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matrices representing the evolution characteristics of temperature, humidity and air 

pressure at the head and tail of the train, divide the six matrices into matrices 

corresponding to the head of the train and matrices corresponding to the tail of the train, 

and combine the six matrices according to an RGB color space to form current position 

feature images {ch, cf}; 

a convolution unit, configured to perform convolution operation on the current position 

feature images and the images in the typical sample joint template library to obtain a 

plurality of one-dimensional sequences; 

a sorting unit, configured to sort elements in all the one-dimensional sequences from 

large to small, to determine L largest elements as candidate elements, wherein the 

positions corresponding to the candidate elements before sorting are candidate 

positions, and the mileage values to the tunnel exit corresponding to the candidate 

positions are sj (j=1, 2...L); and 

an output unit, configured to average the mileage values to the tunnel exit corresponding 

to the candidate positions, wherein the average value is the best matching position 

 of the current position in the typical sample joint template library. 

A training process of the tunnel mileage prediction error compensation model of the 

present invention includes: 

1) defining input samples I=(Th, Hh, Ph, Tf, Hf, Pf), wherein Th=(t1, t2…, tG) is a 

temperature sequence of current sample points and G previous sample points at the head 

of the train in the tunnel, Hh is a train head humidity sequence with a length of G, Ph is 

a train head air pressure sequence with a length of G, Tf is a train tail temperature 

sequence with a length of G, Hf is a train tail humidity sequence with a length of G, and 

Pf  is a train tail air pressure sequence with a length of G; defining output samples as 

mileage error values ε corresponding to the current position; wherein combinations Y 

={I, ε} of the input samples and the output samples constitute modeling samples; 

2) classifying the modeling samples into a training set and a validation set; 

3) performing binary coding on the feature of each dimension in the input samples I, 

wherein when the coded value corresponding to the feature of a certain dimension is 1, 

the feature is selected as an input variable of the least squares support vector machine; 

when the coded value corresponding to the feature of a certain dimension is 0, the 

feature of this dimension is discarded; 
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In the equation, avg(Ci) is an average distance of samples in cluster Ci, and dcen(Ci, Cj) 

is a distance between center points of cluster Ci and cluster Cj; 

Step B52: updating, according to the current optimization objective function value 

fitness, the values of α, β and n0 by gray wolf optimization; 

Step B53:  repeating step B51 and step B52 until the set number m=100 of optimizations 

is reached; wherein the values of α, β and n0 at this time are final optimized parameter 

values;  

Step B6: characteristics after dimension reduction are clustered according to the above 

set parameters by means of a k-means clustering algorithm optimized by the gray wolf 

optimization to obtain final clustering results. Cluster centers of each sample cluster 

and an original time sequence { } (i=0, 1, 2, …, 5) corresponding to 5 samples closest 

to the cluster center are acquired. =  corresponds to a 

temperature sequence acquired at the head of the train, a humidity sequence acquired at 

the head of the train, an air pressure sequence acquired at the head of the train, a 

temperature sequence acquired at the tail of the train, a humidity sequence acquired at 

the tail of the train, and an air pressure sequence acquired at the tail of the train. The 

time sequence set { } (i=0, 1, 2…5) is defined as a typical sample of the current 

category. 

Step 4: construction of a typical sample joint template library 

Phase space reconstruction is performed on the typical sample, a delay time is set to 1, 

a window length is set to 5, phase space reconstruction is performed on the temperature, 

humidity and air pressure sequences by means of a delay coordinate method to obtain 

three two-dimensional reconstruction matrices representing the evolution 

characteristics of temperature, humidity and air pressure at the head of the train and 

three two-dimensional reconstruction matrices representing the evolution 

characteristics of temperature, humidity and air pressure at the tail of the train, the 

respective three matrices are combined according to an RGB color space to form  color 

images representing the evolution characteristics of barometric and meteorological 

parameters at the head or tail of the train, and the color images are template images {hi, 

fi} (i=0, 1, 2…5). 

Step 5: training of a template RGB color joint matching model (as shown in Fig. 2) 



Meteorological data of sample points at the head and tail of the train at the current 

position and meteorological sample sequences ahead a period of time are acquired 

respectively, and phase space reconstruction and RGB color space combination are 

performed to construct current position feature images {ch, cf}. The correlations 

between a current position feature module and images in the template library are 

calculated to determine a best matching position of the current position in the template 

13
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Claims 

1. A method for calculating the tunnel passing duration of a train, wherein the remaining 

duration that the train passes through the current tunnel is estimated by using the 

following equation: t=O(i)/fHz(O(i)-O(i-1))); wherein the mileage value from the 

current position of the train to the tunnel exit is O(i)= OM(i)+ε(i); O(i-1) is the mileage 

value from the last position of the current position of the train to the tunnel exit; OM(i) 

is the best matching position of the current position in a typical sample joint template 

library, which is obtained after the correlations between current position feature images 

and images in the typical sample joint template library are calculated; the current 

position feature images are obtained by phase space reconstruction and RGB color 

space combination of acquired sequences of meteorological parameters of sample 

points at the head and tail of the train at the current position and meteorological 

parameters with a period of time ahead of the current position; the template images in 

the typical sample joint template library are color images about the evolution of 

meteorological parameters at the head and tail of the train; the meteorological 

parameters at the head and tail of the train are obtained by phase space reconstruction 

of typical samples of each category of tunnel groups; the typical samples of each 

category of tunnel groups refer to samples obtained by classifying the meteorological 

parameters according to the geographical position of the tunnel and the meteorological 

conditions inside and outside the tunnel and further classifying the classified 

homogeneous samples in a region; ε(i) is a compensation error obtained by inputting 

the meteorological parameters acquired during the operation of the train into a tunnel 

mileage prediction error compensation model, and the tunnel mileage prediction error 

compensation model refers to a model obtained by training a least squares support 

vector machine using data of homogeneous tunnel groups, with a temperature sequence, 

a humidity sequence, and an air pressure sequence as input, and a prediction error of an 

RGB color joint matching model as output; and fHz is a position update frequency; and 

the meteorological parameters refer to a temperature sequence corresponding to the 

head of the train, a humidity sequence corresponding to the head of the train, an air 

pressure sequence corresponding to the head of the train, a temperature sequence 

corresponding to the tail of the train, a humidity sequence corresponding to the tail of 

the train, an air pressure sequence corresponding to the tail of the train;A specific 

determination process of the mileage value O(i) from the current position of the train to 

the tunnel exit comprises: 
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1) acquiring tunnel meteorological parameters to construct a tunnel meteorological 

parameter database; 

2) classifying, based on the tunnel meteorological parameter database, the 

meteorological parameters in the tunnel meteorological parameter database according 

to the geographical position of the tunnel and the meteorological conditions inside and 

outside the tunnel to obtain homogeneous samples in a region, so as to realize the 

classification of tunnel groups with similar attributes; 

3) further classifying the homogeneous samples in the region to obtain typical samples 

of each category of tunnel groups; 

4) performing phase space reconstruction on the typical samples of each category of 

tunnel groups to obtain color images about the evolution of barometric and 

meteorological parameters at the head and tail of the train, that is, template images; 

wherein the template images corresponding to all the typical samples constitute the 

typical sample joint template library; 

5) collecting sample points at the head and tail of the train at the current position and 

sample sequences with a period of time ahead the current position respectively, and 

performing phase space reconstruction and RGB color space combination to construct 

current position feature images {ch, cf}; calculating the correlations between the current 

position feature images and the template images in the typical sample joint template 

library to determine the best matching position of the current position in the typical 

sample joint template library; 

6) training a least squares support vector machine using data of the homogeneous tunnel 

groups, with a temperature sequence, a humidity sequence, and an air pressure sequence 

as input, and a prediction error of the best matching position as output, to establish the 

tunnel mileage prediction error compensation model; and 

7) acquiring meteorological parameters during the operation of the train in real time, 

and obtaining a final mileage value to the tunnel exit by using the tunnel mileage 

prediction error compensation model, that is, obtaining O(i). 

 

2. The method for calculating the tunnel passing duration of a train according to claim 

1, wherein the specific implementation process of step 2) comprises: 

1) classifying the tunnel groups into N categories according to the geographical position 

of the tunnel samples; and 

2) acquiring average temperature distributions within T min before the train enters the 
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tunnel for one year in the current region, fitting the average temperature distributions 

in the tunnel of the current region by using a Gaussian distribution function, dividing 

the fitted average temperature distributions into K equal parts according to the 

probability, defining the temperature samples that belong to the same part as 

homogeneous temperature samples in the current region, and defining the temperature 

sequence, humidity sequence and air pressure sequence corresponding to the 

homogeneous temperature samples as homogeneous samples; wherein T is a set time. 

 

3. The method for calculating the tunnel passing duration of a train according to any 

one of claims 1, wherein the specific implementation process of step 3) comprises: 

1) creating an autoregressive integrated moving average model for each time sequence 

of the homogeneous samples in the current region, and extracting characteristic 

quantities of each time sequence, that is, parameters of autoregressive terms, integrated 

terms and moving regression terms of each time sequence; wherein all the characteristic 

quantities of the homogeneous samples in the region constitute a characteristic matrix 

A; wherein the time sequence comprises a temperature sequence, a humidity sequence 

and an air pressure sequence; 

2) reducing dimensions of the characteristic matrix A, and selecting M principal 

components with the greatest contribution to characterize the information of the original 

characteristic matrix , thus obtaining a transformed matrix A'; 

3) defining a kernel function k=αkrbf+βklinear+(1-α-β)klaplace; wherein krbf is a radial basis 

kernel function, klinear is a linear kernel, and klaplace is a Laplace kernel function; 

randomly determining initial values of the coefficients α, β and the number n0 of 

categories of the kernel function, wherein α, β∈[0, 1], and n0 is a positive integer less 

than 30; 

4) mapping the characteristic values in the matrix A' to a characteristic space 

corresponding to the kernel function k to obtain a new characteristic matrix A"; 

according to the initial number n0 of categories, using the characteristic quantities in A" 

as input to cluster characteristic quantities in A" by means of a k-means clustering 

algorithm , that is, to classify the homogeneous samples in the region into n categories, 

wherein each category of samples constitute a sample cluster; calculating an 

optimization objective function  fitness=  , wherein avg(Ci) 
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is an average distance of samples in the sample cluster Ci, avg(Cj) is an average distance 

of samples in the sample cluster Cj,  and dcen(Ci, Cj) is a distance between center points 

of the sample cluster Ci and the sample cluster Cj; 

5) updating, according to the current optimization objective function value fitness, the 

values of α, β and n0 by gray wolf optimization; 

6) repeating step 4) and step 5) until the set number m=100 of optimizations is reached; 

wherein the values of α, β and n0 at this time are final optimized parameter values, and 

the clustering results under the final optimized parameter values are final clustering 

results; and 

7) classifying the homogeneous samples in the current region into E sample clusters 

according to the final clustering results; and acquiring a cluster center of each sample 

cluster and an original time sequence { } (i=0, 1, 2…P, n=0, 1, 2…E) corresponding 

to P samples closest to the cluster center, wherein  

corresponds to a temperature sequence acquired at the head of the train, a humidity 

sequence acquired at the head of the train, an air pressure sequence acquired at the head 

of the train, a temperature sequence acquired at the tail of the train, a humidity sequence 

acquired at the tail of the train, and an air pressure sequence acquired at the tail of the 

train, respectively; and defining an original time sequence corresponding to (P+1) 

samples as a typical sample of the current category of tunnel groups. 

 

4. The method for calculating the tunnel passing duration of a train according to any 

one of claims 1, wherein the specific implementation process of step 5) comprises: 

1) determining current sample points and previous G sample points in the temperature 

sequence, humidity sequence and air pressure sequence of the head and tail of the train 

at the current position; 

2) performing phase space reconstruction by means of the delay coordinate method to 

obtain six two-dimensional reconstruction matrices representing the evolution 

characteristics of temperature, humidity and air pressure at the head and tail of the train; 

dividing the six matrices into matrices corresponding to the head of the train and 

matrices corresponding to the tail of the train, and combining the six matrices according 

to the RGB color space to form current position feature images {ch, cf}; 

3) performing convolution operation on the current position feature images and the 

images in the typical sample joint template library to obtain a plurality of one-
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dimensional sequences; 

4) sorting elements in all the one-dimensional sequences from large to small, to 

determine L largest elements as candidate elements; wherein the positions 

corresponding to the candidate elements before sorting are candidate positions, and the 

mileage values to the tunnel exit corresponding to the candidate positions are sj (j=1, 

2...L); and 

5) averaging the mileage values to the tunnel exit corresponding to the candidate 

positions , wherein the average value is the best matching position  of 

the current position in the typical sample joint template library. 

 

5. The method for calculating the tunnel passing duration of a train according to any 

one of claim 1, wherein the specific implementation process of step 6) comprises: 

1) defining input samples I=(Th, Hh, Ph, Tf, Hf, Pf), wherein Th=(t1, t2…tG) is a 

temperature sequence of current sample points and G previous sample points at the head 

of the train in the tunnel, Hh is a train head humidity sequence with a length of G, Ph is 

a train head air pressure sequence with a length of G, Tf is a train tail temperature 

sequence with a length of G, Hf is a train tail humidity sequence with a length of G, and 

Pf is a train tail air pressure sequence with a length of G; defining output samples as 

mileage error values ε corresponding to the current position; wherein the combinations 

Y ={I, ε} of the input samples and the output samples constitute modeling samples; 

2) classifying the modeling samples into a training set and a validation set; 

3) performing binary coding on the feature of each dimension in the input samples I; 

wherein when the coded value corresponding to the feature of a certain dimension is 1, 

the feature is selected as an input variable of the least squares support vector machine; 

when the coded value corresponding to the feature of a certain dimension is 0, the 

feature of this dimension is discarded; 

4) updating the input samples based on the coded values of the current features to obtain 

a updated training set and validation set; and training the least squares support vector 

machine with data of the updated training set; inputting data of the updated validation 

set into the trained least squares support vector machine to obtain an output sequence 

 of the least squares support vector machine, wherein k=1, 2..., N1, and N1 is the 

number of sample pairs in the validation set; and 

5) repeating step 3) and step 4) to determine input features and a least squares support 
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vector machine that minimize the optimization objective function , that 

is, obtaining optimal input features and an optimal least squares support vector machine, 

wherein the optimal least squares support vector machine is the mileage prediction error 

compensation model; wherein  is a real output value in the validation set. 

 

6. The method for calculating the tunnel passing duration of a train according to any 

one of claims 1, wherein the specific implementation process of step 7) comprises: 

1) acquiring average temperature distribution data within T min before the train enters 

the tunnel; obtaining temperature sequences and humidity sequences of the head and 

tail of the train at the current position; obtaining a template matching output value OM(i); 

and obtaining a compensation error output result ε(i) by using the tunnel mileage 

prediction error compensation model; and 

2) obtaining a mileage value from the current position of the train to the tunnel exit by 

means of the following equation: O(i)=OM(i)+ε(i). 

 

7. A system for calculating the tunnel passing duration of a train, comprising: 

a best matching position obtaining module, configured to calculate correlations between 

current position feature images and templates in a typical sample joint template library 

to obtain a best matching position of the current position in the typical sample joint 

template library; wherein the current position feature images are obtained by phase 

space reconstruction and RGB color space combination of acquired sequences of 

meteorological parameters of sample points at the head and tail of the train at the current 

position and meteorological parameters with a period of time ahead of the current 

position; the template images in the typical sample joint template library are color 

images about the evolution of meteorological parameters at the head and tail of the train, 

and the meteorological parameters at the head and tail of the train are obtained by phase 

space reconstruction of typical samples of each category of tunnel groups; and the 

typical samples of each category of tunnel groups refer to samples obtained by 

classifying the meteorological parameters according to the geographical position of the 

tunnel and the meteorological conditions inside and outside the tunnel and further 

classifying the classified homogeneous samples in a region; 

a tunnel mileage prediction error compensation model, obtained by training a least 

squares support vector machine using data of homogeneous tunnel groups, with a 
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temperature sequence, a humidity sequence, and an air pressure sequence  as input, and 

a prediction error of the best matching position as output, wherein the output of this 

model is a compensation error ε(i); and 

a remaining duration calculation module, configured to estimate the remaining duration 

t that the train passes through the current tunnel according to the following equation: 

t=O(i)/(fHz(O(i)-O(i-1))), wherein O(i)=OM(i)+ ε(i), and O(i-1) is a mileage value from 

a previous position relative to the current position of the train to the tunnel exit; OM(i) 

is the best matching position; and fHz is the position update frequency of the train. 

 

8. The system according to claim 7, wherein the best matching position obtaining 

module comprises: 

a data acquisition unit, configured to determine current sample points and previous G 

sample points in the temperature sequence, humidity sequence and air pressure 

sequence of the head and tail of the train at the current position; 

a feature image calculation unit, configured to perform phase space reconstruction by 

means of a delay coordinate method to obtain six two-dimensional reconstruction 

matrices representing the evolution characteristics of temperature, humidity and air 

pressure at the head and tail of the train; divide the six matrices into matrices 

corresponding to the head of the train and matrices corresponding to the tail of the train, 

and combine the six matrices according to an RGB color space to form current position 

feature images {ch, cf}; 

a convolution unit, configured to perform convolution operation on the current position 

feature images and the images in the typical sample joint template library to obtain a 

plurality of one-dimensional sequences; 

a sorting unit, configured to sort elements in all the one-dimensional sequences from 

large to small, to determine L largest elements as candidate elements; wherein the 

positions corresponding to the candidate elements before sorting are candidate 

positions, and the mileage values to the tunnel exit corresponding to the candidate 

positions are sj (j=1, 2...L); and 

an output unit, configured to average the mileage values to the tunnel exit corresponding 

to the candidate positions, wherein the average value is the best matching position 

of the current position in the typical sample joint template library; 
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preferably, a training process of the tunnel mileage prediction error compensation 

model of the present invention comprises: 

1) defining input samples I=(Th, Hh, Ph, Tf, Hf, Pf), wherein Th=(t1, t2…, tG) is a 

temperature sequence of current sample points and G previous sample points at the head 

of the train in the tunnel, Hh is a train head humidity sequence with a length of G, Ph is 

a train head air pressure sequence with a length of G, Tf is a train tail temperature 

sequence with a length of G, Hf is a train tail humidity sequence with a length of G, and 

Pf  is a train tail air pressure sequence with a length of G; defining output samples as 

mileage error values ε corresponding to the current position; wherein combinations Y 

={I, ε} of the input samples and the output samples constitute modeling samples; 

2) classifying the modeling samples into a training set and a validation set; 

3) performing binary coding on the feature of each dimension in the input samples I; 

wherein when the coded value corresponding to the feature of a certain dimension is 1, 

the feature is selected as an input variable of the least squares support vector machine; 

when the coded value corresponding to the feature of a certain dimension is 0, the 

feature of this dimension is discarded; 

4) updating the input samples based on the coded values of the current features to obtain 

a updated training set and validation set; and training the least squares support vector 

machine with data of the updated training set; inputting data of the updated validation 

set into the trained least squares support vector machine to obtain an output sequence 

 of the least squares support vector machine, wherein k=1, 2..., N1, and N1 is the 

number of sample pairs in the validation set; and 

5) repeating step 3) and step 4) to determine input features and a least squares support 

vector machine that minimize the optimization objective function , that 

is, obtaining optimal input features and an optimal least squares support vector machine, 

wherein the optimal least squares support vector machine is the mileage prediction error 

compensation model; wherein  is a real output value in the validation set. 

 

9. A computer-readable storage medium storing a program; wherein the program is 

configured to execute the steps of the method according to any one of claims 1-6. 


