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Development and Demonstration of an Artificial
Immune Algorithm for Mangrove Mapping
Using Landsat TM
Yanmin Luo, Minghong Liao, Jing Yan, Caiyun Zhang, and Shaoling Shang

Abstract—Mangroves are valuable contributors to coastal
ecosystems; knowledge of the dynamics of mangrove ecosystems
is important in the context of global change. To obtain this
knowledge, remote sensing is an indispensable means, yet it poses
challenges since the accuracy is sometimes unsatisfactory in distinguishing mangroves from other land cover types with traditional classification methods. In this letter, we proposed a modified
artificial immune algorithm (AIA), in which the antibodies represent the candidate solutions and the antigens are expressed by
the fitness function. Multiclass coevolution was combined with
the concept of clonal selection to ensure computation of an optimal clustering center in parallel for each land cover type. A
cluster-center-oriented decimal encoding method for antibodies
was adopted, and the inner class variance and the between-class
difference together were used to formulate the fitness function.
Furthermore, a design of the antibody solubility-based selection
operator and nonuniform mutation operator was undertaken.
Applying this modified AIA to a Landsat Thematic Mapper multispectral remote sensing imagery in the Zhangjiang estuary in
southeastern China, we found that the AIA substantially improved
classification accuracy over traditional methods, showing an overall accuracy of 90% (kappa coefficient = 0.88) and was capable to discern mangrove well (commission of 10% and omission
of 22%).
Index Terms—Artificial immune, classification, clonal selection,
mangrove, remote sensing.

I. I NTRODUCTION

M

ANGROVES are an important component of the world’s
coastal ecosystems [1]. Remote sensing technology pro-
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vides a new way to detect and analyze the distribution of mangroves, which provides information needed for their protection.
A core issue in mangrove remote sensing is image classification
[2]–[4]. Since there are similar spectral features in mangroves
and other land cover types, the phenomena of “same object
with different spectra” and “same spectrum foreign matter”
are widespread in spectral images; as a result, misclassification
and leakage points are common, leading to low classification
accuracy [5]. This makes it necessary to develop new ways to
improve the classification accuracy of mangroves. Many efforts
have been paid to the development of new techniques such as
support vector machine (SVM) and object-based image analysis
approach, yielding high accuracy for classifying mangroves
[6]–[8].
The artificial immune algorithm (AIA) is a new machinelearning technique, which is inspired by human immune system
and offers similar features to biological immune systems, such
as noise tolerance, unsupervised learning, self-organization,
and memory mechanism. A higher search success probability
and improved individual diversity is thus achieved, enabling
the AIA to well resolve problems in nonlinear classifications.
There are various types of AIA, one of which is the clonal
selection algorithm. It is derived from the clonal selection
principle, which simulates B cells that protect the human body
against attacks from antigens and eliminate infected cells [9].
Successful application of the clonal selection algorithm to
various engineering problems has been demonstrated [10]–[13].
However, this algorithm has not been explicitly applied to
satellite data processing in an attempt to discriminate mangrove
vegetation from neighboring ecosystems.
This letter proposes a clonal selection-based AIA for
mangrove detection from satellite images. In this approach,
multiclass coevolution is combined with clonal selection to
determine the best cluster centers for various land cover types
in parallel. Furthermore, a cluster-center-oriented decimal encoding method for the antibodies is used which is suitable for
remote sensing data. The inner class variance and the betweenclass difference are used together to measure the superiority of
the antibodies, while the antibodies’ solubility-based selection
operator and nonuniform mutation operator are designed to
guarantee diversity and global optimality. Finally, an experiment is performed on a Landsat Thematic Mapper (TM) multispectral remote sensing imagery in the Zhangjiang estuary in
southeastern China. The results show that the proposed method
can effectively improve the accuracy of mangrove extraction.
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II. I MMUNE A LGORITHM FOR L EARNING
THE C LUSTER C ENTER
In the proposed AIA, the antibodies represent the candidate
solutions, and the antigens are expressed by the fitness function.
The coding way of the antibodies and the design of the fitness
function are critical to the implementation of the algorithm.
Let Nf be the number of the features in each training sample.
Thus, each sample is an Nf -dimensional feature vector, given
that there are Nc different land cover types in a remote sensing
image. The same number of training samples is extracted
for each land cover type. Let Nt be the number of training
samples per type, so that the total number of the training samples is N = Nt × Nc . Let X = {X (1) , X (2) , . . . , X (Nc ) } be
(i)
(i)
(i)
the training sample set, where X (i) = {X1 , X2 , . . . , XNt }
is a subset of X that consists of the samples for the ith
(i)
(i)
(i)
(i)
land cover type. Xj = (Xj,1 , Xj,2 , . . . , Xj,Nf ) represents the
Nf -dimensional feature vector of the jth sample in the ith class
training sample set.
A. Coding of the Antibodies
In AIAs, a binary format is most commonly used to code
the antibodies and antigens due to its simplicity and convenient
operations. However, for remote sensing data, the number of
samples is generally far greater than the number of categories,
and generally, the sample features are real numbers. Therefore,
binary coding is not suitable for remote sensing data. Instead, we propose a cluster-center-based real encoding method,
which is straightforward, effective, and suitable for parallel
evolution and avoids the repetitious operation of encoding and
decoding the binary code.
The antibodies (Ab) are composed of the Nc clustering
centers, Ab = (C1 , C2 , . . . , CNc ), where Ci (i = 1, 2, . . . , Nc )
is the cluster center of the ith land cover type. The Ci of
the initial antibody is generated by taking a sample randomly
from the training sample set of the ith land cover type, Ci =
(i)
(i)
(i)
(i)
Xj = (xj,1 , xj,2 , . . . , xj,Nf ), where j is a random number,
j ∈ [1, Nt ].
As the immune algorithm evolves, it achieves optimal cluster
centers for all land cover types that well represent their respective training samples. The antibodies in the memory set will
converge to the optimal cluster centers step by step with the
evolution process.

Second, the difference between any two classes should be as
great as possible, which means that it achieves the maximum
between-class differences.
In detail, for an antibody Ab = (C1 , C2 , . . . CNc ), in order
to detect whether Ci = (ci,1 , ci,2 , . . . , ci,Nf ) is suitable as the
cluster center of its class, we defined the superiority of Ci , i.e.,
sup(Ci ), as the variance of Ci within the ith type as follows:
N t 
2
1 
 (i)

sup(Ci ) =
 Xj − C i 
Nt j=1
Nf
Nt 
1 
=
Nt j=1

(i)

xj,k − ci,k

2
(1)

k=1

where  · · ·  is Euclidean distance. By the nature of the variance, the superior Ci has a smaller value of sup(Ci ). Since Ab
is composed of the cluster centers of all the classes, its inner
class variance Sup(Ab) is defined as the sum of the variances
of all the classes


N t 
Nc
Nc
2


1 

 (i)
sup(Ci ) =
Sup(Ab) =
Xj − Ci 
Nt j=1
i=1
i=1
⎛
⎞
N f 
Nt 
Nc
2


1
(i)
⎝
xj,k − ci,k ⎠ .
(2)
=
Nt j=1
i=1
k=1

A superior antibody has a smaller value of Sup(Ab).
The difference between any two cluster centers Ci and Cj ,
i.e., d(Ci , Cj ), is calculated by
 Nf

d(Ci , Cj ) = Ci − Cj  =  (ci,k − cj,k )2

(3)

k=1

where Ci − Cj  is the Euclidean distance between Ci and
Cj . The between-class differences of an antibody Diff(Ab) are
defined as the sum of the differences between any two cluster
centers in the antibody Ab
Diff(Ab) =

Nc
Nc 


d(Ci , Cj ).

(4)

i=1 j=i+1

A superior antibody has a larger value of Diff(Ab).
The affinity function of the immune algorithm fit(Ab) is
given as follows:

B. Affinity Measure
The evolutionary search in the immune algorithm is based
on an affinity function which measures the superiority of the
antibodies. The affinity function determines the convergence
speed of the evolution and affects the search of the optimal solution. Here, an affinity function was designed to determine the
optimal cluster center for each land cover type by coevolution.
The optimal cluster center should satisfy the two conditions
provided as follows.
First, each cluster center can effectively represent its training
samples, which means that it achieves the minimum inner class
variances.



fit(Ab) =

Diff(Ab)
.
Sup(Ab)

(5)

The value of the fit(Ab) represents the antigen–antibody
(Ag−Ab) affinity. An excellent antibody has higher values of
the affinity function and is more favorable for the classification.
C. Immune Operators
The immune operators enable the new antibodies to
match the antigen more closely, and they directly affect
the convergence speed of the immune algorithm. Here, two
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immune operators are involved in the evolution of the antibodies: clone selection and mutation. These are the same as
those responsible for the evolution of species reproduction in
a biological immune system.
Antibody Solubility-Based Clone Selection Operator: We
adopted an antibody solubility-based clone selection operator.
This operator not only ensures the diversity of antibodies but
also makes the antibodies with high solubility have better
chances to persist to the next generation. Let an antibody set
be S = {Ab1 , Ab2 , . . . , AbNa }, where Na is the number of
antibodies in the set; the solubility of the antibody Abi , i.e.,
density (Abi ), can be computed by
density (Abi ) = Na
j=1

1
Abi − Abj 

(6)

where Abi − Abj  is the Euclidean distance between Abi
and Abj . Based on the notion that an antibody with high
solubility is closer to the cluster centers and should have a better
opportunity to be cloned, the selection rate of an antibody is
proportional to the solubility of the antibody. Therefore, the
antibody solubility-based selection probability of antibody Abi ,
i.e., Pclone (Abi ), can be computed by
density (Abi )
Pclone (Abi ) = Na
.
j=1 density (Abj )

(7)

Then, the selected antibodies are submitted, generating
Nselect antibodies to be cloned. The clone operation is subsequently performed. The clone size of a selected antibody
(Nclone ) is an increasing function of antibody affinity, shown
as follows:


β×N
Nclone (i) = round
(8)
i
where i is the affinity order of the cloned antibodies, β is
the multiplying factor of the clone operator, N is the total
number of antibodies, and round() is the operator that rounds its
argument toward the closest integer. The solubility-based clone
selection ensures that the antibodies evolve toward the cluster
centers.
Nonuniform Hypermutation Operator: A nonuniform hypermutation operator based on a predefined mutation probability (Pm ; see the number in Section II-D) was applied to
perform mutation on selected cloned antibodies. The operator
is compatible with decimal encoding and produces a new
antibody by adding a random number to a given antibody.
Suppose that the mutation element is Ck (k = 1, 2, . . . , Nc )
for a given antibody Ab = (C1 , C2 , . . . , CNc ), the offspring
antibody generated by nonuniform hypermutation is Ab =
(C1 , C2 , . . . , Ck , . . . , CNc ). Ck is built in the following way.
First, several features from Ck = (ck,1 , ck,2 , . . . , ck,Nf ) are
selected randomly. Second, the selected feature ck,i (i =
1, 2, . . . , Nf ) undergoes mutation by randomly choosing either
(9) or (10) to obtain the new antibody


(9)
ck,i = ck,i + Δ t, cU
k,i − ck,i


(10)
ck,i = ck,i − Δ t, ck,i − cL
k,i .

Fig. 1. Description of the AIA.
L
Here, cU
k,i and ck,i are the upper and lower bounds of ck,i , respectively, and t is the iteration number. The function Δ(t, y) =
b
y · (1 − r(1−(t/M )) ) generates a random number which approaches zero with the increase of t, where r is a random
number ranging between zero and one, M is the maximum
iteration number, and b ∈ [0, 1] is a parameter that determines
the degree of nonconformance.

D. Classification
Based on the coding way of the antibodies and the design
of the fitness function as described earlier, we developed an
AIA suitable for classifying mangroves (Fig. 1). The algorithm
executes the loop from step 2 to step 6. After each loop, one
generation of antibody is generated. The loop will terminate
when a criterion is satisfied or a predetermined generation
number is reached. The cluster centers of the various land cover
types are then determined.
Subsequently, the minimum distance method is used to classify the remote sensing images. The distance function used here
is Mahalanobis distance [14], where the covariance matrix of
the ith land cover type is built by selecting the best members
from memory set M .
Finally, the implementation of the algorithm requires proper
setting of the number of selected antibodies to be cloned
(Nselect ), the multiplying factor of the clone operator (β), and
the mutation probability (Pm ). It is found that, when Nselect
was set as five, β as one, and Pm as 0.05, the proposed algorithm converged at ∼30 iteration numbers and achieved optimal
solutions. Different runs of the algorithm generate stable results
(differences in the results are about 2%) as long as training
samples are kept consistent.
III. E XPERIMENT AND A NALYSIS
The Zhangjiang estuary in southeastern China, a national
mangrove reserve, was chosen as the region for algorithm
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TABLE I
L AND C OVER T YPES IN C LASSIFICATION

Fig. 2. (a) TM RGB (bands 5, 4, and 3) remote sensing image in the
Zhangjiang estuary of southeastern China on September 25, 2006. Classified
images derived from (b) AIA, (c) SVM, and (d) ML.

experiment. The reserve is bounded by 22◦ 53 45
N–23◦ 56 00 N and 117◦ 24 07 E–117◦ 30 00 E, with an
area of 2360 ha. A multispectral Landsat TM image (National
Aeronautics and Space Administration Landsat Program, 2006,
Landsat TM5 scene LT51200432006268BKT00, U.S. Geological Survey, Sioux Falls, September 25, 2006) was used in
the experiment [Fig. 2(a)]. Image preprocessing was performed using ENVI 4.5, including atmospheric correction, image
enhancement, and geometric rectification, which were established by registering it to a Google Earth image acquired on
February 9, 2005, through ground control points. This Google
image was also used in the subsequent tasks described as follows.
A. Decision-Making Features and Land Cover Classification
Spectral, topographic, and textural features are integrated
as the decision-making features, since they are proved to be
efficient for the classification of remote sensing images [15],
[16]. Twelve features, including the spectra of the TM image
(band 1–band 7), the digital elevation model (DEM), the normalized difference vegetation index (NDVI), and three textural
features of NDVI, were extracted for each sample and stacked
into a multidimensional vector that was input into the AIA.
The DEM was obtained from the Advanced Spaceborne
Thermal Emission and Reflection Radiometer (ASTER) sensor
onboard the Terra satellite with 30-m resolution. Based on an
integrated visual interpretation of the Google Earth, the TM,
and the ASTER DEM images, we found that the mangrove
grew in the areas with the ASTER DEM values of < 8 m.
We then chose 8 m as a threshold to distinguish the areas with
high probability of mangrove growth from the mountain areas
with dense vegetation. The pixels with DEM values greater than
eight were assigned to real numbers between [0, 0.5], while
those of DEM values lesser than 8 m were assigned to real
numbers between [0.5, 1].
The NDVI was calculated using ENVI 4.5 with the input
of TM spectral data at bands 3 and 4 [17]. The gray-level
co-occurrence matrix (GLCM) [18] of NDVI was generated
using the same software, with a moving window of 3 × 3.

Numbers at four directions (0, 45, 90, and 135) were averaged.
Three textural variables—variance, dissimilarity, and second
moment—were extracted from the GLCM as decision-making
features, according to the fact that the texture of mangroves
is fine and smooth, whereas other green vegetation is coarse
and rippled. Note that, without the textural features involved,
the classification results are less satisfied, and the spectral
separability of the training class spectra computed using ENVI
also demonstrates that the DEM, NDVI, and GLCM features
improve separability. Improvement of the accuracies owing to
the inclusion of image texture information had also been found
for the Maximum Likelihood Classification and neural network
techniques [19].
The training samples were selected by an effort which integrated visual interpretation of the Google Earth image and
TM image with field investigation. The number of training
samples for each class is 100. Briefly, prior to the fieldwork,
candidate samples were identified in the laboratory based on
the visual interpretation of the Google Earth image and TM
image. On August 27, 2010, a field survey was conducted in
the Zhangjiang estuary to validate the sample candidates using a
global position system. Seven land cover types and 100 training
samples for each type were then determined (Table I).
B. Experimental Results
In order to assess any improvement in classification accuracy
with the AIA, we compared the results with those classified
with maximum likelihood (ML) and SVM. The ML and SVM
were performed using ENVI 4.5, while the AIA was programmed with MATLAB. The classified images are shown in
Fig. 2(b)–(d).
As shown in Fig. 2, all three methods result in good classification for the water and littoral zones. However, for the left five
land cover types, ML had serious misclassification and leakage
points; many samples of agricultural land and upland vegetation
were wrongly identified as mangroves in ML and SVM. The
AIA seems to avoid these problems.
C. Classification Assessment
Two hundred test samples were randomly selected from a
WorldView-2 image (1.8-m resolution) and the Google Earth
image which had been used for geometric rectification. Overall
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C OMPARISON OF THE OVERALL ACCURACY
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