
Journal of Theoretical and Applied Information Technology 
31st March 2023. Vol.101. No 6 

© 2023 Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                    E-ISSN: 1817-3195 

 
2399 

 

 DETECTION OF SOIL FORMATION CHANGES USING A 
FUZZY INFERENCE SYSTEM-BASED OUTLIER  

  

MOCHAMAD LUJENG PRATIKTAMA1, SANI MUHAMAD ISA2, HERMAN YOSEPH 
SUTARTO3 

1 Master Degree Candidate. Computer Science Department, Bina Nusantara University, Jakarta, Indonesia  

2 Lecturer. Computer Science Department, Bina Nusantara University, Jakarta, Indonesia  

3 Lecturer. Institut Teknologi Harapan Bangsa, Bandung, Indonesia  

E-mail:  1mochamad.pratiktama@binus.ac.id, 2sani.m.isa@binus.ac.id, 3hytotok@yahoo.com   
 
 

ABSTRACT 
 

Oil and gas drilling is a risky business because actual rock and soil formations may differ from the plans. 
The application of "artificial intelligence" (AI) is potent to detect soil-rock formation changes. "Fuzzy 
Inference System" (FIS) is one of many AI methods that may be used for outlier data detection from raw 
data sets produced by "Mud Logging Unit" (MLU) equipment from drilling activities. This research will be 
carried out to detect outliers using FIS. Then, detected outliers in drilling data are used to see if these 
outliers indicate changes in drilling parameters. While other research mainly detects outliers directly from 
the data set, this research will get outliers from the calculated standard statistical value that is fed to the FIS. 
Then the FIS results will be combined to determine whether the formation changes are indicated or not. The 
data sets being used are "rotation per minute" (RPM), "rate of penetration" (ROP), and "weight on bit" 
(WOB). From these three datasets, four (4) statistical standard values were calculated, namely DIST, N-
POINT-DIST, MEM-DEG-DIST (distance from data point to center point cluster), and MEAN-DIST for 
each of the datasets mentioned above. The FIS method is used to detect outlier data with the input of the 
four (4) statistical standard values for each of the datasets above. There was outlier data detected at 6672 
points for RPM, 8239 points for ROP, and 6783 points for WOB, respectively. Outlier data results are then 
used for further analysis to conclude whether there was a change in soil formation at a certain drilling 
depth. The result was obtained for 70 data points, indicating a change in soil-rock formation. Verification 
data was collected using the formation log report, and 0.93% of the log report was verified. 

Keywords: Drilling Operation, Fuzzy Inference System, Machine Learning, Outlier Detection, Rock-soil 
Formation 

 
1. INTRODUCTION  
 

Oil and gas wells are drilled deep into the earth 
to access hydrocarbon reservoirs. Various types of 
"drilling rigs" are used to drill these wells, 
depending on the application and condition of the 
location. The rigs use drilling "bits" to drill the hole 
deeper that is attached to the drilling string (the pipe 
that connects and transfers "Weight on Bed" from 
the rig to the end of the bit). This drilling string 
allows drilling mud (which functions as a lubricant 
and drilled debris carrier) to be pumped down to the 
bit and bring the drilled material out from the 
wellbore. 

Drilling operation is critical to the company's 
business and safety operation. Computing 
performance and logic techniques lead to machine 

implementation for reducing risk factors also while 
optimizing cost in many industries. To find 
solutions by reducing the risk of well stability 
problems and reducing costs, it is necessary to have 
a method of detecting changes in soil formation in 
drilling based on data from MLU. 

Every drilled soil-rock formation is different 
with its physical properties such as hardness, 
elasticity, viscosity, and chemical properties that 
affect the dynamics and behavior of the drilling 
respective to the formation.  

Fertl, et al. in [1] indicate in their article that 
drilling rate is a function of weight on the bit, rotary 
speed, bit type and size, hydraulics, the bottom-hole 
cleaning properties of drilling fluid, and formation 
characteristics. From those indications, it can be 
summarized that the drilling parameters that affect 
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drilling performance are weight on the bit (WOB), 
rotary speed (RPM), bit type, and size, hydraulic 
characteristics, and bottom-hole cleaning properties 
of drilling fluid. The drilling function of the 
respective parameter rate of penetration (ROP) or 
penetration speed of drilling to the formation is a 
function of the formation, RPM, and WOB, while 
drilling fluid and other parameters are assumed to 
be constant. when an outlier is detected and there is 
a change in ROP while RPM and WOB remain 
constant. So it can be concluded that there is a 
formation change. From that standpoint, this is a 
significant advance in detecting outliers in drilling 
parameters that represent formation change. A 
warning notice can be generated when the 
formation change occurs as quickly as possible so 
that the engineer can respond immediately to adjust 
and match the operation. This will make it safer and 
optimized.  

The anomaly/outlier data detection system with 
reinforced learning used in this study is the Fuzzy 
Inference System (FIS) method. According to 
Cateni et al. [2] research, the FIS system has 
advantages and disadvantages when compared to 
other methods because this system is known to be a 
combined system to reduce detection weaknesses in 
other systems. 

The data sets being used are rotation per 
minute (RPM), rate of penetration (ROP), and 
weight on bit (WOB). From these three datasets, 
four (4) statistical standard values were calculated, 
namely DIST, N-POINT-DIST, MEM-DEG-DIST 
(distance from data point to center point cluster), 
and MEAN-DIST for each of the datasets 
mentioned above. The FIS method is used to detect 
outlier data with the above four (4) statistical 
standard values as input to generate outlier data. 
This outlier data is then used for further analysis to 
produce a conclusion about whether there was a 
change in soil-rock formation at a certain drilling 
depth. Changes in soil-rock formation are then 
validated by comparing them to the formation log 
report. 

 

2. REFERENCE 
 

2.1 Fuzzy Application for Complex System 
Tamaraat et al. [3] conclude that the fuzzy 

control system has advantages in controlling 
applications in systems with high nonlinearity or 
conditions that are difficult to predict and is very 
suitable for use in complex systems that are difficult 
to model mathematically in their research on fuzzy 

systems applied to the control system for wind 
turbines. Based on this research, the fuzzy method 
has a high possibility of being applied in drilling 
systems. 

2.2 Drilling Data Parameter 
Xue, et al. [4] conducted research by modeling 

a drilling system. Drilling failure is frequently 
caused by vibration in the drill string and drill bit. 
As shown in Figure 1, stick/slip is a function 
parameter value for rotation speed drill string that is 
directly related to spindle rotation speed (RPM) and 
torsional vibration of the drill string itself. The main 
parameters that are important in drilling are the 
spindle rotation speed (RPM), compressive force 
(derived as "weight on bit" / WOB) and soil-rock 
formation character. 

 

Figure 1: Vibration Direction on Drilling Dynamic 

2.3 Membership Based – Fuzzy Logic Outlier 
Detection 

Mazidi, et al. [5] conducted a study by 
observing several methods of detecting anomalous 
data. Each method has advantages and 
disadvantages, so certain anomaly detection 
methods are only suitable for use on certain systems 
or applications. He developed a new method for the 
detection of anomalies in data based on the 
weighting and the degree value of "membership". 

2.4 Machine Learning Application on Wellbore 
Stability Prediction 

In accordance with research conducted by 
Jahanbakhshi, et al. [6], wellbore stability is one of 
the most important and decisive factors for success 
in oil and gas drilling activities. Wellbore stability 
is one of the main challenges because it is related to 
geological conditions (formations), which are very 
complex and strongly influenced by formation 
pressure. The method that will be used in the 
research above is to utilize the artificial neural 
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network (ANN) technique to make optimizations to 
prevent the instability of the drilling process. 

2.5 Industrial application for Fuzzy Outlier 
Detection 

Research conducted by Cateni, et al. [2] aims 
to create an anomaly/outlier data detection system 
by combining several approaches to obtain 
anomalous or outlier data. The methods used in this 
study include model-based outlier detection, the 
grubb test, fast outlier detection, outlier detection 
with RNN, the fuzzy clustering algorithm, and 
several other anomaly detection methods. The fuzzy 
inference system (FIS) is then used to combine the 
results of each method to produce a more precise 
detection of anomaly data while still maintaining 
the quality of the detection. 

 

 

Fuzzy is a form of many-valued logic in which 
the truth value of variables may be any real number 
between 0 and 1. This fuzzy system is based on an 
approach just like people's observations when they 
make decisions based on imprecise and non-
numerical information. FIS is a system that uses 
fuzzy set theory to map an input space to an output 
space. FIS uses a collection of fuzzy membership 
functions and rules to generate an output. A FIS is a 
way of mapping an input space to an output space 
using fuzzy logic. Instead of boolean logic, FIS 
uses a collection of fuzzy membership functions 
and rules to reason about data. 

3.1 Methodology 
In practice, this research will be carried out to 

detect outliers using FIS. Then, detected outliers in 
drilling data are used to see if these outliers indicate 
changes in drilling parameters, particularly data of 
RPM, ROP, and WOB. While other research 
mainly detects outliers directly from the data set, 
this research will get outliers from the calculated 
standard statistical value that is fed to the FIS. Then 
the FIS results will be combined to determine 
whether the formation changes are indicated or not.  

For those above, raw data from the MLU is 
obtained, which is then prefiltered so that only the 
selected dataset is used. From these three (3) 
datasets, four (4) statistical standard values were 
calculated, namely DIST, N-POINT-DIST, MEM-
DEG-DIST (distance from data point to center 
point cluster), and MEAN-DIST for each of the 
datasets mentioned above.  

The FIS method is used to detect outlier data 
with input in the form of the four (4) statistical 

standard values for each ROP, RPM, and WOB 
dataset to produce three (3) outlier datasets for each 
data set. When anomalous data or outliers are 
detected, this indicates a significant change in 
parameters compared to the average data points and 
creates a batch outlier dataset. These outlier 
datasets were then processed again to indicate a 
variable named "change of formation/perubahan 
formasi tanah" according to the process in Figure 2.  

Soil formation changes can be defined if there 
were changes in ROP (anomaly data), but the RPM 
and WOB are relative constants (normal). When all 
data produce outliers, then this condition cannot be 
determined to detect changes in soil formation.  

 
Figure 2: Method Obtaining “Perubahan Formasi 

Tanah” 

3.2 Procedure 
The research was carried out in the following 

steps, which are depicted in Figure 6. 

a. Get data from the data storage and/or real-time 
MLU (mud logging unit) that generates and 
measures real time drilling data. 

b. The model requires data pre-processing before it 
can be used. Data collected from a field has many 
parameters in the drilling system; for this study, 
we only use the types of data described in Table 
1. 

Table 1: MLU Data Used for Research 

No Physical Variable Unit 
1 Time - 
2 Hook load (avg) N 
3 Rate-Of-Penetration (ROP) m/s 
4 Revolution-Per-Minute (RPM) rad/s 
5 Depth Tracking  m 

 

c. Filtering data of RPM, WOB, ROP.  
This process will filter MLU data to only include 
the information needed for the calculation. RPM, 
WOB, ROP, and depth will be used as data.  

d. Secondary data preparation.  
In this study, each of these data sets will go 
through a calculation process according to the 
following four (4) statistical calculations as 
below. 
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 Centroid-data point distance named as 
‘DIST’, 

 Neighboring Point Center-Data Point distance 
named as ‘N-POINT-DIST’, 

 The K-Means Clustering method is used to 
determine the cluster center point. With the 
known cluster center, then the distance center 
cluster value to the data points can be 
calculated as ‘MEM-DEG-DIST’, and 

 Mean distance to data points as named 
‘MEAN-DIST’. 

e. Outlier detection.  
FIS methods are used to detect outlier data, from 
which the input was four data points for the 
statistical calculation above. 

f. Combining outlier.  
The resulting outlier data is then processed to 
produce formation change data, as shown in 
Figure 7. Outlier data detected in the ROP data 
set will set a "formation change" value, but when 
the RPM data and WOB data are detected as 
outliers, the "formation change" variable is 
changed back to "no change" per the relation 
matrix seen in Table 2. 

Table 2: Relation matrix for detected outlier – formation 
changes 

Condition ROP RPM WOB Formation 
1 normal normal normal no-change 
2 outlier normal normal change 
3 outlier outlier normal n/a 
4 outlier outlier outlier n/a 

 

g. Validation.  
Finally, the formation change detection result is 
then compared to the drilling report to validate 
that the formation changes are in accordance with 
each depth point. 

 

4.1 Data Processing  
Data will be processed in the items listed 

below.  
a. MLU raw data  

Data can be obtained from MLU data storage 
sources or MLU real-time input data, which 
generates and measures drilling data in real-time. 
Real-time data is sourced from drilling 
instrumentation in the form of continuous data. 
MLU stored data is presented in ASCII format, 
as seen in Figure 3. 

 
Figure 3: Stored MLU Data 

b. Platform  
The google.colabs service can be used for various 
purposes of data simulation and data analysis 
using the Python language base. In addition, this 
service enables easy access to cloud hardware 
combined with many versions of open-source 
licenses and installation features. 

c. Setup environment & variables  
It is needed to import the Scikit-Fuzzy, Numpy, 
and Pandas libraries in order to set the 
environment and install the libraries required by 
the next process. 

d. Data filtering  
Filtering is performed to select data that is only 
related and required as input into the research 
model. This operation can be illustrated in Figure 
4. 

 
Figure 4: Filtering Data 

e. Statistical attribute data calculation  
There are four (4) variables in the statistical 
attribute that shall be calculated for each data 
point inside the dataset (RPM, WOB, and ROP). 
Those variables are described as follows. 
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 Variable ‘DIST’ calculated with following 
function (1). 

 (1) 
 ‘N-POINT-DIST’ is the distance value 

from the neighboring point centroid to the 
data point. The specified neighboring 
points are 15 data points that follow the 
assumption of formation and will be the 
same for every 15 levels of depth. This 
value must come after function (2) below. 

 (2) 
 The K-Means Clustering method is run 

first to find the center cluster value for 
each dataset. The number of clusters is 
assumed to be 10 clusters for the entire 
depth data point. After knowing the center 
point of the cluster, the ‘MEM-DEG-
DIST" calculation is made according to 
the following function (3). 

 (3) 
 "MEAN-DIST," calculated from the 

distance between data points to the "mean" 
value of the total data being processed, is 
the final variable. 

f. FIS outlier detection  
The initial process was determining the 
membership function of fuzzy input and output. 
The input set uses a Gaussian distribution 
function.  

Before the fuzzy process is run, the program 
searches for max, min, mean, and median values 
for statistical attribute data in the previous steps. 
These maximum and minimum values are used 
as reference values in the formation of sets and 
membership functions. The following shows an 
example of a code snippet for the formation of 
sets and membership functions for the ROP, 
RPM, and WOB datasets and the output 
membership function "Outindx" below. 

The FIS method is used as Mamdani FIS with six 
(6) rules applied, as seen on Figure 8. Those rules 
are described as in Table 3 below. 

 

 

Table 3: Antecedent Membership List 

No Rules Category 

No Rules Category 

1 
rules 
A: 

 IF (dist IS very high) AND (n-points IS 
very small) AND (memb-deg IS low) AND 
(mean-dist IS big) THEN (outindx IS very 
high). 

2 
rules 

B: 

IF (dist IS medium) AND (n-points IS 
small) and (memb-deg IS quite low) and 
(mean-dist IS small) THEN (outindx IS 
quite high) 

3 
rules 

C: 

IF (dist IS low) AND (n-points IS medium) 
and (memb-deg IS quite low) AND (mean-
dist IS very small) THEN (outindx IS low) 

4 
rules 
D: 

IF (dist IS medium) and (n-points IS very 
small) AND (memb-deg IS quite low) AND 
(mean-dist IS small) THEN (outindx IS 
high) 

5 
rules 

E: 

IF (dist IS low) AND (n-points IS small) 
AND (memb-deg IS high) AND (mean-
distance IS quite big) THEN (outindx IS 
low) 

6 
rules 

F: 

IF (dist IS low) AND (n-points IS medium) 
AND (memb-deg IS high) AND (mean-dist 
IS small) THEN (outindx IS low). 

 

Because the FIS Input membership function 
(antecedent) applies to each secondary data 
(statistical attribute), the total combination 
membership function was 12 antecedent 
membership functions, as shown in Table 4.  

Table 4: Antecedent Membership List 

No Dataset Statistical Attr. Membership 

1 
ROP, 
RPM, 
WOB 

DIST 
dist_rop,  
dist_rpm,  
dist_wob 

2 
ROP, 
RPM, 
WOB 

N-POINT 
n_point_rop,  
n_point_rpm,  
n_point_wob 

3 
ROP, 
RPM, 
WOB 

MEMB-DEG 
mem_deg_rop, 
mem_deg_rpm, 
mem_deg_wob 

4 
ROP, 
RPM, 
WOB 

MEAN-DIST 
mean_dist_rop, 
mean_dist_rpm, 
mean_dist_wob 

 

Below is a code snippet as an example for 
determining the parameter value of fuzzification 
membership for "dist_rop." This code also 
applies to and is modified for all twelve (12) 
antecedent related ROP, RPM, and WOB for 
each DIST, N-POINT, MEMB-DEG, and 
MEAN-DIST presented in Table 4 above.  

#setting for fuzzification parameter setting 

#-----------------Setting Parameter------------ 

#DIST ROP Parameter:  

x=dffh.at['min','dist_rop'] 

y=dffh.at['max','dist_rop'] 

delta = abs(x-y) 
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dismean_rop_low = x 

dismean_rop_mid = x+(delta*3/6) 

dismean_rop_high = y 

zigma_rop = delta/6 

 

u_dist_rop['low'] = fuzz.gaussmf(u_dist_rop.universe, 

dismean_rop_low, zigma_rop) 

u_dist_rop['mid'] = fuzz.gaussmf(u_dist_rop.universe, 

dismean_rop_mid, zigma_rop) 

u_dist_rop['high']= fuzz.gaussmf(u_dist_rop.universe, 

dismean_rop_high, zigma_rop) 

 

There are only three (3) output memberships in 
the FIS Output Membership function 
(consequent), which are outindx_rop, 
outindx_rpm, and outindx_wob. Figure 5 show 
plot example of "dist_wob" and "outindx_rop" 
membership functions. 

Using the code snippet below, you can determine 
the next membership parameter based on the 
result.  

#Output parameter (outindx) 

zigma_out = 0.15 

mean_out_low = 0 

mean_out_quitehigh = 0.6 

mean_out_high = 0.8 

mean_out_veryhigh = 1 

 

u_outindx_rop['low'] =  

fuzz.gaussmf(u_outindx_rop.universe, mean_out_low, 

zigma_out) 

u_outindx_rop['quitehigh'] =  

fuzz.gaussmf(u_outindx_rop.universe, mean_out_quite

high, zigma_out) 

u_outindx_rop['high'] =  

fuzz.gaussmf(u_outindx_rop.universe, mean_out_high,

 zigma_out) 

u_outindx_rop['veryhigh'] =  

fuzz.gaussmf(u_outindx_rop.universe, mean_out_veryh

igh, zigma_out) 

 

u_outindx_rpm['low'] =  

fuzz.gaussmf(u_outindx_rpm.universe, mean_out_low, 

zigma_out) 

u_outindx_rpm['quitehigh'] =  

fuzz.gaussmf(u_outindx_rpm.universe, mean_out_quite

high, zigma_out) 

u_outindx_rpm['high'] =  

fuzz.gaussmf(u_outindx_rpm.universe, mean_out_high,

 zigma_out) 

u_outindx_rpm['veryhigh'] =  

fuzz.gaussmf(u_outindx_rpm.universe, mean_out_veryh

igh, zigma_out) 

 

u_outindx_wob['low'] =  

fuzz.gaussmf(u_outindx_wob.universe, mean_out_low, 

zigma_out) 

u_outindx_wob['quitehigh'] =  

fuzz.gaussmf(u_outindx_wob.universe, mean_out_quite

high, zigma_out) 

u_outindx_wob['high'] =  

fuzz.gaussmf(u_outindx_wob.universe, mean_out_high,

 zigma_out) 

u_outindx_wob['veryhigh'] =  

fuzz.gaussmf(u_outindx_wob.universe, mean_out_veryh

igh, zigma_out) 

 

 

 

(a)

 

(b) 

Figure 5. (a) Antecedent “dist_wob” membership 
function and (b) Consequent “outindx_rop” membership 

function 

After the previous process of defining the rules 
and control settings, the FIS simulation is then run 
(with input in the form of data in each row of the 
dataset) according to the code snippet provided 
below. 

#computing for every data row value 

i=0 

for row in dfg.itertuples(): 

 outindxing_rop.input['dist_rop']=dfg.at[i,'dist_rop'] 
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 outindxing_rop.input['n_pt_dist_rop']=dfg.at[i,'n_pt_

dist_rop'] 

 outindxing_rop.input['MEM_DEG_rop']=dfg.at[i,'MEM_DEG

_rop'] 

 outindxing_rop.input['MEAN_DIS_DATA_rop']=dfg.at[i,'M

EAN_DIS_DATA_rop'] 

   

 outindxing_rop.compute() 

 dfg.at[i,'outindx_rop'] = outindxing_rop.output['outi

ndx_rop'] 

   

 outindxing_rpm.input['dist_rpm']=dfg.at[i,'dist_rpm'] 

 outindxing_rpm.input['n_pt_dist_rpm']=dfg.at[i,'n_pt_

dist_rpm'] 

 outindxing_rpm.input['MEM_DEG_rpm']=dfg.at[i,'MEM_DEG

_rpm'] 

 outindxing_rpm.input['MEAN_DIS_DATA_rpm']=dfg.at[i,'M

EAN_DIS_DATA_rpm'] 

   

  outindxing_rpm.compute() 

  dfg.at[i,'outindx_rpm'] = outindxing_rpm.output['out

indx_rpm'] 

 

 outindxing_wob.input['dist_wob']=dfg.at[i,'dist_wob'] 

 outindxing_wob.input['n_pt_dist_wob']=dfg.at[i,'n_pt_

dist_wob'] 

 outindxing_wob.input['MEM_DEG_wob']=dfg.at[i,'MEM_DEG

_wob'] 

 outindxing_wob.input['MEAN_DIS_DATA_wob']=dfg.at[i,'M

EAN_DIS_DATA_wob'] 

   

 outindxing_wob.compute() 

 dfg.at[i,'outindx_wob'] = outindxing_wob.output['outi

ndx_wob'] 

i=i+1 

 

4.2 Result  
Detected outliers or anomalies at drilling depth 

for each dataset (ROP, RPM, and WOB) can be 
seen in Figures 9, 10, and 11 respectively. Then 
from that outlier data then the FIS Output (outindx) 
value of each dataset (ROP, RPM, and WOB) is 
seen at Figure 12. 

The MLU datasets above have been processed 
with calculation into four (4) statistical values, and 
then those results are processed further with FIS to 
obtain outliers. The detected outliers for each 
dataset are then combined to indicate soil formation 
changes. The FIS method using input in the form of 
drilling data in this study has been obtained and 
resulted in some outlier data being detected. Based 
on the approach and results of the FIS operation, 
detected outliers indicating formation changes 
amounted to 70 data points, as seen in Figure 13.  

According to the results, only 70 data points 
out of a total of 8548 data points (drilling depths 
ranging from 180 ft to 8855 ft) indicate change in 
soil formation. These 70-point results are then 
compared with the formation log report, which has 
218 points indicating soil formation changes. It was 
found that only two data points were verified. The 
method conducted in this research has a calculated 
certainty level of 0.93%. 

 

5. CONCLUSION 
 
Reducing the risk of well stability problems 

during drilling is necessary. Detecting changes in 
soil formation in drilling based on data from MLU 
has a good opportunity to reduce the above-
mentioned risk.  

The MLU data that is processed is depth, ROP, 
RPM, and WOB. From these data sets, four (4) 
statistical parameters are calculated as input for FIS 
outlier detection. Then, detected outliers in drilling 
data are used to see if these outliers indicate 
changes in drilling parameters. Then the FIS results 
will be combined to determine whether the 
formation changes are indicated or not. In this 
study, the FIS method was obtained, and outlier 
data was detected using input in the form of drilling 
data.  

Based on the approach and results of the FIS 
operation, detected outliers indicating formation 
changes amounted to 70 data points out of a total of 
8548 data points (covering drilling depths from 180 
ft to 8855 ft). These results are then compared with 
the formation log report, which has 218 soil 
formation changes. Only two data points were 
verified to match the formation log report. The 
method conducted in this research has a calculated 
certainty level of 0.93%. 

This method has a low degree of certainty, and 
this result shall not be verified using a formation 
log report. This is because the data report comes 
from the MLU data storage that recorded and 
captured the measurement of mud in the "surface 
area". This data may be very different from what 
the actuals should be due to a delay in information 
caused by the time needed for cutting to reach 
surface ground level to be measured.  

Unfortunately, the data that comes from MLU 
storage is stored data that has undergone an 
averaging and filtering process so that it becomes 
limited and has been "disturbed" from the actual 
data. Most likely, the developed system in this 



Journal of Theoretical and Applied Information Technology 
31st March 2023. Vol.101. No 6 

© 2023 Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                    E-ISSN: 1817-3195 

 
2406 

 

research was not able to detect any changes in soil 
formation due to this "disturbed" data. 

Based on this research, the FIS method still 
needs to be optimized by adding more data to be 
used as feedback and training to increase the 
accuracy of the FIS model and to require further 
input from the expert to improve the quality of 
detection. 
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Figure 6: Steps Procedure 

 
 

 
Figure 7: Detection Method of Soil Formation Changes 

 

 
Figure 8: FIS Model (Input – Rules – Output) 
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Figure 9: Outlier vs ROP Data “rop_anomali” 

 

 
Figure 10: Outlier vs RPM Data “rpm_anomali” 
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Figure 11: Outlier vs WOB Data “wob_anomali” 

 

 
Figure 12: FIS Output Value vs Depth for WOB, RPM, and ROP 
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Figure 13: Detected Formation Change vs Actual Log Report “perubahan formasi report”  

 

70 point, detected 
formation change 
 

218 point, Report 
based formation 
change 
 


