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Abstract 
 

The world’s demand for sugar and particularly for 
renewable fuels such as ethanol requires an increase 
in production in sugar mills. The use of artificial 
neural networks (ANN) posed as a predictive core 
associated with the algorithm NSGA-II aims at helping 
decision makers to optimize the multi-objective harvest 
problem. This paper presents two approaches and the 
good results achieved as compared with other 
classical techniques.  
 
 
1. Introduction 
 

Global warming is producing some crucial changes 
in the world, not only in the climate but in the 
prospects for our future lives. These changes are 
bringing about behavioral, social and economics 
transformations. 

Renewable fuels are one step in the direction of 
decreasing global warming. The resources that remain 
in the Earth are preserved, but still produce the fuel our 
economy needs. Recently, the USA has approved the 
increased use of ethanol that must be mixed with 
gasoline. Ethanol, a renewable fuel, reduces pollution 
and greenhouse gas emissions, does not pollute ground 
water, is cheaper than gasoline and supports local 
farmers because it is made principally from corn and 
sugar cane [1]. In this scenario, with the worldwide 
increasing demand, production and productivity need 
to be improved. 

Brazil, the largest producer of sugarcane in the 
world, produced 420,121,000 tons in 2005 at sugar 
cane costs of approximately 20.77 Int$1/ton [2]. 
Therefore, a minimal increase in production represents 
millions of Int$ profit (1% increase, means Int$ 87M). 
                                                           
1 Int$ have been calculated based on 1999-2001 international prices. 

There are a multitude of factors and activities that 
affect the production of a sugar cane factory. The 
harvest, for instance, is a factor that greatly influences 
productivity at the same time it is very difficult to 
manage. Every day, the harvest manager has to choose 
a subset between hundreds of lots to be harvested 
following the constraint of milling capacity, during the 
harvest period – usually six months. He often takes his 
decisions empirically because the lack, scarceness or 
uncorrelated existing data [3]. 

A previous work [4] applied an artificial neural 
network (ANN) correlating the available data to 
predict three important productivity indicators:  

• TCH – measure the sugarcane tonnage per 
hectare – hence, it is a production indicator; 

• PCC – measure the apparent percentage of sugar 
in the cane juice. Thus, it indicates quality (of 
sugar and ethanol); 

• Fiber – measure the calorific power in the dry, 
fibrous residue remaining after the extraction of 
juice from the crushed sugarcane stalks. Good 
fiber indicator makes possible a sugar mill be 
more self-sufficient regarding its steam and 
burned electricity production. Fiber is also a 
source of secondary products such as: animal 
feed and raw material for paper manufacture.  

By having a prior knowledge of future values of 
these three indicators, the decision maker could be 
much more precise in his decisions. However, as 
mentioned above, this particular kind of forecasting is 
already tackled and reasonably addressed in the 
literature [3][4][6][7]. 

On the other hand the decision maker faces a multi-
objective problem, namely discovering the 
combination of lots that maximizes the production of 
PCC and Fiber constrained to a minimal tonnage that 
guarantees energy power for the sugar mill to operate 
without interruption. This is a combinatorial hard 
problem [5]. 



Pacheco et al. [6] refined the indicator predictions 
and then applied linear decision models to support 
managers, suggesting which lots should be harvested 
[3]. Oliveira et al. [7] used genetic algorithm to achieve 
better decisions in this problem. 

The present work used ANN to predict the three 
production indicators TCH, PCC and Fiber. It also 
applied evolutionary multi-objective optimization 
(EMOO), particularly, the fast non-dominated sorting 
genetic algorithm (NSGA-II) to obtain a fair decision, 
regarding the harvest. Experimental results 
demonstrate the efficiency of the applied method as 
compared to classical ones. 
 
2. Background 
 
2.1. Artificial Neural Networks 
 

Artificial neural networks are an intelligent 
technique inspired by the human brain [8]. They try to 
emulate how brains process information to perform 
intelligent operation such as pattern recognition, 
classifications and regressions. ANNs have been 
successfully applied in diverse areas like agriculture, 
medicine, chemistry and economy, among others. 

 
2.2. Evolutionary Computation 
 

Evolutionary computation is a set of techniques 
inspired by Darwin’s theory of evolution. Genetic 
Algorithms (GA), Evolution Strategies (ES), 
Evolutionary Programming (EP) and Genetic 
Programming (GP) are the main techniques. The 
concepts of natural selection, i.e. preservation of the 
fittest individual and inheritance of characteristics 
through generations are easily transposed to the 
resolution of search and optimization problems [9]. 
Amongst these algorithms GA is the most widely used 
and has been constantly tested in several kinds of 
application with success; this work also uses GA.  

 
2.3. Multi-Objective Optimization 
 

Real (decision) problems usually deal with multiple 
objectives (criteria). These purposes are often in 
disagreement with each other.  

A multi-objective optimization problem (MOOP) 
itself ideally has two goals: to find solutions as close as 
possible to the Pareto-optimal front and to obtain these 
solutions well spread over this front. Both goals aim at 
representing, as clearly as possible, the trade-off 
between decision objectives [10]. 

It is a long time since the first technique was 
developed to solve MOOP. However, these initial 
conventional methods, referred to here as classical, 
functioned by converting a MOOP into a single-
objective optimization. This has many implications 
that will not be discussed here [10]. 

 
2.3.1. Classical Techniques. There are two main 
families in MOOP methods. The elementary approach 
is simple and naive, but, depending on the problem, 
can obtain satisfactory results. The best known 
methods are Pros-Cons Analysis, Maximin & Maximax 
Methods, Conjunctive and Disjunctive Methods, and 
Lexicographic Method [11]. 

The first family is based on Multi-Attribute Utility 
Theory (MAUT) and aims to aggregate different 
objectives into a single function that has to be 
maximized. The main methods in this family are 
MAUT Additive Linear, SMART, Generalized Means 
and AHP [12]. 

The second family represents the Outranking 
methods which follow the concept of outranking 
proposed by Roy (1968). The basic idea is to create 
subsets according to this outranking as small as 
possible. The most representative methods are in two 
families ELECTRE and PROMETHEE [13]. 

 
2.3.2. Multi-Objective Evolutionary Algorithms. In 
general we can classify multi-objective evolutionary 
algorithms (MOEA) in two classes: the algorithms that 
include ranking based on Pareto dominance and the 
algorithms that do not. Historically, this classification 
is preceded by two different generations, where the 
first does not introduce the concept of elitism. As 
members of first generation we have VEGA, MOGA, 
NSGA and NPGA [14], where the second one is 
represented by SPEA, PAES and  NSGA-II [15]. 

 
3. Modeling the Problem  
 
3.1. System overview 
 

In this paper, we applied ANN, followed by the 
NSGA-II algorithm to the sugarcane harvest problem. 
Figure 1 shows how the system is conceived. The three 
modules that comprise the system are detailed below: 

• Predictive module: it consists of a Multi-Layer 
Perceptron (MLP) [8] trained with real data from 
a sugar mill in Brazil. Its function is to predict 
the three productivity indicators (TCH, PCC, 
Fiber); 

• MO module: this module is responsible for 
achieving a multi-objective optimal solution set 



that balances trade-offs between maximization of 
PCC production and Fiber production; in it we 
have implemented the algorithm NSGA-II; 

• Decisor module: this is where decisions actually 
happen by application of a heuristic. The one 
implemented suggests that (i) PCC production 
should be preferred in detriment of Fiber 
production; (ii) the tonnage production must not 
be less than 0.5% or greater than 5% of the 
desired minimal tonnage. This difference in 
boundaries is because it is very expensive if the 
factory stops without energy that could be 
originated from sugarcane bagasse. 

 

 
Figure 1. Schematic view of a fair managerial 

decision system for sugar cane harvest 

The system starts by receiving input such as: initial 
harvest date, desired minimal tonnage and GA 
population size. The date is conveyed to the predictive 
module that generates the predicted indicators for the 
multi-objective module. 

Next, the NSGA-II algorithm of the MO module 
utilizes the minimal tonnage in fitness calculation. It 
produces a set of optimal solutions of same size as the 
population size. This set is then forward to the decisor 
module, which carries out the heuristic that selects 
only one solution for the harvest. 

If there are any remaining lots, the process 
continues – through new harvest dates generation and 
until all lots be yielded. Finally, when the harvest is 
finished, the manager has predicted values which 
correspond to PCC and Fiber production for all harvest 
year. 

 
3.2. Representation of Individuals 
 

The individuals used in NSGA-II represent the 
available lots (i.e. not harvested) in the fields. It uses a 
bit stream representation, where 0 indicates not 
harvest, while 1 means the opposite. Figure 2 
illustrates an individual when there are 40 available 
lots and the system suggested 15 to be harvested. 

 

 
 
 
 
 
At each interaction a new mapping is implemented 

between the indices of individuals and the identifiers 
of the lots. This allows all lots to be harvest at one 
time. It is important to notice that until the end of the 
gathering of the production is not reached and new 
harvest dates are provided, the selected lots will be 
harvested. Consequently, the number of lots available 
decrease so does the individual size (of the GA).  
 
3.3. GA Initial Population 
 

Individuals are randomly generated according to the 
quantity of available lots in the field. Each bit in the 
genotype has a 50% likelihood of being activated. 

 
3.4. Multi-Objective Definition 
 

As previously mentioned a NSGA-II individual 
represents the whole harvest. It is evaluated by its PCC 
and Fiber indicators. Each candidate harvest is defined 
by a combination of which lots are to be cropped. A lot 
has many attributes; some of them were also used to 
configure the MLP to predict the indicators that are 
used in MOO such as PCC, TCH and Fiber. Other 
useful attributes in this phase are: area (in hectare) and 
the lot identification code. The derived lot variables 
are calculated as demonstrated in (1), (2) and (3). 

areaTCHtonnage ∗=  
tonnagePCCleasedpcc ∗=Re  
tonnageFiberleasedfiber ∗=Re  

Two approaches (A and B) were conceived using 
NSGA-II; the main difference between them is how 
the constraints are incorporated into the algorithm. 
Both use harvest variables of equations (6), (4), (5), (7) 
and (8). In all of them x  is the bit relative to the index 
i of the individual (ind). Table 1 has formulas 
descriptions. 

 

Table 1. Formula definitions  

Formula Description 
α  Difference between produced and 

desired tonnage. 
β  Number of lots chosen to be harvested. 
χ  Total tonnage production. 
δ  Total PCC production. 
ε  Total Fiber production. 

Genes of an individual (i.e. available lots) 
 

1001001000 1110000010 1000110001 0010101001 
Figure 2. Individual representation of a 

suggestion of 15 lots in 40 available ones 

(1) 
(2) 
(3) 



φ  Penalty level. 
ϕ  Penalty function. 

ω  First fitness function (regarding PCC 
production). 

ξ  Second fitness function (regarding Fiber 
production). 

ψ  Third fitness function (actually, penalty 
function converted into an objective). 
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• Approach A – considers only two objectives: 

maximize PCC production and maximize Fiber 
production. The constraint is absorbed by using a 
penalty function in fitness calculation. The 
penalty index is demonstrated in (9) and (10). The 
two fitness functions are calculated in (11) for 
PCC production and in (12) for Fiber production; 
these fitnesses used this dual concept, therefore 
NSGA-II here carries out two minimizations. 
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• Approach B – considers the constraint as another 

objective (in addition to PCC and Fiber). The 
optimization here should be performed with three 
objectives. That is maximization of PCC 
production and Fiber production, and 
minimization of the difference between desired 
and harvested tonnage. For implementation 
purposes the dual concept was applied again and 
the optimization is in the direction of three 
minimizations. Equations (13), (14) and (15) 
formalize fitness calculations for PCC and Fiber 
production, and difference between produced and 
desired tonnage, respectively. 
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4. Experimental Setup 
 

Experiments were performed with a real data set 
obtained from a sugar factory in Brazil. The data 
correspond to information on 418 lots. The following 
hypothetical scenario was assumed: 

• All lots have to be harvested. The previous 
considered papers [3], [4], [6] and [7] evaluated 
only a single harvest day. On this work we are 
evaluating the entire production of a crop year; 

• A minimal desired tonnage, randomly selected, 
was fixated at 4000 tons for each prediction. This 
means that the factory needs this tonnage to 
continue working and cannot mill much more 
than that in the selected period. Therefore, when 
the heuristic is applied, the acceptable boundaries 
are from 3980 to 4200 tons. These values, 
correspond to less 0.5% and more 5% adopted by 
the utilized heuristic; 

• Only two predictions are performed per month, 
i.e. one for each fortnight; 

• The harvest must be finished (i.e. all lots yielded) 
at most in 12 interactions. This corresponds to a 
6 months harvest; 

• If, at the 12th interaction the limit of 4200 ton is 
achieved and there are still remaining lots to be 
cropped, they will all be harvested. 

 
4.1. Parameter Setting 
 

The parameters used in NSGA-II were 
experimentally chosen. In particular, a new stop 
criterion was used in parallel to the number of 
generations. It represents how many times the entire 
population is in the first Pareto-front. When this 
attribute assumed high values the experiments always 
finished with the maximum generation number. 
However, when this attribute assumes low values, as 
its value was decreasing, the simulations were stopped 
earlier and produced better results. 

Table 2 illustrates the best parameter setting found, 
according to the experiments. We also tested 
experimentally which crossover operator was most 
adaptable to this problem. After the one point and two 
point crossover had been tested, it was the uniform 
crossover that achieved the best results.  

(9)

(5) 

(7) 

(8) 

(4) 

(10)

(11)

(12)

(13)

(14)

(15)

(6) 



Table 2. Best parameter settings experimentally 
found 

Parameter Value 
Crossover rate 90% 
Mutation rate 5% 
Population size 100 
Number of generations 90 
Times all solutions in 
first Pareto-front 

1 

 
4.2. Results of Experiments 
 

NSGA-II was successfully applied in both 
approaches. In both situations the population reaches 
the Pareto-front. However, approach B obtains a better 
diversity than approach A. In addition, approach B has 
the best output values. Figure 3 and Figure 4 show the 
population convergences for approach A and B, 
respectively. Notice the two and three objectives used. 

 
Figure 3. Population convergence - Approach A 

 

 
Figure 4. Population convergence - Approach B 

The difference between the initial population and 
the final population is huge in both approaches. This 
indicates that the decision space is vast. It is clear that 
number of possible combinations is very high which 
adds to the complexity of the problem.  

Figure 5 and Figure 6 illustrates the surface created 
by the last generation in the Pareto-front for 
approaches, A and B, respectively.  

The results obtained are illustrated in next sub-
section on Table 3; they are the average of 10 
interactions. The standard deviation for all three 
outputs was less than 1%. 

 
Figure 5. Pareto-front surface for approach A 

 
Figure 6. Pareto-front surface for approach B 

 
4.3. Comparisons with Other Techniques 
 

In order to assess the efficiency of the proposed 
method and application, we compared the results 
obtained here with other methods using the same data 
and with the same hypothetical scenario. Table 3 
shows the production values obtained for tonnage, 
PCC and fiber for each of the distinct methods. 

As was expected, the evolutionary approaches A 
and B (i.e. 2 and 3 aims, respectively) performed better 
than the classical ones. Using the Lexicographic 



method the production was about 46 thousand 
tonnages while the approach B (NSGA-II) achieved 52 
thousand. It means a difference of more than 
Int$124,000. 

Table 3. Outputs production values produced by 
different methods 

Production 
Technique 

Tonnage PCC Fiber 
NSGA-II  
(3 aims) 52644.65 778419.15 740252.40 

NSGA-II  
(2 aims) 51337.62 756915.75 727215.22 

AHP 47520.80 701325.18 701280.50 
MAUT 47395.93 700453.01 700079.16 

Lexicographic 46642.91 692220.13 690656.33 
 
Figure 7 shows how much better is the best 

technique – NSGA-II using 3 aims (i.e. targets) – 
compared to the others tested. This figure shows the 
best method as 1.00 representing 100% satisfaction of 
constraint and other methods proportionally displayed. 

 
Figure 7. A relative comparison between tonnage 

production using different methods 
 

5. Conclusions 
 

Nowadays decisions on the harvest are mostly made 
empirically. The adoption of intelligent techniques 
tailored to help decision makers on these tasks can 
increase crop production. This work has shown that the 
application of evolutionary algorithms within a multi-
objective formulation can be even more beneficial to 
the decision process.  

NSGA-II as was modeled can aggregate much 
property and fairness to the manager decision. The 
evaluation considering all the harvest of the entire set 
of lots represented an actual contribution to this 
problem while previously this potential was stood up. 

Approach B, which considers the problem 
constraint as another goal was found to be a good 
avenue of thinking. Since the attribution of a penalty 
function may cause the same problems faced by MO 

classical method. That is, the use of high level 
information prematurely (by defining the penalty 
function) does not allow measure the impacts of these 
decisions. 

As for future works we suggest modeling the 
sugarcane harvest considering not only agronomical 
factors but also, logistic ones. This would make this 
application even more realistic and more necessary as 
the decision dimensions will go up. We propose to use 
Fuzzy Logic to soften the thresholds used. Finally, we 
suggest further investigations on transforming penalty 
functions into objectives. New stop criteria may also 
be valuable. 
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