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Abstract: Due to limited coverage, radio access provided by ground communication systems is not
available everywhere on the Earth. It is necessary to develop a new three-dimensional network
architecture in a bid to meet various connection requirements. Space–air–ground integrated networks
(SAGINs) offer large coverage, but the communication quality of satellites is often compromised by
weather conditions. To solve this problem, we propose an extended extreme learning machine (ELM)
algorithm in this paper, which can predict the communication attenuation caused by rainy weather to
satellite communication links, so as to avoid large path loss caused by bad weather conditions. Firstly,
we use Internet of Things (IoT)-enabled sensors to collect weather-related data. Then, the system
feeds the data to the extended ELM model to obtain a category prediction for blockage caused by
weather. Finally, this information helps the selection of the data transmission link and thus improves
the satellite routing performance.

Keywords: space–air–ground integrated network; satellite Internet of Things; limit learning machine
model

1. Space–Air–Ground Integrated Network
1.1. Overview of SAGIN

Space–air–ground integrated networks (SAGIN) include ground networks, satellite
systems, and air networks to ensure the reliability and throughput of data transmission [1].
The many combined networks within a SAGIN allow for greater coverage than a traditional
ground network [2]. It can provide a secure information infrastructure for sea-, land-,
air-, and space-based user activities [3]. In addition, a SAGIN expands the capability
of wireless networks, making it an important part of many advanced applications such
as autopilot and earth monitoring [4]. There are various complex environments and
tasks in future communication. When natural disasters and public emergencies occur,
ground communication facilities may be damaged and thus unable meet the needs of
communication. SAGINs can achieve fast networking and flexible deployment. At the
same time, SAGINs will play an even more important role in the 6G era, appearing as a
new trend of future communication networks.

1.2. Architecture for Space–Air–Ground Integrated Network
1.2.1. Introduction of SAGIN Architecture

SAGINs can deal with sophisticated environments in the future, which makes them
a developmental tendency in the future communication networks. Figure 1 shows the
architecture of a space–air–ground integrated network, it consists of a space network,
air network, and ground network, which realizes the sharing of global information and
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resources by connecting numerous networks to shape a complicated topology [5]. The
specific details of each network are as follows:

(1) Space Network

The space network is made up of various communication satellites distributed in
different orbits [6]. Satellite networks can be classified by two indicators: altitude and
channel width. Altitude categories include geostationary orbit (GEO), middle-Earth orbit
(MEO), and low-Earth orbit (LEO) satellites. Channel width categories include narrowband
and broadband. The main advantage of the space layer is that it provides a routing bypass
function when direct communication between the space layer and the ground layer is
impaired. This bypass function enables the implementation of SAGINs.

(2) Air Network

The air network consists of a variety of aerial communication equipment, such as
balloons and unmanned aerial vehicles. The aerial layer has three characteristics: small
resource cost, easy deployment, and large coverage [6]. Because of these characteristics,
the aerial layer can provide regional wireless access services and routing functions for the
ground layer, which make it preferable compared with a base station on the ground.

(3) Ground Network

The ground network consists of users and various ground communication networks
including wireless local area networks and cellular networks. The ground layer provides
high data rates; however, it fails to service some remote areas.

Figure 1. An architecture for a space–air–ground integrated network.

1.2.2. Comparison of Different Networks

Each network layer possesses strengths and weaknesses. The satellite network pro-
vides global coverage on the Earth, but there is a long delay in transmission. The ground
network has a small propagation delay, so it complements the satellite network. However,
the ground network is easily influenced by natural disasters and human factors. Compared
with traditional terrestrial networks, SAGINs have an aerial layer so that they have wider
coverage, stronger openness, and resistance to various forms of damage [5].

1.2.3. Advantages of SAGIN Architecture

In SAGIN architecture, the three network layers can operate together and work in-
dependently. It integrates heterogeneous networks to build a layered broadband wireless
network. The satellites may efficiently reach rural and distant regions, significantly lower-
ing the cost of fifth generation (5G) ground networks. Meanwhile, it provides advantages
in coverage, throughput, reliability, and flexibility, which provides it with broad application
prospects in next-generation networks. In addition, SAGINs are of great importance in
many situations such as communication, remote sensing, and navigation.
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1.3. Motivation and Main Contributions

An important part of a SAGIN is that the signal transmission between satellites
and ground base stations is a kind of wireless signal transmission. These transmissions
can be affected by the atmospheric environment. The gas molecules and water vapor
condensate in the atmospheric cloud result in electromagnetic wave refraction, reflection,
scattering, dispersion, and absorption when propagating. When the cloud thickness is large,
it will cause very large signal attenuation. Since the communication path loss between
satellites and ground base stations is mainly determined by cloud thickness, rainfall, and the
incident angle between the communication link and clouds, the blockage will be calculated
according to the above three parameters and divided into six levels for prediction and
analysis. Finally, the satellite routing design can be improved according to the predicted
blockage, so as to improve the quality of satellite ground communication.

In this article, we propose to use integration of IoT and satellites for weather data
collection and transmission. At the same time, we predict communication blockage by an
extended ELM model, and therefore find a communication link with the smallest signal
loss so that the ground and satellite can communicate through this communication link to
improve communication quality. This article connects IoT networks with SAGINs, because
satellite connections for IoT networks are well-suited to delivering service where terrestrial
networks are absent. Meanwhile, there are many instances where terrestrial coverage exists,
but it must cross many different networks, which makes the transmission efficiency very
low. SAGINs make it much easier, as they can transmit data from every network. Therefore,
by using integration of IoT and satellites for weather data acquisition, transmission, and
analysis undoubtedly becomes a more efficient and reliable scheme.

The ELM algorithm has small computational complexity and good overall perfor-
mance, but it also has some limitations. Because of the simple network model, the ELM
algorithm can perform well only for small-scale datasets. Once the data scale increases, the
performance of the ELM algorithm will decline sharply. Therefore, we propose an extended
ELM model. Based on the original ELM model, several full connection layers are added to
the model, so that the model overcomes this limitation, successfully processes large-scale
data, and shows good performance. The extended ELM model has a fast calculation speed
and high accuracy rate in this scenario. As far as we know, this is the first time that the ex-
tended ELM model is embedded in the SAGIN framework to improve the communication
efficiency of SAGIN.

2. Architecture Design
2.1. Satellite-Based IoT (SIoT)
2.1.1. Advantages of Satellite Communications

Satellite communications have high accuracy and low delay [7], so they play an im-
portant role in the fields of navigation, time service, measurement, and communication.
Satellite communications can also provide services in emergency, service delivery, distri-
bution, and the energy Internet, which means satellites have great potential in the future
development of IoT networks and next-generation communication networks [8].

2.1.2. Satellite and Ground Communications Complement Each Other

In terrestrial communication systems, it is very difficult to establish ground base
stations in poor geographical conditions such as oceans and deserts [7]. As a result, the
coverage of terrestrial wireless networks is very limited. Satellite communications, on
the other hand, may cover a wide region regardless of geographical constraints and thus
can supplement the coverage of terrestrial communication. Nevertheless, the spectrum re-
sources of satellite IoT are limited [9], so satellite IoT needs to share a spectrum with ground
IoT which we call ‘SIoT’. Satellites can realize communication with high quality and high
reliability, which is of great significance to terrestrial communications. By supplementing
a network with satellites, it is possible to meet the demand for global coverage. Satellites
have become an important and powerful element in the future of communication systems.
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2.1.3. Related Works on SIoT

Author Zhicheng Qu mainly introduces the architecture of a LEO satellite constel-
lation for IoT, which contains some access and routing protocols, the structure of a LEO
satellite constellation, and compatibility of heterogeneous networks [10]. Author Ahan Kak
introduces a satellite IoT based on micro-satellite technology and SDN and the impact of
orbital configurations [11].

A satellite-based IoT network is shown in Figure 2. Satellites and IoT are connected by
wireless links. The ellipse below represents the satellite coverage area, and there are IoT
networks in it. The red dots represent the sensor nodes and the triangular towers represent
the IoT trans-receivers. The SIoT network is formed between the satellites and IoT network
on the Earth’s surface through the above methods.

Figure 2. Satellite-based IoT Network.

2.2. Overview of Architecture Design

The perception layer, network layer, and application layer are the three layers that
make up the architecture. The perception layer is mainly responsible for collecting data.
The network layer, also as the core layer, mainly provides up/down data transmission
services. In the satellite network system, the ground node network, satellite backbone
network, and satellite access network constitute the satellite network layer. The satellite
networks relay sensing data to the core network. For the sake of inter-operation and
integration of satellite networks and IoT, it is very significant to establish the terrestrial
base stations. In addition, when normal terrestrial terminals are not linked to satellites,
we assume that the terrestrial base stations could send the information to the satellites to
complete communication between satellites and ground.

Figure 3 shows the schematic diagram of this project. First of all, sensors constitute the
main part of perception layer of SIoT, which is responsible for collecting weather data; the
IoT network on the Earth’s surface and satellite network make up the network layer in SIoT.
They mainly provide the up/down data transmission. Satellite routing design belongs to
the application layer of SIoT.

The process of the project is as follows: sensors input the collected weather data,
such as temperature and humidity, into the extended ELM model. Then, blockage caused
by bad weather is derived through classification fitting analysis, applying the extended
ELM model. Consequently, the satellite communication routing design can avoid bad
weather and improve communication efficiency by adding an extended ELM algorithm to
the SAGIN system.
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Figure 3. Schematic diagram of the system.

2.3. Perception Layer

The perception layer is composed of IoT devices, such as various sensors. Sensors
are used to collect weather-related data, then a connection with the ground base station
through IoT is established, and the data could be uploaded to the cloud for analysis. The
data collected through the perception layer constitute the dataset of this experiment.

2.4. Network Layer

Figure 4 shows a network model for satellite-based IoT. The network layer is composed
of users, a ground segment, and a space segment. In addition, an extended ELM algorithm
is added to the network layer, which affects the satellite routing design and improves
the communication transmission efficiency of the architecture. Various satellite resources
constitute the space segment. The satellites can be categorized as high-orbit satellites and
low-orbit satellites.

Figure 4. A network model for satellite-based IoT.

(1) High-Orbit Satellite

Inspired by the development of communication services on geosynchronous satellites,
high-orbit satellite communication services are studied and derived. A satellite can cover
almost half of the globe at high altitudes, which allows it to provide services in an incredibly
broad range.

(2) Low-Orbit Satellite

Compared with GEO satellites, a LEO satellite-based IoT has smaller path loss and
propagation delay [12]. The LEO satellite-based IoT has the characteristics of high reliability,
wide-coverage, and large capacity, thus it is a significant extension of the terrestrial IoT. LEO
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satellite communications cannot be affected by ground obstacles, because IoT devices can
access the LEO satellites with flexible angles. Furthermore, LEO satellites use multi-beam
technology to provide services for more IoT devices.

Consequently, this experiment is based on a LEO satellite-based IoT.

2.5. Application Layer

Satellites play an irreplaceable role in IoT. Smart medicine, smart home, industrial
Internet, and other IoT businesses have grown significantly in recent years. Some services
need great efficiency over a long length of time and with high dependability. To meet the
needs of these services and ensure quality of service, the network has been extended from
the ground broadband network to the ground and satellite broadband network. SIoT also
plays an important role in some mission-critical applications [13]. The failure of these tasks
may lead to significant loss of life and property. For example, in mission-critical military
applications, border protection and territorial defense are linked. These applications
must successfully protect valuable resources. However, these mission-critical applications
present many risks to human life. Therefore, the collection and driving of information
should be completed by IoT sensors. The integration of satellites and the Internet of Things
improves the coverage and reliability of these mission-critical application networks. At
the same time, the wide coverage of SIoT enables application prospects in farms, oil/gas
facilities, power grids, etc. [14]. The wide possibilities of SIoT make it an area of particular
research interest.

The above mainly introduces the content of satellite routing. It can be seen that, in
SAGIN, how to ensure the reliability and effectiveness of satellite communication transmis-
sion is very important. Therefore, in the following sections, the method of improving the
effective transmission of communication in the SAGIN architecture is mainly introduced,
that is, the method proposed to use the extended ELM algorithm to predict the congestion
of the communication path.

3. Model Design
3.1. Overall Process of the System

The subject of this paper is the presentation of an analytical model for the prediction
of rainfall intensity of the SAGIN system. Figure 5 is the overall process of the system.

Figure 5. Overall process of the system.

First of all, the system collects weather-related data through IoT sensor devices to form
a dataset. Next, the obtained dataset undergoes a series of data preprocessing procedures.
The extended ELM model inputs the collected weather-related data, outputs the prediction
of blockage which affects the satellite routing design, and improves the reliability and
effectiveness of data transmission.

3.2. Influence of Blockage on Satellite Communication Transmission

High-frequency band satellite communication is advantageous due to its small fre-
quency bandwidth equipment and strong anti-interference tendencies. However, high-
frequency band satellite communication is greatly affected by the atmospheric environ-
ment [15].

At communication frequencies above 10 GHz, rain is the most influential propaga-
tion phenomenon on satellite communication links [16]. When the frequency is higher
than 20 GHz, heavy rain may cause severe signal attenuation, to the point of interrupt-
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ing the communication link. Therefore, this paper focuses on high-frequency satellite
communication above 20 GHz.

In all weather conditions, rainfall has the greatest impact on communication conges-
tion, so this paper calculates the communication congestion according to rainfall and other
parameters. Based on previous studies on rain attenuation [16], the estimated value of
blockage corresponding to different rainfall types can be calculated by Formula (1). Assum-
ing that the frequency band of the satellite is f (Hz), the cloud attenuation corresponding
to this frequency band is c (dB/km), the cloud incident angle of satellite communication
is a, and the cloud thickness is t, then the blockage of satellite communication in the
transmission process can be obtained according to the formula [16]

blockage = t (km)× csc (a◦)× c (dB/km) (1)

Table 1 shows the cloud thickness and attenuation corresponding to different levels of
rainfall, as well as the blockage in the final satellite communication transmission process
obtained from different incident angles. Take heavy rain as an example, assuming that the
cloud height is 8 km, the absorption loss of rainfall to radio waves is 20 dB/km, and an
antenna elevation angle of 45 degrees, the rain attenuation of frequency band downlink is
226 dB. The table shows that when rainfall increases, the route loss of satellite transmission
increases. If the estimation of rain attenuation is not accurate, the design of parameters
is unreasonable, which will affect the quality and effectiveness of communication. There-
fore, prediction of blockage on communication links is crucial in satellite communication
engineering design.

Table 1. Comparison table of blockage caused by bad weather.

Thickness
(km)

Incident Angle
(◦)

Attenuation
(dB/km)

Blockage
(dB)

Drizzle 2.5 30 0.2 1
Moderate rain 3 60 3.5 12.1

Heavy rain 8 45 20 226.3

3.3. Denoising with SMOTE Algorithm

The original weather-related data is gathered utilizing sensors and IoT technologies,
and that will need a collection of about 140,000 data points. There were approximately
500,000 pieces of data in the dataset after a series of data preprocessing procedures, such as
missing value and anomalous value processing, data category imbalance processing, and
so on. The dataset includes information such as geographic location, daily minimum and
maximum temperatures; as well as temperature, wind speed, humidity, and air pressure at
various times of the day, including 9 a.m., 3 a.m., and 3 p.m.

Table 2 shows the data distribution of different rainfall categories in the original
data. Among the collected weather data, there is a serious problem of unbalanced data
categories. Synthetic minority over-sampling technique (SMOTE) is used to solve this
problem. SMOTE is a commonly used over-sampling technique to subside the imbalanced
dataset problem [17]. The basic idea of the algorithm is to analyze and simulate minority
samples, and add new manually simulated samples to the dataset, so the categories in the
original data will not lose balance seriously [18]. At present, the SMOTE algorithm is an
excellent way to deal with the imbalanced classification problem.
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Table 2. Data distribution and proportion in the original dataset.

Number Proportion

No blockage 79,952 64.3%
Micro blockage 35,890 29.0%
Small blockage 5713 4.7%

Intermediate blockage 1832 1.4%
Large blockage 585 0.5%
Huge blockage 138 0.1%

The flow chart of the SMOTE algorithm is shown in Figure 6. First, in a small number
of sample sets, for a sample x, the K nearest neighbor samples of x can be obtained by
calculating the Euclidean distance from x to other samples [19]. The formula for calculating
Euclidean distance is

d(x, y) =

√
n

∑
i=1

(yi − xi)
2 (2)

Figure 6. Flow chart of SMOTE algorithm.

Secondly, the sampling rate is set for the samples to obtain the sampling multiplicity,
assuming that the sampling multiplicity is represented by n. Then n nearest neighbor
samples can be randomly selected from K nearest neighbor samples, and the selected
samples are recorded as y [20]. Thirdly, given sample X and sample y, we can construct a
new sample set by the formula

L = x + rand(0, 1)× |x− y| (3)

Figure 7 shows the box diagram of ‘blockage’ data processed by SMOTE algorithm
according to category distribution. It can be concluded that the SMOTE algorithm can solve
the problem of unbalanced data categories.

Figure 7. Blockage distribution after data preprocessing using the SMOTE algorithm.

A good-performing classifier may be constructed after rebalancing the class distribu-
tion of the training dataset.
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3.4. Extended ELM Model Structure Design

The flow chart for the extended ELM model is shown in Figure 8. In the raw data,
there will be some missing and null values. These data are first analyzed, then they will
be standardized to transform symbol-type data into numbers. Then, the blockage in the
communication link is divided into six categories according to its value. To finish the data
preparation procedure, the SMOTE algorithm is utilized to process the imbalanced data.
Data may be loaded into the ELM model’s expanded version. The complete connection
layer, which consists of two 128 neural units, is followed by the original ELM model. The
ELM model consists of an input layer, a hidden layer in the center, and a six-neuron output
layer to output the predicted six blockage categories.

Figure 8. Flow chart of extended ELM model.

The ELM is a single-hidden-layer neural network algorithm, which can be used for the
establishment of regression and classification models [21]. Compared with the traditional
single hidden layer feed-forward neural network, the input weight and the offset are
random. The corresponding output weights are obtained through calculation. Therefore,
to ensure learning accuracy, the ELM algorithm has low computational complexity and a
good general performance.

Assume that the training sample is represented by {(Xi, Ti)}, where Xi is the model’s
input vector and Ti is the model’s output vector. The number of neural units in the input
layer of the ELM model is N, the number of neural units in the hidden layer is L, and the
number of neural units in the output layer is M. The formulas for the ELM model are

Hβ = T (4)

H =


g(ω1 × x1 + b1) · · · g(ωL × x1 + bL)

g(ω1 × x2 + b1) · · · g(ωL × x2 + bL)
... · · ·

...
g(ω1 × xN + b1) · · · g(ωL × xN + bL)


N×L

β =


βT

1
βT

2
...
βT

L


L×M

T =


tT
1

tT
2
...

tT
N


N×M

(5)

g(x) =
1

1 + e−x (6)

The ELM model consists of an input layer, hidden layer, and output layer. ωi represents
the weight between the input layer and β is the hidden layer, bi is the bias of the hidden
layer, and g(x) is the sigmoid function, which is used as the activation function of the
neural unit in the hidden layer. Through the activation function, the results ofωi × xi + bi
mapping form a matrix, which is called the feature mapping matrix H. When the network
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is generated,ωi and bi will be randomly generated. Then, with the increase in the number
of iterations,ωi and bi will be gradually adjusted to make the model more accurate. The
model combines the matrix H with the vector βmultiplication, the resulting matrix as the
output of the model, denoted as T.

β̂ = H†T (7)

The above formula is transformed into the least square solution of the solution β̂, the
Moore–Penrose generalized inverse of matrix H is H†.

The Moore–Penrose generalized inverse of matrix H is H†. ELM has been widely
used in many fields because of its fast training speed, good interpolation ability, and
approximation ability.

However, the ELM model also has some problems. When faced with a large-scale,
unbalanced, and noisy dataset, its performance is not stable. Therefore, we propose a
new model to enhance stability. The network is built using the Python-based open-source
artificial neural network framework Keras. The data are input into two full connection
layers with 128 nerve units, and the data are pre-trained. Because the data are shuffled
after each training, the training and verification sets are resampled. The average accuracy
of the model’s five training sessions is output, and the k-fold cross-verification technique
(5-fold) is used in the training process. The tanh function is used as an activation function
in each layer, which can be expressed by the formula

f(x) =
ex − e−x

ex + e−x (8)

Then, the output of the full connection layer is input into the ELM model, the ELM
model categorizes the data, and finally the vector classification results are output. The loss
function of the model uses categorical cross-entropy, which is used to describe the distance
between two distributions. The formula is

J = −
K

∑
i=1

yi log(pi) (9)

where K is the number of categories, y represents the label, and p is the output of the neural
network [22].

In the process of iteration, the root mean square prop (RMSProp) optimization algo-
rithm is used to optimize the model. It has the advantages of small swing amplitude in
update and fast convergence speed of loss function. Each formula is as follows:

sdw = βsdw + (1− β)dW2 (10)

sdb = βsdb + (1− β)db2 (11)

W = W− α dW√
sdw + ε

(12)

b = b− α db√
sdb + ε

(13)

In the above formulas, sdw and sdb are the accumulated gradient momentum of the
loss function in the previous (t − 1) iteration, and β is an index of gradient accumulation.
The RMSProp algorithm corrects the swing amplitude by calculating the weighted average
value of the square of the gradient differential, which makes the swing amplitude smaller,
so the network converges very fast.

The above is the introduction of the algorithm theory and formulas applied in the
experimental process. The next section will discuss the simulation results of the extended
ELM model in detail.
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4. Experimental Simulation Results and Analysis
4.1. Data Analysis

In the process of exploratory data analysis, feature engineering is a very important
step. In the process of feature engineering, the characteristics that can better represent the
core of the issue and play a greater role in the prediction process will be chosen from the
original features. These selected features are put into the model to improve the prediction
accuracy and speed of the model. It is necessary to select features that highly correlate with
‘blockage’ in the dataset to conduct experiments.

The correlation matrix between eigenvalues is shown in Figure 9. It can test the direc-
tion and degree of a change trend between any two variables. Covariance is a parameter
that measures the magnitude of the mutual influence of two variables. As shown on the
right side of Figure 9, the lighter the color in the picture, the larger the correlation coeffi-
cient value between the two features, and the darker the color, the smaller the correlation
coefficient. The larger the absolute value, the higher the correlation between the two.
For this project, there are 21 features and one label. Covariance matrices work well for
multidimensional problems like this, and correlations between two features can be seen by
looking at the intersection between any two features. Therefore, the degree of correlation
between each feature and ‘blockage’ can be analyzed by looking at the intersection value of
‘blockage’ and other features.

Figure 9. Correlation coefficient between features.
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The range of correlation coefficient is −1 to +1. It can be calculated by the formula [20]

rxy =
n ∑ xiyi −∑ xi ∑ yi√

n ∑ x2
i − (∑ xi)

2
√

n ∑ y2
i − (∑ yi)

2
(14)

4.2. Metrics of Extended ELM Model

To characterize the effectiveness of the ELM classification method, the confusion matrix
is used to evaluate the performance of the method [23]. The confusion matrix combines
accuracy, precision, recall, and F1-score to measure the performance of the classification
model. It records the sample number of all classification results in the table. Accuracy,
precision, recall, and F1-score are defined as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(15)

Precision =
TP

TP + FP
(16)

Recall =
TP

TP + FN
(17)

F1− score =
2TP

2TP + FP + FN
(18)

In the formulas, TP, TN, FP, and FN represent true positive, true negative, false
positive, and false negative respectively. In the process of evaluating the model, if only one
index of accuracy or recall rate is used, the advantages and disadvantages of the model
cannot be fully evaluated. Therefore, the F1 score, as a harmonic average of accuracy
and recall rate, can be better used as an evaluation index of model of classification in
multi-classification problems.

4.3. Results and Analysis

First, we need to determine the number of neurons. Figure 10 shows the influence of
the number of neurons in the hidden layer on the model performance of the extended ELM
model. This figure shows the process of analyzing and selecting the number of hidden layer
neural units in this experiment, and finding the appropriate value by debugging different
numbers of neural units. From left to right, the abscissa indicates the number of concealed
layers from 100 to 2000. The value of accuracy, precision, and recall is represented by the
ordinate. The graphic shows that, as the number of hidden layers increases, the accuracy,
precision, and recall rise, and the model performance improves. When the number of
hidden layers is 1500 and more, the performance of the model tends to be stable. To
achieve the optimal effect of the model, the final extended ELM model uses 1600 hidden
neural units.

The extended ELM model has shown excellent results. Figure 11 shows the confusion
matrix of each category. The abscissa represents the prediction category, the ordinate
represents the real category, and the sample on the diagonal is the correct prediction sample.
The number in the matrix represents the corresponding number of samples. The lower the
number of samples, the darker the corresponding color in the matrix and the closer it is
to purple. The greater the number of samples, the lighter the corresponding color in the
matrix, and the closer it is to yellow. It can be seen from this confusion matrix that most of
the sample data is concentrated in the diagonal position of the matrix, therefore, the vast
majority of samples were correctly predicted.
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Figure 10. Influence of number of neurons in the hidden layer on the model.

Figure 11. Confusion matrix of testing set.

Table 3 shows the performance of six categories on the four indicators of accuracy—
precision, recall, F1-score, and support. Among them, support represents the number of
test samples in each category. It can be seen that the classification results obtained by the
ELM model are at 91% accuracy.

Table 3. Performance of six categories on each metric.

Precision Recall F1-Score Support

Class 0 0.81 0.90 0.85 20,073
Class 1 0.82 0.63 0.71 19,825
Class 2 0.89 0.94 0.91 19,812
Class 3 0.95 0.98 0.97 19,763
Class 4 0.98 1.00 0.99 19,993
Class 5 1.00 1.00 1.00 19,862

Accuracy 0.91 119,328
Macro average 0.91 0.91 0.90 119,328
Weighted avg 0.91 0.91 0.90 119,328

Table 4 shows the comparison of the extended ELM model and deep neural network
(DNN) model. In terms of the network layers of the model, the extended ELM model has
only five layers, so the model is simple. In terms of time consumption, extended ELM
consumes less time than DNN, so the model runs very fast. In terms of prediction accuracy,
the model accuracy of extended ELM model reaches 91%, so the model is very efficient.

This section introduces the process of model tuning and the performance of the model.
Consequently, extended ELM has the advantages of simplicity, fast running speed, and
efficiency, as well as having broad development prospects.
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Table 4. Time consumed by different models.

Time (s) Accuracy (%) n_Layers

Extended ELM 59.0663 91.0 5
DNN 178.9913 89.1 5

5. Conclusions

The integration of space and ground networks is a good solution with wide coverage
and high transmission efficiency. A variety of ELM models are proposed in this paper, to
further improve the data transmission quality and improve the stability of data interaction
between satellite and ground base station. The blockage predicted by the extended ELM
model is one of the most important factors affecting satellite data transmission. The
simulation results also show that our model is effective, efficient, and accurate. With the
help of the extended ELM model, the satellite can find the data transmission link with
the highest transmission efficiency and the fastest transmission speed. This method can
not only guarantee data transmission reliability, but also reduce data transfer time and
increase data transmission efficiency. The features of the ELM model are its light weight
and the ability of the model deployed to many edge devices. Edge devices can quickly
and efficiently collect data and fit ELM models locally. The time performance has been
greatly improved, further ensuring the stability of the interaction between satellites and
ground base stations. Regarding the future development of this work, at present, the
model accuracy of this work is limited by the technical limitations of weather collection
equipment. If more weather features can be collected in the future, the model performance
will be further improved. In addition, rainy weather is not the only influencing factor for
the communication efficiency of satellite communication links. In future work, it can be
challenged to comprehensively consider multiple influencing factors and propose further
optimization schemes for the routing design of the SAGIN architecture.
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