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INTRODUCTION 

Limited geomechanical studies have been conducted 
on sedimentary rocks for example sandstones in 
Peninsular Malaysia. Previous studies in Bukit Merah 
area focused more on the stratigraphy and tectonic 
setting of the Semanggol Formation, either on the 
southern or northern part of Gunung Semanggol. 
The main objective of this research is to establish 
a relationship between the rock mass rating of the 
sedimentary rocks with rock slope stability of a 
roadside slope near Bukit Merah Laketown Resort.

Mechanical properties of rock masses are described by 
the strength of the rock and also by the roughness and 
behavior of fractures. Rock mechanics testing such as 
point load test, Schmidt hammer rebound test, and 

shear strength test are basic experiments required 
to obtain the uniaxial compression strength (UCS) of 
rocks. A discontinuity survey using scanline method is 
conducted to classify the rock mass and correlated it 
with the Slope Mass Rating (SMR) classification system. 

Classification of the rock using the Rock Mass Rating 
(RMR) system can be conducted based on the data 
collection and results of tests or surveys. Bieniawski 
[1] developed the geomechanics classification or 
the Rock Mass Rating (RMR) system under the South 
African Scientific and Industrial Research (CSIR) based 
on his experiences in shallow tunnels involving 
sedimentary rocks [2].

The classification system then subsequently 
underwent several changes until it was adopted 
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ABSTRACT 

Limited geomechanical studies have been conducted on sedimentary rocks; e.g., sandstones iǹ  Peninsular Malaysia. 
Thus, the study presented in this paper aims to investigate rock slope stability of a Bukit Merah outcrop located in 
Perak, Malaysia. The methods used are geological fieldwork and laboratory investigations related to geomechanical 
characterization. The area has been subjected to tectonically compressional stresses as the outcrop is highly folded and 
fractured. The uniaxial compressive strength (UCS) of the rock material obtained from 4 rock mechanics test namely; 
Brazilian test, Point load test, triaxial test, and Schmidt hammer test which are 83.51 MPa, 78.27 MPa, 167.8 MPa and 
84 MPa respectively. The average UCS value is 81.93 MPa. From the discontinuity survey, the rock mass and slope rated 
according to the basic Rock Mass Rating (RMRbasic) and Slope Mass Rating (SMR) classification system where the 
values obtained are 79 and 76.6 respectively. These ratings classified the slope into Class II, which is stable and has 
a good rock mass quality with some block failure. From kinematic slope stability analysis, the structural conditions 
satisfy the wedge failure case.  

Keywords: Uniaxial compressive strength, rock mass rating, slope mass rating, slope Class II
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by International Society for Rock Mechanics (ISRM) 
to describe the rock mass (1978). There are six main 
components as stated by Bieniawski [1] that are 
necessary for the application of the geomechanics 
classification system:

1. Uniaxial compressive strength 
2. Rock quality designation
3. Discontinuity spacing
4. Discontinuity condition
5. Ground water condition, and
6. Discontinuity orientation 

To obtain these necessary parameters, a modified 
sheet of discontinuity survey is used in collecting 
geological data in the field. From the RMR data, the 
slope mass ratings were then computed.

MATERIALS AND METHODOLOGY

Discontinuity Survey 

To collect data for rock mass classification, a 
discontinuity survey using the scanline method was 
conducted along 30 meters of exposed the outcrop. 
For each discontinuity along the scanline, the factors 
that would affect the discontinuity was evaluated. 
A data sheet for the discontinuity survey was used 
to record all the necessary measurement and 
observations. 

The rating value for each significant parameter was 
used to calculate the rock mass rating and classify the 
rock mass. Surface roughness measurement was also 
conducted during the discontinuity survey by using 
Barton Comb profilometer as shown in Figure 1. 

Figure 1  A Barton comb

The pattern shown at the edge of the comb was 
compared with the roughness profile for JRC range as 
shown in Figure 2 to obtain the respective JRC values. 

Based on the data sheet of the discontinuity survey, 
the RMRbasic values were calculated by using the RMR 
system as tabulated in Table 1.  
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Figure 2  Typical JRC value

Table 1  Rock mass rating (Bieniawski [3])

Parameter Ranges of Values

UCS
Values >250 Mpa 100 - 200 MPa 50 - 100 MPa 25 - 50 MPa 5 - 25     1 - 5   <1 MPa

Rating 15 12 7 4 2             1           0

RQD
Values 90 - 100% 75 - 90% 50 - 75% 25 - 50% 25%

Rating 20 17 13 8 3

Joint Spacing
Values > 2 m 0.6 - 2.0 m 200 - 600 mm 60 - 200 mm <60 mm

Rating 20 15 10 8 5

Joint 
Condition

Values

Very rough 
surfaces

No 
Continuous 

No separation 
Unweathered 

wall

Slightly rough 
surfaces

Separation < 
1mm

Slightly 
weathered wall

Slightly rough 
surfaces

Separation < 
1mm

Highly weathered 
wall

Slickensided 
surfaces

OR gauge < 
5mm thick  OR 
separation 1-5 

mm

Soft gauge > 5 mm
OR separation >5 mm

continous

Rating 30 25 25 25 0

Groundwater
Completely 

dry Damp Wet Dripping Flowing

Rating 15 10 7 4 0
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Slope Mass Rating

The rock mass was then classified according to the 
final rate accumulated. The slope mass rating was 
calculated using the following equation:

SMR = RMRbasic +  (F1.F2.F3) + F4
Where, 

F1 depends on the parallelism between joints and 
slope face strikes, 

F2 refers to the joint dip angle in the failure mode,
F3 refers to the relationship between the slope face 
and joint dips,
F4 pertains to the adjustment for the method of 
excavation; natural slopes or normal blasting. 

From the calculated SMR value, the table below was 
used to classify the slope. Table 2 shows the stability 
classes. 

Table 2  Slope mass rating [4]

Class V VI III II I

SMR value 0.20 21 - 40 41 - 60 61 - 80 81 - 100

Rock mass 
description Very bad Bad Normal Good Very good

Stability Completely 
unstable Unstable Partialy stable Stable Completely 

stable

Failures
Big planar 
or soil like 
structure

Planar or big 
wedges

Planar along some 
joint and many 

wedges

Some 
block 
failure

No failure

Probability 
of failure 0.9 0.6 0.4 0.2 0

RESULTS AND DISCUSSION

Based on all the rock mechanics tests, the following 
UCS were obtained as shown in Table 3.  

Table 3  Different UCS values from different rock testing

Rock Mechanic Test Average UCS (MPa)

Brazilian test 83.51

Point load test 78.27

Triaxial test 167.8

Schmidt hammer test 84.00
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Since the triaxial test is influenced by confining 
pressure, it was not included to find the UCS value of 
Bukit Merah sandstone.  Thus, the average estimated 
average UCS value for sandstone at the Bukit Merah 
outcrop is 82 MPa.

Rock mass rating and slope mass rating

Using the data collected from the discontinuity survey, 
the basic rating value, RMRbasic was determined 
using the rock mass classification Bieniawski [3] as 
shown in Table 4.  

Table 4  RMRbasic rating system (Bieniawski, 1989)

No. Parameter Value 
obtained Rating

1
Strength of 
intact rock 

material

Point load strength 
index 2 - 4 MPa 2.97 * 3.78 MPa

7Unaxial 
compressive 

strangth
50 - 100 MPa 70 - 85 MPa

2 Drill core 
quality (RQD) 7.5% - 90% 80% 17

3 Spacing of 
discontinuities 0.6 - 2.0 m 0.6 - 2.0 m 15

4 Condition of 
discontinuities

Slightly rough surfaces Separation 
<1mm

Slightlyweathered walls
- 25

5 Ground water General condition Completely dry - 15

Total Rating 79

Based on rock mass classes from the total rating, the 
value RMRbasic of 79 obtained fall into the range of 61-
80 which is classified as Class II and described as good 
rock mass. 

Using the values of major discontinuities and the slope 
orientation/slope angle, the respective correction 
factor of the Slope Mass Rating (SMR) system 
were determined. Together with the RMRbasicvalue 
determined earlier and the correction factors, the 
SMR value was determined as shown in Table 5.  

Based on Table 5, the correction parameters are 
determined as follow: 

F1 = 0.40
F2 = 1.00
F3 = -6.00
F4 = 0.00 (Excavation method: Blasting or mechanical) 

Thus, SMR value is calculated as the following: 

SMR = RMRbasic + (F1.F2.F3) + F4

SMR = 79 + (0.4 x 1 x (-6) + 0

           = 77 

The value obtained is 76.6 and as such make the slope 
at the Bukit Merah outcrop as classified as a stable 
slope of good rock with only some block failure as the 
probability of failure is only 0.2.  
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Table 5  Slope Mass Rating System (Romana, 1985)

Case of Slope Failure Very Favourable Favourable Fair Unfavourable Very 
Unfavourable

P 
T
W

|aj - as|
|aj - as - 180|

|aj - as|
>30% 30° - 20°

F1 Value 0.15 0.40 0.70 0.85 1.00

P
W

|βj|
|βi|

<20° 20° - 30° 30° - 35° 35° - 45° > 45°

F2 Value
P/W 0.15 0.40 0.70 0.85 1.00

T 1.0 1.0 1.0 1.0 1.0

P
W

|βj - βs|
|βi  - βs|

>10° 10° - 0 0° 0°-(-10°) < -10°

T |βj + βs| < 110° 110° - 120° > 120°
F3 Value 0 -6 -25 -50 -60

Slope stability analysis

A total of 220 discontinuity orientation readings were 
collected during the geological fieldwork. Using these 

data, the density and plane plot are constructed and 
shown in Figure 6 and Figure 7.

 

Figure 6  Density plot of outcrop at Bukit Merah 
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Figure 7  Plane plot of the outcrop at Bukit Merah

From the contouring, the major discontinuity planes 
were determined as shown in Figure 7. The following 
is the details of the plot as shown below:

1. Fracture 1 oriented WNW
2. Fracture 2 oriented SSE
3. Bedding oriented NNW

Based on the plots, there are two major fractures at 
the Bukit Merah outcrop and they are oriented with 
dip angles ranging from 60-70°. These fractures are 
conjugate joints as observed at the outcrop. These 
fractures can lead to wedge failure on the rock slope.

Figure 8  The kinematic slope stability analysis
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Figure 8 above shows the results of the kinematic 
slope stability analysis. The dip direction of the slope 
is 252° which is approximate to the trend of the line of 
intersection, 239°. The plunge of the intersection line 
is 52° and it is less than the dip of the slope face which 
is 65°. The basic friction angle of the fracture surfaces 
is approximately 30° taken to represent the worst case 
scenario and is smaller than the plunge of the line of 
intersection. Therefore, structural conditions satisfy 
the wedge failure case. This is in agreement with the 
slope mass rating classification probability of failure 
0.2 for wedge failure cases

CONCLUSION

The structural analysis shows that there are three 
major sets of discontinuities, a bedding plane and 
another two which represent the fractures with 
different orientations. In the geomechanical analysis, 
four estimated Uniaxial Compressive Strength of the 
rock were obtained from rock mechanics test, which 
are 83.51 MPa, 78.27 MPa, 167.8 MPa and 84 MPa 
respectively. The average of these UCS values is 81.93 
MPa.  RMRbasic obtained is 79 considering several 
parameters including the rock strength. Consequently, 
after the correction factor, the SMR value calculated 
is 77. These rating classified the slope into Class II, 
which is stable and has good rocks. Therefore, from 
the kinematic slope stability analysis, these structural 
conditions satisfy the wedge failure case. This is an 
agreement with the slope mass rating classification 
probability of failure 0.2 for wedge failure cases.
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ABSTRACT

Carbon dioxide (CO2) sequestration is one of the solutions to reduce the amount of CO2 emissions. Nevertheless, 
chemical reaction products between CO2, brine and rock formation may precipitate resulting in formation damage 
which affects well injectivity. A simulation study was conducted using sandstone reservoir as a case study. A 
compositional simulator (CMG-GEM) was used to predict and evaluate formation damage due to CO2 sequestration. 
Several simulation runs were conducted under different scenarios such as injection pressure and rate, and injection 
schemes. There are three types of injection schemes which are Simultaneously Water Alternating Gas injection (SWAG), 
Water Alternating Gas injection (WAG) and continuous CO2 injection. Simulation results from CMG-GEM software 
were compared with the results from developed spreadsheet using appropriate equations be used in this project. 
Pressure profile from the spreadsheet and simulation runs was compared and analyzed for effective management of 
CO2 sequestration. 

Keywords: sequestration, formation damage, well injectivity, precipitation, permeability.

INTRODUCTION 

The possibility of a worldwide temperature alteration, 
known as global warming is a matter of real open 
concern. In the nineteenth century, the concentration 
of CO2 in the environment has been expanding due 
to industrialization. Other than that, there are several 
factors that also contribute to this problem such as 
fossil fuel burning and deforestation [1]-[3]. Changes 
in concentration of CO2 can perturb the current 
climate. Recent investigations have shown that 
worldwide normal temperatures are expanding at 
extraordinary rates. Over the past century, CO2 is the 
major contributor to the problem [1],[4].

Reduction of carbon dioxide needs to be done 
in order to keep the wellbeing of human and 
environment [1],[5],[6].  As a result, CO2 sequestration 
is an effective alternative for reducing the amount 

of the CO2 emissions [2],[3],[7]. In essence, CO2 
sequestration is a process that uses to store CO2 in the 
subsurface for a long period [1]. There are four types 
of trapping mechanisms that can be used to confine 
CO2 in geological formation which are solubility 
trapping, structural trapping, mineral trapping and 
residual phase trapping. However, the best trapping 
mechanisms are residual phase trapping and solubility 
trapping since the risk of gas leakage is very small [8,9]. 

Unfortunately, injection of CO2 into the reservoir for 
the purpose of sequestration often leads to formation 
damage. Fundamentally, formation damage is defined 
as any unintended impedance to the flow of fluid 
into or out of the wellbore [10],[11],[12]. It is a serious 
problem in oil and gas industry that needs to be 
avoided because well productivity can be adversely 
affected by formation damage [8],[13]. It is influenced 
by diverse factors in the different reservoir. Normally, 
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formation damage problems come up due to the 
precipitation of chemical substances such as kaolinite, 
anorthite and calcium carbonate [14].

Due to formation damage, there will be permeability 
reduction that can reduce the productivity of 
well [13]. The formation damage prevents further 
injection of CO2 into the geological formations since 
the permeability of the formation is reduced. Thus, 
it militates against CO2 storage as the maximum 
volume of CO2 cannot be reached for a given pore 
volume. Therefore, it is necessary to evaluate well 
injectivity issues surrounding the formation damage 
caused by carbon dioxide sequestration and this is the 
main objective of this project. Besides, the purpose 
of conducting this project is to predict potential 
formation damage due to CO2 sequestration and .to 
predict the amount of carbon dioxide that can be 
stored or injected into given pore volume. Lastly, it is to 
evaluate the effect of various injection schemes on the 
extent or severity of formation damage by using three 
different injection schemes; Simultaneously Water 
Alternating Gas injection (SWAG), Water Alternating 
Gas injection (WAG) and continuous injection.

SWAG technique is characterized as an injection of 
water and gas at the same period constantly into a bit 
or the whole thickness of the formation.  Meanwhile, 
water and gas are injected in a fixed ratio alternately 
into the reservoir in the WAG process [15]. The fixed 
ratio is referred to the WAG ratio which is an imperative 
factor in deciding; as it is an urgent to determine the 
best conditions that give high recovery [16]. In CO2 
sequestration, WAG injection is a good option since it 
allows a huge volume of CO2 to be stored by residual 
phase trapping. Other than that, the average pressure 
in WAG injection will be less than in SWAG injection 
is proved by a simulation study [8],[17]. The reservoir 
pressure increases rapidly when using SWAG injection 
[15]. In order to achieve the objective, a simulation 
study was conducted together with some essential 
equations.
 

METHODOLOGY

Procedure of Creating Base Case Model 
using CMG-GEM

Base reservoir model for CO2 sequestration is first 
created by illustrating the workflow in Winprop 
and Builder. Winprop will be used to create a basic 
compositional fluid model for input in GEM and 
BUILDER will also be utilized in the building of a 
2-dimensional reservoir model. Under reservoir 
description section, the grids are created using 100 
(I‐direction) x 1 (J‐direction) x 20 (K‐direction). The 
reservoir properties such as rock compressibility, 
porosity, and permeability are included in this section. 
Creation of compositional fluid model in Winprop. 
Methane is added as a trace component so that gas 
phase exist in each grid block and gas phase properties 
are continuously calculated. Also, properties of water 
are added in this section. Type of rock is created and 
edited under rock-fluid section together with relative 
permeability of liquid and gas. Insert the value of oil 
zone and gas cap composition and water gas contact.

CO2 injector well is added with the surface gas/oil 
rate constraint. Besides, the mole fraction of CO2 is 
specified to 1.0. The injector is monitored to be shut in 
after a certain period. All of these data are done under 
wells and recurrent section. Well perforation also has 
been done under this section at desired depth. Then, 
mineralization trapping mechanism is included by 
adding the mineral reactions data. Mineralization is 
the safest form of trapping even it takes longest of the 
different mechanism. This is because CO2 should go 
into before being precipitated in a mineralized form. 
The permeability will change due to porosity change 
because of mineral precipitation.

After finish creating the model, run the simulator to 
get the results by dragging .dat file onto GEM icon. 
The results can be visualized in Result 3D and well 
performance can be generated from Results Graph. 
After completed one model, repeat the same things 
but change the surface gas/water rate constraint since 
several different gas/oil rates will be used in order to 
compare all of the results. Thus, the interpretation can 
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be done and analyzed after running all the simulations 
for each different scenario by altering the base case 
model.

Pressure Profile

Pressure profile is plotted by using data that obtained 
from Well Testing by John Lee. From the textbook, 

some needed information is given such as pore 
volume, compressibility factor, the bottomhole 
pressure at specific time and flow rate. As a result, 
injection pressure versus time is plotted by assuming 
the given bottomhole pressure is the injection 
pressure. Injection pressure and time are tabulated in 
Table 2.1.

Table 2.1  Well test data

Time, 
hrs

Pinjection, 
psi

Time, 
hrs

Pinjection, 
psi

0 3429 35.8 3549

0.12 3446 43 3555

1.94 3460 51.5 3561

2.79 3472 61.8 3567

4.01 3481 74.2 3573

4.82 3490 89.1 3586

5.78 3497 107 3593

6.94 3503 128 3600

8.32 3509 154 3607

9.99 3515 185 3616

14.4 3521 222 3636

17.3 3526 266 3653

20.7 3532 319 3699

24.9 3537 383 3812

29.8 3544 460 4412

From the pressure profile, the volume of CO2 can be 
calculated using the gradient of the slope at a specific 
time. To obtain the gradient of the slope, Cartesian 
graph is used to plot the pressure profile. Then, the 
value of the gradient is used in Equation 1, together 

with some essential values presented in Table 2.2.
     

Vp =  
-0.234qB

ct( )dP
dt      (1)
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Table 2.2  Given data

q 250

B 1.136

µ 0.8

rw 0.198

h 69

φ 0.039

ct 0.000017

RESULTS

Schedule of injection, formation dimension, relative 
permeability, initial porosity and initial permeability 
constituted the input parameters into CMG-GEM to 
analyze well injectivity issues surrounding formation 
damage caused by CO2 sequestration. Porosity and 
permeability are set to be constant for all grid blocks in 
the beginning. Figure 3.1 demonstrates the reservoir 
model used for all the simulation runs in this project.

Figure 3.1  Reservoir model

The simulator ran for one year of continuously CO2 

injection with 200,000 ft3/day of injection rate. In next 
simulation runs, the injection rate was changed to 
400,000 ft3/day, 600,000 ft3/day and 800,000 ft3/day 
to analyze the result of bottomhole pressure (BHP) 

for each model when the injection rates are changed. 
Figure 3.2 to 3.20 show the result of the BHP for the 
different injection flow rates using different injection 
schemes.
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Figure 3.2  Well bottomhole versus time for continuous injection

Figure 3.3  Well bottomhole versus Time for WAG injection
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Figure 3.4  Well bottomhole versus Time for SWAG injection

Figure 3.5  Well Bottomhole Pressure versus Time
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Figure 3.2, 3.3 and 3.4 show that the injection rate 
influences the well bottomhole pressure. As the 
injection rate increases, the well bottomhole pressure 
also increases. From the graphs, it shows that the 
pressure for SWAG injection is increasing rapidly 
and same goes to continuous injection. Other than 
that, it shows that the well bottomhole pressure for 
SWAG and continuous injection are almost same. 

The difference well bottomhole pressure between 
SWAG and continuous injection is less when the 
injection rate is high compared to low injection rate. 
In addition, it shows that WAG injection gives lowest 
well bottomhole pressure amongst all the injection 
schemes that have been used in this project. It is 
proved by simulation study that conducted by some 
authors in the literature review.

Figure 3.6  Gas volume for continuous injection
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Figure 3.7  Gas volume for SWAG injection

 

Figure 3.8  Gas volume using WAG injection
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Figure 3.9  Gas volume using different injection schemes

According to Figure 3.9, it illustrates the relationship 
between gas volume (ft3) and time (years). The 
volume of gas is greater when SWAG and continuous 
injection are used to inject CO2 into the formation. 
WAG injection gives the low volume of gas which 
means CO2 has occupied the formation slowly while 
SWAG and continuous injection fill the formation by 
CO2 quickly. The gas volume for SWAG and continuous 
injection is around 13000ft3 on 2001 after one-year 
injection while the gas volume for WAG injection on 
2001 is around 7000ft3. Thus, it can be concluded that 
the CO2 can be injected for a longer period by using 
WAG injection compared to SWAG and continuous 
injection. Other than that, the gas volume will be 
constant as it occupies the pore volume completely 
and if the gas volume is constant before reach the 
actual pore volume it means that the formation 
damage occurs during the CO2 sequestration process. 
Formation damage can perturb the CO2 sequestration 
process since the maximum volume of CO2 cannot 
be injected into the formation. In all figures above, 
it also gives the same pattern of graphs with well 

bottomhole pressure as the results for both SWAG 
and continuous injection are similar. Besides that, as 
the injection rates increase, the volume of gas will 
also increase. The low injection rate will take a longer 
time to occupy the pore volume but the risk for the 
formation damage to occur is low.

Besides that, figures below display the volume of 
CO2 trapped in the formation in term of moles. Same 
goes to the gas volume graph, CO2 trapped is lowest 
when it is injected using lowest injection rate and vice 
versa. By varying the injection rates, the CO2 trapped 
for SWAG and continuous injection are similar on 1 
January 2001 after one-year injection but different 
compared to WAG injection because the amount of 
CO2 trapped is lower. The line of the graph for WAG 
injection is not increasing smoothly due to the shut-
in period as the CO2 in injected alternately with the 
water injection.



19VOLUME TWELVE NUMBER ONE  JANUARY - JUNE 2016  PLATFORM

PLATFORM - A Journal of Engineering, Science and Society

Figure 3.10  CO2 trapped using continuous injection

Figure 3.11  CO2 trapped using SWAG injection
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Figure 3.12  CO2 trapped using WAG injection

Apart from that, mineral moles changes versus time 
also plotted for each case to see the relationship 
between the precipitation and formation damage. As 
stated in the literature review, the formation damage 
will occur due to precipitation but there are many 
causes that can create the formation damage. For 
this project, precipitation that included are kaolinite, 
anorthite and calcite. Based on the results from three 
different injection schemes, calcite only shows the 
mole changes but with negative values while kaolinite 
and anorthite have no changes. It concluded that the 
injection period is too short to form the precipitation. 

A negative value of mineral moles changes indicates 
the enhancement in permeability. Therefore, longer 
injection period is conducted to show that the 
precipitation will cause the reduction of permeability. 
However, injection rate influence the mineral moles 
changes since the highest injection rate give the 
greatest results. Among the injection schemes, the 
result for WAG injection is lowest while the results for 
SWAG and continuous injection are quite similar to 
previous graphs.
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Figure 3.13  Mineral moles changes versus time for continuous injection

Figure 3.14  Mineral moles changes versus time for SWAG injection
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Figure 3.15  Mineral moles changes versus time for WAG injection

Figure 3.16  Mineral moles changes using different injection schemes
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Based on the graphs, it shows that there is no formation 
damage has occurred. Thus, a longer simulation is 
conducted by injecting CO2 into the formation for the 
purpose of sequestration for 100 years. Continuous 

injection is used in the simulation and then compared 
to one-year injection. Comparison graphs in term of 
well bottomhole pressure between one year and 100 
years of injection are shown in the figure below.

Figure 3.17  Comparison of well bottomhole pressure for one-year injection and 100 years injection

Figure 3.17 shows that the well bottomhole pressure 
is constant after one-year injection. It assumes that 
the reservoir reaches the maximum pressure. When 
the well bottomhole pressure starts to be constant, 
the injection needs to be stopped. It means the 
pore volume cannot be filled up by CO2 anymore. In 
addition, Figure 3.18 illustrates that the CO2 trapped 

for each injection rate starts to be constant after 
several years of injection. CO2 trapped for an injection 
rate of 40000ft3/day starts to be constant after 30 
years of injection with 11000000 moles. However, 
it also depends on the injection rates. The lowest 
injection rate gives the lowest gas trapped while 
highest injection gives the highest gas trapped.
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Figure 3.18  CO2 trapped for 100 years of injection

One year injection does not give positive precipitation 
that will reduce the permeability. In the previous 
graph, it shows that the precipitation increases the 
permeability. Yet, the precipitation reduces the 
permeability of the formation after 100 years of CO2 

injection because kaolinite is precipitated. It shows 

the amount of kaolinite when using high injection 
rate is more than the amount of kaolinite when using 
low injection rate. Figure 3.19 shows the relationship 
between mineral moles changes and time in CO2 
sequestration.
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Figure 3.19  Mineral moles changes for 100 years injection

Apart from that, the pressure profile is plotted by 
using well test data that obtained from Well Testing 
textbook. Figure 3.20 shows the pressure profile that 

is used to calculate the gradient of the slope. Besides 
that, the gradients and the occupied pore volume are 
tabulated in Table 3.1.

Figure 3.20  Pressure Profile
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Table 3.1  Gradient and occupied pore volume

Time, Hrs Gradient Occupied Pore Volume, Cu Ft

20 1 3909176.471

30 0.9 4343529.412

40 0.875 4467630.25

50 0.53846154 7259899.16

90 0.33333333 11727529.41

100 0.34375 11372149.73

110 0.34375 11372149.73

120 0.34375 11372149.73

130 0.3125 12509364.71

140 0.28571429 13682117.65

150 0.28571429 13682117.65

160 0.28571429 13682117.65

170 0.28571429 13682117.65

300 1.0 3909176.471

310 1.0 3909176.471

Based on the table above, the gradient of the slopes is 
decreasing as the time increases until 170 hours. Then, 
the gradient starts to increase back at time equals to 
300 hours and constant until 310 hours. The gradient 
at 300 hours is 1 which similar to gradient at 310 hours. 
The gradient at the end of the time is 1 because of the 
boundary effect while the gradient at the beginning 
is 1 due to wellbore storage.

CONCLUSION 

In the conclusion, it is possible to analyze injectivity 
issues surrounding formation damage that caused by 
carbon dioxide sequestration. The injectivity issues 
are analyzed by running the simulation using several 
different injection rates and injection schemes to see 
the result from different cases. The results for SWAG 
and continuous injection rate are almost same and 
the result from WAG injection is always lower than 

SWAG and continuous injection. Besides that, it can 
be concluded that the risk of the formation damage 
to occur will be high as the injection rate is increased. 
Other than that, it also can be analyzed by referring 
to the gas volume that has been injected into the 
formation. When the gas volume reaches the pore 
volume of the reservoir, the injection should be 
stopped in order to ensure that the pressure would 
not exceed the pore volume pressure. If the injection 
is continued, it can cause formation damage. Besides 
that, as the volume of gas trapped starts to be 
constant, it means the formation damage occurs or it 
reaches the maximum volume. 

Other than that, prediction of the amount of CO2 can 
be done since gas volume and CO2 trapped can be 
determined from CMG-GEM. Besides that, this project 
also shows that injection schemes influence the 
presence of the formation damage. However, it can be 
concluded that WAG injection has low risk to create 
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the formation damage because the pressure in WAG 
injection will be less in SWAG and continuous injection. 
The reservoir pressure increases rapidly when using 
SWAG injection but increase slowly when using WAG 
injection. Besides that, the various injection schemes 
do not affect the severity of formation damage but 
it can say that the potential of formation damage to 
occur is low when WAG injection is used.

Nomenclature
 Pwf = bottom hole pressure, psi
 q = flowrate, STB/D
 ct = compressibility factor, psi-1
 Vp = pore volume, ft3
 B = formation volume factor, bbl/STB
 t = time, hours
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ABSTRACT

Feed-forward neural networks (FNNs) with Back propagation (BP) algorithm are the most popular neural network in 
practical applications. In general, feed-forward neural network with back propagation (FNN-BP) with two layers are 
suitable for classification of nonlinear pattern and to approximate functions. However, the gradient-based training 
has some drawbacks that include slow convergence and higher possibility of a local optimum. The practical solution 
is the hybrid of the meta-heuristic algorithm with BP, since some of the meta-heuristic algorithms may converge 
faster to the near-optimal solution. The Tree Physiology Optimization (TPO) is a novel heuristic optimization method 
based on tree growth system. This algorithm has been proven with good promising results for global optimum due 
to its ability of broader search via shoots and branch section. However, for complex networks such as FNNs, the 
search deteriorate only to near optimum result. This work proposes a hybrid TPO and BP algorithm (TPOBP) to resolve 
the aforementioned problem. The efficiency of the proposed method is compared with a hybrid of Particle Swarm 
Optimization (PSO) and BP (PSO-BP) and normal BP algorithm in two different problems. The experimental results 
show that TPO-BP training has better accuracy compared to PSO-BP and normal BP algorithm.

Keywords—Artificial Neural Network (ANN), Feedforward neural network (FNN), Tree Physiology Optimization (TPO), 
Particle Swarm Optimization (PSO), Backpropagation (BP) algorithm

INTRODUCTION 

Artificial Neural Networks (ANNs) are being used 
in a variety of applications with good promising 
results [1]-[3]. The ability to learn from example and 
derive a similar but not identical pattern made ANN 
a major advantage compared to another classical 
programming. ANN is also one of the most important 
data mining techniques [4]-[6]. The network is able 
to learn any function by training with a sufficient 
number of training pattern by defined weights and 
biases and with appropriate activation function. Most 
of the training algorithm for ANN is gradient-based [6], 
[7] search that minimizes learning error by updating 
the weights according to gradient descent method 
or also denoted as Back-propagation algorithm (BP). 

Among another type of neural networks, feedforward 
(FNN) with BP training algorithm has shown a better 
performance compared to other types of the neural 
network [14]. However, the accuracy solution of 
this method is heavily depending on learning rate 
parameter and network architecture. The method 
tends to converge prematurely, getting slower by a 
higher number of hidden layer and will most likely trap 
in local optimum [7], [8]. The accuracy of BP algorithm is 
also depended on initial setting of weights and biases 
value [7], thus it does not guarantee the universal 
usefulness of the algorithm [10]. Numerous attempts 
have been made to enhance the performance of BP. 
Most of the current improvements are hybridized 
between BP and meta-heuristic algorithm. 
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The meta-heuristic algorithm is a popular problem-
solving tool for optimization in real-world application 
[11]. It has the ability to overcome many shortcomings 
in traditional optimization method due to the dynamic 
balance between intensification and diversification 
gradient-free search space [12, 13]. Various meta-
heuristic algorithms have been implemented in 
FNN training such as: Ant Colony Optimization 
(ACO) and Genetic Algorithm (GA) [14], Artificial Bee 
Colony (ABC) [15], Cuckoo Search (CS) [16], Simulated 
Annealing (SA) [17] and Particle Swarm Optimization 
(PSO) [9], [18]-[21]. Among these algorithms, PSO is the 
most applied method for training FNN in the literature 
due to its ability to avoid local optimum with faster 
convergence [22].

Despite the good performance using meta-heuristic 
algorithms, there is a limitation that made these 
algorithms deteriorate by a certain degree of 
problem type [23] and it grows exponentially by 
increasing number of variables and dimensions 
[13]. As a result of increasing dimensionality, other 
factors such as the interaction of variables and 
search space properties might lead to difficulties of 
finding the global optimum. Some meta-heuristic 
method could reduce the probability of trapping into 
local optimum but with slower convergence rates 
[24]. This paper presents a comparison of training 
algorithm using hybrid PSO, PSO-BP, hybrid Tree 
Physiology Optimization (TPO), TPO-BP and normal 
BP algorithm on two types of problems. The rest of 
papers is organized as follows: Section II and Section 
III introduce the meta-heuristic algorithm of PSO and 
TPO respectively, Section IV discuss the method of 
applying TPO, PSO and BP to FNN training, Section 
V presents the experimental results and comparison 
between proposed algorithms, and finally Section VI 
with the conclusion. 

PARTICLE SWARM OPTIMIZATION (PSO)

Particle Swarm Optimization (PSO) is developed 
by Kennedy and Eberhart in 1995 [25]. It is based 

on the behavior of bird flocking, fish schooling or 
swarming of bee interaction in search for food. PSO is 
implemented in various fields for design applications 
and optimization. As a comparison with Genetic 
Algorithm, PSO has a very simple concept of calculation 
and design paradigm with only a few computational 
codes. The advantages of PSO are the simplicity 
with few parameters to adjust and able to compute 
a solution as in GA [26]. The individual solution of 
PSO is denoted as a particle. Each particle is attracted 
towards current global best g* and local best location 
xi* with randomization factor as defined in velocity 
and location update in (1) and (2) respectively. Each 
particle finds a location that is better than previous 
location, and then it updates the new current best 
location for particle i. There will be current best of all 
n particles at time t by each iteration. Then the current 
best solution of each particle will be compared in 
order to find global optimum. The pseudo code for 
PSO algorithm is illustrated in the Figure 1. 

  
x x v+=i i i

tt+1 t+1      (1)

     
v v x xc c( () )x x_ _r r+ +=i i i i

t t tt+1 1 21 2pbest gbest    (2)

The equation (1) and (2) are improved by using 
accelerated PSO into a single equation as in (3), [13] 
which increases convergence and reduce randomness 
by increasing iterations.

 x β β αєnx( )1_=t+1 t
ii g*+ +   (3)
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Particle Swarm Optimization
Objective function f (x)
Initialize location xi and velocity vi

Initialize global best g at = 0 
while (t < num. of iteration)

t = t+1; (Step time)
for all xi ,
Calculate new velocity vi

t+1   as in (1)
Calculate new locations xi

t+1 = xi
t + vi

t+1

Update objective function based on xi
t+1 

Find current best xi 
end for

Find current global best g 
end while

Figure 1 Pseudo code of PSO algorithm

TREE PHYSIOLOGY OPTIMIZATION (TPO)

Tree Physiology Optimization (TPO) is developed by 
A. Hanif Halim and I. Ismail in 2013 [27]. It is inspired 
from plant growth system. A plant consists of shoots 
and roots section. Shoots extend their branches and 
leaves to find light and convert light into carbon which 
will be used by the root system to elongate. On the 
other hand, the root systems find water and nutrients 
and supply them to the shoot system. This unique 
correlation of both plant sides towards better growth 
inspires the idea of the optimum search application. 
The shoots as the possible solution extend towards 
optimum as defined in (4):

 Si=Si+(Sgbest 
_ Si )+βNi ε  (4)

Whereas Si is the current shoot, Sgbest is the global best 
shoot from all population, Ni is the current nutrient 
supply from roots, β is the dynamic factor of shoots 
extension, and ε is the random numbers. The shoots 
convert light into carbon and supply them to the root 
system.

 Ci= θ (Spopbest 
_ Si )    (5)

Ci  is current carbon gain, Spopbest  is best shoot from 
current population (branch). Constant θ has the same 
definition as in (3). Ci amplifies the roots elongation.

 ri=ri+ α  Ci  ϵ    (6)

With ri is current root, α is an absorption constant, ε is 
the random numbers from uniform distribution. The 
root system absorbs nutrient from soil for the shoot 
extension as described in the physiological concept of 
Thornley model [28].

 Ni=θ(ri-r0 )     (7)

With Ni is the current nutrient value, r_i is the current 
root elongation, r0 is the previous root condition and 
θ is the rate of absorption which is defined as the 
same rate as carbon absorption gain. The nutrients is 
supplied to shoot system as (4) and the whole process 
from (4-7) runs iteratively until the best solution of 
shoot is found. The summary of TPO is illustrated in 
pseudo code in Figure 2, 
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Tree Physiology Optimization (TPO)

begin

Objective function f(s), with s dimension=( S1,…,Sd )

Determine initial population of:
  shoot Si  , root  ri , carbon  Ci , and nutrient  Ni 
with (i=1,2,…,n)
   Define α, β, θ and num of branch

 for i=1:num of iteration
for j=1:num of branch

(find global best from each branch, Spopbest)
(compare Spopbest to find best solution, Sgbest)

end for 

(all shoot and root from each branch extends in parallel):

Si=Si+(Si-Sgbest)+βNi ε;……...........

Ci=θ(Si- SSpopbest); …………….……..…

ri=ri+α ϵ Ci;……………………………..…

Ni=θ(ri-r0 );………………….………........

end for

Figure 2   Pseudo code of TPO algorithm

TRAINING FNN

The structure of FNN is shown as in Figure 3 with n 
number of input nodes, k number of hidden nodes 
and j number of output nodes.

The structure of this FNN differs by problem type that 
discussed in Section V. The first problem is a function 
approximation problem that has a network structure 

of 1-S-1, where S is the number of hidden nodes with 
S = 3, 5, 7 and 9. The second problem is industrial 
process improvement for wire production process 
that has 7 inputs and one output network structure 
of 7-S-1 with S = 3, 5, 7 and 9. The performance of the 
network with different hidden nodes is analyzed and 
compared. The network structure of 7-S-1 is described 
in Figure 4 with an input layer, a hidden layer with 
three nodes and one output layer and 3 biases, θi.
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Figure 3  Structure of two-layer feed-forward neural network
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Figure 4  FNN with 7-3-1 structure
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Fitness evaluation

The network will be trained with defined number of 
epochs. The output of each hidden nodes is calculated 
by each epoch as in (8):

 f (hl)=1⁄(1+exp(-(∑i
n

=1wil xi
_ θl ))),l=1,2,…,k  (8)

Whereas n is the number of input nodes, wil is the 
weight from lth node of the input layer and lth node 
of the hidden layer. The parameter θl is the bias of lth 
hidden node, xi is the ith input node.  The output of 
the network is calculated as:

   ok=∑i
h
=1wkl  f(sj) 

_ θk  ,k = 1,2,…,m (9)

Whereas wkl is the weight of jth hidden node to kth 
output node and the bias of kth output node defined 
as θk. The fitness function of FNNs is calculated using 
mean square error in (10):

    E = ∑ i
m
=1(oi

k - d i
k )

2

q
  (10)

With di
k as desired output and o_i^k is the actual 

output calculated from training and q is the number 
of samples.

Encoding strategy

The values of weights and biases need to be encoded 
into an individual agent of PSO-BP and TPO-BP. There 
are three methods of encoding the values into general 
meta-heuristic algorithm agent [29]. The methods 
are vector, matrix and binary encoding strategy. In 
vector encoding strategy, every agent is encoded by 
a vector that represents each weight and bias. The 
matrix encoding strategy represents a matrix form of 
weights and biases which correspond to each search 
agent. In the binary encoding strategy, agents are 
encoded as strings of binary bits. Among all of these 
methods, vector encoding and matrix encoding has 
easy encoding strategy, whereas the binary encoding 

may lead to more difficult by more complex network 
structure as the length of each agent increases. In 
this study, the strategy using vector encoding will be 
adopted for each problem type because the encoding 
is more straightforward for FNNs as expressed in (11):

   Ind.agent(i)=[w11,…,wij,θ1,…,θk ]  (11)

With w as weights of all connection nodes, and θ as 
biases.

RESULTS AND DISCUSSION

In this section, two problems are used to compare the 
performance of PSO-BP, TPO-BP and BP in training 
ANN. The problems are function approximation and 
recipe improvement of the manufacturing process 
of enameled copper wire. The parameters for each 
meta-heuristic is set based on Table I. 

Table 1  Parameter setting for PSO and
TPO algorithm

Algorithm Parameters

PSO

Number of iteration =30 30
Population = 50
α= 0.6i

β= 0.6
Inertia = 1

TPO

Number of iteration =30
Population = 30
Branches = 10
α= 0.15
β= 100
θ=0.9i

Function approximation problem

In this section, FNNs with structure 1-S-1 are trained 
to approximate a function defined in [24] with 
y=sin(2x)e-x. S is the number of hidden nodes and the 
performance of FNNs is compared with S = 3, 5, 7, 9 
respectively. The function is scaled in the interval of 
[0,π] with increments of 0.03. This is equivalent to 150 
numbers of training data. The function is illustrated in 
Figure 5. 
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Figure 5  Function of  y=sin(2x)e-x

 Table 2  Average, median, standard deviation for training samples over
30 independent run in function approximation 

S Algorithm (MSE) (MSE) σMSE

3 PSO-BP
TPO-BP
BP

8.2673e-03
4.7186e-03
9.6580e-03

3.0431e-03
4.6815e-03
1.0572e-02

8.1003e-02
5.1133e-03
6.3775e-03

5 PSO-BP
TPO-BP
BP

2.5414e-02
4.6159e-03
1.0119e-02

1.5560e-03
3.6928e-03
1.1742e-02

3.6427e-01
2.1390e-02
4.3711e-03

7 PSO-BP
TPO-BP
BP

8.5485e-02
5.1021e-03
9.4424e-03

1.1879e-03
3.1200e-03
1.0740e-02

1.2208e-00
5.1809e-02
4.1319e-03

9 PSO-BP
TPO-BP
BP

2.0749e-01
6.5486e-03
9.0736e-03

7.9594e-03
2.7213e-03
9.8642e-03

2.7943e-00
1.0853e-01
4.2172e-03

The statistical comparison between each algorithm 
with hidden nodes = 3, 5, 7, and 9 are summarized 
in Table 2. The parameters for comparison include 
average of MSE (MSE ), median MSE (MSE ), 

and average standard deviation of MSE over 30 
independent runs (σMSE). The best results are identical 
in italic-bold.

The results in TABLE 2 show that TPO-BP has better 
results for average MSE over 30 runs, which prove the 
ability of TPO-BP to avoid local minima effectively. 
PSO-BP has better median only for all hidden nodes 
except S= 9. Best standard deviation for S= 3 is from 
TPO-BP and for S= 5, 7, 9 are from BP. Both heuristic 

methods show the trend of weaker performance by 
the higher number of S, which is proven from the 
findings in [13]. This can be improved by increasing 
the number of iteration and population search. The 
regression analysis of each algorithm is illustrated in 
Figure 6.
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Figure 6  Regression analysis on best results of each algorithm with TPO-BP (top), 
PSO-BP (middle), and BP (bottom)
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Figure 7   The MSE of each algorithm for function approximation

Industrial wire manufacturing process 

The enameled copper wire is defined as a copper 
wire, which has a round cross-section coated with thin 
insulation. The manufacturing process of enameled 
copper wire consists of 7 inputs as tabulated in Table 
3 and several outputs depending on the product 
type. For this case study, only one output is selected. 
The process started with the coating of liquid enamel 
with a defined thickness on the series of thread wire. 
The wire thread is then drawn into the oven (with a 
defined temperature) for curing process. The curing 
process is crucial for the quality of enameled wire. 
Higher cure lead to wire degrade of polymer, and 
lesser cure leads to incomplete polymerization which 
resulted in a weaker insulation. Therefore, it is essential 
to find a correct parameter setting for each product 
type in order to ensure a good cure of enameled 
wire. The recipe of selected product type is ranging 
from 30μm – 50μm wire sizes. The inputs parameter 
will determine the curing quality of end product. This 
recipe needs to be updated in order to estimate an 
appropriate setting for the different and new product. 

Table 3  Input Parameters for Enameled 
Wire Production

Num. Input

1 Wire diameter

2 Number of wire threads

3 Wire speed

4 Oven temperature

5 Insulation thickness

6 Circulation pressure

7 Exhaust pressure

The quality of produced wire is measured using 
Tangent Delta Tester, which shows the temperature 
value when the wire starts to degrade. The judgments 
of good polymerization are determined from the 
tangent curve shape and value. Figure 8 shows the 
typical curve of good cured wire with temperature 
value in the x-axis.
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Figure 8  The tangent delta temperature curve of good cured wire

In order to establish an estimate setting of a new recipe, 
FNN with 7 inputs and one output are normalized and 
trained using the proposed method. The statistical 
comparisons between each algorithm with hidden 
nodes = 3, 5, 7, and 9 as summarized in Table 4.  The 
parameters for comparison include average of MSE 
(MSE ), median MSE (MSE ),  and average standard 
deviation of MSE over 30 independent runs (σ_MSE). 
The best results are identical in italic-bold.  Based on 
the table, among all algorithms, TPO-BP shows the 
best result in average MSE and standard deviation by 

hidden nodes = 3 and PSO-BP has the best median 
by the same hidden nodes. As shown in previous case 
study, the performance of both heuristics algorithm 
decreases by higher number of hidden nodes, and 
BP algorithm overcome the average MSE in S = 7 and 
9. This problem can be improved in both heuristic 
algorithm by increasing the number of search space 
that include number of iteration, and population for 
PSO and TPO as well as the number of branch in the 
TPO, which may lead to longer computation time. 
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The regression of actual to computed data is 
represented in Figure 9.  The dashed line of each 
regression plots corresponds to the perfect fit 
with 100% similarity. The solid line shows the best 
fit found by the linear regression between actual 
and computed data. The coefficient of R shows the 
relationship percentage, R= 1 shows the similarity fit 
of actual and computed data in a linear relationship. 

Based on the figure, TPO-BP has better approximation 
compared to PSO-BP and BP algorithms with nearly 
70% accuracy of fit. The accuracy is then followed by 
PSO-BP and BP. The findings also imply the advantage 
of hybrid-heuristic algorithm which might achieve 
better accuracy compared to the normal gradient-
based algorithm.

Table 4  Average, median, standard deviation for training samples over 
20 independent run in recipe forecasting

S Algorithm (MSE) (MSE) σMSE

3 PSO-BP
TPO-BP
BP

8.5238e-04
8.1552e-04
9.4539e-04

7.7443e-04
7.9739e-04
9.0543e-04

5.0465e-04
2.0045e-04
6.4439e-03

5 PSO-BP
TPO-BP
BP

1.0295e-03
8.5988e-04
8.9137e-04

8.3856e-04
8.3252e-04
8.3162e-04

1.4708e-3
4.1671e-4
9.3935e-4

7 PSO-BP
TPO-BP
BP

1.3702e-03
1.1486e-03
8.7036e-04

1.1098e-03
1.1040e-03
8.1801e-04

2.1942e-3
1.2771e-3
1.2867e-3

9 PSO-BP
TPO-BP
BP

2.6318e-03
2.2745e-03
8.5820e-04

2.2487e-03
2.1977e-03
7.6510e-04

4.9488e-3
3.7361e-3
1.9062e-3
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Figure 9  Regression analysis on best results of each algorithm with
TPO-BP (top), PSO-BP (middle), and BP (bottom)
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The convergence rate of each algorithm is depicted in 
Figure 10. It can be observed that TPO-BP converges 
faster towards better solution followed by PSO-BP 

and BP. The reason for better performance is due to 
good initial weights and biases provided by each TPO 
and PSO before BP algorithm is executed.
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Figure 10  The best MSE of each algorithm by recipe forecasting

CONCLUSION

In this paper, a new training algorithm for the feed-
forward neural network (FNN) using hybrid Tree 
Physiology Optimization with back propagation (TPO-
BP) is introduced and compared with hybrid PSO-back 
propagation (PSO-BP) and BP algorithm. Two types of 
problem: function approximation and an industrial 
manufacturing process improvement, are employed 
to evaluate the efficiency of the learning algorithms. 
It is observed that TPO-BP has better performance 
of convergence rate followed by PSO-BP and BP 

algorithm. TPO-BP also shows lowest MSE by each 
hidden nodes for function approximation problem 
and some hidden nodes (S = 3 and 5) in the industrial 
process of enameled wire manufacturing process. 
Therefore it can be concluded that TPO-BP is able to 
improve the problem of trapping in a local optimum. 
Based on the study of both problem types, the hybrid 
of heuristic with the gradient-based algorithm is able 
to improve the search space towards better result 
since BP rely on the good initial setting of weights and 
biases [7].  Therefore the heuristic algorithm might 
accelerate the search as illustrated in Figure 11.
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