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Abstract. To fully use the performance degradation similarity of the congeneric barrels, for the traits 
of nonlinear and small sample during the performance degradation process of a barrel, a dynamic 
prediction model on remaining useful life (RUL) of barrel is proposed, on the basis of fuzzy c-means 
theory and support vector regression optimized by the optimum model of particle swarm optimization. 
Lastly, the effectiveness and superiority of this proposed model have been validated by the case of a 
barrel compared with the improved Verhulst gray theory. In conclusion, a new method is obtained for 
the prediction on remaining useful life of barrel. 

Introduction 

During the artillery barrel shooting process, under the combined effect of artillery-bore in high 
temperature, high pressure, high-speed powder gas and bearing band, the size and structure of the 
bore are changed, the muzzle velocity and ballistics property of projectile are decreased, thereby 
affecting the remaining useful life of barrel, which is an important evaluating index of artillery 
system[1][2]. 

The performance degradation data of the barrel contains a large number of life related information, 
based on which can realize the prediction of the remaining useful life of the barrel[3][4]. Currently, 
there are two ways to analyze the life of the barrel, that is, the modeling method based on mechanism 
and the modeling method based on data driven. The first method is based on the assumption of ideal 
state, while the second method requires a lot of data from the same sample to establish the accurate 
statistical law of life; besides these both can’t realize the dynamic prediction of remaining useful life 
for particular individuals. 

This paper proposes a dynamic prediction model of barrel remaining useful life (RUL), on the 
basis of fuzzy c-means (FCM) theory[5] and support vector regression (SVR) optimized by the 
optimum model of particle swarm optimization[6][7].Finally, with a barrel as an example, this 
paper on one hand establishes the degradation path model of specific individual between shot rounds 
and the muzzle velocity of projectile; on the other hand dynamically updates the degradation path 
model according to the specific individual real-time measurements, which provided an effective 
solution to the barrel for dynamic prediction problem of remaining useful life. A new method is 
provided for the study of remaining useful life on barrel. 

Parameter Definition  

, ,...ij ijx y  represent scalar, where ijx  represents the muzzle velocity measurement node of barrel i  at 
the time j , ijy  represents the corresponding muzzle velocity measurement results; , , ,...k i iv x y  
represent column vector; C,D,T,... represent special scalar or data sets; , , ,...U V Y represent matrix, 

m nR ×∈Y is composed by the 1,2,.., .,i ny i =  as columns. For im  represents the total measurement 
number of barrel i , ( ){ }, , 1,2,...,i ij ij iD x y j m= =  represents the degradation data of barrel i ; 
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( ){ }, , 1,2,...,z zj zj zD x y j m= =  represents the historical data of individual barrel; 1,2,...,ix i m=，  
represents the standardization measurement node. 

Establishment Of Dynamic Prediction Method  

In this paper, the whole process of modeling based on clustering center regression is divided into 
offline modeling stage and dynamic updating stage. 

It is offline modeling stage that according to the performance degradation information of training 
sample, establishing the degradation path model. This stage is divided into the following 3 steps: 

1) To estimate whether the sample data is standard based on the standardization node. 
2) If it is standard then clustering analysis based on FCM, or to cluster after normalizing the data. 

The sample iD  is normalized to iD , the feature vector is marked as [ ]1 2, ,...,i i i imy y y=y ; and the feature 
vector space is marked as [ ]1 2, ,..., n=Y y y y  consisted of n  standardization sample. According to the 
method of FCM[5], the optimal clustering number c  is carried out by clustering matrix Y . 

3) To establish the degradation path model of each clustering center. By using ix ， i =1,2,…,m as 
input parameter and the clustering center ( )ˆ 1,2,...,k k c=v as output parameter, The degradation path 
model of each clustering center ( )1,2,...,ky k c=  is established based on the SVR regression method 
optimized by PSO[8]. 

Performance degradation law of specific product is similar with the congeneric products, and the 
model can be conveniently obtained by weighting the degradation path of congeneric products and 
dynamically updated and predicted combined with the real-time measurement data. In this paper, the 
error weighting method is used to measure the similarity of the degeneration path of the congeneric 
products. 

The basic idea of error weighting method[9] is to put the recent measurement node of specific 
individual into the degradation path model of each clustering center, obtain the degradation 
estimation value, and determine the weights iρ  according to ke  (square of the estimation error), 
defined in (1), so as to obtain the specific individual degradation path model. 

1

1

0 , 0

, , 0

1 ,

i

c
i

i i j
j j

e and i j

e e e
e

other

−

=

= ≠

 

= ≠   



∑r

 

.                                                                                                    

(1) 

During learning real-time data, we dynamically update model; on the basis of which to substitute 
the failure threshold into the model can inversely solve the failure time and achieve dynamic 
prediction of remaining useful life. 

Analysis Of Remaining Useful Life Of A Barrel 
There is rarely dynamic prediction method of barrel remaining useful life at present. Therefore, it can 
dynamically update the model and barrel RUL predict that applying the model we establish to barrel 
RUL. Finally we take an artillery barrel as an example by which the effectiveness and superiority of 
this proposed model have been validated.  

The barrel before given to a troop must accept receiving-inspection test, which provides the data 
basis for life analysis, we take the muzzle velocity attenuation data with the number of projectiles as 
the performance degradation data and study the barrels in receiving-inspection test (number 1#~8#) in 
this paper. The relationship between muzzle velocity and projectile number are shown in table 1~2, 
the speed unit is m/s. 
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Table 1 Velocity decline law of barrels1#~7# 
 

Table 2 Velocity decline law of barrel 8# 
Projectile 

(round) 0 150 1030 2530 3530 4550 5730 

8# 966.7 970.1 967.3 960.4 949.2 936.6 918.2 
Barrels 1#~7# muzzle velocity detection node is [0, 150, 153, 3030, 503, 5530, 5950]; due to the 

influence of other test items, the muzzle velocity detection node of barrel 8# is [0, 150, 1030, 25-30, 
3530, 455, 5730]. Barrels 1#~6# and 8# are selected as the training samples, barrel 7# as the specific 
individual for RUL prediction and model validation. 

To define the measurement node of barrel 1# as the standardization nodes, then only barrel 8# data 
need to be standardized. The first 5 groups of barrel 8# data are collected as the training set, and the 
surplus 2 groups as the test set. Firstly, Degradation path models based on PSO-SVR; secondly, range 
the initialization parameters ( ), ,Cε σ  as [10-3. 10], [10, 100], [10-2. 10], optimal parameter value 
( ), ,Cε σ  and the normalized data 8x  are got correspondingly as (8.372 ×10-2, 50, 0.447) and (966.7, 
970.1, 964.7, 955.2. 92.77, 920.2, 918.8) after the iterative and get. Take δ = 10-5, weighted index q = 
2, and substitute Ref. [5] with 8x 、 ( )1,...,6ix i =  to cluster analysis. table 3 means the changing 
process of clustering validity function values along with the clustering number c, the minimum value 
is obtained at c = 4, so c  = 4, namely the optimal cluster number of the 7 root barrels is 4, which will 
make the calculation amount of each step reduced by 3/7.during the dynamic modeling stage.  

Table 3 F(U, c) changing law with clustering number c  
c 2 3 4 5 6 

F(U, c) 0.0089 -0.00168 -0.00238 -0.0001714 0.00689 
During the stage, model the respectively degradation path of the four clustering centers obtained in 

the offline stage based on POS-SVR. Select the prior 4 groups of data of barrel 7# to model, rear 3 
groups of data to evaluate the model's accuracy; then gradually increase a group to dynamically 
update the model, followed by the surplus groups for model checking. After 3 times of dynamic 
modeling we get the final prediction model, based on which calculate the predictions values of each 
node. As a comparison, we select the Verhulst gray forecasting method in Ref. [10] to predict the 
velocity of barrel 7# in the prediction node. The prediction results of the two methods are compared as 
shown in Table 4. It can be seen that the method used in this paper is more accurate than the Verhulst 
gray prediction method, the error amplitude is smaller, and the robustness is better. 

Table 4 Prediction result comparison of the two means 
Projectile (round) 0 150 1530 3030 5030 5530 5950 

Verhulst 
gray 

prediction
s（m/s） 973.1 978.2 949.4 927.6 968.6 896.4 887.7 

error（%） 0 0.154 -0.512 -3.136 2.758 -4.167 -4.433 

This 
article 

prediction
s（m/s） 965.3 974.6 956.9 954.7 946.4 936.2 924.6 

error（%） -0.082 -0.225 0.271 -0.315 0.399 0.092 -0.45 

 

Projectile 
 (round) 0 150 1530 3030 5030 5530 5950 

1# 976.5 977.1 968.7 960.8 943.6 941.8 937.4 
2# 971.0 975.3 961.3 949.2 931.1 926.7 917.8 
3# 975.8 978.5 968.2 960.1 954.8 944.4 927.6 
4# 968.6 970.8 967.3 955.7 942.8 934.2 924.2 
5# 962.3 972.6 963.5 954.8 942.6 938.9 930.1 
6# 976.5 978.6 958.6 952.7 943.3 937.6 923.8 
7# 973.1 976.7 954.3 957.7 942.6 935.4 928.8 
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Conclusion 
Since the deficiencies of the traditional barrel RUL prediction method of remaining useful life, 
we put forward a remaining useful life prediction model of barrel based on FCM clustering center 
SVR regression method and dynamically update the RUL value of specific barrel. Considering the 
good generalization ability of FCM to congeneric product information and effective unearthing 
ability of SVR to small sample, nonlinear characteristics, the congeneric products are clustered by 
FCM, the life information are standardized and the clustering center degraded path model is 
established by the SVR method, then the specific individual degradation path model can be got and 
dynamically updated combined with error weighting method, on the basis of which the failure time 
can be inversely solved by the failure threshold substituted into the model. The effectiveness of the 
proposed method is verified by comparing with the Verhulst gray method, which provides a new way 
to solve the problem of remaining useful life prediction. 
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