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ABSTRACT This paper proposes a decision support framework for defining planning parameters for national
crop production. The proposed framework addresses the gaps in policymaking, the role of all stakeholders,
and uses historical data of crop production in different sectors of land in optimizing the profits that shall
meet the defined constraints including national requirement, and export demand of different crops. There
are many agro-economy-based countries where agriculture is the main contributor to their GDP, while there
are others who always struggle to meet their national need while optimizing the agro-economy component
of their earnings. Crops are not always produced with keeping the demand and production balance. Rather,
the crops are mostly produced according to the farmer’s ease and last year’s prices for profit maximization
leading to excessive production of one type of crop, lowering of profit margins, and shortage of some key
crops for national need. This paper presents a decision aiding tool that can be used for farmer’s awareness for
crop production planning that meets the national and export needs while maximizing farmer’s earnings. The
model is tested on historical data of different segments of cultivated lands in Pakistan for validation, with
the first experiment performed on single farmland with multi-fields while the second performed for multi-
locations and multi-fields. The results are promising and provide estimates of net profit, expected production
against the demand for each crop, and analysis that aids in crop planning, before and after the application of
our model while meeting all necessary constraints.

INDEX TERMS Agriculture, decision making, decision support systems, intelligent systems, linear pro-
gramming, optimization, planning, prediction methods, yield estimation.

I. INTRODUCTION
Agriculture is one of the key participants in the growth of
an economy, especially for countries with rich soils full of
nutrients and favorable weather [1], [2]. Nowadays, advanced
technologies like automatedmachinery, precision agriculture,
Machine Learning (ML) models for prediction of yield, IoT
based smart farming, genetically altered seeds, and a lot more
are employed to achieve sustainable agriculture and to boost
the earnings by the agricultural setup [3]–[7]. Developing
or underdeveloped countries lack the resources to adapt to
these modern technologies and mostly rely on the farm-
ers and ill-formed policies for agricultural production. This
lack of framework and uniform policy becomes a reason
for dis-balance between targets and production, creating a
need to import [8]. The government, managers, and farmers
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have a wide gap where bigger farms are tracked for yield
and targets but farms which are smaller in size but serve
as the major contributors to the targets set by the govern-
ment are ignored. Farmers mostly plant what is easier to
crop, or what provides the maximum profit to the farmer
only. As an example, Pakistan has a big number of farms
which are under 10 hectares than larger farms [9], led by the
farmers with limited resources and knowledge with multi-
dimensional challenges such as limited information about
recent agricultural practices, poor financial condition, inad-
equate supply of resources by the government at a subsidized
rate, lack of adequate storage in case of excess of crop and
a lack of a uniform framework to connect with all farmers.
Instead of earning through exportable items, the country
suffers major losses to fulfill its own need. There is a dire
need for such a framework that is cost-effective and pro-
duces results comparable to the global practices in terms of
efficiency [10].
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A balance between national need and export demand
of crops is a major challenge. Consideration of resources,
finances, land suitability for profit maximization and stake-
holders are the key factors whilst developing a model for real
world. Pakistan as an example still has a huge gap between the
need and demand despite working vigorously on agricultural
reforms leading to a need to import major commodities like
wheat, sugar, and cotton, etc [11]. A detailed analysis of the
gap between the crop need and the production is presented
in [12]. The production of every crop varies area-wise due to
the deviation in climatic and non-climatic factors in different
regions [13]. These factors are financially constrained and
variance in the financial condition affects the overall produc-
tivity. Fig. 1 summarizes these factors. Usage of excessive
pesticides and harmful chemicals to change the natural qual-
ity of soil and its components can damage the environment.
An implementation of uniform policy also address the issue
of sustainability by deciding ahead of time that which crop
should be grown in which area. [14] explores the historical
data of crop production in Pakistan, with the lack of a policy
framework acting as a major contributor to the downfall of
the agricultural system.

Following research questions are formed from the chal-
lenges stated above, which define our problem statement and
motivation for this research:
• Are there any simple and user-friendly interfaces with
models in the background in which the farmer can give
inputs and that can get into the model to optimize profit
and production of crops, along with national needs and
export demands?

• Can a model be formulated which is scalable; that works
equally good for a farmer/ farmland and then it can be
expanded to a bigger region even to a province or a
country? Is the tool addressing the challenges faced by
all stakeholders?

• Can historical data be reliably used for the decision aid-
ing system to suggest an area-specific crop production?

• Can remote sensing be used to gauge the quantity and
quality of the crops? Can it be incorporated into the
model?

FIGURE 1. Factors affecting crop growth. This research is based on the
non-climatic factors presented on the right side.

A. RESEARCH CONTRIBUTIONS
We present a generic farmer-centric conceptual framework
for crop allocation, usable at the farmer level and the same
is scalable for implementation at the national level. This
research uses the historical data for each field, with a focus on
the costs for the non-climatic factors from Fig. 1. Our study
has threefold research contributions:
• Usually there are no policy guidelines that keep the
national need in perspective while suggesting the farm-
ers to grow a particular crop, so this study addresses
the gaps in policy-making, and a clear role of all stake-
holders especially the individual farmer is described.
The framework works in both top-down and bottom-
up approaches starting from the division of larger areas
at the national level to recording historical data for the
smallest farms. The collection of data from every indi-
vidual farmland directly or collected through managers
assists in setting better targets for crop allocation at the
national level. A user-friendly GUI is developed to assist
the farmers, managers, and policymakers in the swift
implementation of the desired output.

• The role of managers is explicitly explained. By pre-
allocation of every single farm, the managerial implica-
tions of all kinds are well addressed by ensuring timely
availability of the seeds, fertilizers, pesticides, nutrients,
labor, water, storage, and machinery for the suggested
crops. This pre-allocation also addresses the logistics
concerns like management of transportation for delivery
of crops to the mills and markets.

• A Linear Programming (LP) based optimization model
is developed for the allocation of cropping area based
on the constraints and binary decision variables. The
aim is to optimize the profit of the crop export while
ensuring that the crop meets the national requirement.
Our developed model aids in the decision of plantation
by analyzing the cost-benefit of each crop, especially
export crops. This helps in deciding which crops to
plant for maximum profit and which crops should be
imported. This is elaborated with the help of detailed
case studies with different scenarios.

The rest of the paper is organized into four sections. Section II
contains the related work. Section III presents the study
area selected for experimentation. Section IV briefs about
the techniques adapted to conduct this study with the help
of graphical workflow of the whole implementation. This
section also presents the detail of individual components of
the whole framework. Section V presents the experiments,
results, analysis, limitations, and future work of our study.

II. LITERATURE REVIEW
In this section, we explore different techniques for opti-
mized crop production, challenges of crop production in Pak-
istan, and methodologies for sustainable agriculture. We have
already summarized the climatic and non-climatic factors
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TABLE 1. Benchmark table to compare our study with the existing literature. The table highlights the contributions and limitations of each study with our
research summarized at the end.

affecting crop from [13] in Fig. 1. The production of crops
varies area wise and one crop which yields a good amount at a
certain location cannot be assured to have the same at another
location. Some lands are good for crops with an increased
export demand so planning the assignment ahead of time
and assigning only export crops to such lands ensures profit
maximization. Type of soil, temperature, relative humidity,
precipitation, solar radiation, wind velocity, and the pres-
ence of nitrogen and other essential elements in the soil are
the climatic factors that determine the growth of a certain
crop [15]. Factors like the application of fertilizers, livestock,
water irrigation, labor quality, use of advanced agriculture
techniques, quality of seed, and rotation planning of crops
are the external factors that can be controlled and affect
the growth of the crop. Floods, droughts, pest attacks, and
heat waves are natural disasters that can suddenly influence
the yield and production of a crop. A detailed timeline of
crop models is presented in [16]. This study summarizes
the crop model evolution starting from foundation models
of the 1950s to models driven by food security programs of
today. The authors have suggested six different scales starting
from field to farm level, going through agro-ecological and
regional zones, and eventually national and global scales.
The authors conclude that capitalization of crisis, using
technological advances, open data access, trans-disciplinary
and modular approaches, and user and data-driven models
are the keys to effective agriculture practices. This section
is further divided into subsections to highlight each part
individually.

A. CROP PLANNING MODELS
This part is focused on different crop allocation and predic-
tion models found in the literature. In [17], an Annual Crop
Planning (ACP) is presented to address the increasing costs of
agricultural production and irrigation. The study focuses on
the development of an optimization model and implementing
it using meta-heuristic algorithms. In [18], the authors have
used Deep Neural Network (DNN) to predict yield for hybrid
maize data using past 9 years data provided by [19]. The
results suggest that out of all the input parameters, weather
prediction plays the most important part. A global expansion
model is presented in [20] to attain high yield farming. This
research focuses on global spatial optimization of cropland to
reduce the area by careful allocation of 16 major crops glob-
ally. This change affects the global fertilizer input, irrigation
water requirements, and greenhouse gas emissions. In [21]
a crop optimization model is presented to maximize the
profits by optimizing transportation expenses. An improved
differential evaluation algorithm is presented which finds the
best optimal solution for the developed mathematical model.
A survey is conducted in [22] onmachine learningmodels for
yield forecasting and compares all the models using various
error measures. In [23], fuzzy multi-objective programming
is applied for crop planning optimization in Iran. Simulated
Annealing (SA) and Particle Swarm Optimization (PSO) are
employed in [24] to address a multi-crop allocation optimiza-
tion problem. In [25], a crop allocation model is presented to
deal with the problem of labor shortage which in turn impacts
crop production.
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A Linear Programming (LP) based optimization model is
presented in [26] to address the problem of land allocation
for 10 crops. The research is conducted for the saline zone of
Akola district in India. The model considers previous yields,
labor wages, cost of machinery used, cost of fertilizers and
seeds, and the sale price of crops. The model is solved using
simplex algorithm [27] and Push-and-Pull algorithm [28].
In [29], a linear programming-based optimization model for
the best cropping pattern is presented for a selected location
in Indonesia. The optimized cropping pattern is suggested
based on the irrigation and the land constraints. In another
study, [30], a linear programming-based optimization model
is presented for the Mekabo scheme in Ethiopia and a sen-
sitivity analysis is performed to assess the impact of the
proposed method. In [31], a Spatio-temporal crop allocation
decision-aiding tool is implemented using a Weighted CSP
solver and an ILP solver with farmer’s choices as constraints.

B. CHALLENGES IN PAKISTAN
This section highlights the research specific to the study area.
A foundation for a huge gap in the non-uniform production of
crops across provinces in Pakistan is built through [11]. This
data-set shows the variability in production and need from
each province individually, along with the resources allocated
nationwide. In [14], the authors forecasted the yield and
per capita food availability in Pakistan through the ARIMA
model for the next 21 years using the historical data of
crop production in Pakistan. The authors have pointed out
the lack of policy framework as a major hurdle in achiev-
ing maximized crop production. In [32], time-series data
(1950-2015) of crops of Pakistan is analyzed and its rela-
tionship with agricultural GDP is investigated. The crops
included are wheat, maize, cotton, sugarcane, and cotton.
The results are obtained by using the Augmented Dickey-
Fuller test, Johansen’s co-integration test, and the ordinary
least square method. In [33] an LSTM-NN based model is
presented for forecasting wheat production in Pakistan. The
research suggests that with the current scenario in Pakistan,
the production to consumption ratio will decrease despite
an increase in wheat production, and it is recommended
to implement crop models at the national level. In [34],
the authors have used data from 1948 to 2018 to fore-
cast wheat yield in Pakistan. The research is implemented
using Artificial Neural Network (ANN). In [35], the research
explores the impact of climatic change on crop produc-
tion in Pakistan and deduces that in the future, the focus
should be made on crops that are drought-resistant and are
not affected much by the drastic temperature changes. The
research employs Feasible Generalized Least Square (FGLS)
and Heteroskedasticity, and Auto-correlation (HAC) con-
sistent standard error techniques on time series data
from 1989 to 2015.

C. SUSTAINABLE AGRICULTURE
This section is focused on the importance of sustainable
agriculture. Green agriculture is an evolving research area.

There is still a lot to research when we talk about sus-
tainable agriculture where we have minimum carbon emis-
sions, usage of organic fertilizers and pesticides, increased
soil fertility and reduced soil erosion, increased water effi-
ciency, and minimum waste products. A detailed review of
frameworks and stakeholders for sustainable agriculture is
presented in [36]. [37] explores the use of smart technology
for green agriculture practices. In [38], policy analysis is done
for sustainable agriculture. [39], [40] and [41] presents math-
ematical models for green and non-green products compar-
isons. The first presents a price competition of green and non-
green products. The other two are based purely on the demand
and supply of each. The developed models in all three studies
for-profit function maximization against demand can be used
for a comparison study between green and non-green agricul-
ture practices. Similarly, [42] explores the effect of subsidy
rates and policy framework for green products aided with
the development of a mathematical model which can again
be implemented for sustainable agriculture. In [43], a bi-
level optimization model is presented for the agro-industry of
cocoawith reference to the demand and supply of the product.

To summarize overall literature, the research through
[17]–[31] presents crop allocation models and frameworks,
crop prediction models and optimization models. These
studies address the mathematical modeling part of our
research. [11], [14], [32]–[35] provides a baseline for the
challenges in Pakistan and hence provides the motivation
for this study in accordance with Pakistan. The literature
discussed in [36]–[43] provides a guideline for sustainable
agriculture and through this research, we explore the quality
impact of advanced crop allocation on the overall environ-
ment. A benchmark table is presented in Table. 1 in which
we present contributions of main studies that we followed
[21], [25], [33], [34], the limitation of each study and even-
tually summarize our research. The compared research pro-
vides gaps in the development of the crop allocation model,
and in research specific to the study area which helps in
the identification of the problem statement. The elements
missing from the compared models are the practicality of the
proposed models, too much dependency on the mathematical
model only, role assignment for each stakeholder, and the
relationship between import and export crops. These models
are specific to areas and crops as well. Our research is focused
on the development of a farmer-centric model, scale-able to
the national level without any changes. The simplicity of the
user interface with an abstract mathematical model derives
the factor of ease of use at any stage without having any prior
knowledge of the system beneath. The use of binary decision
variables for crop allocationmakes it a perfect choice for even
distribution of crops within all selected areas. Our system also
provides a firm guideline for the division of AOI, the role of
every stakeholder, and how data travels within different stages
of the model. The developed mathematical model provides
the results very quickly and precisely. Further, our model
also takes into account the impact of export crops on prof-
itability and takes historical data of every field individually
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TABLE 2. Export data of selected crops of Pakistan from year 2013-2018. The crops quantity is in ‘000’ tons while the export value is in Million Rs.

into consideration. Scarce resources play a big motivation for
the development of our low-cost crop management solution.
Our model is designed in such a way that it can be aligned
with the existing frameworks and bypasses the need for the
incorporation of expensive technologies.

FIGURE 2. Aridity classes of Pakistan [48].

III. STUDY AREA
We have presented our case studies for Pakistan which is a
country with a great potential for agricultural development,
given the fertility of the land. The crops produced in Pakistan
are of very good quality and a good share in GDP is earned by
exporting high-quality crops. The targets for the national level
are assigned by the Federal Committee on Agriculture (FCA)
in Pakistan. For 2020-21 Rabi crops, targets of 26.78MT,
0.56MT, 4.87MT, 2.22MT, and 0.625 MT are set for wheat,
gram, potato, onion, and tomato respectively. For 2020-21
Kharif crops, targets of 69.8015MT, 10.8MT, 7.99 MT,
5.012MT, 6.059MT, and 2.48MT are set for sugarcane, cot-
ton, rice, maize, mash, and chilies respectively. These targets
are further divided within the provinces. Despite having set
targets, the country is failing to meet them due to changing
weather conditions, increasing population, lack of a uniform
policy at the national level, and the lack of education at the
farmer level about what to plant. As an example, over the last

few years, farmers in Sindh are planting hybrid rice instead
of cotton due to the low expenditure incurred on rice and
high yield [47]. Further, there is a surge in the plantation
of sugarcane after rice. This is affecting the production of
cotton and unless a proper policy is imposed, more and more
important crops would be required to import.

The contribution of agriculture to GDP will grow by
addressing the gaps in policy making. Pakistan has the major-
ity of arid climatic zones, followed by semi-arid and then
humid climatic zones. Fig. 2 shows the aridity classes of
Pakistan [48]. Fig. 3 shows data of major crops in Pakistan
from 2013-2018 [9], [11]. The graphs show the area in ‘000’
hectares under major crops, the produce of the crops in ‘000’
tons, the yield in kg/hectare, and the comparison of the yield
of each crop in the four provinces of Pakistan. In Fig. 3(b),
the production of cotton is shown in ‘000’ bales of 375 lbs
for each. Table. 2 shows the export data of a few crops of
Pakistan from 2013-2018 [11]. This data is shown for the
same years as the graphs shown in Fig. 3. Crop calendars for
each province or area are also useful for crop suggestions in
the selected area. The crop calendar of crops in Pakistan can
be found at [49].

For our first simulation explained later in Section. V,
we have selected single farmland with 8 fields in the
Bahawalpur district. Located in the south of Punjab, this
district has a major desert with increasing vegetation index
in the past few years [50]. It is an arid region [51] with an
average annual temperature of 25.7 degrees and an annual
rainfall of 143mm. In Fig. 4, the left side shows Bahawalpur
district protruded out of the map [53] and the image on the
right side shows the monthly average rainfall in Bahawalpur
for the years 2014-2019 [52]. The main produce of this region
is cotton, wheat, sugarcane, sunflower seeds, dates, mangoes,
citrus, and mustard out of which dates, citrus, and mangoes
are exported out of the country.

IV. SYSTEM DESIGN
A graphical representation of our whole system is presented
in Fig. 5. Our system initiates with the division of AOI into
meaningful zones, based on the same climate. This division
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FIGURE 3. Historical data for major crops in Pakistan is shown for 2013-2018 (a) The area (000 hectares) under major crops, (b) Historical
production (000 tonnes), (c) Historical yield (kg/ha) of the major crops, and (d) shows the comparison of yield of each crop in four provinces of
Pakistan.

FIGURE 4. (a) Bahawalpur District,Punjab [53] and (b) Monthly rainfall
data in (mm) of Bahawalpur for the years 2014-2019.

is based on the administrative structure followed by the coun-
try. Each zone is assigned to managers. The hierarchy of
managers is again followed in the structure. Each manager is
assigned multiple spatially distributed farmlands and for each
field within each farmland, the manager records historical
data into the system. Fig. 6 shows the GUI for the data entry
section. Here we refer to farmland as a collection of fields
belonging to a single farmer. In the case of an individual
farmer managing his farm, this data is entered by the farmer
himself which is stored in the central database that contains
the historical data associated with each field, detailed in Fig. 5
as well as in Section IV-B. This database goes all the way
up, from the farm level to the government level and helps in
setting better targets for national and export crop production.

The crop allocation module is initiated through the user
interface shown in Fig. 7. This module uses the area informa-
tion to load the historical data and all the relevant constraints
into the optimization module. The optimization module uses
the historical data of each field from the whole AOI, and the
crop calendars for each division, in suggesting crops for
the selected area. The first aim of this model is to produce
maximum crops locally for the national need so that there is
a minimum need to import essential crops. The next target
is to produce those crops which generate the maximum profit
and help strengthen the economy, i.e. exportable crops. Every
crop is categorized as national need, needed for both local
consumption and export, and importable. The crops that are
labeled as ‘‘Importable’’ are excluded from the optimization
model. The import needs for the crops that fail to meet the
national target are calculated after the production of the crop.

Certain assumptions are presented for our framework.
We are assuming that whoever uses the system, has access
to historical data for the analysis since we are using publicly
available data for the verification of our model. We are not
taking the crop rotation policy into account since this research
is focused on the profit maximization part only. The rest of
this section is focused on the details of the whole system.

A. STAKEHOLDERS
The three main stakeholders considered in our model are the
farmers, the managers, and the government. Our model aids
these stakeholders in optimizing crop allocation and works in
a top-down approach. The top-most stakeholder is the govern-
ment who is required to decide in advance about the needs
of the population as well as the profit maximization for the
betterment of the economy. Finding the right balance between
the national needs and the export demand is the key. Our tool
considers the historical data associated with each crop at the
individual farm level, historical national needs, and export
demands, and historical prices to set the current targets. The
collected data goes all the way to the central database and
is utilized in having an actual picture of resources available
for setting the targets. The analysis presented by the tool also
helps in deciding that out of all the crops, which crops require
the same labor and other resources but does not maximize
profit. If these crops can be imported at the same rate as of
local production, then the crops which generate the maximum
revenue can be planted without compromising the national
need.

Associated with this are the whole supply chain and logis-
tics process which kicks a process for the area managers
and logistics managers to ensure the timely availability of
seeds, fertilizers, pesticides, water resources, and other needs
for that particular crop suggested in the selected areas. The
whole logistics that relate to the complete life cycle of the
particular crop from start till end benefits from this timely
suggestion. A further aspect of logistics like collecting the
crop and sending it to the user can also be added to the
optimization model. As an example, the transportation cost
to the sugar mills for the sugarcane or the transportation cost
to the textile industry for the cotton can be added to the model
to suggest the areas for plantations where there is minimum
transportation cost. Additionally, the consumption of that
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FIGURE 5. A complete workflow of our framework. The top unit shows the selection and division of AOI, assignment of the managers to each zone,
assignment of the individual farmlands to each manager, geo-identification of each field within the farmland, and the historical crop data entry into the
central DB for each field. The bottom unit is related to data retrieval, which shows the crop selection and optimization interface, optimization module,
crop allocation for the individual farmlands after optimization, crop allocation after optimization for the selected AOI with all stakeholders and, outputs
of the optimization module recorded into the central database.

particular crop in a certain area also has a direct relation with
the transportation constraint so that we select areas where
consumption of that crop is very high and the areas selected
for the production of that particular crop have the minimum
transportation cost. This logistics constraint will be presented
in our future model. For now, we are assuming a collective
cost model which includes the cost of the overall life-cycle
of crop production. The third stakeholder is the individual
farmer. The tool aids the farmers to plant only what is needed
and which crop will bring the maximum profit. This will save
the farmer from the overproduction of one type of crop and
wastage of another, and in deciding that which crops can be
planted in the given budget.

B. USER INTERFACES
The first User Interface (UI) shown in Fig. 6 is for the data
entry. This interface is used to collect the data from the
farmers or the managers. For a first-time entry, the historical
data for each field is recorded for ’t’ years. The data needs to
be entered for each field of the individual farmland. An indi-
vidual ID is assigned to each farmland based on country,
province, city, and assigned zone, and every field is entered
against the master ID. Every farmland is geographically iden-
tified and the details of each field are entered. For a single
Farmland ID, latitude, longitude, and area (acre) are recorded
for every field. In our current interface, the Lat long are

FIGURE 6. GUI for data entry. The data is entered against a pre-allocated
farmland ID. Geo-location of each field is recorded and the historical data
is entered for every crop grown on that field for the said years.

entered manually using google earth [44]. For every field,
historical data i.e. year, season, crop planted, sowing and
harvesting months, cost of the land lease, cost of the seed,
cost of the labor (all stages included), cost of the fertilizers
and pesticides, cost of the water irrigation, cost of themachin-
ery, cost of the fuel and transportation and miscellaneous
costs, sale price, targets, and yield (kg/acre) are recorded.
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FIGURE 7. GUI for the crop selection and optimization module. The
module takes the country, province, city, zone, farmland and number of
years as input and return the historical data against the selections. The
same data is used in the optimization module along-with the constraints.

For simplicity, we use an aggregate of all the costs in our
current model.

Fig. 7 shows the UI for crop selection and optimization.
A user will have to select the country, province, city/village,
individual managerial zone, farmland, and the number of
years for the historical data. The user can stop at any level
of selection and all the data sets for the lower levels will be
displayed. Once the user selects the desired areas, the crops
for optimization, and the historical data is loaded from
the database into the optimization module. For each field,
an average of the yield and cost from the last ‘t’ years is used.
The crop targets for the selected zones are loaded from the
database coming from the top which uses the same historical
data and assigns the targets for the lower level. In our model,
we limit the farmer to plant only one crop on a single field.
Total area of the selected fields is counted towards ‘‘Total area
available for plantation’’, total crops selected is ’n’ and total
fields selected is ’j’. This data is fed into the optimization
module which allocates each crop to the field with the most
optimal yield, keeping a balance between the demand, profit
maximization, and other constraints. Details on the optimiza-
tion model are presented in the next section.

C. OPTIMIZATION MODEL
This section presents the main optimization model of the
system based on zero-one Integer Linear Programming. This
model aims to maximize the profit while addressing the
constraints set on the model.

1) INDICES
There are three major indices used in this model.
i is the crop index where i = 1, 2, .., n
j is the field index where j = 1, 2, ..,m

s is the season index where s = 1 for kharif and s = 2 for
rabi

For a feasible solution to be obtained, n should always be
less than or equal to m.

2) PARAMETERS AND UNITS
This section presents the parameters of the model. The units
for all the parameters are given in Table 3.
Yijs= Average Yield of crop i at field j in season s
Aj= Area of the field j
Cijs= Cost of planting the crop i at field j in season s
Spijs= Sale price of the crop i at field j in season s
Pijs= Profit gained for the crop i at field j in season s
Nnis= National production target of the crop i
Qis=Minimum quantity of exportable the crop i
Ini= Import need of the crop i
Exis=Min Export demand of the crop i in season s
Cpis= Total crop i produced in season s
As= Total land available in season s

TABLE 3. Units for Parameters.

3) DERIVED PARAMETERS
• The target for a crop that is to be produced for both local
consumption and export is calculated using the national
requirement and the export demand for that particular
season.

Qi = Nni + Exi (1)

• Cost Cis is a derived parameter. The cost incurred on
every crop is different for every field due to varying
environmental factors discussed in Section I and the
location of the land with respect to the water reservoir.
This cost is calculated by combining all the following
costs:
1) Cl : Cost of land lease
2) Cs: Cost of seed
3) Clab: Cost of labor (all stages of crop)
4) Cf ert: Cost of fertilizers and pesticides
5) Cw : Cost of water irrigation
6) Cm : Cost of machinery
7) Cf : Cost of fuel and transportation
This cost further differs for different seasons for the
same crop due to the changes in environmental factors as
well. As an example, the cost of wheat planted in winter
is different from the cost of wheat planted in spring.

• Import is not part of our optimization model. The need
for import is calculated once the crops are produced
which is a part of the analysis phase. The case studies
whichwill be presented later will further clarify this part.
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Further, if the produced crop is less than the national
target, the need for import is calculated as:

Inis = Nnis − Cpis (2)

4) DECISION VARIABLES

xijs =

{
1, if crop i is assigned to field j in season s
0, otherwise

5) CONSTRAINTS
(a) The area assigned to each crop should be less than the

total area available for that season

n∑
i=1

m∑
j=1

Ajxijs ≤ As, ∀s = 0, 1 (3)

(b) The amount of crop i produced in all m fields for the
season s should be greater than or equal to the national
need of a crop

n∑
i=1

m∑
j=1

YijsAjxijs ≥ Nni, ∀s = 0, 1 (4)

(c) For an exportable crop, the amount of crop i produced
in all m fields for the season s should be greater than or
equal to the minimum quantity required for an exportable
crop.

n∑
i=1

m∑
j=1

YijsAjxijs ≥ Qis, ∀s = 0, 1 (5)

(d) This constraint limits a field to have more than one crop
planted at a time. Only one crop i can be assigned to each
field j in season s

n∑
i=1

xijs ≤ 1,∀j, ∀s = 0, 1 (6)

6) OBJECTIVE FUNCTION
The output of the system is the area to be planted for each
of the selected crops. The output is derived by the binary
decision variable where each field can only be assigned to one
crop, but one crop can be assigned to multiple fields to meet
the constraints. The crops to be planted can be derived from
the input to optimization module and the allocation is done
such that the profit is maximized for all the crops planted. The
objective function is derived from the yield, sale price, cost,
and area for each field. The binary decision variable ensures
the allocation of a single crop to each field. The objective
function is presented in (7).

maxZ =
n∑
i=1

m∑
j=1

2∑
s=1

[(SpijsYijsAj)− (CijAj)]xijs (7)

V. EXPERIMENTS, RESULTS AND ANALYSIS
This section presents the experiments performed, the results,
followed by the detailed analysis for the selected experiments
and overall system. The section concludes with the limitation
of our study and future work. Two case studies are presented
for the selected area of study. The first one is an example
of single farmland from Bahawalpur with ‘8’ fields and ‘3’
crops. The second case study is a complex one that involves
four different farmlands in different climatic zones with each
having multiple fields. We have implemented our model in
MATLABR2020b. The first experiment is described in detail
to develop a thorough understanding of the whole allocation
process. The second study is complex and is aided with the
graphical representation.

A. SINGLE FARMLAND SCENARIO
This experiment is presented for the single farmland of
Bahawalpur, previously explained in Section III. To make the
problem easy to apprehend, this experiment is presented for
Kharif season only where s = 1. Based on the historical data
with maximum yield; rice, cotton, and maize are the crops
selected for the simulation of the optimization model. Rice
is sown from June till July and harvested from September to
November. Cotton is sown from May to June and harvested
from September to November. Maize is sown from June till
July and harvested in October to mid-December. 8 fields
belong to a single farmer in a 56.3-acre area all of which
are available for cropping in Kharif season. Fig. 8 shows the
historical data for the selected crops in the mentioned fields
from 2015-2019. Table. 4 shows area (acre) of each field,
and the yield (kg/acre), cost(Rs./kg), sale price (Rs./kg) and
the minimum demand (kg) required for each crop at each
field. The historical data helps to set the cost incurred on
each crop at each field. The requirements are set according
to the capacity of the land and crops with maximum profit.
An increase in sale price of an exportable crop will not affect
the efficiency of the model as the model can accommodate
any change in price and the selected crop will be assigned to
the fields where maximum revenue can be generated.

FIGURE 8. Yearly production and demand data in ‘kg’ for the selected
crops before optimization.

From Table. 4, maize is a crop that is needed at both
national level and for export, while the demand for other crops
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TABLE 4. Yield, Cost and Profit for the crops selected for the optimization model. The costs are calculated with the rent of the land included.

is only at the national level. The model is initialized with the
selection of a number of crops and fields. For this experiment,
we have n = 3,m = 8 and As = 56.3. The user inputs
the national need (Nni) / export need (Exi) of the crop. The
first constraint of the algorithm is to ensure that whatever
is produced, should be equal to or greater than the required
amount of the need for that crop. It means that for each crop
i, the sum of the yields on all fields assigned should be equal
to or greater than the need for that crop. For rice crop, i=1,
the constraint translates to:

12896x111 + 17465x121 + 19210.8x131
+ 23871x141 + 17595x151 + 12090x161
+ 22500x171 + 23400x181 >= 46500

For cotton crop, i=2, the constraint translates to:

4192.5x211 + 5030x221 + 4040.4x231
+ 3219.3x241 + 7976.4x251 + 3311.1x261
+ 8208x271 + 3378x281 >= 20500

For maize crop, i=3, the constraint translates to:

40501.5x311 + 4955x321 + 15775.2x331
+ 7701.5x341 + 55967.4x351 + 11216.4x361
+ 31284x371 + 35274x381 >= 96000

The second constraint ensures that only one crop xi can
be planted in one field j at a time. For our selection, this
constraint is translated as:

x111 + x211 + x311 = 1

x121 + x221 + x321 = 1

x131 + x231 + x331 = 1

x141 + x241 + x341 = 1

x151 + x251 + x351 = 1

x161 + x261 + x361 = 1

x171 + x271 + x371 = 1

x181 + x281 + x381 = 1

The third and last constraint ensures that the area assigned
to all crops should be less than or equal to the total area avail-
able As. The total cropping area available here is 56.3 acres,
so this constraint is translated to:

A1 + A2 + A3 + A4 + A5 + A6 + A7 + A8 <= 56.3

Thismodel aims tomaximize profit whilemeeting themin-
imum requirements for the demand. The objective function
for this specific example is:

maxZ

= 331556.16x111 + 49911.7125x211
+ 262247.2125x311 + 414968.4x121 + 75852.4x221
+ 47518.45x321 + 605332.308x131 + 34666.632x231
+ 228487.9968x331 + 507497.46x141 + 63033.894x241
+ 32346.3x341 + 488437.2x151 + 88378.512x251
+ 313417.44x351 + 299348.4x161 + 46620.288x261
+ 95339.4x361 + 692100x171 + 82736.64x271
+ 337867.2x371 + 485784x181
+ 64452.24x281 + 275137.2x381

With this scenario, fields 4 and 8 are assigned to rice, field
2, 3, 6 and 7 are assigned to cotton, and fields 1 and 5 are
assigned to maize. A net profit of Rs. 2.11375 Million is
obtained from this allocation. For the presented scenario,
the output of rice is 47271kg, cotton is 20590kg and maize is
96469kg. All these values correspond to the demand of each
crop. The area assigned to each crop; rice, cotton, and maize
is 13.3 acres, 26.3 acres, and 16.7 acres respectively. Fig.9
presents the demand and the expected output for each crop.

FIGURE 9. Comparison of expected production and demand in ‘kg’ for the
selected crops after optimization which shows a very small gap between
the two.

B. MULTI-LOCATION SCENARIO
This study is for four distinct climatic locations in Pakistan.
We have used the data for the four provinces of Pakistan
from [11] which is a comprehensive historical data-set
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TABLE 5. Crop demand for five different scenarios.

FIGURE 10. Expected net profit in ‘Rs.’ for each scenario after
optimization.

providing details about the production of crops, livestock,
machinery, water usage, import and export, prices of domestic
and export crops, and area estimations for each province.
This data-set is a perfect example of the national scale imple-
mentation of our designed framework. An average of each
related data set is used for this example for Rabi crops. Our
example is confined to a total area of 415.93 acres out of
which zone 1 has a total area of 81.9 acres with 8 fields,
zone 2 has 72 acres with 11 fields, zone 3 has 101.2 acres
with 5 fields and zone 4 has 160.83 acres with 14 fields. The
study is conducted for ‘7’ different crops and a total of ‘38’
fields, making n = 7 and m = 38. The crops selected for
the allocation arewheat, maize(spring), gram,masoor, potato,
onion, tomato.

We simulated our model with 5 different scenarios, each
having a different demand set for each crop as shown
in Table. 5. The demand for export crops is higher as com-
pared to the local crop since it is usually needed for both local
consumption and export, driven by the 1. In this particular
case, gram and maize are labeled as export crops which are
assigned to fields with a history of good crop production for
these export crops. Fig. 10 shows net expected profit for each
scenario whereas Fig. 11 shows a visual comparison of the
demand of each crop and the recommended production based
on cost-benefit and need analysis through the optimization
model. Table. 6 shows the expected production in ‘kgs’ and
the profit in ‘Rs.’ generated from each crop individually for
each scenario.

C. ANALYSIS
The two different scenarios presented are carefully selected
to show the diversity of our designed model. The first exper-
iment emphasizes our claim that this model can be used
for a single farmer with improved yield prediction. At the
farmer level, this prediction is very helpful since with smaller
farmland, finances are meager and any wastage or overpro-
duction costs the farmer a lot. The comparison of Fig.8 with
Fig.9 shows an improved yield prediction using our model.
The original method of plantation adopted by the farmer is
focused on one crop planted in the previous year, which can
be seen from Fig. 8. Our model is designed to see what
difference it would’ve made with the usage of historical data
and constraints. We have applied this model to improve the
output, to overcome the shortcomings, and to avoid wastage
of any crop in particular. This test case validates the model
with every crop meeting the demand. The output from Fig.9
shows that ourmodel has a very little gap between the demand
and expected output.

The second experiment shows the diversity of our model
and supports our claim to cater to larger data. This exper-
iment is based on five different scenarios with varying
demands and four different climatic regions for crop pro-
duction. The results not only show expected production for
the selected crops but also helps in analyzing that restrict-
ing crop production to the best areas only will lead to an
overall boost in the economy. The importance of policy
implementation, pre-planning, and producing the best from
every assigned region is very well explained through this
experiment. Fig. 10, 11 and Table. 6 shows the profits earned
from each scenario, comparison of demand and production
after optimization, and individual crop’s expected production
with profit respectively.

Our model not only suggests future crop allocation at
the most appropriate location, but it also helps in analyzing
which two crops require the same resources, time, cost, and
effort but produce different profits. This helps in deciding
which crop should be imported instead of wasting efforts
on the plantation and exportable crops with maximum profit
benefit should be planted. The incorporation of roles of all
stakeholders; the farmer, the managers, and the government
helps in validating the practical implementation of the study.
In all cases, this model is valid for any number of crops at the
national level. The model works on meeting the constraints
step-by-step and provides an optimal yield prediction with
very little gap between the demand and production.

D. LIMITATIONS AND FUTURE WORK
The limitation of the work is the fine resolution at which
you can get the data of the yield and the crop types. For
smaller resolution, which means every farmer, more accurate
data may be required but at the national level, even coarse
resolution of the available data or information gives quite a
good estimate for decision aiding which is shown in our sec-
ond experiment. In our future work, the fine resolution of
data will be addressed by incorporating the flow of the data
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TABLE 6. Expected production (kg’s) and profit (Rs.) in each scenario after the application of the optimization model.

FIGURE 11. Demand in ‘kg’s’ for each crop in 5 different scenarios vs. the recommended production in ‘kg’s’ after optimization.

FIGURE 12. Complete model of the system including published work,
present work from this paper and future work (shown as dotted module).

from multiple channels instead of only one channel. Fig. 12
shows the complete model of the system. This model shows
our complete system in parts. One part of the system that we
have published is converting an aerial video into high-quality
mosaics [4]. The second module presented in this paper is the
development of the decision aiding tool for the stakeholders
involved. The third part, shown as a dotted section in the
model, will be the Artificial Intelligence (AI) and Machine
Learning (ML) based tool for building the knowledge base
for the future that can be used to estimate the yield and can
be fed into the archive to get more accurate data for future
decision making and prediction.

VI. CONCLUSION
This study presents a novel framework for crop planning
using Spatio-temporal data for the fields in the selected
region. The framework addresses the gaps in policy making,

the managerial implications of the crop allocation problem,
and uses historical data of each field for the past years for
each season, the national need and the export demand of
each crop, along all the necessary constraints for the crop
production. This study focuses on proposing a solution for
the countries which struggle to keep the balance between
production and demand of the crops because the crops are
mainly planted by the farmer’s intent only. The model is
developed to address the issue of crop planning at the national
level and works towards the maximization of the profits
while matching the necessary constraints. Two case studies
are presented as part of the experimental validation where
one case study is for single farmland with multiple fields
and the other is a complex one with different farmlands in
distinct climatic zones, each having multiple fields. Both
experiments validate our claim of applicability at the farmer
level as well as at the national level. A comparison is provided
which shows that our model aids in planning ahead of crop
plantation to achieve a low demand to production gap, in ana-
lyzing that which crops need to be imported by analyzing
costs and future allocation, and in managing the overpro-
duction and wastage of different crops. The decision aiding
tool helps the various stakeholders related to crop allocation,
plantation, and management and if the implementation is
done according to the planned model, it precisely gives us
yields of different crops to meet the national need and the
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export demand of the country. Although our model addresses
the real-time problem that Pakistan is facing, its design
excludes environmental factors that affect the crop produc-
tion. The inclusion of these factors in future research will
enhance the model’s productivity which is a part of our future
work.
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