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these limitations, we proposed a novel 'object-'based Markqv Markov random field (MRF);

random field (OMRF) model for hierarchical semantic hierarchical semantic

segmentation. The objective of our model is to address two key segmentation; spectral

challenges: (i) the representation of hierarchical semantic dissimilarity

features, and (ii) the edge preservation of segmentation results.

To address the first challenge, we developed hierarchical

semantic representations of images for two distinct land-cover

class sets and incorporated a transition probability matrix into

OMRF to capture the interaction between these two semantic

layers. For the second challenge, we devised an innovative spatial

energy function that effectively enforces hierarchical predictions

and dynamically regulates boundary smoothness by evaluating

spectral dissimilarities among neighboring objects. Furthermore, a

generative cross-layer inference strategy was introduced to

iteratively exchange and update information across semantic

layers for improved prediction. Experimental results on 11 remote

sensing images demonstrate the robustness and accuracy of the

proposed method, achieving an average Kappa coefficient

exceeding 0.96. In comparison to 15 state-of-the-art methods, our

model achieved optimal performance in 9 instances and

suboptimal performance in 2 instances.
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1. Introduction

Remote sensing images are essential sources of information required for the development
of current human society (Hossain and Chen 2019). Extracting meaningful information
from remote sensing imagery remains a pressing challenge (Dronova et al. 2012). In par-
ticular, semantic segmentation of remote sensing images plays a vital role in many appli-
cations, such as environmental conservation (He et al. 2022), precision agriculture (Duro,
Franklin, and Dubé 2012), urban planning (Grinias, Panagiotakis, and Tziritas 2016) and
land resource management (Zhang et al. 2019). The gradual improvement in the spatial
resolution of remote sensing images in recent years has revealed richer object detail
information in high-resolution remote sensing (HRRS) images. Meanwhile, different
imaging conditions lead to distortion of images acquired by a sensor, which tends to
aggravate the uncertainty and diversity in the semantic segmentation (Feng et al.
2021). These effects lead to diverse land-cover classes often having similar spectral
responses within specific regions, but the same land-cover classes have different spectral
responses within different regions (X. Zhang et al. 2017). Typically, buildings located in
urban and agricultural areas have different spectral responses. However, some farmland
and water have similar spectral responses. The semantic segmentation of remote sensing
images has been a formidable task to date (Zhao et al. 2017).

To obtain segmentation results closer to the ground truth, a large collection of state-of-
the-art methods utilize not only the spectral features but also the spatial features of images
(Ghamisi et al. 2018). Classically, L. Zhang et al. (2006) proposed a pixel-based spatial
feature, the pixel shape index. This method combines the spectral features of individual
pixels with the shape characteristics of their surrounding local regions, thereby achieving
better performance than approaches relying solely on spectral features. However, pixel-
based segmentation methods have a limited ability to capture macroscopic features of
an image, and pixel-based methods usually introduce salt-and-pepper noise into the seg-
mentation map (Chan, Ho, and Nikolova 2005). Therefore, geographic object-based
image analysis (GEOBIA) was proposed, which transforms the basic unit of the image
from pixels to over-segmented regions (Blaschke 2010; Hay and Castilla 2008).
GEOBIA enables richer spatial feature extraction and effectively suppresses the noise typi-
cally introduced by pixel-based segmentation (Blaschke et al. 2014). In addition, each
over-segmented region contains basic semantic information (Zheng, Zhang, and Wang
2016). For example, if the over-segmented region consists of multiple pixels labeled as
crops, it may contain the basic semantic information of farmland. Multiresolution and
multiscale techniques were introduced for semantic segmentation to improve the accuracy
of the segmentation (Pont-Tuset et al. 2016). Multiscale segmentation expands the
model’s receptive field by incorporating features at different scales, enabling it to
capture more informative spatial context (Bouman and Shapiro 1994; Cheng and
Bouman 2001). Here, the method of constructing an image-based pyramid structure is
widely applied to semantic segmentation because of its regular structure and complete
theory (Z. Li et al. 2018). In addition, the wavelet transform, a method of obtaining
feature vectors by stacking multiscale wavelet coefficients, can also improve the segmenta-
tion accuracy (Noda, Shirazi, and Kawaguchi 2002). The wavelet-transform-based method
provides features of the image at different resolutions, which allows the images to be inter-
preted from multiple perspectives. Given the rich hierarchical information in HRRS
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images, combining pixel-level and object-level features has become a common strategy to
enhance semantic interpretation across different scales. Establishing interactions between
different granularities allows for a more comprehensive interpretation of land-cover struc-
tures from both fine and coarse spatial perspectives. Multigranularity approaches combine
the advantages of both granularities, which can capture more image spatial context infor-
mation (Zheng et al. 2021). As the number of remote sensing data sources continues to
grow, the practice of integrating multi-sensor systems to fuse diverse information
sources is becoming increasingly prevalent. It has been demonstrated that data obtained
through multi-source information fusion (MSIF) techniques exhibit higher reliability than
data obtained from a single sensor (X. Li, Dunkin, and Dezert 2023).

In recent years, deep learning methods have shone a light on remote sensing image
analysis thanks to their robust feature extraction and learning capabilities (LeCun,
Bengio, and Hinton 2015; Ma et al. 2019). C. Zhu et al. (2024) employed a convolutional
autoencoder (CAE) model based on deep learning and trained on a simulated time-series
InSAR interferogram dataset. The trained model effectively mitigated atmospheric noise
in coseismic deformation extraction, resulting in improved accuracy and robustness in
displacement detection. Some classical networks, such as fully convolutional neural net-
works (FCNs) (Long, Shelhamer, and Darrell 2015), U-Net (Ronneberger, Fischer, and
Brox 2015), feature pyramid networks (FPNs) (T. Y. Lin et al. 2017), and DeepLab
(Chen et al. 2018), have received extensive attention. Representative techniques
include atrous convolution and atrous spatial pyramid pooling (ASPP). Among these
methods, atrous convolution can expand the receptive field of the model to capture
more spatial features, and the ASPP technique effectively extracts multi-scale infor-
mation from images (Chen et al. 2018). Aside from CNNs, graph neural networks
(GNNs) have demonstrated considerable potential in several other fields. Nevertheless,
GNNss display a higher propensity for instability than conventional machine learning
techniques. In this regard, Z. Huang et al. (2024) addressed the issue of prediction varia-
bility in GNNs by proposing the Graph Relearn Network (GRN), which refines predic-
tions of unstable nodes to reduce prediction variance and enhance accuracy. Although
neural network-based remote sensing image analysis techniques offer convenient sol-
utions, these techniques are susceptible to adversarial attacks. Z. Zhang et al. (2024)
introduced a novel dual-branch sparse self-learning framework with instance binding
augmentation and sparse depth wise separable convolution for adversarial detection in
remote sensing images to counteract the performance degradation of deep neural
network models under adversarial attacks.

Furthermore, statistical segmentation methods are another reliable approach in the
field of semantic segmentation of remote sensing images (Masson and Pieczynski
1993). Specifically, land-cover classes usually present a regular distribution in remote
sensing images. Interestingly, objects in the images are correlated with each other. The
spatial correlation between adjacent objects is stronger than that between non-adjacent
ones, and it decreases with increasing spatial distance (Tobler 1970). Statistical segmen-
tation methods can distinguish the different land-cover classes more logically by captur-
ing this statistical regularity. In particular, the Markov random field (MRF) model
provides an ideal theoretical framework to integrate the spectral and spatial features of
images (Cross and Jain 1983). The MRF framework has been widely employed in seman-
tic segmentation of remote sensing imagery (S. Z. Li, 2009).
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Although many semantic segmentation methods have been proposed, they still face
unresolved problems. Specifically, GEOBIA solves the problem of salt and pepper noise
that appears in pixel-based segmentation methods, but the ensuing consequences may
be the loss of detailed information on the image or the over-smoothing of boundaries
(Zheng et al. 2021). In addition, the multiresolution and multiscale methods can build
multiscale representations on the pixel or object granularity, but they are still linear trans-
formation methods. Unfortunately, these methods cannot effectively capture the hier-
archical semantic information contained in HRRS images to guide semantic
segmentation. The land-cover classes with high-level semantic information are usually
composed of different subclasses. However, the spectral features of these subclasses are
highly variable. For example, towns, as a land-cover class with high-level semantic infor-
mation, comprise a collection of land-cover subclasses with low-level semantic infor-
mation, such as buildings, roads, and trees. Without corresponding hierarchical
semantic information to assist in semantic segmentation, it is difficult to integrate these
subclasses into one class with high-level semantic information by spectral features
alone. Therefore, the introduction of hierarchical semantic features can further optimize
semantic segmentation. For deep learning, many models are implemented using super-
vised learning, including the aforementioned neural networks U-Net, FPNs, and Dee-
pLabV3+. To obtain a reliable deep learning model, it is usually necessary to provide a
large amount of training data and long training times. If the number of training
samples is small, it may lead to the overfitting phenomenon (Rice, Wong, and Kolter
2020). To address similar challenges, S. Zhu et al. (2023). presented an innovative
model for the remote sensing change detection of forests. The model employs data aug-
mentation utilizing forest fragments generated by deep convolutional generative adversar-
ial networks (DCGANSs). However, in most instances, it is difficult to obtain a large
number of training samples for model training. While some transferable deep models
(Tong et al. 2020) can be adopted, achieving good segmentation results remains challen-
ging due to the high variability among diverse datasets. That greatly restricts the avail-
ability of deep learning for semantic segmentation with small sample datasets. In
addition, deep learning models are generally regarded as black-box models, which
achieve good segmentation results but have low interpretability (Guidotti et al. 2018).

MRF methods can be divided into two groups based on the basic units of modeling:
pixel-based MRF and object-based MRF (OMRF) methods. Of these methods, the
OMRF methods have attracted widespread attention because they consider a larger-
scope spatial context than the pixel-based MRF methods. Most OMREF approaches use a
uniform smoothness scheme to model spatial interactions between objects (Pan et al.
2020). While these approaches have improved the accuracy of segmentation results, they
do not always provide ideal results at image boundaries. To preserve image detail infor-
mation, the OMRF model should decrease the smoothing effect in regions with sudden
changes in spectral feature levels, like image boundaries. This requires extracting additional
features from the image to model the complex spatial interactions between objects.

Based on previous literature, many MRF approaches use complementary information
to improve image segmentation beyond spectral features, including image granularity
and semantic and spectral dissimilarities. The existing MRF methods can flexibly
define an MRF model based on any kind of auxiliary information. Although these
methods solve the corresponding problems in semantic segmentation, there is still a
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lack of a comprehensive MRF framework that integrates different kinds of auxiliary
information. This work presents a unique OMRF approach that employs multi-layer
semantic and spectral penalty information (MRF-MSSP) to extract hierarchical semantic
features of remote sensing images and preserve boundary information among diverse
classes. Over-segmented regions were utilized as the basic unit of the MRF-MSSP
model. Based on the rich semantic information contained in HRRS images, we expanded
the semantic layers described by the classic OMRF from one to two. To do this, images
were first divided into two class layers representing high-level and low-level semantic
information, respectively. Then, the transition probability matrix was used to extract
and learn the semantic context information of observed images. The iterative update
of the transition probability matrix enabled the capture of object interactions across
different semantic layers. Furthermore, an object-based spectral dissimilarity function
was developed to prevent over-smoothing of the segmentation result and to adaptively
regulate the smoothing effect of the model in different regions. The MRF-MSSP model
has a relatively low smoothing effect against areas with highly variable spectral features,
especially in the boundary areas. It is anticipated that the discrepancies between the deli-
neated boundaries of the various labels in the segmentation map and those established as
the reference boundaries in the ground truth will be addressed through the implemen-
tation of a dissimilarity function. In the segmentation process of the MRF-MSSP
model, the semantic context information was first provided by relying on the transition
probability matrix. Subsequently, the spectral dissimilarity between adjacent objects
helped us roughly determine the boundary information. Finally, combining both
pieces of information to guide the semantic segmentation ultimately led to the segmen-
tation results.
The principal contributions of this work are as follows:

e The Exploitation of HRRS Images: Our method further exploits the spectral, spatial,
and hierarchical semantic information contained in HRRS images, thereby improving
the accuracy of the segmentation process.

o Hierarchical Semantic Modeling: This work proposes a multilayer label field scheme
for modeling hierarchical semantics in HRRS images, with the objective of capturing
interactions among high - and low-level land-cover classes.

e The Edge-preserving Mechanism: The incorporation of a spectral dissimilarity-based
spatial energy function enables the model to achieve boundary awareness and to regu-
late the smoothing effect across different regions adaptively, thereby effectively preser-
ving boundary information among diverse classes.

e Cross-Layer Inference: A generative cross-layer inference approach is implemented,
which provides for iterative information interchange and updates across hierarchical
semantic layers.

The remainder of the article is structured as follows: Section 2 provides a concise over-
view of pertinent prior research. The specifics and structure of the proposed method-
ology are outlined in Section 3. Section 4 presents the results of the experimental
investigation and a sensitivity analysis of the parameters. Section 5 assesses the efficacy
of the MRF-MSSP model, delineating its advantages and constraints. Finally, Section 6
presents the conclusions of our work and suggests avenues for future inquiry.
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2. Related work

Previous studies have proven the effectiveness of MRF-based methods on the semantic
segmentation of remote sensing images. In this section, we briefly review the background
of semantic segmentation in remote sensing and summarize the existing MRF-based
methods as follows.

2.1. Image segmentation

Image segmentation is widely applied in many fields, such as computer vision (Fel-
zenszwalb and Huttenlocher 2004), medical image analysis (D. Shen, Wu, and Suk
2017), and remote sensing image interpretation. For remote sensing image interpret-
ation, image segmentation is mainly divided into two groups: basic segmentation
and semantic segmentation approaches. Both approaches divide the remote sensing
image into several homogeneous regions, each region consisting of many pixels. Math-
ematically, they are defined as follows (Blaschke et al. 2014). A remote sensing image I
is segmented into # regions based on features such as the texture, color, spectrum, and
shape.

The basic segmentation methods segment the image into many small regions with
high spectral homogeneity. These regions usually contain low-level semantic information
and are labeled as fine land-cover classes, such as industrial land, paddy fields, and trees.
As an alternative, the basic segmentation approaches include the mean shift (MS)
(Comaniciu and Meer 2002; X. Huang and Zhang 2008), watershed (Vincent and
Soille 1991), and normalized cuts (Shi and Malik 2000) methods. The homogeneous
regions generated by the basic segmentation method are referred to as over-segmented
regions in this article. The size and shape of the over-segmented region directly
impact the accuracy of the subsequent model for object feature extraction and segmenta-
tion. Therefore, the generation of over-segmented regions is the key step in the segmen-
tation process of the MRF-MSSP model.

By contrast, the semantic segmentation approaches segment the image into several
large-size homogeneous regions with high amounts of semantic information. These
are generally composed of some over-segmented regions with lower amounts of semantic
information. Consequently, semantic segmentation approaches usually generate homo-
geneous regions with large intra-class variations. For remote sensing images, it is a
great challenge to tag objects with significant spectral variations into the same class.
This is also the main issue addressed in our work.

2.2. Markov random field (MRF) model

The MRF model is a probabilistic graphical model that uses graphs to represent the cor-
relations between variables (Mitchell 1997). Specifically, the MRF model is a type of
undirected graph model. A vertex in a probability graph represents a group or one
random variable. The potential functions, real functions defined on a subset of variables,
are present in the MRF model. Furthermore, potential functions are mainly utilized to
define the probability distribution functions and provide a quantitative depiction of
the correlation between the vertices of the probability graph.
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2.2.1. Classic MRF model
For remote sensing images, the MRF model typically considers the image’s spectral and
spatial characteristics. The MRF model is composed of two sub-models, the feature
model and the label model (Wang et al. 2017). The feature model employs the likelihood
function to compute pixel-class conditional probabilities. It is sometimes referred to as a
spectral model, as the primary features considered by this model are the spectral charac-
teristics of the image. The label model aims to represent the spatial context relationship
among land cover classes in remote sensing images, with potential functions describing
this relationship. Figure 1 illustrates the connection between the label and feature models.
Originally, the MRF model was established on a lattice of pixels with a regular spatial
context, known as the classic MRF model (Besag 1986). Here, the vertices of the prob-
ability graph denote the pixels. For the classic MRF model, the feature model considers
solely the spectral features of a single pixel, whereas the label model only captures a small-
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with Region Size
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Figure 1. Feature model and label models for object Markov random field (OMRF) and classical pixel-
based Markov random field (MRF) methods.
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scope spatial context, such as a 4-connected or 8-connected neighborhood of pixels. To
expand the receptive field of the model, the multi-scale technique combined with the
MRF model (MRMRF) was proposed. For instance, Noda, Shirazi, and Kawaguchi
(2002) decomposed the original image into images with a pyramidal structure using
the wavelet transform method. Subsequently, the MRF models were defined on the
decomposed images. The MRMRF method can capture a more expansive range of
spatial contexts than the classical MRF method. However, as the spatial resolution of
remote sensing images improves, the numbers of vertices in pixel-based MRF models
increase, which adds to the computational burden of the models.

2.2.2. The improved MRF models

The Object-based MRF Model: In the field of remote sensing image analysis, GEOBIA has
achieved great success (Blaschke et al. 2014). Thus, the OMRF model was proposed (Xia,
He, and Sun 2006). The OMRF model starts by segmenting the image into over-segmented
regions using basic segmentation methods. Then, a region adjacency graph (RAG) is con-
structed according to the spatial distribution of the over-segmented regions. Correspond-
ingly, the vertices of the probability graph represent over-segmented regions. The OMRF
methods reduce the computational burden by decreasing the number of vertices in the
probabilistic graph (Zheng and Wang 2015). In addition, they can capture more features
of the image shape, semantics, and spatial context than the classical MRF method.
However, the modeling guidelines of the OMRF and pixel-based MRF methods differ
because the over-segmented regions do not have a fixed size, and the shared boundary
lengths between neighboring regions vary. Therefore, constructing and finding a solution
for the OMRF model is more complex than the pixel-based MRF model. One of the sol-
ution approaches for the OMRF model is region growing (Adams and Bischof 1994).
The solution to the model is determined by the continuous merging of neighboring vertices
in the probability graph that satisfy the requisite growth criteria. For instance, Kuo and Sun
merged adjacent regions with similar statistical properties in images generated by the
watershed transform (Kuo and Sun 2010). Notably, this error is not rectified if regions
are improperly merged during the following solution procedure. Consequently, another
approach, generative probabilistic inference, is widely employed to solve OMRF models.
For example, Xia, He, and Sun (2006) utilized the multilevel logistic (MLL) structure to
characterize the interactions between adjacent vertices and used the maximization of the
posterior marginal (MPM) criterion to find the model solution.

(Hierarchy-Agnostic) OMRF Model: To reflect the interactions between adjacent
regions more accurately, Zheng and Wang (2015) developed the weighted RAG
(WRAG), which takes into account the area of the region and the length information
of the shared boundary between adjacent regions, and the OMRF model with regional
penalties (OMREF-RP) was defined based on the WRAG. The OMRE-RP model solution
was obtained using the MAP criterion. In addition to methods that use models based on
pixel or object granularity, some methods attempt to combine the multi-granularity fea-
tures. The hybrid MRF method with multigranularity features (HMRF-MG) was pro-
posed for the semantic segmentation of remote sensing images (Zheng et al. 2021).
The multi-layer structured probability graph was utilized by the HMRF-MG model to
characterize the multi-granularity information of the image. In recent years, the perform-
ance of methods combining the OMRF and multiscale techniques has also been
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impressive. Dai et al. (2020) constructed the regional multi-scale representation of the
image by extracting the high-frequency and low-frequency features of the over-segmen-
ted image. The results at the final scale combined the feature information on all scales.
Although the MRF-based methods mentioned above improved the segmentation accu-
racy, they considered only one level of semantic information. The interactions
between the hierarchical semantics were not further explored.

Hierarchical Semantic Segmentation: Semantic information is one of the most essential
features of HRRS images (Tong et al. 2020). In remote sensing images, land-cover classes
with high semantic features generally comprise several land-cover classes with low-level
semantic features. Moreover, subclasses belonging to the same class are spatially close
typically, and these subclasses usually show distinct spectral responses, as illustrated in
Figure 2. Solely considering spectral features poses challenges in classifying these over-
segmented regions with diverse spectral responses into the same class. Therefore, in
order to enhance the accuracy of image interpretation, it is imperative to have semantic
information on the HRRS image. In particular, semantic context information between
different semantic layers could weaken the adverse impact of intra-class heterogeneity
on semantic segmentation. To investigate the semantic context information of images,
the OMRF with auxiliary label fields method (OMRE-A) was proposed (Zheng, Zhang,
and Wang 2017). OMREF-A utilizes two auxiliary label fields to explore the interactions
between different semantic layers of the image. It can interpret remote sensing images
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Figure 2. Hierarchical semantic representation of remote sensing image.
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from different perspectives by setting a different number of auxiliary classes. Zheng,
Zhang, and Wang (2016) developed an OMRF model with two semantic layers
(HOMREF) that utilized the transition probability matrix to model the semantic context
of images. For deep learning, D. Lin et al. (2018) proposed a multi-scale context intertwin-
ing (MSCI) scheme to aggregate features from different scales. The features of the images at
multiple scales were connected using long short-term memory (LSTM) chains in a bidir-
ectional cyclic manner. Zhou et al. (2019) designed a multi-scale deep context convolu-
tional network for semantic segmentation that integrated the features of images from
different levels of the network. L. Li et al. (2022) presented the Hierarchical Semantic Seg-
mentation Network (HSSN) that is capable of structured scene parsing using taxonomic
semantic relations to enable hierarchical semantic segmentation. Besides remote
sensing images, medical images also employ analogous methodologies. In a recent publi-
cation, Kang et al. (2024) proposed a multi-modality based multi-resolution CNN for 3D-
MRI super-resolution reconstruction, fusing features at two scales for enhanced detail
recovery in HR T2w images. While existing hierarchical semantic segmentation
methods are impressive, they seldom consider the influence of local spectral heterogeneity
on the segmentation outcomes. This study aims to develop a framework for integrating
hierarchical semantic segmentation with a spectral dissimilarity measure that more accu-
rately reflects the complex variations observed in HRRS images.

Local Spectral Dissimilarity Measure: In capturing the spatial context, the aforemen-
tioned MRF models fail to take into account the variability induced by different spectral
features between neighboring regions. Consequently, the vertices in these MRF-based
approaches are generally treated equally, which does not accurately describe the distinc-
tions across diverse neighborhoods. In this circumstance, segmentation results often fail
to reflect the ground truth accurately. To describe the differences in the properties
between neighboring objects more accurately, certain approaches that take the spectral
heterogeneity into account have been proposed. Y. Shen et al. (2019) designed alocal spec-
tral heterogeneity measure for objects that integrates both inter and intra-heterogeneity. In
multiscale segmentation algorithms, this method is able to select appropriate scales for
different tested images adaptively. Wang et al. (2017) developed a novel MRF model
(NED-MREF) to combat the issue of over-smoothing in the segmentation maps generated
by the MRF method. The NED-MRF model introduces a spatial adaptive interactive par-
ameter into the potential function to preserve object boundaries when defining quantitat-
ive relationships between neighboring pixel pairs. Similarly, X. Zhang et al. (2024)
proposed a novel infrared maritime small target detection method, named LDMGGC.
The method employs the Wasserstein distance for local dissimilarity measurements to
detect suspicious targets. However, neither method utilizes the hierarchical semantic
information in remote sensing images to assist in segmentation. In summary, there are
advantages and disadvantages to the aforementioned methods. Motivated by the above-
mentioned literature, we developed a new MRF-MSSP model to extract hierarchical
semantic information and measure spectral dissimilarity between neighboring objects.

3. Proposed method

This section is organized as follows. First, the notation and problem formulation of the
classical MRF model are reviewed. Next, the framework of the MRF-MSSP model is
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discussed in detail. Finally, the entire algorithm is presented and the hyperparameters of
the model are discussed.

3.1. Notation and problem formulation of the MRF model

Given an observed remote sensing image Y, let S = {s;, s, 53, ..., s,} be defined as
the set of nodes of image Y, and the observed image is Y = {y;|i € S}. Here, n is
the number of nodes of the observed image Y, and each node represents a pixel or
an over-segmented region. The probability graph G = (V, E) of image Y is defined
on the set of nodes S, where V ={v;|iE€ S} and E={eli,jES, i #jb. v
denotes the vertex and e;; denotes the relationship between neighboring nodes v;
and v;. If the probability graph G is defined at the pixel granularity, e;; represents
the quantitative relationship between neighboring pixels. For example, in the 8-neigh-
borhood spatial context of the classical MRF model, e;; denotes the quantitative
relationship between the central pixel and the neighboring eight pixels. If the prob-
ability graph G is defined at the object granularity, e;; denotes the length of the
boundary shared between two adjacent regions i.e. the number of pixels. The label
model X = {X;|i € S} is defined on the probability graph G. Each vertex v; has a
land-cover class label X;, and a random variable X; of X takes values from the set
of land-cover classes w=1{1,2,3, ..., k}, where k is the number of classes. If
x = {x;|i € S} denotes a realization of X, the MRF model transforms the basic task
of semantic segmentation of remote sensing images into finding the best class label
x of v;, ie.

X =argmaxP(X =x1|Y)

XER

=argmax P(Y | X = x) - P(X = x).
XER

(1)

Here, 8 = {x} is the set of realizations. According to the Bayesian formula (Mitchell
1997), P(Y) has no impact on the final value of X, so we can obtain the third line of
equation (1). In equation (1), the value of the optimal image label X is impacted by
two parts, the feature model and the label model, as mentioned in Section 2.

The likelihood function P(Y | X = x) of the feature model is used to estimate the con-
ditional probability that y; belongs to class x; when given the features at position s;. Each
node s; within the observed image Y is usually assumed to be independent of other nodes
in the feature model. Therefore, the likelihood function P(Y | X = x) is assumed to obey
the naive Bayesian assumption. That is,

P(Y|X = x) = [ [ P(Yi | Xi = x0). 2

i€s
The objective function P(X = x) of the label model is the joint probability distribution. It
is used to capture the spatial relationship between the vertex v; and the neighborhood v;

in the probability graph G. According to Hammersley-Clifford theorem (S. Z. Li 2012),
P(X = x) follows a Gibbs distribution. That is,

P(X = x) = % exp( — U(x)), (3)
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where Z =) exp( — U(x)) is the normalization constant that makes P(X = x) range
from 0 to 1. U(x) = ) .c¢ ¢.(x) is the energy function that is the sum of all of the pair-
wise clique potentials ¢ (x) in the label model. In particular, the pairwise clique potentials
¢.(x) are employed to capture the interaction between adjacent vertices constituting the
pairwise cliques C with the Markov property. Based on the Markov property, we have

P(X = x|x;) = P(X = xjlx;, x; € N), (4)

where N; denotes the set of vertices adjacent to vertex v; in space. The Markov property
indicates that the label x; of vertex v; in the probability graph is only affected by the label
x; of the vertex v; adjacent to it, whereas the non-adjacent vertices are independent of
each other. According to equations (3) and (4), P(X = x) can be rewritten as

PX=x) = ep I 3 (~ gl ). %)

i JEN,
In the classical MRF model, the pairwise clique potentials ¢(x;, x;) are equal to

—B if X = Xj
B otherwise’

e(x;, xj){ (6)

where (3 is regarded as a smoothing parameter. To facilitate the solution of the two model
objective functions, the negative logarithmic is applied to P(Y | X) and P(X). Equation (1)
becomes

X =argmin —InP(Y |X = x) — InP(X = x)

xER
. (7)
= argmin Z —P(Y; | Xi = x;) + Z —@(xi, x;) |
Xi€w, IES JEN;

3.2. Hierarchically semantic layers of MRF-MSSP model

In HRRS images, the MRF model with the pixel as the basic unit has difficulty modeling
the complex spatial interactions. As a result, we use the OMREF as the fundamental struc-
ture of the MRF-MSSP model. In this article, the mean shift (MS) algorithm is used to
provide over-segmented regions. Principally, the over-segmented regions generated by
the MS algorithm have more homogeneity and more precise boundaries. In addition,
the most crucial aspect is that the MS controls the size of the generated minimum
region by setting the parameter. Numerous studies have proven the effectiveness of
the MS algorithm (Dai et al. 2020; X. Huang and Zhang 2008). Effective semantic infor-
mation contributes to semantic segmentation, as mentioned in Section 2. In the proposed
MRF-MSSP model framework, we investigate the interactions between two semantic
layers of the image. Specifically, the MS algorithm is utilized to generate the set of
over-segmented regions R = {R;, Ry, R3, ..., R,} of the image Y. Then, the RAG is
built based on R. Let N = {1, 2, 3, ..., n} denote the set of the number of regions in
the RAG. The MRF-MSSP model is defined on the RAG, where each vertex vj|l E N
denotes an over-segmented region R;. Since the vertices have only one class label
X = {x;} in the label model of the classical OMREF, it has a limited capacity to extract
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semantic information from images. Hence, we extend the labels of the vertices in the label
model to two sets X = {X;} and X! = {Xll}. Here, X is the taken value from the class set
w=1{1,2,3, ..., k}, and X' is the taken value from the class set w' ={1,2, 3, ..., ki }.
Correspondingly, each vertex v; in the label model will obtain two land-cover class labels.
The two class labels X and X' constitute the hierarchical semantic representation of the
image, as illustrated in Figure 3.

In particular, the values of the two labels are interactive. If x' = {xll} is a realization of
X', the optimal label % is determined by x! and x. Since it is NP-hard to derive the MAP
solution of the joint probability function for the two labels directly, this work adopts the
strategy of iteratively updating the two labels to obtain the MAP solution of the objective
function. One of the labels is optimized by utilizing another label throughout the iterative
approach (refer to Algorithm I for specifics). When X' = {x/} is provided, % of the label
model becomes

X = argmax P(X = «|Y, X' =xb)

xXER (8)
= argmax P(Y|X = x) - P(X = x|X' = x").
XER

Correspondingly, when X = {x;} is provided, x1 becomes

)’c\l = argmaxP(X1 =x1Y, X =x)

xlent (9)
= argmax P(Y|X' = x') - P(X' = x'|X = x).
PaShY
-y ———— X5
2% e e ;
High-layer Semantic e gt S \\ J/
Labels X; L/ Y V4 \
= x4 = —= -4 x6

Region Adjacency
Graph
1 1
X1 e~ _ h _|---¢8
7 ) /
Low-layer Semantic e S 7N g
Labels xil 4 \ / % 7
il \ , g
XZ S~ p Tl 4 xl
e X4 == 6

Figure 3. Demonstration of the two labels in the label model.
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Here, X! = {x'} is the set of realizations. In equations (8) and (9), P(X = x|X' = x') and
P(X' = x'|X = x) are the joint probability distributions of the label models for X and X",
respectively. Notably, the spatial context interaction types in the label models have been
expanded from the previous intra-class interactions to inter-class and intra-class inter-
actions. The Markov property of the MRF-MSSP model is assumed to be

P(Xi1X;, X; € X' UX/{X}}) = P(XIX;, j € N U{X)})

= [T PCalx. j € N U (). (10)
IEN

The alteration of the Markov property leads to a change in the way that the energy func-
tion U(x) captures the interactions of pairwise clique potentials ¢(x;, x;) in the label
model. The energy function U(x) captures not only the intra-layer interactions of pair-
wise cliques but also the inter-layer interactions of pairwise cliques. U(x) is updated to

Uxilx, j € NiU {x}) = Uinia(xil%j: j € Ni) + Unneer (11 j € {27})
=" (B @160 %) + @y, 1), (1)

JEN,

where ¢, (x;, x;) represents the interaction between the label x; of vertex v; and the label x;
of vertex v; at the intra-layer, ¢,(x;, xll) represents the interactions between the label x;
and the bel x] of vertex v; at the inter-layer, and 3 is a smoothing parameter. The
larger the value of B, the stronger the effect of the label model on the segmentation
results, and vice versa. Here, the intra-layer pairwise clique potential ¢, (x;, x;). becomes

. 12
0, otherwise (12)

e, if x=x;

@ (x1, xj) = { lj l j

The ej; denotes the length of the shared boundary between regions R; and R;. The value of

ejj reflects the correlation strength between the two regions. Based on the literature

Zheng, Zhang, and Wang (2017), the inter-layer pairwise clique potential is analytically
expressed as follows:

1 RxC ZRjER, xj:XI)X}:XII |R]|
o (x1, x7) = ) . (13)
h ZRJER, xj=x |RJ|

In equation (13), the R and C denote the rows and columns of the observed image Y,
respectively, and 7 is the number of over-segmented regions. \/((R x C)/n) is a constant
to balance the strength of ¢,(x;, x}). |R;| is the number of pixels composing the over-seg-
mented region Rj. The negative logarithm was applied to the objective function for the
label model. Consequently, according to equations (10) and (11), P(X = x|X' = x!) is
rewritten as

P(X = x|X' =x') = -InP(X = x|X' = «")

14
=> [Z (B (= @0 ) + (— @y, x}))]]. (9

IEN LJjEN,
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Similarly, P(X' = x'|X = x) becomes

PX'=x'|X=x) = —InPX' =x'|X =x)

15
=> [Z B (— @i, 6) + (- es(x, xlm]. (4

IEN jENI

This paper presents two approaches for solving the likelihood function of the feature
model. The likelihood function P(Y|X = x) is determined by obtaining the class
probabilities of each region through a probabilistic support vector machine
(SVM). That is,

P(Y|X =x) = [ [ SVMg,
IEN

== > In(SVMg,y).

IEN

(16)

In equation (16), the second equation was found by applying the negative logarithm
of the first. SVMg,,, denotes the probability that region R; belongs to a given label
class x;. For the likelihood function P(Y|X! = xll), it is assumed that each vertex
follows a Gaussian distribution based on the conditional independence assumption.
P(Y|X' = x}) becomes

P(Yylx) =[] Plolxi =9) = [ ] :

1/2
oY ey @mP2 - det|S, Y

1 _
X eXP(‘E(Ol — I"Lq)TEq l(ol — p,q)).

(17)

The negative logarithmic operation is applied to equation (17), and it is rewritten as

n-D
P(Yeld) = Y ~In[P(oflxj = g)] = ——= In2ar
UIEY

1 1 -
+ 2 5 In(det|Xg) — > (o — ) X 00 — ),

0EY

(18)

where o, denotes the average spectrum value of region R;, D is the spectral
dimension of image Y, and X, and p, are the mean and variance of the
Gaussian distribution, respectively, which can be automatically estimated using
the Expectation-Maximization (EM) algorithm (Dempster, Laird, and Rubin 1977).

3.3. Spectral dissimilarity representation of MRF-MSSP model

Most MRF methods use the same criterion to determine the potential energy ¢, (x;, x;)
between adjacent vertices. They do not account for the variability between vertices
when capturing interactions between vertices. Equation (12) indicates that the model
solely considers the border information ej; between vertices. Modeling the relationships
between vertices more accurately requires the inclusion of additional information to
describe the intensity of the interactions. Consequently, a method for the adaptive
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adjustment of the smoothness is presented with the goal of preserving boundary infor-
mation and enhancing the separability between classes. Specifically, we calculate the spec-
tral dissimilarity 4+ between adjacent regions and then integrate this information into
the label model, as illustrated in Figure 4.

Correspondingly, ¢, (x;, x;) is updated as follows:

elj . diff(stRj), lf X] = Xj

0, otherwise’ (19)

(Pl(xl:- x]) = {

The diff(Sg,r) is a function representing the spectral dissimilarity between R; and R;. It is
monotonically decreasing with respect to SR.R;- The definition of diff (SR,,R,-) is as follows:

diff(Sg,z,) = exp( — [Sr,r ]), (20)

the Sg,r; denotes the value of the spectral dissimilarity. In contrast to pixels, the spectral
features of the regions are highly complicated and diverse, particularly in urban areas. It
is difficult to quantify the spectral dissimilarity between regions. In this work, a novel
approach was created to measure the spectral dissimilarity between regions. S, is
defined as follows:

p (|aa—aja )
Lt ( aig+ ajq . .
Sri.R, = D withl EN, jEN,, (21)

where Sg r; ranges from 0 to 1. The value of Sy r; (dependent variable) is positively cor-
related with the spectral variability (independent variable) of R; and R;. In the abovemen-
tioned function, aj; and a j; are the spectral average values of the over-segmented regions
R; and R; in the d-band, respectively. Notably, R; is the neighborhood of R;. aj; and ajq

Xi Xi
o — ——
/, i) \\\\x' / s eij 'l[)d. \\x'
/ ow ¥ o B
/ 3 5 e . \
/ g \ / A % .lp'iiff;\
£ . \ /
)f];\ P ‘ . P }Ej ] h €ij .wdiffz ‘ €iy .lpdiffs X
/ \ o
3 \ eij "IIJ i §
\\\ /4 P / \\iij Wiy, fi'f/f/?/
r—@ o———¢
The classic OMRF model MRF-MSSP model

P(X = x;) = P(X = x;|xj,x; € N;)

. Label of Center Region x] Labels of Neighbor Regions

Figure 4. Demonstrate the distinctions between the classic OMRF model and the proposed MRF-MSSP
model in reflecting the interactions between various regions.
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can be obtained as follows:

Q Q h
ajg = 722:1&‘1 and aj; = 2o Mt . (22)
Q Q;
The Q; and Qj are the number of pixels composing the regions R; and R;, respectively, and
8.4 and h;; denote the spectral values of the pixels in the regions R; and R; in the d-band,

respectively.

% = argmax P(Y|X = x)P(X = x|X' = x')

XER
=argmin{ —InP(Y|X =x) —InP(X = x| X! = xh}

XER

— Y In(SVMRg,y,) (23)
IEN

= argmin ,

XER + Z |: Z [B . ( - (Pl(xl) x])) + ( - (PZ(xl) xll))]}

IEN | jEN

In summary, according to the abovementioned equation, equation (8) is rewritten as
equations (23) and (9) is rewritten as

)’c\l = argmaxP(Y|X1 =xH)PX' = x| X = x)

x1en!
=argmin{ — InP(Y|X' = x') —InP(X = x|X' = x')}
XER!
1 1 _
= X 303D — 50— )", o~ ) 24
= argmin
i DY { > 1B (= ¢lxs xD) + (= ool x»)]}
IEN | jEN,

3.4. Parameters of MRF-MSSP model

Before obtaining the final segmentation results, certain parameters of the MRF-MSSP
model need to be set. The means and variances of the Gaussian distributions in the like-
lihood function (17) can be estimated automatically, respectively, as follows:

_ ZR[ER,X,]:Q |Rl| - 0]

Mg = , (25)
i ZR[ER,X;:q |Ri|
T
ZRZER,XII:q ZfER, (of — Mq) (of — Mq)
2= (26)
ZR;ER,x}:q |Rl|
The |R)| denotes the number of pixels in region R;, and o; is average spectral value of

region R;.
In addition to the parameters that can be estimated automatically, the remaining three
parameters in the MRF-MSSP model need to be set empirically. These are k;, 8, and MRA.
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The segmentation results depend heavily on how the class numbers k and k,; of sets w and
! are set, respectively. The k value, which is the number of classes of set w, is the same as
number of ground truth classes. The value of k; is taken in two circumstances when the
number of classes k is provided. If k; > k, X' will attempt to collect detailed information
of images from a low-level-semantic perspective. If k; < k, X' will generate homogeneous
regions with large sizes, aiming to acquire the macroscopic spatial context structure of the
image. Notably, some datasets comprise two distinct semantic layers of class annotation. As
an illustration, Tong et al. (2020) constructed a Gaofen Image Dataset (GID) employing the
Gaofen-2 (GF-2) satellite images. The annotated images in the GID consist of two parts.
One is a large-scale classification dataset containing 150 images in five categories. The
other part consists of 10 images annotated into five main categories and 15 fine land-
cover categories. For a dataset such as this one, it is not necessary to additionally set the
k; value. Unfortunately, most of the tested images have only one ground truth label. There-
fore, k; generally needs to be set empirically.

Many MRF-based methods require the setting of the 3 value. These methods are often
relatively robust. The smoothing parameter B is used to regulate the energy function
U(x) contribution in the MRF model. A large B will prompt the model to generate homo-
geneous regions with large sizes. Conversely, a small 8 will provide more detailed infor-
mation in the segmentation result.

In this work, the MS is used to provide the over-segmented region. As mentioned in
Section 2, the size and quality of the over-segmented region have a significant impact on
the model’s ability to capture the spatial context of the image. Therefore, the parameter
MRA, which regulates the generation of the minimum over-segmented region Ry, area
in the MS algorithm, is another critical parameter that influences the segmentation perform-
ance. An increase in the value of MRA will result in a reduction in the number of vertices
present in the RAG, thereby alleviating the computational burden on the model. In
general, a larger value of MRA will encompass a broader range of spatial context. Conversely,
lower values of MRA will lead to the preservation of more accurate object boundaries. The
effect of different k;, B, and MRA values on the MRF-MSSP model will be tested through
additional experiments. The experimental results and analysis will be presented in Section 4.

3.5. Overall algorithm

The framework of the MRF-MSSP model has been described in detail above. In this sub-
section, the entire process of the algorithm for obtaining the optimal solution to the
model is presented. Figure 5 illustrates the workflow of the algorithm, and the complete
process is outlined in the following algorithm.

Algorithm of MRF-MSSP model

Input: Observed image Y, potential parameter S, k;, and MRA.

Output: Multi-layer segmentation results of MRF-MSSP model.

1. Use the MS (Comaniciu and Meer 2002) provided by EDISON (http://www.wisdom.weizma-nn.ac.il/bagon/MATLAB.
html) to obtain the over-segmented region set R = {R;, Ry, R3, ..., Ry}, and define the RAG on R.

2. Obtain the classification results with k classes and the initial class probability SVMEM using the SVM classifier. Then,
obtain the classification results with k' classes by the classical MRF method.

3. Initialize the label models X® = x|/ €{1,2,3, ..., n}, X’ € w}andX'? = {x/@|x/® € w'}according to the SVM
classifier and classical MRF results.

4.Sett=0.

5. Update X]“™" based on X and X{".
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5.1 Estimate the mean p,” and variance Eq of the feature model for label X}“’ using the EM algorithm. Then, obtain
the likelihood function P(Yg, |x”t) = @) based on equation (17).
5.2 ForX1 ® of the label model, calculate the energy function U x””lx ,JENU {x,“)}) based on equations (11), (13),
and (19)
5.3 Sequentially update X}(” =YY € w'} to X)) = (VX! € w'} according to equation (24).
6. Update X" based on X¥ and X]“+7.
6.1 Utilize the class probability SVMR/ ., provided by the SVM classifier to solve the likelihood function according to
equation (16).
6.2 Update the energy function U(x,‘”|x Jj € Nj U /™)) in the label model X in accordance with X]“+" obtained
in step (5).
6.3 Sequentially update X = {x/“} to X" = {x**} according to equation (23).
7.1 XEED o2 x© op XD 2 x10 set t = t + 1 and go to step 5; otherwise, output X“*" and X'+,

Original image Qvsrsegmanted velons Original image
& & —Mean shift— R ={R,R;,Rs,...,R,} & g

¥ 1={123,..,1} Y

l | l

Pixel-level
SVM RAG MRF

| l |

—Initialized labels x© = {x}-+ MRF-MSSP < Initialized labels x'® = {x/}

v ‘ l l
Initiali 1 Estimat
mpf(‘)l:l)ii(iilict;ss Feature model Feature model M paritr;n;?efs
) 1(t)
svMy,. | PIX®) P(¥|x'®) 4O and 5O
\

(Calonlars Label model Label model Caleulae
local spectral —+ P(X = xO[x! = x1©) 13 . local spectral
heterogeneity . = P(x! = x'Ox = x0) heterogeneity

I
|
\ 4
Temporary result
XD — {xl(t+1)} and x1C¢+D — {xll(t+1)}
If XD = x®and x1¢+D = x1© — No,set t=t+1 —
Yes
Output

segmentation results

Figure 5. Workflow of the proposed method.
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4., Experimental results

To demonstrate the reliability of the proposed MRF-MSSP model for semantic segmen-
tation, experiments were conducted on six datasets, and the results were evaluated using
kappa coefficients and overall accuracy (OA). In addition, 15 competing methodologies
were utilized for comparison The data sets used for the segmentation experiments are
presented in Section 4.1. Section 4.2 reports the comparison methods. The experimental
results are presented and analyzed in Section 4.3. Section 4.4 tests the effect of the par-
ameters on the MRF-MSSP model. The computational complexity of the model is ana-
lyzed in Section 4.5.

4.1. Data

In this work, six distinct types of tested data were employed to evaluate the dependability
of the proposed method. Table 1 reports the properties of the tested data.

Texture images I and II were generated by the Prague texture segmentation data gen-
erator (Mike$ and Haindl 2022) to evaluate the effectiveness of the MRF-MSSP model
against texture data. To examine the efficacy of the MRF-MSSP model on images with
varying resolutions, we selected a 10-m SPOT5 image with a medium-high spatial resol-
ution and a portion of a 1.65-m Washington DC mall image with a high spatial resol-
ution. In addition, a subset of the GID images was selected for experimentation to
validate the reliability of the MRF-MSSP model against images with large sizes and
high spatial resolutions. The sixth tested image was an aerial image with a 0.4-m
spatial resolution in Taizhou, China. The remote sensing images introduced above
were composed of blue, green, and red spectral bands. To examine the feasibility of
our approach comprehensively, the Salinas image, a hyperspectral remote sensing
image, was used to test the robustness of the MRF-MSSP against the hyperspectral
image. The Salinas image was obtained over an agricultural area by the Airborne
Visible Infra-Red Imaging Spectrometer (AVIRIS). After discarding 20 water absorption
bands, a total of 204 bands were available for interpretation. The spectral range was from
0.4 to 2.5 um. The Salinas images included 16 classes and 54,129 reference pixels. The
Salinas images contain hyperspectral data and are widely employed by academics to
evaluate the efficacy of segmentation algorithms.

4.2. Comparison methods

The proposed method was compared with other competing methods, which were
broadly categorized into two groups: statistical learning methods and deep learning-
based methods. Details of the MRF-based competing methods are provided below.

Table 1. Tested data sets.

Name Sensor name Bands Spatial resolution Size
Texture image | / / / 512x 512
Texture image Il / / / 512x512
Washington DC GeoEye 3 1.65-m 730x 770
SPOT5 image HRG 3 10-m 428 x 428
Gaofen-2 image Gaofen-2(MS) 3 4-m 2048 x 2048
Aerial image / 3 0.4-m 1024 x 1024
Salinas AVIRIS 224 3.7-m 512x217
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e Iterated conditional mode (ICM) (Besag 1986): This is a classical pixel-based MRF
model that employs the iterated conditional mode (ICM) to solve the objective
function.

e Support vector machine (SVM) (Chang and Lin 2011): This is a supervised statistical
learning method that is less influenced by the probability distribution of the data.

e Object-based MRF model (OMRF) (Xia, He, and Sun 2006): This is a classical object-
based MRF model. It adopts a generated probabilistic inference approach to obtain
segmentation results.

e Object-based MRF model with regional penalties (OMREF-RP) (Zheng and Wang
2015): This is an improved OMRF model that introduces the area relationship of adja-
cent regions as weights into the potential function.

e Hybrid object-based Markov random field model (HOMRF) (Zheng, Zhang, and
Wang 2016): This is a method that integrates the semantic features of two label
fields for hierarchical semantic segmentation.

e Hybrid MRF model with multigranularity information (HMRF-MG) (Zheng et al.
2021): The HMRF-MG method constructs hybrid probability graphs integrating
two types of granularity information

e Fully connected conditional random fields (CRFs) with Gaussian edge potentials (Kra-
henbiihl and Koltun 2011).

e Markov random field integrating spectral dissimilarity and class co-occurrence depen-
dency (NED-MRF) (Wang et al. 2017): NED-MREF is a pixel-based method that intro-
duces the local spectral dissimilarity into the spatial energy function.

Among the abovementioned eight comparison methods, ICM, OMRF, OMRF-RP,
HOMRF, and HMRF-MG can obtain segmentation results without prior information.
These models assume that tested data follow a Gaussian distribution. The class con-
ditional probabilities of the tested images are solved by calculating the mean w and var-
iance 2 of the Gaussian distribution, similar to equation (17). However, initial labels and
class conditional probabilities provided by SVM or other classifiers are necessary for the
fully connected CRFs and NED-MRF.

To compare the performance of the MRF-MSSP model to those of the other models in
a fair manner, all the object-based MRF models used over-segmented regions generated
by the MS, and all of the methods that required prior information were started with the
same initial SVM outputs. Finally, all the parameters of these models were set to optimal.
In the experimental setup strategy, the differences between the single-layer and multi-
layer semantic models were discussed by comparing the results of the ICM, OMRF,
OMRE-RP, HMRF-MG, and MRE-MSSP. The differences between the proposed MRE-
MSSP and pixel-based methods can be seen by comparing the performances of the
MREF-MSSP and NED-MRF with the same prior information.

To evaluate the performance of the MRF-MSSP model more comprehensively, we
employed seven popular deep-learning methods beyond the MRF-based methods out-
lined above:

e U-net: convolutional networks for biomedical image segmentation (U-net) (Ronne-
berger, Fischer, and Brox 2015).
o Feature pyramid network (FPN) (T. Y. Lin et al. 2017).



22 (&) J.WANGETAL

e Rethinking Atrous Convolution for Semantic Image Segmentation (DeepLabV3+)
(Chen et al. 2018).

e CGGLNet: Semantic Segmentation Network for Remote Sensing Images Based on
Category-Guided Global-Local Feature Interaction (Ni et al. 2024).

e CMLFormer: CNN and Multi-scale Local-context Transformer network for remote
sensing images semantic segmentation (Wu et al. 2024).

e CMTENet: CNN and multiscale transformer fusion network for remote sensing image
semantic segmentation (Wu et al. 2023).

o SFFNet: A Wavelet-Based Spatial and Frequency Domain Fusion Network for Remote
Sensing Segmentation (Yang, Yuan, and Li 2024).

The proposed method was further validated by comparing it with the seven convolu-
tional neural networks (CNNs) mentioned earlier. It should be noted that the seven
CNN-based methods require substantial amounts of training data. Consequently, the
performance of both the CNN and MRF-MSSP models was evaluated solely on the
GID dataset.

4.3. Segmentation experiment

In this section, the experimental results are presented in two parts. First, a comparative
analysis of the experimental outcomes of the MRF-MSSP model is conducted against
those of other statistical learning methods. Then, the performance of MRF-MSSP is com-
pared with deep-learning-based approaches on the GID dataset.

4.3.1. Comparison with statistical learning methods

Segmentation experiments were conducted on seven images using nine methods. Since
HRRS images typically contain a wealth of texture information, segmentation exper-
iments were first performed on two synthetic texture images.

The texture image I consisted of six different flower textures, each containing numer-
ous flowers and some shadow areas. The different textures appeared visually similar, as
shown in Figure 6(a). To facilitate quantitative analysis of the segmentation results, class
codes were defined for each texture, as illustrated in Figure 6(a,b). From a visual
interpretation perspective, Textures 2 and 4 appeared extremely similar. In contrast,
Texture 3 exhibited greater intra-class heterogeneity, with significant variation in the
appearance of green leaves and white flowers. Additionally, each texture contained
shadow areas, which significantly impacted the models’ ability to extract image features.
Figure 6 shows the segmentation results of the nine methods. Among them, the ICM
method performed the worst, as it only considered the spatial context interactions of
8-neighborhood pixels. From Figure 6, it is evident that all unsupervised methods
(ICM, OMRF, OMRF-RP, HOMRF, and HMRF-MG) not only misclassified the
shadow areas as a single class but also mistakenly classified most of the Texture 2 area
as Texture 4. Although the SVM correctly recognized Textures 2 and 4, there was a lot
of salt-and-pepper noise in the results because it was a pixel-based method and it did
not consider spatial neighborhood relationships. Fully connected CRFs and NED-MRF
took spatial context relationships into account, so they reduced the noise in the segmen-
tation results. However, these two methods still failed to distinguish the different classes



INTERNATIONAL JOURNAL OF DIGITAL EARTH e 23

0] (k)

Figure 6. Segmentation results for the texture image I. (a) texture image I. (b) Ground truth. (c) Result
of ICM. (d) Result of SVM. (e) Result of OMRF. (f) Result of OMRF-RP. (g) Result of HOMRF. (h) Result of
HMRF-MG. (i) Result of Fully connected CRFs. (j) Result of MRF-NED. (k) Result of MRF-MSSP.

of textures precisely, because the intra-class heterogeneity and inter-class homogeneity of
the six textures were large, e.g. Texture 6 consisted of purple flowers, green leaves,
shadows, red flowers, and white flowers. Compared with other methods, the hierarchical
semantic representation constructed by the MRF-MSSP model could extract image fea-
tures from different semantic scales to further distinguish similar texture areas, and it
could adaptively adjust the smoothness to preserve the boundary information, as
shown in Figure 6(k). Table 2 presents the quantitative indices OA and kappa for eval-
uating the segmentation results of texture image I, which demonstrated the promising
properties of the MRF-MSSP model.

Texture image II contained 11 diverse textures, as shown in Figure 7(a,b). First, there
was a large amount of misclassification in the ICM results. Since Textures 1, 3, 6, and 8
appeared similar, the SVM failed to distinguish these textures effectively by relying on
appearance features alone, as shown in Figure 7(d). The OMRF method substantially
reduced the salt-and-pepper noise in the segmentation result and improved the segmen-
tation accuracy. The OMRF-RP model further optimized the segmentation results by cal-
culating the area relationship between adjacent over-segmented regions, but it still failed
to recognize diverse textures correctly. The HOMRF approach considered the semantic
context of the image through the interactions between the two semantic layers, while the
HMRF-MG method captured information at both granularities to assist in the
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Table 2. Quantitative indexes of ICM (Besag 1986), SVM (Chang and Lin 2011), OMRF (Xia, He, and Sun
2006), OMRF-RP (Zheng and Wang 2015), HOMRF (Zheng, Zhang, and Wang 2016), HMRF-MG (Zheng
et al. 2021), Fully connected CRFs (Krdhenbiihl and Koltun 2011), MRF-NED (Wang et al. 2017) and
MRF-MSSP for experiments in two texture images of Figures 6 and 7.

Indexes OMRF- MRF- NED- MRF-

Test image (%) ICM  SVM  OMRF RP HOMRF MG FCRFs MRF MSSP
Texture image | Kappa 48.84 82.64 62.28 68.05 69.38 63.98 9445  95.86 99.59
OA 5290 8540 66.72 72.53 72,62 6832  98.51 96.66 99.67

Texture image Il Kappa 49.58 67.12 60.65 73.96 72,62 7469 9642  98.94 99.75
OA 5259 69.76 63.14 76.21 75.09 7703  96.81 99.06 99.78

segmentation. Interestingly, Textures 2 and 10 in the image were extremely similar in
appearance, so all of the unsupervised methods failed to distinguish these two textures.
The fully connected CRFs and NED-MRF methods correctly recognized both textures
but still suffered from some misclassification. To summarize, the MRF-MSSP achieved
the best segmentation results of all of the methods, as shown in Figure 7(k). Moreover,
the quantitative indices OA and kappa were even close to 1 for both texture images, as
shown in Table 2.

The performance of the MRF-MSSP model was subsequently tested on remote sensing
data. The Washington DC image with a spatial resolution of 1.65 m and a size of 730 x

M ®
Figure 7. Segmentation results for the texture image Il. (a) texture image Il. (b) Ground truth. (c) Result
of ICM. (d) Result of SVM. (e) Result of OMRF. (f) Result of OMRF-RP. (g) Result of HOMRF. (h) Result of
HMRF-MG. (i) Result of Fully connected CRFs. (j) Result of MRF-NED. (k) Result of MRF-MSSP.
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770, obtained by the GeoEye sensor, was tested first. The Washington DC image con-
tained four land-cover classes, i.e. buildings, grassland, trees, and roads. Among these
classes, buildings and roads had similar spectral features, so the ICM and SVM
methods incorrectly identified many roads as buildings, as shown in the bottom right
corner of Figure 8(c,d). The object-based MRF approaches improved the segmentation
accuracy. Unfortunately, the cost of the increased accuracy was the over-smoothing of
image detail information. For example, the OMREF-RP misclassified many trees as grass-
lands, as shown in Figure 8(f). The analysis indicated that the OMREF-RP was weaker at
distinguishing the classes with low spectral variability, as it mainly considered the area
and boundary information between regions. The HMRF-MG method took the detailed
information of the pixels and the macro-information of the objects into account, so
the multigranularity-based methods could achieve better results than the HOMRF
method on datasets where the hierarchical semantic features were not evident. The
fully connected CRF method roughly distinguished between the four land-cover
classes, but there was some salt-and-pepper noise around the boundaries. The MRF-
MSSP further corrected the interactions between the two semantic scales by introducing
prior information; therefore, the buildings within the black ellipse on the top left of
Figure 8 could be correctly recognized. Table 3 reports the confusion matrix of the

§

©
0

Figure 8. Segmentation results for the Washington DC image. (a) Washington DC image. (b) Ground
truth. (c) Result of ICM. (d) Result of SVM. (e) Result of OMRF. (f) Result of OMRF-RP. (g) Result of
HOMREF. (h) Result of HMRF-MG. (i) Result of Fully connected CRFs. (j) Result of MRF-NED. (k) Result
of MRF-MSSP.
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Table 3. Quantitative indexes of ICM, SVM, OMRF, OMRF-RP, HOMRF, HMRF-MG, Fully connected CRFs,
MRF-NED and MRF-MSSP for experiments in five remote sensing images of Figures 8-12.

Indexes OMRF- MREF- NED- MRF-

Test image (%) ICM  SYM  OMRF RP HOMRF MG FCRFs MRF MSSP
Washington DC  Buildings 7683 87.16 76.88 91.22 93.50 95.11  89.53 98.07 99.92
Road 70.24 79.18 83.85 95.61 91.15 9216  82.16 92.25 96.68

Grassland 96.49 97.87 98.99 100 96.12 99.66  96.03 99.57 99.66

Tress 7272 9538 96.33 77.74 98.40 99.64 99.84 99.59 99.50

Kappa 71.88 86.55 86.32 8533 93.42 95.68  89.93 96.27 98.38

OA 76.38 89.71 89.56 88.45 95.14 96.85  92.46 97.28 98.83

SPOT5 image Farmland 63.23 91.12 9290 97.23 96.00 9529  96.02 97.37 97.91
Vegetation 77.80 7943 8237 80.58 86.68 83.66  81.97 80.69 87.66
Urban area 49.78 83.16 84.56 86.62 91.27 88.24  87.22 94.79 93.17

Kappa 56.44 80.18 82.65 84.87 88.39 85.67  85.00 87.93 90.54
OA 64.07 8533 8735 89.16 91.82 89.75  89.25 91.49 93.43
Gaofen-2 Built-up 39.03 89.11 54.71 53.14 62.96 61.72  95.70 97.00 96.88
image-|
Farmland 0.29 8034 030 0.05 0.36 029 9494 94.51 95.87
Water 86.05 9549 98.02 99.97 9691 96.92 9543 95.48 96.83
Forest 97.72 9632 96.83 97.56 96.59 9691  98.29 98.67 98.14
Kappa 2931 80.86 36.08 35.72 39.16 3875 9281 93.83 94.39
OA 33.77 8727 4321 4234 47.94 4723  95.67 96.33 96.67
Aerial image Vegetation 79.93 76.59 90.00 68.90 93.31 9223 9829 86.62 90.33
River 99.64 99.42 98.40 99.97  98.07 9837 9874 99.23 97.96
Farmland 65.15 8232 81.71 93.04 88.72 85.96  96.56 89.56 99.36
Urban area 2541 7932 77.29 66.00 91.80 9275 9598 93.87 98.11
Kappa 5272 7681 7826 76.15 87.84 86.44  93.45 87.88 96.29
OA 5867 8204 83.12 81.97 91.14 90.00 95479  91.22 97.49
Salinas Kappa 91.17 8731 96.02 93.18 96.31 98.06  98.82 99.33 99.20
OA 91.98 8824 96.39 93.83 96.67 98.26  98.94 99.40 99.28

segmentation results, from which we can observe that the proposed method was the most
reliable, especially for recognizing of buildings, where it achieved 99.92% accuracy.

To test the performance of the proposed method on remote sensing images with
different spatial resolutions, the second tested remote sensing data was an image with
a 10-m spatial resolution collected from the SPOT5 satellite. This image contained
three categories: urban areas, vegetation, and farmland, as shown in Figure 9. As the
spatial resolution decreased, the number of mixed pixels in the image increased, which
exacerbated the uncertainty in the semantic segmentation. Although the SVM corrected
most of the misclassified areas of the ICM, some vegetation was still misclassified as
urban areas in the upper right corner of the image. The urban area in the image consisted
of many subclasses, so the methods that utilize hierarchical semantic features, such as
HOMRF and MRE-MSSP, provided better segmentation results and a higher segmenta-
tion accuracy, as shown in Figure 9(g,k). The fully connected CRF method performed
poorly for images with many mixed pixels. The NED-MRF method exhibited positive
properties in the boundaries between different classes. However, there were still mis-
classifications, such as the area within the red ellipse in the upper right corner of the
image, as shown in Figure 9(j). The MRF-MSSP model has greater evaluation metrics
than competing methods, and its visual presentation is superior.

An image of 2048 x 2048 pixels was selected from the GID to evaluate the model’s per-
formance on large-sized remote sensing images. It consisted of four land-cover cat-
egories: built-up areas, farmland, water, and forest, as shown in Figure 10.
Interestingly, the four classes in this image had similar spectral responses. In particular,
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Figure 9. Segmentation results for the SPOT5 image. (a) SPOT5 image. (b) Ground truth. (c) Result of
ICM. (d) Result of SVM. (e) Result of OMRF. (f) Result of OMRF-RP. (g) Result of HOMRF. (h) Result of
HMRF-MG. (i) Result of Fully connected CRFs. (j) Result of MRF-NED. (k) Result of MRF-MSSP.

the farmland, water, and forest at the top of the image appeared similarly. Moreover,
there are many dark roofs in the built-up areas, and the difference between those areas
and the farmland was slight from a visual perspective. Therefore, the five unsupervised
methods failed to effectively distinguish the four classes, as shown in Figure 10(c,e-h).
This error was corrected with the introduction of prior information. The MRF-MSPP
smoothed the initial results provided by the SVM while preserving the local details of
the image, such as it being able to distinguish between farmland and roads inside the
farmland, as shown in Figure 10(k).

The sixth tested image, illustrated in Figure 11(a), was an aerial image with a 0.4-m
ultra-high spatial resolution. It comprised four land-cover classes: urban areas, rivers,
vegetation, and farmland. There was rich hierarchical semantic information in this
image, where the urban area consisted of shadows, roads, vegetation, farmland, and
buildings of different colors. The high intra-class heterogeneity of this image led to
many misclassifications in the ICM, SVM, OMREF, and OMREF-RP results, as shown in
Figure 11(c-f). The HOMRF and HMRF-MG could perform better using one label or
granularity layer than the MRF methods. The fully connected CRFs performed poorly
on the SPOT5 image used in this study, but exhibited promising properties for aerial
images. The NED-MRF optimized the results using anisotropic spatial energy functions.
However, they were still pixel-based approaches and employed only one label layer to
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Figure 10. Segmentation results for the Gaofen-2 Image-I. (a) Gaofen-2 image-I. (b) Ground truth. (c)
Result of ICM. (d) Result of SVM. (e) Result of OMRF. (f) Result of OMRF-RP. (g) Result of HOMRF. (h)
Result of HMRF-MG. (i) Result of Fully connected CRFs. (j) Result of MRF-NED. (k) Result of MRF-MSSP.

describe the image. Therefore, they failed to capture the large scope of the spatial inter-
actions in the aerial images. As shown in Figure 11(j), the NED-MRF could not reliably
distinguish farmland and vegetation in broad land-cover classes, and small misclassifi-
cations remained in the segmentation results of the fully connected CRFs, such as the
red circled regions in Figure 11(i). The MRF-MSSP, introducing a spectral dissimilarity
function, could generate the most complete homogeneous regions and preserve the
boundaries between different classes. To further assess the contribution of equations
(19-22), Figure 11(1) supplements the main results by displaying local segmentation
details for enhanced visual evaluation. It can be observed that visual gaps between the
different methods were evident and that the MRF-MSSP generated the closest boundaries
to the ground truth.

Finally, the Salinas images were employed to evaluate the effectiveness of the MRF-
MSSP model against hyperspectral remote sensing images. In this experiment, the
SVM method provided the starting labels for all eight methods to achieve a fairer com-
parison. For the SVM method, 50 samples were randomly sampled from each ground
truth class for training, and the remaining samples were used for testing. Except for
the NED-MRF and fully connected CRF methods, the MRF-based methods employed
an ICM to optimize the objective function in the model. If the image with 204 bands
were segmented directly, it would cause the Gaussian distribution covariance matrices
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Figure 11. Segmentation results for the Aerial image. (a) Aerial image. (b) Ground truth. (c) Result of
ICM. (d) Result of SVM. (e) Result of OMRF. (f) Result of OMRF-RP. (g) Result of HOMRF. (h) Result of
HMRF-MG. (i) Result of Fully connected CRFs. (j) Result of MRF-NED. (k) Result of MRF-MSSP. (1) Original
local image patch and details of (a)-(k).

of these six methods to become singular or nearly singular, which could impact the final
segmentation results. Therefore, the input data for these six methods were the three-band
image of Salinas acquired by principal component analysis. The NED-MRF and fully
connected CRF methods still input the original image with 204 bands. Figure 12 displays
the segmentation results. The Salinas image had few hierarchical semantic features avail-
able, as its 16 classes are all crops. HOMREF failed to discriminate well across classes with
similar spectral responses, particularly in the boundaries between classes. The MRF-
MSSP and NED-MRF models incorporated the local spectral heterogeneity of the
image to further optimize the segmentation results. Table 3 presents quantitative
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Figure 12. Segmentation results for the Salinas hyperspectral image. (a) Salinas hyperspectral image.
(b) Ground truth. (c) Result of ICM. (d) Result of SVM. (e) Result of OMRF. (f) Result of OMRF-RP. (g)
Result of HOMRF. (h) Result of HMRF-MG. (i) Result of Fully connected CRFs. (j) Result of MRF-NED.
(k) Result of MRF-MSSP.

indices that also demonstrate the robustness of the MRF-MSSP model against hyperspec-
tral remote sensing images. Figure 13 illustrates the confusion matrix of segmentation
results on Salinas image using the MRF-MSSP model.

4.3.2. Comparison with deep-learning-based methods

For the deep-learning-based methods, four test images of size 2048 x 2048 pixels were
selected from the GID dataset, while the remaining images were used for model train-
ing. Specifically, to examine the influences of the varied quantities of the training data
on the performances of the CNN-based models, two patch sets were collected to
provide training data for the seven CNN methods. First, patches with sizes of 256 x
256 were randomly sampled on each training image. Patch set I contained 14,600
patches, and patch set II contained 2920 patches. The four classes were randomly dis-
tributed in two patch sets. The FPN was trained on Patch set II with 2920 patches.
Subsequently, the remaining six methods were trained on Patch set I with 14,600
patches.

The deep learning models employed in this study were implemented using the
PyTorch framework. All experiments were conducted on a workstation equipped with
an NVIDIA RTX A4000 GPU and 16GB of RAM, utilizing CUDA 11.2 to leverage
efficient parallel computation capabilities. The operating system used was a 64-bit
version of Microsoft Windows 10, with the development platform being Anaconda
5.2.0 and Python version 3.8.8.
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Figure 13. Confusion matrix of segmentation results on the 16 classes of Salinas image obtained using
the MRF-MSSP model.

During model training, the SGD optimizer was used to ensure stability and efficiency
in the optimization process. The batch size was set to 32, with a total of 50 epochs. To
enhance the training performance, the initial learning rate was set to 0.01, and a
cosine annealing schedule was applied to dynamically adjust the learning rate during
training, gradually decreasing it to promote better convergence. A global weight decay
parameter of 0.001 was also applied to improve generalization and reduce overfitting,
ensuring the stability and reliability of the training process.

The experimental results are presented in Figure 14. It can be observed that the seg-
mentation result of the MRF-MSSP model was the closest to the ground truth. Notably,
the FPN had difficulty distinguishing between farmland and water. The FPN misclas-
sified the large areas of water in Gaofen-2 image II as farmland and misclassified the
farmland at the bottom of Gaofen-2 image IV as water, as shown in Figure 14(a3,c3),
respectively. This may have been caused by the fact that Patch set II provided less avail-
able training data for the FPN and that the spectral responses of the two classes were
similar. Patch set I had more training samples accessible to model than patch set II
As a consequence, the models such as U-net were able to generate satisfactory segmenta-
tion results. In particular, U-net obtained the highest kappa and OA, with values of
0.9707 and 0.9836, respectively, on the Gaofen-2 image-V. The seven CNN-based
methods were more effective in recognizing the built-up areas but poorer in recognizing
farmland. In the GID, the farmland comprised many heterogeneous regions with
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Figure 14. Segmentation results for the GID. (a1) Gaofen-2 image-Il. (b1) Gaofen-2 image-Ill. (c1)
Gaofen-2 image-IV. (d1) Gaofen-2 image-V. (a2-d2) Ground truth. (a3-d3) Result of FPN. (a4-d4)
Result of U-net. (a5-d5) Result of DeepLabV3+. (a6—d6) Result of CGLNet. (a7-d7) Result of CMLFor-
mer. (a8-d8) Result of CMTFNe. (a9-d9) Result of SFFNet. (a10-d10) Result of MRF-MSSP.

significant intra-class variations. The spectral responses of the crops varied. It can be
observed from Figure 14(d1) that the appearances of built-up and farmland areas were
similar. For these areas, the CNN-based methods generated more noise in the segmenta-
tion map. Compared to the CNN-based methods, MRF-MSSP proposed algorithm cor-
rectly recognized water, farmland, and built-up areas and minimized the salt-and-pepper
noise in the segmentation results. The kappa, OA, and specific-class accuracies achieved
by the eight methods are shown in Table 4. The abovementioned experimental findings
further demonstrated the robustness and dependability of MRF-MSSP model for diverse
HRRS images.

4.4. Analysis of MRF-MSSP model parameter

The abovementioned experimental results demonstrated the promising performance of
the MRF-MSSP model. However, the parameters of the model will impact the segmenta-
tion results. This subsection analyzes and discusses the effects of parameters k;, 3, and
MRA on the robustness of the MRF-MSSP model through additional experiments. To
evaluate this effect more accurately, a strategy was adopted in which one parameter
was tested at a time while the other two parameters were fixed. The effect of parameter
ki on the model was first tested. Table 5 reports the optimal k; values for the seven
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Table 4. Quantitative indexes of U-net (Ronneberger, Fischer, and Brox 2015), FPN (Lin et al. 2017),
DeeplLabV3+ (Chen et al. 2018), CGGLNet (Ni et al. 2024), CMLFormer (Wu et al. 2024), CMTFNet
(Wu et al. 2023), SFFNet (Yang, Yuan, and Li 2024) and MRF-MSSP for experiments of eight
Gaofen-2 images of Figure 14.

Indexes DeeplabV3 CML MREF-

Tested image (%) FPN U-net + CGLNet former CMTFNe SFFNet MSSP

Gaofen-2 Water 33 95.23 94.21 97.36 97.24 97.07 97.88 99.93
image-Il

Farmland 97.08 98.64 98.38 99.13 98.92 98.88 99.2 98.32

Built-up 98.33 9947 98.35 88.01 87.03 87.36 89.28 97.81

Kappa 5250 95.12 94.06 94.38 93.79 93.75 95.04 96.35

OA 77.80 97.98 97.52 97.16 96.87 96.85 97.5 98.49

Gaofen-2 Water 97.30  99.01 95.36 99.14 98.13 97.99 96.09 99.41
image-lll

Forest 81.75 72.56 76.43 75.54 79.59 80.75 78.73 99.71

Built-up 99.99 99.97 99.99 99.38 99.09 99.16 99.36 99.85

Kappa 90.13  85.53 87.28 85.04 86.29 87.27 86.69 99.48

OA 96.46 94.74 95.41 96.66 96.76 96.95 96.89 99.81

Gaofen-2 Water 91.24 94.33 83.46 93.19 94.23 91.65 93.34 91.09
image-IV

Farmland 85.89 96.86 94.03 92.29 92.28 94.5 93.52 99.04

Built-up 99.89 99.89 99.74 98.11 97.57 98 98.2 97.75

Kappa 90.25 97.07 93.59 92.26 91.11 92.69 92.72 95.82

OA 9431 98.36 96.36 96.65 96.17 96.84 96.86 97.62

Gaofen-2 Water 98.87  99.35 99.30 99.75 99.65 99.68 99.76 98.93
image-V

Farmland 7746  83.20 76.90 86.62 87.6 86.89 88.26 91.24

Built-up 99.37 98.50 99.08 94.34 94.69 95.56 96.51 96.63

Kappa 87.92  90.67 87.84 90.45 91.05 91.58 929 93.73

OA 91.76  93.75 91.72 94.24 94.6 94.9 95.73 95.88

images, and Figure 15 illustrates the effects of different k; values on the segmentation
accuracy.

As can be observed from Figure 15(a-c), the segmentation accuracy was improved
with the increase in the k; value, and then it decreased. Given that Salinas was divided
into 16 classes, if the strategy of k; > k were still adopted, only a few available hierarch-
ical semantic features could be extracted by the model. We set k; < k with the goal of
interpreting the images from a high-level-semantics perspective. As illustrated in
Figure 15(d), when k; ranged from 4 to 10, the quantitative indices exhibited very
minor fluctuations, and the kappa values always exceeded 0.99. The abovementioned
analysis demonstrated that the MRF-MSSP model was highly robust to k.

When k and k; were specified, the parameters 3 and MRA impacted the performance
of the model jointly. The segmentation accuracies of four images with different values 3
and MRA were compared. For Washington DC images, the 3 value was set from 1 to 15
with a step of 1, and the MRA value was set from 50 to 190 with a step of 10. The

Table 5. The optimal k; value of the MRF-MSSP model for seven images.

Image k value ki value Kappa (%) OA (%)
Texture image | 6 10 99.59 99.67
Texture image Il 1 14 99.75 99.78
Washington DC 4 7 98.38 98.83
SPOT5 image 3 6 90.54 93.43
Gaofen-2 image-| 4 9 94.39 96.67
Aerial image 4 7 96.29 97.49
Salinas 16 6 99.20 99.28
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Figure 15. Quantitative indexes for results with different k; value.

parameter setting strategy for the other three images was similar to that used for the
Washington DC image. As shown in Figure 16, the MRF-MSSP model was also quite
robust against 8 and MRA. Based on the aforementioned discussion of the parameters,
it can be concluded that the MRF-MSSP model exhibits a high degree of robustness with
respect to parameter settings.

4.5. Computational cost

The computational complexity of the MRF-MSSP model was O((k + k;)nt), where n is
the number of vertices, and t is the number of iterations. Compared with other compet-
ing methods, the computational complexity of the MRF-MSSP model was the same as
that of the HOMRF model. In fact, the MRF-MSSP model additionally calculated the
spectral dissimilarity between adjacent regions, and thus, its computation time was
slightly higher than that of the HOMREF. For example, for the segmentation experiment
of the Salinas image with a size of 512 x 217, the MRF-MSSP model required 8.7 s, the
HOMRF model required 7.5 s, and the OMRF model required 6.3 s. Notably, all of the
experiments (statistical learning methods) in this study were performed on a Windows
11 PC with an Intel i5-12400 CPU using 16 GB of memory. Table 6 reports the comput-
ing times of the MRF-MSSP model on the seven images. In general, the computational
speed of the MRF-MSSP mode was acceptable.
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Figure 16. Kappa index of the MRF-MSSP model with different 3 values and MRA values.

5. Discussion

In this study, a theoretical and experimental investigation of the concept of multilayer
semantic segmentation and local spectral dissimilarity of remote sensing images was con-
ducted. To demonstrate the differences between the comparison methods and the MREF-
MSSP method more intuitively, Figure 17 displays the kappa values obtained by nine
methods, including the SVM, fully connected CRF, and MRF-based methods, on
seven tested images. Figure 18 displays the kappa obtained by the deep-learning-based
methods and the MRF-MSSP method on four remote sensing images from the GID. It
can be observed from Figures 17 and 18 that the proposed MRF-MSSP model achieved
the highest segmentation accuracy in most cases. Overall, the method proposed in this
study was the most robust.

In recent years, with the improvement in the spatial resolution of remote sensing
images, the images have been able to contain rich and complex spatial context

Table 6. The computational time of MRF-MSSP model in seven images (in seconds).

Data
Texture image  Texture image  Washington SPOT5 Gaofen-2 Aerial
Method | Il DC image image | image Salinas
MRF- 6.0 5.1 7.3 6.9 102.2 14.2 8.7

MSSP
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Figure 17. Kappa index for results with SVM, fully connected CRFs and six MRF-based methods.

information. Previous studies have demonstrated the use of multiclass-layer labels to
effectively capture the spatial context information of images from different semantic per-
spectives (L. Li et al. 2022; Zheng, Zhang, and Wang 2016). A similar strategy was
adopted in this work to interpret the images. For example, the MRF-MSSP divided
urban areas of aerial images into four classes with low-level semantic features from a
detailed perspective, and it divided farmland and vegetation into two classes with low-
level semantic features, as shown in Figure 2. The model captured the interactions
between low- and high-level semantic classes in the form of a transition probability
matrix. However, for some complex remote sensing images, the unsupervised methods
had difficulty capturing the semantic context without prior information, which led to
final segmentation results not accurately reflecting the ground truth, as shown in
Figure 10(c). As a result, the SVM was employed to initialize the label layers in the
label model, instead of the classical pixel-based MRF method (ICM). It was demonstrated
in Section 4 that incorporating prior information into semantic segmentation led to
improved results. The next part will focus on explaining the introduction of regional
spectral dissimilarity into the hierarchical semantic model.

MRF-based methods improve the semantic segmentation of remote sensing images.
Unfortunately, they improve the segmentation accuracy at the cost of over-smoothing
detailed image information. This is because most MRF models prefer to regard adjacent
vertices in the probability graph G as the same class. Thus, they can obtain large-scale
homogeneous regions. Conversely, this makes it possible to lose boundary information
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Figure 18. Kappa index for results with seven deep learning-based methods and MRF-MMSP method.

in the segmentation results. Expressly, the ICM, OMRF, HOMRF, and HMRF-MG
methods assume the model is uniformly smooth over the whole image. That is, these
methods assign the same weight when calculating the potential energy ¢(x;, x;)
between adjacent nodes v; and v; in the probability graph G. However, this assumption
is frequently violated in the boundary between different classes.

From Figures 8 and 12, it can be seen that these methods over-smoothed the bound-
aries of the images. To prevent the segmentation map from being over-smoothed, a new
optimized scheme is proposed. Under the same sensor and illumination conditions,
objects belonging to the same class should present similar spectral features. Based on
this, the model should prefer to select vertices with similar spectra to those of the
same class. For this purpose, the dissimilarity between adjacent regions was introduced
into the potential function of the label model as adaptive weights (see equation (17)),
which aims to preserve the dissimilarity of regions exhibiting discontinuities to
prevent an image from being over-smoothed. A previous study (Wang et al. 2017)
confirmed the effectiveness of this strategy, which was used as a competing method
(NED-MREF) in this article. The NED-MRF model performed poorly when handling
large-scope homogeneous regions but performed well in edge-preserving, as shown in
Figures 10(j), 11(j), and 12(j). Different methods have their own strengths and weak-
nesses, and we can choose the appropriate solution based on the circumstances.

In the field of semantic segmentation of remote sensing images, the excellent perform-
ance of deep learning approaches has been proven (Ma et al. 2019). They can provide
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satisfactory segmentation results with the support of massive training data. Conse-
quently, they have been extensively studied and continuously improved. In this work,
the MRF-MSSP algorithm was compared with seven CNN deep learning methods. In
contrast to deep-learning-based methods, the MRF method is a statistical learning
method. It has a robust theoretical basis and a flexible theoretical framework. Its segmen-
tation process can be precisely characterized by mathematical formulations, which makes
the results of the MRF-MSSP model easier to interpret than those of deep learning
models. In addition, the MRF can capture the statistical regularity of the geographic dis-
tribution of each land-cover class from a probabilistic perspective, and this regularity is
beneficial for the model to generate results that are closer to the ground truth. In particu-
lar, deep-learning-based methods are greatly impacted by the quality and quantity of the
training samples. In the absence of sufficient training samples, the MRF models outper-
formed the CNN models. When the number of training samples is massive, deep-learn-
ing-based methods are regarded as the optimal option. However, since deep-learning-
based methods require feature learning from the massive number of training samples,
a substantial amount computational resources will be required to train the models.
Several deep learning methods have forced researchers to reconsider using more
efficient hardware architectures to accommodate the computational complexity and
accelerate the training of models. By contrast, the MRF model requires fewer compu-
tational resources. For instance, in this study, the DeepLabV3+ model was trained
using a dataset comprising 14,600 images, each with a size of 256 x 256 pixels. The train-
ing process took approximately 7 h and 23 min to complete, highlighting the significant
computational cost associated with deep learning-based semantic segmentation
approaches.

6. Conclusions

This paper presents a semantic segmentation algorithm applicable to both high-resol-
ution remote sensing (HRRS) images and hyperspectral images. The proposed MREF-
MSSP model has the following positive properties:

e Semantic-aware segmentation: The model automatically extracts semantic contextual
information from the input image to guide the segmentation process. This capability
enables improved performance, particularly in complex remote sensing scenarios.

o Adaptive boundary preservation: By measuring the spectral dissimilarity between
adjacent objects, the model adaptively adjusts smoothness across different regions.
As a result, it effectively preserves boundary details instead of over-smoothing them.

e Dual-layer semantic outputs: The method generates segmentation maps for two
semantic levels — high-level and low-level. These multi-layer results provide more
comprehensive scene interpretation. An example of these results for the Gaofen-2
images is presented in Appendix Figure A.I.

In addition, the proposed model significantly reduces salt-and-pepper noise commonly
observed in segmentation maps, further enhancing the visual quality and accuracy of the
results.
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Different types of images were employed to evaluate the effectiveness of the MRF-
MSSP model, and the effect of various parameter-setting strategies on the model’s robust-
ness was tested. The experimental results demonstrated that the MRF-MSSP model is
capable of generating the closest ground truth results, and it is slightly influenced by
the parameters. In addition, the segmentation quality indices indicate that our method
provided the best segmentation accuracy on most of the tested images compared with
other competing methods. In summary, the proposed MRF-MSSP model provides an
optional solution for the semantic segmentation of remote sensing images.

Although the abovementioned experimental results showed an encouraging segmen-
tation performance of the proposed method, it still has limitations. Two aspects are
involved in the analysis of the deficiencies of the MRF-MSSP model. Firstly, it should
be noted that not all of the images exhibited distinct hierarchical semantic features, as
is the case with the Salinas image. In the case of images that lack distinct hierarchical
semantic features, the MRF-MSSP model is unable to collect sufficient hierarchical
semantic features to guide semantic segmentation effectively. The question of how to
effectively extract semantic features in fine classification images is an intriguing chal-
lenge, and it will be the focus of our subsequent research efforts. Secondly, as illustrated
in Figures 8-12, the segmentation outcomes obtained by the MRF-MSSP exhibited
jagged boundaries between the different classes, a common occurrence in object-based
methodologies. In the future, we intend to improve the quality of the over-segmented
region generated by the basic segmentation techniques and integrate multi-granularity
features of images further to refine the jagged boundaries of the segmentation map.
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