp Imp (Table 6) 

191 20 2 2 2 3 21.94 24.21 
192 25 2 2 2 3 24.02 24.38 
193 30 2 2 2 3 24.45 24.45 
194 35 2 2 2 3 24.52 24.52 
195 40 2 2 2 3 24.59 24.59 
196 20 2 2 2 4 12.38 24.21 
197 25 2 2 2 4 20.24 24.38 
198 30 2 2 2 4 22.49 24.45 
199 35 2 2 2 4 23.67 24.52 
200 40 2 2 2 4 24.48 24.59 
201 20 2 3 2 3 22.44 24.35 
202 25 2 3 2 3 24.09 24.44 
203 30 2 3 2 3 24.53 24.53 
204 35 2 3 2 3 24.60 24.60 
205 40 2 3 2 3 24.60 24.60 
206 20 2 3 2 4 12.38 24.35 
207 25 2 3 2 4 20.24 24.44 
208 30 2 3 2 4 22.49 24.53 
209 35 2 3 2 4 23.67 24.60 
210 40 2 3 2 4 24.48 24.60  
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(0.04%) for |T| = 40 with 25% (50%) increase in the loading capacity. 
Considering that cost improvement with 50% is higher than that with 
25%, we can conclude that 50% increase in the loading capacity is useful 
when the mode capacity is increased as well. 

5.2.2.4. The effect of production capacity (scenarios 46–50). When only 
the production capacity is increased, a cost improvement of about 23% 
with a distribution time of 20 weeks can be achieved. With these figures, 
the production capacity has the most significant impact on the results. 
For |T| ≥ 25, the cost improvement remains the same. 

5.2.2.5. The effect of production and mode capacities (scenarios 51–60). 
Increasing the production and mode capacities simultaneously improves 
the cost reductions obtained by only increasing the production capac
ities (Scenarios 46–50) by 1.31–1.83%. These figures indicate that 
increasing the mode capacity contributes less to improve the cost 
reduction in the existence of increased production capacity. As observed 
before, additional cost reductions over the Scenarios 46–50 result from 
increasing the rail capacity. 

5.2.2.6. The effect of the production and loading capacities (scenarios 
61–70). Increasing the loading capacities does not have an effect on the 
cost reductions obtained with only increasing the production capacities 
(Scenarios 46–50) except a slight change in one instance (Scenario 61). 
That is, increasing only the production capacities is sufficient to achieve 
the desired cost reduction and distribution time. 

5.2.2.7. The effect of production, loading, and mode capacities (71–90). 
When the loading capacities are increased in the existence of increased 
production capacities, the loading capacities do not have an effect on the 
cost reductions. However, when mode capacities are increased as well, 
cost reductions are improved slightly (by 0.3–0.1%) over the ones ob
tained with increasing both production and mode capacities (Scenarios 
51–60). We consider these improvements to be negligible and conclude 
that increasing the loading capacity is not necessary in the existence of 
increased production capacities. Note that the contribution of 50% in
crease in the loading capacity over 25% increase to decrease the cost is 
negligible as well. 

5.2.3. The results for S3 
In this section, we discuss the effect of constraints regarding vehicles 

in Table 5 on the results of previous scenarios in S1 and S2. Note that 
there are 120 scenarios instead of 180 in S3 in Table 7 because we do not 
include some scenarios in Table 6. Specifically, because we obtain the 
same results with data sets 2 and 3 in Table 4 regarding mode capacities 
(mcapm) when all other data sets are the same, we give only the results 
for data set 2. We do not give the results for the scenarios with data set 4 
in Table 5 regarding vehicle constraints (availvehim and arrvehim) and 
data set 1 in Table 2 regarding production capacities (pcapik) because we 
cannot obtain feasible solutions no matter what the other data sets 
(mcapik and lcapim) are. Moreover, we do not present the results for the 
scenarios with data set 2 in Table 5 and data set 2 in Table 2 because we 
obtain the same results for the scenarios with data set 1 in Table 5 and 
data set 2 in Table 2 no matter what the other data sets are. To sum
marize, we do not give results for the scenarios that are infeasible or that 
give the same results as other scenarios. Specifically, we do not give the 
results for the scenarios where the data sets are set to (*,*,3,*), (1,*,*,4), 
and (2,*,*,2) with the * indicating any data regarding the corresponding 
parameter. However, we consider their effects on the results in Section 
6.2. For ease of comparison, we have added the improvements of the 
scenarios in Table 6 as the last column in Table 7 corresponding to the 
scenarios whose data sets for pcapik, lcapim, and mcapm are the same as 
those in Table 6. 

5.2.3.1. The effect of vehicle constraints on S1 (scenarios 91–100). When 

vehicle constraints are added, the distribution time increases as ex
pected. Specifically, when data set 2 (3) is used, the distribution is 
completed in 30 (35) weeks (compare to 25 weeks in Scenarios 1–5). 
This may have several implications for planning coal distribution that 
has not been considered before. For example, if truck transportation is to 
be outsourced, the trucking company should be able to allocate suffi
cient number of trucks for coal distribution weekly. 

The results indicate that as the vehicle constraints become more 
restrictive, cost reductions may worsen for the same planning horizon up 
to a certain value of |T|. However, when |T| is sufficiently large, the same 
reductions can be obtained. For data set 2, the cost reductions are the 
same as those in S1 (Scenarios 1–5) when |T| is sufficiently large to have 
a solution. For data set 3, however, the cost reductions are worse than 
those in S1. 

5.2.3.2. The combined effect of mode capacities and vehicle constraints 
(scenarios 101–110). When data set 2 is used, we obtain the same results 
in S2 (Scenarios 6–15) except that the cost improvement for |T| = 25 is 
slightly worse. However, when data set 3 is used, the distribution time 
increases to 30 weeks with a cost reduction less than that in Scenario 8 
(10.92% compared to 11.94%). When |T| = 40, the same cost reduction 
in Scenario 10 is obtained. The results imply that the advantage of 
increased mode capacities diminishes as the vehicle constraints are more 
restrictive. 

5.2.3.3. The effect of loading capacities and vehicle constraints (scenarios 
111–130). Increasing the loading capacities (Scenarios 16–25) has 
contributed to decrease distribution time. However, adding vehicle 
constraints eliminates this advantage because the results for Scenarios 
111–130 are the same as those in Scenarios 91–100. That is, vehicle 
constraints are more restrictive than the loading capacities and hence 
determine the distribution time and cost reduction. The implication of 
this is that the loading capacities are sufficient to support the distribu
tion system with the given vehicle constraints. 

5.2.3.4. The effect of mode capacities, loading capacities, and vehicle 
constraints (scenarios 131–150). We observe the same pattern in Sce
narios 101–110 indicating that transportation mode capacities rather 
than the loading capacities are the dominant factor. The distribution 
completion time is extended to 25 and 30 weeks with data sets 2 and 3 in 
Table 5, respectively. However, cost reductions are slightly better than 
those in Scenarios 101–110 and the same as those in Scenarios 26–45 for 
|T| ≥ 30 (35) with data set 2 (3). That is, even though increased loading 
capacities do not have an impact on the results in the existence of vehicle 
constraints, they contribute to improve the total cost when used with 
increased mode capacities. 

This can be explained as follows: In the existence of vehicle con
straints, the distribution is time-phased increasing the distribution 
completion time compared to that in S1. When mode capacities are 
increased, more loading capacity (specifically rail capacity) can be used, 
which decreases the distribution time and improves the cost reductions. 
When loading capacities are increased, they do not affect the results 
because the vehicle constraints rather than the loading capacities are 
binding. When both loading and mode capacities are increased, more 
loading capacity can be used due to the increased mode capacity, which 
improves the cost reductions. 

5.2.3.5. The effect of production capacity and vehicle constraints (sce
narios 151–160). The vehicle constraints worsen the results in the 
Scenarios 46–50. However, the degree of worsening is low because we 
can still obtain significant cost reductions even with data set 4 in 
Table 5. For data set 4, the distribution cannot be completed in 20 weeks 
and the cost reductions are worse than those in the Scenarios 46–50 for 
the same planning horizon except for |T| = 40. The results for data set 3 
are much better and cost reductions of about 20% and more can be 
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obtained. 
The results indicate that the vehicle constraints have limited effect 

on the results when the production capacities are increased. This can be 
explained as follows. The production capacities at some mines are not 
sufficient to consume the whole capacity of the vehicles. That is, if 300 
trucks are available at a mine each week, these 300 trucks can be used 
until the total production at the mine reaches the production capacity. 
From that point on, the vehicle capacity at that mine is not used. When 
the production capacities are increased, it becomes possible to use the 
unused vehicle capacities, which significantly improves the cost. 

5.2.3.6. The effect of production capacities, mode capacities, and vehicle 
constraints (scenarios 161–170). Increasing the mode capacities in 
addition to production capacities alleviates the negative effect of vehicle 
constraints observed in the Scenarios 151–160. We can obtain feasible 
solutions for |T| = 20 even with data set 4. The resulting cost reduction 
is almost half of the original value but, for |T| ≥ 35, we obtain the same 
cost reductions in the Scenarios 51–60. For data set 3, all cost reductions 
are more than 21% and equal to those in the Scenarios 51–60 for |T| ≥
25. To sum up, vehicle constraints worsen the results slightly in the 
Scenarios 51–60 for |T| ≥ 25.

5.2.3.7. The effect of production capacities, loading capacities, and vehicle 
constraints (scenarios 171–190). The results are the same as those in the 
Scenarios 151–160 where we observe the effect of vehicle constraints on 
the increased production capacities. This is expected because the cost 
improvements with increased production capacities (Scenarios 46–50) 
are the same as those obtained with increased production and loading 
capacities (Scenarios 61–70). 

5.2.3.8. The effect of production capacities, mode capacities, loading ca
pacities, and vehicle constraints (scenarios 191–210). The cost improve
ments with data set 4 are the same as those obtained in the Scenarios 
166–170 where the effect of vehicle constraints with increased pro
duction capacities is observed. Thus, increasing the loading capacities 
by even 50% does not have an effect on the costs in the existence of tight 
vehicle constraints (data set 4). With data set 3, loading capacities 
increased by 25% and 50% have almost the same effect on the cost re
ductions. Moreover, increasing the loading capacity slightly improves 
the cost reductions obtained in the Scenarios 161–165. The results are 
actually consistent with the results obtained in the Scenarios 71–90. 

To sum up, adding vehicle constraints increases the completion time 
of the distribution for most scenarios with the first data set for produc
tion capacities. In this regard, feasible solutions are not obtained in some 
scenarios for |T| ≤ 25 and even for |T| = 30. Accordingly, cost im
provements are reduced for certain values of |T| but when |T| is set to a 
sufficiently large value, e.g., |T| = 35, 40, the same or slightly worse 
cost reductions for the corresponding scenarios in S1 and S2 can be 
obtained. Increasing the production capacities significantly alleviate the 
effect of vehicle constraints. 

6. Statistical analysis 

CDPM formulation uses |T|, pcapik, lcapim, mcapm, availvehim, and 
arrvehim as parameters to come up with a minimum-cost distribution 
plan. However, if we look at the overall decision-making problem the 
TCE tackles, these factors are under the control of the TCE’s to some 
extent. In case the TCE is not content with the distribution plan pro
posed by an optimal solution to the CDPM, the TCE needs to know its 
options to derive the CDPM solution to a more agreeable distribution 
plan, and implement the necessary changes, e.g., tender specifications, 
to achieve that distribution plan while making preparations for the 
upcoming year. Hence, it is important for the TCE to quantify the ef
fects of these parameters on the minimum possible cost. In this regard, 
to be able to better analyze the scenario results and quantify the effects 

of different factors and their interactions on optimal costs and also to 
provide the TCE with a model to predict optimal costs that can be 
achieved especially for different |T| choices that we do not include in 
our scenarios, we develop two multiple linear regression models. We 
remark that these regression models enable us to analyze the effects of 
different factors and their interactions (i.e., pcapik, lcapim, mcapm, 
availvehim, and arrvehim) in a more thorough manner than before: In 
Section 5.2, we deduce the effects of these parameters by taking some 
scenarios as the basis and comparing their optimal costs to those of 
some other scenarios in a ceteris paribus manner. The regression 
models, however, enable us to assess the effects by considering the 
scenarios altogether and hence give us a better idea about how optimal 
cost changes when we change these parameters within the boundaries 
of the considered parameter space. 

6.1. Regression without vehicle limits 

We propose the first model for S1 and S2, where the number of ve
hicles are not limited. The regressor (independent) variables are enco
ded as shown in Table 8. 

In Table 8, we have five independent variables that are used to 
explain the total cost. The first variable is the length of the planning 
horizon, |T|. The variable Prod is used to encode production capacities 
pcapik: Prod = − 1 and Prod = +1 refer to the data sets 1 and 2 in 
Table 2, respectively. The variable Load represents loading capacities 
lcapim: Load = − 1, Load = 0, and Load = +1 refer to the data sets 1, 2, 
and 3 in Table 3, respectively. The transportation load capacities (i.e., 
mcapm) is encoded with two factors: Road and Rail. The first, second, 
and third data sets in Table 4 correspond to the cases Road = − 1,
​ Rail = − 1; Road = − 1, ​ Rail = + 1; and Road = + 1, ​ Rail = + 1, 

respectively. 
After excluding the infeasible factor combinations in Table 6, with 

the remaining 87 observations, we first carry out a model selection 
analysis. The largest possible model includes all five main effects of the 
factors as well as their 2-, 3-, 4-, and 5-way interactions. Thus, the 
largest model has 32 terms, including the intercept. We look for the 
best possible subset of these 32 terms to include in the final model. We 
have carried out an exhaustive search and found out that the model 
(12) is the best in terms of the minimum Schwartz’s Bayesian Infor
mation Criterion (BIC) value. The model keeps 13 terms (including the 
intercept) and excludes the remaining 19 effects. The most striking 
exclusions are the main effect Roadand all interaction effects involving 
Road as well as some interactions involving Rail. This result corrobo
rates the discussion on the effect of transportation mode capacities in 
Section 5.2.2 (Scenarios 6–15), which highlights that the cost 
improvement mainly results from the increase in the rail capacity as 
opposed to road capacity. Since the values of R2, adjusted R2, and 
Mallows’ Cp criteria for this model is very close to their respective 
bests, we are settled with it to include as few parameters as possible. 
The selected model is 

Table 8 
Regressor variables for the first multiple linear regression model.  

Factor Levels 

T  Numeric, ranging from 20to 40  
Prod  − 1: Low, + 1: High  
Load  − 1: Low, 0: Medium, + 1: High  
Road  − 1: Low, + 1: High  
Rail  − 1: Low, + 1: High   
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Cost= 598749517.02 − 232153.23T − 37664364.83Prod − 4746186.15Load

− 1936578.92Rail + 196270.72T × Prod + 118350.38T × Load

− 142312.33T × Rail + 3806761.35Prod × Load − 671152.99Load × Rail

− 95887.70T × Prod × Load + 75385.01T × Prod × Rail

+ 431759.09Prod × Load × Rail
(12) 

The overall test for significance and partial t tests can be seen in 
Fig. 2. Extra sum of squares ANOVA results are given in Fig. 3. 

The results in Figs. 2 and 3 indicate that the overall regression model 
as well as all the included main and interaction effects are strongly 
significant. The adjusted R2 is greater than 99.8%, the mean absolute 
percentage error (MAPE) is 0.1373%, and the maximum absolute per
centage error is 0.6144%. That is, the model fits the data very well. 

Examining Fig. 2 enables us to expand our previous ceteris paribus 
analysis in Section 5.2.2. The regression model not only confirms all our 
previous findings but it also enables us to gain more insights. We first 
remark that the most important main effect is Prod, which agrees with 
our previous discussion regarding Scenarios 46–50 in Section 5.2.2. In 
the discussion of the effect of loading capacities (Section 5.2.2, Scenarios 
16–25), we point out that increasing the mode capacities reduces the 
cost much more than increasing the loading capacities. Examining the 
regression model (12), we can further say that this is not due to the main 
effects (the main effect of Load is greater than the main effect of Rail) but 
rather as a result of the interactions in addition to the main effects. 
Specifically, we note that the interaction Prod × Load has a very sig
nificant contribution to the total cost in the opposite direction of separate 
main effects Prod and Load (i.e., the interaction increases the cost rather 
than decrease). This observation helps explain why Railis more effective 
in reducing costs despite the greater main effect of Load: even though 
the main effect of Load is negative and significant, its interaction with 
Prod drastically deteriorates the contribution and eventually, the effect 
of Rail outweighs. Moreover, the deterioration due to the positive and 
significant Prod × Load interaction (and positive Prod × Load × Rail 
interaction as well) also corroborates our repeated previous observa
tions about the limited effect of the loading capacities on the cost 
reduction (Section 5.2.2, Scenarios 16–25, 26–45, 61–70, and 71–90). 

6.2. Regression with vehicle limits 

The second model is for S3 where we have upper bounds on the 

number of vehicles arriving and leaving certain nodes in the network. In 
addition to the factors that we consider in the previous regression model 
(12), we also introduce Veh to encode the available number of vehicles 
as high (+ 1), medium (0), and low ( − 1) in the presence of vehicle 
limitations. These values correspond to the data sets 2, 3, and 4 in 
Table 5, respectively. 

To construct the sample to fit a regression model, we first exclude the 
infeasible factor combinations in Table 7. Recall that, as explained in 
Section 5.2.3., there are fewer scenarios reported in Table 7 than 
possible because we omit data set 3 in Table 4 regarding mcapm since the 
results are the same as the results with data set 2. The combinations of 
mcapm in data set 3 in Table 4 with other factors and their respective 
optimal cost values, however, are relevant and valid when fitting a 
regression model. We therefore include these combinations in our 
sample here, resulting in a sample size of 189 observations. We again 
first carry out a model selection analysis. The largest possible model 
includes all six main effects of the factors as well as their 2-, 3-, 4-, 5-, 
and 6-way interactions. Thus, the largest model has 64 terms, including 
the intercept. We look for the best possible subset of these 64 terms to 
include in the final model. We have carried out an exhaustive search 
(allowing at most 4-way interactions, since higher order interactions in 
practice are almost never statistically significant) and found out that the 
model given in (13) is the best in terms of the Schwartz’s BIC. Moreover, 
in terms of Mallows’ Cp, R2, and adjusted R2 criteria, the selected model 
performs nearly the same as the respective best models. As a result, we 
prefer the model in (13), which includes fewer parameters: 

Cost= 629280208.03 − 1024276.37T − 31570019.10Prod

− 42086778.82Veh − 216027.83T × Rail + 1115444.42T × Veh

+ 80089.22T × Prod × Rail (13) 

The overall test for significance and partial t tests can be seen in 
Fig. 4. Extra sum of squares ANOVA results are given in Fig. 5. 

The results in Figs. 4 and 5 indicate that the overall regression model 
as well as all the included main and interaction effects are strongly 
significant. The adjusted R2 is greater than 95%, the mean absolute 
percentage error (MAPE) is 0.7042% and the maximum absolute per
centage error is 3.5735%, i.e., the model fits the data very well. 

The results in Fig. 4 show that the presence of vehicle limitation 
affects the total cost considerably, even more than the production ca
pacity. As a further insight, we note that in the presence of vehicle 
limitation, the effects of transportation mode and loading capacities 
vanish; they are not significant any more even though Rail has some 
statistically significant (but minor) interaction effects with the length of 
the distribution period |T|. Finally, we remark the sizeable positive effect 
of |T| × Veh interaction consistent with our previous observations in 
Section 5.2.3, where we note that if vehicle constraints are added, the 
distribution time increases. 

Fig. 2. Summary of the first regression model.  Fig. 3. Extra sum of squares F tests for the first regression model.  
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7. Conclusion 

In this paper, we study the problem of coal distribution to poor 
families as a part of an aid system to tackle poverty, which is one of the 
greatest global challenges and a prerequisite to sustainable development 
of countries. We define the problem and develop a multimodal, multi
commodity, and multiperiod LP model. We use the model to solve 
several scenarios constructed using different combinations of real data 
sets for different parameters and time periods and analyze the results 
qualitatively and quantitatively. As a part of quantitative analysis, we 
develop regression models to predict optimal costs that can be achieved 
for different time periods that we do not include in our scenarios. The 
main results and insights gained through the analysis of scenarios using 
the data in 2012 are as follows:  

• Using mathematical modeling allows us to find better solutions and 
to gain more insights regarding the problem and the solutions.  

• Under the conditions in 2012, the distribution could be achieved 
with about 9% cost savings and 15 weeks less than the current dis
tribution time (25 weeks compared to current distribution time of 40 
weeks).  

• The cost reduction resulting from the increase in transportation 
mode capacities are mainly due to the increase in the rail trans
portation capacity.  

• Increasing only the loading capacity has limited effect on the cost but 
a 25% increase allows to decrease the current distribution time to 20 
weeks. 

• Increasing the transportation mode and loading capacities simulta
neously improves both the cost and the distribution time (20 weeks) 
but their combined effect is limited. 

• The increase in the production capacity has the most significant ef
fect on the results with a 23% decrease in cost and a 20-week dis
tribution time.  

• In the existence of increased production capacities, increasing only 
the rail transportation mode capacity is sufficient to achieve the 
desired results.  

• Considering the vehicle constraints in distribution planning produces 
more realistic solutions and provides valuable insights to the 
planners.  

• As vehicle constraints become more restrictive, the distribution time 
and cost reductions may worsen significantly. 

• The loading capacities are sufficient to support the distribution sys
tem with the given vehicle constraints (vehicle constraints are more 
restrictive than loading constraints).  

• As vehicle constraints become more restrictive, the advantage of 
increased mode and loading capacities diminishes.  

• The vehicle constraints have limited effect on the results when the 
production capacities are increased.  

• Increasing the production and rail mode capacities is critical with 
and without the vehicle constraints.  

• Regardless of the existence of restrictive availability of vehicles, the 
most important factor on the optimal cost is the production capacity. 

• When the availability of vehicles is not an issue, TCE had better in
crease the rail transportation mode capacity. 

Our main contribution in this study has been to provide an efficient 
and effective tool to handle a large-scale real-world problem. The model 
has also helped to prove that the TCE, the organization responsible for 
coal distribution planning to poor families, may move from the current 
planning practice to an all-encompassing top-down approach. The TCE 
can use the model develop and update a distribution plan and to provide 
answers to several what-if questions with regard to production, loading, 
and transportation mode capacities as well as time constraints. 

This study has been conducted as a part of the project to analyze and 
design the coal aid system. In the context of the project, several statis
tical and process analyses have been conducted and a comprehensive 
decision support system that integrates all stakeholders has been pro
posed. The proposed optimization model and regression model will be 
used as a part of the model base in the decision support system. As more 
data become available through the decision support system, the pro
posed optimization model may be extended to include coal distribution 
within districts for an end-to-end planning. Moreover, predictive models 
may be integrated into the decision support system to determine po
tential problems in the system. 
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