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Abstract: Conventional redesign methodologies applied on the grain harvester headers for the
mechanical harvesting of chickpeas cause its progress to not be as rapid and technological. This paper
presents a hybrid modeling-optimization methodology to design harvester reels for efficient chickpea
harvesting. The five fabricated headers were tested in both real and virtual modeling environments to
optimize the operational parameters of the reel for minimum losses. Harvesting losses data gathered
from chickpea fields over ten years of trials were fed into a fuzzy logic model, which in turn was
merged with simulated annealing to develop a simulator. To this end, simulated annealing was used
to produce combinations of reel diameter and number of bats, to be fed into the fuzzy model until
achieving a minimum harvesting loss. The proposed model predicts the reel structure measured
in-field evaluation, which fits well with the previously established mathematical model. A significant
improvement in harvesting performance, 71% pod harvesting, validates the benefits of the proposed
fuzzy-simulated annealing approach to optimize the design of grain harvester headers.

Keywords: harvesting losses; fuzzy modeling; grain combine harvester; optimization; simulated
annealing

1. Introduction

Agricultural robots, autonomous field modules, and digitalized equipment have
taken over conventional harvesting methodology. Crops are harvested mechanically or
automatically with high efficiency. However, there are other crops, such as some legumes
in which progress is not as rapid and technological. This fact leads to low investment in the
development of machinery for its handling, and therefore, there are unresolved problems.
Labor shortage, the migration of youth people to large cities, the decline in the number
of professional farmers due to aging or low incomes are extreme difficulties for planting
pulses in rural areas.

Chickpea (Cicer arietinum L.) is one of the legumes with over 14 million tons of world
production, and with special importance in dry or semi-dry lands in countries such as India,
Turkey, Pakistan, Myanmar or Iran [1]. Chickpea production improves the fertility of the
farm’s agro-system [2], fixes atmospheric N through symbiosis with bacteria in nodules of
the root system [3] to conserve soil and water, and helps economically vulnerable farmers.
Weed infestation, pods near the ground, low height of the plant, and uneven ripening are
difficulties for efficient harvesting of rain-fed chickpeas [4]. These crudities in conjunction
with the inappropriate design of conventional grain headers for mechanical harvesting of
chickpeas cause high shattering losses and manually harvesting of the crop by the laborers
in some developing countries.

Time-consuming and costly conventional design methodologies based on develop-
ments and trials in conjunction with a short harvesting period represent critical difficulties
for redesigning concepts and reaching optimal solutions of special crop harvesters. During
the last few decades, some models have been developed to predict the harvesting losses
with good accuracy based on machine operational parameters [5–9]. However, these mod-
els, because of low knowledge and field data, would not be useful to redesign chickpea
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harvester reels. On the other hand, mathematical models or statistical analysis would not
predict the next design and generation. Fuzzy modeling is a black-box-type framework for
modeling and identification of nonlinear systems and mechanisms. Fuzzy modeling tech-
niques have proven useful for predicting inefficiencies in agricultural machinery [10–12]
and identifying the most relevant parameters in optimization [13,14].

The computer-aided design approach merged mathematical algorithms and compu-
tational models to study complex system behaviors [15–17]. New strategies have been
introduced where field data and simulation models are synergistically combined, an over-
all framework referred to as model-based system testing [18,19]. In 2017, Golpira and
Golpira [20] merged conventional design methodologies with metaheuristic modeling com-
bining genetic algorithms with fuzzy logic to develop a hybrid computational algorithm
that predicted the optimal sizing of a grain harvester platform. The main drawback found
in this work, however, stemmed from the fact that a succession of platforms was fabricated
according to the design output by a single optimization methodology, whose simplicity
could not model such a complex operation as chickpea retrieval. In this sense, other types
of approaches could complement fuzzy logic such as simulated annealing (SA) which is an
optimization technique that can statistically guarantee the finding of an optimal solution
to an engineering problem [21,22]. SA finds the optimal solutions using point-by-point
interactions rather than a generic search over a population of individuals [23]. SA is an
effective optimization methodology for problems with an unclear mathematical model.
SA is based on random evaluations of the cost function [24], allowing transitions out of
local minima.

The main aim of this study is to develop a computer-based model for the optimization
of chickpea harvester reels. It is intended to merge fuzzy modeling and SA with the use
of extensive field data from five prototype chickpea harvesters to develop a data-driven
model for the static design of the reel structure. The fuzzy SA model was used to adjust the
reel diameter and the number of bats on which the harvester losses are minimized.

2. Materials and Methods
2.1. Chickpea Harvester Reels and Harvesting Test

From 2008 to 2017, 5 different configurations of the reel were iteratively designed
and modified to reduce harvesting losses. Figure 1 provides a schematic drawing of the
main parts of a reel, specifying the location of the bats and the reel diameter. The main
components of this harvester are: a transversely elongated frame fixed to a platform;
protruding fingers extending forwardly on the platform; a reel driving system; a belt drive;
and two front wheels pivoted to the frame.

Table 1 shows the combination of three types of transmission systems, five reels
types, and three attachment systems fabricated for five prototype chickpea harvesters
with the harvesting losses associated with each one. Model 1 had a stripper header in
which a platform with forward-opening fingers produced a mechanism to strip the plants
by moving them through V-shaped slots. The fixed-bat reel swept the pods across the
platform and pushed the top of the chickpeas over the header. A chain and sprocket
system produced different reel speeds, ranging from 30 rpm to 110 rpm [25]. Model
2 experienced a considerable redesign of functional parameters [26]. The vertically
adjustable platform, with 1.4 m working width and 27 V-shaped slots, was carried in front
of the machine, and it was transversely elongated relative to the direction of travel. The
supporting platform was made with beams 6 mm thick and 700 mm wide. A derailleur
sprocket system provided power for the ground-driven reel and operated new pneumatic
conveyors. In Model 3 some adjustments were made to the power system, the number,
and the diameter of the blades [27]. In Model 4, a few more parameters were adjusted
over the previous model, performed different reel speeds and kinematic indices provided
by a variable transmission system, in which a gearbox coupled to a pulley and a belt
transferred the power take-off of a tractor to the axis of the reel. Finally, Model 5 was
slightly modified having the actual prototype that reduced the total losses from 47% in
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2009 to 29% in 2017 and had a field capacity of 0.42 ha/h considering a forward speed of
3 km/h and a 1.4 m working width.
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Figure 1. Schematic drawing of the main parts that comprise the proposed bat-type reel (up) and the
chickpea harvester, Model 2017 (down).

Table 1. Functional operators of the developed prototype chickpea harvesters and the field losses
performed in harvesting tests.

Parameter
Model (Year)

1 (2009) 2 (2013) 3 (2014) 4 (2015) 5 (2017)

Power transmission Chain Derailleur Gearbox Gearbox CVT gearbox
Chassis Tractor-pulled Mounted Mounted Semi-mounted Semi-mounted
Reel type Fixed bat Bat Bat Pickup Bat
Conveyor transmission Chain Pneumatic - - -
Collection system Bags Cyclone - Hopper Hopper
Weight (kg) 780 360 380 420 400
Number of bats 3 5 6 6 5
Diameter (m) 0.40 0.30 0.70 0.70 0.50
Losses (%) 47 39 38 35 29

All the design modifications in the different prototypes were taken based on the
results of various field trials. The field experiments were performed in three locations:
(1) the Dooshan farm of the University of Kurdistan; (2) the Sanandaj Agricultural Research
Center; and (3) the Saral farm of Kurdistan Agricultural Research Center from 2007 to 2017,
using common chickpea varieties Kabuli and Red desi and the typical field of chickpea. One
hectare of chickpeas was plowed and disk-harrowed. Plant and row spacings were 0.5 m
and 0.5 m, respectively. Weeds were removed manually by the laborer before evaluation.
Harvested pods were manually removed from the collection container by the laborer. The
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chickpea harvester was tested at a fixed ground speed of 3 km h−1. The platform was
adjusted at 5 cm (above the ground) based on previous measurements of seed distribution
along with chickpea height. The reels were adjusted so that the bats passed approximately
5 cm above the fingers. Reels distance ahead of the teeth was fixed at 5 cm. The tilt angle
of the platform, or the angle that the platform made with the ground above a horizontal
transverse axis, was adjusted to 0 degrees. The length of test plots was 15 m and was laid
out in a factorial experiment based on a completely randomized design with 3 replications
and 6 treatments.

Before harvesting, pre-harvest losses were estimated by collecting the pods and seeds
lying on the ground from a sample area 1.0 m long × 1.0 m (2 rows) wide from each plot.
Samples were threshed, cleaned, and weighed to determine an average pre-harvest loss
for the entire plot area. Plant from this sample area, randomly located near the prototype
harvester entry point end of each plot, were also harvested manually and threshed to
determine harvestable yield for the plot area. Further, the major branches, pods per plant,
and location of all pods of 10 plants in this sample area were recorded. The moisture
content of the seeds was checked by oven drying at 105 ◦C for 72 h. Mean values of
different measurements were recorded for the crop properties. An additional sample area
measuring 0.6 m long × 1.5 m (3 rows) wide, was randomly located near the middle of the
plot, established within each plot to determine harvesting losses.

After harvesting, the pods and seeds in the sample area were collected, manually
threshed, and weighed to determine harvesting losses. Harvester loss was calculated by
subtracting the average pre-harvest loss from harvesting loss. Samples were threshed,
cleaned, and weighed to determine an average pre-harvest loss for the entire plot area.
Harvester loss was calculated as a percentage of harvestable yield by dividing seed loss by
hand harvest yield and multiplying the result by 100.

2.2. Modeling-Optimization Approach

The fuzzy model fed with harvesting losses data acquired in the evaluation of five
prototypes of chickpea harvesters in field tests carried out over 10 years, was merged with
SA to optimize the reel structure. Fuzzy modeling helps to quantify expert knowledge and
facilitates optimized design through SA. The SA optimization paradigm can be compared
to a physical process by which a material changes state while minimizing its energy. The
algorithm was used to simulate the annealing process by repeatedly reducing the value
of temperature until it reaches a heuristic solution [28]. SA exploits functions domain and
reaches an area where at least one global minimum is present. A general description of the
proposed optimization strategy can be explained by the following steps summarized in the
flowchart in Figure 2:

• Step 1: SA randomly defines state S1 = [X1, X2] and sets a primary temperature (T).
• Step 2: A neighbor state of S1, named S2, is defined according to the stochastic pre-

specified algorithm.
• Step 3: S1 and S2 are fed into fuzzy models to calculate Y1 and Y2, i.e., harvesting

losses.
• Step 4: Calculation of fitness values S1 and S2, i.e., E (Y1) and E (Y2).
• Step 5: if E(Y2) < E(Y1) then set S2 = S1, otherwise keep S1 as the optimum solution

with the probability of ∆E/T.
• Step 6: Decrease T and go to Step 2, noting that by decreasing T in several iterations,

the probability of ∆E/T converges to 1, leading to the optimum solution.
• Step 7: Continue iterating until the termination condition is met.
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Based on the estimation of losses from field experiments conducted over the years with
prototype Models 2009, 2013, 2014, 2015, and 2017 the fuzzy model for harvester Model
2021 was developed. Fuzzy modeling characterizes by fuzzification, generating of fuzzy
associative memory (FAM), defuzzification, and settles by validation to be appropriate for
optimization purposes. In rule-based fuzzy systems, the relationships between variables
are represented utilizing if–then rules. The output of a rule-based fuzzy model is computed
by specific algorithms such as the max–min [29] or relational composition [30]. Both the
antecedent and consequent are fuzzy prepositions in the linguistic fuzzy model. Linguistic
presentation in the form of rules and logic structure provides a transparent representation
of a system. Qualitative relationship between input and output is expressed by fuzzy rules.
Finally, to obtain a crisp value the output of the fuzzy system should be defuzzified. The
number of inputs, number of fuzzy sets, and number of rules are important factors in
modeling a fuzzy set.

2.2.1. Fuzzification

A linguistic fuzzy model in which both the antecedent and the consequent propositions
are based on fuzzy logic was used for describing the key actuators of chickpea harvesters.
The fuzzy model developed in this research considers two input parameters: the reel
diameter (d) and the number of bats (n), and its main purpose is to minimize the harvesting
losses of the harvester. In addition, 59 field data of harvesting losses for reels configurations
were fed into the metaheuristic model.

2.2.2. Rules

The fuzzified inputs and outputs, named antecedent and consequent in the rule-based
system, are defined by membership functions (MFs). The two inputs of reel diameter and
number of bats were tied to the output of harvesting losses via 59 fuzzy rules. While the
fuzzification functions for the reel diameter and number of bats relied on a trapezoid shape,
the functions for losses followed a combination of trapezoid and triangular functions as
plotted in Figure 3. Fuzzification relies on the pre-specified losses levels, i.e., accepted,
marginally accepted, and rejected. Each input variable is varied in a defined range while
the others are considered constant. Any significant change in harvesting losses in response
to desired variable variation leads to the definition of an MF. For instance, for reel diameter
more than 80 cm, pod losses increase impact velocity which in turn increases pod losses
and reduces harvesting efficiency. Table 2 summarizes the designer knowledge based on
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which the MFs are defined. Desired zones are those whose behavior is accepted in field
experiments.
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Table 2. Membership function definition procedure for the optimization of the reel functional
operators.

Parameter Degree Criteria

Reel diameter
Low
High
Very high

High angular velocity of bats cause pod falling
Desired zone
The inappropriate ratio of reel diameter to plant height

Number of bats Low
High

Desired zone concerning kinematic index
Desired zone concerning crop properties

Harvesting losses
Accepted
Marginally
Rejected

Desired zone
A tradeoff between economic and losses
Lack of economic and performance merits

The field data incorporation with the defined MFs was employed to generate a set
of if–then rules, called FAM bank. FAM bank contained a set of linguistic relationships
between design variables and harvesting losses. If–then rules were enounced to compose
the rule-base of the fuzzy system. Data gathered from field evaluations in the form of
if–then rules were employed to develop a fuzzy model, as described in Figure 4. Each
reel was a redesigned version of the previous one, where its functional operators were
optimized for reducing losses. Two design parameters comprising the number of bats
and the reel diameter fed the fuzzy model to calculate harvesting losses. The result was a
fuzzy-based model that determines harvesting losses in a mapping function featuring three
levels: accepted, marginally accepted, and rejected. Computation of rules performed via
fuzzy conjunctions (Mamdani method).
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2.2.3. Defuzzification

While fuzzification converts crisp input data to fuzzy values, using membership
functions, defuzzification regenerates crisp values as the output of the model. The max–
min inference scheme based on the center of gravity was employed to defuzzify the output
values, providing a crisp output value of harvesting losses for crisp inputs of reel diameter
and number of bats. Mamdani inference method does not require any discretization and
thus can work with analytically defined MFs.

3. Results and Discussion

Figure 5 describes a non-concave surface for the relationship between shattering losses
and the input variables number of bats and reel diameter. The outcomes of the field tests for
evaluating the shattering losses in Model 2017 were applied for validating the fuzzy model.
The validation results for the developed model are shown in Figure 6, where the predicted
losses are plotted against the real losses with a coefficient of determination R2 = 0.72. This
plot reveals that the proposed model represents the reel to a sufficient level of accuracy.
Several works apply regression equations to estimate losses in machinery based on various
functional parameters such as cutting speed, spacing, length, etc. [31–33]. However, in less
linear optimization problems, as in the one posed in this paper, fuzzy logic models address
the problem with greater flexibility and efficiency [34,35].
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20-point validation set.

While agricultural research often deals with fuzzy logic with control of the functional
operators of the grain combine harvesters [36–38], in the proposed data-driven simulator
fuzzy modeling was applied for machine design and optimization. The extraction of the
membership function to the outputs shows harvesting performance to be 71%, and for that
minimum value, the best configuration is four bats with a 70 cm reel diameter. Although
the harvesting losses of 29% were previously reported for harvesting of irrigated chickpeas
by conventional grain combine harvesters [39], in the present research rain-fed varieties
of Kabuli and Desi, in which the height of the plant often does not reach 30 cm above the
ground, were tried. It is noteworthy that, the physical and mechanical properties of the
crop, the plant varieties, height, and distances in rows are hidden in the field gathering
data. These results were confirmed by [40] both in kinematic analysis and field experiments
results. Finally, the optimized reel was assembled on the redesigned prototype chickpea
harvester model 2021 as shown in Figure 7.
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Using hybrid models such as fuzzy logic and SA, interesting results have been obtained
in other engineering fields [41–44], in a manner analogous to those obtained in this work.
In the same way that complex models exist for farmers’ decision-making [45], machinery
optimization models are of great use for the industrial manufacturing sector [46,47] in
the adjustment of machines in the field [48] or the choice of an agricultural machinery
service [49,50]. In this sense, synergies between the agronomic and industrial sectors are
key for efficient crop mechanization [51]. Therefore, data collected in numerous campaigns
with the variation of several operational machine parameters are very useful for shortening
product development times with models such as those presented in this work.

4. Conclusions

A virtual concept for the optimization of the chickpea harvester reel is presented.
The integration of the conventional prototyping methodology, field evaluation data, and
metaheuristic modeling support a data-driven simulator. The model-based system testing
fed with harvesting losses data acquired in the evaluation of five prototypes of chick-
pea harvesters in field tests merged fuzzy logic with SA to optimize reel structure. The
modeling-optimization approach guaranteed the optimal design of the reel with four bats
and a diameter of 70 cm which increases harvesting performance to more than 70%. Field
evaluation results demonstrated satisfactory efficiency from a statistical standpoint yield-
ing a high coefficient of determination when correlating the proposed fuzzy model with
actual harvester losses. To the best of the authors’ knowledge, the developed model is the
unique hybrid fuzzy SA model for the optimization of the combine harvester reels. Field
evaluation of the new reel and prototype chickpea harvester was considered for increasing
the harvesting performance of the machine and simulator.
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