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Abstract: To ensure the proper adoption of new technologies in identifying the potential geologic hazard 
on tourist routes, convolutional neural network (CNN) technology is applied in the radar image geologic 
hazard information extraction. A scientific and practical geologic hazard radar identification model is 
built, which is based on CNN’s image identification and big data algorithm calculation, and it can 
effectively improve the geologic hazard identification accuracy. By designing experiments, the geologic 
hazard radar image data are verified, and the practicality of radar image intelligent Identification under 
CNN and big data technology is also verified. The results show that the images of different resolution 
sizes all play a significant role in identification of geologic hazard performed by CNN. However, there 
are differences in the performance of different CNN models. With the continuous increase of training 
samples, the identification accuracy of various network models is also improved. By means of radar 
image test, the identification capability of CNN model is the best, the highest precision is 93.61%, and 
the geologic hazard recall rate is 98.27%. Apriori algorithm is introduced into data processing, and the 
running speed and efficiency of identification models are improved, with favorable identification effect 
in variable data sets. This research can provide theoretical ideas and practical value for the development 
of potential geologic hazard identification on tourist routes. 
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1. Introduction 

With the development of economic society, tourism has gradually become a hot industry. It is a 
comprehensive and diversified industrial collection, which plays an important role in economic and 
social development [1]. Many tourist sites are located in the mountains, rocks, and other complex terrain, 
which often leads to the occurrence of geologic hazard [2]. The geologic hazard is an event that occurs 
on the surface of the earth and mainly depends on the movement of rocks [3]. The occurrence of geologic 
hazard is often due to the destruction of nature by humans, which breaks the original ecological balance. 
It not only affects the safety of life and property, but also causes irreversible damage to the human living 
environment [4]. Common geologic hazards include collapse, landslide, mudslide, ground subsidence, 
ground fissure, and ground subsidence, which all pose a serious threat to life and property [5]. Geologic 
hazard will not only bring immeasurable losses to a country or individual’s economy, it will also greatly 
destroy people’s living conditions and stability. Therefore, the prevention of geologic hazard has become 
an issue of increasing concern [6]. The most advanced technology should be adopted to establish 
corresponding technical measures, and geologic hazard emergencies should be prevented efficiently and 
timely, so that people can avoid the losses caused by geologic hazard [7]. For the prevention and 
treatment of geologic hazard, it doesn’t just refer to simple preventive prediction or engineering 
governance, and how to use radar data to analyze potential geologic hazard is an important protective 
measure for protecting people’s life and property [8]. Therefore, it is very meaningful to adopt big data 
and deep learning technology to build a geologic hazard model. 

With the continuous development of deep learning technology in recent years, more and more 
practical problems have been solved. In deep learning, there is a CNN that is widely used in model 
building, especially in the field of image identification [9]. At first, it was only used in natural image 
identification, which got good identification results [10]. With the continuous progress of radar 
technology, the spatial resolution of radar images is getting closer and closer to natural pictures. Through 
geometric correction, radiometric calibration, and red, green, and blue (RGB) band image combination, 
the images are also similar to natural pictures in terms of deformation and color. Therefore, CNN 
technology has also achieved good results in interpretation of radar image [11]. Zhou et al. (2016) [12] 
developed many convolutional neural radar image classifiers, such as Softmax regression model and 



support vector machine. Shen et al. (2019) [13] adopted the multi-level semantics extracted via CNN, 
which had strong generalization ability and good expression effect, and was significantly better than 
other hand-designed features. Can et al. (2019) [14] adopted Visual Geometry Group Network 16 and 
mobile Web-based Geographic Information Science as the basic model, and high performance was 
realized by choosing the best hyperparameters, with the highest precision of 94%. The establishment of 
the potential geologic hazard predication model is the most critical step for the smooth application of 
CNN technology, and its quality will directly affect the final identification effect [15]. It requires a large 
number of samples as a data basis, but for present, there are relatively few studies in this field [16]. 
Therefore, conducting research in this field is of important theoretical significance and practical 
application value. 

In geologic hazard monitoring, it is of great significance to find the changes of various geological 
conditions and other factors in various geographical environments in time, and make efficient, fast, and 
safe judgments. Then, preventive measures can be conducted in time to avoid geologic hazard accidents 
and protect the safety of people’s lives and properties. The historical data and monitoring information 
obtained from the geologic hazard monitoring database can reasonably and accurately analyze the 
reasons for the change. Moreover, high-quality, high-level research theoretical methods should be applied 
for exploring potentially valuable spatial knowledge from multiple visions, which can provide decision 
support for China’s Geological Bureau and various relevant departments. 
 

2. Materials and Methods 
 

2.1 Traditional geologic hazard model 
The geologic hazard model was originally based on statistical modeling of data collected from man-

made trips or weather stations. The system includes sensors, transmission, monitoring, calculation, and 
display modules, among which sensors can obtain real-time geological environmental data. Transmission 
module is for transmitting the acquired geological environment data to the monitoring module through 
the network. Monitoring module is for receiving the geological environment data output by the 
transmission module, and converting the environmental data into the identification format of the 
calculation module, which are then output to the calculation module. Calculation module is for 
calculating the environmental data and obtaining geological environmental results, which output the 
geological environment result to the display module. The display module outputs the geological 
environment results, and outputs two-dimensional and three-dimensional result maps that characterize 
the geological environment based on the geological environment results [17]. The specific process is 
shown in Figure 1. 
 

 
Figure. 1 Traditional geologic hazard identification model. 

 

The traditional geologic hazard identification model is based on manual field investigation and 
survey. Although this manual operation method is easier to obtain the actual and accurate data 
information of the survey area, yet it requires a lot of manpower and material resources, and the real-
time performance is low. Moreover, the life of investigators can’t be guaranteed, and it is quite dangerous. 
Manual surveys can’t be carried out smoothly in some areas where traffic is severely blocked and difficult 
to reach [18]. In this dilemma, radar detection technology, which is with the characteristics of fast data 
information acquisition, short period, easy operation, massive information, and less restricted conditions, 
has become a new survey approach [19]. The image enhancement can effectively improve the definition 
of the image, which is beneficial to obtain the useful data in the image. It can effectively improve the 
contrast of captured images at night and reduce interference noise in the image. Moreover, it can 
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effectively solve the image degradation and fogging phenomenon caused by the interference of 
atmospheric scattering under severe weather such as fog and heavy rain [20]. 
 

2.2 CNN 

CNN is a feedforward neural network, whose artificial neuron can respond to a part of the 
surrounding cells in the coverage area. It is composed of one or more convolutional layers and a fully 
connected layer at the top, which also includes the associated weight and pooling layer. In Figure 2, this 
structure enables the CNN to adopt the two-dimensional structure of the input data. Compared with other 
deep learning structures, CNN can get better results in image identification, which can also be trained by 
back-propagation algorithms. CNN is mainly divided into input layer, output layer, and hidden layer. The 
hidden layer includes convolutional layer, pooling layer, and fully connected layer, among which the 
hidden layer is the most important. 
 

 
Figure. 2 Schematic diagram of CNN structure. 

 

The main function of input layer of CNN is preprocessing the original radar image data (Figure 3), 
which includes de-averaging and normalization. De-averaging: for features of each training image, the 
feature average of all training data is subtracted, then the centers of all training samples are at the origin 
of coordinates. Normalization: after processing, the features of all dimensions of the data are in the same 
range of change, and the deviation caused by the different value ranges is reduced. For example, the 
range of feature A is 0 to 100, and the range of feature B is 0 to 100,000, it is wrong to use them directly 
without any treatment. At this time, it is necessary to normalize the data of A and B to the range of 0 to 
1. PCA/whitening: PCA dimensionality reduction means reducing the correlation between input data. 
Whitening is similar to normalization, that is, processing the variation range of data features in each 
dimension into the same interval. The structure and working mechanism of the CNN output layer are the 
same as the output layer in the traditional feedforward neural network. For image classification, the 
output layer adopts a logistic function or a normalized exponential function to output category labels. In 
the object identification, the output layer can output the center coordinates, size, and category of the 
target object. In image semantic segmentation, the output layer directly outputs the classification result 
of each pixel. 
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Figure. 3 Schematic diagram of data pre-processing in CNN input layer. 

 

The convolutional layer extracts features from the input data, and the convolutional layer is the most 
important part of the CNN. Compared with ordinary neural networks, the input layer and hidden layer 
are designed as “fully connected layers”. The convolutional layer restricts the connections between 
neurons and input data, that is, each neuron only connects a small part of the input image. Since the 
neurons of the convolutional layer are also three-dimensional, they also have depth. The convolutional 
layer parameters include a series of filters, each of which trains one depth, and there are several filter 
output units that have as much depth. The input unit size is 128×128×3, and the output unit depth is 5. 
For the same site with different depths of the output unit, the area connected to the input picture is the 
same, but the parameter filter is different. The calculation of the convolutional layer is as follows. 

1( )i i

i i
C f C W b                               (1) 

In equation (1), Ci represents the feature map of the ith layer, Wi and bi represent the weight and 
bias vector of the ith layer, respectively. * represent the convolution operation of the convolution kernel 
and the input image, and f represents the activation function. The commonly used activation function is 
ReLu function, and its expression is as follows. 
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0,  0

x x
f x
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                               (2) 

The pooling layer is located between the convolutional layers, and its main function is compressing 
the input data and parameters to prevent overfitting. In short, if the input is an image, then the main 
function of the pooling layer is compressing the image, as shown in Figure 4. The calculation of the 
pooling layer is as follows. 

1( )iHi p H                                 (3) 
In equation (3), Hi represents the output of the ith layer, and p represents the pooling function. The 

purpose of the fully connected layer is mapping the features learned through multiple convolutions and 
pooling to the label space of the sample, whose function is the same as the hidden layer in the traditional 
feedforward neural network that all neurons between the two layers have weight connection. It can 
convert the two-dimensional feature map output by the convolution into a one-dimensional vector, and 
pass it to the output layer through the excitation function for final classification. 
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Figure. 4 Schematic diagram of CNN pooling layer. 

 

To verify the advantages and disadvantages of the algorithm, the following neural networks are 
adopted for comparison. I: LeNet-5, it uses convolution, parameter sharing, pooling, and other operations 
to extract features, avoiding a lot of computational costs, and it finally uses a fully connected neural 
network for classification and identification [21]. II: AlexNet, it has 8 layers, including 5 layers of 
convolutional layers and 3 layers of fully connected layers, and finally the softmax layer with 1000 
neurons receives its output, corresponding to the distribution of 1,000 category labels [22]. III: VGGNet, 
it successfully builds a 16-19 layers CNN by repeatedly stacking a convolution kernel with the scale of 
3×3 and the maximum pooling layer with the scale of 2×2. It is proved that increasing the depth of the 
network can improve the final performance of the network to a certain extent, which also greatly reduces 
the error rate, and improves the generalization ability of the network [23]. IV: GoogLeNet, it adopts the 
concept of “Inception” module proposed in “Network in network”, which has 22 layers in depth, but its 
size is much smaller than AlexNet and VGG. GoogleNet has 5 million parameters, and when memory or 
computing resources are limited, GoogLeNet is a better choice [24]. V: ResNet, the idea of ResNet is 
very similar to that of Highway Network, which allows the original input information to be directly 
transmitted to the subsequent layers. The neural network of this layer can learn the residual of the 
previous network output instead of learning the entire output [25]. 
 

2.3 Big data calculation methods 
It is also crucial for the processing of geologic hazard data, and Apriori algorithm is chosen to be 

adopted. The algorithm first scans the transaction data sets when mining them. It counts each item set 
and compare it with the minimum support count set by the user. If the number of item sets is greater than 
the minimum support count, then the item sets are regarded as frequent item sets; but if it is smaller, it 
will be deleted. Then, the frequent item sets obtained from the first scan are self-connected to obtain 
candidate item sets, the transaction data set is scanned again, and the candidate item sets obtained by the 
connection are counted. If it is larger than the minimum support count, then the item set is regarded as a 
frequent item set, but if it is smaller, it will be deleted. This step will be repeated continuously until no 
k+1 candidate item set is generated, and the final kth item set is the final frequent k items set [26]. 

The algorithm has two key steps, namely the connection step and the pruning step. The connection 
step finds k frequent item sets and performs self-connection operations on them to generate new candidate 
frequent item sets. The pruning step scans the database first when mining frequent item sets, to determine 
that the count of each candidate in the candidate set is greater than or equal to the minimum support 
count. Then, frequent item sets are obtained. Finally, the frequent item set is determined according to the 
count of each candidate in the candidate set [27], and Figure 5 is the algorithm’s flow chart. 
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Figure. 5 Flow of Apriori algorithm. 

 

2.4 Data sources and training 

I: Data source. The radar data come from two remote sensing satellites Landsat 8 and Sentinel 1. 
The specific information is shown in Table 1. ENVI5.1 radar image processing software is adopted to 
preprocess the data of Data 1 and Data 2, as shown in Figure 6, the image resolution is 128×128. To 
enhance the model’s ability to identify disasters at different angles and directions, the image is rotated to 
different directions, thus creating a larger data set. 
 

 
Figure. 6 Sample radar data of Landsat 8 and Sentinel-1. 

 

Table. 1 Data source information of radar image. 
Category Landsat 8 OIL_TIRS+ Sentinel-1 

Data 1 Data 2 

Data identification LC81220362016246LGN00 LC81210362016207LGN00 

Strip number 122/36 121/36 

Database TDB

   Tid          Item

    10        A, C, D

    20        B, C, E

    30      A, B, C, E

    40           B,  E

 Itemset      sup

   A, C           2

   B, C           2

    B, E          2

    C, E          2

L2

 Itemset      sup

    A             2

    B             3

    C             3

    E             1

C1
 Itemset      sup

    A             2

    B             3

    C             3

    E             3

L1

   Itemset

   B, C, E

   Itemset     sup

   B, C, E      2

C3
L3

 Itemset      sup

   A, B           1

   A, C           2

    A, E          1

    B, E          2

C2
 Itemset    

   A, B      

   A, C          

    A, E          

    B, E          

C2

Scan Scan

Scan
Scan

Scan

Scan

2016/1

2017/12

RGB Landsat 8

Sentinel-1 Landsat 8+Sentinel-1



Date 2016-09-02 2016-07-25 

Average cloud cover 0.08 2.98 

Center latitude and longitude 116.55271, 34.61072 118.09952, 34.61094 

 

II: model training. Since the geologic hazard scene on the tourist route is very complex and the scale 
size distribution is unbalanced, and the CNN requires the input image size to be consistent, the size of 
the input sample resolution may have a certain impact on the final identification effect. Therefore, from 
the perspective of sample resolution, CNN can play the greatest role in the interpretation of geologic 
hazard radar. Giving that the scale problem of geologic hazard and the storage mechanism of the 
computer itself, the original samples are divided into five resolutions: 10×10, 50×50, 128×128, 256×256, 
and 512×512 according to the number of convolutions. According to the ratio of 7:3, the resampled 
samples are randomly divided into training set and validation set, as shown in Table 2. “0” represents 
non-geologic hazard, and “1” represents geologic hazard. 
 

Table. 2 Allocation table of training set and validation set. 
Training set Validation set 

0 1 0 1 

694 227 298 97 

 

2.5 Evaluation of model performance 

For application scenarios such as geologic hazard radar interpretation, it is hoped that the overall 
classification precision is high, and all geologic hazards should be identified as much as possible. Based 
on this, the four evaluation indicators of precision, recall rate, accuracy, and comprehensive evaluation 
are selected to evaluate the performance of the geologic hazard radar identification model [28], and the 
data performance evaluation indicators are operating efficiency and speedup. 
 

Table. 2 Classification of confusion matrix. 
Category Surface normal class Surface negative Total 

Predicted positive TP FP TP+FP 

Predicted negative FN TN FN+TN 

Total TP+FN FP+TN TP+FP+FN+TN 

 

TP represents the number of positive samples predicted to be positive; FP represents the number of 
negative samples predicted to be positive; FN represents the number of positive samples predicted to be 
negative; and TN represents the number of negative samples predicted to be negative. Accuracy (ACC) 
is taken to measure the overall classification accuracy, that is, the proportion of samples that predict 
correctly, as shown in equation (4). 

TP TN
ACC

TP TN FP FN




  
                       (4) 

Recall rate (Rec): is taken to measure the coverage of positive samples, that is, the proportion of 
positive samples that are correctly classified to the total positive samples, as shown in equation (5). 

Rec
TP

TP FN



                           (5) 

The precision rate (Pre) represents the proportion of examples classified as positive examples that 
are actually positive examples. 

Pr
TP

e
TP FP




                            (6) 

Pre and Recall sometimes have conflicts, so they need to be considered comprehensively. The most 
common method is F-Measure, which is the weighted harmonic average of precision and recall. The 
calculation is shown in equation (7). 

2 Pr Re
-

Pr Re

e c
F measure

e c

 



                     (7) 

Speedup is the ratio of the time consumed by the same task in a single processor system and a 
parallel processor system, which is taken to measure the performance and effect of parallel system or 
program parallelization. The calculation is shown in equation (8). 



1

p

T
Sp

T
                               (8) 

Operational efficiency: when the speed-up ratio of a parallel algorithm is the ideal speed-up ratio, 
if the number of processors is doubled, the execution speed will be doubled. The specific calculation is 
shown in equation (9). 

1p

p

p

S T
E

p p T
 


                         (9) 

P is the number of Graphics Processing Unit, T1 is the time to execute the algorithm, and Tp is the 
time to execute the algorithm when there are p processors. 
 

3. Results and Discussion 

 

3.1 The influence of data resolution on identification effect 
From Figure 7, under the same CNN model, different sample sizes will have certain impact on the 

precision, recall rate, accuracy, and comprehensive evaluation of the final model. The overall value of 
the model is distributed between 77.29%-93.61 %, which is at a relatively high level. Among them, the 
best sample size of the AlexNet, VGGNet, GoogLeNet, ResNet, and CNN is 128×128, 256×256, 
128×128, 256×256, and 256×256, respectively. Too large samples will be accompanied by more 
redundant information, which has a negative impact on the improvement of identification accuracy. The 
AlexNet network is least affected by the sample block size and the overall accuracy is generally high, 
while the ResNet network is most affected by the sample block size and the overall accuracy is generally 
low. Among all CNNs, the CNN network has the best performance, which is maintained at about 90% 
on average, with the highest accuracy of 93.61%. Based on the above results, the CNN hazard 
identification model has the best performance when the sample size is 256×256. 
 

Figure. 7 The effect of sample size on identification effect. 
(Note: 1-5 are five resolution sizes of 10×10, 50×50, 128×128, 256×256, and 512×512, respectively.) 
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3.2 The effect of data size on identification effect 
To further verify the impact of data size on performance of model, a certain number of training 

samples are randomly selected from each of the non-geologic hazards and geologic hazards in the training 
set according to the ratio of 3:1, and the number interval is set to 100, so as to observe the trend of 
identification accuracy. From Figure 8, with the increase in the number of training samples, the overall 
change trend of the network model’s precision, recall rate, accuracy, and comprehensive evaluation is 
constantly increasing. With the increase in the number of training samples, the correlation between 
samples is also continuously strengthened, and the identification accuracy of the network will stabilize. 
There may also be interference information, resulting in a decrease in identification accuracy. Among all 
the models, the CNN network model has the best performance, with the highest accuracy of 92.65%. The 
above results fully illustrate the validity of the potential geologic hazard radar identification model for 
the tourist routes. 
 

 
Figure. 8 The effect of data size on identification effect. 

 

3.3 Data processing performance analysis of geologic hazard model 
In Figure 9-A, as the number of nodes continues to increase, the model speedup ratio is also 

increasing. When the data nodes increase to a certain extent, the speedup ratio of the algorithm is 
significantly lower than that of the data node. The reason is that when the two data sizes are basically the 
same, the communication overhead between nodes will increase due to the increase of nodes. As a result, 
the time taken up will increase. In Figure 9-B, three test data sets of different scales are adopted for 
experiments. The algorithm will increase with the number of data nodes, and the running time of mining 
association rules and analyzing data will be faster and faster. Under the same scale of test data, as the 
number of data nodes increases, the operation efficiency of a relatively large scale is obviously higher 
than that of a small scale. 
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Figure. 9 Trajectory prediction results based on LSTM network. 

(Note: A1-A3 are 10,000, 30,000, and 50,000 pieces of data, and A4-A6 are 20,000, 40,000, and 80,000 
pieces of data, respectively.) 

 

4. Conclusion 

Investigating the hazard situation through field investigation or visual interpretation of radar images 
is with many shortcomings, such as threatening the personal safety, time-consuming and labor-intensive, 
and high professional quality requirements. To introduce the CNN technology, which is featured 
prominently in the intelligent interpretation of radar images, into the geologic hazard information 
extraction, a scientific and practical geologic hazard radar identification model is constructed, which 
performed better with its algorithm. The above research can provide a theoretical basis for the adoption 
of CNN technology in geologic hazard identification via radar image. Although the constructed geologic 
hazard radar identification model can better serve the adoption of CNN in geologic hazard identification, 
there are still some shortcomings. The constructed radar image sample library for geologic hazard 
contains a total of 1,316 radar scene images. Compared with other general radar image sample libraries, 
the number is small, which needs to be further expanded later. The constructed model data is based on 
Landsat 8, and the source is relatively single. Later, other data sources will be added, such as UAV images 
and China’s high-resolution satellite images. It will continue to conduct in-depth research in these aspects. 
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Figures

Figure 1

Traditional geologic hazard identi�cation model.

Figure 2

Schematic diagram of CNN structure.



Figure 3

Schematic diagram of data pre-processing in CNN input layer.

Figure 4

Schematic diagram of CNN pooling layer.



Figure 5

Flow of Apriori algorithm.



Figure 6

Sample radar data of Landsat 8 and Sentinel-1.



Figure 7

The effect of sample size on identi�cation effect. (Note: 1-5 are �ve resolution sizes of 10×10, 50×50,
128×128, 256×256, and 512×512, respectively.)



Figure 8

The effect of data size on identi�cation effect.



Figure 9

Trajectory prediction results based on LSTM network. (Note: A1-A3 are 10,000, 30,000, and 50,000 pieces
of data, and A4-A6 are 20,000, 40,000, and 80,000 pieces of data, respectively.)


