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Abstract
Truck allocation problems are considered as one of the most substantial factors in the achievement of planned produc-
tion capacity in the mining industry. Traditional truck allocation techniques (e.g. mathematical programming, queueing 
theories) have undergone different levels of simplifications in formulating actual haulage operations under heterogene-
ous circumstances. In this study, the truck allocation problem is analysed through the development of the simulation-
based optimization (SBO) method for the optimization of truck assignment considering uncertainties during fleet op-
eration. This method provides an integrated structure by the simultaneous combination of optimization and stochastic 
discrete-event simulation. The objective function is to minimize the total number of trucks for haulage operation with 
discrete-event simulation employed to model the constraints. As a case study, the fleet operation of the Sungun copper 
mine is investigated to accomplish an optimal truck allocation for various working benches in the mine site. Operation 
details are evaluated through different indicators such as utilization, waiting times, and the amount of transported ma-
terials for each working bench. Finally, the operation bottlenecks are recognized for each situation.
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1. Introduction

A shovel-truck system is considered as one of the 
most prevalent raw material transportation systems in 
open-pit mines. This kind of system has several advan-
tages compared to other methods such as mobility, 
climbing ability and short cycle times. However, loading 
and hauling equipment are considered as costly assets, 
leading to vital capital and operating costs. Nowadays, 
mining companies have employed diverse approaches to 
mitigate their costs and improve fleet capacity such as 
increasing capacities of the shovels and trucks, optimi-
zation of fleet size, efficient truck dispatching policies, 
as well as enhancement of fleet performance and relia-
bility.

Truck allocation plays a significant role in fleet effi-
ciency and productivity in the mining industry. As a mat-
ter of fact, an imprecise determination of the required 
number of trucks leads to major challenges during a 
haulage operation including shovel idle times (under-
trucked estimations), truck waiting times and queues at 
shovels (over-trucked estimations).

There are various studies for modelling and the opti-
mization of truck allocation problems. In the studies, 

different objectives have been considered for truck allo-
cation problems, encompassing the minimization of the 
number of trucks or the maximization of raw material 
production. Most of the approaches were associated 
with steady-state estimation procedures without consid-
ering effective factors like haul road circumstance, sto-
chastic cycle times, truck waiting times, truck break-
downs, real-time dispatching policies, as well as the 
shovel-truck match factor (Krzyzanowska, 2007; Burt 
and Caccetta, 2014; Chaowasakoo et al., 2017). These 
kinds of analyses ignore to investigate the actual haulage 
fleet operation, which leads to vague and imprecise esti-
mation procedures (Moniri-Morad et al., 2019). The 
common steady-state allocation methods can be catego-
rized into analytical techniques, mathematical program-
ming and queueing theory.

An analytical technique was proposed by Zhang to 
compute the optimal fleet size to fulfil the transportation 
goals (Zhang and Xia, 2015). Mathematical program-
ming has been developed by several authors such as 
Burt et al. (2005), Fioroni et al. (2008), Subtil et al. 
(2011), Ta et al. (2013) and Dabbagh and Bagherpour 
(2019), which have developed linear programming mod-
els. Souza et al. (2010) and Gurgur et al. (2011) evolved 
mixed integer programming models for the allocation 
problem. In general, the analytical techniques and math-
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ematical programming are associated with different lev-
els of mathematical simplifications in modelling nonlin-
earities and formulation of the actual haulage operation, 
leading to an unrealistic estimation process.

Queueing theory was considered for the allocation 
problem by various authors such as Alkass et al. (2003), 
Krause and Musingwini (2007) and Ercelebi and Bas-
cetin (2009). Queueing theory is implemented in order 
to consider some operational uncertainties such as queue 
lengths, waiting and idle times of trucks and shovels. 
Nevertheless, complex and large-scale problems make it 
difficult to formulate the real haulage operation.

Discrete-event simulation (DES) has been utilized in 
various studies to model and formulate actual haulage 
operation and uncertainties. Various researchers have 
worked in this field consisting of Castillo and Cochran 
(1987), Bonates and Lizotte (1988), Ataeepour and 
Baafi (1999), Basu and Baafi (1999), Hashemi and 
Sattarvand (2015), Chaowasakoo et al. (2017).

The DES overcomes the limitations and deficiencies 
of the previous techniques such as analytical methods, 
mathematical programming, and queueing theories. In 
other words, it formulates the actual haulage operation 
with a lower level of simplification, a high level of op-
erational constraints and stochastic phenomena. How-
ever, it is necessary to optimize the simulation model to 
reach the desirable goals.

This study is aimed to develop a simulation-based op-
timization method for the allocation of trucks to a load-
ing system. In this approach, the optimal truck allocation 
is derived by modelling and formulation of stochastic 
procedures during a haulage operation comprising wait-
ing times of trucks, shovel idle times, stochastic times 
for truck load, haul, dump and return processes. The op-
timization program is involved in two key parts includ-
ing mixed integer programming as an objective function 
and developing DES for modelling haulage operation 
constraints. The proposed simulation-based optimiza-
tion method works based on making a systematic link-
age between the objective function and DES model in 
such a way that the DES is consecutively connected to 
the objective function and evaluates it until the optimum 
solutions are found.

2. Methods

Simulation optimization approaches are considered as 
an alternative where there are complex operations and 
stochastic processes. In this study, a simulation-based 
optimization method is developed to make the best truck 
assignments for each working bench in open pit mines. 
Figure 1 demonstrates the step-by-step research meth-
odology for a simulation-based optimization model. To 
configure the model, an objective function is developed 
for the allocation problem, then a DES model is consid-
ered to formulate the operation constraints. The pro-
posed methodology is comprised of an objective func-

tion, production constraints and operation constraints, 
which are characterized by the development of the DES 
model for an actual haulage operation.

2.1. Objective function

According to Figure 1, step 1 coincides with the defi-
nition of a system, specifying decision variables, model 
parameters, as well as mathematical formulation of the 
objective function for the optimization program. The 
mathematical expression (1) is represented for the objec-
tive function as follows:

  (1)

where:
yaw –  the number of allocated truck type (w) to shovel 

(a);
β –  penalty value, which is devoted to the objective 

function;
Raw –  the amount of transported material from shovel 

(a) by truck type (w).
The objective function is characterized to capture a 

minimum number of allocations of truck type (w) to 
shovel (a). In the objective function, a positive penalty 
value is devoted to β when the extracted material (Raw) is 
less than the planned production capacity (P). Other-
wise, the β value is set to zero. In this way, the minimum 
expected value is obtained for the objective function.

2.2. Model constraints

Step 2 deals with the modeling and formulation of op-
timization constraints. There are two types of constraints 

Figure 1: Step by step research methodology flowchart
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(2) and (3) comprising production and operation con-
straints.

Production constraints

  (2)

 ;      ,  (3)

where:
P –  the planned production capacity;
Raw –  the amount of transported material from shovel 

(a) by truck type (w).
The constraint (2) is considered as a production con-

straint, which ensures that the amount of the extracted 
material is more than the minimum amount of the pro-
duction plan. As mentioned before, the value of param-
eter (β) depends on the the constraint (2). As a matter of 
fact, it is set to zero when . Otherwise, a positive 
penalty value is devoted to the objective function. Ex-
pression (3) enforces the integrality and non-negativity of 
integer and continuous decision variables, respectively.

Operation constraints

In general, the complexity of a mining operation leads 
to the utilization of tools with higher flexibility for rec-
ognizing and optimization of the operational bottle-
necks. Simulation techniques are widely considered to 
imitate the natural paradigms and infrastructures of cer-
tain frameworks. In this regard, a haulage operation is 
carried out under stochastic and uncertain conditions. To 
simulate such a stochastic environment, there are two 
types of simulation techniques including static and dy-
namic simulation. The static simulation model describes 
a system state at a specific point of time. In other words, 
there is no demand for making an explicit model of 
changes during a span of time. Monte Carlo simulation 
is considered as a kind of static simulation model. A dy-
namic simulation characterizes a system during an inter-
val of time. Furthermore, a dynamic simulation model 
can be classified as a discrete or continuous model. In 
the continuous model, the state of the system continu-
ously changes over time, whereas, a discrete simulation 
model is applied where the system state changes only at 
discrete points of time (Leemis and Park, 2006). Dis-
crete-event simulation (DES) is taken into account as a 
kind of dynamic simulation model. In this model, the 
state of the system immediately changes in response to 
explicit discrete events such as arrivals, departures, 
change of shifts, failure and inaccessibility of resources 
and entities. A discrete event simulation model is devel-
oped to formulate haulage operation constraints and re-
strictions for the optimization of a program. This method 
is based on the generation of some entities, passing 
through a network of servers (service stations) to do its 
mission. In the process, if a server is busy, the entities 

wait to begin their activity. In addition, there are several 
logic gates to send the entities to their proper destination 
(e.g. waste dump or ore crusher). One of the key aspects 
of the DES refers to specifying work duration for each 
activity such as loader service times, truck traveling 
times and material unloading times. To deal with this, 
historical time data is collected regarding haulage cycle 
times consisting of load, haul, dump and return process-
es. Then, a proper probabilistic distribution function is 
fitted into the time data.

A typical simulation model has a structure, which can 
be described by Figure 2 (Banks et al., 2005). In Figure 
2, the first step is associated with formulating and stating 
a problem. The second step is involved in the system 
configuration, its boundaries, objective functions, deci-
sion variables and model parameters. In this step, a field 
data collection process is considered to provide the re-
quired input parameters for a simulation model. Concep-
tualization of a model refers to making simplifications 
about unknown and complex paradigms in a real system. 
In the next step, a simulation model is developed based 
on the computer format by using programming languag-
es. Verification is performed to confirm if the simulation 
model (e.g. logical structures) is run correctly. Other-
wise, a debugging process is necessary for the simula-
tion program. For example, if there is a mission for a 
logic gate to send a truck to a certain destination, it’ll be 
opened up after the truck’s arrival. Otherwise, there is a 
mistake in the program and it is necessary to write an 
accurate code for opening after the truck’s arrival. Vali-
dation is considered to guarantee if the established simu-
lation model fulfills the requirements of the actual sys-
tem and its functionalities. Otherwise, it would be es-
sential to accurately model an actual operation to 
mitigate the deviations between a simulation model and 

Figure 2: Simulation model structure flowchart  
(Banks et al., 2005)
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the actual system. Running models and developing sce-
narios are performed to investigate the effect of various 
scenarios and parameters on the simulation model. As a 
matter of fact, a simulation model is established to rec-
ognize the system bottlenecks and weaknesses by con-
sidering and evaluating different scenarios. The final 
step is concerned with a description of the analyses re-
sults for the model.

In a haulage operation simulation, there are two main 
logic gates consisting of truck arrival and departure inci-
dents. These kinds of logic gates are utilized for different 
situations such as truck loading and delivery processes. 
According to Figure 3, if a truck arrival event occurs, 
then two states are made for the haulage system. In the 
first case, the shovel is idle and ready for servicing the 
truck. In the second case, the shovel is busy and the truck 
goes to queue line (n=Queue Length). After completing 
the service and departure of a truck, the shovel starts a 
new servicing process if there is at least one truck in the 
queue line. Otherwise, the shovel becomes idle until an-
other truck arrives at the shovel. In general, the inter-ar-
rivals of trucks and service times of shovels are often 
characterized by the generation of random numbers 
from probabilistic distribution functions. Average values 
are formulated for service times and inter-arrival times 
according to Equations (4) and (5).

  (4)

  (5)

where:
 – average service time;
 – inter-arrival time;

μi – service time for each event;
λi – time between arrivals for each event;
m – the total number of events.
The probability that a server may be idle (P(e)) is in-

troduced according to Equation (6):

  (6)

where:
ej –  time interval during which a server is being empty;
p – the whole number of servers that are idle;
T – the total simulation time.

2.3. Solution process

The final step of Figure 1 is involved in the attain-
ment of optimum solutions. In this step, decision varia-
bles are initially set to the model and then the DES mod-
el is run. The DES is connected to an objective function 
and the expected value is evaluated for the objective 

function. If the minimum number of trucks are allocated 
to the working benches, then the objective function re-
quirements are satisfied and the optimum solutions are 
obtained for the allocation problem. Otherwise, another 
combination of decision variables are examined and the 
expected value of the objective function is computed. 
The process is repeated until the optimum combination 
of decision variables is reached. To complete the proce-
dure automatically without recognizing and examining 
what-if scenarios, a Genetic Algorithm (GA) has been 
employed to attain the best solution. The genetic algo-
rithm is taken into account as one of the common opti-
mization methods for solving mixed integer program-
ming models. In addition, it has the capability of obtain-
ing global solutions for the optimization program. It is a 
search-based method, which does not capture local opti-
mum solutions. The genetic algorithm contains several 
key phases, including coding value, population, selec-
tion, crossover, mutation and convergence criteria (Mal-
hotra et al., 2011; Deep et al., 2009). The genetic algo-
rithm is initially started by encoding a scheme to de-
scribe solutions over the search space. Then, a population 
of possible solutions are generated for the implementa-
tion of the optimization process. Thus, a fitness value is 
computed for each chromosome in the population. In the 
next step, a reproduction process is carried out using ge-
netic operators comprising selection, crossover and mu-
tation. To do this, the selection operator chooses a set of 
qualified chromosomes for the generation of new popu-
lations. Consequently, the crossover and mutation oper-
ators create the new chromosomes. The reproduction 
process is consecutively implemented until the conver-
gence criteria is satisfied for the optimization program.

3. Case study
A case study is considered to establish an optimum 

allocation for trucks at the Sungun copper mine in Ta-

Figure 3: Occurrence of arrival and departure events 
flowchart



61 A methodology for truck allocation problems considering dynamic circumstances in open pit mines, case study…

The Mining-Geology-Petroleum Engineering Bulletin and the authors ©, 2019, pp. 57-65, DOI: 10.17794/rgn.2019.4.6

briz, Iran. It is located in North-East Iran, in the East 
Azerbaijan Province. Figure 4 shows the location of the 
mine. The Sungun mine is considered as the second larg-
est copper mine in Iran and it is estimated to have one 
billion tons of ore reserve in the mine. The mine haulage 
operation is accomplished through a loader-truck sys-
tem. The mine contractor manages the haulage operation 
by using 25 to 30 trucks per shift. Different kinds of field 
data were collected for analysing the haulage fleet oper-
ation. Table 1 represents the gathered database for mod-
eling the haulage operation system at the Sungun mine.

According to Table 1, there are three working benches 
of ore (working benches 1, 2 and 3) and one working 
bench of waste (a fourth working bench). The extracted 
ore and waste materials are sent to the crusher and waste 
dump, respectively. The trucks of 60 tons are devoted to 
the third working bench and the trucks of 100 tons are as-
signed to working benches 1, 2 and 4. In addition, load, 
haul, dump and return times are reported with respect to 
each working bench in Table 1. Based on the mine pro-
duction schedule, the production plan is given in the Ta-
ble 1. Furthermore, the Sungun mine dispatching policy is 
associated with a fixed truck assignment. The collected 
data is implemented for modeling a haulage operation 
system in a discrete-event simulation model.

3.1.  Modelling operation by discrete-event 
simulation

The haulage operation simulation was built in a 
 MATLAB Simulink environment. A SimEvents toolbox 
is utilized for the development of a discrete-event simu-
lation (MathWorks, 2015). In the SimeEvents, a haul-
age operation process is derived through a combination 
of various blocks and their elements such as entity gen-
erator, queue, servers, attribute assignments, random 
event generators, route paths, logic gates and Function 
blocks. Figure 5 displays the general structure for a 
haulage fleet operation at the Sungun copper mine.

According to the simulation model in Figure 5, all of 
the materials, loading system and trucks are initially 

Figure 4: Sungun copper mine location in Iran  
(www.google.com/maps)

Table 1: Database for haulage fleet operation 

Operation Features Numerical Values
Number of working benches 4
Type of working benches 3 working benches of ore, 1 working bench of waste
Number of unloading points 2
Type of unloading points 1 ore crusher, 1 waste dump

Capacity of loading systems

Working bench 1: Hyundai excavator: 5.1 m3

Working bench 2: Komatsu loader: 6.1 m3

Working bench 3: CAT loader: 5.4 m3

Working bench 4: Liebherr shovel: 18 m3

Average truck loading times (Seconds),
Average truck unloading times 
(Seconds)

Working bench 1 to Crusher Loading time: 255.6 Unloading time: 50
Working bench 2 to Crusher Loading time: 306.6 Unloading time: 43 
Working bench 3 to Crusher Loading time: 226.8 Unloading time: 34

Working bench 4 to Waste Dump Loading time: 117.6 Unloading time: 45

Average truck haul and return times
(Seconds)

Working bench 1 to Crusher Haul time: 792 Return time: 612
Working bench 2 to Crusher Haul time: 402 Return time: 313.8
Working bench 3 to Crusher Haul time: 486 Return time: 426

Working bench 4 to Waste Dump Haul time: 510 Return time: 384

Production plans
(Tons per shift)

Working bench 1 3400
Working bench 2 5000
Working bench 3 3000
Working bench 4 5600

Size of trucks (Tons) 100 and 60
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generated and assigned to working benches. Then, load-
haul-dump processes are implemented. Afterwards, the 
materials are sent to the proper destinations and the emp-
ty trucks return for their next allocation.

3.2. Optimization results

A genetic algorithm was completed to achieve an op-
timum truck allocation for the simulation-based optimi-
zation method. The required quantity of trucks was com-
puted considering operational heterogeneities. A reallo-
cation process may be required if the number of available 
trucks changes due to undesirable scenarios such as the 
occurrence of failures or breakdowns. There are various 
methods to investigate and analyse truck failures and 
breakdowns such as conditional monitoring of the trucks 
(Morad and Sattarvand, 2013), reliability-centred 
maintence (Morad et al., 2014), the Cox proportional 
hazard model (Ghodrati and Kumar, 2005; Moniri-
Morad et al., 2018) and the flexible parametric propor-
tional hazards model (Moniri-Morad et al., 2018). As 
an alternative, reserve trucks would be considered to be 
substituted for the failed trucks to meet the production 
targets.

In this step, the established simulation model was 
validated based on an actual operation. According to one 
shift of operation, the number of 2, 4, 3 and 4 trucks 
were assigned to working benches of 1 to 4, respectively. 
According to the simulation results, the amount of the 
transported materials were 2700, 7300, 3600, 8600 tons 
per shift from each working bench, respectively. These 
results were approximately accomodated to the actual 
operation. Therefore, the established model can be de-
veloped for similar situations.

In the next step, the established model was considered 
to find an optimum allocation of trucks for the working 
benches. In this case, the SBO method was developed 
for the model subject to meet the current production 
plans in a single shift. A particular production plan was 
devoted for each working bench so that it is essential to 

be met in a working shift. Table 2 gives the optimal 
quantity of trucks for working benches 1 to 4 in the sim-
ulation model.

As shown in Table 2, three trucks should be assigned 
to each working bench to maintain the minimum amount 
of the planned production capacity. In addition, the cu-
mulative number of trucks assignments are computed 
for the working benches 1 to 4 as 39, 60, 60 and 64, re-
spectively. The production plans and cumulative number 
of trucks assignments have been derived for one work-
ing shift. Figure 6 indicates the amount of transported 
materials and the production targets for the working 
benches. The amount of the transported materials are 
greater than the planned production capacity. Thus, the 
production constraints are satisfied by a minimum num-
ber of allocated trucks.

Figure 5: Haulage simulation structure

Table 2: Optimization outputs for allocation of trucks to 
loading system

Working benches No. of departure Optimum truck 
number

1 39 3
2 60 3
3 60 3
4 64 3

Figure 6: Results of the SBO method for different working 
benches
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Figure 7: Average cumulative loader idle and truck waiting 
times

Table 3: Analysing the built simulation model

W
or

ki
ng

 
B

en
ch

es Utilization of Loading System Average Idle Times of Loading System Average Truck Waiting Times

Mean
(%) Distribution Parameters Mean 

(Hour) Distribution Parameters Mean 
(Hour) Distribution Parameters

1 49.2 Log-logistic α = 32.46
β = 0.428

0.0895
(5.37 min) Log-logistic α = 19.7

β = 0.089
0.0217
(1.3 min) Log-normal μ = –3.921

σ = 0.428

2 79.9 Weibull α = 53.79
β = 0.807

0.021
(1.26 min) Log-logistic α = 17.039

β = 0.021
0.0277
(1.66 min) Log-logistic μ = 10.66

σ = 0.0273

3 44.3 Normal μ = 0.443
σ = 0.05

0.0568
(3.4 min) Log-logistic α = 28.12

β = 0.057
0.007
(0.42 min) Log-logistic α = 3.08

β = 0.0059

4 32.6 Log-logistic α = 44.75
β = 0.33

0.0659
(4 min) Log-logistic α = 30.31

β = 0.066
0.0049
(0.29 min) Log-logistic α = 4.65

β = 0.0045

4. Results and discussion

The optimization results lead to find the optimum al-
location of trucks to working benches with respect to 
existing operational and production constraints at the 
mine. However, it is necessary to analyse the simulation 
model to reveal the obstacles and bottlenecks for the 
mine haulage operation. Table 3 describes the simula-
tion results for loader utilization, idle times and truck 
waiting times.

According to Table 3, the highest and lowest utiliza-
tions of the loading systems coincide with the second 
and fourth working benches (79.9 and 32.6 percent), re-
spectively. The utilization of the loading system is taken 
into consideration as one of the most important bottle-
necks, avoiding to organize the haulage operation effi-
ciently. In Figure 7, average cumulative loader idle and 
truck waiting times are computed for each working 
bench during a shift roster.

According to Figure 7, the maximum and minimum 
loader idle times are related to the fourth and second 
working benches. In contrast, the maximum and mini-
mum truck waiting times coincide with the second and 
fourth working benches. The analyses reveal that the ra-
tio of loader idle times to truck waiting times are com-
puted 4.13, 0.76, 8.1 and 13.8 for working benches 1 to 
4, respectively. According to the results of SBO, it would 
be recommended to consider a real-time dispatching 
strategy for the haulage operation. Thus, the mine pro-

duction schedules are reached with a smaller size of 
haulage fleet and the utilizations are improved for the 
loaders.

5. Conclusions

This study was focused on developing a methodology 
for the optimal allocation of trucks to a loading system. 
In this regard, a simulation-based optimization method 
was proposed based on the simultaneous combination of 
optimization and simulation techniques. In this ap-
proach, an acceptable level of operational complexities 
and uncertainties were considered for the optimization 
problem. This procedure leads to the creation of a realis-
tic allocation of trucks with respect to a dynamic envi-
ronment. To analyse the model, the Sungun Copper mine 
was considered as a real case study. In the case study, a 
minimum number of haul trucks were assigned to each 
working bench and somehow, the planned production 
capacity was fulfilled for the mine production system. 
Three trucks were allocated to each working bench as 
the optimal solution. The amount of transported materi-
als was 3900, 6000, 3600 and 6400 tons from each 
working bench, respectively. In addition, methodology 
has the capability of analysing operation details includ-
ing utilization, truck waiting times, and idle times of the 
loading systems. For example, the utilization of loading 
systems was 49.2, 79.9, 44.3 and 32.6, indicating the 
haulage system does not work efficiently. According to 
the operation indicators, the bottlenecks were recog-
nized for the whole of the operation at the mine site. Fi-
nally, improvement of haulage fleet deficiencies such as 
a real-time dispatching policy are recommended to pro-
mote system efficiency and productivity.
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SAžETAk

Metodologija za dodjelu kamionskoga prijevoza u dinamičkim uvjetima  
otvorenoga kopa

Problem raspodjele kamiona smatra se jednim od najvažnijih čimbenika u postizanju planiranih proizvodnih kapaciteta 
u rudarstvu. Tradicionalne tehnike raspodjele kamiona (npr. matematičko programiranje, teorije čekanja u redu) podli-
ježu različitim razinama pojednostavljenja u  formuliranju stvarnoga prijevoza u heterogenim okolnostima. U ovome 
radu analiziran je problem raspodjele kamiona razvojem metode za optimizaciju raspodjele kamiona koja se temelji na 
simulaciji optimizacije  (SBO) s obzirom na nesigurnosti  tijekom rada kamionskoga voznog parka. Metoda osigurava 
integriranu strukturu simultanom kombinacijom optimizacije  i simulacije stohastičkih diskretnih događaja. Ciljna  je 
funkcija minimiziranje ukupnoga broja kamiona za transport sa simulacijom diskretnih događaja korištenih za modeli-
ranje rubnih uvjeta. U ovome radu istražen je rad voznoga parka na primjeru rudnika bakra Sungun kako bi se postigla 
optimalna raspodjela kamiona pri različitim radnim operacijama na eksploatacijskome polju rudnika. Pojedinosti rada 
procijenjene su na temelju različitih pokazatelja kao što su iskorištenje, vrijeme čekanja i količina transportiranoga ma-
terijala za svaku radnu operaciju. konačno, uska grla operacija prepoznata su za svaku situaciju.

Ključne riječi:
raspodjela kamiona, optimizacija, simulacija diskretnih događaja, proizvodni kapacitet
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