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Abstract 

Remote sensing is an important technical tool for rapid detection of illegal mining behavior. Due to the complex fea-
tures of open-pit coal mines, there are few studies about automatic extraction of open-pit coal mines. Based on Con-
volutional Neural Network and Dense Block, we propose a lightweight densely connected network-AD-Net for the 
extraction of open-pit coal mining areas from Sentinel-2 remote sensing images, and construct three sample librar-
ies of open-pit coal mining areas in north-central Xinzhou City, Shanxi Province. The AD-Net model consists of two 
convolutional layers, two pooling layers, a channel attention module, and a Dense Block. The two convolutional layers 
greatly reduce the complexity of the model, and the Dense Block enhances the feature propagation while reducing 
the parameter computation. The application is designed in different modules that runs independently on different 
machines and communicate with each other. Furthermore, we create and build a unique remote sensing image 
service system that connects a remote datacentre and its associated edge networks, employing the edge-cloud 
architecture. While the datacentre acts as the cloud platform and is in charge of storing and processing the original 
remote sensing images, the edge network is largely utilised for caching, predicting, and disseminating the processed 
images. First, we find out the optimal optimizer and the optimal size of the input image by extensive experiments, 
and then we compare the extraction effect of AD-Net with AlexNet, VGG-16, GoogLeNet, Xception, ResNet50, and 
DenseNet121 models in the study area. The experimental results show that the combination of NIR, red, green, and 
blue band synthesis is more suitable for the extraction of the open-pit coal mine, and the OA and Kappa of AD-Net 
reach 0.959 and 0.918 respectively, which is better than other models and well balances the classification accuracy 
and running speed. With this design of edge-cloud, the proposed system not only evenly distributes the strain of pro-
cessing activities across the edges but also achieves data efficiency among them, reducing the cost of data transmis-
sion and improving the latency.
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attention

*Correspondence:
Jin Zhang
zjgps@163.com
 School of Mining Engineering, Taiyuan University of Technology, Shanxi, 
Taiyuan 030024, China

Introduction
Modern computational technologies including cloud 
computing, internet of things, and faster networks 
have applications in all fields of real life. For example, 
the huge amount of collected data in all areas needs 
to be stored somewhere, getting processed when 
needed, and apply certain methods for monitoring 
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and management. Geographical information system 
is also an important research field where the applica-
tion of technology is significant. Mineral resources are 
an important material basis for the survival of human 
society and an important guarantee for national secu-
rity and economic development [1]. China is a vast 
country, rich in mineral resources, and some areas 
have shallow buried mineral resources, which are easy 
to develop. Some illegal miners, for the sake of imme-
diate interests, do not follow the relevant regulations 
for the predatory mining of various mineral resources, 
and some even illegally occupy land for private min-
ing without approval. These behaviors have caused the 
loss of national resources and serious damage to the 
ecological environment, and it is difficult for the rele-
vant regulatory authorities to quickly detect some ille-
gal mining behaviors [2]. Therefore, fast and accurate 
access to the land use and destruction of open pit min-
ing areas is significantly important to identify illegal 
mining behaviors and thus to stop them in time [3].

The open-pit mining can cause dramatic changes to the 
original land form, however illegal mining is often rapid 
and violent in order to avoid supervision, and such high-
intensity open-pit coal mining can cause serious dam-
age to the surrounding environment. In order to better 
detect illegal mining activities in a timely manner, many 
scholars have combined remote sensing images to extract 
open-pit mine information. Since the traditional image 
element-based classification is subject to the "salt and 
pepper" phenomenon, most of the researchers adopt the 
object-oriented approach to extract the information of 
open-pit mines. Various research work, as described in 
Section 2, have shown the applications of deep learning 
technology for remote sensing images and their efficient 
processing. However, these methods are implemented 
over a single machine which might take quite long time 
for deep learning methods to train model, in particular, 
when the amount of remote sensing images in quite large.

The above research shows that deep learning technol-
ogy has been widely applied in remote sensing images, 
and the deep learning method for recognition is an 
effective way to promote the remote sensing automatic 
extraction method to practicality. From the research 
methods in the study of open-pit coal mine identifica-
tion, there are not many studies based on deep learn-
ing technology in remote sensing image extraction of 
open-pit coal mines, and the traditional identification 
methods are mainly used, but the traditional remote 
sensing automatic extraction methods have problems 
such as low accuracy, poor generalization, low effi-
ciency, longer training durations, and automation [4]. 
We believe, the use of modern cloud technology, which 
has been relatively unexplored for remote sensing, can 

help to store the huge amount of images and train the 
model quickly; therefore, reducing the overall model 
latencies and execution times.

To address the above issues, we propose a light-
weight CNN model based on dense connection to 
extract open-pit coal mines from Sentinel-2 satellite 
images, using north-central Xinzhou, Shanxi, China as 
the study area. We use the edge cloud infrastructure in 
such a way that the proposed application is divided into 
different modules, i.e. training and prediction, and each 
module runs independently on different nodes. We 
continuously experimented on the dataset, compared 
the model evaluation accuracy, and found the optimal 
size of the input data and the optimal hyperparame-
ters of the model. After detailed analysis, the optimal 
extraction band for open-cast coal mines was deter-
mined. Finally, we trained and tested our dataset on 
AlexNet [5], VGG-16 [6], GoogLeNet [7], Xception [8], 
ResNet50 [9], and DenseNet121 [10] models, and com-
pared the accuracy of each model. The major highlights 
and contributions of our research are illustrated below.

• Based on Convolutional Neural Network and 
Dense Block, we propose a lightweight densely con-
nected network-AD-Net for the extraction of open-
pit coal mining areas from Sentinel-2 re-mote sens-
ing images.
• The AD-Net model consists of two convolutional 
layers, two pooling layers, a channel attention 
module and a Dense Block. The two convolution-al 
layers greatly reduce the complexity of the model, 
and the Dense Block enhances the feature propa-
gation while reducing the parameter computation.
• A deep neural framework is designed for edge 
cloud with different modules that runs inde-
pendently and communicate with each other to 
improve the processing efficiency.
• Furthermore, we create and build a unique remote 
sensing image service system that connects many 
datacentres and their associated edge networks, 
employing the edge-cloud architecture.

The remaining part of this manuscript is structured 
in the following manner. We offer an overview of the 
related work and previous research in Section  2. 
The overview of various models (deep learning), and 
material along with various methods are described 
in Section  3. The proposed AD-Net network model is 
described in Section  4. Evaluation parameters, experi-
mental setup, and empirical results are illustrated in 
Section 5. Finally, Sections 6 concludes this manuscript 
and offers some future research areas and directions for 
further investigation.
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Related work
Demirel et  al. (2011) identified, quantified and ana-
lyzed high-resolution multispectral satellite images of 
the open-pit mining area of the Goynuk open-pit mine 
in Turkey from 2004 to 2008 using SVM classification 
method [11]. Yuan et al. (2013) used Landsat-tm images 
with a resolution of 30m as the data source to extract 
information about the mine area using object-oriented 
supervised classification [12]. Cheng (2017) selected a 
SVM classifier to extract and classify the mine devel-
opment and utilization information from the high- 
Gaofen-1 satellite image data of Jiangcang fifth open-pit 
mine in Qinghai Province, and evaluated and compared 
the accuracy of the classification results with the tra-
ditional pixel-based maximum likelihood method, the 
result showed that the object-oriented classification 
method combined with SVM has high accuracy and 
good quality [13]. Shao (2020) used Sentinel-2A sat-
ellite imagery as the data source to extract land use 
information in mining areas using a combination of 
supervised classification and normalized index calcula-
tion, which can improve the classification accuracy as 
well as the precision extraction of multiple types of fea-
tures over a large area [14].

Based on Landsat series remote sensing data, Jia et al. 
(2020) constructs a complete set of rules for extracting 
mining exploitation sites based on the land use char-
acteristics of open-pit mines, and adopts an object-
oriented classification method to realize land use 
extraction for open-pit mines [15]. Kang et  al. (2020) 
used histogram comparison to obtain the best segmen-
tation scale of typical features, and applied the method 
to the Gaofen-1 image and ZY-3 image to realize the 
identification and classification of typical features in 
mining areas based on high-resolution images [16]. Run 
and Li et  al. (2020) used Landsat-8 satellite images as 
the data source to extract the classification of Baotou 
Baiyun Ebo mining area row by object-oriented classi-
fication method and compared it with supervised clas-
sification and supervised classification methods, and 
the results showed that the object-oriented method 
has higher accuracy [17]. Huo et  al. (2020) used the 
fusion of object-oriented ideas and SVM methods with 
Gaofen-2 satellite data to extract land use information 
from mining areas in Yuzhou City, Henan Province, 
mainly from open-pit mining, and the results showed 
that the method outperformed the fused K-nearest 
neighbor and object-oriented methods [18]. Voroven-
cii et  al. (2021) used the Landsat imagery to map the 
extent of surface mining and reclamation in mining 
areas, and used different SVM algorithms to classify 
satellite images to detect changes in the extent of sur-
face mining and reclamation [19, 20].

Different open-pit coal mines have different shapes and 
constituent elements, and the open-pit coal mine area 
is a composite target consisting of several sub-regions 
such as side gang, mining pit and drainage field, and the 
regional spatial features are extremely heterogeneous. 
Traditional image feature extraction mainly relies on 
manually designed feature extractors with poor gener-
alization ability and robustness, so the accuracy of tradi-
tional open-pit coal mine extraction methods is not high 
in practical applications. In recent years, CNN model has 
been successfully applied to image classification [21, 22], 
target localization detection [23, 24], target segmentation 
[25, 26], and other image fields, and can also be applied 
to speech recognition [27, 28], text classification [29, 30], 
and many other fields.

Guan et al. combined a clustering-based band selection 
method with the residual and capsule networks to create 
a deep model called ResCapsNet and tested the robust-
ness of ResCapsNet using Gaofen-5 imagery [31]. Qian 
et  al. proposed a multi-stream CNN (3M-CNN) model 
based on multimodal remote sensing data and multi-
scale kernel functions [32]. Chen et al proposed a CNN-
based object-oriented framework for mapping open pit 
mines with Gaofen-2 high-resolution satellite images 
[33]. Camalan et  al. used supervised (E-ReCNN) and 
semi-supervised (SVM-STV) methods to study binary 
and multiclass variation within the mining pools in the 
MDD region [34]. Liu et  al. introduced the deep learn-
ing full convolutional neural network algorithm into the 
automatic extraction of open pit mine, which fully mines 
a large number of high-level abstract features from the 
underlying features to achieve intelligent, effective, and 
efficient interpretation of the open pit mine [35].

Hu et  al. combined deep learning algorithms with 
object-oriented ideas and used convolutional neural net-
works to extract information on the type of development 
land area occupied by mining areas, mainly open pit 
quarries, using Gaofen-2 images as the study data [36]. In 
order to solve the problem of low accuracy of CNN for 
open pit mining site recognition due to the small amount 
of training data, Cheng et  al. found that the migration 
learning method of freezing the bottom parameters of 
the CNN pre-training model network and fine-tuning 
the top parameters had the best training effect through 
comparative experiments [37]. Zhang et  al. improved a 
fully convolutional neural network based on dense con-
nections and trained an open-pit mining area extraction 
model for multi-source remote sensing data to finally 
achieve fully automatic extraction of open-pit mining 
areas in Tongling area [38].

From the above study we noted that there are not 
many studies based on deep learning technology in 
remote sensing image extraction of open-pit coal mines. 
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Moreover, the traditional identification methods are 
mainly used, but the traditional remote sensing automatic 
extraction methods have problems such as low accuracy, 
poor generalization, low efficiency, longer training dura-
tions, and automation [4]. We believe, the use of modern 
cloud technology, which has been relatively unexplored 
for remote sensing, can help to store the huge amount of 
images and train the model quickly; therefore, reducing 
the overall model latencies and execution times.

Materials and methods
Materials
Study area
The study area of this paper is Xuejiawa Township and 
several adjacent areas. The study area is located in north-
central Xinzhou City, Shanxi Province, with a latitude 
and longitude range of 112°20′45″~112°41′30″E and 
38°56′48″~39°08′46″N (Figure  1). The Xuejiawa Town-
ship is a high mountainous and cold dry area with large 
temperature differences, with an average annual tem-
perature of 6.2°C and an average annual precipitation 
of 470-770 mm [39]. The unique geological conditions 
of the study area make it exceptionally rich in mineral 
resources. The main mineral species are coal and alu-
mina, and there are also iron, manganese, limestone and 
other minerals. The main components of the coal field 
are mostly Carboniferous and Jurassic coal, and the coal 
reserves are rich in coal with good low ash, low wrestling, 
and high calorific value, and shallow burial, easy to mine, 
and mostly open-pit mining [40].

Dataset description
The research data for this paper were obtained from 
the ESA’s Copernicus Data Centre, which provides free 
access to Sentinel-2 data. The Sentinel-2 consists of two 
satellites (A and B), launched in June 2015 and March 
2017, respectively. Both satellites carry the Multi-Spectral 
Imager (MSI) with 13 spectral bands that provide images 
of vegetation, soil and water cover, inland waterways and 
coastal areas, and can also be used for emergency relief 
services. Among the optical data, the Sentinel-2 data 
is the only one containing three bands in the red-edge 
range, which is very effective for monitoring vegetation 
health information. The spatial resolution is increased to 
10 and 20 meters in the visible and near-infrared bands. 
One satellite has a revisit period of 10 days, and two com-
plementary satellites have a revisit period of 5 days. We 
used 10-m resolution Sentinel-2 LA data in bands 2, 3, 
4, and 8. the L2A-level data contain mainly radiometric-
calibrated and atmospherically corrected atmospheric 
bottom reflectance data. We downloaded 2018 Sentinel-2 
images of the study area with less than 1% image cloud 
coverage.

Dataset processing
Figure  2 outlines the steps to prepare the dataset. We 
download Sentinel-2 satellite images of the study area at 
the ESA Copernicus Data Centre, selecting images with 
less cloud coverage. The downloaded satellite images 
have 13 bands, and three datasets were produced using 
the red, green, blue and near-infrared bands to determine 

Fig. 1 A brief description of the study area



Page 5 of 15Liu and Zhang  Journal of Cloud Computing           (2023) 12:32  

which band combination was more suitable for the 
extraction of open-pit coal mines. The first dataset was 
formed by synthesizing the red, green and blue bands, 
the second by synthesizing the red, green and NIR bands, 
and the third using the NIR, red, green and blue bands. 
Then, the mining area was vectorized using Google Earth 
high-resolution remote sensing image as a reference and 
converted to a raster file in the same format as the sat-
ellite image, and the format used in this paper is TIFF. 
The Sentinel-2 images and shp files in the dataset have 
been projected according to the same coordinate system, 
ensuring that the mining areas correspond to the labels. 
The satellite image and label image are cropped according 
to the shp file of the administrative area, so that the area 
covered by the label image is obtained to be the same as 
the cropped satellite image. Finally, the cropped satellite 
image and label image slices are input to the model.

Methods and techniques
The CNN Model
Convolutional Neural Network is a deep feed-forward 
artificial neural network, which has been widely used in 
the field of image recognition due to its local perception 
and weight sharing [41]. The CNN mainly consists of an 
input layer, convolutional layer, activation layer, pooling 
layer, and a fully connected layer.

In a CNN network model that processes images, the 
input layer is generally a four-dimensional matrix. The 
first dimension is the number of input images, and the 
other three-dimensional matrices represent one image. 
Note that the three-dimensional matrices represent the 

number of color channels, the length, and width of the 
image, respectively. This relationship is mathematically 
described in Eq. 1.

The convolutional layer is the core layer for building 
the CNN model. The convolutional layer consists of a set 
of filters, which can be considered as a two-dimensional 
numerical matrix, and usually convolution helps us to 
extract image features. The two-dimensional convolution 
formula is as follows in Eq. 2:

where X represents the input image, W is the core fil-
ter, the number of rows and columns of X are mr and mc , 
respectively, and the number of rows and columns of W 
are nr and nc , respectively. And i, j satisfy the condition 
0 < i < mr + nr − 1 , 0 ≤ j < mc + nc − 1.

The activation layer is a nonlinear mapping of the 
convolutional layer output. The commonly used and 
well-known activation functions are Sigmoid, Tanh, 
and ReLU. The principle of the Sigmoid activation 
function is to map a real number to the interval (0, 1). 
The Sigmoid activation function is formulated as fol-
lows in Eq. 3.

The Tanh is also a very common activation function. 
Compared to the sigmoid, its output has a mean value 
of zero, making it converge faster than the sigmoid and, 

(1)inputsize(N,Cin, H,W)

(2)s
�

i, j
�

= (X ∗ W)
�

i, j
�

=
∑mr−1

m=0

∑mc−1

n=0
x(i +m, j + n)w(m, n)

(3)sigmod(x) =
1

1+ ex
∈ (0, 1)

Fig. 2 Data preprocessing and various steps
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therefore, reducing the total number of iterations. The 
Tanh activation function is mathematically expressed as 
given in Eq. 4.

The ReLU activation function is the most commonly 
used activation function in deep learning. It can effec-
tively solve the problem of gradient disappearance. The 
principle of ReLU activation function is to keep the posi-
tive numbers and change the negative part to 0 [42]. The 
formula of ReLU activation function is as follows in Eq. 5.

Usually, a pooling layer is inserted periodically between 
successive convolutional layers. It is used to gradually 
reduce the spatial size of the data body, so that the num-
ber of parameters in the network can be reduced, making 
the computational resources consumed less, and can also 
effectively control overfitting, the common pooling layer 
methods are Max pooling and average pooling.

Maximum pooling is taking the maximum value for a 
local, which is mathematically defined by the following 
Eq. 6.

where k denotes the kth feature map, Rij denotes the 
rectangular region, i and j denote the number of ranks 
in the rectangular region, and xk(p,q) denotes the element 
located at (p,q) in the rectangular region Rij.

The averaging pooling is the process of averaging over 
local values and is defined by the following Eq. 7.

where k denotes the kth feature map, Rij denotes the 
rectangular region, i × j is the number of elements in 
the rectangular region, and xk(p,q) denotes the elements 
located at (p,q) in the rectangular region Rij.

After multiple rounds of convolutional and pooling layers, 
the final classification result is generally given by the fully 
connected layer at the end of the CNN. While operations 
such as convolution, pooling and activation function layers 
map the original data to the hidden feature space, the fully 
connected layer serves to map the learned "distributed fea-
ture representation" to the sample labeling space.

Dense block and its architecture
DenseNet was proposed by Huang et al. The model bor-
rows the idea of ResNet, both contain jump connection 

(4)tanh(x) =
1− e−2x

1+ e−2x
∈ (−1, 1)

(5)relu(x) = max(x, 0) =
x, x ≥ 0
0, x < 0

∈ [0, +∞)

(6)
ykRij= max

(p,q)∈Rij

xk(p,q)

(7)ykRij=

1

i × j

∑

(p,q)∈Rij

xk(p,q)

structure, the difference is that in ResNet the layers and 
layers are summation of elements, in Densenet the lay-
ers and layers are concatenated in dimension, so its net-
work structure is completely new. The most important 
contribution of DenseNet is the tightly connected CNN, 
which uses a large number of Dense Blocks (Figure 3) in 
the network. Any two layers in this neural network are 
directly connected, meaning that the input of each layer 
in the network is the concatenation of the output of all 
the previous layers, and the features learned in this layer 
are directly passed to all the later layers as input.

Suppose the input is an image X0 , which passes through 
an L-layer neural network, where the nonlinear transfor-
mation of layer i is denoted as Hi(*), and Hi(*) can be the 
accumulation of various function operations such as BN, 
ReLU, Pooling or Conv. The feature output of the  ith layer 
is denoted as Xi , which is mathematically expressed as 
shown in the following Eq. 8.

where [] stands for concatenation, which is the over-
lay of all output feature maps from X0 to Xi−1 layers by 
Channel.

Channel attention module
The channel attention structure is shown in Figure  4, 
and the formula is shown in (2). Input feature F of size 
H×W×T, where H and W represent the length and 
width of the input feature, respectively, and T repre-
sents the number of channels. First, global average pool-
ing and global max pooling are performed on the input 
feature layer, respectively, to compress the input fea-
tures into a size of 1×1×T. Secondly, through the two-
layer full connection of reducing the number of channels 

(8)Xi = Hi([X0,X1, · · · ,Xi−1])

Fig. 3 The dense Block and its structure
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and restoring the number of channels, the results of the 
two full connections are added element-wise to obtain 
1 × 1 × T features. Perform a sigmoid operation on the 
obtained features, so that the weight of each feature point 
is between 0-1, and obtain the weight coefficient of each 
channel. Finally, the obtained weight coefficients are mul-
tiplied by the corresponding input features to realize the 
weighted distribution of features in different channels. 
The entire process is expressed mathematically using 
Eq. 9.

The proposed AD‑Net model
Based on the existing knowledge, we constructed AD-
Net (Figure 5), a lightweight densely connected network, 
to realize the extraction of open-pit coal mines. First, 
we use a two-layer convolutional network to extract fea-
tures, and second, we replace the convolutional layers 
with a dense block, in which six layers of convolution are 
designed, and the input of each layer is a concatenation of 
the outputs of all previous layers, and the output of each 

(9)MC (F ) = Sigmoid(MLP
(

AvgPool(F )
)

+MLP(MaxPool(F )))

layer is a determined number of channels. Such a design 
number alleviates the problem of gradient disappearance, 
enhances the propagation of features, greatly reduces the 
number of parameters, has a regularization effect, and 
reduces overfitting even on a smaller training set. Finally, 
after the feature extraction network, a channel attention 
module is introduced, which makes the convolutional 
neural network pay more attention to the information of 
each channel.

Loss function and evaluation metrics
The loss function is usually used to measure the goodness 
of the model prediction, and the model can be solved and 
evaluated by minimizing the loss function. The Cross 
Entropy Loss Function is a commonly used loss func-
tion, in the case of binary classification, the model finally 
needs to predict the results of only two cases, for each 
category our prediction to get the probability of p and 
1-p, binary classification of CE Loss formula is as follows 
in Eq. 10.

(10)
L =

1

N

∑

i − [yi · log (pi)+ (1− yi) · log(1− pi)]

Fig. 4 Channel attention and its model architecture

Fig. 5 The proposed AD-Net deep learning architecture
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where N denotes the number of samples, yi denotes 
the label of sample i, positive class is 1, negative class is 0, 
and pi denotes the probability that sample i is predicted 
to be a positive class.

Evaluation metrics are used to evaluate the accu-
racy of the semantic segmentation model. The com-
monly used evaluation metrics are Precision, Recall, 
F1-Score, OA and Kappa. In all formulas, "TP" is read 
as true positive, showing correctly identified open-pit 
coal mine pixels, "FP" is read as false positive, showing 
incorrectly identified open-pit coal mine pixels, "TN 
" is read as true negative, showing correctly identi-
fied surface coal mine pixels rejected, and "FN" is read 
as false negative, which means incorrect surface coal 
mine pixels are rejected.

Precision
The number of correct predictions as a percentage 
of the total number of positive predictions is known 
as precision. This metric can be computed using the 
rate of true positive (TP) and false positive (FP) as 
given in Eq. 11.

Recall
The number of positive classes predicted to be correct for 
all data marked as positive. The Recall metric is computed 
using the ratio of true positive and false negative as given 
in Eq. 12.

F1‑Score
This metric is a statistical measure of the accuracy of a 
binary classification model, defined as the summed aver-
age of precision and recall. The F1-Score can be com-
puted using the formula as illustrated in Eq. 13.

OA (Overall Accuracy)
The ratio of the number of correctly classified samples 
to the number of all samples is denoted as the over-
all accuracy. The overall accuracy metric is computed 
using the formula given in Eq. 14.

(11)Precision =
TP

TP+ FP

(12)Recall =
TP

TP+ FN

(13)F1− score =
2× Precision × Recall

Precision + Recall

(14)OA =
TP+ TN

TP+ FP+ TN + FN

Kappa (Kappa Coefficient)
The Kappa Coefficient is an indicator which is used for 
consistency testing, for classification problems is to test 
whether the model prediction results and the actual 
classification results are consistent. The Kappa Coeffi-
cient is computed using the formula stated in Eq. 15.

where P0 is the sum of the number of correctly clas-
sified samples in each category divided by the total 
number of samples, which is, in fact, the OA metric as 
described above.

Assuming that the number of real samples in each 
category is a1, a2, · · · , ac , and the number of pre-
dicted samples in each category is b1, b2, · · · , bc , 
and the total number of samples is n, then we have: 
Pe =

a1×b1+a2×b2+···ac×bc
n×n

Edge‑cloud for distributed CNN model
The edge cloud platform is used to implement various 
phases of the smart application as shown in Figure  6. 
The edge platform is responsible to preprocess the col-
lected data and then send it for storage and training 
purposes to the remote cloud. Figure  7 discuss how 
the two important modules of the smart application 
i.e. channel attention module and the space attention 
module are implemented over the edge-cloud infra-
structure so that the data can be process locally and 
only essential data is used for training purposes. This 
can help in reducing the training time and the applica-
tion latency. The prediction happens at the edge nodes 
while the model training occurs at the remote cloud in 
a distributed AI fashion. In fact, the entire application 
is designed in two different modules i.e. model train-
ing and model prediction. Both modules communi-
cate with each other while the training happens at the 
remote cloud due to the huge amount of images and 
their characteristics. Similarly, the prediction module 
is running on the edge node and use the trained model 
to get outcomes. Despite this, the edge node can also 
implement some sort of data aggregation and pre-pro-
cessing method that enables to remove redundant data 
and sends only important data to the remote cloud.

Results and discussion
All experiments in this study were implemented using 
the TensorFlow (version 2.8.0) framework on a GeForce 
RTX 3090 server with 24 GB of memory and Windows 10 
as the operating system. For each dataset, the non-min-
ing pixels were larger than the mining pixels, and to bal-
ance the positive and negative samples, an equal number 
of negative samples were selected based on the positive 

(15)K =
P0 − Pe

1− Pe
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sample pixels, and the training The ratio of the training 
set to the validation set is 6:4. To achieve the best accu-
racy of the model, various experiments are conducted on 
the model, which are divided into two main parts:

Part I: The optimal slice size of the input data and the 
optimal optimizer of the model are determined.
Part II: The optimal model is compared with the 
advanced CNN and RNN models, and Recall, Preci-
sion, F1, OA, and kappa are used as evaluation metrics.

Slice experiments
The slice size of the input network has an impact on the 
training results, because the image features vary depend-
ing on the image scale. The larger the image is, the more 
texture and contextual information it has, and the more 
important features it can capture. In addition, some dis-
criminative features are better obtained when the image 
becomes larger. However, when the size becomes large 
enough, the classification performance may no longer 
improve or even decrease, and the computational effort 

Fig. 6 The proposed edge-cloud deep learning architecture

Fig. 7 An edge-cloud platform for distributed AI
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becomes much larger accordingly. The size of Sentinel-2 
images and shp files in this experimental study area is 
3001×2205, which were cut into slices of 9×9, 17×17, 
and 33×33 sizes, respectively. Tables 1, 2, and 3 show the 
evaluation results of AD-Net based on three datasets, 
including Recall, Precision, F1-Score, OA, and Kappa.

In this experiment, the input sizes were sliced in inter-
vals of two times minus one for the three datasets start-
ing from 9 × 9. In all three datasets, 17 × 17 provided 
the highest Kappa relative to the other slice sizes. over-
all, the Kappa first increased and then decreased as the 
slice size increased, and the Precision and F1-score of 9 
× 9, 17 × 17, and 33 × 33 were all around 0.9, and the 
OA of all 12 experiments was above 0.9, indicating that 
they all extracted well open pit coal mine. However, from 
the kappa coefficient, only 17×17 exceeded 0.9, and its 
Recall, Precision, F1 and OA were basically higher than 
the other slice size evaluation results, so the slice size of 
17×17 was selected for the follow-up study and analysis.

Experimental parameters
After calculating the loss value of the model using the 
loss function, the loss value needs to be used to optimize 
the model parameters. The internal parameters of the 
model affect the model training, as well as, the training 

results, so we need to use various optimization strate-
gies and algorithms to update and calculate the network 
parameters that affect the model training and model out-
put to approximate or reach the optimal values. The SGD, 
AdaGrad, RMSprop, and Adma were tested on three dif-
ferent datasets. The following tables 4, 5, and 6 show the 
evaluation metrics of different optimization functions 
based on the three datasets, including the Recall, Preci-
sion, F1-Score, OA and the Kappa key performance indi-
cators (KPIs).

Comparing Tables  4, 5, and 6, the model with the 
Adam optimizer outperforms all the optimizers in the 
same table, and it performs better on all three data sets. 
In Dataset 1, comparing OA and Kappa values from four 
experiments, AdaGrad performed the worst among the 
four optimizers, with Adma exceeding AdaGrad by 2 .5% 
and 5.3%, RMSprop by 2.4% and 4.8%, and SGD by 0.06% 
and 1.2%. In dataset 2, Adma’s OA and Kappa values 
exceeded AdaGrad by 1.5% and 3.1%, exceeded RMSprop 
by 1.0% and 2.2%, and exceeded SGD by 0.2% and 0.4%. 
From the experiments of dataset 1 and dataset 2, it can 
be seen that SGD performs second only to Adma, and the 

Table 1 Evaluation of the proposed model with the different 
slice sizes on dataset 1

Slice size Recall Precision F1‑Score OA Kappa

9 × 9 0.975 0.897 0.934 0.931 0.861

17 × 17 0.934 0.958 0.946 0.947 0.908
33 × 33 0.974 0.914 0.943 0.941 0.881

Table 2 Evaluation of the proposed model with the different 
slice sizes on dataset 2

Slice size Recall Precision F1‑Score OA Kappa

9 × 9 0.959 0.927 0.942 0.941 0.882

17 × 17 0.967 0.937 0.952 0.951 0.902
33 × 33 0.931 0.945 0.938 0.934 0.889

Table 3 Evaluation of the proposed model with the different 
slice sizes on dataset 3

Slice size Recall Precision F1‑Score OA Kappa

9 × 9 0.937 0.947 0.942 0.942 0.885

17 × 17 0.943 0.961 0.952 0.952 0.905
33 × 33 0.886 0.964 0.923 0.927 0.898

Table 4 Evaluation of the proposed model with the different 
optimizer on dataset 1

Slice size Recall Precision F1‑Score OA Kappa

SGD 0.949 0.953 0.951 0.951 0.902

AdaGrad 0.968 0.907 0.936 0.934 0.867

RMSprop 0.904 0.963 0.933 0.935 0.871

Adma 0.970 0.945 0.957 0.957 0.913

Table 5 Evaluation of the proposed model with the different 
optimizer on dataset 2

Slice size Recall Precision F1‑Score OA Kappa

SGD 0.970 0.948 0.959 0.958 0.916

AdaGrad 0.958 0.936 0.947 0.946 0.892

RMSprop 0.944 0.956 0.950 0.950 0.900

Adma 0.986 0.938 0.961 0.960 0.920

Table 6 Evaluation of the proposed model with the different 
optimizer on dataset 3

Slice size Recall Precision F1‑Score OA Kappa

SGD 0.987 0.935 0.960 0.959 0.918

AdaGrad 0.927 0.953 0.940 0.941 0.882

RMSprop 0.974 0.938 0.955 0.955 0.909

Adma 0.953 0.964 0.959 0.959 0.918
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difference is not large. In dataset 3, the OA and Kappa 
values of both reach the same, but Adma is faster, so the 
Adma optimizer is chosen for subsequent research and 
analysis.

Comparison of different CNN models
The optimal slice and the optimal optimizer were selected 
based on the slice experiment and the parameter experi-
ment, in addition to comparing the OA and Kappa values 
of the three datasets with the same slice size and the same 
optimizer respectively, it is easy to see that the experi-
mental results on dataset 3 are better than the other two 
datasets. This implies that the combination of NIR, red, 
green and blue bands is more suitable for the extraction 
of open pit coal mines in 10 m spatial resolution satellite 
images. The results are shown in Figure 8.

To further validate the model accuracy, we used other 
classical convolutional neural networks to compare with 
the proposed model. All these models were trained on 
dataset 3 and their performance was recorded.

Table 7 shows the Recall, Precision, F1-Score, OA and 
Kappa of the proposed model with the classical classifi-
cation model on each dataset 3. Figure 8 visually shows 
that the proposed model outperforms all other com-
parative algorithms, and it can be seen that AD-Net has 
significantly better accuracy than AlexNet, VGG-16, 
GoogLeNet, Xceptio and ResNet50 with a significant 
improvement in accuracy, and although the improvement 
in accuracy over DenseNet121 is not significant, the pro-
cessing speed is much faster than DenseNet121 because 
of the relatively simple model structure.

The predicted results are continuous probability 
values and not a binary map of 0 or 1. By using GIS 

software and setting a suitable threshold, the probabil-
ity values can be binarized. The threshold values were 
set to 0.7, 0.8 and 0.9 for comparison, and the experi-
ments proved that 0.8 gave better results. In general, 
most of the surface coal mines can be predicted well 
and the boundaries are more accurate with strong con-
tinuity. However, there are some errors in the predic-
tion results. As shown in Figure 9, certain features with 
similar characteristics to the open-pit mines are also 
split out, or certain open-pit mines with insignificant 
characteristics are missed.

The goodness of the extraction results depends largely 
on the quantity and quality of the dataset. To improve the 
detection accuracy, some image pre-processing methods 
such as de-blurring can be added and the number of such 
training samples can be increased to improve the detec-
tion accuracy. In the future, we would like to refine the 
task of extracting open pit coal mines to extract more 
information from the images, such as mining sites, dis-
charge sites and side gangs.

Fig. 8 Comparing the Precision, OA, and Kappa metrics of the models and the proposed model on dataset 3

Table 7 Evaluation of the models and the proposed model on 
dataset 3

Net Recall Precision F1‑Score OA Kappa

VGG-16 0.470 0.991 0.638 0.733 0.503

AlexNet 0.997 0.817 0.898 0.887 0.766

GoogLeNet 0.973 0.904 0.034 0.912 0.824

ResNet50 0.927 0.959 0.942 0.943 0.887

Xception 0.983 0.913 0.947 0.945 0.889

DenseNet121 0.975 0.926 0.950 0.949 0.896

AD-Net 0.953 0.964 0.959 0.959 0.918
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Results of AD‑Net model over the edge‑cloud setup
The two small edge centers (edge nodes) and one big 
datacenter (remote cloud) depicted in the above Fig-
ure 6 were assumed to be used for running and execut-
ing various modules of the proposed AD-Net system. 
The iFogSim simulator was used to mimic the infra-
structure [43]. Each edge center has a single com-
puter, while the datacenter has ten identically-designed 
machines with the same specifications as listed in 

Table  8 below. Note that the ECU is related to the 
cloud notion (elastic compute unit) and is computed 
through multiplying the CPU speed (GHz) with the 
total number of cores. A network with a 1GB/s con-
nection capacity connects the datacenter to the edges 
[44]. Additionally, we assume that all servers are virtu-
alized and that the same servers are hosting a variety 
of virtual machines, as shown in Table 8. The AD-Net-
Cloud application modules then execute within the vir-
tual computers. Furthermore, it is anticipated that all 
services would utilize the computing resources they are 
given in a regularly distributed fashion. We also assume 
that each AD-Net module use the location or resource 
that was first assigned to it. Different metrics such as 
model training durations, model prediction times, 
RMSE, and the MAPE indicators were used to measure 
the accuracy and performance of the proposed AD-Net 
model against the closest rivals (i.e. CNN and RNN) 
over the edge-cloud environment.

The results, in terms of model training and prediction 
times, which we obtained on the above setup are shown 
in Table  9 and Figure  10. We observed a significant 
decrease (approximately 23.6% to 28.1%) in the model 
prediction when using the edge node. Similarly, we also 
noted an approximate improvement of 12.8% to 16.4% 
in the model training time. This should be noted that the 
prediction time is proportional to the amount of images 
that are stored on the remote cloud. Therefore, this may 
variate significantly due to images, sizes, numbers, and 
even the amount computational resources of the cloud 
infrastructure.

The results for various models against the proposed 
AD-Net scheme, in terms of accuracy (RMSE and 
MAPE), are shown in Figure  11. The mean absolute 
percentage error is referred to as the MAPE factor. The 
MAPE metric is the typical multiplicative relationship 
amongst each calculated average of mean value and 
the predicted value of result that was observed. The 
root mean squared error, or RMSE, is another name 
for statistical measure i.e. standard deviation. We can 
observe that the overall impact of the accuracy when 
using the cloud over the edge cloud is similar. Albeit, 
for the AD-Net model there is a significant increase 
in the MAPE value for the edge-cloud; however, we 

Fig. 9 The first column is the original image, the second column is 
the ground true data, and the third column is the proposed model 
extraction result

Table 8 Characteristics of machines used for simulated edge-
cloud setup

CPU model Speed 
(GHz)

Cores ECUs Memory 
(GB)

Storage (TB)

Servers
 E5645 2.400 12 18.8 32 8

Virtual Machines
 t1.tiny 800 MIPS 1 1 0.6 650 MB

 t2.micro 1200 MIPS 1 1 0. 613 1 GB

Table 9 Experimental results for model training and prediction using cloud and edge-cloud setup

CLOUD EDGE‑CLOUD

Training time (s) Prediction time (s) Training time (s) Prediction time (s)

CNN 10,543.6 4598.34 8451.6 1297.12

RNN 10,751.5 4384.4 8341.66 1188.3

U-net 10,734.95 4381.64 8344.01 1131.53
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also observed a decrease for the CNN model. Also, the 
RMSE values for all methods are similar on both setup; 
however, the MAPE values are quite different and 
show significant improvements. In general, the model 
training is more accurate on the cloud resources while 
the model prediction is latency-efficient of the edge 
infrastructure. Compared to CNN and RNN, the pro-
posed AD-Net model is more accurate both in training 
and prediction modules.

Conclusions and future work
In this paper, three datasets are created for the task of 
extracting open-pit coal mines in Sentinel-2 images, 
using north-central Xinzhou City, Shanxi Province as 
the study area. A lightweight dense connection model, 
AD-Net, based on CNN and DenseNet, is proposed. 
For this model, the optimal slice size and optimizer 
were determined by extensive experiments. To better 
extract open-air coal mines from Sentinel-2 data, the 

Fig. 10 Model training and prediction times using cloud and edge-cloud platform across various deep learning methods

Fig. 11 Accuracy of various deep learning methods using cloud and edge-cloud platforms
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optimal combination of Sentinel-2 satellite bands is 
investigated, and NIR, red, green and blue band synthe-
sis is found to be superior to red, green and blue band 
synthesis and NIR, red and green band synthesis. The 
proposed model is compared with other CNN models, 
including AlexNet, VGG-16, GoogLeNet, Xception, 
ResNet50, and DenseNet121. The experimental results 
show that the Recall, Precision, and F1-score of AD-
Net are better than the other compared models, and 
the proposed model can extract open-air coal mines 
quickly and accurately.

To improve the detection accuracy, some image 
pre-processing methods such as de-blurring can be 
added and the number of such training samples can 
be increased to improve the detection accuracy. In 
the future, we would like to refine the task of extract-
ing open pit coal mines to extract more information 
from the images, such as mining sites, discharge sites 
and side gangs. Similarly, we will also investigate the 
impacts of various network activation functions over 
the achieved results and findings. We will investigate 
some data pre-processing methods that can reduce the 
redundancy of collected data so that only important 
data is stored and used for the training purpose. This 
will significantly reduce the model training and pre-
diction durations. Furthermore, it will reduce the net-
work traffic that will subsequently improve the network 
performance.
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