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Abstract: Coordinate registration (CR) is the key technology for improving the target
positioning accuracy of sky-wave over-the-horizon radar (OTHR). The CR parameters
are derived by matching the sea–land clutter classification (SLCC) results with prior geo-
graphic information. However, the SLCC results often contain mixed clutter, leading to
discrepancies between land and island contours and prior geographic information, which
makes it challenging to calculate accurate CR parameters for OTHR. To address these
challenges, we transform the sea–land clutter data from Euclidean space into graph data
in non-Euclidean space, and the CR parameters are obtained by calculating the similarity
between graph pairs. And then, we propose a similarity calculation via a graph neural
network (SC-GNN) method for calculating the similarity between graph pairs, which in-
volves subgraph-level interactions and node-level comparisons. By partitioning the graph
into subgraphs, SC-GNN effectively captures the local features within the SLCC results,
enhancing the model’s flexibility and improving its performance. For validation, we con-
struct three datasets: an original sea–land clutter dataset, a sea–land clutter cluster dataset,
and a sea–land clutter registration dataset, with the samples drawn from various seasons,
times, and detection areas. Compared with the existing graph matching methods, the
proposed SC-GNN achieves a Spearman’s rank correlation coefficient of at least 0.800, a
Kendall’s rank correlation coefficient of at least 0.639, a p@10 of at least 0.706, and a p@20
of at least 0.845.

Keywords: sky-wave over-the-horizon radar; sea–land clutter classification; coordinate
registration; graph data; graph similarity calculation

1. Introduction
Sky-wave over-the-horizon radar (OTHR) is a crucial sensing technology in remote

sensing due to its long-range detection capability [1,2]. Sea–land clutter classification
(SLCC) is the key technology for enhancing the target positioning accuracy of OTHR.
By matching the SLCC results with an electronic map, the coordinate registration (CR)
parameters for OTHR are derived, demonstrating significant potential to improve the target
positioning accuracy in a cost-effective manner [3–5].

In recent years, there have been considerable works on SLCC, including model-driven
and data-driven methods. In terms of the model-driven SLCC methods, Turley et al. [6]
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converted sea–land clutter data into graph data and constructed a graph edge equation
based on adjacent azimuth–range cells. The SLCC task was realized by solving the equation
using the weighted least square method. Jin et al. [7] proposed an SLCC method based
on a support vector machine by analyzing three kinds of features of the sea–land clutter
data. In [6,7], designing a feature extractor to convert sea–land clutter data into a suitable
feature vector required both careful engineering and substantial domain expertise. This
transformation enables the classifier to categorize the data into distinct classes. Although
the model-driven-based SLCC methods in [6,7] can achieve SLCC, their effectiveness may
be constrained by the complex nature of both the ionosphere and sea–land clutter. As noted
in [8], identifying an appropriate model for fitting sea–land clutter is often challenging.
Moreover, the features of sea–land clutter are difficult to extract manually and exhibit
instability. With the wide application of deep learning in radar image processing [9–11],
many SLCC methods based on deep convolutional neural networks (DCNNs) have been
proposed. Li et al. [8] proposed a method that utilized a DCNN to classify sea–land clutter
by automatically extracting the high-dimensional hidden features from massive sea–land
clutter data. Specifically, a DCNN with three convolutional layers and two fully connected
layers was employed for classification. Li et al. [12] proposed a cross-resolution classifica-
tion method based on the algebraic relationship between sea–land clutter data at different
resolutions. By modifying the weight of the residual neural networks, the performance of
the SLCC model was improved. Li et al. [13] proposed an attention-aided pyramid scene
parsing network that effectively integrated contextual and global information from the
range–Doppler (RD) map. This method could fuse multi-scale information and facilitate
more stable model training, thereby significantly improving both the performance and
robustness of the SLCC model. Jiang et al. [14] proposed a deep embedded convolutional
clustering method that employed a convolutional auto-encoder to reconstruct sea–land
clutter data. This method subsequently applied clustering loss to class the unlabeled sam-
ples, thereby achieve the SLCC task. Zhang et al. [15] introduced a method for augmenting
and classifying sea–land clutter data utilizing an auxiliary classifier, a variational autoen-
coder, and generative adversarial networks. This method enabled the extraction of latent
features from limited labeled samples, thereby achieving high-quality sample synthesis
and accurate classification. Zhang et al. [16] proposed an SLCC method utilizing triple loss
adversarial domain adaptation networks to address cross-domain classification challenges.
By learning domain-invariant features across the feature, instance, and class levels, this
method significantly improved the performance of the SLCC model in cross-domain set-
tings. Zhang et al. [17] proposed a weighted loss semi-supervised generative adversarial
network that significantly enhanced the performance of a fully supervised SLCC model.
This improvement was achieved by effectively utilizing a limited set of labeled samples
in conjunction with a large corpus of unlabeled sea–land clutter data. Although several
efficient and effective data-driven SLCC methods have been proposed in in [8,12–17], they
have not explored SLCC-based CR methods for OTHR. Therefore, it is necessary to study
CR methods for OTHR based on SLCC further.

A SLCC-based CR method has the following difficulties. Firstly, there are oceans,
lands, and islands in the OTHR detection area. Therefore, there is sea clutter, land clutter,
and mixed clutter in the RD map. Mixed clutter contains the characteristics of both sea
clutter and land clutter, which are difficult to subdivide further into sea clutter or land
clutter, resulting in nonlinear differences between the SLCC results and the electronic
map. Secondly, searching for the results that are most similar to the SLCC results from the
electronic map requires a lot of computation due to the complex spatial relations.

By matching the SLCC results with the electronic map, the CR parameters can be
obtained by calculating the similarity between images. Image matching is a fundamental
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problem in computer science which aims to identify and match similar or corresponding
regions between images. With the rapid development of graph neural networks (GNNs),
they have achieved remarkable success in a wide range of graph-based machine learning
tasks, such as node classification [18], link prediction [19], graph classification [20], and
graph generation [21]. However, there has been less study on learning the similarity scores
between two graphs using GNNs. Compared with the traditional similarity calculation
methods, the main advantage of a GNN in image similarity calculations is that it can
capture the structure information of the image and deal with the complex spatial relations
better. After converting the SLCC results and the electronic map into graph data, the CR
parameters can be calculated through graph similarity calculations.

To this end, we propose a framework for calculating the CR parameters, including
graph construction, mixed clutter clustering, and graph similarity calculations. Specifically,
in the graph construction, the correlation of adjacent azimuth–range cells in the sea–land
clutter data is analyzed from three aspects: the difference in the signal energy difference, the
difference in the signal direction, and the signal correlation. In the mixed clutter clustering,
to acquire more accurate land or island information, we subdivide the mixed clutter in the
SLCC results further into sea clutter or land clutter based on the prior geographic informa-
tion and the nearest neighbor idea. And then, we obtain the CR parameters by calculating
the similarity between graph pairs and propose the method of similarity calculation via a
graph neural network (SC-GNN) for calculating the similarity. In SC-GNN, the graphs are
segmented into subgraphs to capture the local features in the SLCC results better. Then,
subgraph pairs with higher similarity scores are compared at the node level.

In summary, the main contributions of this article cover the following aspects:
(1) A framework for calculating CR parameters in OTHR is proposed. The calculation

of the CR parameters is transformed into a graph similarity calculation problem.
(2) By analyzing the correlation between adjacent azimuth–range cells in the sea–land

clutter data, a graph construction method for converting sea–land clutter data from Eu-
clidean space into graph data in non-Euclidean space is proposed.

(3) The proposed KNN-MCC can effectively subdivide the mixed clutter into sea clutter
or land clutter to obtain more accurate land and island information in the detection area.

(4) The proposed SC-GNN is a flexible framework that contains subgraph-level inter-
actions and node-level comparisons. In SC-GNN, the structural information in the graph is
captured at both coarse-grained and fine-grained levels, and reliable similarity scores for
pairs of graphs are calculated.

The remainder of this article is organized as follows. In Section 2, the background
of SLCC is reviewed, the process of CR is described, and the related notations for graph
similarity computations are introduced. In Section 3, the process of calculating the CR pa-
rameters based on SC-GNN is described in detail, including converting the sea–land clutter
data into the graph data, subdividing mixed clutter into sea clutter or land clutter, and the
working principles of SC-GNN. In Section 4, the experimental datasets are introduced, and
the experimental results are analyzed. Section 5 summarizes this work.

2. Preliminaries
2.1. Sea–Land Clutter Classification

The OTHR detection area contains Na azimuths. For a given azimuth, the RD map
can be represented as X ∈ RNr×Nd , where Nr and Nd are the dimensions of the range cell
and the Doppler frequency, respectively, as shown in Figure 1. The RD map contains three
classes of clutter: sea clutter, land clutter, and mixed clutter. The noise region typically
forms the background of the RD map, exhibiting a relatively uniform distribution. In
contrast, sea–land clutter manifest as bands with irregular edges. These banded regions
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often display distinct morphological characteristics, indicative of different classes of clutter.
They are easily distinguished from noise regions and generally exhibit more pronounced
changes in the RD map. SLCC aims to classify each azimuth–range cell in the RD map as
sea clutter or land clutter.

Figure 1. Example of an RD map.

Sea clutter is generated by the interaction between radar signals and ocean waves.
The first-order Bragg peak observed in sea clutter arises from the interaction between the
high-frequency electromagnetic waves transmitted by OTHR and the Bragg resonance
scattering caused by ocean waves [17]. Generally, sea clutter exhibits a symmetrical dual
peak around the 0 Hz frequency in an RD map, as shown in Figure 2. Land clutter is
generated by the interaction between radar signals and the ground. The relative change in
speed of ground targets is relatively small, often manifesting as low-speed signals, so the
spectrum of land clutter is usually more stable [17]. Ideally, land clutter exhibits a single
peak around the 0 Hz frequency in an RD map, as shown in Figure 2. Generally, mixed
clutter occurs near the coastline, where the radar signals interact with both ocean waves
and the ground [17]. Therefore, mixed clutter has the characteristics of both sea clutter
and land clutter, as shown in Figure 2. When the ionosphere is stable, the amplitude of
land clutter exceeds that of sea clutter due to the higher scattering coefficient of terrestrial
surfaces compared to that of maritime surfaces, as shown in Figure 2. Human experts
leverage these characteristics when classifying sea–land clutter data. Consequently, the
features of sea–land clutter around the 0 Hz frequency play a crucial role in SLCC.

Figure 2. Examples of clutter in an RD map. (a) Sea clutter. (b) Land clutter. (c) Mixed clutter.

2.2. Coordinate Registration

The CR parameters are crucial for target positioning with OTHR, which can improve
the positioning accuracy. An SLCC-based CR method is the process of matching the SLCC
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results with an electronic map. Generally, the process of CR is divided into two steps:
(1) converting the SLCC results from the radar coordinate system into the geographic
coordinate system and (2) mapping the SLCC results onto the electronic map and finding
the best-matching results.

OTHR transmitters and receivers are set up separately, and the distance between them
is negligible [22]. Assume that the longitude and latitude of the radar receiver are (L0, B0).
In the radar coordinate system, the azimuth and range of the target are α and r, respectively.
Then, the longitude L1 and latitude B1 of the target can be defined as follows:

L1 =L0 + C,

B1 =
2
π
− β

(1)

where β is defined as follows:

β = cos−1(sinB0 · cos
r
R
+ cosB0 · sin

r
R
· cosα) (2)

where R is the radius of the Earth. In fact, the Earth is not a ideal sphere but an ellipsoid.
When considering the flatness and eccentricity of the Earth, a more accurate formula is
needed [22]. And then C is defined as follows:

C = cos−1(
cos r

R − sinB0cosβ

cosB0sinβ
) (3)

Each azimuth–range cell in the SLCC results contains the azimuth and range in the
radar coordinate system. The longitude and latitude of each azimuth–range cell can be
calculated using Equations (1)–(3). By mapping the longitude and latitude of all of the cells
onto the electronic map, the CR parameters can be calculated, as shown in Figure 3. On the
left-hand side of Figure 3, the azimuth–range cells labeled in blue, red, and green represent
sea clutter, land clutter, and mixed clutter, respectively.

Figure 3. Diagram of coordinate registration.

It is difficult to obtain accurate matching results due to the mixed clutter. Mixed
clutter causes the coastline or island outlines in the SLCC results to differ from those in
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the electronic map. Further subdivision of the mixed clutter is necessary, which will be
described in Section 3.2. It should be noted that in practical engineering applications,
clutter class misjudgment is also an important factor affecting the accuracy of the CR
parameters [13], which will be studied further in future work.

2.3. Graph Similarity Computation

In this section, we introduce the background related to the graph similarity compu-
tations. Let G = (V, E) represent an undirected connected graph, where V is the set of
all nodes and E is the set of all edges without a self-loop. The number of nodes in G is
|V| = N. A ∈ RN×N is a symmetric adjacency matrix which describes the relationships
between nodes, and Aij can be defined as follows:

Aij =

{
1 eij ∈ E
0 others

(4)

where eij ∈ E indicates the existence of an edge between nodes vi and vj, and vi, vj ∈ V .
Let Ni denote the neighborhood set of node vi, i.e., Ni = {j : eij ∈ E}. H ∈ RN×d

is the feature matrix, whose i-th row hi ∈ H is a feature vector of node vi, and d is the
dimension of the node feature. Let Z ∈ RN×Nc represent the label encoding matrix, whose
i-th row Zi,: is the one-hot encoding of the label of node vi, and Nc is the number of classes.

Given G1 and G2, the graph similarity computation aims to calculate the similarity
score between G1 and G2. In the graph similarity computation, the graph edit distance
(GED) is a classic and important index used to assess the difference between two graphs [23].
Specifically, the GED calculates the minimum cost required to transform one graph into
another through a series of graph editing operations, including insertion, deletion, and the
replacement of nodes and edges, which can be formally summarized as follows:

dGED(G1,G2) = min
U ∑

u∈U
c(u) (5)

where U represents a set of graph editing operations which contains all of the graph
editing operations required to transform G1 into G2. c(u) represents the cost of operating u,
depending on the type of graph editing operation. Obviously, if two graphs are identical
(i.e., isomorphic), their GED is zero.

Figure 4 illustrates an example of calculating the GED between two graphs, where the
value of the GED is 3. Transforming the graph from the left to the right requires three graph
editing operations: (1) removing the edge between node 1 and node 4; (2) inserting an edge
between node 1 and node 2; and (3) replacing the label for node 1.

Figure 4. An example of the GED between a pair of graphs. The GED from the left to the right is
3 because the conversion requires 3 editing operations: (1) deleting an edge, (2) inserting an edge,
and (3) relabeling a node.

Calculating the GED between two graphs is known to be NP-complete, and even
state-of-the-art methods cannot reliably compute the exact GED between graphs with more
than 16 nodes within a reasonable time frame [24]. Once the distance between two graphs
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has been calculated, we transform it into a similarity score ranging between 0 and 1. More
details about the transformation function will be described in Section 4.2.

3. The Method
This section first introduces the details of converting the SLCC results into graph data,

then presents a mixed clutter clustering method for subdividing mixed clutter, and finally
describes the proposed SC-GNN and the implementation of CR.

3.1. Constructing the Graph

Any data in the normed space can be represented by graph data, i.e., non-Euclidean
data [25]. Graphs are powerful data structures capable of capturing the relationships
between objects [26]. To convert the SLCC results from Euclidean space into non-Euclidean
space, it is necessary to analyze the correlation of the sea–land clutter between adjacent
azimuth–range cells in the sea–land clutter data. Statistically, the absolute distance (AD),
the cosine similarity (CS), and Pearson’s correlation coefficient (PCC) are employed to
measure the correlation between adjacent azimuth–range cells [27]. This correlation is
evaluated from three aspects: the difference in the signal energy, the difference in the signal
direction, and the signal correlation. The experimental results demonstrate a relatively
strong correlation between adjacent azimuth–range cells in the sea–land clutter data, as
presented in Section 4.4.

The process of constructing the graph involves establishing the correspondence be-
tween the SLCC results and the nodes and defining the edges. After converting the SLCC
results into a geographic coordinate system, each azimuth–range cell contains information
on longitude and latitude. Therefore, each azimuth–range cell can be represented as a node
vi in the graph, and the longitude and latitude can be used to represent the node features
hi. An effective and efficient method is used to build the edges between nodes [27], as
shown in Figure 5. In the radar coordinate system, assuming that vi is the central node, the
first-order neighbors are found along the axis of the azimuth and the range, respectively,
and undirected edges are built.

Furthermore, the process of converting the electronic map into graph data is as follows:
(1) Let G1 = (V1, E1) represent the SLCC results and G2 = (V2, E2) represent the graph
from the electronic map. Given the node v1

i , we search for the point closest to v1
i in the

electronic map and define it as v2
i , establishing a one-to-one correspondence between the

nodes in the two graphs. (2) We can assume a label for each node in G2 based on the
information in the electronic map. Obviously, G1 and G2 have the same number of nodes
and edges. In the process of searching for the best match in the electronic map using the
SLCC results, the longitude and latitude for each node in G2 will change. We randomly
select a detection area with Na = 15 and Nr = 800 as an example; after converting the
SLCC results from Euclidean space into the graph data, the number of nodes in the graph
is 12,000, and the number of edges in the graph is 23,185.

Figure 5. Constructing the graph.
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3.2. Mixed Clutter Clustering

It is an important step to further divide the mixed clutter into sea clutter or land clutter
to calculate the CR parameters. Mixed clutter may result in large differences between
the coastlines or islands in the SLCC results and the electronic map. According to radar
principles, the ocean and the ground are continuous in the OTHR detection area. Specifically,
sea clutter is more likely to occur near sea clutter, and conversely, land clutter is more
likely to occur near land clutter. This is also consistent with the homophily assumption in
the graph data: nodes connected to each other tend to share similar properties, which is
additional information in addition to the features of the nodes [28]. Therefore, the K-nearest
neighbors-based mixed clutter clustering (KNN-MCC) method is proposed for dividing
the mixed clutter further. The core idea of KNN-MCC is as follows: to classify the data,
the distances between them and samples of known classes are calculated, and the nearest
K samples are selected. According to the classes of the K samples, voting is conducted to
decide the class of data for classification [29].

Let G1 represent the SLCC results, and divide G1 into a training set and a test set
by classes. All of the nodes in the training set are represented as O = (o1, o2, · · · , oNo ),
which contains labeled sea clutter and land clutter. For each voi ∈ O, the longitude
is Loi , and the latitude is Boi . Similarly, all of the nodes in the test set are represented as
P = (p1, p2, · · · , pNp), which contains labeled mixed clutter. For each vpi ∈ P, the longitude
is Lpi and the latitude is Bpi . The KNN-MCC method consists of two steps: (1) we find the
K nodes from the training set O which are closest to node vpi , and (2) we vote on the classes
of the K samples to subdivide the mixed clutter vpi further into sea clutter or land clutter, as
shown in Figure 6. Given the longitude and latitude of two nodes, the Haversine formula
is used to calculate the distance between these two nodes [30], which is defined as follows:

m = sin2(
Bi − Bj

2
) + cosBi · cosBj · sin2(

Li − Lj

2
)

ρ = 2Rarcsin(
√

m)

(6)

where m = hav( ρ
R ) is the radian distance between the two nodes, (Li, Bi) is the longitude

and latitude of vi, (Lj, Bj) is the longitude and latitude of vj, and ρ is the distance between
the two nodes. Because sea clutter and land clutter originate from the ocean and the ground,
respectively, altitude is ignored [22].

Figure 6. A diagram of KNN-MCC. Blue dots represent the sea clutter, red dots represent the land
clutter and green dots represent the mixed clutter.

After the SLCC results are processed using KNN-MCC, the mixed clutter is further
subdivided into sea clutter or land clutter. The SLCC results can be binarized, which is
convenient for registration with the electronic map. The details of KNN-MCC are shown
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in Algorithm 1. In the process of KNN-MCC, the radar parameters associated with the
detection area are known, and the distance between nodes can be calculated in advance.
In addition, the graph G can be divided into a number of subgraphs to accelerate the
computation. This allows the K-nearest neighbor search of vi to be carried out in each
subgraph rather than in G [29].

Algorithm 1 The KNN-MCC implementation process.
Input: The SLCC results G.
Output: The SLCC results G∗ after clustering.

1: Initialize: The training set O = (o1, o2, · · · , oNo );
2: The test set P = (p1, p2, · · · , pNp).
3: for i = 1 : Np do
4: for j = 1 : No do
5: Calculate ρij between vi and vj.
6: end for
7: Sort: Arrange all of the training samples in ascending order of ρ.
8: Select neighbors: Select the first K neighbors with the smallest distance.
9: Vote: Vote to determine the label for vi based on the first K neighbors.

10: end for
11: return G∗.

3.3. Similarity Computation via a Graph Neural Network

In this article, we complete the CR task by calculating the similarity scores be-
tween graphs. Given a pair of undirected and unweighted graphs G1 = (V1, E1) and
G2 = (V2, E2), we aim to train a neural network whose input is two graphs and whose out-
put is their similarity score. The similarity score can be mapped one to one back to the GED.
SC-GNN consists of four parts—(1) graph segmentation, (2) subgraph-level embedding,
(3) node-level comparison, and (4) calculating the similarity score—as shown in Figure 7.

Figure 7. An overview illustration of SC-GNN.

3.3.1. Graph Segmentation

Most GNN-based graph similarity models employ mechanisms for generating both
graph-level and node-level embeddings and compute the similarity scores between dif-
ferent graphs by combining the coarse-grained graph-level interactions with fine-grained
node-level comparisons [23]. However, the above methods may have the following limita-
tions in achieving CR tasks.

(1) There can be a lot of land and many islands in the OTHR detection area, and the
terrain can be complex. Graph-level embeddings may have a limited capacity to represent
the entire graph. In some cases, it is crucial to consider the local structural features.



Remote Sens. 2025, 17, 1382 10 of 24

(2) The OTHR detection area is wide. The large number of nodes results in high
computational costs for node-level comparisons, and excessive matching of distant nodes
may introduce noise.

Therefore, to represent the local structural features of the SLCC results better and
reduce the computation, we divide the graph into q subgraphs of an equal size based on the
region. And then G1 = (G1

1 ,G1
2 , · · · ,G1

q ), and G2 = (G2
1 ,G2

2 , · · · ,G2
q ). G1

i ,G1
j ∈ G1 satisfies

G1
i ∩G1

j = ∅, where i ̸= j. In a CR task, human experts can set different q values for various
detection areas due to the varying amounts of land and numbers of islands in each area.

3.3.2. Subgraph-Level Embedding

Both the subgraph-level embeddings and node-level comparisons necessitate com-
putation of the node embeddings. Among the existing GNN methods, we chose a graph
isomorphism network (GIN) because of its powerful capabilities in node aggregation and
capturing graph structures [31]. Given G = (V, E), the process of node aggregation and
updates in the GIN is defined as follows:

h(l+1)
i = MLP(l)((1 + ϵ(l))h(l)

i + ∑
j∈Ni

h(l)
j ) (7)

where h(l+1)
i ∈ Rd(l+1)

is the node embedding for vi at layer l + 1, d(l+1) is the dimension of
the node embedding at layer l + 1, MLP represents a multi-layer perceptron (MLP), ϵ is a
learnable parameter, and Ni is the neighbor nodes of vi. By stacking the GIN layers, the
information from higher-order neighbors can be captured. Subsequently, the node-level
embedding information is fed into the attention module.

To generate subgraph-level embeddings, the weighted average or weighted sum
of the node embeddings can be computed. However, more important nodes should
be assigned higher weights within the subgraph. Therefore, an attention mechanism is
employed to learn the importance of the nodes in the subgraph. For ease of description, let
H denote the node embeddings of the GIN output. Firstly, a global graph context φ ∈ Rd is
computed as the average of the node embeddings, followed by a nonlinear transformation,
φ = tanh( 1

N ∑N
i=1 hi)W1, where W1 is the learnable weight matrix. φ contains the global

information on the subgraph and the feature information for calculating the similarity. For
each vi, the attention weight can be calculated according to the inner product of hi and φ,
followed by the Sigmoid function σ. σ can limit the attention weight to (0, 1). Finally, the
subgraph-level embedding f is the weighted sum of the node embeddings, which can be
defined as follows:

f =
N

∑
i=1

σ(hT
i φ)hi (8)

Through node embedding and the attention mechanism, we complete the subgraph-
level embedding. Given the subgraph-level embeddings f 1 and f 2, the CS can be used to
measure the similarity between them, which can be defined as follows:

g( f 1, f 2) = cos( f 1, f 2) =
f 1 ⊙ f 2

|| f 1||2|| f 2||2
(9)

where ⊙ represents the dot product between vectors, and || f ||2 is the 2-norm of f .
After dividing a pair of graphs into q subgraphs, the similarity between the subgraphs

can be calculated using Equation (9). And then, the MLP is used to map the q2 similarity
scores between subgraphs to the coarse-grained similarity score, which is defined as follows:

g(G1,G2)coarse = MLP(
q
⊕

i=1,j=1
g(G1

i ,G2
j )) (10)
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where ⊕ represents the concatenation operation, and g(G1,G2)coarse is the coarse-grained
similarity score between G1 and G2.

3.3.3. Node-Level Comparison

Subgraph-level embedding may lose fine-grained information. Computing all pairs
of subgraphs requires a lot of computation. Therefore, the y pairs of subgraphs with the
highest scores are chosen for computing node-level comparisons. Take a pair of subgraphs
G1

q1
= (V1

q1
, E1

q1
) and G2

q2
= (V2

q2
, E2

q2
), where G1

q1
∈ G1 and G2

q2
∈ G2. The nodes within

each subgraph and the nodes between subgraphs are compared separately. Within each
subgraph, the node embedding is updated for t rounds, and the influence of vj on vi is
defined as follows:

Ii←j = MLP(h(t)
i ⊕ h(t)

j ) (11)

where eij ∈ E1
q1

or eij ∈ E2
q2

.
For node interactions between subgraphs, the attention mechanism is used to calculate

the importance of vj′ to vi, which is defined as follows:

ai←j′ =
exp(h(t)

i ⊙ h(t)
j′ )

∑j′ exp(h(t)
i ⊙ h(t)

j′ )
(12)

where i ∈ V1
q1

, j′ ∈ V2
q2

or i ∈ V2
q2

, j′ ∈ V1
q1

. The attention mechanism can capture more
similar nodes in a pair of subgraphs. The influence of vj′ on vi is defined as follows:

µi←j′ = ai←j′(h
(t)
i − h(t)

j′ )
T (13)

After obtaining information about the interactions within and between subgraphs,
we combine Equations (11) and (13) with h(t)

i , and the node embedding for t + 1 rounds is
defined as follows:

h(t+1)
i = MLP(h(t)

i ⊕∑
j

Ii←j ⊕∑
j′

µi←j′) (14)

According to Equations (8) and (9), the first y similarity scores are used to calculate
the similarity score for G1 and G2 at the fine-grained level, which can be defined as follows:

g(G1,G2)fine = MLP(
y
⊕

k=1
g(G1

ik ,G2
jk )) (15)

3.3.4. Similarity Score Calculation

In the process of graph segmentation, each graph is divided into q subgraphs, and
q2 pairs of subgraphs are generated. The subgraph-level similarity scores are sorted, and
the y pairs of subgraphs with the highest scores are obtained for node-level comparisons.
We use q2 coarse-grained scores and y fine-grained scores to obtain the final similarity score
between graphs, which is defined as follows:

g(G1,G2) = MLP(g(G1,G2)coarse ⊕ g(G1,G2)fine) (16)

After the predicted value g(G i,G j) is obtained, the mean squared error loss function is
used to compare it with the ground truth similarity score, which is defined as follows:

L =
1
|Γ| ∑

(i,j)∈γ

(g(G i,G j)− g(G i,G j)gt)
2 (17)
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where Γ is the set of training graph pairs, |Γ| is the number of training graph pairs, and
g(G i,G j)gt is the ground truth similarity between G i and G j.

3.4. The Coordinate Registration Process Based on Similarity Computations

The calculation method for the CR parameters based on SC-GNN mainly includes the
following steps: (1) The sea–land clutter data are fed into the trained high-performance
classifier, and the SLCC results are produced as output. (2) The SLCC results are converted
into the geographic coordinate system and prior information from human experts used to
narrow the search area of the SLCC results in the electronic map. (3) The SLCC results and
the electronic map are converted into graph data, and then the mixed clutter is subdivided
into sea clutter or land clutter using KNN-MCC. (4) SC-GNN is used to search for the
best-matching region of SLCC results, and the CR parameters are calculated. This process
is shown in Figure 8. Assuming that G1 has been matched with G2 in the geographic
coordinate system, vi ∈ G1 and vj ∈ G2 are the corresponding nodes, and the CR parameters
are defined as follows:

∆L =Li − Lj

∆B =Bi − Bj
(18)

where (Li, Bi) is the longitude and latitude of vi, and (Lj, Bj) is the longitude and latitude
of vj.

Figure 8. Flowchart of CR parameter calculation via SC-GNN.

4. Results and Discussion
In this section, we first introduce the experimental datasets, the experimental envi-

ronment, the experimental parameter settings, and the evaluation indexes. Secondly, the
comparison methods are described in detail. Finally, the effectiveness of KNN-MCC and
SC-GNN are verified on the given datasets.

4.1. Datasets

To verify the feasibility of converting sea–land clutter data from Euclidean space
into graph data in non-Euclidean space, we build the original sea–land clutter dataset.
Six detection areas are randomly selected for building the original sea–land clutter dataset:
(1) Area-1, (2) Area-2, (3) Area-3, (4) Area-4, (5) Area-5, and (6) Area-6. To ensure the
diversity of the samples and the stability of the results, for each detection area, 10 groups
of sea–land clutter samples from different ionospheric conditions, different seasons, and
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different times are randomly selected. Due to the high non-stationarity of sea–land clutter,
the original sea–land clutter dataset includes sea–land clutter samples from various typical
scenes so as to ensure the complex OTHR environment is completely characterized as
much as possible. In addition to the examples of sea–land clutter in Figure 2, the original
sea–land clutter dataset also contains samples from relatively complex environments, such
as sea–land clutter samples with Doppler frequency shifts, amplitude fluctuations, and
narrowband radio frequency interference (NRFI), as shown in Figure 9. To perform different
types of tasks, OTHR dynamically adjusts the detection area and the working parameters,
and the quantity and relative position of the land clutter, sea clutter, and mixed clutter in
the RD map also change. The original sea–land clutter dataset contains a total of 60 groups
of samples. The number of instances of sea–land clutter in each group is Na × Nr, and the
dimension of sea–land clutter is 512.

To verify the effectiveness of KNN-MCC, we build a sea–land clutter cluster dataset,
whose detection areas are the same as those of the original sea–land clutter dataset. Build-
ing the sea–land clutter cluster dataset involves three steps: (1) According to the radar
parameters (azimuth, range, azimuth resolution, range resolution), the detection area is
converted from the radar coordinate system into a geographic coordinate system and then
mapped onto the electronic map. (2) For each azimuth–range cell, the nearest location of the
ocean or the ground is searched for in the electronic map, and label information is obtained
(the sea is labeled as 0, and the land is labeled as 1). (3) At junctions between the ocean
and the ground, labels for mixed clutter are generated with a certain probability, which
are labeled as 2. For each azimuth–range cell, the closer the distance is to the boundary,
the greater the probability of distinguishing it as mixed clutter. To ensure the diversity
of the samples and the reliability of the experimental results, 200 groups of SLCC results
are randomly generated for each detection area. Therefore, the sea–land clutter cluster
dataset contains 1200 groups of SLCC results and their corresponding ground truths. In the
sea–land clutter cluster dataset, cells labeled as sea and land clutter are used as the training
set, and cells labeled as mixed clutter are used as the test set. The proportion of sea and
land in the above six detection areas in the electronic map is shown in Figure 10. Through
the generation of appropriate samples and the use of diverse regional settings, the sea–land
clutter cluster dataset provides a robust foundation for evaluating the performance of
KNN-MCC in complex environments.

Figure 9. Examples of clutter in an RD map. (a) Sea clutter with amplitude fluctuations. (b) Land
clutter with Doppler frequency shifts. (c) Mixed clutter with NRFI.

Moreover, to verify the effectiveness of SC-GNN, we build a sea–land clutter registra-
tion dataset based on the sea–land clutter cluster dataset. Specifically, building the sea–land
clutter registration dataset involves four steps: (1) Using the sea–land clutter cluster dataset
as the input, the mixed clutter in the SLCC results is effectively classified into sea clutter
and land clutter using KNN-MCC. After clustering, the SLCC results contain only sea and
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land clutter, facilitating binarization. (2) The longitude and latitude offsets, i.e., the CR
parameters, are added to each group of samples based on the prior information. (3) For
each group of SLCC results in the sea–land clutter registration dataset, the search range
is determined based on prior knowledge provided by human experts. Next, the GEDs
between the SLCC results and the subareas of the electronic map are computed individu-
ally and converted into similarity scores, which are treated as the truth values. (4) Each
detection region in the sea–land clutter registration dataset contains 200 groups of SLCC
results; 60% of the samples are randomly allocated into the training set, 20% into the
validation set, and the remaining 20% into the test set, as shown in Table 1. Therefore, the
sea–land clutter registration dataset contains six detection areas, with each area contain-
ing 200 groups of SLCC results and the corresponding search area in the electronic map.
Each group of samples is converted into graph data according to the method proposed
in Section 3.1. The number of nodes and the number of edges in the graph are Na × Nr

and (Na − 1)× Nr + Na × (Nr − 1), respectively. Typically, graph data are stored in binary
file format.

Figure 10. The proportion of sea and land in the electronic map. (a–f) represent the proportion of sea
and land for Area-1 to Area-6, respectively.

Table 1. The settings of the sea–land clutter registration dataset.

Detection Areas Training Set Validation Set Test Set

Area-1 60% 20% 20%
Area-2 60% 20% 20%
Area-3 60% 20% 20%
Area-4 60% 20% 20%
Area-5 60% 20% 20%
Area-6 60% 20% 20%

4.2. The Parameter Settings and Evaluation Indexes

The experimental environment for KNN-MCC and SC-GNN is shown in Table 2. For
the proposed architecture of SC-GNN, each graph is divided into q (here q = 4) subgraphs.
Among all 16 subgraph pairs, 0, 8, and 16 subgraph pairs with the highest similarity scores
are selected for node-level comparisons. These models are called SC-GNN-sl (the similarity
scores are calculated using only the subgraph-level embeddings), SC-GNN-y (the top y or
eight subgraph pairs with the highest scores are selected for the node-level comparisons),
and SC-GNN (we select all subgraph pairs for the node-level comparisons), respectively.
Compared with SC-GNN-sl, SC-GNN and SC-GNN-y use all subgraph pairs and some of
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the subgraph pairs, respectively, for the node-level comparisons. This comparison can be
regarded as an ablation experiment.

The number of GIN layers is set to 3, and a parametric rectified linear unit (PReLU) is
used as the activation function. If the number of layers is too high, oversmoothing may
occur, leading to a reduced ability to distinguish between different nodes. The dimensions
of the node embedding at layers 1, 2, and 3 are 64, 32, and 16, respectively. The dimension
of the similarity vector obtained in the subgraph-level embedding stage is reduced from
16 to 8 by using the fully connected layer, and the dimension of the similarity vector
obtained in the node-level comparison stage is 8 in using the fully connected layer. Finally,
the dimensions of the connection results of the subgraph-level embedding module and the
node-level comparison module are reduced to 1 by using four fully connected layers.

In the training process, the batch size is set to 16, and the model carries out 2000 epochs
of parameter update iterations on the training set. The model with the lowest loss is chosen
as the best model. The Adam method is used to optimize the loss function, with Beta1
set to 0.5, Beta2 set to 0.999, and the learning rate set to 0.001. The input to the model
is a pair of graphs, and the output is the similarity score for this pair of graphs. The
experimental parameters of the comparison methods are consistent. To prevent overfitting
of the model, the performance of the model is evaluated using cross-validation, and suitable
hyperparameters are selected to ensure the generalization ability of the model.

Given a pair of graphs, G1 and G2, converting the computed GED into a similarity score

involves two steps. First, we normalize the GED by GEDnorm = GED(G1,G2)
(|G1|+|G2|)/2 , where |G1|

is the number of nodes in G1. And then, we use the exponential function f (x) = exp(−x)
to map the GEDnorm to [0, 1], representing the similarity of the pair of graphs. It can be
observed that as GEDnorm decreases, the similarity between the pair of graphs increases,
approaching 1.

The mean absolute error (MAE) and the mean squared error (MSE) are used to evaluate
the similarity calculation results of SC-GNN. The MAE is the average of the absolute
difference between the calculated similarities and the ground truth similarities, which is
used to measure the average error of the model. The MSE is the average of the square
of the difference between the calculated similarities and the ground truth similarities,
which is more sensitive to large errors and can highlight significant deviations. Moreover,
for the ranking results, Spearman’s rank correlation coefficient [32] (ϕ) and Kendall’s
rank correlation coefficient [33] (τ) are used to evaluate the matching performance of
the predicted ranking results with the true ranking results. Spearman’s rank correlation
coefficient measures the correlation by measuring the monotonic relationship between
the predicted ranking results and the actual ranking results. Kendall’s rank correlation
coefficient measures relevance by measuring the sequential consistency of the predicted
ranking results with the real ranking results. The precision at k (p@k) is calculated by taking
the intersection of the predicted top k results and the ground truth top k results divided
by k. Compared with p@k, ϕ and τ pay more attention to the global ranking results than to
the top k results.

In addition, accuracy (AC), precision (PE), recall (RE), and F1 values are used to evalu-
ate the classification performance of KNN-MCC on the sea–land clutter cluster dataset. To
ensure the reliability of the experimental results, the experiment is conducted on 10 groups
of samples from each detection area, and the average performance is recorded. In calculat-
ing the above indexes, the land clutter is treated as a positive sample.
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Table 2. The experimental environment.

Environment Version

System Windows10 (64-bit)
GPU NVIDIA GeForce RTX 3090

CUDA 11.3.1
Python 3.8.0
torch 1.11.0

torchvison 0.12.0
NumPy 1.24.3

matplotlib 3.5.1
dgl 1.1.0

4.3. Comparison Methods

Our baseline includes two categories of methods, graph-embedding-based methods
and graph-matching-network-based methods.

• The first category includes two graph embedding models based on graph convolu-
tional networks (GCNs) [34], GCN-Mean and GCN-Max [35]. The above methods
embed graphs into vectors using a GCN and subsequently use the similarities com-
puted from these vectors as the similarity scores for the graph pairs.

• The second category includes two graph matching networks, similarity computa-
tion via a graph neural network (Sim-GNN) [24] and graph matching networks
(GMNs) [36]. Sim-GNN integrates the embedding of the entire graph with the node-
level comparisons. GMNs leverage the information from the comparison nodes both
within individual graphs and across different graphs to compute the similarity.

4.4. The Correlation Analysis on the Original Sea–Land Clutter Dataset

The AD, CS, and PCC are used to evaluate the correlation between adjacent azimuth–
range cells in the original sea–land clutter dataset. The value for the AD is positive, indicat-
ing the difference in the signal energy between adjacent azimuth–range cells. The closer
the AD is to 0, the stronger the correlation between adjacent azimuth–range cells is. Before
calculating the AD between adjacent azimuth–range cells, the signal amplitudes of all of the
cells need to be normalized. The value of the CS ranges from−1 to 1. As the CS approaches
1, the difference in the direction between adjacent azimuth–range cells decreases, and the
correlation strengthens. Generally, when the value of the CS is at least 0.6, two signals
are strongly correlated [37]. The value of PCC ranges from −1 to 1. The closer the PCC is
to 1, the stronger the signal correlation of the adjacent azimuth–range cells is. Generally,
when the value of PCC is no less than 0.6, two signals are strongly correlated [37]. Then,
the above indexes between adjacent azimuth–range cells in the original sea–land clutter
dataset are calculated along the azimuth axis and the range axis, respectively, and the
average values are calculated for each detection area, as shown in Table 3. A group of
sea–land clutter samples is randomly selected from the original sea–land clutter dataset
and displayed visually, as shown in Figure 11.

The above results show that the samples in the original sea–land clutter dataset have a
relatively strong correlation on the azimuth axis and the range axis. Therefore, adjacent
azimuth–range cells can be connected by an edge, and the sea–land clutter data can be
converted from Euclidean space into graph data in non-Euclidean space according to the
method for constructing a graph proposed in Section 3.1.
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(a) (b)

(c) (d)

(e) (f)

Figure 11. Correlation of adjacent azimuth–range cells. (a) The absolute distance on the azimuth
axis. (b) The absolute distance on the range axis. (c) The cosine similarity on the azimuth axis.
(d) The cosine similarity on the range axis. (e) Pearson’s correlation coefficient on the azimuth axis.
(f) Pearson’s correlation coefficient on the range axis.

Table 3. Correlation analysis on the original sea–land clutter dataset.

Detection Areas AD CS PCC
Azimuth Range Azimuth Range Azimuth Range

Area-1 1.86 1.93 0.77 0.82 0.89 0.85
Area-2 1.64 1.75 0.86 0.91 0.82 0.87
Area-3 1.91 1.88 0.83 0.87 0.79 0.83
Area-4 2.03 1.94 0.93 0.90 0.88 0.86
Area-5 1.76 1.68 0.89 0.92 0.84 0.81
Area-6 1.89 1.85 0.85 0.80 0.87 0.89

4.5. The KNN-MCC Analysis on the Sea–Land Clutter Cluster Dataset

Table 4 summarizes the experimental results of KNN-MCC on the sea–land clutter
cluster dataset with six detection areas. It can be seen that the proposed KNN-MCC
performs well in all indexes on the sea–land clutter cluster dataset. In all detection areas,
the AC is no less than 97.91%, the PE is no less than 97.52%, the RE is no less than 97.21%,
and the F1 value is no less than 97.52%. This implies that KNN-MCC is powerful, showing
the efficacy of the nearest neighbor mechanism, which can make full use of the label
information from neighbor nodes. Generally, in the RD map, the mixed clutter that is closer
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to the sea clutter has a greater probability of being distinguished as sea clutter. Similarly,
the mixed clutter that is closer to the land clutter has a higher probability of being identified
as land clutter. The visualization results for KNN-MCC on the sea–land clutter cluster
dataset are shown in Figure 12. It can be seen that after the mixed clutter is subdivided into
sea clutter and land clutter, the terrain’s contours are clearer, and the shape features are
more significant.

Table 4. Classification indexes for KNN-MCC on the sea–land clutter cluster dataset.

Detection Areas AC (%) PE (%) RE (%) F1 (%)

Area-1 98.33 98.25 98.44 98.34
Area-2 98.14 98.19 98.00 98.09
Area-3 98.11 97.52 98.01 97.77
Area-4 97.97 97.82 97.21 97.52
Area-5 97.91 98.65 97.33 97.99
Area-6 98.06 97.92 98.12 98.02

(a) (b)

Figure 12. Visualization of KNN-MCC on the sea–land clutter cluster dataset. Blue dots represent sea
clutter, red dots represent land clutter, and green dots represent mixed clutter. (a) SLCC results before
mixed clutter clustering. (b) SLCC results after mixed clutter clustering.

Moreover, to verify the rationality of KNN-MCC, its specific hyperparameters are
discussed. Specifically, the value of K in KNN-MCC is quantitatively analyzed. Area-2
in the sea–land clutter cluster dataset is randomly selected for a comparative experiment.
We gradually increase K from 3 to 11 to capture more information on the neighbor nodes
from the SLCC results. As shown in Figure 13, when K changes, the classification accuracy
of KNN-MCC on the sea–land clutter cluster dataset fluctuates within a stable interval.
Therefore, the value of K is set to 5, which is common in practical applications.

Figure 13. Classification accuracy (%) of different K values on the sea–land clutter cluster dataset.
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4.6. A SC-GNN Analysis on the Sea–Land Clutter Registration Dataset

Tables 5–10 summarize the experimental results of SC-GNN on the sea–land clutter
registration dataset. It can be seen that the proposed SC-GNN performs the best in all
indexes on the sea–land clutter registration dataset with different areas. SC-GNN considers
both subgraph-level interactions and node-level interactions, which not only can effectively
capture the local structural features of the SLCC results and the electronic map but can also
conduct fine node-level comparisons of the y pairs of subgraphs with the highest similarity
scores. In all detection areas, ϕ is no less than 0.800, τ is no less than 0.639, p@10 is no less than
0.706, and p@20 is no less than 0.845. This means that in the electronic map, matching results
that are more similar to the SLCC results are reliable. The above matching results can be used
to calculate the CR parameters, which can help experienced human experts make decisions.

Table 5. Experimental results for Area-1 in the sea–land clutter registration dataset.

Methods MAE (10−4) MSE ( 10−7) ϕ τ p@10 p@20

GCN-Mean 11.791 15.773 0.673 0.372 0.405 0.497
GCN-Max 13.284 19.962 0.624 0.435 0.465 0.530
Sim-GNN 8.685 10.458 0.614 0.491 0.650 0.735

GMN 6.542 6.397 0.699 0.553 0.720 0.755
SC-GNN-sl 7.097 7.074 0.817 0.534 0.710 0.705
SC-GNN-q 5.975 5.181 0.842 0.565 0.750 0.820
SC-GNN 4.676 3.143 0.868 0.639 0.835 0.895

Table 6. Experimental results for Area-2 in the sea–land clutter registration dataset.

Methods MAE (10−4) MSE (10−7) ϕ τ p@10 p@20

GCN-Mean 10.004 15.760 0.441 0.497 0.515 0.563
GCN-Max 12.153 20.527 0.553 0.529 0.475 0.558
Sim-GNN 7.542 8.682 0.696 0.608 0.610 0.633

GMN 6.160 8.471 0.734 0.582 0.665 0.717
SC-GNN-sl 7.835 9.299 0.669 0.553 0.645 0.725
SC-GNN-q 6.646 7.718 0.770 0.614 0.710 0.835
SC-GNN 5.743 5.281 0.823 0.667 0.760 0.883

Table 7. Experimental results for Area-3 in the sea–land clutter registration dataset.

Methods MAE (10−4) MSE (10−7) ϕ τ p@10 p@20

GCN-Mean 12.101 21.691 0.678 0.623 0.475 0.535
GCN-Max 14.483 28.857 0.617 0.654 0.492 0.571
Sim-GNN 9.110 11.113 0.658 0.704 0.655 0.629

GMN 7.802 9.018 0.742 0.669 0.695 0.730
SC-GNN-sl 8.245 10.071 0.724 0.703 0.676 0.755
SC-GNN-q 7.168 8.379 0.769 0.735 0.725 0.816
SC-GNN 5.946 5.924 0.836 0.757 0.770 0.905

Table 8. Experimental results for Area-4 in the sea–land clutter registration dataset.

Methods MAE (10−4) MSE (10−7) ϕ τ p@10 p@20

GCN-Mean 15.138 29.798 0.634 0.528 0.525 0.488
GCN-Max 13.352 26.534 0.641 0.554 0.540 0.633
Sim-GNN 9.826 15.129 0.765 0.705 0.675 0.715

GMN 9.207 12.799 0.752 0.682 0.656 0.693
SC-GNN-sl 9.564 13.138 0.714 0.639 0.628 0.655
SC-GNN-q 8.525 10.248 0.768 0.712 0.667 0.726
SC-GNN 7.806 8.579 0.800 0.743 0.706 0.845
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Table 9. Experimental results for Area-5 in the sea–land clutter registration dataset.

Methods MAE (10−4) MSE (10−7) ϕ τ p@10 p@20

GCN-Mean 14.041 29.066 0.558 0.438 0.560 0.688
GCN-Max 13.476 26.952 0.598 0.475 0.585 0.657
Sim-GNN 9.349 15.662 0.726 0.649 0.690 0.748

GMN 8.662 11.211 0.735 0.667 0.715 0.835
SC-GNN-sl 9.545 13.119 0.673 0.637 0.685 0.790
SC-GNN-q 8.534 10.599 0.741 0.685 0.775 0.867
SC-GNN 7.032 7.719 0.829 0.726 0.825 0.918

Table 10. Experimental results for Area-6 in the sea–land clutter registration dataset.

Methods MAE (10−4) MSE (10−7) ϕ τ p@10 p@20

GCN-Mean 16.147 34.835 0.675 0.545 0.603 0.630
GCN-Max 15.725 37.710 0.639 0.562 0.595 0.647
Sim-GNN 8.348 11.046 0.740 0.634 0.687 0.715

GMN 8.324 10.158 0.781 0.646 0.732 0.803
SC-GNN-sl 10.132 14.253 0.752 0.629 0.705 0.767
SC-GNN-q 8.281 9.614 0.803 0.668 0.765 0.848
SC-GNN 6.963 6.803 0.845 0.683 0.803 0.880

Compared with SC-GNN-sl and SC-GNN-y, SC-GNN considers all possible subgraph-
level comparisons. Although the computational cost of the model is increased, it can be
seen from the experimental results that the performance of the model has been improved to
different degrees in the six detection areas of the sea–land clutter registration dataset. The
relative positions and proportions of sea and land vary across the six selected detection ar-
eas, and the terrain structure is complex. The sea–land clutter cluster dataset includes SLCC
results from diverse scenarios. Despite these variations, SC-GNN performs effectively,
demonstrating that the proposed method exhibits robustness and a strong generalization
ability. Compared to SC-GNN-sl, SC-GNN-y uses the top y pairs of subgraphs with the
highest similarity scores for node-level comparisons. However, in the different detection
areas of the sea–land clutter registration dataset, each evaluation index for SC-GNN-y
shows a certain degree of improvement. The experimental results show that the network
structure of the proposed SC-GNN is reasonable and the node-level comparison module is
effective. By adjusting the value of y in SC-GNN, the number of subgraph pairs requiring
node-level comparisons can be flexibly adjusted, and the model shows certain extensibility.
In the application of OTHR, SC-GNN can dynamically adjust the number of subgraph pairs
used in the node-level comparisons based on the task requirements. If a task demands a
higher matching accuracy, additional subgraph pairs can be incorporated into the com-
parison, thereby improving the model’s performance through increased computational
effort. Conversely, if speed needs to be prioritized in a task, the computational load can be
reduced, and only the top y pairs of subgraphs will be used in the node-level comparison.

Although SC-GNN-sl underperforms relative to SC-GNN-y and SC-GNN across all
of the detection areas from the sea–land clutter registration dataset, its performance is
comparable to that of Sim-GNN and GMN and superior to that of GCN-Mean and GCN-
Max. This is due to the inclusion of a graph segmentation module in SC-GNN-sl. The
SLCC results are divided into multiple subgraphs, which more effectively captures the
local structural features, such as the terrain contours or sea–land boundary lines, while
mitigating the noise interference caused by the excessive matching of distant nodes. The
experimental results further validate the effectiveness of using subgraphs to compute
graph similarity.
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As shown in Tables 5–10, SC-GNN exhibits a more flexible network structure and a
superior matching performance compared to those of Sim-GNN and GMN. As the number
of subgraph pairs in the node-level comparison module increases, the model captures more
fine-grained information through node-level interactions, thereby progressively improving
the performance. This outcome aligns with our expectations and further demonstrates the
rationality and effectiveness of the network structure. Additionally, across all of the detection
areas, GCN-Mean and GCN-Max underperformed compared to the other models in most of
the evaluation metrics. The wide detection area in OTHR, coupled with the complex terrain
and the large number of nodes in the SLCC results, limits the effectiveness of using a single
vector to represent the entire map, leading to a poor model matching performance.

In summary, SC-GNN effectively performs graph similarity calculations on the given
sea–land clutter registration dataset, offering robust support for calculating the CR parame-
ters in OTHR.

4.7. The Ablation Experiment

To verify the effect of KNN-MCC on SC-GNN, ablation experiments are performed
on the sea–land clutter registration dataset. For clarity, when building the sea–land clutter
registration dataset, if all of the mixed clutter is divided into sea clutter, it is denoted as
M→ S. If all of the mixed clutter is divided into land clutter, it is denoted as M→ L.

Table 11 presents the experimental results for various mixed clutter clustering methods
combined with SC-GNN. The experimental results show that when all of the mixed clutter is
classified as either sea or land clutter, the performance of the model significantly declines. In
scenarios where land or islands are present within the OTHR detection area, the sea–land clutter
data contain hundreds or even thousands of instances of mixed clutter, resulting in nonlinear
discrepancies between the SLCC results and prior geographic information, making it difficult
to find the optimal matching area in the electronic map. The experimental results verify the
effectiveness of KNN-MCC. Based on the idea of nearest neighbors, the mixed clutter in the
sea–land data is more accurately classified into sea or land clutter, thereby minimizing the
disparity between the SLCC results and the electronic map and enhancing the performance of
SC-GNN. Consequently, preprocessing the SLCC results using KNN-MCC is essential.

Table 11. Experimental results of different mixed clutter clustering methods on the sea–land clutter
registration dataset.

Areas Methods MAE (10−4) MSE (10−7) ϕ τ p@10 p@20

Area-1
M→S 29.854 129.972 0.474 0.315 0.380 0.430
M→L 36.011 205.068 0.469 0.336 0.335 0.395

KNN-MCC 4.676 3.143 0.868 0.639 0.835 0.895

Area-2
M→S 31.331 133.685 0.414 0.358 0.310 0.370
M→L 35.074 179.436 0.397 0.403 0.325 0.360

KNN-MCC 5.743 5.281 0.823 0.667 0.760 0.883

Area-3
M→S 38.896 222.297 0.421 0.379 0.340 0.405
M→L 35.186 171.734 0.479 0.401 0.320 0.365

KNN-MCC 5.946 5.924 0.836 0.757 0.770 0.905

Area-4
M→S 32.035 144.853 0.506 0.352 0.365 0.420
M→L 27.993 117.032 0.485 0.389 0.350 0.415

KNN-MCC 7.806 8.579 0.800 0.743 0.706 0.845

Area-5
M→S 28.808 155.564 0.467 0.382 0.345 0.385
M→L 22.278 118.602 0.531 0.357 0.360 0.395

KNN-MCC 7.032 7.719 0.829 0.726 0.825 0.918

Area-6
M→S 31.658 187.785 0.493 0.369 0.365 0.405
M→L 33.861 160.256 0.488 0.376 0.370 0.425

KNN-MCC 6.963 6.803 0.845 0.683 0.803 0.880
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4.8. A Time Complexity Analysis

The computational cost of SC-GNN is divided into three parts: (1) In the process
of graph segmentation, we divide the graph into q subgraphs based on the region. This
process needs to traverse all nodes, and its linear computation cost is O(N). (2) In the
process of subgraph-level embedding, the computational cost associated with the node-
level embeddings and the subgraph-level embeddings is O(E). Suppose the dimension
of the subgraph-level embedding is d and each graph is divided into q subgraphs: the
computational cost of the subgraph-level interactions is O(dq2). It should be noted that
in the process of the graph similarity search, the node embeddings and subgraph-level
embeddings can be calculated in advance, which can significantly reduce the calculation
cost. (3) In the process of node-level comparisons, based on the q2 similarity scores obtained
through the subgraph-level interactions, we select the top y subgraph pairs with the highest
similarity scores for the node-level comparisons. The number of nodes in each subgraph is
N/q, and the computational cost of the node-level comparisons for a pair of subgraphs is
O((N/q)2). q can be treated as a hyperparameter to balance between time and accuracy.
If q = 0, SC-GNN only calculates the coarse-grained subgraph-level similarity. Therefore,
depending on the specific task requirements, a trade-off between time and accuracy can be
made to select the optimal solution.

5. Conclusions
We have proposed a graph similarity calculation method based on graph segmentation

under a GNN framework. The proposed SC-GNN was used to complete a graph similarity
calculation task so as to obtain the CR parameters in OTHR. First, sea–land clutter data
were converted into graph data and unified in a coordinate system. And then, to solve the
problem of calculating the similarity of large graphs from the point of view of subgraphs,
we took any two graphs as the input and output their similarity score. Compared with the
existing graph matching methods, SC-GNN had the best performance in all indexes on the
sea–land clutter registration dataset.

We have taken the first step towards the calculation of the CR parameters in OTHR
using a GNN. SC-GNN was suitable for the graph similarity calculation task, including
but not limited to calculating the CR parameters in OTHR. In some OTHR detection areas,
only small islands are present, most of the sea–land clutter data are mixed clutter, and
information on the geographic structure is limited. Future research may focus on these
scenarios to provide deeper insights. In addition, human feedback needs to be incorporated
into the training process to enhance the model’s understanding of human intentions.
Combining SC-GNN with data enhancement methods is also expected to improve the
model’s performance further.
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Abbreviations
The following abbreviations are used in this manuscript:

OTHR Sky-Wave Over-the-Horizon Radar
SLCC Sea–Land Clutter Classification
CR Coordinate Registration
DCNN Deep Convolutional Neural Network
RD Range–Doppler
GNN Graph Neural Network
SC-GNN Similarity Calculation via a Graph Neural Network
GED Graph Edit Distance
AD Absolute Distance
CS Cosine Similarity
PCC Pearson’s Correlation Coefficient
KNN-MCC K-Nearest Neighbors-Based Mixed Clutter Clustering
GIN Graph Isomorphism Network
MLP Multi-Layer Perceptron
NRFI Narrowband Radio Frequency Interference
PReLU Parametric Rectified Linear Unit
MAE Mean Absolute Error
MSE Mean Squared Error
AC Accuracy
PE Precision
RE Recall
GCN Graph Convolutional Network
Sim-GNN Similarity Computation via a Graph Neural Network
GMN Graph Matching Network
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