
Abstract—Ant  Colony  Optimization  (ACO)  is  used  to  solve  
problems with multiple objectives. Various extensions have been  
implemented  to  the  traditional  approach to  improve  algorithm 
performance or quality of solutions. In this paper we propose a  
novel ACO-based method that involves heterogeneity and hierar-
chy in the area of automated meal plans. The hierarchy consists  
of 2 levels: at the first there are ants working in a fairly tradi-
tional way (a worker); at the second there is an ant manager.  
Each worker has its own plan and searches the unique environ-
ment. The second level ant monitors a group of workers. Experi-
mental results show that this approach is capable to tackle the  
task in a reasonable time and quality.

I. INTRODUCTION

NFORMATION and  communication technologies  (ICT) 
play vital role in our everyday life. One of the application 

areas is medicine and healthcare. ICT are used here for vari-
ous purposes: diagnostics, treatment, monitoring, data man-
agement, communication, administrative tasks [1], reliability 
analysis [2], patient assistance, etc. 

I

In real life there are many problems with few objectives 
that conflict with each other, for instance, to minimize costs, 
maximize  performance;  maximize  reliability  at  the  same 
time, etc. Such problems exist in medicine as well. Various 
methods were  developed in order  to solve multi-objective 
problems. On one side there are exact methods that compute 
optimal  solution,  on  the  other  side  there  are  empirical 
methods. In reality we are often interested in finding “good” 
solutions in reasonable time; therefore we decided to utilize 
the second group of algorithms also called heuristics. There 
are  Genetic  algorithms,  Particle  Swarm Optimization,  Ant 
Colony  Optimization,  Tabu  Search,  Simulated  Annealing 
belonging to this group. 

The world faces new crisis due to the rising number of its 
population and a number of patients with chronic diseases 
that  hurt  not  only  individuals  but  also  damage  national 
economies in form of higher healthcare related costs. India, 
Russian  federation  and  China  were  predicted  to  lose 
between $200 and $550 billion in national income due to 
heart disease, stroke and diabetes [3]. Statistics by WHO [4] 
stated that in 2008 1.5 billion people were overweight,  of 
these 500 million obese. Overweight and obesity are caused 
by eating more energy-dense food and by a lack of physical 
activity.  Therefore change in eating habits is required and 

can prevent this condition. For this purpose we proposed a 
multi-objective  model  for  generating  personalized  meal 
plans. The complete description of the model can be found 
in [5]. 

We chose to apply Ant Colony Optimization (ACO) for 
this model as it has been successfully implemented for many 
combinatorial  problems,  e.g.  travelling  salesman  problem, 
the  quadratic  assignment  problem,  the  sequential  ordering 
problem, production scheduling, timetabling, project sched-
uling,  vehicle  routing,  telecommunication  routing,  invest-
ment planning, staff scheduling, etc [6]. ACO is capable of 
solving multi-objective problems, therefore presents a suit-
able approach for us.

ACO is a metaheuristics inspired by nature. As the name 
implies the main principle is based on behavior of the ant 
colony, a group of ants that cooperates together in order to 
survive.  In  their  everyday  life,  they  are  often  confronted 
with  the  objective  to  find  food  and  carry  it  back  to  the 
colony by the shortest route. The fact that they are able to 
communicate  is  even  more  interesting  when  we  consider 
that these animals are almost blind. The medium used for 
communication is the substance called pheromone. They can 
sense it and lay it down to mark their trail. Thus they can de-
cide based on the sensed pheromone amount and follow the 
paths that contain more of this substance, laid down previ-
ously by  other  ants.   More  pheromone  on  a  trail  attracts 
more ants. This process is characterized as a positive feed-
back loop. Example result of this process is in Fig. 1. The 
bolder  line  represents  richer  pheromone  trail  which  was 
heavily used by ants leaving great pheromone amount. This 
trail is the shortest one from Colony to Food in this scenario. 

The  main  characteristics  of  this  approach  are  positive 
feedback, distributed computation, and the use of a construc-
tive greedy heuristic.  Positive feedback accounts for rapid 
discovery of good solutions, distributed computation avoids 
premature convergence, and the greedy heuristic helps find 
acceptable solutions in the early stages of the search process. 

We identified several reviews concerned with the multi-
objective ant colony optimization (MOACO). López-Ibáñez 
et al. in [7] examined several MOACO methods by studying 
algorithmic choices and performance based on experimental 
results.

They  conclude  that  many of  existing  approaches  share 
more similarities than differences, i.e. some can be reformu-
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lated  to  gain  a  common  model  with  some modifications. 
García-Martínez  et al. [6] proposed taxonomy as well; this 
classifies methods according to two criteria: the use of only 
one or several pheromone trails and the use of only one or 
several heuristic functions, i.e. four algorithm families exist. 
They also conducted experiments and concluded that the op-
eration mode of ACO algorithm itself has greater influence 
on the quality of gained solutions than the membership in 
the  specific  algorithm family.  Angus  et  al. introduced  an 
original taxonomy for MOACO [8] based on the analysis of 
features  common  to  the  reviewed  ACO  algorithms:  the 
choice  of  pheromone  model,  the  solution  construction 
process, solution evaluation in terms of individual objectives 
or  all  objectives,  pheromone  matrix  (matrices)  update 
method, and Pareto solution archival structure.

In this paper a novel MOACO model is described. We in-
troduce  hierarchy  of  cooperative  heterogeneous  agents 
(ants) that operate in heterogeneous search spaces in order to 
produce a single solution as opposed to other models where 
a single ant is able to find a complete solution on its own. 
We apply this approach to the problem of automated meal 
planning. 

The paper is organized as follows: Section 2 provides the 
analysis  results  of  heterogeneity in  ACO algorithms,  Sec-
tion 3 describes the novel MOACO-based method, Section 4 
contains experimental part of the work; Section 5 offers dis-
cussion and Section 6 conclusion.

II.HETEROGENEITY AND HIERARCHY IN ANT COLONY 
OPTIMIZATION MODELS

Ant or agents that have different properties can improve 
the search process and sometimes are necessary in order to 
find  a  solution.  The idea  of  heterogeneity in  ACO is  not 
new. Heterogeneous ants were introduced in [9]. ACO algo-
rithm is used here for the purpose of the global path plan-
ning of the mobile robot. In  this approach there exist ants 
with different qualities (sight, speed, function). The use of 
heterogeneous ants proved to be superior to the classic ACO 
approach. 

Another type of heterogeneous ant approach to ACO can 
be found in [10]. Authors use heterogeneous ant colonies to 
balance diversity and convergence. They create communica-
tion  rule  and  different  pheromone  rules  for  the  colonies. 
However, inside of a colony, ants behave traditionally in or-
der to find the optimal solution.

Hara et al. [11] proposed the use of heterogeneous ants to 
improve search performance in TSP. Totally there are two 
types of ants: classic and exploratory. The new type exists to 
overcome some problems of classic ants. They explore, cre-
ate some short routes, they choose to visit only those cities 
that are “near” and in some predefined conditions they may 
give up creating the round tour. 

Heterogeneous  ACO has  been  implemented  in  robotics 
[12]. Ducatelle et al. showed similarity between ants and the 
robots in their swarm robotic system. There exist foot-bots 
and eye-bots that mutually adapt for the purpose of foraging 
task and together are able to find the shortest route. Foot-
bots obey instructions issued by eye-bots and eye-bots ob-
serve foot-bots to adapt the given instructions.

Different ant sensitivity to the pheromone was proposed 
by Chira  et al. [13]. There are ants with higher sensitivity 
that follow strong pheromone trails. On the other hand, ants 
with lower sensitivity behave more randomly.  This  model 
enables to sustain balance between exploration and exploita-
tion. 

Well-known Travelling Salesman problem (TSP), which 
often serves as a benchmark problem, is partitioned into sev-
eral smaller TSPs in [14]. Thus a task hierarchy is created, 
where clusters from TSP form the subtasks. Each ant moves 
through the cluster and then selects the next cluster to move 
to. Connection cities between clusters are determined by lo-
cal greedy search. 

Model that joins heterogeneity and hierarchy was intro-
duced by Brown  et al.  [15]. They use three types of ants: 
queens, workers and zombies to solve clustering problem. A 
worker behaves as a traditional ant; it is restricted to a clus-
ter region and has a limited lifespan. It gives items that do 
not fall into that particular cluster to a queen. A queen main-
tains  the  cluster  and  communicates  with  other  queens.  A 
zombie is a worker that exceeded its lifespan and its task is 
to deliver items still in its possession. 

The existing approaches use heterogeneity or hierarchy to 
improve  performance or  solution  quality.  In  contrast  with 
these,  we propose a new method that exploits a heteroge-
neous ant group organized in a hierarchy to produce a single 
solution, i.e. each ant works on a solution component, how-

Fig. 1 Illustration of an ant searching for the shortest road. Numbers at 
the top denote the sequence of phases in the process. The third picture 

shows the final phase where the shortest road is found.
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ever, is unable to find a complete solution. This is assembled 
by combining all of these partial solutions.

III. HIERARCHICAL HETEROGENEOUS ANT COLONY 
OPTIMIZATION (HHACO)

In this paper we focus on a heuristic approach that tries to 
produce “good” solutions in  reasonable  time.  We explore 
the  possibility to  use  ACO for  the problem of  automated 
meal planning. However, this requires some adaption to the 
original concept where all ants are identical and the random-
ness is the force which helps to produce diverse solutions. In 
meal  plan  the solution  can  be  divided  into various  levels 
with different conditions to be fulfilled. This requires greater 
cooperation from the ants than before because one ant can 
no longer create the required single solution. For this pur-
pose a group of heterogeneous ants, where each ant has its 
own plan, is needed. The plan in this context consists of a 
set of constraints for recommended nutrition intake or con-
straints concerning some other diet recommendations. To il-
lustrate  it  on  the  specific  problem,  see  Fig.  2.  We use  a 
group of ants instead of a single ant for the whole task as 
each meal is a separate object with its own constraints and 
being searched for  in its  own search space.  It  seems only 
logical to assign a task of meal creation to one ant.

Each  solution component  is  searched  for  by a different 
agent. At the bottom level there are ants working in a similar 
way as originally introduced in .  However,  the process of 
their work was modified due to the specificity of our prob-
lem and will be discussed later. Their progress is monitored 
by an agent we call ant manager from the upper level. The 
top level node represents the desired complete solution and 
an agent called top ant manager is in control. We call this 
model Hierarchical Heterogeneous Ant Colony Optimization 
(HHACO).

A. Ant Colony Optimization for meal plan creation

The  proposed  model  in  [5] was  designed  as  a  multi-
objective  model.  The  objective  function  contained  three 

criteria:  personalization,  diversity  and  suitability.  We 
updated  the  model  so  now  there  are  these  two  criteria: 
personalization,  diversity  and  dietician  recommendations. 
Suitability is  included  in the admissibility constraint  now. 
Let I be the set of food items and J be the set of meals in a 
day.  We  show  only  the  definition  of  personalization 
criterion in the view of our experiments (1):

P=∑
i∈I

∑
j∈J

p
i
∗Y

ij (1)

The constant pi expresses the patient’s attitude towards the 
food component. 

If  pi > 0,  i ∈  I,  attitude towards  ith food component is 
positive

If  pi = 0,  i ∈  I,  attitude towards  ith food component is 
neutral

If  pi < 0,  i ∈  I,  attitude towards  ith food component is 
negative

Bivalent variable Yij is defined:
If Yij = 1, i ∈  I, j ∈  J, then then ith food item is used for 

a meal j
 If Yij = 0, i ∈  I, j ∈  J, then then ith food item is not used 

for a meal j
We want to maximize this criterion (1). 
ACO requires graph-based structure where ants construct 

the solution. In vehicle problems or TSP it is a graph repre-
senting  the  transport  network,  i.e.  neighboring  nodes  are 
connected, in assignment problem it is a graph constructed 
from admissible combination of  objects.  What  similar can 
we use in a meal plan problem? The model contains admis-
sibility constraint (2). Combination of food items assigned to 
a  particular  meal  must  be  admissible.  Firstly,  let  us 
define aik:

if  aik  = 1,  i, k ∈  I, then ith food item can be combined 
with kth food item

   aik = 0, i, k∈  I, then ith food item can be combined with 
kth food item

Fig. 2 HHACO for meal plan optimization problem
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We can put food items together only if there is no pair 
among them that cannot be put together. 

∑
i∈I

∑
k∈I

aik∗Y ij∗Y kj≥(∑i∈I

Y ij)
2
,∀ j∈J (2)

This constraint is to ensure that the combined food items 
do not cause any health problems to a patient and also form 
intelligently a meal that would be designed by a human. Al-
though the constraint considers food items, we can apply it 
to food groups (meat, fruits, vegetables…), e.g. admissibility 
of milk and pastry will be the same for any two food items 
that belong to any of these groups. We can create a graph 
based on these combinations. The edges between nodes are 
symmetrical, i.e. if milk can be combined with pastry; it ap-
plies the other way around. In conclusion, in this graph we 
have nodes representing food groups and edges connecting 
these nodes based on admissibility of these groups. 

During the day we determined 3 different types of meals 
that are typical for Slovakia. We consider 3 main courses: 
breakfast, lunch, dinner. Then we have box meals, one be-
tween breakfast  (box meal 1)  and lunch and one between 
lunch and dinner (box meal 2). Finally there is a light second 
dinner. Table I displays the classification.

TABLE I 

ASSIGNMENT OF MEALS TO MEAL TYPES

Meal type Meal

Light (snack, fruits, nuts...) box meal 1, second dinner

Medium (pastry, hams, 
vegetables...)

breakfast, box meal 2

Heavy (cooked meals, soups...) lunch, dinner*

*Dinner can be also of Medium type

For each meal type we have different set of suitable food 
groups as the examples by meal types imply therefore we 
create a particular graph for each meal type. We can call it a 
food group graph. In this approach there exist heterogeneous 
ants with their specific plans in food group graphs assigned 
to them based on the meal type of the meal they try to create.

To successfully construct a meal plan we need to deter-
mine  food  items  and  amounts for  each  meal  of  a  day. 
Therefore we assign a list of food items to each node of a 
food group graph so when an ant visits a node it may choose 
a food item from it. We divide the admissible amount range 
for every food item into several intervals. Thus we make ad-
missible  amount  range  discrete  and  generate  food  item 
amount  from  these  intervals.  We  define  3  types  of  the 
pheromone trails: for every combination of food groups, for 
each food item and for each food amount. At the beginning 
they are  all  set  to  the constant  value  – “0”.  As ants  visit 
nodes (food groups) and they choose food items from food 
groups for meal plans and determine the amounts, these val-
ues increase. To place ants randomly in the particular graph, 
we determine a set of “starters” food groups for every meal 
type. For instance, at breakfast this set consists of breakfast 
cereals and pastry. Food items from this food groups cannot 
be removed from a meal list, once added. By visiting other 
nodes some food items are added to the chosen starter food 
item.

To keep the track of visited nodes and chosen food items 
we use pheromone updating rule. In ACO pheromone is de-
noted usually as τ . 

Update rule for edge pheromone τ ij

e

 
(3):

(3)

The first applies for the edge from node i to j used by an 

ant at time t and the second applies otherwise. Δed denotes 

the pheromone value change. It is set to a constant.

We define update rule for food items pheromones τ
j

f in 

a similar way (4):

(4)

The first applies for the food item chose by an ant at time 

t and the second applies otherwise. Δ ft denotes the phero-

mone value change. It is set to a constant.
Then we define pheromone updating rule also for inter-

vals (5):

(5)

The first applies for the food item interval chosen by an 

ant  at  time  t,  the  second  otherwise. Δint denotes  the 

pheromone value change. It is set to a constant.
The probability that the k-th ant goes from node i to j in 

time t, state transition rule, is defined by this formula (6).

p
ij
k ( t )=

[ τ
ij
( t ) ]α

∑
k∈allowed

k

[ τ ik ( t ) ]α
[ηij ]

β

 if j ∈ allowedk

(6) 

p
ij

k ( t ) = 0 otherwise

where  τ ij ( t ) is the pheromone amount laid on a trail be-

tween nodes i and j;. ηij is a heuristic information constant 

throughout the process that can speed up the search process. 

For this problem we define ηij as follows (7):

η
ij
=1+

p( j)+h( j )+s( j )
3

(7)

where  p(j) is a constant expressing patient’s preference to-
ward the food item j, positive value of h(j) expresses that the 
food item  j  was absent in meal plan for longer time. Con-
stant  s(j) expresses recommendations of foods for the spe-
cific individual made by his dietician. These three constants 
can be in range <-1, 1>, so using this formula we ensure that 

ηij is in the range <0, 1>. Allowedk is a set of nodes where 
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an  ant  is  allowed  to  go  based  on  the  admissibility  con-
straint (2).

After choosing the next node to visit,  an ant can add a 
food  item  from  that  group  based  on  the  food  item 
pheromone value. Finally, it will choose a food item interval 
based  on  the  food  item  interval  pheromone  value  from 
which the exact amount is generated using the uniform prob-
ability. Then pheromone update rules are applied. 

The whole algorithm is defined next in Algorithm 1.

Algorithm 1 Hierarchical Heterogeneous Ant Colony Optimization

1:

2:

3:

4:

5:

6:

7:

8:

9:

10

11:

12:

13:

14:

15:

16:

17:

18:

19:

20:

21:

22:

23:

24:

25:

26:

27:

28:

29:

30:

31:

32:

{Initialize}

Create graphs for each type of meals;

Model parameters initialization;

{Run}

For I = 1 to Ant_Manager_Count do

    Create an ant manager with its plan and group of managed 
ants;

End for;

Foreach ant in each ant manager’s group

    Place an ant in a starting position in the graph for its meal;

End foreach;

Foreach ant manager in ant manager list do 

Loop

Foreach ant in ant manager’s group

If the ant has not fulfilled its plan or (not End_Condition) then

  Ant moves to another node based on the transition rule;

  Ant remembers the transition;

  If Ant has not visited a node and the transition is admissible 
then

Ant adds food item from transition;

    Ant checks its meal plan;

    If plan not held then

    Ant applies removal;

    End if

  Else

Ant applies modification;

  End if 

  Ant updates its position in the graph;

  Ant updates pheromone values;

End if;

End foreach;

Until all ant managers have feasible partial solutions or 
End_Condition; 

End foreach;

The other difference from the classic adaptation of ACO 
for  TSP is that  ants creating meal plans can return to the 
nodes once visited. In such a situation an ant uses Mutation 
for the already chosen food item and does not add new ones. 
To prevent cycling it keeps number of backward moves and 
stops the moving if that number equals the predefined con-
stant. Also the moving is stopped if admission constraints 
prohibit it to visit any of neighbor nodes.

In the algorithm above there are two unexplained modifi-
cations of the existing solution. The first is called Modifica-
tion and the second is Removal. Their purpose is to allow 
amount modification.

Modification (line 24 in Algorithm 1) is applied to modify 
the amount of a food item. It can be of two types:

• Decreasing – the amount is decreased

• Changing – the amount can increase or decrease

Modification algorithm is shown in Algorithm 2.  τ
ij

old

denotes the pheromone value for the interval before Modifi-

cation, τ
ij
new  denotes the pheromone value for the interval 

after Modification, Δ1 and Δ2 are constant values.

Operation  Removal (line  21 in  Algorithm 1) is  applied 
when the existing solution’s constraints are exceeded, for in-
stance energy intake is higher than recommended. Because 
the  ACO  algorithm  is  constructive,  i.e.  the  more  visited 
nodes, the more food items added to the solution, we have to 
check for the constraints. There has to be mechanism for re-
moving elements (food items) from the solution. Algorithm 
Removal is shown in Algorithm 3.

Algorithm 3 Removal of food item from the solution

1:

2:

3:

4:

5:

6:

7:

8:

9:

10:

Do

    Ant applies decreasing mutation to the food item added 
lastly;

    If constraints are held then

       Return;

    End if;

    If food item’s quantity is at minimum value then

        Remove food item from solution;

        Update pheromone values;

    End if;

While constraints are broken;

IV. EXPERIMENTS

We used a food database developed by United States De-
partment  of  Agriculture  [17].  This  database  contains  over 
6,500 food items and presents a suitable data repository for 
our purpose. As a test case we refer to a bulletin issued by 
Ministry of Health in Slovakia [18]. The experiments were 
executed on the Intel Core 2 CPU, 2.1 GHz and 3 GB RAM. 
We consulted  some model  parameters  with a professional 
from National institution of Endocrinology and Diabetes in 
Ľubochňa, Slovakia.

Algorithm 2 Modification of food item in the solution

1:

2:

3:

4:

5:

6:

7:

8:

9:

An ant changes the food item amount;

If the new amount is in different interval than the old amount 
then

             
;)()1( 1∆+=+ tt new

ij

new

ij ττ

              If pheromone update value > Δ2 then

                           2)()1( ∆−=+ tt old

ij

old

ij ττ

              Else

                        τ
ij
old ( t +1)=0 ;   

             End if;

End if;
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A. Test case 1

We choose  nutrition  requirements  data  from [18]  for  a 
grown-up man in the age of 35–59 years independent of the 
physical activity. He prefers cheese, chicken, beans and dis-
likes  fish  and  sweets.  Table  II  shows  these  requirements 
along with the obtained experimental results – mean values 
with standard deviation. 

TABLE II 

COMPARISON OF DAILY RECOMMENDED NUTRITION REQUIREMENTS 

AND OBTAINED RESULTS IN TEST CASE 1

Test case 1

Recommended daily 
nutrition intake

Obtained 
nutrition values

Energy [kJ] 11000 – 14500 11636.08± 
502.56

Proteins [g] 64 - 72 67.37± 3.06

Carbohydrates [g] 424 - 581 453.98± 29.73

Fats [g] 75 - 95 82.08 ± 6.16

Personalization 
criterion

0.55 ± 0.588

Time[s] 9.7 ± 1.5

We see that using our approach we were able to generate 
meal plans that hold nutrition constraints and provide certain 
measure of  personalization very quickly.  As we created  a 
plan for one day, we did not consider a diversity criterion 
that expresses menus from the historic viewpoint nor dietary 
recommendations. For that reason its value is always equal 
to “0”.

B. Test case 2

Test case 2 represents a scenario for teenage girls, aged 
15 – 18. It is questionable whether we should provide meal 
plans for this user group; however, its stricter nutrition re-
quirements provide a greater challenge compared to the Test 
case 1. She prefers cheese, chicken, beans and dislikes fish 
and sweets. Table III shows these requirements and the ob-
tained results  – mean values  with standard  deviation.  The 
computation time has significantly increased and mean value 
of personalization criterion is not that high compared to the 
results from Test case 1, however it has still positive value. 
In some marginal cases nutrition constraints are not held.

TABLE III 

COMPARISON OF RECOMMENDED NUTRITION REQUIREMENTS AND 

OBTAINED RESULTS IN TEST CASE 2

Test case 2

Recommended 
daily nutrition 
intake

Obtained 
nutrition values

Energy [kJ] 9600 - 11500 10050.93± 382.01

Proteins [g] 50- 55 53.17 ± 2.97

Carbohydrates [g] 378 - 453 398.47± 21.80

Fats [g] 65 - 80 70.01 ± 5.66

Personalization 
criterion

0.28 ± 0.623

Time[s] 73.1 ± 633.7

V. DISCUSSION

Firstly, let us note that in this paper we wanted to show 
that using our model we were able to create automatically 
meal plans tailored to the specific individuals. Experimental 
results look promising; however, there is still a great space 
for improvement in terms of the computation time or the so-
lution quality. We realize many possibilities in experimental 
work,  e.g.  different  pheromone updating rules  in different 
situations or environments (food group graphs), a method to 
improve solution once the ants are finished, etc. It could be 
interesting to explore how the managing ant can direct the 
whole group towards good solutions, i.e. organizational in-
fluence on ants. 

A difficulty  that  we encountered  after  experiments  was 
how to compare our results to the existing approaches so we 
can state whether we improved the current situation or not. 
Meal plan evaluation is challenging. We reviewed methods 
assembled in [19] for  this information and found out that 
some state only qualitative information (“Results of the sim-
ulation were satisfactory” in [20], “the feedback received on 
diet plan and diet menu generated by the system is accept-
able” in [21]), other provide quantitative information but in 
the  form of  model  parameters  or  sample menus  [22.  23]. 
Aberg in [24] offered questionnaire to a test group and eval-
uates the quality of provided menus, which is one possible 
way we can go. Another possibility is to consult meal plans 
with a dietitian for  professional evaluation.  However,  it  is 
still up to a patient if (s)he accepts them.

In the future we would like to do the research about meal 
plans for several days. In that case we are going to propose 
the rule for updating coefficients related to the diversity cri-
terion. This will also require us to extend the current ant hi-
erarchy to capture  broader  time span,  i.e.  weeks,  months, 
etc.

VI. CONCLUSION

In this paper we introduced a novel method based on a 
known metaheuristics, Ant Colony Optimization. Our con-
tribution to this field is the extension of the traditional model 
by hierarchy and heterogeneity in a specific way. There exist 
heterogeneous ants in a hierarchy working in heterogeneous 
search spaces. Such model organization offers new research 
possibilities, mainly how such heterogeneous group can be 
managed in the efficient way. The model was applied in the 
area of nutrition and meal plans. We showed on experiments 
results that using our method we were able to automate such 
plans.
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