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Abstract: In recent years, remote sensing data have gradually shown a trend towards
big data. The cost of the efficient storage, transmission, and processing of multi-source
massive remote sensing data is very high. In practical applications, it is usually necessary
to screen out data that meet specific coverage requirements from a large amount of remote
sensing data, which can be regarded as a set covering problem. The traditional manual
screening method is time-consuming and labor-intensive, making it difficult to meet the
needs of large-scale information processing and analysis tasks across multiple fields. To
improve the screening efficiency, people usually adopt the greedy algorithm for data
screening, which may lead to becoming trapped in a local optimal solution. In this paper,
an improved electromagnetism-like mechanism algorithm is proposed to solve the optimal
screening problem of remote sensing data, using the tent chaotic map to construct the
initial population, combining with a new local search strategy, and introducing the idea
of differential evolutionary algorithm. The experimental results show that the improved
algorithm has significant advantages in the optimal screening problem of massive remote
sensing data. Compared with the greedy algorithm, the optimal solution of the improved
algorithm is increased by about 9.78% on average. Compared with the original algorithm,
it can search for the global optimal solution more quickly and has better robustness.

Keywords: remote sensing image; optimization; set covering problem; electromagnetism-like
mechanism algorithm; tent chaotic map; differential evolution algorithm

1. Introduction

With the development of technology and the increasing number of launched satellites,
remote sensing data have gradually shown the characteristics of high resolution, multi-scale,
multi-temporal, multi-spectral, and global coverage, and the order of magnitude develops
from GB to TB to PB nowadays, presenting the trend of big data and sea quantization [1,2].
The so-called “sea quantification” here refers to the fact that the amount of data has reached
an extremely large degree, beyond the scope of traditional data processing capabilities.
This has brought great potential for remote sensing applications, but also posed challenges
in data processing and analysis.
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The storage of massive remote sensing data requires huge storage space and high-
performance storage devices. Traditional storage architecture makes it difficult to meet
the long-term storage and fast access requirements of such large-scale data. For example,
in some large remote sensing data centers, in order to store the ever-growing data, a large
amount of money needs to be continuously invested in expanding storage equipment.
At the same time, data transmission is also faced with difficulties. Transmitting remote
sensing data from the collection end to the processing center or the user end requires a
high-bandwidth network support, or else it will lead to serious data transmission delays,
which affects the timeliness of the data. If the massive remote sensing data are analyzed
directly, the consumption of computing resources is huge and the analysis efficiency is
extremely low. When classifying large-scale remote sensing images, without data screening,
traditional classification algorithms may take hours or even days to complete the processing.
Moreover, redundant information and noise in the data will interfere with the training and
prediction of the analysis model and reduce the accuracy of the analysis results. In the face
of the above challenges, how to quickly and effectively screen out the data with application
value from the massive amount of remote sensing data has become a challenging and
practical application research direction.

With the increasing diversity of remote sensing data sources, the data volume is huge
and the spatial distribution is unbalanced. At home and abroad, the retrieval of remote
sensing data is carried out based on conditions such as spatial range, data source, imaging
time range, and cloud cover. Among them, the retrieval of the spatial range includes
retrieval based on administrative regions, custom-defined regions, longitude and latitude,
etc. [3]. However, the number of entries in the query results usually reaches hundreds or
even thousands. If users want to carefully screen out the ideal results, they need to rely on
manual further selection, which is time-consuming and labor-intensive, seriously affecting
the efficiency of users in using remote sensing data. In various monitoring and analysis
application scenarios, solving the optimal screening problem enables us to obtain key
information more quickly. For instance, after regional natural disasters such as earthquakes,
floods, and typhoons occur, it is particularly important to quickly obtain the latest phase
of remote sensing imagery covering the affected area. These image data can help decision
makers identify the extent of damage to the affected area, the destruction of infrastructure,
and the evacuation needs of people, thus providing an important basis for effective post-
disaster rescue. In the field of agricultural monitoring, quickly screening out the key images
reflecting the growth status of crops is of vital importance for promptly grasping the health
and growth trends of crops. This allows farmers and agricultural managers to take timely
and effective management measures to ensure agricultural production. In addition, this
efficient screening method is equally applicable to a variety of other monitoring scenarios,
such as environmental monitoring and urban planning. Therefore, how to obtain the
minimum amount of data that meets the requirements from a large number of repeatedly
covered data is an urgent issue to be addressed in the early stage of data production. This
is related to subsequent data processing and analysis.

The remote sensing data optimization screening problem is to select fewer image
data of superior quality under the constraint of maximizing the coverage of the target
region and can be viewed as a set covering problem (SCP) [1,4]. The SCP is a classical
NP-complete problem, and to date, all NP-complete problems have not been solved in
polynomial algorithmic time [5]. The SCP has been extensively explored in the fields of
optimization and mathematical planning, with initial work relying on the proper use of
branch-and-bound and branch-and-cut algorithms, exact methods which are often unable
to deal with large instances of the SCP [6]. There are also those who have proposed the
greedy algorithm. However, because it adheres to fixed and predetermined rules, it may
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be limited in the process of searching for the optimal solution and is likely to be trapped
in local optimal solutions. The SCP is widely applied in various fields, including facility
location [7-9], base station deployment in wireless communication networks [10], and crew
scheduling for railway and public transportation companies [11].

With the development of computer technology and intelligent algorithms, many
scholars began to try to apply intelligent optimization algorithms to a wide variety of
optimization problems. For example, ant colony optimization [12], tabu search [13], simu-
lated annealing [14], and the genetic algorithm [15] have been widely proposed to solve
the classical SCP. Recent metaheuristics for solving this problem can also be found in the
literature, e.g., firefly optimization [6,16], cat swarm optimization [17], the shuffled frog
leaping algorithm [18,19], and the electromagnetism-like mechanism algorithm [11], etc.
These algorithms have demonstrated unique advantages and potential in solving various
optimization problems such as the SCP. Each algorithm draws inspiration from different
natural phenomena or biological behaviors, providing diverse ideas for solving complex
problems. In this paper, the EM algorithm is chosen to solve the optimal screening prob-
lem of remote sensing data. The Electromagnetism-like mechanism (EM) algorithm is an
intelligent optimization algorithm proposed by Birbil et al. in 2003 [20]. Based on the
principles of electromagnetism, it regards each solution as a charged particle and conducts
the search according to the action of electromagnetic forces. The electromagnetic forces not
only guide the particles to approach the currently known better solutions but also subject
the particles to the combined influence of the charges of other particles, forming a dynamic
and multi-directional search force. This search method enables the EM algorithm to explore
and balance more effectively among different local optimal regions during the optimization
process. It does not simply gather towards a single global optimal direction or a local
optimal region. The EM algorithm features a simple structure, a fast convergence speed,
easy implementation, and a small number of parameters to be adjusted. It can not only be
used as an independent optimization algorithm to solve problems but also easily absorb
the advantages of other algorithms and be combined with other algorithms to form new
optimization algorithms [21]. The innovations of this paper regarding the EM algorithm are
as follows: (1) The initial population is generated by using the tent chaotic map, which is a
chaotic map model based on segmented linear functions, and is named because its function
image resembles a tent. (2) A new local search strategy is combined and an additional
heuristic operator is employed to generate feasible solutions. A heuristic feasibility operator
is some operation or rule designed to guide the search process according to the particular
situation of the problem. (3) The idea of the differential evolutionary (DE) algorithm is
introduced. The differential evolutionary algorithm is an evolutionary algorithm based on
population differences. It uses the difference information between individuals to guide the
search direction by performing differential variation, crossover, and selection operations
on the individuals in the population, constantly updating the population, and making the
population evolve in the direction of higher fitness to find the optimal solution.

The structure of this paper is as follows: Section 2 gives a brief overview of the SCP,
describes in detail the process of transforming the remote sensing data optimization screen-
ing problem into solving the SCP, introduces the classical EM algorithm, discusses the
problems that need to be noted when applying the algorithm to SCP, and proposes an
improved EM algorithm to solve the remote sensing data optimization screening problem.
Section 3 presents the experimental data, and the experimental results obtained from dif-
ferent experimental design schemes are compared and analyzed to verify the effectiveness
of the improved EM algorithm to solve the remote sensing data optimization screening
problem, and the code encapsulation is achieved. Finally, Section 4 summarizes the paper.
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2. Methodology

Figure 1 shows the technical roadmap of this study. Firstly, the remote sensing data

optimization screening problem is transformed into solving the minimum SCP. Then, the

classical EM algorithm is improved and applied to solve the SCP. Finally, the optimal image

combination data after screening is obtained.
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Figure 1. Technology roadmap.

2.1. Transforming the Problem into Solving a SCP

The SCP is a classical problem in combinatorial optimization. Given a set U (known as

the universal set) and a collection S = {51, Sy, ..., Sy } consisting of a number of subsets of

U, the objective is to find a subset C of S such that the union of all subsets in C is equal to

the universal set U, and the size of C (number of elements) is as small as possible. The idea

of solving this problem is to select some columns from a 0-1 sparse matrix A = (aij)mxn

with m rows and n columns to cover all rows while minimizing the sum of the costs of the

selected columns. The corresponding mathematical formulation is as follows:
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In the above formula, ¢; represents the cost of column j. In this study, we set the cost of
each column to be the same (i.e., ¢j= 1); X; is taken as 0 or 1, with 0 indicating that column j
is not selected and 1 indicating that column j is included in the solution; a;j represents the
values of the ith row and jth column of the 0-1 sparse matrix A = (al-]-)mxn, where a;j =0
means that the jth column does not cover the ith row, and ajj = 1 means that the jth column
covers the ith row.

ArcGIS (The version used in this study is 10.7.1) , as the mainstream geographic
information software, is widely used in data processing [22], and can realize the batch
processing of remote sensing images through the model builder. The specific process of
transforming the remote sensing data optimization screening problem into solving the SCP
is as follows:

(1) We obtain all image datasets intersecting the target region by spatial queries and
performing a simple conditional filtering to obtain the initial datasets.

(2) The effective range of each view image is utilized so they cut one another and the
same items are removed to obtain the fragments that do not overlap each other as a
candidate sets.

(38) The spatial join of the cropping result and the set of fragmented geometric elements is
performed to obtain the fragmentation information contained in each view image.

(4) The data are preprocessed to simplify the research problem.

After the above steps, the remote sensing data optimization screening problem has
been transformed into solving the SCP. At this time, the columns refer to the data of each
view, and the rows covered by the column refer to the fragments contained in the images
of each view.

2.2. Classical EM Algorithms

The EM algorithm consists of four phases, i.e., particle initialization, local search,
charge and force calculation, and moving particle along the direction of the resultant force.
The flowchart of the algorithm is shown in Figure 2.

Step 1: Particle initialization. Initialization is performed to randomly select a certain
number of points from the known feasible domain as the initial particles, then calculate
the objective function value f(x;) for each particle, and denote the particle with the best
objective function value as Xpq;.

Step 2: Local search. The local search is performed on a single particle and is used
to improve the solution already searched by the population. The local search used by the
basic EM algorithm is the simplest linear search, where each dimension of the population’s
current optimal particle x4 is searched in a certain step size, and the current optimal
particle is updated once a better solution is found.

Step 3: Charge and force calculation. Firstly, the charge Q; of particle i is calculated as
in Equation (4), and then, the resultant force F; of each particle is calculated by imitating the
formula of force in electromagnetic field (see Equation (5)). Of the two particles, the particle
with the smaller value of the objective function attracts the other particle and, vice versa,
repels it.

Qi =expq —nx f(xi) = f (xbest) Vi @

Z [f(xk) - f(xbest)]

k=1

As can be seen from Equation (4), the smaller the value of the objective function,
the greater the charge carried by the particles and the stronger their attraction. The charge
carried by each particle in the population is not positive or negative, which is different
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from the charged particles in a real electromagnetic field, and the charges calculated in this
algorithm are all positive numbers belonging to the interval (0, 1]. The EM algorithm takes
the size of the objective function value between particles as the standard to determine the
direction of force between particles, and also, based on Coulomb’s law in electromagnetic
theory (the force exerted by a particle by other particles is inversely proportional to the
square of the distance between particles and is proportional to the product of the number
of charges they carry), synthesizes the formula of the resultant force F; acting on the particle
i, which is given in the following formulas:

i (%) *xi)ﬁ,ﬂx,‘) < f(xi) ' -
F = b.0. , Vi. 5
£ (x; — x]) QIQ/Her(xj) > f(xi) l

[|xj—xi

Step 4: Move the particle. After calculating the resultant force F;, particle i will move
along the direction of the resultant force in a random step A, which is uniformly distributed
on [0,1]. The formula for moving the particle in each step is

F
X = x; +A||Ff‘| (RNG), Vi. (6)
1

During the move, its feasible movement range is given by the vector
RNG = (v1,vy,...,v,), where vi(k = 1,2,...,n) denotes the feasible step size for moving
towards the upper boundary uy or the lower boundary /.

— xk), Fk
o= x>0 )
(xf — Ix), otherwise

where Fik is the kth dimensional component of the resultant force F; on the ith particle x;.

Given that the EM algorithm has a powerful global search capability and has a simple
structure that is easy to implement, it received the attention of scholars as soon as it was
proposed. However, in the classical EM algorithm, the initial population is randomly
generated, which results in a less-than-ideal uniformity of particle distribution across
the search space, and the initial population frequently clusters in certain local regions,
significantly increasing the probability that the algorithm will become trapped in a local
optimum. Moreover, the local search adopts the simplest stochastic linear search algorithm,
which easily falls into the local optimum and cannot jump out, and the accuracy of the
solution is not high enough. Regarding the charge calculation, it is overly redundant, which
not only makes the algorithm calculation increase and the running time increase, but it
also makes the convergence of the algorithm decrease. Additionally, the resultant force
calculation formula overly relies on the distance factor, which has the direct consequence of
making the particles not move according to the theoretical feasible direction. The selection
of the particle moving step has a very important impact on the search performance of the
algorithm, and whether the moving step is selected appropriately will directly affect the
convergence speed of the algorithm. Through the above analysis, it can be seen that there
are many imperfections in the classical EM algorithm, so we still need to further explore
and improve it.

It is worth noting that the EM algorithm is not tailor-made for the SCP. The SCP
requires that the solution set must completely cover the target region, while the EM
algorithm may generate solutions that fail to completely cover the target region during the
iteration process. Therefore, when constructing the initial population, it is important not
only to consider the fitness of individuals, but also to ensure that the initial solutions can
fully cover the target region.
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Figure 2. Flowchart of EM algorithm.

2.3. Algorithm Improvement
2.3.1. Preprocessing Procedure

After transforming the remote sensing data optimization screening problem into
the SCP, we first perform a data preprocessing process with the aim of speeding up the
algorithm by reducing the problem dimensions. The data input Sis a set, S1,Ss,...,S5xn isa
subset of S. We carry out three main stepes around the data:

e If S;is contained in Sj, then §; is deleted.

e  If there exists x belonging to S, and x belongs to only one of the sets S; in 51, Sy, ..., S,
then S; is inserted in the generated solution.

e If column j is necessary, delete column j and all rows covered by j and add the cost
corresponding to that column to the objective function value—simplifying the SCP.

2.3.2. Construction of Initial Population Based on Tent Chaotic Map

The EM algorithm is a population-based algorithm, so the quality of the initial pop-
ulation has a great impact on the search performance of the algorithm. In the classical
EM algorithm for solving the SCP problem, we use the greedy algorithm to obtain a local
optimal solution, and then repeat the local search process m times to generate the initial
population, which will make it difficult to retain the diversity of the population, resulting
in poor optimization results of the algorithm. However, chaotic motion is characterized
by randomness, regularity, and ergodicity, which can make the algorithm easily escape
from the local optimal solution when solving the SCP, so as to maintain the diversity of the
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population and improve the global search ability at the same time. Therefore, this paper
will use the tent chaotic map to construct the initial population.

Chaotic systems are a class of complex systems that exhibit extremely sensitive initial
conditions and nonlinear dynamic behavior, in which even small changes in the initial
conditions will lead to the rapid development of completely different trajectories, and the
evolution of the system does not exist and does not exhibit significant periodicity [23]. The
tent chaotic map is a type of chaotic system, also known as a tent map, and its mapping

&,0 <x<u
Xiy1 = {1” (8)

model is

o .
T <x <1

From the perspective of the target space, we take the diversity of generated solutions,
i.e., the variability of the objective function values, as a key consideration factor to determine
the selection of the control parameter u. In this experiment, the value of u is set to 0.7 and
the initial value xg is randomly generated in the range of [0,1].

2.3.3. Local Search Strategy

We apply the local search process to iterations, and for each iteration of this pro-
cess, we remove a certain percentage of columns from the current solution according
to a probability inversely proportional to the corresponding number of covered rows:
probability P]- =1/ | I i ] The number of columns removed from the current solution
ND = |X| x proportion, where proportion is the parameter that controls the number
of columns to delete. Let r be the median of Pj /P, where P =Y P]- (j=1,2,...,n). Choose
arandom column j from the current solution and compute the P;/ P value of that column.
If the value is greater than or equal to r, we delete the column, otherwise, we continue to
look for another random column until we find a suitable column that satisfies the condition.
Finally, loop this process until ND columns are deleted. This leaves us with a set containing
uncovered rows and we need to find a new subset of columns to cover the uncovered rows.
Each time the local search process finds a better solution, the current solution is updated.

2.3.4. Heuristic Feasibility Operator

Many processes of the algorithm may generate infeasible solutions, such as the con-
struction of the initial population, local search, and moving particle processes, resulting in
a small-scale SCP. Due to this problem, we employ an additional heuristic operator to gen-
erate feasible solutions. A heuristic feasibility operator is usually designed by combining
the specific domain knowledge of the problem and heuristic strategies. It can evaluate and
select the next operation according to the current search state to increase the possibility of
finding a feasible solution. These operators allow efficient exploration of the solution space
and avoid blind search so that a feasible solution satisfying the constraints of the problem
can be found in a reasonable amount of time. For example, in the traveling salesman
problem (TSP), a heuristic feasibility operator may be designed to select the next possible
city to visit based on the distances between cities and the situation of the cities that have
already been visited, so as to gradually construct a feasible route that satisfies that all cities
are visited and the path is the shortest.

We calculate the percentage based on the sum of the number of uncovered rows

n
contained in the column over the number of uncovered rows, K; = |I ]’ / Z I/, where
j=1

columns with K; greater than a threshold « (¢ = K; x pop, with pop being a control
parameter) constitute candidate columns, and a column is randomly selected from the
candidate list to be added to the current solution until we obtain a feasible solution (i.e., all
rows are covered). The value of K| is updated each time a column is added to the solution.
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2.3.5. Simplified Charge and Particle Resultant Force Calculations

The formula for calculating the charge in the classical algorithm is complicated, es-
pecially when the difference between the maximum and the minimum value of the ob-
jective function is large, which significantly increases the amount of calculation and de-
creases the optimization efficiency of the algorithm. From the perspective of reducing
the computational load, we define the standardized benchmark of charge quantity as:
T = f(Xworst) — f (Xpest), then, the improved charge calculation formula is

Q;, = exp{—n * w},‘di. )

For formula , when x; = xyorst, take the maximum value 1; when x; = x4,

f(xi)*{(xbest)
take the minimum value 0, i.e., the value domain is [0, 1]. Compared with the standard
formula, the amount of calculation is significantly reduced after the improvement. At the
same time, the improved charge calculation formula still satisfies the relationship of “the
smaller the value of the objective function, the larger the charge carried by the particle”.

In the particle resultant force formula of the standard algorithm, when the two particles
are positioned infinitely close to each other, the denominator part of the resultant force
formula tends to 0 infinitely, which leads to the overflow of the calculation result. Therefore,
we remove the distance factor from the calculation formula, and the modified resultant
force formula is

Foy {(xj - %)QiQ; f(x)) < f(xi) 10)
7 | (i — %) QiQj, f(x7) = f(xi)

When calculating the resultant force for each particle, the component forces exerted
on it by the other (m — 1) particles need to be calculated. However, the calculation
process of the component forces is relatively complex, which means that the population
size m cannot be too large. Otherwise, it will lead to an excessively long calculation
time. Except for the optimal particle x4, the resultant force needs to be calculated for
all particles in the population. Therefore, in each iteration, there are (m — 1)2 calculations
of component forces. To reduce the number of particles involved in the calculation of
the resultant force and simplify the calculation process, the idea of the mutation strategy
in the DE algorithm is introduced. The calculation of all particles in the resultant force
calculation formula is modified to the calculation of three particles in the population,
including two different particles randomly selected and the optimal particle. After this
modification, the computational complexity has changed significantly, from the original
O(m? x n) to O(m x n); nis the dimension of the problem. This improves the computational
performance to a certain extent, especially for the case of large-scale populations, which
can effectively shorten the computation time and improve the execution efficiency of the
algorithm. Figure 3 visualizes the improvement of this resultant force calculation process.
Eventually, the formula for the calculation of the resultant force is simplified as

o (xj = x1)QiQj, f(xj) < f(xi) .
! ]ZB{ (51~ %)QQy () = )" -

2.3.6. Introduction of DE Algorithm Idea for Moving Particle Process

In order to escape from the local optimum, we borrow the crossover operation in
differential evolutionary algorithm and introduce the selection operation of this algorithm.
In this paper, a binomial crossover operator CR is applied to x; to generate the trial vector
yf. The trial vector is obtained by the following formula:
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k Ef k
X+ /\T’k(”k —xf),rand < CR
ylf — IEEl (12)
1 k £k k :
X +/\W(xi —Iy),rand > CR
i

In the above formula,i=1,2,...,m;k =1, 2, ..., n; rand is a random number uniformly
distributed in the middle of (0,1). CR is a cross-control parameter with a value in the range
of [0,1].

Q )ﬁ)est
Xbest e F

=

QR d2
O O an
Randl1

Figure 3. Diagram of the improved resultant force calculation process. The original algorithm’s
calculation of the current particle’s resultant force requires the calculation of the resultant force of all
other particles on its component forces, whereas the improved algorithm selects only the optimal
particle X5 as well as two randomly selected particles from the remaining particles to perform
the calculation.

After the crossover operation, a selection operation is performed to decide whether it is
the target vector or the trial vector that survives to the next generation. That is, if the solution
obtained after the move is worse than before the move, the original solution is retained,
otherwise, the solution after the move is replaced. The selection operation is shown in
Equation (13), which increases the convergence speed of the algorithm and ensures that the
particles in the population are constantly moving towards the optimal solution.

x;, otherwise

¥ = {yi/f(yi) < flxi) (13)

2.3.7. Overall Algorithm

Based on the above description, the main steps of applying the improved EM algorithm
to the problem of optimal screening of remote sensing data are detailed in Algorithm 1.
Line 1 loads the input data. Line 2 performs data preprocessing. Lines 3-12 utilize the tent
chaotic map to construct the initial population. Lines 13-18 are the process of generating
new solutions. At this point, when constructing the initial population, for each particle,
an initialization operation is performed on its n dimensions with a complexity of O(m x n),
where m is the size of the population and n is the dimension of the problem. The local search
process requires traversing m particles to determine the optimal particle, and its complexity
is O(m). In computing the resultant force, the complexity is O(m x n). The complexity of
the moving particle process is O(m X n).
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Algorithm 1 Improved Electromagnetism-like Mechanism Algorithm

REQUIRE: Transforming the remote sensing data optimization screening problem into
solving a set covering problem

ENSURE: The best solution that resolves the SCP

1: loadData()

2: Apply the Preprocessing Procedure

3: for each particle;, (Vi=1,...,m) do

4: for each dimension d,(Vd = 1,...,n) do
5: Apply the Tent Chaotic Map

6: if U.intersection(solutions) != U then
7 Apply the Greedy Algorithm

8: end if

9: end for

10: Apply the Column Pruning Procedure
11: Calculate Cost

12: end for

13: whilet < T do

14: Select the Best Particle to Local Search

15: Apply the Force Calculation Procedure
16: Apply the Move Procedure

17: Calculate Cost

18: end while

3. Experiments
3.1. Datasets Description

The Gaofen-1 satellite (GF-1) adapts to multiple spatial resolutions, multiple spectral
resolutions, and the integrated demand for multi-source remote sensing data, and it can
realize the measurement, control, and management of the time period outside the country.
The satellite carries two 2 m-resolution panchromatic/8 m-resolution multispectral cameras
and four 16 m-resolution multispectral cameras, with 2 m high-resolution realizing an
imaging width of more than 60 km and 16 m resolution realizing an imaging width of
more than 800 km. Gaofen-2 satellite (GF-2), as China’s first wide-format civil remote
sensing satellite with a resolution of sub-meter, has broken through the sub-meter-level and
large-width imaging technology. The satellite carries two high-resolution 1-m panchromatic
and 4-m multispectral cameras to achieve spatial imaging. The positioning accuracy of
the satellite without control points reaches 20-35 m, and it also has intelligent on-board
autonomous management capabilities. Examples of Gaofen-1 and Gaofen-2 images are
shown in Figure 4.

We selected remote sensing images from different satellites for experimentation and
validation as follows: GF-1 satellite remote sensing images were used as experimental
data, with the United States as the target region. The total area of the United States is
9.37 million square kilometers. A total of 1786 views of the remote sensing image were
selected to complete the coverage of the United States, and the imaging time span was from
1 March 2021 to 30 September 2021. The validation data used GF-1 satellite remote sensing
images corresponding to Hebei 2 and Inner Mongolia regions, and GF-2 satellite remote
sensing images corresponding to Hebei 1 region.

To understand the difficulty of the problem, we counted the number of elements and
subsets of the experimental and validation datasets, which directly affects the computa-
tional complexity; the more elements and subsets, the more complex the problem usually
is. The statistical results are shown in Table 1.
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Table 1. Size of datasets for the study area.

Study Area United States Hebei 1 Hebei 2 Inner Mongolia
Subset Number 1786 2202 511 2150
Element Number 104, 245 49,297 13,798 64,843

Figure 4. Examples of Gaofen-1 and Gaofen-2 images. (a) Gaofen-1 image. (b) Gaofen-2 image.

3.2. Experimental Environment

The experiment uses the processor Intel(R) Core(TM) i7-10875H CPU@2.30GHz
(Santa Clara, CA, USA), equipped with 8 G RAM, the experimental environment is Win-
dows 10 Professional operating system, and the programming language is python 3.7.

3.3. Experimental Design

In order to verify whether the improved algorithm outperforms the original algorithm
in terms of optimization seeking performance, we have conducted a systematic experimen-
tal design aiming at evaluating the performance of the improved algorithm in terms of
processing speed, optimal solution, and robustness, etc., and the following is a detailed
description of the experiments. To present the differences among various experimental
groups in key aspects more clearly, Table 2 is specifically created.

Experiment A: Greedy algorithm. A locally optimal solution is obtained based on the
rule that column covers the maximum number of rows.

Experiment B: EM algorithm experiment. We use the greedy algorithm to obtain a
locally optimal solution and then repeat the local search process m times to generate the
initial population. This local search process uses the local search strategy mentioned in
Section 2.3.3 of this paper. At this point, after generating a new solution, there may be
some redundant columns, so a column pruning process is added. The specific process is to
traverse all the columns, if the solution obtained after deleting the column can still cover
all the rows, the column is considered to be redundant and the column is deleted.

Experiment C: Tent chaotic map to construct initial population experiment. The method
can both fully utilize the traversal advantages of chaos and produce more uniform particles.

Experiment D: Improved EM algorithm experiment. Based on experiment C, in order
to optimize the experimental results and ensure that the particles in the population move
towards the optimal solution every time, we introduced the idea of DE algorithm in the
process of moving particles.
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Experiment E: Comparative Reference Experiment. We respectively use the ant colony
optimization algorithm (ACO), the genetic algorithm (GA), and the particle swarm opti-
mization algorithm (PSO) to conduct the optimal screening of remote sensing data for the
United States, Hebei 1, Hebei 2, and Inner Mongolia regions, so as to further evaluate the
performance and effect of the algorithms in this study.

In experiment BCD, we set the iteration number to 50 and the initial population
number to 15 to remain unchanged, and the value range for different deletion column
proportion parameters is 0.1-0.5 (0.1, 0.2, 0.3, 0.4, and 0.5). The control parameter pop of
different threshold « ranges from 0.7 to 0.95 (0.7, 0.8, 0.85, 0.9, and 0.95).

Table 2. Implementation of key experimental steps (v'means that the experimental group contains
the step).

Experimental Group  Greedy Algorithm Tent Chaotic Map Column Pruning DE Algorithm
Experiment A v
Experiment B v v
Experiment C v v
Experiment D v v v

3.4. Result and Discussion

Based on the U.S. regional datasets, we set the cost of each view image to be the same
(ie., c; = 1), resulting in a cost of 1786 for the pre-screening data.

The optimal solution cost of Experiment A is 340, and the result is the same every
time. When Experiment C also uses the same column pruning process as Experiment
B, the minimum cost is 299, which takes 3497.77 s. From Table 3, the column pruning
process of Experiment C consumes about 80.89% of the time. After we completely deleted
this process, the minimum cost is 315, which takes 1647.24 s. If we only perform column
pruning after constructing the initial population, we obtain the minimum cost of 307, which
takes 2007.69 s, where the column pruning process consumes 15.38% of the time. From the
above experimental results, we can see that column pruning operation is crucial to the
optimization of the algorithm. However, considering the influence of time, we choose
to carry out the column pruning operation only after generating the initial population,
at which time the experimental optimal result is 307, which is reduced by 8-22 compared
to Experiment B, and the time consumed is significantly reduced, which is exactly what
was adopted for Experiment C recorded in Table 4.

The running results of Experiment BCD are shown in Table 4. We choose the conver-
gence algebra and optimal solution cost in Experiment B and Experiment C to plot the
scatter plot. As shown in Figure 5, the initial population constructed by the tent chaotic map
has a richer diversity and more uniform distribution, i.e., it is easier to escape from the local
optimum, and at the same time, it has a better optimization performance. In Experiment D,
we obtain a minimum cost of 300, which takes 1821.54 s. We plotted a 3D surface map based
on the different parameter settings of Experiment BCD, with each parameter combination
corresponding to a surface, as shown in Figure 6. It can be seen that the experimental
results of the improved algorithm are better.

Table 3. Time proportion of each step in the algorithm (The experimental results of performing the
column pruning operation every time a new solution is generated in Experiment C).

Step

Local Search

Charge and Force Calculation Move the Particle Column Pruning

Proportion

8.423%

0.093% 10.594% 80.89%
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Table 4. Experimental results (iteration = 50, population = 15; optimal solutions are marked in bold).

EM Algorithm  Tent Chaotic Map Improved EM Algorithm

Proportion Pop Minimum Cost Minimum Cost Minimum Cost
0.1 0.7 331 315 301
0.2 0.7 329 315 300
0.3 0.7 329 312 302
0.4 0.7 327 311 303
0.5 0.7 327 309 303
0.1 0.8 332 319 304
0.2 0.8 329 307 303
0.3 0.8 328 310 303
0.4 0.8 326 312 304
0.5 0.8 329 310 304
0.1 0.85 327 317 305
0.2 0.85 325 310 305
0.3 0.85 325 314 301
0.4 0.85 325 311 300
0.5 0.85 325 311 302
0.1 0.9 331 314 303
0.2 0.9 327 307 303
0.3 0.9 330 316 303
0.4 0.9 329 315 305
0.5 0.9 331 310 301
0.1 0.95 329 312 304
0.2 0.95 329 312 301
0.3 0.95 328 312 302
0.4 0.95 327 309 303
0.5 0.95 325 317 304

To further explore the effect of population size on the experimental results, we in-
creased the initial population number to 30, and chose the set of parameter configurations
that contained the largest number of optimal solutions, i.e., we chose a pop value of 0.85 for
the experiment. As shown in Table 5, when the initial population size is doubled, the mini-
mum cost of 298 is obtained, which takes 4091.61 s. The cost of the optimal solution shows
a decreasing trend in general, but the decrease is not significant, while at the same time,
the corresponding running time increases significantly. Similarly, in order to determine
the effect of the number of iterations on the experimental results, the number of iterations
was increased to 100 for the experiments, and it was found that its minimum cost did not
fluctuate significantly with the increase in the number of iterations, and its convergence
algebra was almost the same as that of 50 iterations in Table 4. After the validation of
several repetitions of the experiment, we found that the experiment was able to achieve the
optimal balance between efficiency and solution quality when the iteration number is set to
50 and the initial population is set to 15.

Table 5. Effect of population size on experimental results (iteration = 50).

Proportion Pop

Minimum Cost (Population = 15) Minimum Cost (Population = 30)

0.1
0.2
0.3
0.5
0.5

0.85
0.85
0.85
0.85
0.85

305 301
305 300
301 298
300 301
302 299
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Figure 5. Experimental results of initial population construction using EM algorithm and tent
chaotic map.
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Figure 6. Experiment with 3D surface map (corresponding to Experiment BCD from top to bottom).

Based on the analysis of the above experimental results, we find that the improved EM
algorithm proposed in this paper exhibits low sensitivity to these parameter adjustments,
which highlights its robustness in the face of parameter changes. In other words, even if
the parameters fluctuate within a certain range, the algorithm can still maintain a stable
performance. In addition, the implementation of the algorithmic improvement strategy at
each step of the process improves the performance of the algorithm, resulting in a more
efficient final result compared to the previous one.

In order to verify the feasibility and effectiveness of the improved EM algorithm
proposed in this paper to solve the optimization screening problem of remote sensing
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data, we use the datasets of Hebei and Inner Mongolia for screening. We summarize the
results obtained by using other meta-heuristic algorithms for data screening in Experiment
E in Table 6, and through comparative analysis, we find that there are differences in the
data screening effects of different algorithms for different regions, which may be related
to the characteristics of regional data and the design of the algorithms. In each region,
the improved EM algorithm screened the least number of scenes, followed by PSO and
greedy algorithm, and the GA and ACO had poor screening results.

Because the greedy algorithm is representative in the field of remote sensing image
screening, we use the greedy algorithm as a benchmark method, and we find that the
improved EM algorithm improves its optimal solution by about 9.78% on average compared
to the greedy algorithm. In order to verify that the improvement was not caused by
randomization, we conducted a paired sample t-test and confidence intervals. The original
hypothesis (HO) was that there is no significant difference between the screening results of
the two methods (mean difference is 0), and the alternative hypothesis (H1) is that there is
a significant difference between the screening results of the two methods (mean difference
is not 0). The result p-value = 0.0287 < 0.05 was obtained, then, the original hypothesis
was rejected and the two methods were considered to show a significant difference in
the screening results. Specifically, the mean difference between the two methods is 46,
indicating that the greedy screening method is 46 units higher than the improved EM
algorithm screening method in terms of screening effectiveness. In addition, the 95%
confidence interval ranges from 9.07 to 82.93, which means that we can assume with 95%
certainty that the actual mean difference falls within this interval.

These experimental results show that using the improved EM algorithm proposed in
this paper to solve the problem can effectively eliminate most of the duplicate coverage
data existing in the remote sensing datasets, and obtain the smallest possible dataset
that satisfies the conditions, and the optimal solution of the improved EM algorithm is
improved by about 9.78% on average compared with the greedy algorithm. Regarding the
computational cost, the greedy screening method takes much less time than the improved
EM algorithm. Although the improved EM algorithm performs well in screening results,
its higher computational cost may limit its application on large-scale datasets. In the
future, we will explore optimization strategies to reduce the computational complexity
through algorithm optimization and hardware acceleration (e.g., GPU parallel computing).
The experimental data in this study are mainly from four regions, and there may be a
dependence on region-specific data, which may be affected by the uniformity of regional
data distribution. In order to improve the generalization ability of the algorithm, we plan
to introduce more diverse datasets in future studies.

Table 6. The results presented by different algorithms when screening different regions.

Gree.dy ACO ) PSO Improv?d EM
. Raw Algorithm . GA Screening . Algorithm
Region . Screening Screening .
Data/Scene Screening Results/Scene Screening
Results/Scene Results/Scene
Results/Scene Results/Scene
United States 1786 340 359 346 315 300
Hebei 1 2202 835 841 824 790 775
Hebei 2 511 156 152 151 144 140
Inner 2150 685 645 648 628 617
Mongolia

The solution of the SCP is not only of theoretical significance, but also has a wide range
of applications in real life. For example, by solving the SCP, we can apply its methodology to
the fire station location problem [6]. In fire station layout, we need to determine the location
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of the minimum number of fire stations that can respond quickly to fire and emergency
rescue needs throughout the city. This corresponds directly to the goal in the set coverage
problem: to select the fewest sets (or regions) such that the concatenation of these sets covers
the entire fire risk area of the city. Therefore, the solution of the SCP is not only a theoretical
algorithmic optimization, but also an effective tool for solving important problems in
real life. As future work, we plan to explore more intelligent optimization algorithms.
Additionally, we will actively expand cross-disciplinary applications by integrating deep
learning, and apply the results to fields such as urban planning and disaster warning.

3.5. Engineering and Practical Applications

To achieve the efficient screening of massive remote sensing data, we used PyQt5 (The
version used in this study is 5.15.9) to encapsulate the code into application software. First,
we designed an intuitive graphical user interface (GUI) according to user requirements to
enable interaction between users and the algorithm. Subsequently, the developed optimiza-
tion screening algorithm for remote sensing data was integrated into the PyQt5 framework
to ensure the stable operation of the algorithm in the GUI environment. Finally, we used
the PylInstaller tool to package the entire project into a standalone.exe file. This process
not only simplifies the usage of complex algorithms but also allows non-professionals to
operate easily through optimized interaction design. Nowadays, the application has been
applied to many practical projects, such as pre-disaster data screening in Pakistan, national
land change survey task area data optimization, the optimal selection of basic survey data
on water resources, and the national land use dynamics coverage project. Verified by
practice, it has significantly shortened the data screening cycle, improved the accuracy and
efficiency of data processing, and strongly promoted the development of remote sensing
data application.

4. Conclusions

In this paper, we first transform the remote sensing data optimization screening
problem into solving the SCP, and secondly, apply the EM algorithm to the SCP, and then,
improve the EM algorithm. The improvement idea is as follows:

(1) Using tent chaotic mapping to construct the initial population so that it can be more
uniformly distributed in the feasible domains;

(2) Combining with a new local search strategy and employ an additional heuristic
operator to generate feasible solutions to avoid the algorithm from falling into a local
optimum prematurely;

(3) Normalizing the objective function value to simplify the charge calculation formula,
and introducing the idea of variation strategy in differential evolutionary algorithms
to simplify the resultant force calculation formula, which significantly reduces the
amount of calculation;

(4) Introducing the idea of differential evolutionary algorithms in moving particle process,
which improves the convergence speed of the algorithm.

To verify the effectiveness of the improved EM algorithm proposed in this paper, we
utilize the U.S., Hebei, and Inner Mongolia datasets to conduct experiments. The exper-
imental results show that the improved EM algorithm gives better results, searches the
global optimal solution faster, and has better robustness. Taking the dataset discussed
in this paper as an example, compared with the greedy algorithm, the optimal solution
obtained in this study has been improved by 9.78% on average. This achievement has
been successfully applied to data optimization scenarios in practical work with remarkable
effectiveness, which not only effectively reduces the cost of data storage, transmission,
and processing, but also practically improves the work efficiency. Moreover, it strongly
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supports the data services of various remote sensing applications such as urban and ru-
ral planning [24], natural disaster and environmental monitoring [25], and land resource
surveys [26], thereby enhancing the utilization efficiency and application value of data.
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