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Abstract—In large-scale agriculture, insufficient irrigation 
water may lead to over-pumping of groundwater, increasing the 
risk of land subsidence. Growing dryland crops can effectively 
decrease the demand for irrigation water. However, the previous 
works on annual crop planting (ACP) focused on maximizing the 
profit through growing wetland crops, consuming much water. 
For sustainability, this work proposes a mathematical 
programming model for an ACP that allocates a land area for 
growing dryland and wetland crops to maximize the total profit 
and minimize the total irrigation water used for multiple cropping, 
under practical constraints. Simplified swarm optimization (SSO) 
improves the PSO with four probabilities to determine the 
operations of updating solutions. We further propose dynamic 
SSO to solve the concerned ACP, in which the four probabilities 
are adjusted dynamically according to performance of the 
operations executed. Through simulation on a case study, the 
proposed DSSO demonstrates high performance over some 
classical approaches. 
 

Index Terms—Crop planning, sustainability, land subsidence, 
irrigation water, simplified swarm optimization, swarm 
intelligence 

I. INTRODUCTION 

Recently, land subsidence has led to destruction of buildings, 
structures, railways, and highways [1]. Based on the monitoring 
data in [2], the land subsidence rate of some cities in the world 
has been over 50 cm/yr. Land subsidence is generally caused by 
human activities. For rapid economic development, a lot of 

countries have exploited a large amount of flat areas or coastal 
areas for rice cultivation, aquaculture, and urbanization. Over-
pumping groundwater for fish ponds and irrigation for paddy 
fields has made the groundwater throughout the agricultural 
region rapidly drop and further caused land subsidence [3]. 

For sustainability of agriculture, one of the most effective 
ways to reduce the chance of land subsidence in vulnerable 
farming fields is to plant dryland crops or water-saving crops 
(e.g., green corn, field corn, peanuts, soybeans, sweet potatoes, 
sorghum, adzuki beans, and potatoes) rather than wetland crops 
(e.g., wet-paddy rice, which is popular in East Asia, Southeast 
Asia, and South Asia) [4]. The amount of water requirement for 
planting dryland crops is generally less than a half of that for 
planting paddy rice. Hence, planting dryland crops can 
effectively reduce the demand for groundwater, further 
avoiding occurrence of land subsidence. However, the 
operating cost for planting some dryland crops is higher than 
that for planting paddy rice. For instance, the seedling cost of 
dryland crops is two times more than that for paddy rice. In 
addition, a low degree of mechanization for dryland crops 
causes high labor cost, which is two to five times higher than 
that for paddy rice. 

The annual crop planning (ACP) is concerned about making 
an annual plan of allocating a land area for planting crops. 
Previous works have solved various ACP problems with 
mathematical programming, e.g., considering new policies [5], 
deficit irrigation [6], uncertainty [7], and possibility measure 
[8]. However, most of the previous works only focused on the 
objective of maximizing the profit earned by harvesting crops, 
but neglected the objective of minimizing the amount of water 
requirement for irrigation, which is crucial in conserving 
groundwater [9] and avoiding occurrence of land subsidence. 

In light of the above, this work proposes a two-objective ACP 
problem that allocates a land area for multiple cropping of 
dryland and wetland crops so that the total profit earned by 
harvesting crops is maximized, and the total irrigation water 
amount is minimized simultaneously. Note that this problem is 
different from the previous work in [10] that considered only 
the former objective. The constraints of the proposed ACP 
model include the constraint of the maximal land area, the 
constraint of balancing supply and demand in markets, and the 
constraint of the maximal irritation water amount. In addition, 
different from planting the same crop in the same area, crop 
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rotation (which sequentially plants various types of crops in the 
same area) is not only friendly to the environment, but also 
drastically increases the profit from harvesting crops [11]. 
Therefore, different from previous problems, the concerned 
problem additionally considers the constraint of crop rotation. 

This work establishes a mathematical programming model 
for the concerned problem. Furthermore, as a branch of 
artificial intelligence (AI), swarm intelligence (SI) [12] 
simulates a swarm of agents that search for solutions for the 
concerned problem. Particle swarm optimization (PSO) is a 
popular SI approach which simulates a swarm of particles (each 
of which is associated as a position representing a candidate 
solution), and updates each particle’s position based on a 
formula referring to the best position found by the particle so 
far (pBest) as well as the global best position found by all 
particles so far (gBest). Instead of adopting the position 
updating formula in the PSO, simplified swarm optimization 
(SSO) [13] updated each particle’s position with the following 
four operations based on four given probabilities: no change, 
setting as the pBest, setting as the gBest, and setting as a random 
position. To improve the SSO, this work further proposes a 
novel dynamic SSO (DSSO) approach to solve the concerned 
problem. The DSSO includes a novel scheme of dynamically 
adjusting the four probabilities to search for better solutions. 
Through simulation, the proposed DSSO demonstrates 
outperformance over the other SI approaches, including SSO, 
PSO, genetic algorithm (GA), and cuckoo search (CS).  

The main contributions of this work are as follows:  

 Inspired by reducing irritation water used for plating crops 
for sustainable agriculture and avoiding land subsidence, 
this work proposes a mathematical programming model for 
a novel ACP problem which allocates a land area for 
multiple cropping of dryland and wetland crops to maximize 
the total profit and minimize the total irritation water used 
for cropping. Its differences from previous problems include 
adding the objective of minimizing the total irritation water, 
constraint of crop rotation, and constraint of two 
cultivations of paddy rice.  

 This work solves the concerned problem by a novel DSSO 
algorithm, which improves the SSO with a scheme of 
dynamically adjusting the four probabilities that decides the 
operations of updating solutions. Through simulation on a 
case study, the proposed DSSO performs better than the 
SSO, PSO, GA, and CS in terms of convergence rate and 
stability, and it can obtain high quality solutions. 

II. LITERATURE REVIEW 

A. ACP 

The work in [14] considered the multiobjective crop planning 
problem, which is NP-hard; and reviewed a variety of 
algorithms for addressing this problem. The work in [5] 
developed a decision-support tool based on a multi-stage linear 
programming model that maximizes the rent return of cropping 
planning under the Common Agricultural Policy. The work in 
[6] created a liner model for multi-crop planning, in which the 
objective is to maximize the net profit of the yield produced 

over a planning horizon, under the constraints of the total land 
area, crop production quota, and water amount. The work in [7] 
developed a system based on linear programming to solve a 
complicated ACP problem with uncertain parameters such as 
randomness of irrigation patterns, market price, and policies. 
The work in [8] utilized linear programming to solve an ACP 
problem with fuzzy numbers of profit coefficients to maximize 
the income of a farm. 

The work in [15] applied PSO to optimize an agricultural 
plain with crops areas and water depletion of wells.  The work 
in [16] developed an Internet-of-Things (IoT) system based on 
GA to predict rainfall so as to decide the used volume of manual 
water supply. The work in [17] utilized a CS algorithm to 
optimize the utilization of water resources in hydropower 
station operation. The work in [10] created a model that 
maximizes the gross margin, subject to the constraints of land 
area and water allocation. Then, they solved it with some SI 
approaches, including CS, firefly algorithm (FA), glowworm 
swarm optimization (GSO), and GA; and they found that the 
CS is the best approach for the experimental instance. 

B. PSO and SSO 

Swarm intelligence (SI) is an integral part of the field of AI, 
and its idea is to adopt the collective behavior of an organized 
group of animals to address various problems. A variety of SI 
algorithms have been proposed, e.g., PSO, SSO, FA, and 
artificial bee colony (ABC) algorithm [18]. This work focuses 
on PSO and SSO, which are introduced as follows. 

The PSO is an SI approach that simulates a swarm of 
particles (in which the position of each particle represents a 
candidate solution) flying to cooperatively search for a food 
source position (representing the optimal solution). Its main 
idea is explained as follows. Consider an n-dimensional 
solution space, in which each coordinate represents a solution. 
The PSO considers a swarm of η particles, in which each 
particle κ is associated with a n-dimensional position χκ = (χκ1, 
χκ2, …, χκn) and a velocity Vκ = (Vκ1, Vκ2, …, Vκn), which are 
initialized randomly. Then, the PSO enters a main loop, in 
which the position and velocity vectors of each particle κ are 
iteratively updated as follows: 

new *
1 1 2 2( ) ( )V V c r P c r Pκ κ κ κ κω χ χ= ⋅ + ⋅ ⋅ − + ⋅ ⋅ −  (1)

new newVκ κ κχ χ= +  (2)

where ω is an inertia factor; c1 and c2 are parameters for learning 
the previous best position and the global best position found so 
far, respectively; r1 and r2 are two numbers randomly generated 
within the range [0, 1]; Pκ is the best position found by particle 
κ so far; and P* is the best position found by all particles so far. 
The main loop is repeated until the stop criteria (e.g., a maximal 
number of iterations) are achieved, and finally outputs the best 
solution found so far. 

The main idea of the classical SSO [15] is to simplify the 
formulas of updating the positions of particles in the PSO in (1) 
and (2). The SSO considers three predetermined parameters Cw, 
Cp, and Cg to divide the range [0, 1] into four subranges. 
Consider updating the ith element χκi of the position χκ = (χκ1, 
χκ2, …, χκn) of particle κ. Based on the four subranges, the 
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position element χκi is updated by the following formula:  
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where r(0, 1) is a value generated randomly within the range [0, 
1]; and LBi and UBi are the lower and upper bounds of the ith 
element of the position. That is, in Case 1, the position element 
is not modified; in Case 2, it is replaced by the ith element of 
the previous best position of particle κ (Pκ); in Case 3, it is 
replaced by the ith element of the best position (Pi

*); and in Case 
4, it is assigned to a random value within its feasible range. 

Recent works of PSO and SSO are reviewed as follows. The 
PSO has been applied in various fields, e.g., antenna design [19], 
electromagnetics [20], and cyber-physical energy-saving 
control [21]. The works much related to this work include the 
work in [22], which proposed a PSO approach to find the 
optimal reservoir operation for irrigation of multiple crops. The 
work in [23] developed a simulation optimization tool based on 
the PSO to discover the potential optimal cultivation area of 
crops with the maximal benefits in some irrigated plains. The 
work in [24] integrated a neuro-fuzzy inference system with 
ACO, GA, and PSO prediction of agricultural drought 
according to various indexes. On improving the PSO, the work 
in [25] integrated the PSO with stochastic approximation 
methods to increase the convergence rates of PSO. The work in 
[26] introduced a lot practical industrial applications based on 
the PSO and other SI approaches. On the other hand, the SSO 
has been successful in various applications, e.g., facility 
location problem [27], vehicle routing problem [28], and 
training neural networks [29]. To improve the SSO, the work in 
[30] integrated the classical SSO with an updating mechanism 
to address non-discrete data. The work in [31] combined the 
Nelder-Mead simplex with the SSO to identify parameters for 
a solar cell system. 

III. MATHEMATICAL PROGRAMMING MODEL FOR THE 

CONCERNED ACP 

This section constructs a mathematical programming model 
for the concerned ACP problem. In this problem, we play a role 
of the government authorities that are making an annual crop 
plan for a state/county-scale land, because the government 
generally can provide incentives to farmers to achieve this crop 
plan. Note that this problem is also suitable for private 
landowners that makes a crop plan for their lands. Consider that 
through planting dryland crops, the used volume of irrigation 
water may be reduced. To encourage farmers to plant dryland 
crops in some area with a high probability of land subsidence, 
this problem considers an annual mixed plan of planting 
dryland and wetland crops. Aside from maximizing the total 
profit earned by harvesting crops, this problem is also 
concerned about minimizing the irrigation water amount, to 
reduce the risk of over-pumping an enormous underwater 
volume to cause land subsidence in this area when the irrigation 
water is not sufficient to support cropping.  

Specifically, given a land area, the concerned ACP problem 
is to allocate multiple small pieces (say, plots) in this area for 
planting dryland crops (e.g., sugarcanes, tobacco, peanuts, corn, 
adzuki beans, soybeans, sorghum, sesames, and sweet potatoes) 
and wetland crops (e.g., tea and paddy rice), so that the total 
gross margin earned by harvesting crops is maximized, and the 
total irrigation water amount is minimized, under the 
constraints for the maximal land area, balancing the supply and 
demand in markets, the maximal irritation water amount, and 
crop rotation. To increase productivity in cropping, this 
problem becomes complex because the land adopts multiple 
cropping, i.e., two or more crops can be planted in the same plot. 
For instance, South China allows triple cropping, although it 
may adopt double cropping in practice for soil conservation. 

Based on the previous model in [10], the mathematical 
programming model for the concerned ACP problem is given 
with the notation in Table I.  

 
TABLE I 

NOTATIONS USED IN THE PROPOSED MATHEMATICAL PROGRAMMING MODEL. 
 

Index Definition 
k  Index of a multiple-cropping type, in which k = 1, 2, 3 if 

single-cropping, double-cropping, and triple-cropping plots 
are concerned, respectively. That is, type k allows different 
crops planted at k stages on the plots of type k. 

i  Index of a stage at which a crop is planted on plots of  type k.
j  Index of a crop planted at stage i on plots of type k. 
ω A crop index representing that this crop is the wetland rice. 

Parameter Definition 
K Number of multiple-cropping plot types.  
Mki Number of crops planted at stage i on plots of type k. 
CPkij Expected producer price ($/t) of crop j planted at stage i on 

plots of type k.  
CYkij Expected yield amount (t/ha) of crop j planted at stage i on 

plots of type k. 
OCkij Operational cost ($/ha) of crop j planted at stage i on plots of 

type k.  
WC Cost of the irrigated water ($/m3). 
RWkij The water (mm) required by crop j planted at stage i on plots 

of type k. 
Rkij Estimated rainfall (mm) during planting crop j at stage i on 

plots of type k.  
Fkij Average percentage of a land area requiring irrigation when 

planting crop j at stage i on plots of type k. 
Lki Total area of the land (ha) allocated for planting crops at stage 

i on plots of type k. 
LBkij Lower bound of the area (ha) of the land allocated for planting 

crop j at stage i on plots of type k. 
UBkij Upper bound of the area (ha) of the land allocated for planting 

crop j at stage i on plots of type k. 
T Total land area (ha) planned for cropping production. 
A The water volume (m3/ha) per hectare that can support 

irrigation of the concerned land area. 

Response 
variable 

Definition 

Bkij Gross margin earned for harvesting each hectare ($/ha) of crop 
j at stage i on plots of type k.  

IWkij Volume of the irrigated water (m3/ha) that is applied to crop j 
planted at stage i on plots of type k. 

Decision 
variable 

Definition 

Xkij Area of the land (ha) allocated to plant crop j at stage i on plots 
of type k. 

Ykij A binary decision variable deciding whether Xkij is zero, i.e., 
Ykij = 1 if Xkij > 0; otherwise, Ykij = 0. 
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This problem considers the following two objectives: 

1 1 1

Maximize  
kiMK k

kij kij
k i j

 X B
= = =

⋅  (4)

1 1 1

Minimize  
kiMK k

kij kij
k i j

 X IW
= = =

⋅  (5)

where 

kij kij kij kij kijB CP CY OC IW WC= ⋅ − − ⋅ ; (6)

( ) /1000 10000kij kij kij kijIW RW R F= − ⋅ ⋅ . (7)

Objective (4) is to maximize the total gross margin earned by 
harvesting crops, in which the gross margin Bkij for a crop is 
calculated in (6); and Objective (5) is to minimize the total 
volume of irrigation water used for planting crops, in which the 
irrigated water amount for a crop j planted at stage i on plots of 
type k is calculated in (7), depending on the weather factors of 
the land location such as rainfall. 

Note that although the previous works have considered a lot 
of factors on sustainable agriculture in their objective functions 
(e.g., optimization for soil, labors, and fertilizer), these factors 
may not effectively save water to further avoid land subsidence. 
Hence, this work combines objectives of the total gross margin 
earned and the total used volume of irrigation water, i.e., 
simultaneously considering the economic aspect and saving 
water to effectively solve the problem of land subsidence. 

This problem considers the following constraints: 

1

, ,
kiM

kij ki
j

X L k i
=

≤ ∀ 　  (8)

, ,kij kij kijLB X UB k i j≤ ≤ ∀,　  (9)

1 1 1

kiMK k

kij kij
k i j

X IW T A
= = =

⋅ ≤ ⋅  (10)

0 , ,kij kijX B k i j⋅ ≥ ∀,　  (11)

, ,kij kij kijY X X k i j  = − ∀   ,　  (12)

( 1) ( 1) ( 2)( ) ( ) 2, 3, ,kij k i j k i j k i jY Y Y Y k i j+ + ++ ⋅ + ≤ ∀ ≥　  (13)

1 2k kY Y kω ω≥ ∀,　  (14)

0, , 3kjX k jω = ∀ ≥　  (15)

Constraint (8) enforces that the total area of the land allocated 
for planning crops at stage j on plots of type k must not exceed 
the maximal area Lki. Constraint (9) enforces the decision 
variable Xkij between two bounds. Constraint (10) enforces that 
the total irrigated water volume must not exceed the maximal 
irrigated water volume that can be applied (T ⋅ A). Note that this 
constraint aims to avoid using too much groundwater when the 
surface water is not enough for irrigation, and further to avoid 
land subsidence. Constraint (11) enforces that the gross margin 
for plating each crop must not be negative. Constraint (12) is 
used to determine the value of the decision variable Ykij. 
Considering crop rotation, Constraint (13) enforces that any 
crop must not be planted at more than two consecutive stages, 
so as to maintain soil quality.  

Paddy rice allows triple cropping, but its production at the 
second stage is less than that at the first stage and becomes 
much less if it is planted only at the second stage but not at the 
first stage. Hence, Constraint (14) enforces that if paddy rice is 

planted at the first stage, then it can be planted at the second 
stage; otherwise, it cannot. Furthermore, considering that paddy 
rice has a small production amount at the third stage (i.e., in fall 
or winter), Constraint (15) enforces that paddy rice cannot be 
planted at the third or later stages. 

The differences of the proposed model from the previous 
model in [10] are listed as follows: 

 Different from the previous model that only considered a 
single objective of maximizing the total gross margin earned 
by harvesting cropps in (4), the proposed model additionally 
considers the objective of minimizing the total irrigation 
water volume adopted for planting crops in (5), inspired 
from sustainability and avoidance from land subsidence.  

 The proposed model additionally considers the constraint of 
crop rotation in (13), which is friendly to the environment. 

 The proposed model additionally considers the practice of 
planting paddy rice in multiple cropping. For maintaining 
high productivity in practical multiple cropping, paddy rice 
cannot be planted at the second stage without being planted 
at the first stage in (14); and it cannot be planted at the third 
and later stages in (15). 

IV. PROPOSED DSSO FOR THE CONCERNED ACP 

This section proposes a novel DSSO approach for the 
concerned ACP problem abovementioned. Different from the 
PSO approach that adopts a formula to update a particle’s 
position to search for solutions, the classical SSO approach [15] 
is to simply set four fixed probabilities to select the operation 
of setting a particle’s position (i.e., no change, and setting as 
pBest, gBest, and a random position). Different from the 
classical SSO approach, the proposed DSSO approach includes 
a novel scheme of iteratively and dynamically adjusting the four 
probabilities of selecting the position updating operations based 
on the performance of the adopted operations. Later 
experimental results will show outperformance of this scheme. 

The proposed DSSO is given in Algorithm 1. The main 
components designed in the DSSO are detailed as follows. 

 
Algorithm 1 DSSO
  1: For κ ∈ {1, 2, …, η}, each particle κ is associated with three variables 

Cwκ, Cpκ, and Cgκ, which are initialized so that 0 < Cwκ < Cpκ < Cgκ < 1 
  2: for k = 1, 2, …, η do 

3:  Initialize the position  of particle κ, and evaluate its 

fitness f(χκ) 
4:  If , then  to satisfy Constraint (14) 

5:  Update the best position  of particle κ found so far as the 

same position of χk, and record the corresponding fitness f(Pκ) 
6:  Update  as the best position found by all particles so far, 

and record the corresponding fitness f(P*) 
7: next for
8: while the maximal iteration number τ is not achieved do 
9:  for κ = 1, 2, …, η do 

10:   Initialize all counter variables nwκ = npκ = ngκ = nrκ = 0 
11:   while  each  in  is not considered do 

12:    if r(0, 1) ≥ Cgκ then 
13:     ( , )kij j jX r LB UBκ =  

14:     nrκ = nrκ + 1 

( )kijX κ
κχ =

1 0kX κ
ω = 2 0kX κ

ω =

( )kijP Pκ
κ =

* *( )kijP P=

kijX κ X κ
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15:    else if r(0, 1) ≥ Cpk then 
16:      

17:     ngκ = ngκ + 1 
18:    else if r(0, 1) ≥ Cwk then 
19:      

20:     npκ = npκ + 1 
21:    else  
22:     nwκ = nwκ + 1 
23:    end if 
24:   end while 
25:   If , then  to satisfy Constraint (14) 

26:   Evaluate the fitness f(χκ) of particle κ 
27:   Update the best position Pκ of particle κ found so far 
28:   Update the best position P* found by all particles so far 
29:   Adjust Cwκ, Cpκ, and Cgκ by (18), (19), and (20), respectively
30:  next for 
31: end while 

A. Solution representation 

In the DSSO, the position of a particle represents a solution 
for the concerned ACP problem. Specifically, the position χκ of 
particle κ is represented as follows: χκ =  

excluding the Xkjω’s in Constraint (15), in which  is the 

decision variable of the concerned ACP problem, representing 
the land area of planting crop j at stage i in plots of type k for k 
∈ {1, 2, …, l}, i ∈ {1, 2, …, Nk}, and j ∈ {1, 2, …, Mki}. 

B. Fitness evaluation 

Given the position χκ of a particle κ, the performance of the 
position is evaluated by the following fitness function: 

1 1 1 1 1 1

( ) ( / )
ki kiM MK k K k

k kij kij kij kij
k i j k i j

f X B UB Bχ λ
= = = = = =

= ⋅ ⋅ ⋅   

1 1 1

               (1 ) ( )
kiMK k

kij kij
k i j

T A X IWλ
= = =

+ − ⋅ ⋅ − ⋅  

1 1 1

              / ( )
kiMK k

kij kij
k i j

T A LB IW
= = =

⋅ − ⋅  

1
,

1

              max( ,0)
kiM

kij ki
k i

j

X Lδ
∀ =

− ⋅ −  

2
1 1 1

              max( ,0)
kiMK k

kij kij
k i j

IW X T Aδ
= = =

− ⋅ − ⋅  

3
, ,

              max( ,0)kij kij
k i j

B Xδ
∀

− ⋅ −  

4 ( 1) ( 1) ( 2)
3, ,

         max (2 ( ) ( ),0)kij k i j k i j k i j
k i j

Y Y Y Yδ + + +∀ ≥
− ⋅ − + ⋅ +

(16)

where λ is the weight of the first objective (4), for λ ∈ [0, 1]; 
and δ1, δ2, δ3, and δ4 are the costs of penalizing Constraints (8), 
(10), (11), and (13), respectively. That is, the above fitness 
function is the weighted sum of two normalized terms for 
Objectives (4) and (5), plus the penalty costs for all constraints. 

The first and second terms in the fitness function (16) are 
detailed as follows. In the fraction of the first term, the 
numerator is Objective (4) (i.e., the total gross margin); and the 
denominator is the upper bound of the total gross margin, used 
for normalization. Hence, this fraction falls in the range [0, 1]. 
On the other hand, Objective (5) is expected to be minimized, 
but the fitness function is expected to be maximized. Hence, in 
the fraction of the second term, the numerator is a to-be-
maximized measure equal to the difference of the maximal 

irrigated water volume T ⋅ A from Objective (5) (i.e., the 
remaining irrigation water amount); and similarly to the first 
term, the denominator is user for normalization. Then, λ ∈ [0, 
1] makes the composed weighted value of the first and second 
terms of the fitness function within range [0, 1]. 

C. Position updating 

As mentioned in Section II, the classical SSO employs three 
predetermined parameters Cw, Cp, and Cg to divide the range [0, 
1] into four subranges. Different from the classical SSO, the 
proposed DSSO allows them to be dynamically adjustable; and 
each particle κ is associated with three of such variables, and 
hence, we denote them as Cwκ, Cpκ, and Cgκ. That is, the 
classical SSO adopts 3 fixed parameters; whereas the proposed 
DSSO adopts 3 × η control variables. Note that the 3 × η 
control variables are adjusted dynamically at the end of each 
iteration of the DSSO main loop, which will be detailed in the 
next subsection. 

Therefore, based on the three control variables Cwκ, Cpκ, and 
Cgκ to divide the range [0, 1] into four subranges, the ith element 
χκi of the position χκ = (χκ1, χκ2, …, χκn) of particle κ is updated 
as follows: 

w

w pnew

*
p g
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(17)

D. Updating dynamical control variables 

At the end of each iteration of the main loop of the DSSO, 
the three control variables Cwκ, Cpκ, and Cgκ of each particle κ 
are adjusted accordingly. These control variables divide the 
range [0, 1] into four subranges. Let nwκ denote the total number 
of times the subrange [0, Cwκ) in (17) was adopted by the n 
position elements of particle κ. Similarly, npκ, ngκ, and nrκ are 
defined for subranges [Cwκ, Cpκ), [Cpκ, Cgκ), and [Cgκ, 1], 
respectively. In Algorithm 1, Line 10 initializes the four counter 
variables; and Lines 14, 17, 20, and 22 iteratively update the 
four counter variables, respectively. At the end of the main loop, 
Line 29 adjusts them as follows: 

new
w w w( ) / (1 )C C n nκ κ κ= + ⋅Δ + ⋅Δ  (18)

new
p p w p( ( ) ) / (1 )C C n n nκ κ κ κ= + + ⋅Δ + ⋅Δ  (19)

new
g g w p( ( ) ) / (1 )gC C n n n nκ κ κ κ κ= + + + ⋅Δ + ⋅Δ (20)

where n = nwκ + npκ + ngκ + nrκ; Δ is a given step parameter, 
which is generally set as a very small number. The idea of the 
above design is explained as follows. See the three axes in Fig 
1, which shows the three control variables in iteration t, 
temporary computation, and iteration t + 1.  

From iteration t to temporary computation in Fig. 1, each 
control variable increases by a step depending on the times that 
the corresponding case is adopted. Note that nwκ + ngκ + ngκ + 
nrκ = n. However, the total range in temporary computation is 
extended to 1 + n Δ. Hence, the three control variables are 
divided by 1 + n Δ so that they shrink with the same proportion 
within the range [0, 1]. 

*
kij kijX Pκ =

kij kijX Pκ κ=

1 0kX κ
ω = 2 0kX κ

ω =

( )| , ,kijX k i jκ ∀

kijX κ
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Fig. 1.  Illustration of updating dynamical control variables. 

V. EXPERIMENTAL RESULTS 

A. Experimental case and environment 

The experiments in this work are conducted on a problem 
instance based on the real data in Yunlin (County), Taiwan. 
Yunlin is one of the most affected countries that suffer from 
land subsidence [32]. Yunlin belongs to the Chianan Plain, 
which is the largest plain in Taiwan and is well-known for its 
agriculture. Yunlin is separated from other counties by the 
Zhuoshui River (the longest river in Taiwan) and the Beigang 
River, which have much potential for hydroelectricity. The area 
of Yunlin is 1,290.83 km2, and about 68% of the area in Yunlin 
is used for agriculture (including farming and fishing ponds). 
Note that although this section shows the experimental analysis 
on a real data in Yunlin, the proposed DSSO can also be used 
to solve the ACP problems using other-size data instances. 

As a large-scale agricultural county and with the largest 
agricultural production value, Yunlin requires an enormous 
water amount to support agriculture. However, since the surface 
water in Yunlin is not enough to supply all the demand from the 
agricultural industry, the groundwater is over-pumped, so that 
the stratum keeps sinking. Whenever it rains heavily, flooding 
results in enormous loss of agricultural products. In addition, 
potential land subsidence could destroy crucial infrastructures 
(e.g., high-speed railways and freeways), further causing the 
loss of casualties and property. 

There are 14 common crops planted in Yunlin, and the 
statistics of production and irrigation water of the 14 crops in 
Yunlin [33] are detailed in Tables II and III, respectively. In 
addition, suppose that Fkij = 100% for any k, i, j. Note that NT$ 
is a stable currency, and US$ 1 has been about NT$ 28–32. 

On the crop type in Table II, the crops that are planted for the 
whole year include ‘yearly’ and ‘perennial’ crops, which are 
denoted by ‘Y’ and ‘P’, respectively. Seasonal crops that are 
planted in a season include ‘spring’, ‘fall’, and ‘winter’ crops. 
The ‘double-cropping’ crop that is planted in two seasons (i.e., 
one is spring, and the other is fall or winter) is denoted by ‘D’. 
The crop that can be planted at ‘any season’ is denoted by ‘A’. 
Although Yunlin allows triple-cropping, it generally allows 
only double-cropping. Hence, in Table II, the crops of type ‘Y’ 
and ‘P’ are planted with only one stage; and the crops of the 
other types can be planted at either one of two stages in our 
proposed DSSO. Note that for the crop type ‘D’, the ‘planting 
area’ counts the areas planted at two stages, and hence, the 
lower and upper bounds of a planting area at stage (LBkij and 
UBkij) are about a half of the ‘planting area’ in Table II. 

TABLE II. 
STATISTICS OF PRODUCTION OF 14 CROPS IN YUNLIN 

 

Crop Type
Planting 
area (ha)

LBkij (ha) UBkij (ha) CY (t/ha) CP (NT$)

Refined 
sugarcane

Y 2,828.00 1,414 4,242 55.856 964

Fresh 
sugarcane

Y 64.52 30 100 92.405 10,510

Tea P 367.52 180 550 0.947 507,370
Paddy rice 
(1st stage)

S 30,353.16 30,250 30,450 8.635 27,526

Paddy rice 
(2nd stage)

F 14,298.75 14,200 14,400 6.777 27,526

Tobacco W 56.42 30 85 2.081 207,410
Peanut D 15,616.47 7,700 7,900 2.96 53,570

Green corn D 508.72 125 375 4.67 8,970
Field corn D 6,117.49 1,500 4,500 8.45 18,880

Adzuki bean D 0.36 0.09 0.27 0.917 64,370
Soybean D 164.86 40 120 1.609 41,000
Sorghum D 0.93 0.2325 0.6975 3.796 26,000
Sesame D 34.27 9 27 0.502 215,270

Sweat potato A 4,075.33 1,000 3,000 24.772 13,230

 
TABLE III. 

STATISTICS OF IRRIGATION WATER OF 14 CROPS IN YUNLIN 
 

Crop RWkij – Rkij (mm) IWkij ⋅ WCkij (NT$/ha) OCkij (NT$/ha)
Refined 

sugarcane 
101.66 1,763.82 42,755

Fresh 
sugarcane 

101.66 1,763.82 637,164

Tea 2,195.84 38,097.75 368,690
Paddy rice 
(1st stage) 

2,019.44 35,037.28 88,136

Paddy rice 
(2nd stage)

1,663.86 28,868.04 80,392

Tobacco 1,389.41 24,106.32 300,998
Peanut 1,389.41 24,106.32 117,094

Green corn 1,389.41 24,106.32 10,816
Field corn 1,389.41 24,106.32 111,978

Adzuki bean 1,389.41 24,106.32 6,950
Soybean 1,389.41 24,106.32 23,366
Sorghum 1,389.41 24,106.32 41,152
Sesame 1,389.41 24,106.32 31,220

Sweat potato 1,389.41 24,106.32 134,152
 

The other parameters in the model are set as follows. The 
total planting area T is 80,042 ha. The maximal irrigation water 
amount A per hectare per year is 15,381 m3/ha/y. The water cost 
WC is NT$ 1.735/m3. The total land area for planting yearly 
crops (i.e., those of types ‘Y’ and ‘P’) is 3,260 ha. The total land 
area for crops of type ‘S’ and the crops of type ‘D’ planted at 
the first stage is 43,612 ha. The land area for crops of type ‘F’ 
or ‘W’ and the crops of type ‘D’ planted at the second stage is 
27,614 ha. The DSSO is implemented in C++, and runs on a PC 
with an Intel i5-3470 CPU @ 3.20 GHz and 8-GB RAM. 

B. Parameter analysis 

This section conducts experiments under various settings of 
parameters of the DSSO. First, the DSSO for the concerned 
two-objective ACP problem adopts the parameter λ ∈ [0, 1] to 
control the weight of the first objective. The comparison of the 
experimental results under different λ values is shown in Table 
IV, which includes the ‘fitness’ results, the ‘gross margin 
earned’ (i.e., the first objective), and the ‘irritation water used’ 
(i.e., the second objective) for planting crops with respect to 
each λ value.  

Iteration t 
      Cwκ                       Cpκ                Cgκ         1 

Iteration t + 1 

                                                                                   1 + n Δ

    

+ nwκ Δ 

Temporary 
computation 

+ n Δ+ (nwκ+npκ)Δ 
+ (nwκ+npκ+ngκ) Δ 
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TABLE IV. 
COMPARISON OF RESULTS UNDER DIFFERENT λ VALUES 

 

λ Fitness Gross margin earned (NT$) Irritation water used (m3)
0.0 0.976804 5,282,324,480 34,384 
0.1 0.984330 5,282,308,608 36,176 
0.2 0.969174 5,305,536,512 107,216 
0.3 0.954358 5,305,536,512 107,216 
0.4 0.939553 5,305,530,368 105,424 
0.5 0.924735 5,305,529,856 105,296 
0.6 0.909916 5,305,530,368 105,424 
0.7 0.895100 5,305,527,808 104,656 
0.8 0.880279 5,305,529,856 105,296 
0.9 0.901736 5,997,448,704 57,224,016 
1.0 0.976804 6,092,413,952 89,853,264 
 

When λ = 1.0 (i.e., only the gross margin earned is 
concerned), the result with the maximal gross margin (i.e., NT$ 
6,092,413,952) is obtained, but it causes the maximal irritation 
water used (i.e., 89,853,264 m3). To the other extreme, when λ 
= 0.0 (i.e., only the irrigation water used is concerned), the 
result has the minimal irrigation water (i.e., 34,384 m3) and the 
minimal gross margin (NT$ 5,282,324,480). The results when 
λ is between 0.2 and 0.8 have similar irrigation water used. 
Hence, we set λ = 0.5 (i.e., the two objectives are treated equally) 
for the later experimental results. Although the results between 
λ = 0 and λ = 1 are not linear, the λ value indeed influences the 
results in terms of the two objectives. The user can flexibly 
adjust the λ value according to the practical requirement. 

To find the best initial values of control variables Cw, Cp, and 
Cg, we consider all of their combinations in {0.05, 0.10, 0.15, …, 
0.95}, i.e., selecting 3 value from the 19 values and resulting in 

19
 3( ) 969=  combinations. Among all combinations, the 

experimental results when Cw = 0.05 and Cg = 0.95 are best. 
Hence, Table V gives comparison of best, average, worst, and 
the standard deviation of the experimental results running 100 
times of the DSSO under some combinations of the initial value 
of control variable Cp when Cw = 0.05 and Cg = 0.95; the 
number of particles η is 20; and number of iterations τ is 10000. 
From Table V, the best average fitness among all combinations 
of DSSO is 0.924860 under (Cw, Cp, Cg) = (0.05, 0.85, 0.95). 

TABLE V. 
COMPARISON OF RESULTS EXECUTING 100 TIMES OF THE DSSO UNDER 

DIFFERENT INITIAL VALUES OF CONTROL VARIABLES 
 

Cw Cp Cg Best fitnes Average fitness Worst fitness StdDev
0.05 0.70 0.95 0.924903 0.924859 0.924796 0.000474
0.05 0.75 0.95 0.924903 0.924859 0.924796 0.000313
0.05 0.80 0.95 0.924903 0.924859 0.924796 < 10–6

0.05 0.85 0.95 0.924903 0.924860 0.924800 < 10–6

0.05 0.90 0.95 0.924903 0.924859 0.924819 < 10–6

0.05 0.95 0.95 0.924326 0.923624 0.923190 0.000710
 

Similar analyses on the step parameter Δ used in the 
dynamical probability adjustment scheme and the number of 
particles η are conducted. It is concluded that, on average, the 
best fitness is obtained under Δ = 10–7 and η = 80. 

C. Convergence analysis 

With the parameter (Cw, Cp, Cg) = (0.05, 0.85, 0.95) based on 
the results in last subsection, the plots of fitness versus number 
of iterations under four Δ values (i.e., 10–3, 10–5, 10–7, and 10–9) 
are shown in Fig. 2. From Fig. 2, all cases tend to converge, and 

the case under (Cw, Cp, Cg, Δ) = (0.05, 0.85, 0.95, 10–7) obtains 
the best solution. 

 
Fig. 2. Convergence analysis of DSSO. 

D. Stability analysis 

To analyze stability of the proposed DSSO, Fig. 3 shows the 
results of 100 runs of the DSSO in three cases in which (Cw, Cp, 
Cg) is set as (0.05, 0.85, 0.95) based on the results in Subsection 
IV-B, and Δ is set as four values (i.e., 10–3, 10–5, 10–7, and 10–9, 
respectively). From Fig. 3, the results in all cases are stable. 
Although the results when Δ = 10–3 look relatively unstable as 
compared to the other cases, the difference between highest and 
lowest fitness is still small (< 0.003). 

 
Fig. 3. Comparison of the results of 100 runs of the DSSO under four settings. 

E. Comparison with classical algorithms 

This subsection compares the experimental results of the 
proposed DSSO with classical algorithms, including SSO, PSO, 
GA, and CS. After a lot of experimental trials, the parameters 
of these algorithms are set as their respective best settings. In 
addition, the number of iterations in each algorithm is the same 
(10,000), and the population size (i.e., particles in DSSO, SSO, 
and PSO; chromosomes in GA; cuckoos in CS) is the same (80). 
The experimental results using these algorithms are compared 
in Table VI. From Table VI, in all cases, the DSSO performs 
better than the others in terms of all measures, including the best 
fitness, average fitness, worst fitness, and standard deviation of 
100 times of experimental results. 

TABLE VI.  
COMPARISON OF RESULTS USING DSSO, SSO, PSO, GA, AND CS UNDER 

DIFFERENT NUMBERS OF PARTICLES AND ITERATIONS 
Method Best fitness Average fitness Worst fitness StdDev 
DSSO 0.924901 0.924863 0.924806 0.000358 
SSO 0.924897 0.924860 0.924791 0.000373 
PSO 0.924878 0.917930 0.851715 0.011566 
CS 0.913253 0.887307 0.850666 0.014765 
GA 0.924219 0.923489 0.923433 0.000190 

 

0.9240

0.9242

0.9244

0.9246

0.9248

0.9250

0 2,000 4,000 6,000 8,000 10,000

F
it

ne
ss

Iteration

10^-3
10^-5
     10^-7
10^-9

Δ = 10-3

Δ = 10-5

Δ = 10-7

Δ = 10-9

0.9245

0.9246

0.9247

0.9248

0.9249

0.9250

0 10 20 30 40 50 60 70 80 90 100

F
it

ne
ss

Run No.

     10^-3
10^-5
10^-7
10^-9

Δ = 10-3

Δ = 10-5

Δ = 10-7

Δ = 10-9



8 
 

Fig. 4 is the stability analysis of 100 times of experimental 
results using DSSO, SSO, PSO, GA, and CS. The boxplots for 
the 100 times of experimental results are shown in Fig. 5. From 
Fig. 4 and Fig. 5, DSSO, SSO, and CS are stable (i.e., the 
difference between highest and lowest fitness is small (about 
10–4)), but PSO and GA seem relatively unstable (i.e., the 
difference between highest and lowest fitness is large (> 0.06)). 
 

 
Fig. 4. Comparison of the results of 100 runs of DSSO, SSO, PSO, GA, and CS. 

 
Fig. 5. Boxplot of the 100 results using DSSO, SSO, PSO, CS, and GA. 

VI. CONCLUSION 

For sustainability of agriculture, planting dryland crops in 
vulnerable land areas can effectively reduce the demand for 
irrigation water and further decrease the risk of land subsidence, 
which may destroy infrastructures. This work has created a 
mathematical programming model for the ACP that allocates a 
land area for planting dryland and wetland crops so that both 
the total profit earned and the total irrigation water amount are 
optimized, under some practical constraints. This work further 
proposes a novel DSSO to solve this problem. The DSSO 
improves the classical SSO with a scheme of dynamically 
adjusting the four probabilities that decides the operations of 
updating solutions. Experimental results on a real case shows 
that the proposed DSSO performs better than the other 
approaches of SI (including SSO, PSO, GA, and CS) in all 
combinations of parameters. This work is helpful for 
government agencies in agriculture or agricultural businesses in 
practice. With the required parameters of the proposed model, 
they can efficiently produce profitable ACP results for planting 
crops in vulnerable land areas to avoid land subsidence. 

Recently, many-objective optimization problems (i.e., those 
with more than three or four objectives) have received much 
attention [34]. Therefore, a line of the future work is to consider 
a variety of additional objectives, e.g., optimizing labor, 
pollution, carbon emissions, soil, fertilizer, and uncertainty. In 

addition, it would be of future interest to investigate various 
cropping methods in the model, e.g., inter-cropping and 
companion cropping. It would also be interesting to consider 
mixed cropping methods in the same plots. With advance in 
development of the IoT and 5G, another line of future work is 
to conduct more precise analysis of the ACP through using 
advanced AI algorithms to analyze the data collected. 
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