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Abstract. The terrestrial satellite network will play an essential role in 6G.
Through the satellite system, people can obtain a lot of ground image information
to process tasks and feedback. Forest resource is an essential resource. Determin-
ing the causes of deforestation is crucial for the development and implementation
of forest protection plans. In this article, we propose a novel deep neural net-
work model for distinguishing drivers of deforestation events from satellite forest
images. To solve the problems of image rotation caused by satellite angle rotation
and image blurring caused by extreme weather occlusion during satellite image
acquisition, we add data enhancement and a self-supervised rotation loss to the
model to improve the robustness and adaptability. We use deforestation maps
generated from Landsat 8 satellite imagery as a dataset and demonstrate that our
approach achieves better results than the baselines.
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1 Introduction

Radio communication technology has developed rapidly. The fifth-generation mobile
information system (5G) is combined with the Internet of things. Radio communication
technology can meet more and more application needs, and communication speed is
getting faster and faster. Now, we has begun to move towards the sixth generation mobile
information system (6G).

On the basis of 5G technologies, The 6G network will be fully connected communi-
cation network with global coverage, combining terrestrial communication network and
space satellite communication network. So, in 6G, terrestrial-satellite networks (TSN)
will become the critical leverage to explore airspace resources for communications [1].
Through the integration of satellite signals, global seamless signal coverage, the global
positioning satellite system, image satellite system and 6G ground network, the 6G
network can help people quickly explore the ground information.

In modern times, protecting forest resources can prevent species extinction, create
clean air and water, and detect climate change [2]. For some reason, forest loss in the
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tropics results in about 10% of the world’s annual greenhouse gas emissions [3], which
should be reduced to decrease the potential for climate tipping points [4]. The direct
factors or specific activities leading to the deforestation of tropical rainforests include
natural events (such as fire and flood), manufactured land occupation (such as industrial
and agricultural development), and human activities [5]. Accurately identifying these
factors is crucial for implementing targeted policies and actions to protect forests. In
terms of the rate of rainforest loss, Indonesia ranks among the highest in the world, so
analyzing the causes of forest loss in Indonesia can help us to classify forest loss factors
globally.

Through the 6G ground-satellite network interconnection system, we can obtain
high-resolution forest satellite images to analyze the direct causes of forest loss and
provide essential information for conservation work. With the development of intercon-
nectivity between satellites and terrestrial networks, and the advances in various deep
learning methods, it possible to obtain and analyze terrestrial geographic information
automatically. Compared with the previous machine learning methods, such as decision
trees, random forest classifiers, etc. [6–9], Convolutional neural network (CNN) is the
most effective method for extracting data features [10–13]. However, these CNN-based
methods usually only use clear and standard data for model training, the performance
becomes unstable once the data changes, such as image angle changes due to satellite
rotation or image blurring due to cloud or fog interference.

In this paper, considering the increasing the data diversity, we present a new model
based on the CNN network to classify deforestation images. We used an encoder, a
classification header, and an angle prediction header. Through data fuzzy and rotation
processing, the model can by trained more deeply by the combined data and predict the
factors of forest loss more efficiently and accurately. We used the satellite forest image
dataset of Indonesia processed and made by Irvin et al. [14] to conduct the experiments.
The results show that our model has high robustness and classification accuracy.

2 Related Work

2.1 6G Network

In the era of the 5G networks, it is expected that more than 80% of land areas and
more than 95% of sea areas could not be covered by satellite signals. Moreover, as the
signal range of the 5G network is concentrated within 10km above the ground, the actual
“global Omni-sphere” and “Internet of Things’ cannot be truly realized. To this end, 6G
will be further upgraded based on 5G, featuring complete coverage and application.

For the global signal coverage, 6G satellite communication will play an important
role. By integrating the satellite networks with the ground networks, 6G can achieve
the goal of global mobile network coverage, and People all over the world can use it
anytime, anywhere.
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6G satellite network has been able to provide complementary satellite services in
many areas, and satellite services have evolved from traditional voice and broadcast ser-
vices to broadband Internet services [15]. It can detect the movements of ground users,
ground information, vehicles, emergency base stations, and other satellites [16], and pre-
dict weather conditions. By transmitting detected statistics or captured satellite images
to the ground, combined with models trained through artificial intelligence technology,
it can effectively respond to current geographic information or weather disasters.

Therefore, we use the 6G satellite image dataset of Indonesia’s rainforests to analysis
why they are being cut down. The used 6G ground-space satellite network framework
is shown in Fig. 1.

Fig. 1. 6G ground-space satellite network

2.2 Resnet Network

With the increase of layers of neural networks, the problem of vanishing/exploding gra-
dients would appear [17, 18]. In the early, this problem was solved to some extent by
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normalized initialization [18–20], which used stochastic gradient descent and backprop-
agation [21], but it also exposed another problem: as the number of layers of the neural
network increases, the network accuracy peaks and then drops off at a high-speed rate.

In view of the above problems, KaimingHe [22] proposes the Resnet network frame-
work. Resnet network ismainly composed of two/three-layer residual blocks. In the [22],
five network frameworks are proposed: 18-layer, 34-layer, 50-layer, 101-layer, and 152-
layer. The network framework of Resnet18 is adopted in this paper, and its framework
parameters are shown in Table 1. From the parameter table, we can know the image
information is constantly changing through each network layer. The network framework
is shown in Fig. 2. There are four residual blocks are used in Resnet18, each consist-
ing of two basic blocks, the details are shown in Fig. 3. In Resnet18, each basic block
is a double-layer foundation block consisting of two convolutions and a short circuit
connection. Figure 4 shows the detailed structure of the basic block.

Because Resnet18 network framework has the advantages of no gradient disap-
pearance/gradient explosion and network degradation compared with the convolutional
network, we choose it as our encoder to extract image features.

Table 1. Resnet18 Network framework

Layer name Output size 18-layer

Conv1 112 × 112 7 × 7, 64, stride 2

Residual block_1 56 × 56 3 × 3 max pool, stride 2[
3 × 3 64

3 × 3 64

]
× 2

Residual block_2 28 × 28
[
3 × 3 128

3 × 3 128

]
× 2

Residual block_3 14 × 14
[
3 × 3 256

3 × 3 256

]
× 2

Residual block_4 7 × 7
[
3 × 3 512

3 × 3 512

]
× 2

1 × 1 Average pool, 512-d fc, SoftMax

FLOPs 1.8 × 109
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Fig. 2. Resnet18 network model Fig. 3. Residual block

Fig. 4. Basic block of Resnet18

3 Method

We change the image size from 332 × 332 to 160 × 160. The input data are defined as
x = {(xi, yi)}Ni=1, Where N is the number of data. yi ∈ {1 . . . . . .C} is the labels of xi, C
represents the number of classes. This method carries out fuzzy and rotation processing
on the original data, x, and get the processed sample, defined as xg = {(xgi )}Ni=1 and x

r =
{(xri , yri )}Ni=1, where x

g represents the data of x after rotation and fuzzy enhancement. xr
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represents the data augmented by rotation only, and the rotation label, yri ∈ {0, 1, 2, 3}
is generated by its rotation angle, respectively representing rotation 0o, 90o, 180o, 270o

(Fig. 5).

Fig. 5. Model framework: The standard supervised learning module is shown on the white
background, and the rotating self-supervised learning model is shown on the gray background.

Our model defines the encoder as E: X → F, where F is the extracted picture feature
vector. Then we represent a rotation Angle predictor fr : F → pr and a classifier fc:
F → pc for data classification and rotation Angle prediction. The details are mainly in
five parts.
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(1) Our encoder structure uses the model framework of Resnet18 proposed by
Kaiming He et al. [11]. It consists of 17 convolutional layers and one fully connected
layer.

(2) The classifier and the rotation angle predictor use three linear layers to reduce the
dimension of the features extracted by the encoder and finally output the classification
and angle prediction.

(3) We use encoders and predictors with the same framework as classification
prediction and share the weight of the encoder.

(4) Moreover, by data enhancement with fuzzy and rotation, the model can avoid
unclear satellite images caused by extreme weather, such as fog, typhoons, and shape
changes of areas due to satellite rotation, which can lead to the inaccurate identification
of deforestation factors.

We use the cross-entropy to calculate the loss of our encoder and classifier, and our
actual loss function is shown below:

Lc = 1

2B

2B∑
b=1

H (yb, p(y|xb)) (1)

where B represents the size of batch size, xb represents the labeled data, x and xg ,
p(y|xb) = softmax(f (E(xb))) is classification prediction.H is the cross-entropy between
yb and p(y|xb).

(5) For the prediction of rotation angle, we randomly rotate the original image to
generate forest images from different angles, so that the model can learn the rotated
image separately. By comparing with the original image, the rotation angle of the image
can be derived successfully, which improves the robustness and identification ability of
the model.

We use the cross-entropy to calculate the loss of our encoder-predictor, and the
formula is as follows:

Lr = 1

B

B∑
b=1

H (yrb, p(y
r |xrb)) (2)

where xrb represents the rotation data in xr , p(yr|xrb) = softmax(f
(
E
(
xrb

))
) is the output

of the predictor.
In short, the final loss function is as follows:

Loss = Lr + Lc (3)

Lr is the rotation loss, and Lc is the supervision loss.
The details of our model are shown in Algorithm 1.
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Algorithm 1 Forest loss classification

4 Experiment

4.1 The Dataset

In this work, we use the same dataset as Irvin et al. [14], where annotations on defor-
estation events are curated by Austin et al. [23]. These images of natural forest loss are
from the global forest change (GFC) map with 30 million resolution published from
2001 to 2016. The GFC map contains satellite forest images with various types and
resolutions. The missing images were classified and annotated by Austin et al. [23].
The main reasons and classifications of deforestation are shown in Table 2. Figure 6
provides some examples of each class. Table 3 shows the details of each group. We use
the relationship between deforestation factors and classification factors and the partition
method of training/validation/test set given by Irvin et al. [14].

Table 2. The reasons and classifications of deforestation details of the dataset.

Deforestation Category Classification

Oil palm plantation
Timber plantation
Other large-scale plantations

Plantation

Grassland/shrubland Grassland/shrubland

Small-scale agriculture
Small-scale mixed plantation
Small-scale oil palm plantation

Smallholder agriculture

Mining
Fishpond
Logging road
Secondary forest
Other

Other
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Fig. 6. Data instances from left to right and top to bottom are Plantation, Smallholder agriculture,
Grassland/shrubland, etc.

Table 3. The details of dataset according to [11].

Classification Training Validation Test

Plantation 686 219 265

Grassland/shrubland 556 138 207

Smallholder agriculture 143 47 85

Other 231 70 112

Overall 1616 474 669
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4.2 Experimental Settings

In this experiment, we perform the experiments on a Server with NVIDIAGeForce RTX
3090, and the framework is PyTorch. The learning rate of themodel was set to 0.001, and
the Adam algorithm was used to optimize the neural network. The model was trained
by 300 epochs, and the batch size was set to 16.

4.3 Results and Analysis

We test the performance of our proposed model on a dataset of Indonesian deforestation
factors [14] and compare it with a supervised approach that only applies the Resnet18 as
an encoder. According to the results in Table 4, we can see that the performances of our
model on the training set, validation set, and test set are better than that of the comparative
method. Specially, on the test set, ourmodel achieves an accuracy of 66.42%,which is 7%
higher than the comparative method’s 59.03%. The experimental results directly verify
that our model can accurately classify deforestation data images. In addition, through
experimental tests, the experimental resources occupied by the self-supervised module
and the supervised learning module are almost the same, which proves the availability
of our model.

Table 4. Experimental results of our model and the baseline

Model Train Validation Test

Resnet18-Supervised 99.56 67.64 59.03

Resnet18-Our 99.75 72.8 66.42

5 Conclusion

We propose a new deep learning model for deforestation factor classification in 6G
satellite forest images. The model’s performance can not be disturbed even in the face
of clouds or extreme weather. In addition, the classification prediction of the model can
be stable even by applying the data rotation and self-supervised method. Compared with
traditional deep learning methods, the classification accuracy of our model is improved
by 7%. The results show that our approach has a more substantial effect than other
methods. In the future, with the continuous development of the 6G technology, how
to better connect the 6G satellite network with the model and improve the operation
efficiency will be our next project.
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