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Abstract:  In continuous process industries the importance of predictive maintenance is 

increasing day by day. The unscheduled shutdowns and performance degradation of 

control components causes severe issues as regards to quantity/quality of production. The 

moving parts associated with control elements make them susceptible to faults and 

failures. In this paper a method is proposed to identify the faults of a final control element. 

The detailed study of a single seated globe valve using vibration signal analysis is 

presented. The QMF bank is used for processing the vibration signal. Main issues 

associated with this study are the positioning of the vibration sensors, signal to noise ratio, 

and filter coefficients along with the selection of network topology, training rule, number 

of hidden layers, and number of perceptrons in each layer. 
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1.    Introduction 

Sensing and controlling elements play a vital role in production and safe running of any 

process plant. To avoid unscheduled plant shutdowns, monitoring the degradation of these 

elements is required. The dynamics of the feedback loop depend on the response time of 

sensing and controlling elements. The controlling elements possess complex dynamics as 

compared to sensing elements. The wear and tare of these components directly affects the 

loop performance. Control valve is the key component which influences the loop 

performance greatly.  Electric power research Institute(EPRI) and nuclear regulatory 

commission docket records indicate that over 1.5 million MW of energy production is lost 

each year due to valve related shutdowns [1]. Studies reported by Sherikar [2] indicated 

that eliminating control valve problems alone can improve the heat rate of power plants in 

the range of 2% to 5%. The elements that are critical in realizing the potential benefits are: 

analyzing the whole system and quantifying the losses, identifying the root causes of the 

problems causing these losses and then, eliminating the root causes of those problems. 

     While developing stiction diagnosis and compensation techniques, Srinivasan and 

Rengaswamy [3] revealed the statistics of various control loops. Performance demo- 

graphics of 26,000 PID controllers collected across a wide variety of processing industries
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in a two year time span indicate that the performance of 16% of the loops can be classified 

as excellent, 16% as acceptable, 22% as fair, 10% as poor, and the remaining 36% are in 

open loop. This has to be seen coupled with the fact that PID is the dominant control 

algorithm in the industry accounting for 97% of the regulatory loops. Further, MPC 

control algorithms manipulate the set point of lower level PID loops. Hence, poor 

performance of PID control loops poses a significant problem with huge financial 

implications. Deterioration of control performance may have several reasons such as badly 

tuned controllers, oscillating load disturbance, or nonlinearity in control valves. 20% to 

30% of all control loops oscillate due to valve problems caused by static friction or 

hysteresis resulting in performance deterioration. 

The control valves have two main elements viz. actuator and valve body. For 

monitoring the valve condition, it is necessary to concentrate on both the elements. Major 

faults associated with control valve are backlash, dead band, leakage, wear and tare of 

plug and seat ring, stiction, blockage, loose stem, worn out valve body, etc. Many 

researchers have already worked on the commonly occurring faults. Thompson and 

Zonlkiewski [4] have developed a system capable of detecting internal valve leakages. 

Ling, Zeifman, and Liu [5] demonstrated online diagnosis system for detecting deadband, 

backlash, leakage and blockage.  Yang and Hwang [6] proposed a condition monitoring 

system for detecting the cavitation in the butterfly valve. Researchers have proved the 

importance of vibration signals for the fault identification. Singh and Ahmed [7] used 

vibration signals for isolation and identification of faults in induction machine. The 

comparison of time and frequency domain analysis is also summarised in their work. 

Majority of the commercially available fault detection system vendors use digital 

positioners for capturing/indicating the valve status. In this paper we propose ‘vibration 

based fault diagnosis stand alone system’ that can be used for all the valves in a plant. The 

reference for the signal processing work and Quadrature mirror filter implementation is a 

tutorial review by Crochiere [8] and Jayant [9]. For classification of the fault patterns, 

Artificial Neural Network (ANN) is used.   

 

2.     Experimental Set-up 

To carry out the necessary study an experimental set-up was developed [10]. The 

experimentation is carried out on 25 NB single seated globe valve for water service. The 

photograph of the system is as shown in Figure 1. The set-up comprises of a valve under 

test along with a centrifugal pump, and necessary sensory system such as Current to 

Pressure (I/P) converter, Differential Pressure Transmitter, a position (stem travel) 

transmitter and an accelerometer to capture differential pressure, stem travel, and 

vibrations. The installation of all components is as per the standard practices. Prior to 

start-up of the flow loop, all components are calibrated and validated for their operations. 

Various experiments are performed on the set-up to capture original signatures of the 

valve. Experiments are conducted to capture the Inherent and Installed valve 

characteristics by noting the Valve travel and the flow through the valve, loading and 

unloading characteristics to find the backlash and the step response of the valve by 

connecting the position transmitter output to storage oscilloscope. The details of the 

instruments used along with the vibration sensor and analyzer are shown in Figure 2. 

There is no significant change in these signatures due to commonly occurring faults such 
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as, change in the actuator spring stiffness, loose packing or loose body parts. Hence to 

assess the valve performance vibration signal is used. 

 

 

 

    Figure 1: Experimental Set-up 

 

         Figure 2: Capturing the valve signatures with necessary Instruments 
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3.   Vibration Signal Analysis 

The data acquisition and analysis of the vibration signals is performed using B & K 

analyzer. Selection of the piezoelectric accelerometer is based on the frequency range and 

other performance specifications. For deciding the sensor location, vibration signal is 

captured at various available locations at downstream side. In case of flow loop 1, the 

vibrations are captured at distance of 2D, 6D and 12D, where D is the pipe diameter. The 

amplitude of the signal is highest at 6D distance; at the downstream in this case. When the 

same valve is installed in another flow loop, the highest amplitude is obtained at a location 

9D. The location depends on the system structure and the supports provided. For another 

valve the vibration amplitude is highest at 2D location. 

Initially, the vibration signature of the healthy valve is captured. Commonly 

occurring faults such as change in spring stiffness, loose packing, loose hand wheel, loose 

body nut are deliberately introduced and the fault signatures are captured. The study is 

concentrated in the normal operating range of the control valve i.e., 60% to 85% opening. 

For the analysis of the signal, time domain approach is used. 

4. Time domain analysis 

Singh et. al. [7] has taken review of frequency and time domain approaches in their paper. 

The traditional treatment of vibration spectrum fluctuations is the averaging, which may 

tend to hide some features of short duration. Hence researchers are trying for time 

frequency analysis. 

    In this paper, time domain analysis of the signal is performed using Quadrature 

Mirror Filter (QMF) bank. It is a perfect reconstruction two channel filter bank, used to 

decompose the signal into low and high frequency bands. The basic building blocks of 

two-channel QMF bank are shown in Figure 3.  

 

 

     Figure 3: Two Channel QMF Bank [11]          Figure 4: Filter response for QMF Bank 

 

 

We need higher resolution at low frequencies; one way to achieve this is to increase the 

sampling rate until the required resolution is obtained. However, this increases the 

resolution at lower frequencies as well as at higher frequencies. A more efficient way is to 

have different resolution bands over the frequency range. We have used multirate signal 
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processing approach for this. The sampling rate conversion is achieved by the use of 

decimators and interpolators. The fastest way to implement multirate processing is to do 

successive down-sampling by two, which corresponds to splitting the bandwidth into 

octaves. 

    The input signal is first passed through a two-band analysis filter containing the h0 (n) 

and h1 (n) which typically have low pass and high pass responses with a cutoff frequency 

at π/2. The subband signals are then downsampled by a factor of 2. A multichannel filter 

bank can be developed by iterating a two channel QMF bank. By inserting a two channel 

QMF bank in each channel of another two channels decimated QMF bank we can generate 

four channels. By continuing the process, we can construct more than four channels. For L 

channel filter bank (L = 2 n for n number of stages), each filter will have passband of 

equal width given by n/L. The low pass and high pass filters have impulse response as 

h0 (n) = h (n) 

h1 (n) = (-1)
n 
. h (n) 

g0 (n) = h (n) 

g1 (n) = - (-1)
n 
. h (n) 

Where h0 (n) and h1 (n) are low pass filters in analysis and synthesis section respectively. 

Similarly g0 (n)) and g1 (n) are high pass filters in analysis and synthesis section. 

     While using this technique the selection of the filter coefficients is done on the basis 

of signal to noise ratio (SNR). The SNR values obtained for different Daubechies 

coefficients for 75% opening of the valve are shown in Table 1.  

 

Table 1: SNR for Different Daubechies Coefficients 

Coefficients SNR 

DB2 40.38 

DB3 28.60 

DB4 28.27 

DB5 28.21 

DB6 27.52 

DB7 27.38 

DB8 26.75 

DB10 25.58 

 

It is observed that DB2 (4-Tap) coefficients give highest SNR for different valve 

openings, for different locations of the sensor and even for different set of readings, hence 

for further analysis these coefficients are selected. The response of the filter for 

Daubechies 4-tap filter is as shown in Figure 4.  

     By repeated subdivisions of the resulting sub-bands using QMF bank, multi-

resolution signal decomposition is achieved. When further stages of band partitioning are 

introduced each of the branches splits into further branches and sampling frequency is 

reduced by factor of two at each stage. For vibration signal analysis, the signal is 

decomposed in high and low frequency components at 6 levels giving 64 energy bands. 

The basic concept of multi-resolution signal decomposition is shown in Figure 5. 
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Figure 5: Multi-resolution signal decomposition 

The total 6.4 KHz signal is resolved into 64 bands and the energy patterns are generated 

for two different set ups with different valves. One valve is having pneumatic actuator and 

the other is handwheel operated. For both the valves various fault conditions are created as 

mentioned in section 3 to capture the vibration patterns. Using subband coding these 

patterns are converted into energy patterns. The results are shown in Figure 6 (a-d), 7 (a-d) 

and 8 (a-d) respectively. The results obtained by this technique are quite encouraging. 

There is a significant difference in the patterns generated, though there is no much change 

in the differential pressure across the valve and flow through the valve.  

5. Decision Support System 

A decision support system based on ANN as a tool for classification is proposed here. The 

use of neural network for feature detection and process monitoring has been demonstrated 

by Peel et.al. [12]. The neuro-fuzzy approach to modelling and fault diagnosis of an 

electro-pneumatic valve actuator has been discussed by Uppal and Patton [13]. The use of 

Wavelet Transform and Neural network for defection of defects in servo valves has been 

proposed by Tansel et.al. [14]. The review of the work on neural network as classification 

tool has been taken by Tansel et al. and the condition of the servo valve is determined by 

evaluating current signatures. Diagnosis of process valve actuator faults using Multilayer 

Neural Network approach has been suggested by Karpenko, Sepehri and Scuse [15] using 

digital valve controller. The use of Neural Network for fault diagnosis and identification is 

already confirmed.  
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While developing the decision support system; various neural network topologies, training 

rules, number of hidden layers and number of perceptrons in each layer are tested using 

data generated by experimentation. The signal after multiresolution decomposition is fed 

to ANN. The tests are carried out for various neural network parameters such as network 

topology Multi Layer Perceptron and Generalised feedforward network (GFF), training 

rules momentum, deltabar delta (DBD) and Conjugate Gradient (CG). 

The performance parameters obtained for the data which is unseen by the network is 

presented in Tables 2 - 5. It has been observed that the network with MLP topology with 1 

hidden layer with 6 perceptrons and momentum training rule is not able to identify Fault 

no. 3 (Table 2). Similarly the other combination MLP with 2 hidden layers 9-9 perceptrons 

in each layer with momentum training rule can not detect the fault 2 condition (Table3). 

The best results obtained with two valves for MLP with 2 hidden layers with 9 perceptrons 

and 18 perceptrons in each layer respectively with momentum training rule which is shown 

in Table 4 and 5.  

In the Table 4, fault 1, 2, 3 relates to increased stiffness, decreased stiffness and loose 

packing respectively for pneumatic actuator valve. 

In Table 5, fault 1, 2, 3 correspond to loose handwheel, body nut and brass nut for 

handwheel operated valve. 

 

 

 
    (a) Healthy                        (b) Increased Stiffness 

 

(c) Decreased Stiffness                     (d) Loose Packing 

Figure 6: Energy Distribution for Valve 1 for flow loop 
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   (a) Healthy                        (b) Increased Stiffness 

 

(c) Decreased Stiffness                        (d) Loose Packing 

 

Figure 7: Energy Distribution of Valve1 on another set up 

 

Table 2: Performance parameters: MLP, 1 Hidden layer, 6 perceptrons and MOM rule 

Performance Healthy Fault 1 Fault 2 Fault 3 

MSE 0.00004  0.0009 0.0009 0.0009 

MAE 0.0049    0.0221  0.0221    0.0226 

Min Abs E 0.0007 0.0007 0.0007 0.0019 

Max Abs E 0.0111 0.0554 0.0554 0.0553 

r 0.9998 0.9988 0.9988 DIV/0! 

% Correct 100 100 100 N/A 

Table 3: Performance parameters: MLP, 2 Hidden layers, 9 perceptrons and MOM rule 

Performance Healthy Fault 1 Fault 2 Fault 3 

MSE 0.0002 0.0002 0.0005 0.0019 

MAE 0.0077 0.0109 0.0149 0.0384 

Min Abs E 0.0001 0.0020 0.0025 0.0013 

Max Abs E 0.0366 0.0259 0.0552 0.0536 

r 0.9992 0.9998 DIV/0! 0.9954 

% Correct 100 100 N/A 100 

Table 4: Best result with Valve1 for MLP, 2 Hidden layers, 9-18 perceptrons and MOM Rule 

Performance Healthy Fault 1 Fault 2 Fault 3 

MSE 0.0186 0.0056 0.0244 0.0020 

MAE 0.0665 0.0186 0.0800 0.0231 

Min Abs E 0.0042 0.0017 0.00067 0.00047 

Max Abs E 0.4382 0.04556 0.4641 0.1925 

r 0.9509 0.9977 0.8869 0.9769 

% Correct 100 100 100 100 
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     (a) Healthy                           (b) Loose Handwheel 

 

(c) Loose Body Nut                        (d) Loose Brass Nut 

Figure 8: Energy Distribution of Valve2 

Table 5: Best results with Valve 2 for MLP, 2 Hidden layers, 9-18 perceptrons, MOM Rule 

Performance Healthy Fault 1 Fault 2 Fault 3 

MSE 0.00046 0.0085 0.00185 0.00195 

MAE 0.00062 0.1279 0.2345 0.2674 

Min Abs E 0.00064 0.00018 0.00215 0.00184 

Max Abs E 0.0054 0.8113 0.9946 0.9434 

r 0.9997 0.9845 0.9893 0.9638 

% Correct 100 100 100 100 

 

 

6. Conclusion:  

Vibration analysis can be used as a promising technique for fault detection of a control 

valve. After careful implementation of the proposed experimental method, knowledge base 

can be created to develop application specific fault diagnosis system.  

The deteoriation of controllability of any loop depends on the performance 

degradation of the control components. The methodology developed in this paper can be 

successfully implemented to assess the extent of deteoriation and accordingly knowledge 

based control schemes can be implemented.  
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