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Abstract: This paper involves an analysis to determine appropriate cassava harvest practices and
choose a pricing scheme between farmers and factories, cassava yards, and collectors in Thailand.
Harvest practices represent all activities from land preparation to harvest. A key decision that
governs the amount of resources required during cassava life cycle is the cassava’s harvesting age.
The harvesting age can be from eight to 18 months in two patterns: fixed age, e.g., harvest every
12 months, and variable age, e.g., harvest at an age between 10 and 14 months. After harvesting,
there are two common pricing schemes to consider, which are weight-based and starch-content-based.
Factors that affect the two decisions made by Thai farmers at a given time are the market price,
which highly varies within a season and between seasons, and yields in terms of weight and starch
content, both of which change with cassava’s age and/or harvest month. Economic sustainability
measure for Thai farmers is the average monthly profit that the farmers gain over cassava harvest
cycle under uncertain market price. To handle uncertainties, a simulation model is constructed to
imitate cassava planting activities from cultivation to harvest. The purpose is to evaluate various
harvesting ages and two pricing schemes under uncertain cassava market prices. Market prices in
15 seasons (2006–2021) are grouped using the k-mean clustering into four price scenarios. As cassava
grows in the simulation, the required resources are consumed until the decisions on harvesting time
and pricing scheme are made with estimated selling probability under different price scenarios and
uncertainty in cassava yield. Through simulation, harvesting age and pricing scheme that are most
profitable and robust-to-system-variation are determined. Finally, a guideline for Thai farmers to
choose a pricing scheme is developed based on the sensitivity analysis of the simulation model.

Keywords: cassava; harvesting age; pricing scheme; simulation; yield amount; starch content

1. Introduction

Cassava is an important economic crop of Thailand. In 2020, Thailand’s cassava
production amount (29 million tons) was at the third rank in the world [1]. Thailand
cassava export, in the forms of cassava dried (chips and pellets) and cassava starches, was
ranked first with approximately 57% of global market share due to relatively much lower
domestic consumption [2]. The total export volumes had ever been around 11 million
tons from 2014 to 2017 but have been decreasing since 2018 and were at 7.14 million tons
in 2020 [3]. However, unlike most developed countries, where agricultural products are
produced in large farms under contract farming with the buyers, there are a large number
of small-sized cassava farms in Thailand, mostly without contract farming. In 2020, there
were 587,754 cassava farming households with an average farm size of 2.57 hectares [4].

In general, fresh cassava root production (Figure 1) consists of the following activities:
land preparation and cultivation, fertilizing, weed control, harvesting, and transportation.
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First, the land is ploughed at least once prior to ridging. Then, organic fertilizers, e.g.,
compost and chicken manure, are added, and stems are planted. After two months,
fertilizer, usually a chemical type, is applied to enhance nutrients in the soil. Then, weed
control is performed every three months, either by using herbicide or manual removal by
human workers in order to protect the cassava stems from weeds. Finally, the cassava is
harvested and transported to a cassava yard or starch factory.
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Factors that directly affect farmers’ profit from selling their harvests include the cost of
cultivation activities that is directly driven by the harvesting age, yield (amount and starch
content, expressed as a percentage), market price, and the pricing basis in which to sell the
products to local buyers, defined as “pricing scheme” in this paper. Among these factors,
market price and yield, to a lesser degree, are not under the farmers’ control. Although
cultivation activities can affect yield, there are other uncontrollable external factors related
to climate change, such as amounts of rainfall, drought, flood, pest and disease breakouts.
Cassava yield also changes with harvesting age. Naturally, cassava root’s weight increases,
while starch content tends to decrease, as cassava grows older. In addition, there is a
relationship between the decrease in starch content and high rainfall during the harvesting
period, as the cassava plant reinitiates its growth and creates new sprouts, and translocate
the nutrients from the root to the top of the plant [5–7].

Since most Thai farmers perform common cultivation activities, the two important
factors under farmers’ control that affect cost, revenue, and thus, profitability are the length
of harvesting practices and pricing scheme. The amount of resources required for cassava’s
harvesting practices is driven primarily by its harvesting age. The harvesting age can range
from eight months (the earliest age that cassava is harvested) to 18 months (the oldest age
of cassava sold in the market). Moreover, there is some variation in the length of harvesting
practices that farmers prefer. Harvesting practices length may be fixed or varying within
an interval. The most common practice among Thai farmers is to harvest once a year, i.e.,
a fixed harvest cycle of 12 months. However, some farmers consider market price when
making their harvest timing decision. In other words, the market price trend directly affects
the likelihood of harvesting, as farmers prefer to harvest when the market price is high,
or they may postpone harvesting when the market price is low. This leads to harvesting
practices with some variations in its length. For example, a 10-month to 14-month varying
length implies that most farmers may harvest their cassavas as early as 10 months, or as
late as 14 months after planting.

After harvesting, farmers have to choose where to sell their produce, based on factory-
gate buying prices and pricing schemes. In Thailand, there are two pricing schemes:
weight-based and starch-content-based. Weight-based pricing is widely used by collectors,
cassava chip manufacturers, and some starch manufacturers, while the starch-content-based
pricing is mainly used at starch manufacturers. With weight-based pricing, the harvest
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is sold according to the weight (in tons) only; whereas with starch-content-based pricing,
the quality of the harvest is evaluated at the factory gate to determine the percentage of
starch content and the per-kilogram buying price. The market price is quoted at a level
of starch content, either at 30%, or 25%. When the cassava has lower starch content, the
buyer decreases the buying price, depending on the measured starch content of the harvest.
Usually, in a particular area, the quoted market price at 30% starch content is higher than
the market price of the weight-based pricing.

As a commodity product, changes in cassava supply and market demand lead to price
fluctuation. In the past decade, the market trend is somewhat positive due to increasing
demand from emerging market (China) that uses cassava as raw material for producing
alternative energy, i.e., biodiesel. In recent years, some influential events and factors, e.g.,
an outbreak of diseases, climate change, world economy, technological change, government
policies, contribute to higher uncertainty in the demand and supply of cassava, which
highly affects cassava market prices. Figure 2 illustrates the market price of cassava over the
past decade. It can be seen that the price fluctuates in an unpredictable manner, i.e., the price
pattern does not necessarily repeat itself from season to season. Making decisions under
such volatile market situations to achieve economic sustainability is clearly a challenge
for farmers.
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Thai cassava farmers usually choose the time to harvest and pricing scheme based
on their experiences, financial needs, and market price, without proper guidelines on
choosing the harvesting age and pricing scheme. This may not lead to optimal and/or
robust decisions. Thus, the objective of this paper is to provide a guideline for choosing
harvesting age and pricing scheme, while considering uncertainties regarding other factors
including market price, amount of resources required, its cost, yield amount and percent
starch that change with age, through the use of a computer simulation model.

Simulation modelling is a methodology that can be used to analyze such an agricultural
system that contains various sources of uncertainty. A simulation model imitates the real
system with a logical/mathematical, computerized model. The major benefit of using
simulation is that the system behavior can be studied through computational experiment in
advance without disrupting the real system. In this paper, a simulation model is developed
to imitate cassava production processes under uncertainties. Using the model, farmers’
decision makings regarding the harvesting age and pricing scheme are analyzed under
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volatile market scenarios so as to maximize the economic benefit, i.e., profit, for the farmers.
It is important to emphasize that the harvesting age governs the farming activities and
resources required until harvest. Therefore, from this perspective, the harvesting age
essentially represents the harvesting practices. Input data of the model are from an extensive
survey study using face-to-face interviews with the farmers. After constructing the model,
model verification and validation are properly performed to ensure that the model is a
good representative of the real system. In addition, clustering analysis on market price is
performed to identify common price scenarios that farmers may face. Different harvesting
age and pricing scheme decisions are then tested under these market price scenarios in
order to determine not only the optimal decisions that maximize profit, but also to obtain
robust decisions. Analysis of the computational experiment results lead to the guideline
for farmers to choose a harvesting age and a pricing scheme that maximize their average
monthly profit. The guideline is based on a comparison between the market price posted at
factory gate and the actual purchase price the farmer will receive based on the estimated
starch content of their cassava roots.

Our contributions are two-fold. First, through simulation analysis, we develop a
guideline to help Thai farmers choose an appropriate harvesting age and pricing scheme to
achieve economic sustainability in terms of long-term profit under various market price
scenarios. Second, we demonstrate the use of computer simulation, in a computational
experiment environment, as a decision support tool to capture the simulated uncertainties
in the external factors affecting cassava marketing and farmers’ financial benefits.

2. Literature Review

A number of research studies have been conducted in applying simulation modelling
to various industries such as manufacturing, logistics, and agriculture. In the manufactur-
ing industry, simulation is widely used as a decision support tool for productivity improve-
ments such as reducing production lead-time and work-in-process inventory [9–13]. In the
logistics industry, simulation played a role in transportation analysis for both domestic and
export systems. For example, Mobini et al. [14] used simulation to investigate the logistics
of supplying forest biomass to a potential power plant. Turner et al. [15] applied the
simulation to assess the performance of a domestic grain transportation system in various
scenarios while varying resources, which are truck and driver capacity, and considering
uncertain parameters related to the transportation process.

Simulation was implemented to achieve productivity improvement and assist decision-
making in agricultural production systems in the following studies. Stehfest et al. [16]
adapted the agro-ecosystem model for the simulation of major crops at a global scale. The
objective is to address the issue of the earth system as it changes global biogeochemical and
water cycles, while global environmental change affects land productivity and future land-
use decisions. Martin-Clouaire and Rellier [17] studied a computer simulation framework
for production activities, flexible plans, and material resources in agricultural production
systems. Van der Vorst et al. [18] proposed a new integrated approach towards logistics,
sustainability, and food quality analysis, and implement the approach by introducing
a new simulation environment. Martin et al. [19] presented a simulation framework
to construct simulation models of grassland-based beef-cattle farms for evaluation and
empirical design purposes.

Furthermore, in the past decade, Hameed et al. [20] developed and applied an object-
oriented simulation model which simulates in detail in-field machine activities during the
execution phase in order to deal with complex operations involving capacity constraints
and cooperating units. Ooster et al. [21] presented a simulation of labor processes in
a greenhouse with a rose cultivation system. The objective is to quantify the effects of
production system changes by means of a flexible and generic model approach. Bergez
et al. [22] built a specific modelling platform to help model, simulate and evaluate cropping
systems to find new solutions to produce goods due to significant changes in agro-ecological
contexts. Linker et al. [23] improved efficiency of water consumption in cultivating cotton,
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potato, and tomato by using simulation analysis results to perform irrigation scheduling.
She et al. [24] presented an application of simulation in modelling a ground-based timber
harvesting system to estimate machine performances including cycle times, productivities,
and utilization. Gittins et al. [25] developed an approach that combines simulation result
and interviews with farmers. The objective is to evaluate the impact of changing in socio-
political circumstances and to find strategies for livestock management. The simulation
was also applied to support seeding and harvesting decisions in two recent studies. Kadigi
et al. [26] performed simulation experiments to evaluate alternative rice farming systems,
specifically, traditional rice farming practices and the proposed rice intensification (SRI)
practices, to improve farmers’ income. Deepradit et al. [27] presented a simulation model
for aromatic coconut manufacturing to determine an appropriate harvest amount and
harvesting age that maximize annual profit under uncertainty.

For cassava-based products, simulation-related studies and the study objective are
as follows. Amamullah et al. [28] developed a simulation model to estimate cassava
growth in order to identify the treatment combinations (forage intercropping and organic
manures) that maximize cassava growth rate. Yu and Tao [29] implemented a Monte Carlo
simulation to assess the energy efficiency of cassava-based ethanol fuel on the vehicle energy
consumption. In another study by the same authors, Yu and Tao [30] constructed a Monte
Carlo simulation of the life cycle emission models to assess and compare environmental
emissions of three biomass-based fuel ethanol (BFE), including wheat-based, corn-based,
and cassava-based, from different feedstock planting areas in China.

Da et al. [31] studied recycling process in cassava starch production process using
continuous simulation model. Specifically, the reduction of effluents volume, measured in
terms of water consumption, through a recycling process in the cassava extraction operation
is modelled using MATLAB Simulink. Different strategies of recycling are tested and the
most water-volume saving strategy is identified. Mithra et al. [32] proposed a process
model for simulating the growth of cassavas. The objective is to predict the final yield
under different field conditions, crop phenology, solar radiation and photosynthesis, levels
of stress due to shortage of water, nitrogen and potassium. Zhang et al. [33] analyzed the
cost of using cellulase enzyme and stream energy in cassava-based ethanol product. A
flowsheet simulation model of the system is constructed using Aspen Plus.

Recently, Le et al. [34] proposed an environmental policy integrated climate (EPIC)
model to assess the impact of conservation agriculture (CA) and conservation tillage (CT)
on the yields of important crops, which also included cassava, in Cambodia. The model
inputs include crop parameters, management practices, soil properties, plot topographic
conditions, and daily weather. In particular, the simulations of cassava yield and cassava
biomass show satisfactory results that the model can capture the behavior of the actual
crop system. Jiao et al. [35] implemented a Monte Carlo simulation to analyze uncertainty
in the development of cassava-based fuel ethanol in China. The objective is to identify the
stages and factors that mostly affect the life cycle performance of cassava ethanol.

Based on the literature review, there is no past research study, to the best of our
knowledge, that uses simulation to model the behavior of farmers regarding their selling
practice and harvesting age with respect to fluctuation in market prices, cassava yield
in terms of starch content and yield amounts. Currently, farmers’ decision making rely
mainly on their experiences without a proper tool to consider such uncertainties. Therefore,
this paper aims to fill this research gap and to demonstrate the practical use of simula-
tion modelling to support the decision-making that impacts the economic aspect of an
important group of stakeholders, cassava farmers, in this supply chain. Filling this research
gap provides a framework for other agricultural products’ stakeholders to consider the
simulation modeling approach as a decision support tool.

3. Methodology

Decision makings on the harvesting age and pricing scheme need to consider uncer-
tainties in the market price, cassava yield in terms of amount and starch content, and the
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chance that farmers will sell their harvests. These factors interact with one another, e.g., the
chance of selling depends on changes in the market price. A decision in one harvest cycle
may affect the timing of another decision in the next harvest cycle. For example, consider a
farmer who chooses the harvesting age between 12 and 18 months. Suppose at month 12,
the farmer decides to keep the harvest, then the farmer has to make the selling decision
again in the next months. However, if the farmer decides to harvest and sell at month 12,
then cultivation of the new crop will start next month. In a span of 36 months, a farmer
can have three 12-month harvest cycles (with a lower yield amount in each cycle), or two
18-month harvest cycles (with a higher yield amount in each cycle). In other words, this
example represents a decision between harvesting every 12 months, i.e., selling to a starch
manufacturer using starch-content based pricing scheme, and keeping the cassava longer
to sell to a chips producer using weight-based pricing scheme. Considering the interaction
of these factors under uncertainties can lead to more profitability for the farmers.

3.1. Data Collection Using Interview

Input data of this study are from face-to-face interviews with several groups of farmers
in seven major provinces that grow cassava in Thailand. Specifically, these provinces, which
produce more than one million metric tons of cassava per year, are selected from over
54 cassava-growing provinces. They also adequately represent all geographic regions that
grow cassava. The sampling scheme is based on stratified random sampling with propor-
tional allocation that uses expected yield amount of each province as stratifying variable.

The collected data from interviews include many pieces of information. Some of
the collected data that directly affect harvesting practices and selling decision are used in
this study, including buyer information and pricing scheme, cultivation and harvesting
practices, harvesting ages and total yield (weight amount and starch content), related cost
components from land preparation to harvesting.

3.2. Patterns of Harvesting Age and Pricing Scheme

To capture variation in harvesting practices (HP), this article considers nine different
harvesting age patterns based on the practices of over 800 cassava farmers participating in
our survey study as in Table 1.

Table 1. Harvesting practices of cassava farmers.

Code Age (mo) Description

Fixed harvesting age:
HP1 10 Two-month shorter than the most common harvesting age
HP2 12 The most common harvesting age of Thai cassava farmer
HP3 18 The oldest harvesting age

Varying harvesting age:

HP4 10 to 12 A two-month interval between two-month shorter and the most
common harvesting age

HP5 12 to 14 A two-month interval between the most common harvesting
age and 2-month longer than the most common harvesting age

HP6 10 to 14 A four-month interval between two-month shorter and
two-month longer than the most common harvesting age

HP7 8 to 12 A four-month interval between the youngest possible
harvesting age and the most common harvesting age

HP8 12 to 18 A six-month interval between the most common and the oldest
harvesting age

HP9 8 to 18 A ten-month interval between the youngest and the oldest
harvesting age

For the varying harvesting age, it is assumed that a farmer may make decisions every
two months in order to reduce the number of decision points. For example, a 10–14 month
interval would have three decision points at 10, 12, and 14 months of cassava age. Each
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decision point consists of up to two decisions for a farmer to make: (1) keep or sell their
harvest, and (2) if sell, a subsequent decision is to choose a pricing scheme between weight-
based and starch-content-based. Together with the nine different harvesting age, there are
a total of 18 combinations of practice alternatives.

3.3. Simulation Model

A simulation model was constructed in ARENA 16.0, a specialized software tool for
discrete-event simulation modelling and analysis. The logic diagram of the simulation
model is shown in Figure 3.
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Figure 3. Logic diagram of simulation model.

In the model, nine entities representing independent decision makers (farmers), one for
each harvesting practice are created at the beginning. The entities go through initialization
process, where the cultivations begin, and the costs associated with all cultivation activities
in the first eight months are recorded. Then, the entities enter a keep-or-harvest decision
point. While the three fixed harvesting age entities always harvest their produce at their
specified times, the six varying harvesting age entities make a keep-or-harvest decision at
their respective decision points. At a decision point, the decision to harvest is subject to
two conditions: (1) the entity must be eligible in terms of timing, and (2) if eligible, then
harvesting decision follows a probability distribution as shown in Table 2. These harvesting
probabilities are a non-decreasing function of cassava age and market price, i.e., the better
the price and/or the older the age, the higher the probability of harvesting. The probability
values are estimated from data collected from face-to-face interviews with many farmers
during a field survey.

Table 2. Probability of harvesting.

Price Scenario
Cassava Age (Month)

8–10 12 14–16 18

Decrease > 2.8% 0% 0% 10% 100%
Decrease 2–2.8% 0% 30% 50% 100%
Decrease < 2% 0% 70% 70% 100%
Increase < 2% 20% 70% 70% 100%

Increase 2–2.8% 60% 80% 80% 100%
Increase 2.8–4% 90% 90% 100% 100%
Increase > 4% 100% 100% 100% 100%

For example, at the first time all entities reach the decision point (with a cassava age
of 8 months), only the entities representing HP7 and HP9 are eligible to harvest, while
all other seven entities must keep their produces. The two entities then check the price
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scenario. Suppose the cassava market price increases by 2% from the previous month, then
the probability of harvesting is 60%.

For an entity that decides to harvest and sell its produce, the cost, revenue, and
monthly profit are updated, and the entity is disposed. For entities that keep the produce,
they go through a delay of two months. After a delay, if the cassava age is 10, 12, or
16 months, then the cost (incurred from weed control activity at cassava age of 9, 12, and
15 months) is updated and the entity is redirected to the keep-or-harvest decision point
again. If the cassava age is 14 months, then it is routed back to the keep-or-harvest decision
point without updating the cost. Otherwise, the cassava is 18 months old at which time the
cassava must be harvested and sold, and the simulation run is terminated at 18 months.

3.4. Cost Parameters

In each harvest cycle, there are several cost components: land preparation cost incurred
at cultivation time, land rental cost, stem and stem preparation cost, fertilizer cost (at
cultivation and two months after cultivation), weed control cost (every three months),
harvesting and transportation cost, as shown in Table 3. The last three cost components are
incurred at harvesting time. These cost components are estimated from over 800 farmer
interviews in 20 provinces in Thailand. These cost parameters are used to update the total
cost in the simulation model at cultivation time (month 0), at cassava ages of 8, 10, 12, and
16 months, and at harvest time, as entities go through their harvest cycles.

Table 3. Relevant costs of cultivation and harvesting.

Cost Component and Description Cost Unit

Land preparation and cultivation
Land preparation 258 THB/Rai
First plough 236 THB/Rai
Second plough 260 THB/Rai
Fertilizer and labor 674 THB/Rai
Stem and stem preparation cost 68 THB/Rai
Labor cost for plantation 352 THB/Rai
Fertilizer and labor (in month 2) 411 THB/Rai
Herbicide and labor 387 THB/Rai/time
(in month 3, 6, 9, 12, and 15)
Harvesting and transportation cost 396 THB/tons
Land rent 1253 THB/Rai

Note: 1 Rai = 0.16 Hectare.

3.5. Market Prices

Market prices of cassava are highly volatile, both within a season and from season
to season. This is due to two components of cassava demand in Thailand. The first
component is the normal demand for cassava roots as raw materials of cassava products
and by-products. This component together with the harvesting practices mainly drive the
within-season variation of the market price. The other component, which is associated
with the season-to-season variation, is cassava demand as a substitute product for other
agricultural products. For example, cassava roots and cassava chips are alternative raw
materials of other raw materials such as maize, molasses from sugarcane for producing
ethanol. In a season when market prices of these raw materials are relatively high, or when
their harvests are low, there would be a higher demand for cassava, which in turn affects
cassava market price.

Because the market price is one of the major sources of variation in the cassava
agricultural system, investigating the harvesting practices and pricing scheme decisions
under various price scenarios is important. Cassava market prices used in our study are
from 2006 to 2018, i.e., 13 seasons. In a season, each harvest cycle may begin as early as
March and end as late as August next year, or 18 months later for the oldest harvesting age.
That is, market prices of the first harvest cycle of our data are prices in March 2006 to prices
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in August 2007, market prices of the second harvest cycle are prices in March 2007 to prices
in August 2008, and so on. To add market price variability, the quoted market prices in
the simulation model are randomly generated using a triangular distribution with three
parameters: minimum, average, and maximum market prices within a month. The Source
of market price data is the Thai Tapioca Starch Association (TTSA) [8].

Due to season-to-season and within-season price variability, it is difficult to accurately
forecast the future market price as it is influenced by several uncertain factors such as
production yield, weather, government policy, and other commodity prices. Market prices
in 13 seasons are classified using k-means clustering algorithm [36] into common patterns
of prices. The purpose of market price clustering is that it helps to refine our research
question to determine the most robust and profitable harvesting age and pricing scheme
for every price scenario (or market price cluster). The steps of the algorithm are shown
in Figure 4. The algorithm starts with selecting the number of clusters (k). The centroid
of each cluster is then randomly initialized. Each sample containing a market price data
set (18 observations of monthly market prices in a harvest cycle) is assigned to one of the
clusters according to the nearest distance to the cluster’s centroid. The algorithm searches
for the centroid of each cluster so as to minimize the total distance of all samples to their
assigned centroid. The search stops when the new centroids are not different from the
current centroids. Otherwise, the new centroids will replace the current centroids, and the
samples will be repeatedly assigned to their nearest centroid.
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The k-mean algorithm is run from k = 2 to 10 clusters. The suitable number of clusters
is four because it gives the highest average value of Silhouette [37], as in Figure 5. Note that
the silhouette value is the measure that reflects the minimal total distance between samples
and their cluster centroids, and the maximum distance between different centroids.
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The resulting four clusters of market price data are illustrated in Figure 6. The high
price cluster contains seven samples (2010/11–2015/16, and 2018/19). These are the
seasons when in-season market prices were relatively stable with some fluctuations around
2.50–3.50 THB/kg. Moderate price cluster contains market prices of four harvest seasons,
2007/08, 2016/17, 2019/20, and 2020/21. These are the seasons when market prices,
although started differently, became very similar after month 6 in their respective seasons.
The lowprice cluster is when market prices were relatively low in 2006/07 and 2008/09,
approximately 1.50–2.00 THB/kg, compared to other seasons. Finally, the increasing price
cluster contains seasons when market prices surged, from 2.00 to 3.20 THB/kg in 2017/18,
and from 1.40 to 3.50 THB/kg in 2009/10 (due to government intervention policy.
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3.6. Cassava Yields

The cassava yields in terms of amount (weight) and starch content are other sources
of system variation. Usually, cassava yield amount increases with cassava age. Figure 7
shows estimates of yield amount at various cassava ages from our survey data. Cassava
starch content is mostly related to the harvesting month, rainfall and weather condition
in a season, and geographical factors (see Figure 8). In the simulation model, the starch
content is randomly generated from a triangular distribution, whose parameters (minimum,
average, and maximum values) change with cassava age according to the estimated data in
Figure 8.

3.7. Revenue Functions

When a farmer decides to harvest and sell their cassava, the revenue for both weighted-
based and starch content-based pricing schemes are updated using Equations (1) and (2),
respectively.

Revw = p × (100% − rw)× y (1)

Revs = p ×
[
100% − (30% − s)× 100 × rs −

a
14

× ro

]
× y (2)

where

Revw denotes revenue from weight-based pricing, (THB),
p denotes quoted market price of cassava roots, (THB/kg),
rw denotes percent price reduction from the quoted market price for weight-based pric-
ing, (%),
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y denotes yield, (mt/Rai),
Revs denotes revenue from starch content-based pricing, (THB),
s denotes starch content of cassava, (%),
rs denotes percent price reduction from the quoted market price for every percent starch
content below 30%, (%),
a denotes age of cassava, (month), and
ro denotes percent price reduction from the quoted market price if the cassava age is
14 months or older for starch content-based pricing, (%); this parameter follows a triangular
distribution, tria(1.5%, 2.5%, 5%).
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The weight-based revenue is simply computed from the market price, the percent
reduction from quoted market price when there are too many soils or foreign materials
mixed with the roots, and the yield amount. On the other hand, the starch content-based
revenue relies on the market price at 30% starch content, yield amount, and two other price
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reduction percentages. The first one is the percent reduction, rs, from the quoted market
price at 30% starch content. For example, rs = 2% means that there is a 2% price reduction
for every 1% starch content below 30%. The other percent reduction is ro, which is applied
when the cassava age is 14 months or older.

3.8. Verification and Validation of the Simulation Model

Logics of the simulation model are verified by setting the market price scenarios that
affect the harvesting and selling of cassava to two extreme cases: when price constantly
increases by 4% each month and when price constantly decreases by 4% each month. These
cases are chosen so that the measures of system performance can be calculated manually
such that a comparison of results can be made. Then, two key measures of performance,
including the length of HPs and monthly profit, from the simulation model and from the
manual calculation are compared to see whether the results match. These cases have no
effects on the performance measures of three fixed harvesting age (10, 12, and 18 months).
However, for six varying harvesting age, 4% increase in market price would always result
in selling as early as possible (i.e., the youngest harvesting age), whereas 4% decrease leads
to selling as late as possible. The simulation results of both performance measures match
exactly with manual calculation results, which verifies the simulation model logic.

Simulation model validation was performed by comparing the collected data of
monthly profit from a survey study and the monthly profit from the simulation model.
First, the cost and revenue data were obtained from questionnaires, which can be used
to calculate the monthly profit. These questionnaires were filled by farmers at Nakhon
Ratchasima, the province with the largest cassava production in Thailand. The same cost
data from each questionnaire is put into the simulation model and the monthly profits are
generated from the simulation runs. Finally, a 95% prediction interval of the monthly profit
from the simulation model is constructed. After comparison, all the average monthly profit
data were within the prediction interval from the simulation model, which indicates that
the simulation model is valid and can be used for the analysis.

3.9. Computational Experimentation with Simulation

To evaluate the harvesting practices and pricing schemes, the simulation model was
set to run for 18 months. In each simulation run, all nine harvesting practices are set to
start the cassava cultivation in the same month (March). The harvesting age may vary from
eight months up to 18 months. Therefore, a simulation run ends at 18 months (the oldest
harvesting age). Key system measure of performance is the average monthly profit, which
is computed from the total revenue, the total cost, and the harvesting age. The number
of replications is 30 runs. This is determined by specifying that a difference of 10% in
the average monthly profits between any two HPs can be detected as being statistically
different with a probability of 95% (i.e., a type II error of 5%), at the level of confidence of
95% (i.e., a type I error of 5%).

In addition, the market prices from 13 harvest seasons (2006–2018) are arranged into
13 datasets. Each dataset represents a market price scenario. The simulation model is run
for 30 replications for each of the 13 market price scenarios, or 390 simulation runs. In each
run, 18 monthly profits (from 18 combinations of nine harvesting ages and two pricing
schemes) are recorded, which results in a total of 7020 monthly profit data to analyze.

4. Results and Discussion
4.1. Statistical Data Analysis of the Results

Statistical analysis of average monthly profits is performed using analysis of variance
(ANOVA). The factor effects of interest are the nine harvesting practices and two pricing
schemes. Note that different replications are treated as blocks in this analysis because
all treatment combinations of harvesting practices and pricing schemes face the same set
of randomly generated data and are evaluated at the same time in each replication. The
ANOVA is shown in Table 4.
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Table 4. AVONA for average monthly profit.

Source DF Adj SS Adj MS F-Value p-Value

Harvesting practice 8 48,364,652 6,045,582 620 <0.001
Pricing scheme 1 565,124 565,124 57.96 <0.001

Replication (as blocks) 29 4,430,842 152,788 15.67 <0.001
Cluster of price scenario 3 142,755,838 47,585,279 4880 <0.001

Harvesting practice × Pricing scheme 8 947,784 118,473 12.15 <0.001
Harvesting practice × Cluster 24 18,405,537 766,897 78.65 <0.001

Error 6946 67,729,918 9751
Lack-of-Fit 2086 17,565,430 8421 0.82 1.000
Pure Error 4860 50,164,488 10,322

Total 7019 274,812,266

From the ANOVA, since the interaction between harvesting practices and pricing
scheme is significant (p-value < 0.001), further analysis must be performed at the interaction
level. Multiple comparisons on the average monthly profit are conducted by using Tukey’s
method. The average monthly profits for the 18 combinations of harvesting practices and
pricing schemes are shown in Figure 9.
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From Figure 9, the average monthly profits that share the same letter are not sta-
tistically different based on Tukey’s multiple comparisons. For the pricing scheme, due
to the significance of interaction between harvesting practices and pricing schemes, the
average monthly profits of weight-based pricing are statistically higher than those of starch
content-based pricing in three harvesting practices. Differences are found in the fixed
18-month harvesting age (HP3), varying 12–18 months harvesting age (HP8), and varying
10–14 months harvesting age (HP6), while the two pricing schemes perform statistically
the same for the other harvesting practices.

For fixed age-at harvest, when cassava root is relatively young (i.e., 10 months), both
pricing schemes give relatively the same monthly profit. At a common harvesting age of
12 months, the profit becomes significantly higher than those of 10 months harvesting age,
with starch content-based pricing giving a slightly higher monthly profit than weight-based
pricing. This implies that at the age of 12 months, it is more profitable to sell the cassava at
a factory gate, rather than at a cassava yard. As cassava age reaches its maximum harvest
age (18 months), the profit is maximized due to a significantly larger harvest yield amount.
However, at such old age, the cassava roots contain lower percent starch that starch content-
based pricing gives a much lower average monthly profit than the weight-based pricing.
The cassava roots at such old age are only appropriate to be processed into cassava chips or
pellets, but not into tapioca starch. A similar trend can be seen for the varying harvesting
age. That is, monthly profit seems to be higher as cassava age is older, and between the
two pricing schemes, weight-based pricing generally gives no lower profit than starch
content-based pricing.

Effects of the harvesting practices are also interpreted in terms of the interaction
between the harvesting practices and the clusters of price scenarios. Tukey’s multiple com-
parisons of the average monthly profits from different harvesting practices are performed
for each price scenario. The results are displayed in Figure 10a–d. In seasons when the
cassava market prices are low and moderate, i.e., Figure 10a,b, there are differences in
the statistical grouping of the average monthly profits with respect to the nine harvesting
practices. In the figure, harvesting practices in the different statistical groups are separated
by different letters. The fixed 18-month harvesting age significantly gives a higher aver-
age monthly profit. This follows by three harvesting practices with varying harvesting
age of 12–18 months and 10–14 months, relatively old-aged cassava, and a fixed, most
common harvesting age of 12 months. For the 8–12 months, 12–14 months, 10–12 months,
and 8–18 months varying harvesting age, as well as the fixed 10-month harvesting age,
which are the harvesting practices that may begin harvesting at a relatively young age
that gives lower average profit. Another noticeable finding is that only the fixed 18-month
harvesting age can generate a profit in low-price seasons, while varying harvesting age of
12–18 months, 10–14 months, and a 12-month fixed harvesting age perform mostly around
break-even, and all other harvesting practices result in economic losses.

From Figure 10c, in the seasons when cassava market prices are high, all harvesting
practices result in a profit for farmers. The fixed 18-month harvesting age generates the
highest average monthly profit, whereas the fixed 10-month harvesting age generates the
lowest average monthly profit. All other harvesting practices perform statistically in the
same group.

Finally, when the market price seems to be increasing during the season, Figure 10d, the
trend in the average monthly profit remains the same as those of the other price scenarios,
but with a much larger difference between the most profitable harvesting practice (fixed
18-month harvesting age) and the worst one (fixed 10-month harvesting age). This is
because the later the farmers harvest their cassava, the higher the price becomes.
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4.2. Guideline for Pricing Scheme Decision

A further analysis is conducted to develop a guideline for choosing between the
two pricing schemes for the farmers. Recall that rs is the percentage of a price reduction
from the quoted market price for every percent reduction in the starch content and rw is
the percentage of a price reduction from the quoted market price that is applied to the
weight-based pricing. The analysis is performed by varying rs from 0.5% to 5% (the current
value is approximately 2%) in the simulation model. Then, the values of rw that lead to
break-even points between the average monthly profits of the two pricing schemes are
determined. Analysis results are shown in Table 5. Each entry in the table represents rw
that can help farmers decide whether to sell their cassava based on starch content-based or
weight-based pricing. The guideline for using Table 5 is presented in Figure 11.
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Table 5. Break-even values of rw at increasing values of rs.

HP
Price Reduction per Percent Starch (rs)

0.5% 1% 1.5% 2% 2.5% 3% 3.5% 4% 4.5% 5%

HP1 3.0% 5.8% 8.6% 11.5% 14.4% 17.3% 20.2% 23.2% 26.1% 29.1%
HP2 2.1% 4.2% 6.5% 8.8% 11.1% 13.3% 15.5% 17.8% 20.1% 22.4%
HP3 5.8% 8.9% 11.9% 14.6% 17.7% 20.7% 23.7% 26.6% 29.1% 31.6%
HP4 4.4% 7.7% 11.2% 14.4% 17.7% 21.1% 24.4% 27.8% 31.1% 34.5%
HP5 3.4% 6.3% 9.3% 12.3% 15.0% 17.8% 20.5% 23.3% 26.0% 28.8%
HP6 2.7% 5.8% 9.1% 12.2% 15.2% 18.1% 21.1% 24.0% 26.9% 29.9%
HP7 4.3% 7.2% 10.2% 13.0% 15.8% 18.8% 22.0% 25.1% 28.3% 31.5%
HP8 4.1% 6.9% 9.8% 13.0% 15.6% 18.5% 21.3% 24.1% 26.9% 29.6%
HP9 3.0% 5.8% 8.6% 11.5% 14.4% 17.3% 20.2% 23.2% 26.1% 29.1%
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Initially, based on one’s harvesting practices, a farmer must know the current market
value of rs and current market value of rw. Then, the farmer decides whether the starch
content of their harvest is close to the season average value (e.g., the % starch is around
27% in January in Figure 7). If so, the farmer may use the value of rw from Table 4. If
the market value of rw is higher than the break-even value in the table (i.e., the market
weight-based price has too much price reduction), then the farmer should sell their harvest
based on starch content-based pricing. Otherwise, the weight-based pricing is suggested.
However, if the farmer estimates that their harvests have higher starch content than the
season average, then the calculation according to the Equation (3) would be performed.

r∗w= (30% − s)× 100 × rs +
a

14
× ro (3)

where r∗w is the calculated break-even rw. Similar to using the value in Table 4, if the market
rw is higher than the calculated r∗w from Equation (3), then starch content-based pricing
should be chosen; otherwise, the farmer should sell by weight. Note that Equation (3) is
derived from equating Equations (1) and (2).
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For example, suppose a farmer, who uses a fixed 12-month harvesting age, assesses
that his harvest’s percent starch is close to the season average, and decides to use Table 4.
Also, suppose that the market value of rs is 2% reduction in price per each percent starch
below 30%, and the market value of rw is 5%. The farmer would find the break-even value
of rw from Table 4 at 8.8% (row 2, column 5). In this case, the farmer would choose weight-
based pricing, because the market rw is better than the break-even value. However, if the
farmer estimates that their harvests have starch content higher than the season average,
say s = 29%, then r∗w= (30% − 29%)× 100 × 2% + 12

14 × 2.5% = 2% which leads to starch
content-based pricing. Note that ro is assumed at its mode value of 2.5%.

5. Conclusions

This paper presents the use of a simulation model to support Thai farmers’ decision
makings regarding the harvesting practices and pricing scheme for selling cassava roots.
Usually, Thai cassava farmers consider their financial needs, the current market price, and
rely on their experience, which may not provide optimal and/or robust decisions. The
simulation model is developed to imitate the cassava planting process from cultivation to
harvesting. The model can effectively capture inherited uncertainties of the real system that
affect the profitability of producing, harvesting, and selling cassava. These include market
price fluctuation within and between seasons, probability of harvesting under different
price scenarios, and harvest yield in terms of weight and starch content. The simulation
model is verified under extreme price scenarios. In addition, market prices in 15 different
seasons are grouped into four price scenarios with the k-mean clustering methods. The
four price scenarios cover the market characteristics over the past decade, including high
price, moderate price, low price, and increasing price.

Using the constructed simulation model, different harvesting ages and pricing schemes
are evaluated under various market price scenarios to enhance economic sustainability
for farmers. The results lead to a guideline that can help Thai farmers to choose a pricing
scheme so as to maximize the average monthly profit by comparing the market price posted
at factory gate and the actual price the farmer will receive based on the estimated starch
content of their cassava roots. Our findings can be transferred to representative of farmers
through training activities that are often organized by key stakeholders, such as starch
factories, agricultural co-operatives, and related government agencies. We demonstrate
that the approach can be used to support the decisions for cassava farmers. The approach
should also be applicable to other agricultural products. Our findings could be significant
to other developing countries whose cassava farmers have similar characteristics as those
in Thailand, where cassava farms are relatively small in size, but many in terms of the
number of farms. Finally, two future research directions for further study are (1) to study
the impact of chemical and organic fertilisers and pesticides on the economic viability of
cassava production, and (2) to integrate prediction models that can accurately predict or
estimate key input parameters of our simulation model, specifically, starch content, and
cassava price, rather than relying on the triangular distributions. Two previous studies that
are related to the extension of this work include starch content prediction models [38] and
cassava export forecasting models using machine learning algorithms [39].
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