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1. INTRODUCTION 
 

Recently, the stability of the equipment operation of 
wastewater treatment plants has been required because plants 
have become larger and automatic control systems have been 
widely applied [1]. Most abnormal problems that cause the 
biggest disturbance in effluent water happen because of 
breakdown of various devices and equipment in wastewater 
treatment plants. The blower, mixer, and pump are the primary 
devices that affect the quality of effluent water. Detection of 
the breakdown of operating equipment is essential to 
guarantee a stable quality of effluent at WWTPs. 

The equipments of treatment plants are generally checked 
and maintained by periodical inspection. Therefore, rapid 
breakdown cannot be detected and remedied that causes the 
deterioration of effluent quality. It is very important in the 
field to detect equipment faults immediately. Fault detection 
methods consist of two separate techniques. The direct 
detection method analyzes the several sensing data such as 
vibration data, and detects the abnormal behavior of 
equipment [2]. The indirect detection approach uses process 
profiles such as pH, DO, and ORP, the variation of which is 
measured. Variation under process conditions can provide 
information on whether the fault is caused by process 
problems or by equipment. Direct diagnosis detects equipment 
faults simply but cannot diagnose other process faults or 
identify the cause of the faults.   

In this research, an SBR (Sequence Batch Reactor) plant 
was operated by a PC-based control system in order to treat 
the wastewater stably (Figure 1). The plant contains three 
sensors and four devices. ORP, DO, and pH sensors were 
installed, and a blower, a mixer, and two pumps were operated 
in the plant. This PC-based plant’s design was based on the 
concept of an open system, which can guarantee 
easy-reconfigurable, compatible, and extensible functions. 
LabVIEW was implemented to develop an open system for the 
target SBR plant [3]. Vibration signals were acquired from the 
operating equipment of the SBR plant and preprocessed by 
Fourier transform and Wavelet transform. After 
pre-processing, the decision tree method was used to diagnose 
the faults of the equipment.  

 
2. SEQUENTIAL BATCH REACTOR 

 
2.1 SBR target plant 

In this research, the target plant contained a blower, a mixer, 

and two pumps. To collect the observation data, vibration 
sensors were installed that can measure the vibration signals of 
equipment so that the fault detection of equipment could be 
achieved. In this research, a time-series data mining approach 
was employed to analyze the extracted vibration signals. 
Time-series data mining is new technique has been used 
recently in industrial fields. We applied time-series data 
mining with data preprocessing methods and the data mining 
technique. Figure 2 shows a flowchart of the proposed system. 

 

 
Figure 1. Applied SBR target plant. 
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Figure 2. Flow chart of time-series data mining. 

 
3. DATA TRANSFORM AND DATAMININ TOOLS 
 
3.1 Preprocessing methods 

Fourier transform and wavelet transform are the most 
popular signal processing methods. In this study, the sensing 
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signals were preprocessed by Fourier and wavelet transform to 
extract the features. The transformed signals supported much 
useful information on feature extraction. Equation (1) and (2) 
show the Fourier and wavelet transforms, respectively. 
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3.2 Data mining technique 

Determining thresholds using a decision tree method is one 
of the powerful data mining methods for classification of 
features. Entropy and gain are used to extend branches of 
trees. 
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where S is a collection, pi is the proportion of S belonging to 
class i. If the target attribute can take on c possible values, the 
entropy can be as large as log2c. Values(A) is the set of all 
possible values for attribute A, and Sv is the subset of S. 
 

4. RESULTS AND DISCUSSION 
 
4.1 Sensing of vibration signals of four devices 

The vibration sensors were vertically installed on the 
housing of the equipment’s rotor to detect the faults of 
equipment. The signals were acquired from operating devices 
that included a blower, a mixer, a pump for influent feeding 
(Pump 1), and a pump for external carbon feeding (Pump 2). 

The experimental conditions of the applied equipment were 
set according to abnormal, normal, and stop status. The signals 
for the stop status were collected at the point of stopping and 
the device condition was in normal status. The abnormal status 
was artificially established for the same case under actual field 
faults as follows: a blower had pipe clogging with wastewater 
sludge, a mixer’s pan was irregularly operating because of 
dregs, and Pump 1 and Pump 2 were under an abnormal 
condition caused by pipe sludge. Figure 3 to Fig. 6 show the 
obtained vibration signals that can provide information to 
determine equipment status. In this study, three conditions, 
abnormal, normal, and stop status, were simulated. The 
normal and stop states were set to check the correct operation 
of processes corresponding to control commands. And the 
abnormal state was set to detect independent device faults 
having no relation to control commands. 
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Figure 3. Vibration signals of a blower under. 

Mixer vibration signal
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Figure 4. Vibration signals of a mixer under the three 
conditions. 
 

Pump1 vibration signal
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Figure 5. Vibration signals of an influent pump under the three 
conditions. 

 
Pump2 vibration signal
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Figure 6. Vibration signals of an external carbon source pump 
under the three conditions. 
 
4.2 Application of Fourier transform to each signal 

The sensing data from the vibration sensors showed weak 
points to indicate faults in the equipment. The stop status was 
classified with the abnormal and the normal statuses, but there 
was no significant difference between the abnormal and the 
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normal statuses in the vibration signals. Therefore, we found a 
pre-processing method that is a signal processing approach, 
namely FFT (Fast Fourier Transform). FFT is strong to noise 
and easy to use in physical plants. The abnormal, normal, and 
stop states were detected by the FFT results, which were based 
on vibration signals. The FFT values provide the specific 
features of each status. Figure 7 to Fig. 10 show the FFT 
results for the blower, the mixer, and the pumps under the 
three conditions. 
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Figure 7. FFT signals of a blower under the three conditions. 

 
FFT of mixer vibration signal

0.E+00

2.E-03

4.E-03

6.E-03

0 200 400 600 800 1000
Data sampling

V
ol

ta
ge

 [V
rm

s] abnormal

0.E+00

2.E-03

4.E-03

6.E-03

Data sampling

Vo
lta

ge
 [V

rm
s] normal

0.E+00

1.E-06

2.E-06

3.E-06

0 200 400 600 800 1000
Frequency [1/2Hz]

Vo
lta

ge
 [V

rm
s] stop

 
Figure 8. FFT signals of a mixer under the three conditions. 

 
FFT of pump1 vibration signal
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Figure 9. FFT signals of an influent pump. 

 
FFT of pump2 vibration signal
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Figure 10. FFT signals of an external carbon source pump 
under the three conditions. 
 
4.3 Employment Fourier transform based on energies 

In the previous results, the abnormal, normal, and stop 
status had specific spectra of the natural frequency for each 
case. For numerical calculation, the energy values of FFT 
were applied and compared to detect faults. The energy values 
were calculated by the square of each FFT value and the 
average of the squared values. The sampling data were 
calculated for the energy values of FFT amounted to 1000 as 
shown in Equation (4). 
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Figure 11 to Fig. 13 shows the energy values of each FFT 
result according to the three statuses for the blower and the 
two pumps. The calculated energy values of the blower and 
the two pumps have clearly different distributions in the 
graphs. Therefore, we can ensure that fault detection of the 
three devices is successfully performed. These results indicate 
that the energy values of FFT are suitable values for fault 
detection. Classification rules were extracted by using the 
decision tree method, one of the data mining tools. From the 
results, we confirmed that the classification error is very low 
for the three pieces of equipment. The proposed FFT 
algorithm with decision tree techniques can detect faults of the 
blower, Pump 1, and Pump 2. As shown in the following 
figures, the classification capability is good, though for Pump 
2 there are two errors; however, the system performance is 
adequate for application. Real-time fault detection should be 
possible using the extracted rules with small errors.  

The application results of FFT for the blower, the mixer, 
and the two pumps are presented. The results show the 
possibility of fault detection, but not in mixer cases (Figure 
14), so a new method of feature extraction is required [4]. 
From the decision tree result for the FFT energy values, we 
could perceive that it is difficult to classify the three 
conditions in the abnormal, normal, and stop statuses. As 
shown in the Fig. 14, approximately half of the errors were in 
the abnormal status, about 50% of the errors. This result leads 
to the definite conclusion that the fault of the mixer is not 
easily detected by the proposed approach, namely FFT with 
the decision tree method. To solve this problem, we propose 
implementation of wavelet transform. 
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(a) Energy values of a blower. 

 
Rules:

Rule 1: (10, lift 2.7)
b-FFT-avr ≤ 0.0001859203
→ class 1 [0.917]

Rule 2: (10, lift 2.7)
b-FFT-avr > 0.0001859203
b-FFT-avr ≤ 0.0002030861
→ class 2 [0.917]

Rule 3: (10, lift 2.7)
b-FFT-avr > 0.0002030861
→ class 3 [0.917]

 
(b) Extracted rules for the blower. 

Figure 11. FFT energy values of a blower and decision tree 
rules for classification of the fault cases.  
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Energy calculation results of pump1 cases

 
(a) Energy values of a pumb1. 

 
Rules

Rule 1: (10, lift 2.7)
P1-FFT-avr ≤ 0.0002559595
→ class 1 [0.917]

Rule 2: (10, lift 2.7)
P1-FFT-avr > 0.0002781371
→ class 2 [0.900]

Rule 3: (10, lift 2.7)
P1-FFT-avr > 0.0002559595
P1-FFT-avr ≤ 0.0002781371
→ class 3 [0.786]

 
(b) Extracted rules for the pump1. 

Figure 12. FFT energy values of Pump 1 and decision tree 
rules for classification of the fault cases.  

 

2.00

3.20

4.40

5.60

0 5 10

V
al

ue
 [*

10
-4

]

normal

2.00

3.20

4.40

5.60

0 5 10
Test data [n]

V
al

ue
 [*

10
-4

]

abnormal

2.00

3.20

4.40

5.60

0 5 10

V
ol

ta
ge

 [*
10

-4
 V

rm
s]

stop

Energy calculation results of pump2 cases

 
(a) Energy values of a pump2. 

 
Rules

Rule 1: (10, lift 2.7)
P2-FFT-avr ≤ 0.0002348289
→ class 1 [0.917]

Rule 2: (10, lift 2.7)
P2-FFT-avr > 0.0003624962
→ class 2 [0.917]

Rule 3: (10, lift 2.7)
P2-FFT-avr > 0.0002348289
P2-FFT-avr ≤ 0.0003624962
→ class 3 [0.917]

 
(b) Extracted rules for the pump2. 

Figure 13. FFT energy values of Pump 2 and decision tree 
rules for classification of the fault cases. 
 

 
Figure 14. FFT energy values of the mixer. 

 
4.4 Application of wavelet transform to mixer signals 

The faults of the blower and the two pumps were detected 
by FFT energy values based on the decision tree method, 
whereas the faults of the mixer showed the worst performance 
of fault classification. This result shows that the FFT 
pre-processing approach is not suitable for mixer signals. 
Therefore, it is better to apply a new method to extract the 
special features from mixer signals. In this paper wavelet 
transform was employed to extract the proper features. We 
found that the results of wavelet transform of the fast Fourier 
transformed signals were better than those of the raw signals 
were. If raw signals are transformed by wavelet, synchronous 
problems often occurs that cause bad performance. Figure 15 
shows the procedures of fault detection in the mixer. In the 
first step, FFT is performed, and in the second step, wavelet 
transform is achieved.  

Coiflet was applied for a wavelet function, and 
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decomposition was achieved with 10 levels. The results of 
wavelet transform showed approximate coefficients and detail 
coefficients at each level [5]. As the level becomes higher, the 
detail coefficients extract low-frequency components from 
converted data by Fourier transform, that is, as a low-pass 
filter. FFT data has high-frequency components, so the fault of 
a mixer can be detected in the high-frequency region [6]. 
Figures 16 and Fig. 17 present the results of wavelet transform 
of the first level and second level details for the stop, 
abnormal and normal statuses from top to bottom. Figure 16 
shows the result of wavelet transform with first detail 
coefficients for the abnormal and normal statuses of the mixer 
and Fig. 17 presents the results for the second level. From the 
results, we could distinguish the abnormal and normal 
conditions of the mixer, which is not perfectly achieved by 
just FFT. The average values or each point value could be 
applied for fault detection in this study. 

The wavelet decomposition was performed on the 
FFT-transformed signal of the mixer data. Figure 18 shows the 
energy values of the first details for normal and abnormal 
conditions. The faults of mixers can be detected by the result 
of the wavelet analysis using energy values. With proposed 
diagnosis algorithm, we can detect faults of the four operating 
devices in wastewater treatment plants. 
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Figure 15. Fault detection process in the mixer case that is 
achieved by Fourier and wavelet transform. 
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Figure 16. The 1st details of wavelet transform for FFT data 
including stop, normal, and abnormal conditions. 

 
2nd details under stop, normal, and abnormal conditions
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Figure 17. The 2nd details of wavelet transform for FFT data 
including stop, normal, and abnormal conditions. 
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Figure 18. Fault detection process in the mixer case. 
 

5. CONCLUSIONS 
 
This paper introduced methods that can be used to diagnose 

the faults of SBR operating devices. Three conditions of 
equipments were studied and four pieces of equipment, which 
contained a blower, a mixer, and two pumps, were the targets. 
The applied conditions consisted of abnormal, normal, and 
stop statuses that imitated the physical phenomena in the 
fields.  

The gathered vibration signals were preprocessed by FFT. 
The cases of the blower and the two pumps were well detected 
but the case of the mixer could not be classified by FFT only. 
Therefore, wavelet transform was employed to solve the case 
of the mixer. Wavelet transform showed good results for the 
mixer.  

Classification rules were extracted by the decision tree 
method, which is one of the data mining techniques. The 
applied method is a powerful tool in the design of rules. The 
proposed fault diagnosis system exhibited a good detection 
performance with two preprocessing techniques and the 
decision tree method. 
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