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GIS Based Modelling of Soil Erosion in Panjkora River Basin Using 
Revised Universal Soil Loss Equation (RUSLE)
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Abstract: Research work was conducted to identify the effect of soil errosion on agriculture practices in Panjkora river 
basin, Khyber Pakhtunkhwa, Pakistan. It is situated in the Eastern Hindu Kush mountain of Pakistan, with an area 
of 5905 km2. Geo-informatics strategies (GIS) and Revised Universal Soil Loss Equation (RUSLE) were collectively 
applied to investigate soil degredation. The outcomes reveal that the R factor was in the range of 38.83 to 111.9 MJ mm/
ha/h/year, with the minimum values in the Southeastern part, and maximum values in the northern-western part of 
the basin. For the entire basin, the Topographic Factor (LS) went from 1.34 to 31.20. Besides, the precarious developed 
slopes are isolated by groove-formed valleys and fundamentally contribute to the sediment supply in the Panjkora 
River Basin. The review confirms that a high pace of erosion (1-5 ton/ha/yr) is found near the riverbank which reveals 
that water caused excessive erosion, adversely affecting the land productivity in the agricultural area. It is suggested 
that viable management methodologies such as terracing, and stream banks stablization are necessary, to decrease the 
erosion rate in the area where the people mainly relied on agricultural activities for their livelihood. 

Keywords: GIS, Remote Sensing, RUSLE, Soil Erodibility Factor, Panjkora River Basin.

1.	 INTRODUCTION

Globally, land degradation and soil erosion are very 
critical issues [1-3]. Besides, it is among the very 
troublesome natural issues that has expanded during 
the twentieth (20th) century [4, 5]. A Large number 
of land degradation is recorded in the Asia, Africa 
and south America, with a typical 30-40 ton/ha/yr 
making gigantic loss to the worldwide economy 
and agricultral productivity [6]. This phenomenan 
is commonly situtated more, where soil is sloping 
and shallow, for example the highland of Ethiopian 
[7]. This can prompt an irreversible loss of soil and 
land debasement. Not withstanding other natural 
issues looked by ranchers in Pakistan, the land and 
soil erosion are of primary concern. Moreover, 
the soil erosion might adversely affect the soil 
fertility. These issues are noted for the most part 
in farming area in tropical and semi dry nations. 

It is likewise a danger to maintainable farming 
creation and water quality in the region. Pakistan is 
dominatingly a dry-land country where 80% of its 
property region is dry or semi-dry and around 12% 
is dry sub-moist while the excess 8% is humid [8]. 
Around 16 million hectares (Mha) of land - 20%, in 
Pakistan is impacted by soil erosion while its 70% 
(around 11.2 Mha) is by water erosion [9]. There 
are different factors that largely affects soil erosion, 
as they are connected to land use, vegetation type, 
soil properties and topography etc. The flooding 
unfavorably affects soil fertility that subsequently 
eliminates the nutrient rich surface of soil, in result 
decreases the plant development rate. Furthermore, 
the more penetrable earth layers are set off to 
increase run off, in outcome low accessibility 
of water for plants development. Consequently, 
observing of soil erosion is significant to evaluate 
and assess various issue [10].



Geographic information system (GIS) is 
considered to be a fundamental tool which can 
gives spatial soil erosion model. The previously 
mentioned model shows quantitative soil loss in 
light of erosion plots though; have a few limits 
like expense, representativeness, and sureness 
of the resultant data. This model couldn’t give a 
spatial scattering of soil erosion loss because of 
the limitation of restricted samples in multifaceted 
conditions for a geospatial investigation of natural 
intricacy, possibility and unconventionality [11].

Further, utilizing these traditional techniques 
to evaluate the soil erosion is practically a tedious 
work. A number of numerical procedures and 
models have been attempted to estimate the soil loss 
[12]. Most normal and generally utilized conditions 
are Revised Universal Soil Loss Equation (RUSLE) 
and the Universal Soil Loss Equation (USLE) [13]. 
The RUSLE gauges that how the environment, soil, 
topography and land use will influence the inter-
rill and rill soil erosion brought about by raindrop 
effect and surface overflow [14]. It has been broadly 
used to evaluate assess the soil erosion hazards 
and soil erosion loss while guide the development 
and protection of projects to relieve soil erosion 
under different land-cover circumstances [15].
Meanwhile, utilizing conventional methodologies, 
it is practically difficult to evaluate soil erosion at the 
watershed scale. While, the current methodologies 
for finding soil erosion regions depend on physical 
surveys, which are costly and time-consuming to 
complete projects of small scale. Soil erosion and 
land degradation evaluation is a complicated course 
of geology that requires multidisciplinary and long-
term knowledge. Considering its convenience in 
application and closeness the digital elevation 
model (DEM), remote sensing data and detailed 
evaluation of erosion risks can be examined by 
utilizing GIS effectively [16]. The most recent 
advances in spatial information technology have 
expanded the applicability of current techniques. 
It has given efficient strategies for monitoring, 
management, and analysis of earth resources [15].

The primary focal point of this study is to 
predict the probability of soil erosion inside the 
Panjkora basin utilizing the Revised Universal Soil 
Loss Equation (RUSLE); it addresses the method 
for working out soil erosion for a given site by 
utilizing five main factors. Various parameters can 
be utilized to estimate the soil erosion at a specific 

place. In this manner, the results from the RUSLE 
address long-term averages more unequivocally. 
Because of applying GIS, we had the option to map 
different RUSLE parameters, which were then used 
to forecast the intensity of soil erosion in the basin.
Moreover, a novel evaluation of soil erosion is 
adopted in the Panjkora River Basin for 2023 
using the RUSLE model within a GIS framework. 
In previous research work Nasir et al. [17] the 
same area has been explored however, it has low 
precision due to coarse resolution data (30 meter 
DEM, global land cover satellite imagery), missing 
rainfall data for one metrological station from 1995 
to 2007, and considering the onward data from 2008 
to 2016 in comparison with other station’s data 
from 1995-2016. It also neglects the integral soil 
erosion assessment while selecting the Equation 
for rainfall erosivity factor for Köppen climate 
classification. Moreover, the study was conducted 
for the year 2016 and concluded that annual soil 
loss in the region ranges from 0 to 3,290 tons/ha/
year; however, as per the report if the topsoil is 
considered 15 cm then there is a maximum of 2000 
tons/ha soil available [18-20], which is beyond the 
maximum limit of the soil available in 1 hectare. 
Furthermore, Raymond  et al. [21] elaborated that 
the top 15 cm (approximately 6 inches) of soil in 
one hectare weigh around 2,000,000 kilograms 
(2,000 metric tons) of the maximum soil in one 
hectare according to Soil Bulk Density using the 
formula (1).

 		
(1)

Therefore, the results of Nasir et al. [17] seem to 
be ambiguous. Furthermore, the work on national-
scale studies [22], suffers from coarse resolution 
(500 meter for land cover and 1 km resampled 
resolution for other parameters) that is unsuitable 
for the basin’s hilly terrain. In contrast, this 
research employs high-resolution satellite imagery 
(10 meters spatial resolution) and a finer DEM 
(2.5 meter) for a more precise analysis. Unlike the 
previous study, it incorporates the Köppen climate 
classification for rainfall erosivity using Equation 
(2) Jain et al. [23].
	

(2)

It validates the model’s results with detailed field 
surveys and data collected for sediment discharge 
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at Zulüm Bridge. This focus on high-resolution 
data, detailed climate considerations, and field 
validation provides a more accurate and localized 
assessment of soil erosion in the Panjkora River 
Basin compared to previous studies.

1.1. Study Area

This study is conducted in the Mountainous Range 
of Hindukush, in the North-West of Pakistan, that 
covers an area of 5905 km2. It stretches at the North 
Latitude 34°39′30″ to 35°47′17″ and 71°13′8″ 
to 72°22′13″East longitude. Panjkora River is a 
significant tributary of the Swat River, a narrow 
gorge prompts Khal, where it streams toward the 
south. Nonetheless, downstream from Khal, the 
stream enters a wide valley. The river passes from 
the centre of “Dir Valley”. The name Panjkora is a 
blend of two words, “Panj” and “Khwar” that implies 
to five streams. The name Panjkora is given to the 
river since it is a blend of five significant streams to 
be specific, the Barawal stream, Sheringal, Gwaldai, 
and Kohistan streams. The Panjkora River is joined 
by a somewhat larger drainage region than the 
Swat River. Indeed, the stream makes a sharp twist 
toward the south and enters a little canyon. After 
arriving at Munda Head Works, it disperses across 
the plains of the Peshawar Basin. The records of 
Amandara gauge station suggest a typical summer 
release of 4,488 cusecs while a colder time of year 
release of 932 cusecs. The geology of the basin is 
overwhelmed by the hill and mountains that are the 
portion of the reaches/part of the Hindu-Kush. The 
mountain ranges, have some high peaks in the basin 
where it exceeds than 7,690 meters in level.

The central area elevation varies from 3,000 to 
2,000 meters in height. In the south, at the juncture 
of the Panjkora and Swat streams, the height 
declines rapidly to about 600 meters. The ranges 
have mostly been cut by the Panjkora River and 
its tributaries. It is these narrow gorges that most 
people reside in and raise agriculture. There is 
plenty of water in the rivers and nallahs, but is not 
calm to use for irrigation because the mountains are 
on either side of the river banks. The majority of 
the area is rugged. The farming occurs on mound 
slopes and in the gorges. Wheat, maize, and rice 
are the principal crops grown in the Basin. Fruits 
and vegetables of many varieties are also grown. 
The weather of the basin in the summer is mild 
and warm during the day and cold during the 

night in the north of the basin. June and July are 
very hot months in the central and southern areas 
of the basin. In June, the mean limit and extreme 
temperature were recorded at 32.52 °C and 15.67 
°C, respectively. During the spring season, the 
hurricane from Lowari Top known as Badama, 
emerges in the evening making the weather hard 
and unendurable. The colder season is cold and 
unadorned. The temperature quickly decreases in 
November and onward. December, January, and 
February are freezing months when the temperature 
decreases near or below to freezing point with 3 to 
11 feet of snowfall on high mountains. The mean 
limit and extreme temperature in January were 
noted as –10 °C to 11.22 °C. The study area is 
highlighted in Figure 1. 

The purpose of this research is the Spatio-
temporal analysis of soil erosion in the Panjkora 
River Basin. To identify its effect on farming 
practices in the study area and to limit its effects. In 
the future, it would provide insight for government 
and non-government organizations dealing with 
soil erosion, particularly in Khyber Pakhtunkhwa.

More than 80 percent of the global agricultural 
land experiences moderate to severe erosion, 
leading to productivity loss, as well as an array of 
environmental concerns [24]. This erosion has also 
been proven as a danger to sustainable agriculture 
production as well as water quality. Determining 
the extant of soil erosion problems requires a 
quantitative evaluation to develop appropriate 
management styles.

Fig. 1. Study area map (Panjkora River Basin).
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2.    MATERIALS AND METHODS
 
2.1. Data Set

Data collected from primary as well as secondary 
data sources were exported to the ArcGIS Platform 
for RUSLE model parameters, that are LS factor 
(Steepness Factor and Slop Length), R factor (the 
rainfall-runoff erosivity factor), K factor (soil 
erodibility factor), C factor (cover-management 
factor) and P factor (support practice factor). DEM 
(digital elevation model) was generated from 
Google Earth. The slope for the study area was 
generated from DEM. Flow direction and flow 
accumulation were generated through DEM for the 
extraction of the LS factor. The slope was converted 
to a vector; grid codes were merged, based on 
% slope values of the P factor [25] to obtain the 
P factor Map. Rainfall data from PMD (Pakistan 
Metrological Department) was obtained from the 
metrological station within the river basin and the 
R factor was generated. K factor was calculated 
from Digital Soil Map of World (DSMW) Food 
and Agriculture Organization, United Nations. 
The classified imagery was converted to polygon, 
gird codes of each land use class were merged to 
9 grid codes as per land use classes, and a Cover 
management factor was generated.

2.2. RUSLE Parameters

By manual digitization and control passage, the 
data and their associated properties for the model 
were input into ArcGIS. With a grid cell design 
data sources were coordinated into ArcGIS. Each 
portrayed cell (pixel) had a unique region, in 
space fixed on by grid orientation. To process the 
review region of the potential erosion rate for the 
area-weighted mean, the zonal statistical tool was 
utilized. In the following segment subtleties on 
processing strategies and on data under particular 
(RUSLE) factors are given.

Topographic Factor (LS): also known as 
Steepness Factor (LS) and Slope Length, mirrors 
the influence of geography on soil erosion. Higher 
overland stream speed is caused by the incline 
length and a rising slope, consequently increasing 
the soil erosion [26]. The detail is shown pictorialy 
in Figure 2. The LS factor was developed as follows 
using Equation (3) in raster calculator:

LS =  (Flow Accumulation × 1.375)0.5 ×
          (0.065 + 0.045 × Slope + 0.0065 × (Slope × Slope))  (3)

In this study a consistent (m) of 0.5 was utilized in 
above Equation, because of the mean slope more 
noteworthy than 25% (15°) noticed for the survey 
area [27].

Support Practice Factor (P): it refers to the soil 
Conservation Practices carried out to lighten soil 
erosion. Contour cultivating, terracing, and strip 
trimming are the ordinarily indexed and archived 
control measures (Table 1) [28]. It range from 0 to 
1, 0 addresses a generally excellent human-centered 
erosion resistance facility, and one demonstrates a 
non-human-centered resistance erosion facility. 
The P factor is illustrated in Figure 3.

Fig. 2. Slope length and steepness LS-factor of Panjkora 
River Basin.

Fig. 3. Shows support practice (P-Factor) of Panjkora 
River Basin.
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Cover Management Factor (C): it addresses 
the soil erosion proportion  from land tillaged under 
specific circumstances. It concludes how normal 
vegetation or yield cover reduces precipitation 
energy and overflow or captures precipitation 
energy and increments penetration. It is the second 
most critical element near precipitation erosivity 
and topography  that controls the threat of  soil 
erosion [29]. The Figure 4 shows Land Use Land 
Cover map of the study area while the Figure 5  
illustrates C factor map for the study area.

Rainfall Runoff Erosivity Factor (R): Rainfall 
Erosivity Factor “R” considers how much rainfall 
to introduce the peak intensity sustained over a 
lengthy period, showing the expected capacity 
for rainfall to causes soil loss. It depicts the idea 
of rainfall erosivity as a collaboration between the 
kinetic energy of raindrops and the soil surface 
[30]. R factor essentially affects soil loss [31] as 
shwon in Figure 6. The R factor is calculated using  
Equation (4):

			   (4)
Where,
R addresses the Rainfall Erosivity Factor,
P is the Mean Annual Rainfall in mm.

Soil Erodibility Factor (K): it is alluded to 
as the defenselessness of a soil molecule type to 
erosion by precipitation and overflow. All small 
parts of the topsoil layer comprise organic carbon, 
silt, sand, and clay which makes the soil erodibility 
factor (Figure 7) expected to estimate the K factor 
utilized by the following numerical relations 
depicted in [3]. Numerous researchers consider 
the topsoil layer to compute the K factor since it 
is impacted directly by the raindrop energy. The K 
factor values for the DSMW soil layers of the study 
area were acquired using the following  Equations 
(5), (6), (7), (8), and (9), based on which the soil 
layers are developed as a K factor map.

Slop (percent) Strip cropping Contour cropping
Terrace cropping

Bench Croad-based
0-7.0 0.27 0.55 0.10 0.12
7.0-11.3 0.30 0.60 0.10 0.12
11.3-17.6 0.40 0.80 0.10 0.16
17.6-26.8 0.45 0.90 0.12 0.18
>26.8 0.50 1.00 0.14 0.20

Table 1. Support practice factor values as per soil conservation practice [28].

Fig. 4. Land use/land cover distribution.

Fig. 5.  Cover management (C factor) of Panjkora River 
Basin.

S. No. Land use C Factor
1 Forest 0.03
2 Shrubland 0.03
3 Grassland 0.01
4 Agricultural Land 0.21
5 Barren Land 0.45
6 Built-up 0.00
7 Snow Glacier 0.00
8 Water body 0.00

Table 2. Cover management factor.
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(5)
    

(6)
    

(7)

     
(8)

     

(9)

The proposed study is conducted step wise 
using the following methodology. Firstly, data 
was collected from Sentinel-2A Multi Spectral 
Instrument (MSI) and Climate data repository. 
DEM is obtained from google earth. The C factor 
and R-Factor were obtained from satellite and 
climate data while LS and P factor were obtained 
from DEM data respectively. Moreover, K factor 
was obtained using DSMW, detail is shown in 
Figure 8. Finally, the developed RUSLE model is 
executed in model builder of ArcGIS version 10.8.

 
3.   RESULTS AND DISCUSSIONS

All the layers were combined in Raster Calculator 
according to the  Equation (10) as mentioed by 

Koirala et al. [29]. 

	 (10)

The erosion was classified into five classes Low 
Erosion (>0), Moderate Erosion (1-5), High 
Erosion (5-10), Very High Erosion (10-20) and 
Severe Erosion (20-37.43). The Study reveals that 
the maximum area near the Panjkora River is under 
moderate erosion ranging from 0 to 5 tons/ha/yr in 
2021. Residents of the area live near the Panjkora 
River as the rest of the area is mountainous and 
agriculture practices are affected by the erosion 
leading to a loss in productivity and food quality. 
It is also identified that the maximum erosion in the 
study area is by water as shown in Figure 9.

RUSLE-calculated land degradation annauly 
in the Panjkora basin is presented in Figure 9 
through regional distribution. The yearly soil loss 
falls into five graded classes starting from low 
erosion through very high erosion to severe erosion. 
The examined territory experiences yearly soil loss 
between 0 -37.43 tons per hectare annually. Figure 9 
illustrates the extent of land under each soil erosion 
severity rank in the research area. Research findings 
demonstrate that soil loss effectiveness presents 
greater sensitivity to barren lands combined with 
high-altitude bare granite slopes in comparison to 
vegetation-covered areas. Panjkora basin presents 
moderate soil erosion as its primary form (78%) 
yet high to severe erosion exists in certain upper 
north areas (5%) and the remaining sections with 
low erosion make up (17%). The annual sediment 
output originates from 4.51 million tons of soil that 

Fig. 6. Rainfall-runoff erosivity (R Factor) of Panjkora 
River Basin.

Fig. 7.  Soil erodibility (K Factor) of Panjkora River 
Basin.
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exists within coniferous and alpine forest terrain 
extending from 1,000 - 4,000 m and 4,000+ m 
mean sea level. The Panjkora basin exhibits steep 
slopes that mainly exist in its north and northeastern 
part of the basin shown in Figure 10. When granite 
feldspar encounters rainwater it transforms into 
white clay material known as kaolinite due to 
hydrolysis. The hydrolytic process transforms both 
biotite and muscovite mica types into kaolinite [31]. 
Soil erosion risk is high because the area contains 
steep slopes representing 64 percent of the total 
space while P-factor reaches 0.599 (Figure 3). This 
area features slopes exceeding 8.321% that result 
in these conditions. According to Phinzi et al. [32] 
the annual rate at which soil erosion is happening 
was strongly correlated with the LS-factor. Also, 
the panjkora basin suffer from extremely high 
soil erosion where agriculture is carried out on 
the apron parts of alluvial fans that extend into 
the pediments of mountains. The current study 

predicted a 5.94 million tons sediment output, 
compared to hydrological station data (5.5 million 
tons) situted at Zulam bridge, Timargara. The C 
factor of different parts of the Panjkora basin in 
terms of vulnerability to soil erosion is depicted in 
Figure 4. The results show that 78% of the entire 
area has a moderate soil erosion. The high, very 
high and severe erosion class comprises of only 5% 
of the total area of Panjkora basin. These regions 
are mostly sandy shallow soils and badly eroded 
steep slopes clad with little vegetation coupled with 
poor crop and soil conservation practices.

The quantity of annual losses throughout 
Potohar region reached 97.81 million tons/ha/year 
according to multiple studies [34, 35]. A 58 tons/
ha/year rate of soil loss was determined through 
research performed on the Chitral river basin. The 
calculated total yearly erosion rate of soil amounts 
to 31 million tons per year. The annual soil erosion 
in Pakistan was estimated in [23] through RUSLE 
model analysis. The research establishes soil deficit 
rates for different administrative areas across 
Pakistan during one year. The research demonstrates 
that Khyber Pakhtunkhwa experiences annual soil 
deterioration at a level of 12.84 ± 39.897 tons/ha/yr 
[22]. The present study adds information to existing 
knowledge databases through field measurements as 
it uses high-resolution data while applying RUSLE 
model. Soil erosion measurements achieved by 
this methodology define a specific measurement of 
37.43 tons/ha/yr for the Panjkora Basin area. The 
provincial estimate by Gilani et al. [22] supports 
the validity of the proposed study results conducted 
in Panjkora Basin.

Fig. 8. Flow chart of the proposed study.

Fig. 9.  Annual soil loss in Panjkora River Basin.

Fig. 10. Shows the slope map for the study map.
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High sediment deposition significantly hinder 
water resources storage, primarily by decreasing 
dam storage capacity and causing deposition within 
water distribution networks. Dutta [33] reported that 
the current water-holding capacity of major dams in 
Asia and the Middle East is approximately 1450 x 
109 m³, with siltation leading to an annual reduction 
of 0.8%. Consequently, sediments occupy 40% 
of the initial capacity in Asian dams, highlighting 
the substantial negative impacts on the region’s 
long-term sustainability [34]. Notably, the Terbela 
Dam’s anticipated a yearly sediment inflow of 325 
million tons [35]. However, sediment accumulation 
has significantly reduced the reservoir capacity, 
from an initial 14.34 billion cubic meters to the 
current 10.04 billion cubic meters. This excessive 
sedimentation has considerably diminished the 
water storage and power generation capacity of 
major dams in pakistan, including Terbela, Warsak, 
and Mangla.

4.    CONCLUSIONS 

The proposed study was conducted in Panjkora 
basin to estiamate land degradation. The result 
demonstrates that the target area have intermediate 
vulnerability to soil erosion. Furthermore, the 
results also depicts that slope exceeding 8.321% 
with C factor values above 0.450 shows an attentive 
distribution pattern that leads to high erosion levels. 
The RUSLE model demonstrates that agricultural 
regions penetrating the foothills have moderate 
amounts of soil loss. It also calculates that the annual 
soil loss from the basin amounts 5.94 million tons.
The obtained data will provide essential information 
that enables planners and policymakers to develop 
better land management practices. The research 
findings provide useful data to both land and water 
resource management authoraties to take proper 
soil conservation measures, including suitable crop 
management systems and construction of check 
dams and streambank stabilization structures. 
Spatial representations of soil erosion rates, 
through the generation of soil risk maps, can 
effectively identify critical erosion hotspots. By 
pinpointing such areas, efforts and resources can 
be strategically targeted to mitigate further erosion. 
The identification of these erosion-prone zones 
constitutes the initial step towards developing 
effective soil and water conservation plans, a 
crucial aspect in addressing food scarcity concerns, 
particularly within the Panjkora River Basin.
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Abstract: The study of nonlinear equations and their effective numerical solutions is crucial to mathematical research 
because nonlinear models are prevalent in nature and require thorough analysis and solution. Many methodologies 
have been developed to obtain the roots of nonlinear equations, which have significant applications in several areas, 
especially engineering. However, all of these methods have certain challenges. The development of efficient and 
effective iterative methods is, therefore, very important and can positively impact the task of finding numerical 
solutions to many real-world problems. This paper presents a thorough analysis of a numerical approach for solving 
nonlinear equations using a recently proposed technique, which is a modification of the Regula-Falsi and Bisection 
numerical methods. The purpose of this work is to provide a novel and effective approach to solving nonlinear 
equations. The iterative technique for solving nonlinear equations, which has been examined in many scientific and 
technical domains, is based on the conventional Bisection and Regula-Falsi methods. The proposed approach for 
finding roots of nonlinear equations achieves second-order convergence. The performance of the newly developed 
technique was compared with conventional Bisection, Regula-Falsi, Steffensen, and Newton-Raphson methods, and 
its convergence was validated using several benchmark problems with different iterations. The results showed that, 
in terms of iterations, the newly developed method performed better than the traditional Bisection, Regula-Falsi, 
Steffensen, and Newton-Raphson approaches. This supports the credibility of the recently developed method and 
offers promise for future studies aimed at further refinement. MATLAB R 2021a is used for numerical results. Besides 
this, the newly developed technique also has certain limitations. For instance, it cannot cover all possible types of 
nonlinear equations. Further testing on a broader range of functions, particularly those arising from specific scientific 
and engineering applications, would be valuable. Additionally, our current study focuses on one-dimensional root 
finding. Extending the approach to systems of nonlinear equations is an important direction for future research. 

Keywords: Error Analysis, Convergence Order, Iterations, Numerical Examples.

1.    INTRODUCTION

Mathematical equations that model real-world 
situations are often either linear or nonlinear in 
nature. The solution to the given problem can 
be found in the roots of these equations. Since 
obtaining an accurate solution is essential for 
problem-solving, an efficient numerical technique 
for root-finding problems is crucial in mathematical 
computations. The “root-finding problem” is to 
identify root of the equation , where 

is a function of single variable. Finding root 

is challenging problem in many fields, such as 
engineering, chemistry, agriculture, biosciences. 
This is because formulas for problems involving 
real-world issues will always include unknown 
variables. Solving challenges related to identifying 
an object’s equilibrium position, a field’s potential 
surface, and the quantized energy level of a confined 
structure are pertinent scenarios in the subject of 
physics [1].

In reality, root-finding problems arise when 
determining an unknown variable that appears 



implicitly in scientific or engineering formulas, 
as reported by Ahmad [2]. The development of 
optimal eighth-order derivative-free methods for 
multiple roots of nonlinear equations was discussed 
by Sharma et al. [3]. Several numerical techniques 
exist for solving root-finding problems, including 
the Regula-Falsi method, Bisection method, Secant 
method, Newton-Raphson method, and fixed-
point iteration. These methods exhibit various 
convergence rates, such as linear and quadratic, 
with higher-order methods converging more 
quickly, as discussed by Ehiwario and Agnamie [4]. 
The solution of nonlinear models in engineering 
using a new sixteenth-order scheme and their basin 
of attraction was examined by Jamali et al. [5].

Numerous studies have been conducted to 
identify the most effective methods for solving 
root-finding problems. For example, Frontini 
and Sormani [6] explored this topic extensively. 
Similarly, Noor et al. [7] analyzed the Secant, 
Newton-Raphson, and Bisection methods before 
the research by Ehiwario and Agnamie [4] to 
determine which approach required fewer iterations 
when solving a nonlinear equation with a single 
variable, as noted by Srivastava and Srivastava 
[8]. Previous research has employed various 
numerical techniques, such as fixed-point iteration 
and Regula-Falsi methods, to address root-finding 
problems, as shown in the studies by Ebelechukwu 
et al. [9] and Issac et al. [10]. Additionally, Behl 
et al. [11] discussed a new higher-order optimal 
derivative-free scheme for multiple roots.

Mathematicians and engineers often struggle 
to find precise solutions to most real-world 
problems due to their nonlinear nature [12, 13]. 
Over the past two decades, several techniques have 
been proposed or applied in this context [13-19]. 
Since solving nonlinear equations analytically 
is highly challenging, iterative procedures based 
on numerical methods provide the only viable 
approach to obtaining approximate solutions. 
Several numerical techniques, including Secant, 
Bisection, Newton-Raphson, Regula-Falsi, and 
Muller’s methods, are available in the literature for 
finding approximate roots of nonlinear equations. 
Cordero et al. [20] discussed Steffensen-type 
methods for solving nonlinear equations.

Many polynomial equations of the form  
= where  

are constants,  are studied in mathematics.  
An equation that is transcendental is   if 

 is constant for certain other functions, such 
as logarithmic, exponential, trigonometric, etc. A 
common difficulty in scientific and technological 
activity is finding root of an equation of the form 

 [21]. If , then any number ω is 
root of . If  where 

 is bounded at ω and , then a root of 
 is said to have multiplicity . A multiple zero is 

ω if  and a simple zero if  [22]. By 
utilizing the classical Regula-Falsi (R-F) approach, 
Naghipoor et al. [23] developed an improved 
R-F method and demonstrated that the proposed 
approach was more effective than the classical R-F 
method. Shaw and Mukhopadhyay [24] introduced 
an enhanced predictor-corrector form of the R-F 
approach in their study, showing that it converges 
significantly faster than the earlier R-F method. 
Kodnyanko [25] proposed an improved bracketing 
parabolic method for the numerical solution of 
nonlinear equations. Additionally, Jamali et al. 
[26] discussed a new two-step optimal approach 
for solving real-world models and analyzing their 
dynamics.

To find the roots of nonlinear equations, 
Parida and Gupta [27] proposed a hybrid approach 
that combines the standard Regula-Falsi (R-F) 
method with Newton-like methods. Experiments 
on multiple examples demonstrate the superiority 
of this novel strategy over some existing methods 
for solving similar problems. Li and Chen [28, 
29] introduced a technique for finding single roots 
that integrates the higher-order convergence of the 
classical R-F approach with specific parameters 
of the exponential R-F technique. The proposed 
strategy exhibits good asymptotic quadratic 
convergence. Qureshi et al. [30] discussed the 
quadratic convergence of iterative algorithms based 
on the Taylor series for solving nonlinear equations.
Numerical analysis research on estimating a 
single root of nonlinear functions is crucial, as its 
applications span various fields in both applied 
and pure sciences. These applications have been 
discussed within the general framework of nonlinear 
problems [31-33], such as the nonlinear equation:

    			    (1)

Due to the significance of equation (1), one of the 
fundamental methodologies, such as the Bisection 
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technique, is used for estimating the root of 
nonlinear functions.

			   (2)

The technique (2) is a slow yet robust convergence 
method, known as the Bisection technique [34]. 
The Bisection technique is guaranteed to converge 
for a continuous function on an interval  
where . Alternatively, the Regula-
Falsi technique is another root-finding method used 
for solving nonlinear problems.

			   (3)

The technique (3) is the fast-converging Regula-
Falsi method, assessed in comparison to the 
Bisection technique. Both techniques have linear 
convergence; however, the Regula-Falsi method 
occasionally experiences slow convergence. The 
drawback of the Regula-Falsi technique is mitigated 
by the Illinois method, as reported by Golbabai 
and Javidi [35]. Furthermore, a modification of the 
Newton method was introduced by Chun [36].

Numerous numerical techniques have been 
proposed, including the quadrature formula, the 
homotopy perturbation method and its variations, 
the Taylor series, the divided difference method, 
the decomposition method, and others [37-41]. 
Likewise, some two-point algorithms have been 
developed in the literature to solve nonlinear 
equations. A similar study, reported by Allame 
and Azad [42] and Hussain et al. [43], integrated 
the well-known Bisection method, Regula-
Falsi method, and Newton-Raphson method to 
propose a more accurate approach for predicting a 
single root of nonlinear problems. In this study, a 
Modified Bracketing technique has been proposed, 
which combines classical two-point methods. 
Within the predefined interval, the Modified 
Bracketing approach performs well in solving 
nonlinear problems. The proposed method is free 
of common pitfalls and quickly converges to the 
root. Moreover, the Modified Bracketing approach 
is more straightforward and easier to use.

2.    METHODOLOGY

In numerical analysis, the Bisection and Regula-
Falsi techniques are root-finding methods. Through 
successive approximation, they use a recursive 

approach to locate polynomial roots. Let   
be the graph of an arbitrary function . Let  
be an initial approximation of roots of . Let 

 and   be two points on curve 
. Now we draw tangent by joining these 

two points and  is -axis intersection of tangent 
line of function  combining both  and 

 as shown in Figure 1. Equation of line 
in slope–intercept form joining (x0, f(x0)) & (x1, 
f(x1)) from the Figure 1 is given by:
 
y =  (x – x0) + f(x0)    	 (4)

Equation (4) has a root when y = 0.

→ 0 =  (x – x0) + f(x0)	 (5)

We have solved this equation with respect to x as 
follows:

x = xo       		  (6)

Equation (6) is known as the Regula-Falsi 
method. The newly created technique is derived 
by modifying the Regula-Falsi method formula, 
utilizing both the Bisection and Regula-Falsi 
techniques. To modify Equation (6), we first use 
the Bisection method. The Bisection technique is 
one method for solving the equation . 
Assume that  is a continuous function defined on 
the interval  Using 
this technique, the interval  is divided in half 
to select a subinterval that satisfies the Intermediate 
Value Theorem. The selected subinterval is then 

Fig. 1. Geometrical representation of the Regula Falsi 
method.
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extended at both ends and divided in half again. Repeating this process continuously results in an error 
bound that decreases with each iteration, becoming as small as the interval between successive steps.

So, for first iteration   where  is an interval in which has root with  
For better approximation, we refine the interval  into the smaller subinterval  ensuring that 

	               (7)

                	 (8)

Also, we know that f (    with  and  . Where is 
an initial approximation so we can write as  and   . Substituting this expression 
for   in Equation (6) and solving, we obtain:

        		     (9)

In general, the recursive formula is:

                                       (10) 

Hence, Equation (10) represents the proposed modified technique, which integrates the Bisection and 
Regula-Falsi methods.

3.   CONVERGENCE ANALYSIS OF THE MODIFIED TECHNIQUE

Theorem: Let  be simple zero of sufficiently differentiable function  of an open interval I. 
If  is sufficiently close to , then technique defined by (8) is of second order and satisfied error equation 

     

Proof: Let 𝛼 be simple zero of 𝑓,   = −𝛼. Using Taylor expansion around 𝑥 = 𝛼 up - to second order 
terms and 

𝑓(𝛼) = 0, we obtained:

f(

   

0.3

[

    

]
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Substituting values of  , ,   in (6), we obtained:

  

 

 

]

][1  ] 

]

[1

]

   

     

Since the error term satisfies the quadratic form  , the method has second-order convergence. 
Thus, the equation defined by (10) exhibits quadratic convergence.
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4.    EFFICIENCY INDEX

The formula for the efficiency index is given by 
 where  represents the number of 

function evaluations required per iteration, and ω 
denotes the order of convergence of the technique. 
In this context, the efficiency index of the modified 
methodology for solving nonlinear equations is 
1.189207115. The efficiency indices of the modified 
methodology and other methods are presented in 
Table 1 below.

5.   RESULTS AND DISCUSSION

For the performance evaluation of the proposed 
modified method and some existing methods, 
several nonlinear equations have been considered, 
as listed in Table 2 along with their test conditions. 

The well-known Regula Falsi method, Bisection 
method, Steffensen’s method, and Newton-
Raphson method are used to compare the proposed 
modified technique with practical instances of 
algebraic and transcendental equation analysis. 
It has been observed that some existing methods 
have drawbacks and converge slowly, whereas, in 
certain cases, the proposed method converges more 
quickly and has no such limitations. By applying 
these existing approaches to solve nonlinear 
functions, both the theoretical impact of the 
proposed method and its experimental validation 
can be demonstrated. Based on the results, it can be 
inferred that the modified algorithm operates more 
efficiently than previously established approaches. 
Furthermore, the following data representation 
justifies the number of iterations required by the 
improved technique in comparison with existing 
sectioning methods.

Methods Order of Convergence Total Evaluations in an Iterations Efficiency Index
Bisection 1 1 1
Regula Falsi 1 2 1
Proposed Modified Method 2 4 1.189207115
Newton Raphson 2 2 1.4142
Steffensen Method 2 3 1.2311

Function Root Interval Number of Iteration Required
BM RFM SM NRM PM

                   0.259171                         40 9 8 8 7

          1.55677326439               39 26 23 19 13

1.93456                           39 7 7 7 4

1.11415714084               35 10 9 7 7

                    0.5671432904                 37 23 11 8 7

0.7047094901                 32 14 7 7 7

           0.11126415759               38 8 5 5 4

0.60710164811               28 13 12 7 5

               1.32471795724               36 28 17 11 11

                         1.5213797 [1,2] 22 15 8 6 4

    2.74064609596                38 11 11 7 6

Table 1. Efficiency indices for nonlinear equations and systems of the discussed methods.

Table 2. Comparison of iteration counts for different root-finding methods.
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In this study, we present a modified technique for 
numerically approximating the roots of nonlinear 
equations. The proposed method enhances the 
efficiency and convergence rate of the traditional 
Bisection and Regula-Falsi methods. Theoretical 
analysis and convergence results demonstrate 
that the modified method achieves a convergence 
rate of order 2, which is faster than the traditional 
Bisection and Regula-Falsi methods.
We proceed with the interpretation of our numerical 
methods for approximating solutions to nonlinear 
equations based on the results obtained. The Regula-
Falsi, Bisection, Steffensen, Newton-Raphson, and 
Modified Proposed Methods are used to solve these 
problems. Table 2 presents the approximations of 
roots obtained using these methods for nonlinear 
algebraic and transcendental equations.
The results indicate that, compared to the Regula-
Falsi, Bisection, Steffensen, and Newton-Raphson 
methods, the modified proposed method yields 
better results while requiring fewer iterations. 
Additionally, graphical analysis confirms that 
the proposed method outperforms the Regula-
Falsi, Bisection, Steffensen, and Newton-Raphson 
techniques. Hence, the modified approach 
presented in this paper offers a powerful and 
efficient numerical algorithm for solving nonlinear 
equations.

6.  CONCLUSIONS

An iterative, mathematically integrated approach 
for obtaining the roots of nonlinear equations 
has been developed and presented in this work. 
The proposed technique is a modification of 
the Bisection and Regula-Falsi methods. After 
comparing the results of this study with those of 
the Bisection and Regula-Falsi methods, it can be 
concluded that the proposed modified technique 
performs quite effectively. This modified method 
is free of impediments and rapidly converges to 
the root. Moreover, compared to the Bisection, 
Regula-Falsi, Steffensen, and Newton-Raphson 
methods, the proposed modified approach yields 
superior results in terms of accuracy and iteration 
count. However, the computational cost of each 
iteration in the newly suggested method is slightly 
higher than that of the Bisection and Regula-Falsi 
methods.
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Abstract: Peristaltic-driven flows play a critical role in many natural biological processes and have inspired numerous 
applications in engineering, medicine, and environmental technology. By mimicking the efficient movement and control 
of peristaltic, scientists and engineers can develop innovative solutions for a wide range of challenges. Therefore, this 
article delves into the peristaltic flow of electrically conducting Ree-Eyring fluid in a non-uniform symmetric conduit 
with entropy generation. Slip constraints and radiative impacts are also deliberated. The lubrication theory hypothesis 
is utilized to compress the normalized equations. Closed-form outcomes are derived and exhibited graphically to 
depict the distributions of velocity, entropy generation, temperature, and pressure optimization. The outcomes of this 
investigation showed that the liquid velocity is demoted by improving the Ree-Eyring and slip parameters. Further, 
the liquid temperature is boosted by augmenting the values of the Ree-Eyring fluid parameter and Brinkman number. 

Keywords: Peristaltic Flow, Slip Conditions, Ree-Eyring Fluid, Entropy Generation, Thermal Radiation, Exact 
Solution.

1.	 INTRODUCTION

Peristalsis insinuates the synchronized, periodic 
contraction and relaxation of muscles responsible 
for propelling constituents through tubular organs 
like the esophagus, stomach, intestines, or various 
segments of the digestive system. This elaboration 
is essential for moving food, liquids, and other 
substances throughout the gastrointestinal tract. 
Within the digestive system, peristalsis aids in 
transporting ingested material from one segment 
to another, thereby facilitating digestion and 
absorption processes. Peristalsis is a process that 
involves muscle contractions creating a wave-like 
motion to push the contents forward. It helps move 
swallowed food from the mouth to the stomach in 
the esophagus. This process occurs mechanically 
and involuntarily, without conscious effort. The 
autonomic nervous system plays a crucial role in 
regulating peristalsis to ensure that it happens in a 
coordinated and efficient manner. The mechanical 
properties of peristalsis were first studied by 
Latham [1]. The movement of fluids by a peristaltic 

pump was examined in this work. In a non-uniform 
conduit, Vaidya et al. [2] discovered the stimulus 
of viscosity and heat conductivity fluctuations on 
the peristaltic behavior of Rabinowitsch liquid 
while considering convective surface conditions 
and wall characteristics. The peristaltic passage 
has been extensively studied, with several studies 
examining hypothetical and applied features. In 
the entropy generation study, Akbar and Abbasi [3] 
observed at the consequences of mixed convection, 
thermophoresis, variable viscosity, Brownian 
motion, and peristaltic-driven nanofluid movement 
in an asymmetric channel. The diffusion impacts on 
the blood flow of nanomaterials in an asymmetric 
conduit with the lubrication hypothesis were 
studied by Asha and Sunitha [4]. Rafiq and Abbas 
[5] researched into the results of heat radiation 
and viscous dissipation on the peristaltic flow of 
Rabinowitsch liquid in an unevenly sloped conduit. 
Through the use of a lubrication hypothesis, the 
influences of velocity slip and entropy production 
on the MHD peristaltic flow of an incompressible 
fluid in a diverging duct were predicted by Abbas et 



al. [6]. Using Rosseland’s approximation, Farooq 
and Hussain [7] discussed the radiative blood flow 
of Williamson liquid over the esophagus. Priam 
and Nasrin [8] deliberated the thermally radiative 
peristaltic movement of time-dependent Casson 
liquid over a conduit having sinusoidal sides. 
Devakar et al. [9] provided a description of how 
a magnetic field affects the peristaltic activity of a 
non-Newtonian liquid inside an endoscope. Nadeem 
et al. [10] acquired critical effects for the flow fields 
by scrutinizing the sinusoidal flow of viscous liquid 
in an elliptic conduit. Numerous substantial studies 
concerning peristaltic flow in diverse geometries 
have been deliberated in previous studies [11-15].
Numerous models have been established to 
illustrate the comportment of non-Newtonian 
liquids due to their widespread usage in a variety 
of sectors, including engineering and industry. 
The Ree-Eyring model is one such model that is 
used in rheology to clarify the flow performance 
of non-Newtonian liquids, particularly those that 
include viscoelastic characteristics. This model 
works very well for relating the performance of 
biological liquids, polymer solutions, and other 
complicated materials where shear-thinning and 
viscoelasticity are important. The performance of 
Ree-Eyring liquids in several settings has been 
examined by numerous researchers. A general 
theory of non-Newtonian flow is established on 
Eyring’s theory of rate progressions in Glasstone 
et al. [16]. After some time, this theory has been 
developed by Ree and Eyring [17]. Bou-Chakra et 
al. [18] used the Ree-Eyring theory to scrutinize 
the effects of the heterogeneous flow from coated 
layer surfaces on the frictional reaction and the 
structure of molecules in the interface region. 
In their study of the flow of Ree-Eyring liquid 
between two infinitely matching plates, Ramesh 
and Eytoo [19] took into account magnetic fields, 
radiation, heat transfer, slip boundary conditions, 
and porous materials. While velocity falls as the 
Hartmann number grows, their study revealed that 
temperature upsurges with greater Ree-Eyring 
liquid, temperature, radiation, and slip parameters. 
Consuming the Cattaneo–Christov model of 
heat movement, Abbas et al. [20] scrutinized the 
behavior of an electrically conducting Eyring–
Powell liquid in a semipermeable bent conduit. 
Al-Mdallal et al. [21] scrutinized the Ree-Eyring 
liquid move between two stretchy turning disks 
packed with nanoparticles using water-base fluid by 
using the Runge-Kutta-Felberg technique. Tanveer 

and Malik [22] examined the impact of MHD and 
nanoparticles in a conduit using the Ree-Eyring 
model as a base fluid. In order to get mathematical 
formulas for velocity profiles and other pertinent 
factors, they used the lubrication technique. Rao 
et al. [23] examined the radiative characteristics 
of the dissipative bioconvective movement of Ree-
Eyring NF over a sloping plate. Shah et al. [24] 
analyzed heat transmission properties, considering 
high thermal resistance and including viscous 
dissipation, using the Cattaneo-Christov model for 
Ree-Eyring NF surge across a widening sheet. The 
two-wave sinusoidal cilia beating inside a tubular 
conduit exhibit peristaltic rheology, as described by 
Turkyilmazoglu [25].

Entropy, which is widely used to describe 
the degree of disorder in a system, is a property of 
an irretrievable method in which the heat energy 
produced cannot be transformed into productive 
activity. Several variables, such as Joule heating, 
viscous dissipation, and sudden thermal radiation, 
affect this process. Bejan [26] was one of the 
pioneers in identifying entropy generation in heat 
transformation exploration. Akbar [27] observed 
elevated entropy summaries near a vertical 
duct while studying the peristaltic behavior of a 
suspension nanofluid containing carbon nanotubes 
(CNTs). Rashidi et al. [28] scrutinized entropy 
in peristaltically stimulated blood circulation 
under the influence of Lorentz force, disregarding 
inertial effects. Asha and Deepa [29] investigated 
the peristaltic circulation of blood, considered as 
a magneto-micropolar liquid, in a non-uniform 
conduit, focusing on the influences of heat radiation 
and entropy. Bibi and Xu [30] modeled the peristaltic 
flow of Jeffrey nanofluid in a symmetric conduit 
influenced by a magnetic field, demonstrating 
entropy control through various parameter 
estimations. The study addresses endoscopic 
and homogeneous-heterogeneous effects in the 
magnetohydrodynamic peristalsis of Ree-Eyring 
liquid by Hayat et al. [31]. Rajashekhar et al. [32] 
studied the peristaltic flow of a Ree–Eyring liquid 
over a uniform compliant duct, incorporating 
the impacts of variable viscosity and thermal 
conductivity in their modeling. Balachandra et al. 
[33] improved a model that includes variations in 
viscosity and thermal conductivity, which play a 
crucial role in scrutinizing blood moves in tapered 
arteries Shoaib et al. [34] explored the Optimization 
of entropy generation in the dissipative surge of a 
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Ree-Eyring liquid model, incorporating a quartic 
autocatalytic chemical reaction between two 
rotating disks. The study utilized an artificial neural 
systems model, which was back-propagated using 
the Bayesian Regularization procedure. Zafar et 
al. [35] recently studied entropy creation in the 
Darcy-Forchheimer Ree-Eyring nanoparticles 
with bioconvection flow over an elastic surface, 
providing a detailed exploration of the topic. 
Several key studies relevant to this investigation 
have been conducted previously [36-41].

This work covers the noted research gap and 
tackles real-world applications by the features of 
entropy production that occur when Ree-Eyring 
fluid peristaltically moves within a horizontal 
symmetric divergent channel while taking 
viscous and thermally radiative dissipation into 
consideration. Analyzing the risk of cardiac illnesses 
and studying hemodynamics need an understanding 
of how blood circulates via a horizontal symmetric 
diverging channel. Nonetheless, since the 
governing mathematical equations are extremely 
nonlinear, such investigations are intrinsically 
complicated. Ree-Eyring fluid peristaltically moves 
within a horizontal symmetric divergent channel, 
exhibit superior viscous and thermally radiative 
dissipation, rendering them extremely pertinent 
to applications in biomedicine. The complexity of 
the equations governing the movement of the Ree-
Eyring fluid is reduced by utilizing the lubrication 
approximation. These results are especially 
important for designing curved geometries in 
medical implants and flow control devices.  In light 
of this, the main goal of this research is to examine 
how Ree-Eyring fluid behaves as it peristaltically 
travels through a horizontally symmetric diverging 
channel. Approximate findings for heat transfer, 
pressure gradient, and velocity are obtained using 
the perturbation approach. To examine the changes 
in various stream characteristics under a range of 
important circumstances, graphical representations 
are used. This study is highly relevant to endoscopy, 
an essential diagnostic instrument for assessing 
the condition of internal organs. Additionally, 
understanding the variations in pressure gradients 
is crucial for regulating flow rates, especially 
during the insertion of catheters into arteries. 
Using 2D graphs, the impacts of important factors 
on temperature distribution and axial velocity are 
thoroughly analyzed, and Table 1 highlights the 
novel aspects of the problem.

2.    MATHEMATICAL  ANALYSIS

Consider the two-dimensional thermally radiative 
flow of Ree-Eyring fluid through a symmetric chan-
nel having wavy boundaries occupied by a porous 
medium. The generated flow is peristaltic. The 
mathematical expression in Equation (1) describes 
the vertical margins of the conduit [28].

				    (1)

where  and  is constant 
and  indicates the semi-width at the cove of the 
irregular conduit,  indicates semi-width as a role 
of axial distance ,  indicates the amplitude of the 
peristaltic wave,  indicates the wavelength of the 
peristaltic wave, and  indicates time as shown in 
Figure 1.

Ref. No. [3] [34] [28] [38] Present
Peristaltic Flow     

Ree-Eyring Fluid     

Entropy generation     

Thermal radiation     

Slip Conditions     

Porosity     

Table 1. Novel aspects of the present problem.

Fig. 1. Horizontal wavy porous channel.
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The following Equations define the physical description of the current problems [28, 34, 38]:

 						      (2) 

		  (3)

			   (4)

			   (5)

The stress tensor of the Ree-Eyring liquid model is:

 				    (6)

As  for , the upstairs Equation can be rewritten as:

 					     (7)

where,  and represent the material coefficients and  denotes the electrical conductivity. The 
dimensionless variables are: 

Where,	  stands for wave number,  stands for amplitude ratio,  stands for non-dimensional temperature, 
  stands for Reynolds number,  stands for Hartmann number,  is the radiative heat flux,  stands for 

Eckert number,  represents for Prandtl number,  stands for Brinkmann number, and  stands for Ree-
Eyring fluid parameter.

The dimensionless form of Equations (2), (3), (4), and (5) are:

	
	               (8)

	
	 (9)
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                        (10)  

Per lubrication theory, Equations (8-10) can be reformulated as:

				   (11)

					     (12)

				    (13)

The boundary constraints can be described as:

		   (14)

		  (15)

2.1. Entropy Generation

The entropy generation can be described as:

				    (16)

The Equation (16) defines entropy generation through four terms, accounting for thermal heat transfer ir-
reversibility, the magnetic field and viscous dissipation. In its dimensionless form, Equation (16) expresses 
the ratio of volumetric entropy generation, , to the characteristic entropy generation, .
In the Equation (16), entropy generation is defined using four terms, accounting for thermal heat transfer 
irreversibility, the magnetic field and viscous dissipation. The dimensionless form of Equation (16) are:

		            (17)
2.2. Solution Procedure

The result of Equations (13) and (14) with boundary conditions of Equation (15), we have [15, 25]:

			   (18)

(19)

The pressure gradient term obtained through instantaneous mean flow rate which is characterized as:

			   (20)

				    (21)
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3.    RESULTS AND DISCUSSION

This section provides a graphical analysis of 
the impact of various parameters on pressure, 
velocity, heat transfer, and entropy generation. 
The solution and graphics of the system can be 
found by consuming the DSolve command in 
Mathematica. A valuable approach to verifying 
the validity of the current findings is to conduct 
a comparative analysis with the previous study 
[38].  The accuracy and reliability of the present 
results, as illustrated in the graphs, are validated by 
the strong agreement between this study’s findings 
and existing literature. Figure 2(a) shows how the 
velocity distribution is affected by the magnetic field 
parameter “M”, depicting a reduction in the central 
region while increasing near the boundaries. Figure 
2(b) illustrates the impact of the Ree-Eyring fluid 
parameter “ζ” on velocity, potentially emphasizing 
non-Newtonian characteristics. Figure 2(c) 
demonstrates how the porous medium parameter 
“S” affects the flow, highlighting resistance due 
to the porous structure. Figure 2(d) elucidates 
the effect of the slip parameter “β”, showcasing 
variations in boundary behavior and improved flow 
due to slip conditions.

Figure 3(a) depicts the variation of pressure 
with wavelength “ ”, showing an overall 
increase in pressure as “ ” rises. Figure 3(b) 
examine the influence of the Ree-Eyring liquid 

parameter “ζ” on pressure, illustrating a noticeable 
increase in pressure with higher “ζ” values due to 
non-Newtonian effects. Figure 3(c) explore the role 
of the porous medium parameter “s”, revealing 
that increasing “S” leads to a reduction in pressure, 
indicating higher resistance to flow. Figure 3(d) 
investigate the impact of the slip parameter “β” and 
the Hartmann number “M” on pressure, highlighting 
a decrease in pressure for increasing “β”, while 
a higher “M” results in increased pressure due to 
electromagnetic effects. The results of the present 
study are in good agreement with the results 
available in a previous study [21].

Figure 4(a) illustrates the upshot of the 
magnetic field parameter “M” on the temperature 
distribution, showing variations in heat distribution 
due to electromagnetic forces. Figure 4(b) shows 
the effect of the Ree-Eyring liquid parameter “ζ” 
on the temperature, identifying its role in thermal 
diffusion. Figure 4(c) explains the behavior of 
the temperature profile concerning the radiation 
parameter “R”, highlighting its impact on heat 
transfer mechanisms. Figure 4(d) demonstrates 
how the Brinkman number “Br” affects temperature 
variation, emphasizing its significance in convective 
heat transfer. Thus, we come to know that an 
increment in the “Br” raises the heat augment in the 
system. A similar behavior is observed by Rafiq et 
al. [5].

    
 

 

   

 
Fig. 2. Alteration of 𝑢𝑢for variation of M (a), ζ (b), s (c), and β (d). 

 
Fig. 2. Alteration of  for variation of M (a), ζ (b), s (c), and β (d).
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Figure 5(a) demonstrates how the entropy 
generation changes with variations in the Ree-
Eyring parameter “ζ”. A decreasing trend is 
observed, indicating that increasing “ζ” reduces 
entropy production in the system. Figure 5(b) 
elucidates the outcome of the Brinkman number 
“Br” on entropy generation. The results reveal 
a continuous decline, suggesting that increasing 

viscous dissipation reduces entropy generation. 
Figure 5(c) shows the impact of the Hartmann 
number “M”. As M increases, entropy generation 
also rises, which aligns with findings by Shoaib et 
al. [35], indicating that the presence of a stronger 
magnetic field improves irreversibility. Figure 
5(d) displays the upshot of the wave number “δ” 
on entropy generation. A continuous upsurge in 

    
 

 

   

 
Fig. 3. Alteration of 𝛥𝛥𝑃𝑃𝜆𝜆 for variation of M (a), ζ (b), s (c), and β (d). 

 

    
 

 

   

 
Fig. 4. Alteration of 𝜃𝜃for variation of M (a), ζ (b), Br (c), and R (d). 

 

Fig. 3. Alteration of  for variation of M (a), ζ (b), s (c), and β (d).

Fig. 4. Alteration of  for variation of M (a), ζ (b), Br (c), and R (d).
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entropy generation is observed as “δ” increases, 
highlighting the influence of wave characteristics on 
system disorder. Figure 5(e) shows the behavior of 
thermal radiation “R”. Initially, entropy generation 
increases, but after reaching a threshold value 
(~1.1), it starts to decline. This non-monotonic 
trend suggests that thermal radiation has a complex 
effect on entropy generation.

4.    CONCLUSIONS

This research investigates the behavior of Ree-
Eyring liquid within a permeable medium in 
a symmetric tapered conduit, emphasizing the 
influence of thermal boundary conditions on the 
temperature profile and entropy generation. This 
study enhances our understanding of fluid flow 
behavior in a symmetric tapered conduit, paving 
the way for optimizing flow dynamics and reducing 
resistance. Future research can expand on this work 
by incorporating additional models such as the 
Ree-Eyring fluid model and the Oldroyd-B fluid 
model, along with factors like mixed convection 

and bioconvection. The analysis reveals that 
fluid velocity diminishes as the Ree-Eyring and 
slip parameters increase. Additionally, pressure 
variations show that the Ree-Eyring parameter and 
Hartmann number lead to a rise in the retrograde 
region, while a contrasting trend is observed in 
the co-pumping region. The Brinkman number 
significantly influences the system, as its increase 
results in greater heat inflow, elevating the liquid 
temperature. The temperature is also shown to 
rise with growing values of both the Brinkman 
number and thermal radiation. Furthermore, 
entropy generation is particularly pronounced near 
the channel boundaries, intensifying with higher 
wave number and thermal radiation values. These 
findings are supported by graphical representations 
that highlight the effects of the evolving parameters 
on the system. 
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Abstract: In this research, the AP600 Pressurized Water Reactor (PWR)-type Nuclear Power Plant (NPP) is studied 
due to its large number of components and complex, diversified systems. Operating a reliable and economical PWR 
NPP without malfunctions is desirable, with maximum safety as the primary goal. A Personal Computer Transient 
Analyzer (PCTRAN) is used as a data-driven source for AP600 PWR NPP, enabling simulations of both normal 
and abnormal operations. A state-of-the-art, fully automated, intelligent fault detection, identification, and diagnosis 
software (AI-FDID-PCTRAN) is designed and developed in Visual Basic to address various safety concerns and 
enhance the reliability and availability of AP600 PWR NPP systems. AI-FDID-PCTRAN is formulated, programmed, 
and configured based on unsupervised machine learning using Principal Component Analysis (PCA), a fully 
Automated Multivariate Statistical Process Control Technique (AMSPCT). The proposed PCA-based technique is a 
purely software-driven, systematically structured, and fully automated approach, developed specifically for the AP600 
PWR nuclear industry. This specialized software offers capabilities not found in highly expensive, commercially 
available alternatives. FDD-PCTRAN has been tested against benchmark normal and abnormal transients available in 
AP600 PCTRAN and has proven to be highly reliable and accurate in fault detection and diagnosis. 

Keywords: Automated System, Fault Detection and Diagnosis, Unsupervised Machine Learning, AP600, Abnormal 
Operation, PWR.

1.    INTRODUCTION

Nuclear power plants are inherently designed with 
high level of engineering technology and safety. 
Safety is the prime concern in nuclear industry 
because the energy source in nuclear power plants 
is nuclear fission i.e. the production of radiation 
and ultimate release of nuclear energy. Pressurized 
Water Reactor (PWR) type nuclear power plants are 
far safer than other types of nuclear power plants. 
The PWR type nuclear power plants are basically 

built on the concept of negative temperature 
coefficients of reactivity. Nuclear power plants 
operate around its set-points and sufficient design 
control bands are provided for transient operation. 
Plants can cope small, large and even severe 
transient. However, fault conditions are designed 
associated with different systems of nuclear power 
plant and are required to detect and identify timely 
and accordingly the corrective actions are designed 
as mitigated actions after proper diagnosis of faults.
A detailed literature review is conducted to 



study various fault detection, identification and 
diagnosis techniques in nuclear power plants. A 
detailed technical review is conducted to study 
different fault detection and diagnosis methods 
used in nuclear power plants by Ma and Jiang [1]. 
Another detailed review is conducted to study 
different supervised and unsupervised data driven 
machine learning techniques used for condition 
monitoring in nuclear power plants by Hu et al. [2]. 
Fault detection in PWR type nuclear power plant 
components is addressed by Maio et al. [3] using 
statistical techniques. An online fault detection 
and isolation technique is established for PHWR 
type nuclear power plant using PCA technique 
by Yellapu et al. [4]. The research is explored for 
detection and identification of faults in PWR NPP 
instruments using Principal Component Method 
(PCA) by Ma and Jiang [5] while similar research 
is conducted for multiple faults in PWR sensors 
by Yu et al. [6]. A multi physics informed neural 
network (PIN) and deep neural network (DNN) 
based fault detection in regulating valves of nuclear 
power plants is explained by Lai et al. [7]. An 
entirely different approach is identified by Gallo and 
Capozzi [8] for pattern classification and feature 
selection using nonlinear PCA. Similar research 
is conducted for fault detection in dynamic time 
varying systems by Kazemi et al. [9] using neural 
network based PCA. A Simulink based reactor 
power control system is designed for PWR type 
nuclear power plant using Westinghouse Personal 
Computer Transient Analyzer (PCTRAN) by 
Ihrayz [10]. PCTRAN is used as virtual simulator 
of PWR dynamics. A fault diagnosis system is 
developed for CPR1000 3-loop PWR type nuclear 
power plant using deep neural network by Liu et 
al. [11]. Research is further explored for CPR1000 
3-loop PWR type nuclear power plant by Ren et al. 
[12] in which Convolutional Neural Network-Long 
Short-Term Memory (CNN-LSTM) based model 
is constructed for fault diagnosis in normal and 
abnormal operating conditions. These scenarios 
are designed in specific CPR1000 PCTRAN.  This 
research is further extended by Zhang et al. [13] 
in which fault diagnosis for CPR1000 PCTRAN 
is accomplished using sparrow search algorithm 
optimized CNN LSTM neural network. A PCA 
and Support Vector Machine (SVM) based fault 
diagnosis system is established for Main Steam Line 
Break (MSLB) accidental condition in CPR1000 
PCTRAN by Xin et al. [14]. An investigation is 
performed for prediction of time series of nuclear 

power plant parameters using Backpropagation 
(BP) artificial neural network (ANN) by Liu et 
al. [15]. This research is carried out for Advanced 
Pressurized Water Reactor of 600 MWe rating 
(AP600) nuclear power plant. Another similar 
investigation is performed by Yong-kuo   et al. [16] 
in which signed directed graph (SDG), PCA and 
ANN based cascaded fault diagnostic technique is 
developed for similar AP600 NPP. A PCA based 
fault detection and diagnosis methodology is 
designed for selected AP600 NPP fault conditions 
of primary and secondary systems by Elshenawy 
et al. [17]. Current methods with commercially 
available software are not intelligent and automated 
in their functionality. Methods other than PCA such 
as deep learning are time consuming, complex and 
mathematically stiff.   

In the present study, a dedicated PCTRAN 
developed specially for AP600 PWR NPP in 
Visual Basic is integrated with a newly designed 
fully Automated Intelligent Fault Detection, 
Identification and Diagnosis software (AI-FDID) 
developed in Visual Basic. The integrated AI-FDID-
PCTRAN is a state-of-the-art dedicated software 
for AP600 PWR nuclear power plant designed 
and configured based on data-driven unsupervised 
machine learning technology. The software is 
highly robust, intelligent and smartly detects 
normal and abnormal operations of AP600 PWR 
nuclear power plant. A dedicated software database 
is designed and PCA is addressed computationally 
and simulation experiments prove the effectiveness 
of proposed scheme. 

2.    MATERIALS AND METHODS

2.1. AP600 PCTRAN

PCTRAN is a computer code specially designed for 
PWR type nuclear power plants. PCTRAN program 
is a generic software covers light water reactor 
technology [10]. It is a Westinghouse design with 
thermal output power about 1800 MWth (i.e., 600 
MWe). PWR simulators are available for different 
power ratings and variants. Parameters of AP600 
PCTRAN are tuned for 600 MWe.

In a Pressurized Water Reactor’s design, 
reactor coolant is light water which also acts like 
moderator. The reactor has vertical reactor core 
filled with fuel, coolant and control rods. Reactor 
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coolant is a pressurized water and its quality and 
chemistry is maintained. Reactor coolant is passed 
through the tubes of steam generator while feed 
water is passed through the shell structure of steam 
generators. High quality steam is produced and 
passed through the steam turbines. Steam turbines 
generate mechanical energy that in turn rotates 
the electrical generator and thereby the electrical 
energy is produced. All the systems work together 
and form a PWR power generating station [12]. The 
AP600 PCTRAN Simulator interface is shown in 
Figure 1. 

2.2. Unsupervised Machine Learning: PCA  
  
Machine learning techniques are widely used in 
system identification and pattern identification. 
Principal Components Analysis (PCA) is one of 
the very popular unsupervised machine learning 
technique. The basic design of PCA is established 
on statistical analysis. This technique is well suited 
for detecting the precursors responsible for changes 
in data. The core idea behind the PCA is to estimate 
and formulate the variance in process data [4]. 
Now-a-days, PCA is used extensively used in all 
areas of sciences, engineering and computing for 
statistical analysis to produce useful information 
for process and its health conditions.
 

In model based approach, first principle 
problem modeling is adopted for which very 
accurate and insightful knowledge of the process 

physics is required [5]. This modeling approach is 
governed on physical laws. Therefore, sometimes, 
it becomes very difficult to precisely model the 
process. In order to cater this problem, a data-
driven approach is adopted. That’s why data-driven 
PCA methodology is very popular for pattern 
identification. This method is further classified 
into statistical methods and non-statistical or signal 
based methods. PCA is a multivariate algorithms 
based technique and uses data driven approach 
which captures nonlinear patterns of datasets very 
well, so it is well suited for nuclear power plant 
applications in a much better and easier way then 
nonlinear techniques such as neural networks etc. 
That is why nonlinear techniques are not adopted 
due to complex structure and difficult configuration 
of software. 

The task of PCA is then, given a sample of n 
objects with m measured quantities for each, i.e. m 
variables, xj (j = 1, 2, ..., m), find a set of m new, 
orthogonal (i.e. independent) variables, t1,…… ,ti, 
…… tm, each one a formulation of actual variables, 
xj as:

(1)

Where, constants ija  are determined such that the 
smallest number of new set of variables is observed 
with maximum possible variance present in the 
data. The ti dimension is called principal component 
and each value of ti is known as score. The feature 
matrix P is known as loadings, which is constructed 
by taking the eigenvectors in the columns. The 
variation in the measurement domain covered by the 
loading vectors coupled with smallest eigenvalues.
Eigenvectors are computed either from covariance 
matrix or SVD [3]. For covariance, output data 
from the process is standardized. Covariance 
is m × m symmetric matrix which shows the 
linear dependence of one dimension on another 
dimension.  Then eigenvalues and eigenvectors will 
be calculated numerically. Cumulative Percentage 
Variance (CPV) test is performed to find out the 
number ‘a’ for reduced dimensions. After finding 
out the ‘a’, loading matrix is selected by using 
first ‘a’ dimension, as it captures the most of 
information represented by data. The new variables 
scores will be produced from loadings and scaled 
data, which represent the data in reduced order. By 
using eigenvectors and scores, original observed 
data can be reproduced with little bit error. 

)1(..........11 mimjijii xaxaxat ++++=

Fig. 1. AP600 PCTRAN simulator interface.
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Whereas another technique which is associated 
with matrix representation called Singular Value 
Decomposition (SVD). SVD deals with orthogonal 
matrix U and diagonal matrix W of singular values 
and the transpose of an m x m orthogonal matrix VT. 
Eigenvalues are the square of these singular values 
while eigenvectors can be calculated by taking the 
transpose of VT.

Eigenvectors can be computed by using either 
covariance matrix or SVD which are then sorted by 
their magnitude. At this step, it is decided to neglect 
the values of least importance. By doing so, some 
information will be lost but there will be no loss in 
case of smaller eigenvalues. If some components 
are ignored, then the final data set contains fewer 
dimensions than the original [17]. To be precise, 
if originally have m dimensions in data, then m 
eigenvectors and eigenvalues are calculated, and 
then only the first eigenvector is chosen, later the 
final data set has ‘a’ dimension. This can be done by 
using CPV method. In this method, ‘a’ is computed 
using the smallest number of loading vectors 
required to cater CPV. 

2.3. T2 and Q-Statistics Tests  

PCA technique is used to decompose the original 
data into two or more orthogonal subspaces which 
independently provide unique information about the 
health of the plant. The model subspace is derived 
by choosing the first k principal components which 
provides information about parameters that shows 
greater changes in variation. The residual subspace, 
orthogonal to the model subspace provides the 
inverse information which describes what happens 
behind the scenes. The Q statistic is used to quantify 
the inverse information from the residual subspace 
and helps to overcome the masking concerns of faulty 
parameters that does not exhibit large changes in 
variation. The detection of changes in the simulation 
scenarios accomplishes independently through the 
Hotelling T2 and square prediction error (SPE) or 
Q-statistics respectively. A combined discriminant 
that uses both the T2 and SPE is used, which is 
capable of improved diagnosis based on assign 
weight. Contribution plots are used to examine the 
contribution of each parameter to the T2 and SPE 
statistics respectively. From the contribution plots, 
it gives an idea that which parameter is causing the 
changes or fault. The computations are based on the 
matrix algebra of the singular value decomposition 

of the data correlation matrix. This is found to be 
very useful because it simplifies and reduces the 
number of processing steps required to complete 
the algorithm. 

First, data is scaled then PCA is applied for 
fault detection. Proper scaling the data is very 
essential in PCA. Then T2 and Q statistics are 
applied to draw control charts using calculated 
upper limits for fault detection. When an out-of-
control signal is detected by T 2 or Q statistics control 
charts, then its identification is very essential. Fault 
diagnosis is a very critical function as generally 
while assessing variables, some variables of course 
move beyond very quickly during persistence 
of fault conditions. So, this information helps to 
further diagnose an actual cause of the fault. For 
this purpose, contribution plots can be used by 
using T2 and Q statistics. For illustration purposes, 
a case study is selected to verify and validate the 
computations performed by software developed 
using MS Visual Basic 6.0. For this purpose, each 
of feature parameter, whole 150 observations data 
of Iris Flower are Scaled using mean and standard 
deviation and then ‘Fault Detection’ wizard in the 
software is applied to whole standardized data. The 
Fisher’s Iris flowers dataset is designed consisting 
of data observations for three species. Four features 
are measured from each sample. Depending on mix 
of four features, a model is developed for analysis 
purposes. The plot of first three components of 
the dataset under consideration in 3D is shown in 
Figure 2. 

Three principal components captures 99.5% of 
total deviation. Therefore, it mimics the maximum 

Fig. 2. Plots for first three principal components.
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features through dimension reduction process. This 
proves the effectiveness and successful realization 
of the principal component analysis methodology 
adopted in extracting the features. 

First two eigenvectors are selected in loading 
matrix for dimension reduction. The plot of scores 
computed by software for first two principal 
components is shown below in Figure 3.

The process in which fault is detected and 
then process variable is identified that contribute 
to fault which result in out-of-control status. In 
the present study, fault diagnosis is accomplished 
by categorizing different faults into different fault 
classes. Combined discriminant based on T2 and 
Q statistics using Euclidean distance is used as a 
first choice for fault diagnosis, which is a pattern 
classification technique. Loading is stored into the 
database to measure the similarity between the two 
faults. The diagnosis results cover the similarity 
index and Euclidean distance calculated during 
match with each class stored in database. The 
statistical design data of PCA is summarized in 
Table 1. 

2.4.  Software Tool Design: AI-FDID-PCTRAN 

In AI-FDID-PCTRAN design cycle, the first step 
is the design. In the present study, structural design 
approach is adopted. Its goal is to produce a model 
or representation of an entity that is decided to 
build. For this fault detection and diagnosis system 
classical structural design approach is used.

Modules are collection of functions, which 
perform same functionalities collectively and 
coherently. Module is described by its purpose and 
complete specification of functions included in it. 
In fault detection and diagnosis system two major 
modules are designed, which are fault detection 
training module and fault diagnosis testing module. 
These two modules share different functions. 
As both the modules constitute FDD system 
collectively, therefore, the common functions can 
be re-used from other module. Fault detection 
training module includes the functions which detect 
and identify fault in data. 

Firstly, the data is gathered from the process 
then this data is scaled using mean and standard 
deviation. Also, data is classified into different 
fault classes based on faults for fault detection 
and diagnosis. Therefore, for each class initially 
principal component analysis is performed and then 
T2 and Q statistics are calculated. The last task in 
this module is to calculate combined discriminant 
of class for which training is in progress and 
then store loadings, eigenvalues, eigenvectors, 
combined discriminant and fault information into 
the database. So, this module allows the FDD 
system to be trained for normal as well as different 
fault conditions, and to be used for fault diagnosis 
in next stage. 

Fault diagnosis testing module mirrors the 
fault detection architecture, it includes the functions 
which diagnose the type of fault. After analyzing 
the given data, it is compared with fault classes 
which are already stored in database. Whichever 
fault class has the closest match is basically the 
desired category of fault.

This module performs principal component 
analysis, compute T2 and Q statistics on given 
set of data for which fault diagnosis process is 
initiated, therefore, it shares many functions of fault 
detection module. After performing analysis, it 

Statistical Design Parameters Values
Total Observations 150
Tα 6.6447
Tβ 4.9518
Similarity Index for Fault Class-1 0.5024
Similarity Index for Fault Class-2 0.9312
Similarity Index for Fault Class-3 1.0001
Euclidean Distance for Fault Class-1 0.1092
Euclidean Distance for Fault Class-2 0.0208
Euclidean Distance for Fault Class-3 0

Table 1. Statistical design data of PCA.

Fig. 3. Score plots for first two principal components.

	 AP600 Fault Detection and Diagnosis	 35



diagnoses fault by matching combined discriminant 
with already stores combined discriminant of fault 
classes. It also computes similarity measure by 
making use of loading of given test case and loadings 
are already stored in the database for different fault 
classes. Whichever fault class already stored has 
the closest match is basically the desired category 
of fault. Fault diagnosis module shares almost all 
the functions of fault detection module except 
functions used for fault identification purpose using 
T2 and Q statistics. In this study relational database 
design is used.

3.   RESULTS AND DISCUSSION

In the present study, the AI-FDID-PCTRAN 
software design interface, performance analysis 
of AI-FDID-PCTRAN software in normal and 
abnormal conditions are investigated. Obstacles 
exist for using the proposed model across different 
types of nuclear reactor designs are the variations of 
parameters, configuration of parameters and system 
loops, etc. 

3.1. AI-FDID-PCTRAN Software GUI

The AI-FDID-PCTRAN software is a systematic 
and fully automated intelligent application 
program. Rapid Application Development (RAD) 
environment i.e. Visual Basic 6.0 is used in the 
development and evaluation of User Interfaces 
(UIs). Visual Basic is used as it is user friendly and 
it is adopted because Pakistan Nuclear Regulatory 
Authority (PNRA) already using Visual Basic for 
all type of simulators and software development. 
PNRA has licensed Visual Basic software that 
can updated and modules could be improved 
for specific requirements. Multiple Document 
Interface Design Style (MDIDS) are used to make 
it easier to work with system. The computational 
tools are made available in AI-FDID-PCTRAN 
software and embedded in GUI tabs. The software 
qualifies the compliance and regulatory adherence 
of PNRA, which is necessary for using the software 
in the nuclear industry. It meets the requirements of 
PNRA and tested against benchmark data. 

3.2. Performance Analysis of AI-FDID-PCTRAN 
       in Normal Operating Conditions

Now, the testing and validation of fault detection, 
identification and diagnosis system is carried out 

using a case study in which principal component 
analysis is performed using T2 and Q statistics 
for PCTRAN Simulator for 600 MWe PWR type 
nuclear power plant Data. In order to detect, 
identify and diagnose faults, following classes are 
considered in this case study:

1.	 Normal operation
2.	 Loss of coolant accident at hot leg for 95% break
3.	 Main steam line break for 95%
4.	 Main feed water pump failure

Four above mentioned associated fault scenarios 
are chosen due to space limitation and scope of this 
research study. 

The process variables, i.e., parameters under 
consideration are:

1.  Primary pressure: P (Kg/cm2)	
2.  Average temperature: Tavg (°C) 
3.  Hot leg temperature: THA (°C)	    
4.  Cold leg temperature: TCA (°C) 

For each class 3000 observations/samples 
are collected in 3000 seconds through PCTRAN 
simulator. Then for each class, software is trained 
through fault detection wizard to store loading and 
combined discriminant into database for similarity 
measure and Euclidean distance computation in 
diagnosis phase respectively. 

Initially, when simulator starts there may be 
some fluctuations for a certain time. After some 
time, simulator starts to operate in normal condition 
under steady state. The values for variables under 
consideration in normal operation are mentioned in 
Table 2. 

Eigenvalues and eigenvectors are computed 
for normal operation of AI-FDID-PCTRAN for 
parametric variation from steady state to fault 
conditions as shown in Tables 3 and 4, respectively. 
It means this data is the representation of variation 
from normal operating conditions to transient 
conditions capturing the deviation dynamics. 

In Table 4, component 1 through component 
4 are the first four principal components. 
Eigenvectors  are direction cosines for principal 
components, while eigenvalues are the variance in 
the principal components. Sum of all eigenvalues 
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is equal to the sum of variances which are on the 
diagonal of the variance-covariance matrix.

Eigenvectors are the vectors indicating the 
direction of the axes along which the data varies 
the most. Each eigenvector has a corresponding 
eigenvalue, quantifying the amount of variance 
captured along its direction. PCA involves selecting 
eigenvectors with the largest eigenvalues.

The largest eigenvalues  with positive sign 
and their corresponding eigenvectors is crucial 
in PCA because they capture the most significant 
patterns in the data, reducing dimensionality while 
retaining most of the variability in plant dynamics. 
The change in eigenvalue shows the variation in 
eigenvalue due to the difference between steady 
state and fault conditions of plant.

Fault detection in AI-FDID-PCTRAN 
software is carried out by using T2 and Q statistics 
control charts. In both control charts, before AP600 
NPP reaches its steady state, there are some faults 
at the start. But after reaching steady state, no 
faults are observed using these statistics. T2 and Q 

statistics are applied to draw control charts using 
calculated upper limits for fault detection. The 
threshold values are chosen using known plant 
normal and abnormal fault conditions for selected 
scenarios using computational schemes mentioned 
by Elshenawy et al. [17].

The threshold values computed for T2 and 
Q statistics are 6.0015 and 0.4456 respectively. 
The resultant plots for fault detection using these 
statistics are shown in Figures 4 and 5 respectively.
The results are generated using Microsoft Visual 
Basic software and found graphically systematic 
and visually unique in nature as compared to results 
observed previously [1-6]. 

Through fault identification contribution of 
each variable in faults is calculated by using T2 and 
Q statistics contribution plots. As T2 statistic and Q 
statistic detect and identify different type of faults, 

Parameters Values
P (Kg/cm2) 154.96
Tavg (°C) 300.93
THA (°C) 320.43
TCA (°C) 281.42

Parameters Eigenvalues Difference
Component 1 (C-1) 3.1584 2.3882
Component 2 (C-2) 0.7702 0.7061
Component 3 (C-3) 0.0641 0.0568
Component 4 (C-4) 0.0073 -

Parameters (C-1) (C-2) (C-3) (C-4)
P (Kg/Cm2) 0.3183 0.9389 -0.1292 -0.0228
Tavg (°C) -0.5529 0.1947 -0.0895 0.8052
THA (°C) -0.5366 0.2719 0.7159 -0.3546
TCA (°C) -0.5523 0.0821 -0.6803 -0.4747

Table 2. Normal operation parametric values of 
variables.

Table 3. Eigenvalues computed by AI-FDID-PCTRAN 
for normal plant operation data.

Table 4. Eigenvectors computed by AI-FDID-PCTRAN 
for normal plant operation data.

Fig. 4. Fault Detection through T2 Statistics using Normal 
Plant Operation of AI-FDID-PCTRAN.

Fig. 5. Fault Detection through Q Statistics using Normal 
Plant Operation of AI-FDID-PCTRAN.
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therefore, in this case study, it is observed that T2 
statistics are more sensitive to pressure surges than 
temperature surges whereas Q-statistic is sensitive 
to temperature changes. So, using T2 statistic, it is 
observed that initial faults before achieving steady 
state condition are mainly due to pressure changes 
while fault detected by Q-statistics are mainly due to 
hot leg temperature changes. The contribution plots 
for fault identification using T2 and Q statistics are 
shown in Figures 6 and 7 respectively. The normal 
operation plant data is successfully diagnosed from 
all other fault classes with similarity measure as 
1.001 and Euclidean distance as 0.
 
3.3. Performance Analysis of AI-FDID-PCTRAN 
       in Abnormal Operating Conditions

Realistic applications of AI-FDID-PCTRAN a r e 
Different abnormal conditions of plant and here in 
this research work as case study a scenario such as 
MSLB has been chosen for its specific usage.

In abnormal operation, MSLB case is 
considered as typical scenario and presented in 
this study. When main steam line break occurs, 
initially Tavg is increased. This initial increment is 
due to the fact that steam flow rate is increased, 
and then reactor coolant system (RCS) temperature 
deceases as temperature difference increases in 
steam generator. Therefore, positive reactivity 
arises in the system, therefore temperature is 
increased due to increased fission rate. Initially at 
100% reactor power Tavg is 302 °C. As turbine trips, 
neutron flux becomes zero due to the absorption of 
thermal neutrons in control rods. In other words, 
heat generation is stopped. The increment in the 
RCS temperature reduces the density of coolant. 
Therefore, water level of coolant in the pressurizer 
increases. This level increment produces small peak 
of pressure rise in coolant. As a result, the reactor is 
tripped, and RCS temperature continues to decrease 
further. This decrement in temperature reduces the 
system pressure.

Eigenvalues and eigenvectors are computed 
for MSLB introduced in AP600 PCTRAN using 
AI-FDID-PCTRAN for parametric variation from 
steady to fault conditions are mentioned in Tables 5 
and 6 respectively.

Eigenvalues and eigenvectors are computed 
for abnormal operation of AI-FDID-PCTRAN 
for parametric variation from steady state to fault 
conditions as shown in Tables 5 and 6 respectively. 
It means this data is the representation of variation 
from abnormal operating conditions to transient 
conditions capturing the deviation dynamics. 

In Table 5, the difference is calculated 
numerically by considering the eigenvalues at 
steady state and abnormal plant conditions at 
faults. The reference data or benchmark is the plant 
design data and design conditions describing plant 
normal operating conditions and fault condition as 
mentioned in plant design document available with 
PNRA.

The change in eigenvalues drops from first 
principal component through fourth principal 
component as the impact of plant dynamics reduces 
from first through fourth principal component.
Table 6 has the similar interpretation for abnormal 
operation of plant as that of Table 4 discussed 
earlier.

Fig. 6. Fault Identification through T2 Statistics using 
Normal Plant Operation of AI-FDID-PCTRAN.

Fig. 7. Fault Identification through Q Statistics using 
Normal Plant Operation of AI-FDID-PCTRAN.
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Fault detection in AI-FDID-PCTRAN 
software is carried out using T2 and Q statistics 
control charts and only PCA method has been 
adopted for this study due to computational ease, 
unsupervised learning and flexibility of usage in 
visual software. T2 statistics is more sensitive to 
pressure surges so when main steam line break 
occurs. The pressure fluctuation is observed not 
severe enough to be uncontrollable, so after that 
pressure begins to increase towards 155kg/cm2. 
After some time, pressure again starts to decrease 
which is indicated by the rising trend at the end 
of scenario. The threshold value computed for 
T2 statistic is 6.0015 while Q-statistic is more 
sensitive to detect temperature changes. As main 
steam line break occurs, initially temperature rises 
and then starts decreasing. The threshold value 
for Q-statistic computed by AI-FDID-PCTRAN 
software is 0.0158. Through fault identification 
contribution of each variable in faults is calculated 
by using T2 and Q statistics. As T2 statistic and Q 
statistic detect and identify different type of faults, 
therefore, in this case study, it is observed that T2 
statistics are more sensitive to pressure surges than 
temperature surges whereas Q-statistic is sensitive 
to temperature changes. So, using T2 statistic, it 
is observed that faults are mainly due to pressure 
changes while fault detected by Q-statistics are 
mainly due to cold leg temperature changes. 
The main steam line break data is successfully 
diagnosed from all other fault classes with similarity 
measure as 0.9999 and Euclidean distance as 0. 
Alternative methods such as deep learning, SVM, 
or hybrid models with commercially available 

software are not intelligent and automated in their 
functionality. Hence, methods other than PCA are 
time consuming, complex, mathematically stiff 
as reported previously [7-15] and are beyond the 
scope of this research work.  The case studies or 
scenarios presented in this study are unique and 
precise with great degree of reliability as compared 
to results reported by Ren et al. [12].

4.   CONCLUSIONS

AP600 PWR nuclear power plant is attempted 
to extract the parametric innovative operational 
data using dedicated PCTRAN. PCA technique is 
used as unsupervised machine learning technique 
to decompose the original plant data into two or 
more orthogonal subspaces which independently 
provided unique information about the health of 
the plant. Fault detection is carried out using Q 
statistics while fault identification is accomplished 
through T2 and Q statistics and fault diagnosis is 
established from designated fault classes. The 
performance of the proposed design scheme is 
tested for normal and abnormal plant operating 
conditions. Simulation experiments proves that 
the designed and developed AI-FDID-PCTRAN 
software is robust and fully automated as valid for 
normal and abnormal conditions with demonstrated 
variations in scenarios having entirely different 
plant conditions. The AI-FDID-PCTRAN software 
is intelligent and capable enough to predict the 
health monitoring and condition monitoring of any 
other system of AP600 available in PCTRAN that 
can be extended for different variants of PWR in 
future. 
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Abstract: Court judgments are based on legal reasoning, evidence, and judicial decisions. However, many judgments 
are difficult to understand due to their length and complex language. Judges and attorneys often cite legal rulings to 
interpret regulations effectively. Legal education for lawyers, judges, and trainees benefits from judicial insights into 
legal reasoning, legislative interpretation, and legal standards. Accurate classification of legal judgments requires 
sophisticated methodologies. The increasing number of new and pending cases adds to the courts’ workload, highlighting 
the need for efficient classification. Since only a limited number of court rulings are decided each year, many cases 
remain unresolved and are carried forward to the following year. Despite efforts to improve classification accuracy 
across judicial judgment datasets, Pakistani court judgments still lack a proper classification system. To address this 
gap, we compiled a dataset of criminal judgments from the Pakistani High and Supreme Courts. We developed a 
machine learning model using neural networks and a transformer architecture to achieve accurate classification. Our 
approach incorporated Support Vector Machine (SVM), Long Short-Term Memory (LSTM), and DistilBERT models, 
taking into account the dataset’s volume and unique characteristics. Our research explores optimal classification 
algorithms tailored to Pakistan’s legal landscape. After comparison, the DistilBERT transformer model outperformed 
the others, achieving an accuracy of 98%. It demonstrated an exceptional ability to understand contextual semantics 
and effectively handle the complexities of multi-label classification in legal judgments. The contributions of our work 
include the development of a new dataset of Pakistani court rulings, advancements in legal research, and an automated 
case classification system designed to streamline judicial procedures and enhance access to justice. 

Keywords: Judicial Judgment, Judgment Classification, Pakistani Court, Machine Learning, Legal Knowledge.

1.	 INTRODUCTION

Legal judgments play a crucial role in judicial 
administration, as they represent the court’s final 
decisions on verifiable issues and legal matters. 
Legal proceedings culminate in judgments that 
analyze evidence, legal arguments, and the court’s 
conclusions. However, lawyers, lawmakers, 
and scholars often face significant challenges 
due to the sheer volume and complexity of court 
judgments. Court opinions frequently involve 
intricate language and reasoning, which can vary 
considerably. These judgments are often difficult 
to comprehend, as they include extensive legal 
vocabulary, precedents, and references. Lawyers 
spend countless hours analyzing lengthy opinions 
to identify relevant case precedents [1]. Legal 

specialists retrospectively examine cases to gain 
deeper insights into the factors that significantly 
influence judicial decisions [2]. Even individuals 
with strong comprehension skills must carefully 
read each judgment; therefore, legal determinations 
and case law are essential tools for legal education 
[3]. Classifying legal determinations is particularly 
challenging due to the diversity of legal language, 
the complexity of legal terminology, and the need 
for thorough analysis to distinguish between cases.

Since most people struggle to understand 
legal texts, lawyers must review and extract key 
information for end users [4]. The broad scope of 
legal document analysis is further complicated by 
the wide range of issues and concerns encountered 
by non-legal professionals and trial participants [5].



Judicial judgments employ specialized terminology, 
constitutional and case law references, and legal 
jargon. Traditional methods designed for general 
language processing often struggle to effectively 
classify this specialized legal language. Judicial 
judgments vary based on the authority, court level, 
and the nature of the case, with some involving 
more complex reasoning than others. Developing 
a predictive model is particularly challenging, as 
court proceedings depend on numerous factors that 
differ by case type [2]. Judicial language frequently 
contains ambiguity, as it blends legal reasoning 
with specific case facts. Criminal judgments span a 
broad spectrum of legal issues, encompassing both 
criminal and civil matters, which further complicates 
classification and information extraction.

Pakistan’s court system has a massive backlog, 
and hundreds of rulings each year make problems 
worse. Although the courts have tried to reduce 
this backlog, many cases remain unresolved. These 
pending cases continue to add to the legal system’s 
workload each year. New cases further increase 
court workloads, complicating the situation 
and delaying justice. In Australia, thousands of 
judgments are issued annually, but attorneys can 
only analyze a few, overlooking larger trends 
hidden within the cases [1]. A lack of adequate legal 
representation is a major reason contributing to the 
number of unsolved cases [6].

The backlog is exacerbated by administrative 
inefficiencies, such as procedural delays, inadequate 
court capacity, and insufficient funding. Moreover, 
the delays may be exacerbated by the competitive 
nature of lawsuits and the complex structure of 
judicial proceedings. These factors contribute 
to the growing number of cases, highlighting the 
need for efficient solutions to streamline judicial 
operations. As the number of pending cases 
continues to increase, there is an urgent need for 
strategies to reduce the court workload and improve 
legal system efficiency. Artificial Intelligence (AI) 
has the potential to address the challenges in both 
common law and civil law systems, including case 
congestion and delays in justice administration [3, 
5]. Without intervention, the backlog will keep 
accumulating, resulting in a prolonged delay in 
justice. Efficient classification systems are essential 
to organize cases by their nature and category to 
tackle the court backlog.

Many studies have classified judicial cases 
in several ways. Traditional human annotation 
methods are applied to advanced machine learning 
and deep learning algorithms. In manual annotation 
systems, skilled personnel label decisions based 
on content and context. While successful, these 
procedures can be costly and time-consuming. 
Advanced algorithms, including ML, and Natural 
Language Processing (NLP) models, can automate 
the classification of legal rulings based on their 
semantic structure and linguistic aspects. Kwak et 
al. [7] presented a unique and useful challenge by 
providing a Korean Legal dataset [8].  They also 
employed multiple methods to find a distinct fine-
tuning approach for small datasets. All models, 
except Multinomial Naïve Bayes (NB), achieved 
accuracy values above 63%. The Paraphrase-mpnet-
basev2, fine-tuned with SetFit, outperformed all 
other models with 70.5% accuracy, a difference of at 
least 6% points. The second-best model was SVM, 
with 64.5% accuracy. Barman et al. [9] showed 
the efficiency of ML in processing Hindi legal 
data using Convolutional Neural Network (CNN) 
architecture on the Hindi Legal Documents Corpus 
[2, 9-12]. They classified Indian legal data [13-16] 
into two groups using convolutional layers. This 
model learns Bail Prediction binary classification 
from the pre-processed dataset, improving forecast 
accuracy and showing how ML can support legal 
decision-making. The researcher improved bail 
prediction test accuracy to 93% using data from 20 
districts in Uttar Pradesh.

To improve the reliability of training data, 
Javed and Li [17] addressed semantic bias in 
legal judgment. The semantic bias in the CAIL 
dataset [18-21] was classified and identified using 
general-purpose AI. AI models outperformed 
structured professional risk assessment techniques 
in the CAIL dataset, which contains hundreds of 
incidents. Creative AI-based technologies could 
help lawyers. Semantic bias classification was used 
to detect bias in legal judgment. One legal approach 
classifies and identifies bias using the CAIL dataset, 
enabling to uncovering of semantic biases in court 
rulings. SVM, NB, MLP, and K-Nearest Neighbor 
classifiers were applied, with the SVM classifier 
outperforming the others, achieving 96.90% 
accuracy. Abbara et al. [22] used Arabic case 
materials to predict child custody and marriage 
annulment decisions using deep learning and NLP. 
PDF text was utilized to generate an Arabic judicial 
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judgment prediction dataset for Saudi Personal 
Status cases. All 49 cases in this dataset have 
legitimate verdicts. The new dataset was analyzed 
using various DL and ML models, including Term 
Frequency-Inverse Document Frequency (TF-
IDF), word2vec, LSTM, BiLSTM, and Logistic 
Regression.  In the experiments, the SVM model 
with word2vec made the most accurate custody 
predictions (88%), and the LR model with TF-IDF 
made the most accurate annulment predictions 
(78%). Strickson and Iglesia [23] developed the 
LJP model, which was customized for UK court 
cases. Machine learning models were applied to 
a 100-year-old tagged UK judgments dataset of 
court decisions, creating a reliable, understandable 
prediction model. Both vector space features 
performed well; however, TF-IDF and LR achieved 
the best F1 score. Using n-grams and topic clusters 
as predictive feature sets was successful, and SLP 
and MLP algorithms further improved the results. 
Various feature formats and algorithms were tested, 
with their best model achieving an F1 score of 
69.02 and an accuracy of 69.05%.

Shelar et al. [24] proposed legal annotation 
ideas for Indian criminal bail petitions using 
machine learning. Multiple research tests were 
conducted on 17 common ML models and 
compared using standard evaluation methods. 
‘SmartLawAnnotator’ was developed as an open-
source legal annotation suggestion system. Legal 
professionals labeled 2,000 samples using this 
approach. In smaller sample sizes, SVM models 
achieved the highest accuracy reaching up to 82%. 
Arriba-Pérez et al. [25] suggested a hybrid system 
using machine learning to categorize multi-label 
judgments (sentences) in the Spanish Legal System. 
The system integrates visual and natural language 
descriptions for explanation, NLP techniques, 
and advanced legal reasoning to identify parties 
involved in the cases. Their advanced legal AI 
system predicts and explains court decisions 
using ML, along with visual and plain language 
representation at the feature level. Previously, no 
known attempt had been made to mechanically 
recognize court decisions using multiple labels and 
high-quality natural language explanations. Legal 
professional-annotated tagged data achieved a 
micro accuracy of up to 85%.

Zahir [26] used Arabic written accounts to 
train a deep learning system for predicting judicial 

case outcomes. A deep learning model was trained 
in-house on Moroccan Court of Cassation cases to 
predict judgment. An innovative data augmentation 
strategy improved prediction performance due 
to the small corpus. Several deep learning model 
architectures along with FastText and GloVe 
embedding settings, were tested and analyzed. 
The method achieved an accuracy of 80.51% in 
predicting Moroccan Court of Cassation outcomes 
across six categories. To differentiate between 
classifying and anticipating court outcomes, 
Medvedeva et al. [27] developed a standardized 
collection of European Court of Human Rights 
[28-30] judgments. The dataset includes submitted 
cases, admissibility decisions, and pre-processed 
final decisions. They demonstrate that predicting 
court outcomes is more challenging than classifying 
judgments and establishing a benchmark for future 
research. SVM, Hierarchical Bidirectional Encoder 
Representations from Transformers (H-BERT), and 
LEGAL-BERT were tested for both classification 
and prediction tasks. H-BERT and LEGEL-BERT 
outperformed SVM in classification, however, 
SVM achieved better Macro F-scores. Zheng et 
al. [31] aimed to identify the most common causes 
of Preprocessing, Processing, and Postprocessing 
(PPP) conflict, summarized the findings and 
predicted litigation outcomes. They identified 
17 legal variables and analyzed their impact on 
litigation outcomes in 171 PPP lawsuit cases from 
2013-2018, sourced from China Judgments Online 
[32-34]. Using these 171 instances, they trained 
and evaluated nine ML models with the “prediction 
approach”. The ensemble models, i.e., GBDT, 
KNN, and MLP performed the best, surpassing the 
other nine ML models with a prediction accuracy 
of 96.42%.

In the context of the court system’s rising 
workloads and constrained resources, the 
importance of automated solution aid in case 
classification is becoming ever more evident. So, 
the legal field has traditionally utilized natural 
language systems because of their text-centric 
nature. In recent years, there has been an increasing 
trend to apply NLP to a wider range of legal sectors. 
This research work aims to build an automated 
system of specifically “criminal” case classification 
for Pakistani courts through the integration of 
a traditional ML approach, neural network, and 
cutting-edge transformer model. 
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2.    DATASET DEVELOPMENT

Sequentially, it describes the processes that were 
done to construct the dataset for this research, 
beginning with the collecting of data, followed 
by the formulation of the dataset, preprocessing, 
feature engineering, and ending with the splitting 
of the dataset. A description of the framework for 
this process can be found in Figure 1. 

2.1. Data Collection

The legal judgments in our collection were acquired 
comprehensively. Collecting legal judgments, 
particularly criminal ones, involved systematically 
compiling court rulings and conclusions on criminal 
cases. This required obtaining relevant judicial 
documents that were not available online. Since 
legal judgments were not easily accessible via the 
‘PAKISTANLAWSITE’ website [35], collecting 
these judgments required court attendance.  To 
access judicial judgments, users had to purchase a 
subscription plan and create an account. Personal 
engagement with court officials authorized 
judgment collection. The judgments from the 
Pakistani High and Supreme Court were available 
online. To preserve text and structure, 110 criminal 
judgments were collected in Word file format.

By utilizing the website’s provided options, 
namely ‘Full Judgment’ and ‘Head Notes’, we 
were able to bypass a crucial step in summarizing 
judgments. In addition to the comprehensive 
and detailed judgments, the Head Notes, which 
originally represented the judge’s actual order, were 
also included. Since complete judgments contain a 
significant amount of information on several non-
essential features and components, we primarily 
gathered the Head Notes from the website. This 
method streamlined the data collection process and 
allowed us to concentrate exclusively on extracting 
the essential elements relevant to our classification 
objective. 

2.2. Dataset Composition

Dataset construction is a crucial aspect of our work, 
as the integrity and organization of the data directly 
impact the study’s conclusion. Acquiring a deep 
understanding of the dataset’s nature is essential 
for effectively designing and developing its format 
during this phase. After careful deliberation, we 
determined that a multi-label classification is the 
most suitable approach for our dataset. Before 
proceeding with dataset generation, it is essential to 
fully understand the nature of the problem, which 
in this case is multi-label classification. 

Unlike standard binary or multi-class 
classification, multi-label classification allows 
multiple labels to be assigned to each instance 
simultaneously. Legal field experts did the 
annotation; cross-checking among annotators 
assured precision and consistency. Most of the 
judgments targeted more than one label at once 
in the dataset. Multi-label text classification is an 
NLP task that involves assigning a text sequence 
to multiple categories at once [36]. This has 
significant implications for the administration of 
justice, as a single judgment may address multiple 
legal categories or offenses simultaneously.  For 
instance, a judgment may encompass accusations 
of both theft and murder. Most of the judgments 
addressed more than one label at once in the dataset 
making it compulsory to adapt multi-label text 
classification nature.

2.3. Dataset Insights

To accurately represent the complexity of court 
decisions, particularly those involving multiple Fig. 1. Dataset creation process.
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legal categories or offenses, we modified the 
multi-label classification process to construct our 
dataset. This approach lays the foundation for 
strong classification models capable of accurately 
predicting the presence of different legal categories 
in specific judgments. During the dataset formulation 
phase, our main focus was on developing a 
dataset optimized for multi-label classification.  
Initially, we identified six fundamental categories 
or subcategories relevant to the criminal domain: 
Murder, Dacoity, Rape, Fraud, Robbery or Theft, 
and Kidnapping.

Each category defines unique criminal offenses 
commonly encountered in legal proceedings. 
To organize our dataset, we created separate 
columns for each class. This framework effectively 
highlights the presence or absence of each category 
in individual cases, illustrating the complex and 
overlapping nature of criminal verdicts. Figure 
2 illustrates the dataset’s characteristics, target 
categories, and general organization using a multi-
label classification approach.

2.4. Judgments Paraphrasing

The paraphrasing technique was employed to 
expand the dataset. To increase the number of 
instances, we used a paraphrasing tool to modify 
certain judgments. Specifically, the QuillBot AI tool 
was employed to rewrite the judgments by altering 
phrase structure and incorporating synonyms while 
maintaining the original meaning [37]. 

By employing this paraphrasing tool, we identified 
two significant advantages:
•	 It incorporates small structural changes, 

wording modifications, and synonyms. These 
variations enhance the model’s training efficacy 
by introducing more versatile terminology.

•	 This method increases the number of instances 
in our dataset.

A significant level of variability exists among 
court judgments regarding the judge’s writing style 
[38]. By utilizing the paraphrasing technique, the 
total count of judgment instances in the dataset is 
now 221. Once the entire dataset was compiled, 
we designated it as “Criminal Judicial Judgments 
Pakistan (CJJP-24)”. Paraphrased judgments were 
also thoroughly examined by legal annotators 
and experts to maintain their genuine legal value 
while providing textual versatility. Any type of 
ambiguous cases was discussed together to give the 
most suitable labels. The classification model will 
then be trained using this larger and more versatile 
corpus, which includes paraphrased judgments. 
This will improve its ability to generalize and 
identify subtle differences in legal language. 

3.   METHODOLOGY

Following a sequential approach, as illustrated 
in Figure 3, the procedures used to assess the 
performance of the adjusted methodology for this 
study are detailed.

3.1. Data Analysis and Visualization

The image aids in preprocessing and feature 
engineering tasks by displaying how the different 
text lengths are distributed in the dataset. It also 
provides an overview of the dataset’s properties, 
which supports exploratory data analysis and 
informs decisions for subsequent models.

Fig. 2. Dataset structure. Fig. 3. Methodology process.
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The text lengths in the dataset are shown 
in Figure 4. The highest point in the frequency 
distribution indicates that most judgment texts have 
word counts within a certain range. The figure also 
shows the distribution of judgment text lengths, 
highlighting any outliers or patterns. Additionally, 
the class correlation heatmap shown in Figure 5, 
shows the correlations between class labels in our 
multi-label classification dataset. This heatmap 
aids in classifying judicial judgments by showing 
how often specific classifications occur together. 
It displays the correlation coefficients between 
pairs of classes, with each column in the matrix 
representing the correlation value between two 
classes. The values range from -1 to 1, where ‘1’ 
indicates a perfect positive correlation, meaning the 
presence of one category is consistently linked to 
the presence of the other. A correlation coefficient 
of ‘0’ implies no association, while a negative value 
indicates a perfect negative correlation. Based on 
the heatmap, we can identify classes that frequently 
co-occur in judicial judgments as well as those that 
are more autonomous. This information is crucial 

for designing and interpreting our multi-label 
classification models.

3.2. Data Preprocessing

Before building or using the prediction model, 
the judgment text must be preprocessed and 
feature extracted. This stage involves several 
essential processes to transform raw textual data 
into structural, model-ready data. To improve 
training data efficiency and quality, we prioritize 
text cleaning, tokenization, and vectorization. 
Additionally, implementing model modifications, 
such as encoding tokens and padding sequences, 
ensures compatibility with each model’s input 
requirements. During the initial stage of text 
preprocessing, stop words are eliminated to 
improve the performance of subsequent processing 
steps. Removing frequently occurring stop words, 
such as ‘and’, ‘the’, and ‘is’, helps refine the text 
for classification purposes. The Natural Language 
Toolkit (NLTK) library has been employed to 
eliminate stop words for Support Vector Machine 
(SVM) processing. The NLTK stop words list 
includes 179 words, commonly used English 
words [39].  However, advanced neural network 
models, such as DistilBERT and Long Short-
Term Memory (LSTM) do not require traditional 
stop-word removal for NLP tasks. In particular, 
Transformer models excel at extracting context-
based information from complete phrase input 
sequences, even when stop words are present. This 
contrasts with traditional machine learning models, 
which primarily focus on word frequency. 

The given text is separated into tokens, where 
long sentences are broken down into individual 
words. Tokens are separated using whitespaces 
and line breaks [40]. When training a machine to 
comprehend human language, tokenization, and 
vectorization strategies play a crucial role [41]. 
Machine learning models categorize text using 
feature information. Legal judgment classification 
involves extracting textual properties, such as words 
or sequences that convey meaningful patterns. 
These features are then converted into vectors, 
which are sequences of integers, so that, machine 
learning algorithms can process them. Most features 
are extracted automatically from large volumes of 
text. TF-IDF can be split into two components: 
TF and IDF. To evaluate the usefulness of word 
frequency, a phrase’s frequency in the document 

Fig. 4. Judgments text length graph.

Fig. 5. Class correlation heatmap.
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must be examined. Inverse document frequency 
(IDF) measures a word’s corpus prevalence. The 
number of documents d with a phrase t is referred 
to as document frequency.

We construct feature matrices for training and 
test sets by vectorizing judgments dataset using 
N-grams derived from the training set. N-grams are 
generated based on term co-occurrence frequencies 
within the corpus. The Count Vectorizer, a text 
preprocessing tool, converts a collection of text 
documents into a matrix of character frequencies. 
The Count Vectorizer tokenizes text data into words, 
building a lexicon with all unique terms from the 
training dataset. Each term in this dictionary is 
assigned a unique integer index. The text data is 
then transformed into a sparse matrix, where rows 
represent court judgments and columns correspond 
to dictionary terms. The matrix shows the 
frequency of each term within the given document. 
The LSTM model utilizes Count Vectorizer output, 
allowing it to analyze textual input by converting 
legal judgments into word frequency vectors. 
Applying the Count Vectorizer to the training set 
of judgments helps the LSTM model identify and 
understand text patterns and properties.

4.    RESULTS AND DISCUSSION

The ML workflow requires model performance 
assessment to evaluate the efficacy and accuracy 
of our trained models. Three models were trained 
on our judicial judgments’ dataset for classification. 
We have selected these three models based 
on two reasons; 1) To show the comparative 
analysis and difference in the results of using the 
machine learning model, LSTM, and the advanced 
transformer model, DistilBERT so that we can 
see how effective these advanced models are 
in performance compare to other. 2) As per our 
literature analysis, we conclude that in the machine 
learning category, SVM performs better in my legal 
text classification work among other ML models. 
Similarly, LSTM and BERT-based models have 

depicted outstanding performance for complex 
judgment text classification and sequence modeling. 
To determine the optimal parameters, we conducted 
multiple training and testing iterations. First, we 
vectorized the dataset and trained the SVM model. 
Then, we trained LSTM and DistilBERT models, 
carefully tracking training and validation loss. Pre-
trained models were used for testing. Experimental 
results showed that the state-of-the-art transformer 
model achieved the best performance.

For correct model evaluation, we partitioned 
the dataset into training and testing parts, allocating 
80% for training and 20% for testing, the ‘train 
test split’ technique. This technique split the whole 
dataset into two portions, one for training, and the 
other for testing the model. This partitioning method 
is widely used to ensure a lot of training data while 
maintaining a fair evaluation. We evaluated the 
effectiveness of SVM, LSTM, and DistilBERT, for 
classifying judicial judgments with multiple labels. 
Each model was assessed using key performance 
metrics, including accuracy, precision, recall, 
and F1 score. Table 1 provides a comprehensive 
comparison of their performances.

In summary, the evaluation results highlight 
the strengths and weaknesses of each model. SVM 
proves to be a reliable model for classifying legal 
judgments, exhibiting a well-balanced performance 
with a high precision of 95% and recall of 96%. 
The LSTM model also demonstrates strong 
performance, achieving a precision of 95% and 
an accuracy of up to 94%; however, its recall 
is relatively lower at 86%, indicating that it may 
not be able to identify specific pertinent classes. 
The DistilBERT transformer model remains the 
most efficient for this project, as its popularity is 
attributed to its high performance across several 
NLP tasks [42]. It outperforms all other models 
across key metrics, including precision, recall, and 
accuracy. Figure 6 illustrates the evaluation results 
for these models.

Models Precision Recall F1-Score Accuracy
SVM 95% 96% 95% 88%
LSTM 95% 78% 86% 94%
DistilBERT 95% 98% 96% 98%

Table 1. Models performance analysis.
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The DistilBERT model is the most proficient 
and reliable methodology for the multi-label 
classification of judicial judgments. The SVM 
model ranks second, followed by the LSTM 
model as the third most proficient and reliable. 
This comprehensive assessment highlights the 
potential of advanced neural network models, 
particularly transformer-based models like 
DistilBERT, to achieve exceptional performance in 
complex classification problems. We conducted an 
experimental analysis by training all three models 
on the original judgment set and validating them 
using the ‘train test split’ technique. The dataset 
was partitioned into an 80-20 ratio for training and 
testing, respectively. The number of epochs was set 
to 5 for the LSTM model and 7 for the DistilBERT 
model.

Based on the results in Table 2, the SVM 
model exhibits high precision but moderate 
accuracy, reaching up to 0.55. This suggests that 
while the model effectively identifies true positive 
instances with few false positives, it struggles to 
capture all relevant classes, leading to a lower recall 
of 0.67. The LSTM model is adept at capturing 
the sequential relationships within judicial 
judgments. However, its relatively lower recall of 
0.70 suggests that, despite excelling at generating 
accurate predictions, it may overlook certain 

categories. DistilBERT demonstrates outstanding 
performance, achieving a high accuracy of up to 
0.98, along with precision, and recall, resulting in a 
remarkable F1 score of 0.95. This is attributed to its 
ability to capture contextual information and subtle 
subtleties in the text. 

The results illustrated in Figure 7, were 
obtained by these models on the paraphrased 
judgments dataset. Our findings demonstrate that 
SVM may not handle the complexity and variability 
introduced by paraphrasing the judgments as 
effectively as neural network-based models [9, 13], 
leading to a lower accuracy of 0.59. While LSTM 
can better capture sequential dependencies, it may 
still struggle with the variability in paraphrased 
data, affecting recall (0.60). Despite being a 
powerful transformer-based model, DistilBERT’s 
high precision of 0.95 but low recall of 0.53 
suggests that while it is highly confident about 
its predictions, it misses many relevant instances, 
possibly due to overfitting. The results show that 
the meaning content of the paraphrased judgments 
was kept, but the models had a hard time with the 
new syntax that the paraphrasing tools added. This 
is especially true in situations with more than one 
label where the lines between labels can be fuzzy. 
It shows how much the models depend on original 
legal wording patterns and how hard it is to capture 
legal meanings through fake enhancement. 

Fig. 6. Performance analysis graph.

Models Precision Recall F1-Score Accuracy
SVM 91% 67% 77% 55%
LSTM 91% 70% 79% 91%
DistilBERT 98% 93% 95% 98%

Table 2. Results on the original judgments dataset.

Fig. 7. Results on paraphrased judgments set.
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5.    CONCLUSIONS

Court decisions are based on legal reasoning, facts, 
and judicial determinations. Judges and lawyers rely 
on legal rulings as precedents to interpret legislation. 
Classifying legal judgments requires sophisticated 
techniques to accurately categorize them. The 
increasing number of new and pending cases places 
a significant burden on courts, highlighting the need 
for efficient classification systems. Considerable 
efforts have been made to address these challenges 
and improve the categorization of legal decision 
datasets. However, the classification of Pakistani 
judicial verdicts remains underdeveloped. To 
address this gap, we created a large database of 
criminal case rulings from Pakistan’s District, 
High, and Supreme Courts. Our data classification 
approach incorporates a standard machine learning 
model, a neural network, and an advanced 
transformer model. Traditional ML techniques such 
as TF-IDF Vectorizer with SVM classifier, were 
employed to handle the dataset’s volume and unique 
characteristics. Additionally, we implemented more 
advanced models like LSTM and DistilBERT, 
which further enhanced the performance. Key 
results from our experiments include: DistilBERT 
outperformed the other models, achieving the 
highest accuracy of 98% on our dataset of judicial 
judgments. The SVM model demonstrated 
satisfactory performance, albeit with a slightly 
lower accuracy of 88%. On the other hand, the 
LSTM model achieved promising accuracy of up to 
94%, however, it exhibited deficiencies in a recall. 
Future classification studies will examine more 
legal judgments and can be created by including 
constitutional, family, civil, and other rulings.
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Evaluating the Efficacy of Convolutional Neural Networks Across 
Diverse Datasets
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Abstract: Focusing on sentiment analysis and medical image processing, this paper assesses Convolutional Neural 
Networks performance across different datasets.  Emphasized are recent developments in deep learning models 
for segmentation and picture categorization as well as other purposes.  Using contemporary Convolutional Neural 
Network architectures, this work seeks to get good performance in medical diagnosis and sentiment analysis.  The 
paper emphasizes how well Convolutional Neural Networks perform in domain-specific tasks.  Using the same 
data preparation techniques, appropriate designs, and strategies to split the data, this paper investigates how well 
Convolutional Neural Network algorithms perform on medical data and sentiment analysis.  Convolutional Neural 
Network models are optimized using hyperparameter tweaking and cross-validation techniques.  While guaranteeing 
patient privacy, data anonymization, and bias reduction, the research seeks to highlight strengths, weaknesses, and 
patterns.  Focusing on ethical concerns and offering suggestions for improvement, it tackles problems in sentiment 
categorization and medical imaging anomaly detection.  This work attains 96 percent accuracy using Convolutional 
Neural Networks across four datasets.  Common measures in the performance assessments of Sentiment Analysis, 
Skin Cancer Detection, Brain Tumour Detection, and Kidney Stone Detection include F1 scores, recall, and accuracy.  
With 0.97, Brain Tumour Detection had the highest accuracy; Kidney Stone Detection and Skin Cancer Detection 
both had 0.95; Sentiment Analysis scored 0.96.  The consistently high recall and accuracy scores across all domains 
indicate good classification capabilities; an F1 score between 0.95 and 0.96 guarantees outstanding performance in 
both detection and analysis tasks. 
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1.    INTRODUCTION

CNNs are special neural networks that can process 
inputs that resemble grids, such as images. CNNs 
leverage a basic design of connected layers to 
enable tasks like object recognition and picture 
categorisation. These activities rely on the input 
data to extract key attributes. CNNs excel in 
part because they can learn feature hierarchies 
from input pictures automatically and efficiently. 
Convolution layers do this by applying filters to 
the input picture to identify different patterns and 
characteristics [1]. To further reduce computational 
complexity while preserving critical information. 
In the end, the learned representations in Figure 
1 are used to make predictions, and the retrieved 
features are integrated by fully linked layers. 

The figure shows CNN architecture for image 
processing or recognition tasks. It consists of an 
input, convolutional, max-pooling, hidden, and an 
output layer. Compared with 125 x 125 pixels, the 
input layer takes color pictures. Max-pooling layers 
downscale feature maps; convolutional layers 
shrink spatial dimensions. Compared with 784 and 
16 neurons, the hidden layers enable the learning 
of intricate patterns. The S neurons in output layer 
reflect classes in the classification challenge [1].

Although very effective, CNNs have several 
shortcomings. One disadvantage of vanishing 
gradients in deep networks with several layers 
is that the gradients required changing network 
parameters decrease, thereby either delaying or 
ceasing learning. Usually, proper network weight 



initialization, specialized activation functions, 
batch normalization, and skip connections help to 
encourage gradient flow throughout the network. 
Current deep learning methods depend on CNNs, 
which also drive image analysis and related fields 
to unprecedented heights despite challenges. 
CNNs shine in NLP and computer vision. CNNs 
are the foundation of healthcare image analysis in 
disease detection and identification [1]. CNNs can 
assist in the image data analysis for public opinion 
and sentiment trends. This work will evaluate 
the performance of the CNN algorithm in skin 
cancer detection [2], emotion analysis [3], renal 
stone detection [4], and brain tumor diagnosis [5]. 
The joint study of these domains clarifies CNN 
efficiency in various situations and shares obstacles 
and discoveries are shown in Figure 1.

Figure 1 presents Convolutional Neural 
Network (CNN) architecture where input layer 
receives raw image data, which is passed through 
convolutional layers that apply filters to extract 
local features like edges and textures. These features 
are then passed through activation functions such 
as ReLU to introduce non-linearity, followed by 
pooling layers that reduce the spatial size and retain 
important information. This feature extraction 
process is repeated to form a deep representation of 
the input. The resultant feature maps are flattened 
and transmitted to fully linked layers, which identify 
high-level patterns and connections. The output 
layer uses methods such as softmax to categorise 
the input into established classifications. The 
significance of the study lies in the comprehensive 
assessment of CNNs in two crucial areas: sentiment 
analysis [3] and medical image processing [4, 5]. 
This work improves diagnostic accuracy, fraud 
prevention, and sentiment analysis by addressing 

the limitations of existing approaches and exploring 
creative concepts, such as optimisation algorithms 
and hybrid models. The results suggest implications 
for the creation of reliable, effective, and scalable 
practical deep learning systems. Correlation of 
datasets to research work is given below:

•	 Sentiment Analysis Datasets: Datasets for 
sentiment analysis, including emotion, opinion, 
and sentiment analysis image data, are available 
here. Highlighting sentiment classification and 
feature extraction, they establish a foundation 
for assessing CNN’s image processing 
capabilities [3].

•	 Medical picture Datasets: The capabilities of 
CNNs in picture segmentation and classification 
are assessed using datasets for kidney stone 
detection, brain tumour identification, and skin 
cancer diagnosis. These datasets facilitate the 
assessment of the algorithms’ proficiency in 
accurately classifying illnesses and identifying 
outliers [4, 5].

In similar way the correlation of research studied to 
present research work are given below:

•	 Image Classification and Segmentation: CNN’s 
performance might be enhanced by using 
the content-based image retrieval techniques 
suggested by Alrahhal and Supreethi [6] and 
by Zohra et al. [7] segmentation-based image 
classification.

•	 Medical Image Processing: This study in 
line with Silambarasan et al. [8] on PCOS 
diagnosis and Pandiyarajan and Valarmathi [9] 
on dementia classification using VDRNet19 
seeks to enhance sickness diagnosis using deep 
learning.

Input Convolution Pooling Output

Fully Connected

Feature Extraction Classification

Fig. 1. CNN architecture.
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•	 Security and Network Analysis: New hybrid 
methods to resilient classification issues are 
inspired by the work of Bandu et al. [10] on 
counterfeit detection.

The present study’s research gap highlights the 
remarkable efficacy of CNNs in various tasks, 
including image classification, object identification, 
and feature extraction. But the majority of 
contemporary research focuses on their application 
within a particular domain or dataset. The existing 
study aims to assess CNN efficacy on homogenous 
datasets, including medical pictures or natural 
language tasks converted into image-like formats. 
Nonetheless, there is a significant deficiency in 
thorough research evaluating the generalizability 
and comparative effectiveness of CNNs across 
many datasets spanning multiple industries, such 
as medical imaging and Image-based sentiment/
emotion categorization. Differences in data types, 
uneven class distribution, and specific features 
of different fields make it hard for CNNs to work 
well across various situations, like comparing 
grayscale and RGB images or low-resolution and 
high-resolution scans. Few studies investigate the 
functioning of CNN designs or the modifications 
required when applying them to diverse data 
types. This disparity hinders our comprehension 
of the flexibility, transferability, and resilience of 
CNN design while transitioning across various 
data environments. Filling this research gap will 
improve our understanding of how adaptable CNNs 
are, help us choose the right models for different 
applications, and support the development of more 
flexible neural network designs. 

This study cannot emphasize the significance 
of CNNs in medical image processing. Healthcare 
workers urgently want automated methods to aid in 
interpreting intricate pictures, given the substantial 
rise in medical imaging data. CNNs can extract 
important details from basic pixel data, making it 
easier to identify, categorize, and locate problems 
in medical images. The primary convolutional 
neural network employed in healthcare is for 
brain tumor identification. Convolutional neural 
networks help find and treat cancers early by 
accurately identifying and describing them using 
magnetic resonance imaging. Convolutional 
Neural Networks analyze CT images to detect and 
assess kidney stones. CNNs proficiently identify 
skin cancer in dermatological applications. They 

accurately diagnose benign and malignant tumors 
using microscope pictures. CNNs have been shown 
to be beneficial in sentiment analysis, particularly in 
extracting sentiment from images, as well as their 
use in medical imaging. Sentiment analysis with 
the Flickr30k dataset entails deriving emotional 
meaning from photographs by correlating visual 
areas with descriptive captions. Models acquire the 
ability to concurrently evaluate visual signals and 
words to forecast underlying attitudes. This study 
analyzes current works using CNNs for various 
tasks, focusing on their techniques, experimental 
configurations, and performance measures. This 
paper offers significant insights into the advantages 
and drawbacks of CNNs in medical image analysis 
and sentiment analysis. This study examines 
previous research and highlights prevalent themes 
and issues. The study then talks about possible 
future research directions, such as looking into 
new CNN architectures, combining different types 
of data, and creating models that are easier to 
understand and improve clinical decision support 
and sentiment analysis. This paper enhances the 
current discourse on the utilization of CNNs in 
healthcare and NLP, aiming to progress to the 
forefront of medical image analysis and sentiment 
analysis fields.     

In their study, Debnath and Mondal [11] 
recommended CNN and PCA for dynamic 
variance control in audio compression. The GCN-
based intelligent network traffic analysis and 
classification model by Olabanjo et al. [12] was 
designed to handle complicated, interconnected 
network traffic data. Alrahhal and Supreethi 
[13] improved content-based image retrieval 
with machine learning. Silambarasan et al. [14] 
improved SVM and DenseNet for PCOS detection. 
SVM’s classification and DenseNet’s deep learning 
enhance PCOS diagnosis. Mishra et al. [15] used 
neurosymbolic AI to predict how much energy 
CoCrMo-architected materials can absorb in 
material science. Alzubaidi et al. [16] provided a 
detailed look at deep learning methods, focusing 
on CNN architectures and explaining important 
parts such as convolutional layers, pooling 
methods, activation functions, and fully connected 
layers. They addressed problems and prospective 
approaches. Zhao et al. [17] highlighted the uses of 
CNNs in computer vision, providing a comparative 
examination of cutting-edge architectures and their 
performance measures. Cong et al. [18] grouped 
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CNN architectures based on their features, pointing 
out how quickly CNNs are being developed and 
adjusted for specific tasks. 

Despite significant advancements in deep 
learning, the application of CNNs across diverse 
datasets poses challenges, particularly in achieving 
consistent performance in sentiment analysis and 
medical image processing. Existing models often 
struggle with generalization, robustness, and 
accuracy in handling complex, high-dimensional 
datasets. This research aims to evaluate the 
applicability and limitations of CNNs for diverse 
tasks while integrating insights from related studies 
to enhance their efficacy. The objective and scope 
of the present study is to evaluate the performance 
of CNNs in sentiment analysis and medical image 
processing across diverse datasets. Research has 
integrated advanced optimization techniques 
and hybrid models for improving classification 
accuracy and robustness. Upcoming research is 
supposed to set benchmark CNN performance 
against conventional techniques and state-of-the-
art models in related fields. The focus of research 
work is to identify domain-specific challenges and 
propose strategies for overcoming them using deep 
learning.

2.    RESEARCH METHODOLOGY

The objectives, are defined pertinent medical 
datasets are selected, data preprocessing steps 
are standardized, appropriate CNN architectures 
are selected, datasets are divided into training, 
validation, and test sets, cross-valuation or 
bootstrapping is implemented, and hyperparameter 
tuning forms the basis of the research methodology 
for a comparison of CNN algorithm performance 
on medical datasets and sentiment analysis. 

Because in presvious research Campos et 
al. [19] concentrated on enhancing CNNs for on-
device implementation, prioritizing energy-efficient 
architectures while maintaining accuracy—
essential for edge computing and mobile systems. 
Khan et al. [20] conducted a comprehensive survey 
of the evolution of CNN architectures, ranging from 
LeNet and AlexNet to more intricate networks such 
as ResNet and DenseNet, highlighting innovations 
including skip connections, depth-wise separable 
convolutions, and attention mechanisms that have 
markedly enhanced architectural design. Through 

cross-validation or bootstrapping, the experimental 
design divides datasets into training, validation, 
and test sets and hyperparameter adjustment via 
grid search BO approaches. CNN models are 
trained on every dataset via specified procedures 
and hyperparameters; performance is accessed via 
predetermined metrics. CNN algorithm strengths, 
shortcomings, and trends across medical datasets 
and sentiment analysis tasks are identified via 
comparative study findings. Patient privacy and data 
anonymizing in medical databases guarantee ethical 
issues. The research guarantees adherence to ethical 
standards, thereby offering insightful analysis for 
both fields. Researchers with objective definitions 
provide medical datasets, sentiment analysis 
challenges, CNN performance measures, and other 
goals. Choosing a dataset entails finding appropriate 
medical records for many imaging modalities and 
diseases. Preprocessing then provides medical 
image format and content data format compatibility 
for sentiment analysis by standardizing data 
handling across all datasets. With respect to both 
fields of Model Selection, researchers choose 
CNN architectures. Datasets should be statistically 
partitioned into training, validation, and test sets in 
order to achieve a balance in class representations 
in the experimental design. In the assessment, 
interpretation, and discussion stages, trained 
models are used to uncover strengths, weaknesses, 
performance trends, and CNN architectures/
datasets comparisons. Finally, the method ensures 
patient privacy, data anonymization, and bias 
minimization by considering ethical considerations. 
Using this technique, we can evaluate how well 
CNN algorithms perform in sensing and medical 
imaging.

However, Bandu et al.  [21] fought counterfeit 
banknotes with image analysis and machine 
learning to boost financial security and fraud 
prevention . But deep learning model supposed 
to provide better accuracy. Sanjay et al. [22]
studied smart home automation security using 
deep learning. Considering this research, the 
idea of smart home automation is used in present 
research. Tran et al. [23]examined filter widths and 
GCN reception information extraction enhances 
document processing. This research article provided 
the idea of image pre processing.  Pandiyarajan 
and Valarmathi [24] introduced VDRNet19, dense 
residual DL network for dementia classification 
using VGG architecture improves dementia 
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classification. But these models provide limited 
accuracy thus present study is considering advance 
CNN model. Jaganathan et al. [25] design novel 
style transfer method increases CNN generalization 
and model resilience. Figure 2 shows a thorough 
method for assessing the performance of CNN 
algorithms.

In Figure 2, the objectives are defined, dataset 
is selected. Then preprocessing and model selection 
takes place. The experimental design is developed 
for evaluation then interpretation and discussion is 
made for ethical considerations.

2.1. Contribution of Present Research

The current approach significantly advances CNNs 
in sentiment analysis and medical picture processing. 
It combines hybrid techniques combining CNNs 
[23, 24] with optimization techniques like dense 
residual networks and stochastic gradient descent 
to improve performance. Using results from related 
studies, this work addresses issues particular 
to several fields, like face expression sentiment 
classification and medical imaging anomaly 
detection. It also evaluates the weaknesses of 
present deep learning models and proposes fresh 
approaches to increase their generalizability and 
resilience. Apart from bridging some of the gaps 
in current approaches, this study provides a guide 
on how CNNs need to be used in different kinds of 
datasets going forward. 

2.2. Hyper Parameters Configuration

Essential hyperparameters used in sentiment 
analysis CNN model design and optimization 
across many datasets as well as in medical imaging 
[30]. These hyperparameters have to be tuned to 

provide optimum performance:
i.	 Learning Rate: The learning rate finds the step 

size by repeatedly approaching the minimum of 
the loss function.
•	 Relevance: A slower learning rate provides 

continuous convergence; a quicker one speeds 
training but runs the danger of overshooting.

•	 Values Tested: Typical ranges include 
0.001 to 0.01, with adjustments during 
hyperparameter tuning.

ii.	 Batch Size: The number of samples processed 
before the model’s internal parameters are 
updated.
•	 Relevance:While smaller batches provide 

for more frequent updates, which increases 
model generalization, larger batches increase 
computation efficiency.

•	 Values Tested: 32.
iii.	 Epochs: The total count of times the training 

dataset has been passed is the number of epochs.
•	 Relevance:The model could avoid overfitting 

and grasp the data’s trends with enough 
training cycles.

•	 Values Tested:Usually tested values fall 
between 10 and 100; early termination 
strategies are given if necessary.

iv.	 Optimizer: Training loss might be reduced using 
weight-adjusting algorithms such RMSprop, 
Adam, or SGD.
•	 Relevance:The characteristics of the dataset 

define which optimizers fit the best.
•	 Choices Explored: Adam (default for most 

tasks), SGD with momentum, and RMSprop.
v.	 Dropout Rate: A regularization technique 

to prevent overfitting by randomly setting 
a fraction of the input units to zero during 
training.
•	 Relevance: Enhances model robustness and 

generalization.

Fig. 2. Research methodology.
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•	 Values Tested: Common rates include 0.2, 
0.4, and 0.5.

vi.	 Activation Function: specifies, for the next 
layer—ReLU, Sigmoid, or Softmax—the 
neuronal output transformation.
•	 Relevance: ReLU is often used for hidden 

layers, while Softmax is ideal for the output 
layer in classification tasks.

•	 Choices Explored: ReLU for hidden layers; 
Softmax or Sigmoid for output layers, 
depending on task type.

vii.	Kernel Size: Specifies the filter size in 
convolutional layers.
•	 Relevance: Determines how the model 

captures spatial features in images or 
sequential dependencies in text.

•	 Values Tested:5x5.
viii.	Regularization (L2, L1): Penalty terms added 

to the loss function to prevent overfitting by 
discouraging large weights.
•	 Relevance: Ensures simpler models and 

better generalization.
•	 Values Tested: L2 regularization using 

lambda values 0.001 and 0.01 tests values.
ix.	 Cross-Validation/Bootstrapping: Methods for 

reliably assessing models by splitting data into 
training and validation sets in various ways 
include bootstrapping and cross-valuation.
•	 Relevance: Provides reliable predictions for 

many datasets.
•	 Choices Used: Bootstrapping in addition to 

5-fold cross-valuation was used for smaller 
datasets.

x.	 Metrics: Precision, accuracy, recall, and F1-
score, are among the measures of model 
performance employed here.
•	 Relevance: It denotes that the model’s 

efficacy is seen holistically.
•	 Focus: Consider medical dataset precision, 

sentiment analysis accuracy, and F1-score.

2.3. Process Flow of Proposed Work

Emphasizing sentiment analysis and medical 
imaging, the work’s process flow seeks to identify 
challenges of evaluating CNN performance on 
different datasets. For relevance-that is, for skin 
cancer, kidney stones, brain tumors, and sentiment 
analysis-specific datasets are selected. Two 
preparation techniques that fit well include resize and 
adding content for sentiment analysis; furthermore, 
scaling and normalizing images for medical data 

Appropriate CNN [25]  architectures like VGG, 
ResNet, and DenseNet are chosen based on the task 
criteria. Training, validation, and test include three 
sections to the datasets. Class balance is maintained 
and rigorous evaluation is done via cross-valuation 
or bootstrapping. Hyperparameter tuning—using 
grid search or Bayesian optimization—allows 
one to maximize learning rate, batch size, and 
other factors. CNN models trained with updated 
hyperparameters using optimization techniques like 
Adam or SGD are evaluated in part by accuracy, 
precision, recall, and F1-score. CNN performance 
as well as its strengths and shortcomings may be 
shown by means of comparison between CNNs 
on sentiment analysis and medical imaging 
datasets [30]. We give ethical issues like data 
anonymization and privacy great importance so 
that research complies with all the guidelines. We 
analyze the data to demonstrate how well CNNs 
perform in these particular contexts and provide 
recommendations on how to enhance them and 
where to go in terms of research shown in Table 1.

2.3.1. Steps in the process flow

i.	 Problem Identification: Determine the 
challenges in evaluating CNN performance 
on sentiment analysis and medical imaging 
datasets [30].

ii.	 Selecting and getting ready the database
•	 Select suitable medical imaging databases, 

including those for brain cancer or kidney 
stones detection.

•	 Select datasets for sentiment analysis—
movie reviews, product reviews, etc.

•	 Resizing photos or tokenizing content can 
help you to ensure compatibility by means of 
any required preparatory actions.

iii.	 CNN Architecture Selection: Choose 
CNN architectures [31] suitable for image 
classification, segmentation, and content 
analysis.

iv.	 Dataset Splitting
•	 Divide datasets into training, validation, and 

test sets with balanced class representation.
•	 Implement cross-validation or bootstrapping 

for robust evaluation.
v.	 Hyperparameter Tuning: Optimize key 

hyperparameters (e.g., learning rate, batch size, 
dropout rate) using grid search.

vi.	 Model Training: Use algorithms such as Adam 
or SGD to train CNN models with optimal 
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hyperparameters.
vii.	Model Evaluation: Consider measures like 

recall, accuracy, precision, F1-score, and AUC 
when assessing performance.

viii.	Comparative Analysis: Conduct a comparative 
analysis to see patterns in performance and 
find areas of strength and improvement across 
different datasets.

ix.	 Ethical Considerations
•	 Protect the privacy of patients and guarantee 

that their medical records are anonymized.
•	 Eliminate prejudice from the process of 

selecting and evaluating datasets.

The Table 1 outlines key aspects of the 
machine learning model development. It includes 
CNN architectures such as VGGNet, which serves 
as a simple baseline, ResNet, which uses residual 
connections to address vanishing gradients, and 
Inception, which captures multi-scale features 
for better image understanding. The dataset 
preprocessing involves resizing images to 224 × 
224 pixels, normalizing pixel values, augmenting 
data with transformations like flip and rotation, 
encoding labels, and using a stratified train-test 
split to maintain class balance. For hyperparameter 
tuning, a learning rate of 0.001, a batch size of 
32, and early stopping with patience between 
5-10 epochs are used, alongside SGD and Adam 
optimizers, and dropout rates ranging from 0.3 to 
0.5. Evaluation metrics include overall accuracy, 
class-wise precision, recall, and F1-score, along 
with a confusion matrix for detailed performance 

analysis and tracking training/inference time to 
ensure efficiency. These elements work together to 
optimize model performance across tasks.

3.    RESULTS AND DISCUSSION

The current study examines Skin cancer , Kidney 
Stone Detection, Brain MRI Tumor Detection, 
and Emotion Analysis datasets. The Skin cancer 
dataset [26] comprises dermatoscopic pictures 
of skin lesions, rendering it significant for image 
classification and segmentation in skin cancer 
diagnosis. Comprising medical images-ultrasound 
and CT scans-the Kidney Stone Detection [28] 
collection helps to categorize and diagnose kidney 
stones. Composed of MRI pictures categorized 
by tumor kind, the Brain MRI Tumor Detection 
[29] collection allows exact identification and 
classification of brain tumors. Comprising images 
of faces expressing emotions like as pleasure and 
rage, the Sentiment Analysis [32] collection in 
natural language processing is appropriate for 
categorizing emotions and studying sentiments. 
Developing research in medical imaging and 
natural language processing applications depends 
on these datasets.

3.1. Dataset

This paper offers a carefully selected collection 
of publicly accessible datasets pertinent to several 
fields of medical imaging and natural language 
processing. For experts and academics working on 

Aspect Details
CNN Architectures Used •	 VGG Net: Simple, deep network - good baseline.

•	 ResNet: Uses residual connections to handle vanishing gradients.
•	 Inception: Captures multi-scale features efficiently.

Dataset Preprocessing •	 Image resizing to 224 × 224 pixels
•	 Normalization of pixel values
•	 Data augmentation: flip, rotate, zoom, contrast
•	 Label encoding for categorical outputs
•	 Stratified train-test split (e.g., 80/20)

Hyperparameter Tuning •	 Learning rates: 0.001 
•	 Batch sizes: 32
•	 Epochs: early stopping with patience 5-10
•	 Optimizers: SGD, Adam
•	 Dropout: 0.3-0.5

Evaluation Metrics •	 Accuracy for overall performance
•	 Precision, Recall, F1-Score for class-wise insight
•	 Confusion matrix for detailed class performance
•	 Training/inference time

Table 1. CNN-based model design considerations.
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machine learning and deep learning applications 
within healthcare and affective computing, these 
datasets are very useful. The table below offers a 
brief summary of datasets connected to emotion 
identification, skin cancer detection, kidney stone 
diagnosis, and brain tumor analysis. Every entry 
has the dataset name, a short explanation stressing 
its contents and possible applications, and a direct 
access link to the dataset shown in Table 2.

Many datasets used for various machine 
learning applications are shown in Table 2. Valuable 
for skin cancer diagnosis by image classification and 
segmentation, the Skin Cancer dataset consists of 
dermatoscopic photos of skin lesions. Comprising 
medical images used to identify kidney stones via 
ultrasound or CT scans, the Kidney Stone Detection 
collection supports detection and classification 
activities. Comprising MRI pictures categorized by 
tumor kinds, the Brain MRI Tumor identification 
dataset helps to identify and classify brain cancers. 
Appropriate for emotion classification and 
sentiment analysis projects, the Emotion Analysis 
dataset finally consists of face samples marked 
with emotions like pleasure and fury. Advancing 
studies in natural language processing and medical 
imaging depends on these datasets.

3.2. Simulation 

The conventional CNN approach makes use of 
testing and training data sets. Evaluation across 
tasks like Skin Cancer Detection [26], Kidney 
Stone Detection [28], Brain Tumor Detection [29], 
and Sentiment Analysis [32] reveals that CNN 
models often show good performance across all 

criteria. In brain tumor diagnosis, the model shows 
outstanding performance with an F1-score of 
95%, recall and accuracy of 97%, and precision of 
96%. With few false positives and negatives, these 
studies show the model’s effectiveness in correctly 
categorizing brain cancers. With an F1-score of 
95%, recall rates of 96% and 95%, and accuracy 
rates of 96%, Kidney Stone Detection shows 
consistent case identification and categorization. 
With a 95% accuracy rate, 95% recall and accuracy, 
and a little higher F1-score of 96%, Skin Cancer 
Detection shows quick and exact performance. 
With an F1-score of 95% and both recall and 
accuracy of 96%, the CNN model performs well 
in Sentiment Analysis, hence confirming its 
dependability in sentiment categorization. The 
results show that the CNN model can adapt and 
perform well in many areas; hence, it efficiently 
handles medical imaging and text-based sentiment 
classification. The findings show that CNN is a 
flexible and strong method for solving difficult 
classification tasks. Table 3 shows the outcomes 
for accuracy, precision, recall, and F1 score; Figure 
3 offers a graphical depiction of the simulation. 
The table shows the performance measures of 
models across four separate detection tasks: Brain 
Tumor Detection, Kidney Stone Detection, Skin 
Cancer Detection, and Sentiment Research. With 
an accuracy of 97%, the model performs very well 
in Brain Tumor Detection, indicating its ability to 
precisely categorize most cases. A recall of 96% 
indicates that it effectively identifies most actual 
brain tumor cases; a precision of 96% indicates that 
when it forecasts a tumor, it is mostly right. A 95% 
F1-score shows a well-balanced effectiveness in 
tumor identification and categorization. The model 

S. No. Dataset Name Description Reference

1 Skin Cancer 
Detection

Dermoscopic pictures categorize cutaneous lesions as melanoma, 
nevus, and keratosis. These pictures are used for categorization and 
segmentation purposes.

[26, 27]

2 Kidney Stone 
Detection

Medical imaging and diagnostic criteria for the detection of 
nephrolithiasis via ultrasound or computed tomography. This method is 
particularly useful for tasks involving classification and detection.

[28]

3 Brain MRI 
Tumor 
Detection

MRI pictures classified as glioma, meningioma, pituitary tumor, and 
absence of tumor. These images are beneficial for the identification, 
segmentation, and categorization of brain tumors.

[29-31]

4 Sentiment 
Analysis 

Facial picture examples annotated with emotions such as pleasure, 
rage, sadness, etc. These examples are ideal for tasks related to natural 
language processing, specifically sentiment and emotion categorization.

[32]

Table 2. Dataset and its description.
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indicates reliable classification with 95% accuracy 
in Kidney Stone Detection. At 95% and 96%, the 
recall and accuracy show the ability of the model to 
find most kidney stones and lower false positives. A 
F1-score of 95% underlines even more the model’s 
effectiveness in correctly classifying and spotting 
kidney stones. Ensuring correct identification of 
cases, the model achieves 95% accuracy and 95% 
recall in skin cancer detection. While an F1-score 
of 96% emphasizes the general effectiveness of 
the model in balancing detection and accuracy, a 
precision of 95% shows a low false positive rate. 
With 96% accuracy and 96% recall and accuracy, 
the Sentiment Analysis model shows its strong 
ability to properly classify feelings. The F1-score 
of 95% indicates that the model effectively balances 
recall and accuracy. The models exhibit outstanding 
performance in all challenges, underscoring their 
efficacy in practical applications for medical 
diagnosis and content analysis.

Table 3 is presenting comparative analysis of 
accuracy parameters in case of various applications 
such as retailer, logistic providers, manufacturers, 
suppliers. Considering the table’s data, the figure 
would likely visualize the comparison of these 
performance metrics across all tasks. A bar chart 
could be used to depict accuracy, recall, precision, 

and F1-Score for each task, with each metric 
represented by a separate bar for clarity. Figure 3 
highlights the consistency in performance across 
tasks, illustrating how well each model is trained 
to detect specific conditions (brain tumors, kidney 
stones, skin cancer) or analyze sentiment in 
facial expression. For example, the Brain Tumor 
Detection model might show the highest accuracy, 
while the Skin Cancer Detection model could have 
a slightly higher F1-score. This comparison would 
help emphasize the effectiveness of the models in 
various domains, showcasing their potential for 
real-world applications in both medical imaging 
and natural language processing.

3.3. Error Analysis

While the CNN model [25] performed well across 
all domains, some observations include:

•	 Class Imbalance: In medical datasets 
(especially skin cancer [26]), rare classes may 
still be underrepresented, leading to marginally 
lower recall in minority categories.

•	 Overfitting Risk: In some cases, especially with 
smaller datasets, the model showed signs of 
overfitting, which was mitigated using dropout, 
data augmentation, and early stopping.

Brain tumor detection Kidney stone detection Skin cancer detection Sentiment analysis
Accuracy 0.97 0.95 0.95 0.96
Recall 0.96 0.95 0.95 0.96
precision 0.96 0.96 0.95 0.96
F1-score 0.95 0.95 0.96 0.95

Table 3. Comparison of accuracy parameters of CNN.

Fig. 3. Comparative analysis of accuracy parameters for various applications.
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•	 Text Data Challenges: For sentiment analysis, 
sarcasm or nuanced emotional tones were 
sometimes misclassified, highlighting 
limitations in handling contextual ambiguity.

3.4. Model Limitations

Despite strong overall performance, the study 
acknowledges the following limitations:

•	 Domain-specific Optimization: CNN 
architectures [23] may require tuning or 
modifications for optimal performance across 
distinct domains, such as 2D medical imaging 
[30] vs. sequential text. Lack of Explainability: 
CNNs are often viewed as black boxes. 
Interpretability techniques (e.g., Grad-CAM 
for images or attention maps for text) were not 
implemented here.

•	 Cross-dataset Generalization: The current 
study does not explore transfer learning across 
datasets, which could reveal deeper insights 
into CNN flexibility.

•	 Computational Cost: Training deep CNNs, 
especially on large image datasets, is resource-
intensive and may not be feasible in low-
resource environments without optimization.

3.5. Aspect-Based CNNs Comparison  

The current study demonstrates the remarkable 
performance of CNNs in many domains including 
content-based sentiment analysis and medical 
imaging (skin cancer detection [26], Kidney stone 
[28], brain tumor [29, 30]). The strong results 
achieved for accuracy parameters confirm the 
efficacy and flexibility of CNN architectures. 
Notwithstanding the encouraging results, certain 
significant limitations and areas for improvement 
still have to be acknowledged.   One of the most 
major limitations of this study is the absence 
of comparison with evolving deep learning 
architectures. Reflecting a paradigm shift in 
computer vision, these models have now attained 
state-of-the-art performance on multiple test sets. 
Unlike CNNs, which rely on local receptive fields, 
transformers utilize self-attention methods to grab 
global connections in data, usually producing 
superior results, especially in large-scale datasets. 
Including such models in future studies would 
provide a more whole view of how CNNs function in 
respect to the most current advancements. The study 

also makes no particular reference to biases in the 
datasets used. Common dataset imbalance occurs, 
particularly in medical applications where certain 
disease categories might be underrepresented. 
Uneven model performance in which the classifier 
favors dominant classes and does not correctly 
generalize might follow from this. Linguistic or 
cultural disparities in the content corpus might lead 
to sentiment analysis biases. Without a thorough 
bias investigation, it is impossible to assess the 
fairness and reliability of the models across various 
populations or unknown data distributions.   Future 
work should incorporate model performance audits 
across demographic groups, bias detection tools, 
and class balancing techniques to help to lower 
this. Another significant concern is overfitting, 
particularly in models trained on rather small 
data sets. Although the study employs traditional 
countermeasures like as dropout, early pausing, and 
data augmentation, it provides no comprehensive 
analysis or visualization of training vs validation 
performance trends. Without this, one struggles to 
know if the test set performance of the model is 
really generalizable or a consequence of overfitting 
shown in Table 4. 

4.    CONCLUSIONS

This study concentrates on assessing CNN 
efficacy across diverse datasets, particularly in 
sentiment analysis and medical imaging. The 
process includes issue identification, database 
selection, CNN architecture selection, dataset 
partitioning, hyperparameter optimization, model 
training, assessment, and comparative analysis. 
The work highlights ethical aspects such as data 
anonymization and privacy, aiming to illustrate 
CNN performance in certain circumstances and 
offer ideas for enhancement. The process includes 
class equilibrium maintenance, bootstrapping, 
and cross-validation. The study shows that CNNs 
are suitable for a number of uses, including 
brain tumor identification, renal stone detection, 
skin cancer diagnosis, and sentiment analysis. 
Compared to other approaches, CNN performs 
best in text-based sentiment classification and 
medical imaging. CNN is accurate, flexible, and 
rather strong. Often exceeding 95% in accuracy 
measures, the research shows CNN’s dependability 
in generating accurate categorization outcomes. 
Addressing important issues like data preparation, 
model selection, hyperparameter optimization, and 

62	 Gupta et al



ethical concerns, the paper provides a thorough 
approach for evaluating CNN models. Apart 
from showing how CNNs may be used in many 
sectors, these results support the development of 
artificial intelligence systems for crucial tasks like 
medical diagnosis and emotion interpretation. This 
work adds notably to current understanding on 
deep learning by implying that it might increase 
accuracy and efficiency in addressing challenging 
real-world issues. Future developments in NLP 
and healthcare provide great promise to increase 
CNN algorithm performance in medical datasets 
and sentiment analysis. Future studies tackling 
problems including data scarcity, class imbalance, 
and medical dataset interpretability could focus 
on enhancing CNN architectures and techniques. 
Combining various data kinds with CNN models 

might provide a more complete view of patient 
information, hence supporting improved diagnosis, 
outcome prediction, and therapy planning.
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Abstract: Panic disorder is one of the leading mental health problems that entail serials of extreme fear that can highly 
hinder an individual’s activities of daily life. Sometimes, intervention is very important, understanding the problem is 
highly crucial. Unfortunately, some methods assist with diagnostics do not provide accuracy in identification. Using 
machine learning approaches can resolve this problem as accuracy can be improved with data-driven models. This 
paper used ensemble machine learning models, Random Forest, Bagging Classifier, and Balanced Bagging Classifier to 
identify panic disorder. Medical datasets usually have a class imbalance problem. Therefore, we performed resampling 
SMOTE, ADASYN, and Tomek Links. We evaluated these models by accuracy, precision, recall, F1 score, ROC 
AUC, Cohen’s Kappa, uncertainty measures, aleatoric uncertainty, epistemic uncertainty, and predictive entropy. In 
our results, The Bagging Classifier was out performance with the highest accuracy (99.97%), recall (99.66%), F1-
score (99.60%), and Cohen’s Kappa (99.58%), minimal uncertainty metrics (aleatoric: 0.00062, entropy: 0.002003), 
establishing itself as the optimal model for panic disorder diagnosis. This study proves the effectiveness of ensemble 
learning and resampling methods for early panic disorder diagnosis and future mental health technologies. 

Keywords: Panic Attack, Machine Learning, Synthetic Samples, Decision Trees, Predictive Analytics, Mental Health.

1.	 INTRODUCTION

The mental health known as panic disorder is 
typified by frequent, unplanned panic attacks [1]. 
A panic disorder is characterized by a sudden 
increase in anxiety or discomfort that lasts for 
only a few minutes and is accompanied by both 
psychological and physical symptoms [2, 3]. A 
fast heartbeat, perspiration, shaking, dyspnea, 
chest pain, lightheadedness, nausea, and a dread of 
losing control or passing away are some examples 
of these symptoms [4]. In contrast to normal 
anxiety, which frequently has recognizable triggers, 
panic attacks in people with panic disorder might 
happen suddenly or for no apparent reason. This 
unpredictability often leads to chronic fear about 
future attacks and behavioral adjustments, such 
as avoiding circumstances or places where attacks 
have previously happened [5, 6]. About 2-3% of 
the population is affected by panic disorder each 

year, which typically manifests in late adolescence 
or early adulthood. Compared to men, women are 
more likely to receive a diagnosis. Although the 
precise causes of panic disorder are unknown, a mix 
of biochemical, psychological, environmental, and 
hereditary variables are thought to be responsible 
[7, 8]. An individual’s life may be severely impacted 
by untreated panic disorder, which can lead to 
substance abuse, hopelessness, agoraphobia, and 
avoidance behaviors.

However, effective solutions are available. 
Cognitive-behavioral therapy (CBT), the most 
recommended psychological remedy, helps people 
recognize and change the mental processes that 
trigger panic attacks [9-11]. One class of drugs that 
is effective in alleviating symptoms is selective 
serotonin reuptake inhibitors (SSRIs) [12-14]. 
Additionally, regular exercise, stress management, 
and relaxation techniques are lifestyle adoptions 



that aid recovery. The treatment of panic disorder, 
including early diagnosis and intervention, allows 
affected individuals to restore order to their lives, 
improve their functioning, and alleviate symptoms. 
Advanced data science and machine learning have 
further enhanced treatment and diagnostic options 
available to individuals suffering from this disorder. 
The mental health paradigm concerning the research, 
diagnosis, and even forecasting of panic disorder is 
undergoing a profound change due to the impact of 
data science and machine learning technologies [15]. 
These technologies analyze and predict outcomes 
using sophisticated algorithms, large datasets, and 
modern computation techniques. By applying data 
from wearable, psychological evaluations, and 
medical records, these systems can provide an 
effective early diagnosis and identification of panic 
disorder. Through predictive analytics, customized 
assessments can be conducted that link stressors, 
genetic indicators, and panic attacks, something 
that traditional methods would miss [16]. With 
wearable and mobile applications, physiologic and 
behavioral data can be monitored as they happen, 
enabling instant capture of data [17]. Machine 
learning models can boost therapeutic effectiveness 
and lessen the trial-and-error process by predicting 
the therapies most likely helpful to a specific patient 
[18]. Machine learning also aids in the discovery 
of unknown phenomena within massive quantities 
of data, such as social networks and electronic 
health records, to better comprehend the etiology, 
course, and comorbidities of panic disorder. The 
amalgamation of data science and machine learning 
into mental health creates an opportunity for more 
thorough and precise identification, diagnosis, and 
treatment of panic disorder [19, 20]. It, in turn, 
would minimize societal burden and optimize 
patient care.

Although there have been advancements 
in the diagnosis of mental disorders over the 
years, accurately diagnosing panic disorder is 
still particularly challenging due to its changing 
nature. It seems that traditional approaches to 
diagnosis are not adequate. However, the use of 
automatic diagnostic systems based on machine 
learning and data science models shows potential 
for better accuracy in diagnosis. An example of this 
is the class imbalance problem in medical datasets, 
which is a situation where one category contains a 
significantly lower sample size. This frequently leads 
to skewed results as well as challenges in detecting 

the minority cases. This paper looks at these issues 
applying Random Forest, Bagging Classifier, 
Balanced Bagging Classifier ensemble learning 
methods, and advanced resampling techniques 
like SMOTE, ADASYN, and Tomek Links that 
are focused on improving classification accuracy. 
This study proposes a novel framework for panic 
disorder detection which removes class imbalance 
while including quantification of uncertainty to 
increase model trustworthiness. Unlike past work 
on anxiety disorders, this research is focused on 
providing robust estimations which minimizes 
misclassification risk, enabling dependable mental 
health diagnostics.

2.    MATERIALS AND METHODS

Panic disorders constitute a grave anxiety issue that 
poses potential risks to one’s mental well-being. To 
deal with it, one must act quickly. Technology plays 
a great role in aiding early detection through data-
driven methods. Classification must be on point to 
diagnose and treat panic disorder properly. Single- 
and multi-attribute generalizations performed by 
machine learning systems on unbalanced samples 
tend to overfit, resulting in poor generalization 
performance. Employing the Random Forest 
approach, this work analyzes the effectiveness 
of the classification of the acknowledged panic 
disorder datasets in the context of SMOTE handling 
overfitting. The results indicate that SMOTE is 
proven to greatly improve the Random Forest 
classification detection of panic disorder datasets, 
increasing accuracy by 15% [21]. This research 
proposes a technique for real-time detection of 
panic attacks leveraging wearable devices through 
the lens of human-computer interaction (HCI). The 
application predicts panic episodes by monitoring 
physiological parameters such as heart rate, heart 
rate variability (HRV), and electrocardiogram 
(ECG). These parameters are evaluated by a 
machine learning model based on CNN and 
SVM methods, where the system achieved great 
results revealed by eight percent accuracy, high 
user satisfaction, and low false positive rates. The 
system needs fine-tuning in further studies to help 
improve accuracy [22]. The work aimed to build 
a model capable of distinguishing panic disorder 
individuals from healthy subjects using machine 
learning. Eleven features were extracted from 
physiological reactions recorded during rest, stress, 
and recovery. The results showed key markers of 
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Parkinson’s disease to be PT and ECG features 
during stress and recovery phases. The study’s 
multilayer perceptron (MLP) achieved a maximum 
accuracy of 75.61% with 33 features. The study 
showed the capability of objective differentiation 
of people with Parkinson’s disease by combining 
multimodal signals [23]. The relevance of different 
biometric and geographical parameters is examined 
for their significance in the overall process of panic 
detection, as described in reference [24]. A model 
for predicting panic attacks is based on 7 days of 
data gathered from wearable, passive sensors, 
and online questionnaires. The system integrates 
environmental, physiologic, and survey responses 
to predict panic attacks in advance. The overall 
accuracy is between 67.4 percent and 81.3 percent, 
which is driven mostly by the questions asked and 
the physiological attributes of the respondents.
However, the focus of the study was narrowed down 
to patients who have panic disorder only [25]. Even 
though 95% of participants were able to identify a 
trigger, 11% of individuals suffer from panic attacks 
annually. A higher likelihood of panic attacks the 
next day was associated with lower mood, state-
level mood, higher resting heart rate, and more 
background noise. This information could improve 
the specificity of one-session psycho-education 
programs and help direct ecological momentary 
treatments [26, 27].

According to cognitive-behavioral theories, 
perceived threat, and arousal-related bodily 
sensations produce a positive feedback loop that 
leads to panic attacks. A computational model 
suggests that a simulated disturbance of arousal is a 
good indicator of panic disorder and the likelihood 
of an attack. This study reviews the empirical 
literature on biological challenge reactions and their 
relationship to disorder and panic episodes. The 
results show a moderate association with recurring 
panic attacks but no association with panic disorder 
[28]. The study used digital phenotypes and machine 
learning algorithms to predict panic symptoms in 
patients with mood and anxiety disorders. For two 
years, 43 patients were monitored through wearable 
devices and smartphone applications. The XGBoost 
model also proved useful with additional features 
such as elevated anxiety, increased step counts, 
and Childhood Trauma Questionnaire results [29]. 
A machine learning-based technique was used to 
differentiate panic disorder from other forms of 
anxiety disorders using heart rate variability (HRV). 

Of the five algorithms that were employed, the L1-
regularized LR showed the best accuracy. However, 
the study had limitations, including a limited 
sample size and a cross-sectional methodology. 
Future studies should use machine learning 
techniques to duplicate the diagnostic usefulness of 
HRV [30]. This study aimed to develop a dropout 
prediction model for cognitive behavioral therapy 
(CBT) for panic disorder using machine learning 
techniques. Two hundred eight patients received 
group cognitive behavioral therapy. The results 
showed excellent accuracy in predicting dropout 
during CBT for PD, with random forest achieving 
88% accuracy and light gradient boosting machine 
achieving 85% accuracy. This machine-learning 
technology may help with clinical decision-making 
in typical clinical situations [31].

Panic disorder is a refractory mental condition 
that affects 5% of people worldwide and 10% of 
persons with subclinical symptoms. If untreated, 
it is a serious issue that can significantly harm 
individuals, families, and society. The prediction 
model of panic disorder is examined in this study 
using machine learning algorithms that simulate 
human learning processes. The results show that 
the artificial neural network model has the largest 
AUC (0.8255) and the shortest running time (less 
than 1 second) when compared to other models 
[32]. The study used machine learning to look at 
PD patients’ brain networks. The results showed 
that the structural network, particularly the 
extended fear network, had changed. Increased 
connections to the insula, hippocampus, and 
amygdala were associated with better treatment 
response, while over-connectivity was associated 
with poor response. SVM and CPM can predict 
treatment outcomes based on changes in network 
patterns [33]. Robinaugh et al. [34] presented 
panic disorder symptoms as panic, chest pain, and 
tremors, afflicting 5% of the global population. 
Accurate diagnosis is crucial in the early stages of 
illness to maximize therapeutic efficacy. Among 
the many promising ML algorithms, artificial 
neural networks (ANN) appear to perform the best 
in predicting panic disorder, with AUC scoring 
0.8255 and exceeding one second in processing 
speed. These discoveries fortify the argument 
for advancing predictive ML models for earlier 
discovery and preventative measures regarding 
panic disorder.

	 Enhanced Panic Disorder Detection Using Ensemble Learning	 69



2.1. Methodology

This study uses a classification model with a 
resampling technique to develop a machine 
learning-based approach to detect panic disorder. 
Following sections demonstrate the process, which 
includes acquiring the dataset, data cleaning, 
feature engineering and transformation, exploratory 
data analysis, implementing techniques to resample 
and adjust for class imbalance, fitting the models, 
determining their performance, and quantifying the 
uncertainty.

2.1.1. Dataset acquisition and preprocessing

This study utilized a Kaggle dataset containing 
100,000 entries featuring 17 attributes. Each entry is 
associated with an individual and captures various 
attributes, including a person’s demographic details, 
family details, personal details, psychological 
stressors, symptoms, their severity, impact on daily 
activities, medical history, psychiatric history, 
substance use, coping strategies, social support, 
and lifestyle choices. The dataset also contains a 
binary variable capturing the existence and absence 
of panic disorder as the target variable. The dataset 
is largely imbalanced due to the large portion of not 
diagnosed with panic disorder, and thus, the patient 
group (those diagnosed with panic disorder) is 
significantly underrepresented in the dataset.

The dataset was uploaded and processed 
using Python libraries like Pandas, NumPy, and 
Scikit-learn. Categorical features were labeled via 
Label Encoding, transforming them to numerical 
values during the data loader’s execution. This 
stage ensured that all features were numeric and, 
therefore, usable by machine learning algorithms. 
Examine the missing values and find no missing 
values. The standard scalar from Scikit-learn 
was used to perform feature scaling. This scalar 
standardizes features by removing the mean and 
scaling to unit variance. This process is important 
to ensure that models do not have their predicted 
outcomes skewed as a function of larger range 
features [35].

2.1.2. Addressing the issue of class imbalance

The study undertook measures to address class 
imbalance issues by leveraging multiple resampling 
methods such as SMOTE, ADASYN, and Tomek 

Links under-sampling. Through SMOTE, new 
instances are made in the feature space, increasing 
the generalization of the model by augmenting the 
representation of the minority class.
						    

(1)
Where,

 is a randomly chosen minority class sample,
​ is one of its nearest neighbors in the feature 

space,
 is a random number between 0 and 1, ensuring 

interpolation.
ADASYN improves SMOTE by creating synthetic 
samples that pay more attention to the difficult cases, 
which allows less bias in the model’s predictions 
[38].
							     

(2)
Where,

​ is the number of synthetic samples to generate. 
For instance ,

 is the total number of synthetic samples needed,
 is the ratio of majority class neighbors to total 

neighbors for  ,
 is the number of minority class samples.

As an under-sampling technique, Tomek links 
focus on class separation by deleting instances of 
the nearest border from the majority class [39]. 

			
(3)

These resampling methods were evaluated using 
stratified k-fold cross-validation to determine their 
effectiveness in improving model performance.
Some other techniques for dealing with class 
imbalance, for instance, Random Under-sampling, 
Random Over-sampling, Cluster-based Over-
sampling, and near-miss, have weaknesses that 
make them unsuitable for this research. Random 
Under-sampling has the potential to result in the 
loss of important information, and Random Over-
sampling is problematic in that it is prone to over 
fitting by copying minority class instances. In 
particular, Cluster-based Over-sampling may be 
time-consuming to process and introduce potential 
prejudice. At the same time, NearMiss can make 
wrong speculations about data distributions 
and may lead to high-class overlap. In contrast, 
SMOTE, ADASYN, and Tomek Links represent 
more sophisticated approaches. SMOTE creates 
synthetic samples that increase the generalization 
ability; ADASYN is committed to identifying the 

70	 Ali et al



hard instances to lower the bias. In contrast, Tomek 
Links is used to eliminate the near-border instances 
to clarify the class boundaries, ensuring a better 
performance, generalization, and less over fitting 
of the model, thus making them very good for 
detecting minority classes such as panic disorder.

2.1.3. Exploratory data analysis

During the exploratory phase of the analysis, we 
developed correlation matrices and histograms to 
understand the features’ relations and distributions. 

2.1.3.1. Correlation matrix: The heat map style 
correlation matrix was useful in spotting the 
presence of linear relationships between the 
features. This was beneficial for not only identifying 
multi-collinearity issues, but also feature selection 
redundancies [35]. Figure 1 displays the correlation 
heatmap of the Panic Disorder dataset, elaborating 
on important inter-variable relationships. The most 
significant aggravating associations were noted 
both for symptoms and their severity, which was 

less than 0.15, and more pronounced for panic 
disorder diagnosis which showed a greater than 
0.26 value. This shows that more severe symptoms 
and greater likelihood of diagnosis are strongly 
correlated and aggravated in individuals with severe 
panic disorders. Furthermore, Lifestyle Factors 
show a moderate positive association toward the 
Panic Disorder Diagnosis with a coefficient near 
0.26 suggesting some degree of lifestyle influence 
in regard to the condition diagnosis. In general, 
the heatmap provides insights into the role of 
Severity and Symptoms of panic disorder and its 
clinical significance. This information is useful for 
other researchers if they fine-tune their efforts in 
managing severity and lifestyle changes.

2.1.3.2. Histogram: The analysis of solitary 
characteristics distribution was carried out using 
histograms. This method allowed for detecting 
potential skewed distributions that could 
affect the model. Based on the histograms, log 
transformations, and normalization techniques that 
improve the accuracy and reliability of the model 

Fig. 1. Correlation heat map of variables in the panic disorder dataset.
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were adopted [37]. Each histogram in Figure 2 
indicates the distributions of features within the 
dataset’s context, which gives us implications 
regarding the underlying patterns within the dataset. 
Most family history, personal history, and severity 
features demonstrate distinct binary or categorical 
features, which suggest clear categories with 
minimal or no intermediate cases. Features like age 
and gender have even distributions, which indicate 
a good level of diversified representation among the 
participants in the study. Reporting or categorizing 

current stressors, symptoms, and impacts on life 
will likely be dominated by a few prevalent patterns 
indicated by multimodal distribution. Medical 
history, psychiatric history, substance use, and 
coping mechanisms have features with distributions 
that appear to have several levels or categories, 
enriching the dataset with nuanced participant 
information. Social support and lifestyle factors 
showed the same level of clustering, suggesting that 
discrete levels of support and lifestyle habits are 
present. The disparity between these distributions 

Fig. 2. Distribution of variables in the panic disorder dataset.
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indicates that the dataset will easily be subjected to 
classification techniques since it relies heavily on 
categorical or binary features. 

2.1.4. Model training and evaluation

The classifiers used for this work included Random 
Forest, and Balanced Bagging Classifier. Random 
forest is an ensemble of classifiers with decision 
trees that works well with imbalanced data sets 
as class weight can be assigned. The Balanced 
Bagging Classifier is a class from an imbalanced 
learn library that uses bootstrap aggregation to 
balance the distribution of classes among samples 
[40-42]. Each model was developed using stratified 
k-fold cross-validation and five splits for the 
most accurate performance estimation. Accuracy, 
precision, recall, F1-score, and the area under the 
Receiver Operating Characteristic Curve (ROC 
AUC) were determined for each model-resample 
configuration. Accuracy, while a good measure 
of the overall correctness of model predictions, is 
difficult to interpret with imbalanced datasets. So 
precision assesses the value of positively predicted 
positives (PPV) while recall determines the rate of 
true positives captured by the model. The F1 score 
provides a balance between precision and recall 
and, thus, is a more appropriate metric with class 
imbalance. 
						    

(4)
							     

(5)
							     

(6)

Where  is true positive,  is true negative,  
is false positive, and  is false positive.

					     (7)
							     
	 (8)

2.1.5. Estimation of uncertainty

This research focused on estimating aleatoric 
and epistemic uncertainties, as well as predictive 
entropy, to increase model accuracy. As stated in the 
previous section, aleatoric uncertainty stems from 
underlying noise in data sources and was measured 
as the variance of predicted probabilities. Higher 
aleatoric uncertainty indicates class distribution 

overlaps, and therefore, individual predictions 
become ambiguous due to noise. The variance 
of the predictive distribution is used to quantify 
aleatoric uncertainty:

		
		  (9)

It can be approximated using the variance of 
Softmax probabilities: 

				    (10)

 is predictive probability of class y.
N is the number of Monte Carlo dropout samples

 represents the model parameter.
Due to the lack of training data, epistemic 
uncertainty denotes model uncertainty, which was 
estimated through the variance of probabilistic 
predictions from ensemble models. 

		
 (11)

Monte Carlo dropout-based estimation is: 
	  

(12)

T is the number of stochastic forward passes (MC 
Dropout),  is the probability of class  
given  and model parameters at  forward 
pass.

In addition, predictive entropy for model 
outputs was estimated using Shannon entropy 
[43]. These measures of uncertainty were used to 
evaluate the confidence of the model predictions 
and the additional data that needs to be collected to 
make the model more accurate.
It is computed using the Shannon entropy:

			
	 (13)

C is the number of classes and  is the 
predicted probability for class . 

2.1.6. Random forest

Random Forest is an ensemble learning approach 
that combines several weak classifiers to handle 
complicated problems. It comprises several decision 
trees that make predictions based on the majority 
vote of forecasts. Regression and classification 
issues are addressed by the supervised machine 
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learning method, which uses decision trees. 
Decision trees display predictions from a sequence 
of feature-based splits using a tree structure 
resembling a flowchart. The root, decision, and 
leaf nodes are their three constituent parts. The root 
node is where population division begins; the nodes 
remaining after splitting a root node are known 
as the decision node, and the node that cannot be 
further divided is the leaf node. The Gini Index is 
used to identify which feature will be the root node. 
Mathematically, it can be written as: 

                                              			 
(14)

Where  the probability of positive is class and 
 is the probability of negative class. Unlike other 

decision tree models, the Random Forest model is 
an ensemble learning algorithm that increases the 
model’s accuracy and stability by training multiple 
decision trees in parallel. Each of the trees is trained 
using a different subset of the data, and the final 
result is determined by aggregating the outcomes of 
the trees. The class_weight = ‘balanced’ parameters 
are also of great use for datasets with imbalance 
problems, as they modify the weight of each 
class based on its prevalence. Other parameters of 
importance include n_estimators, which controls 
the number of decision trees in the forest with a 
default value of 100, max_depth, which limits how 
deep each tree can get and also starts as None, which 
allows trees to grow until all nodes are pure, and 
min_samples_split which determines the minimum 
sample count needed to split a node which is also 
set at two by default. Additionally, min_samples_
leaf refers to the minimum number of samples to be 
required to form a leaf node, which starts at 1. max_
features controls the number of features available 
for consideration of levels splits, and bootstrap = 
True signifies that without reserve sampling is used, 
meaning each of the trees is trained on a different 
sample set of the data. Using the random_state 
parameter guarantees that results will be the same 
across runs by setting a random seed to create trees 
(see Table 1).

2.1.7. Balanced bagging classifier

The Balanced Bagging Classifier is another 
ensemble method, which, like Random Forest, 
resolves the problem of imbalanced data by 

automatically combining imbalance handling 
classes with multiple decision tree learners. 
Balanced Bagging differs from Random Forest in 
that it also balances the class distribution for each 
bootstrapped sample by oversampling the minority 
class to the size of the majority class; this is done 
for all bootstrapped samples. This particular model 
helps manage highly imbalanced datasets. Key 
parameters are base_estimator, which by default 
implements a DecisionTreeClassifier as the base 
model, and n_estimators, with a default value 
of 10, which sets the count of base models in the 
ensemble. max_samples controls the proportion 
of the dataset for each model, and max_features 
defines the proportion of features to be used when 
fitting each base model. The former is set to ‘None,’ 
thus enabling all data to be used, whereas the latter 
is overridden to guarantee some degree of sparsity 
defined by the ratio s. The bootstrap parameter 
indicates whether or not bootstrapped sampling 
will be used, while the sampling_strategy=’auto’ 
parameter guarantees that the minority class will 
be scaled to the dominant class. Like the Random 
Forest, random_state sets a seed for reproducibility 
(see Table 1).

3.    RESULTS AND DISCUSSION

The results showcase the performance of different 
machine learning models Random Forest, Bagging 
Classifier, and Balanced Bagging Classifier each 
evaluated with various resampling techniques, 
including SMOTE, ADASYN, and Tomek Links. 
A comparative analysis of key performance metrics 
such as accuracy, precision, recall, F1-score, ROC 
AUC, Cohen’s Kappa, and uncertainty measures 
(aleatoric uncertainty, epistemic uncertainty, and 
predictive entropy) provides valuable insights 
into the models’ effectiveness in detecting panic 
disorder.

3.1. Performance Evaluation of Random Forest

Table 2 shows that the accuracy performed by the 
baseline Random Forest model was 0.99805, giving 
perfect precision with a value of 1.0. However, the 
model’s recall was comparatively lower at 0.955682. 
Due to this disparity, the model is quite sensitive 
as it demonstrates missing a notable portion of true 
positive cases while identifying positive cases with 
high confidence. The SMOTE also automated the 
recall improvement and F1 score to 0.977363 and 
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0.988549, respectively. These changes indicate 
much better recall, especially in the lower class 
instances. This enhancement comes from SMOTE’s 
ability to balance the dataset automatically, and 
as the model learns, it can define issues more 
cohesively. Like that, recall for Random Forest 
with ADASYN rose to 0.980397 while achieving a 
higher F1 score of 0.989971 compared to SMOTE. 
ADASYN performs better than SMOTE when 
learning the model’s generalization because it is 
based on harder-to-classify instances requiring 
new synthetic samples. The opposite was true 
for the Random Forest with Tomek Links. When 

the comparison was made, the recall dropped to 
0.962427, lower than previously achieved. However, 
the precision remained the same at 1.0. Although, 
the Tomek Links methodology suffers sensitivity 
as it is an under-sampling approach. In Table 3, 
uncertainty metrics revealed additional insights. 
Compared to models that utilized SMOTE and 
ADASYN, the baseline Random Forest model had 
relatively greater values in its aleatoric uncertainty 
(0.010129) and predictive entropy (0.036515). 
These values did drop somewhat with the use of 
SMOTE and ADASYN. These drops in values do 
demonstrate a greater degree of confidence in the 

Model Hyperparameter Value
Random Forest class_weight 'balanced' (handles imbalanced classes)

n_estimators Default (100)
max_depth Default (None, trees expand until pure leaves)
min_samples_split Default (2)
min_samples_leaf Default (1)
max_features Default ('auto,' square root of the number of features)
Bootstrap Default (True, bootstrap sampling used)
random_state Default (None, random seed set by the OS)

Balanced Bagging 
Classifier

base_estimator Default (DecisionTreeClassifier)
n_estimators Default (10)
max_samples Default (1.0, 100% of data used for each estimator)
max_features Default (1.0, 100% of features used for each estimator)
Bootstrap Default (True, bootstrap sampling used)
sampling_strategy Default ('auto,' balances data by making minority class size equal to 

majority class)
random_state Default (None, random seed set by the OS)

Table 1. Hyperparameters used for the model.

Model Accuracy Precision Recall F1-Score ROC 
AUC

Cohen's 
Kappa

Random Forest 0.99805 1 0.95568 0.97733 0.99999 0.97632
Random Forest with SMOTE 0.99903 1 0.97736 0.98854 0.99999 0.988043
Random Forest with ADASYN 0.99915 0.999762 0.98039 0.98997 0.99999 0.989527
Random Forest with TomekLinks 0.99839 1 0.96242 0.98083 0.99999 0.979999
Bagging Classifier 0.99965 0.99546 0.99659 0.99602 0.99991 0.995842
Balanced Bagging with SMOTE 0.99931 0.9923 0.99159 0.99194 0.99996 0.991585
Balanced Bagging with ADASYN 0.99942 0.99232 0.99416 0.99323 0.99997 0.992934
Balanced Bagging with TomekLinks 0.99738 0.942666 0.99976 0.97035 0.99996 0.968983

Table 2. Evaluation metrics results.
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predictions due to better balanced training data. 
Nonetheless, epistemic uncertainty fluctuated much 
less, suggesting consistent model performance 
irrespective of the resampling technique (Figure 4).

3.2. Performance of Bagging Classifier and 
       Balanced Bagging Classifier

The Bagging Classifier demonstrated exceptional 
performance, achieving an accuracy of 0.99965 
alongside a remarkable recall of 0.996591 and an F1 
score of 0.996025. The model performed optimally 
due to the ability of the ensemble to cut down 
on variance and issues arising from overfitting. 
Surprisingly, aleatoric uncertainty was much lower 
(0.00062), and predictive entropy was also very low 
(0.002003), suggesting that the model was highly 
confident in its predictions and, therefore, the model 
was quite reliable. The balanced ensemble approach 
already solves the problem of disproportionate 
class distribution and, therefore, does not require 
resampling. Once again, applying SMOTE and 
ADASYN techniques proved beneficial for the 

Balanced Bagging Classifier. Balanced Bagging 
with SMOTE achieved a 0.99931 accuracy score, 
0.991599 recall, and F1-score of 0.991945. 
ADASYN achieved slightly better results than 
SMOTE, with a recall of 0.994166 and an F1 score 
of 0.993237 (Figure 3). It proves that the targeted 
sampling techniques employed by ADASYN 
accurately overcame restrictions posed by the 
minority class (see Table 2). It is also worth noting 
that both models retained low levels of uncertainty, 
with aleatoric uncertainty being approximately 
0.00068 and predictive entropy sitting at 0.0021. 
It can be taken as a sign of the robustness of the 
models. As for the Balanced Bagging Classifier 
trained with Tomek Links, the results were mixed. 
Although the model achieved a remarkable recall 
of 0.999767, the precision dropped to 0.942666, 
resulting in a lower F1-score of 0.970352, as 
shown in Table 3. It suggests that while the model 
could correctly identify almost all positive cases, 
it also had too many false positives. The increase 
in aleatoric uncertainty (0.004502) and predictive 
entropy (0.013946) indicates that the model had 

Model Aleatoric Uncertainty Epistemic Uncertainty Predictive Entropy
Random Forest 0.010129 0.030084 0.036515
Random Forest with SMOTE 0.009757 0.032701 0.036485
Random Forest with ADASYN 0.009711 0.032793 0.03621
Random Forest with TomekLinks 0.010639 0.028976 0.038413
Bagging Classifier 0.00062 0.04143 0.002003
Balanced Bagging with SMOTE 0.00068 0.040308 0.002127
Balanced Bagging with ADASYN 0.000749 0.040301 0.002311
Balanced Bagging with TomekLinks 0.004502 0.042529 0.013946

Table 3. Uncertainty results of the data set with different classifiers.

Fig. 3. Comparative analysis of evaluation matrices. Fig. 4. Comparative analysis of uncertainties.
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less confidence due to the more radical removal 
of borderline samples done by Tomek Links (see 
Figure 4).

3.3. Comparative Insights 

While comparing to [24], it can be noticed that 
our models, particularly Random Forest with 
ADASYN (99.915% Accuracy), have shown 
marked and significant improvement in accuracy 
over the Gaussian SVM (94.5%). The application 
of resampling methods, particularly ADASYN, 
has greatly improved classification performance, 
surpassing raw features and HRMAD results [24]. 
These findings resonated in [21], where SMOTE 
was reported to increase the accuracy of Random 
Forest from 82% to 97%, demonstrating the 
positive effects of resampling on class imbalance 
and overall model performance. In regards to 
precision and recall, our models outperform 
previously published results. For example, Random 
Forest with ADASYN also attained one of the 
highest recorded precision scores of 0.999762 
and recall scores of 0.98039, outperforming the 
precision (0.632) and recall (0.667) scores in [30] 
for Random Forest. The results from [30] indicate 
that integrating ADASYN and other ensemble 
changes is much more effective in decreasing 
false positives and true negatives than models. 
Additionally, our F1-Score results with Random 
Forest with ADASYN (0.98997) and Bagging 
Classifier (0.99602) far exceed [30] SVM (0.733) 
and Logistic Regression (0.790), meaning that our 
models achieve a preferable balance between recall 
and precision. It indicates that ensemble methods 
such as Bagging are more effective at optimizing 
the balance between false positive and negative 
rates than traditional methods. Our models achieve 
almost perfect values (0.99999) for ROC AUC, far 
exceeding the AUC of 0.8255 recorded for ANN 
in [34]. This sharp deviation reinforces the claim 
that my models, particularly those with resampling 
techniques, remarkably outperformed previous 
models in distinguishing panic disorder from other 
conditions. Moreover, the remarkably high Cohen’s 
Kappa score (0.989527) accompanies my results, 
demonstrating divergence from those values against 
the consensus that he was predicting outcome 
targets, bolstered by the previously cited Kappa of 
0.298 from Random Forest in [30], highlighting 
that his assertion was closer to the reality.

The uncertainty metrics set out in Table 
3 are indicators of considerable disparities in a 
model’s performance. It has been noted that using a 
Random Forest with TomekLinks (a preprocessing 
method for cleaning up the data and reducing the 
imbalanced training set) has increased the aleatoric 
uncertainty, which is the noise of the prediction 
and the class overlap, indicating that the model is 
facing greater difficulty in distinguishing between 
the classes. This higher uncertainty resulted in 
unreliable classification. However, epistemic 
uncertainty, which exhibited model uncertainty due 
to either a limit in the data or insufficient learning, 
did not exhibit consistent fluctuations instead of 
moving up and down among models, which would 
have suggested that the model, even with the 
resampling technique used, is still having a good 
performance. It is also notable that the predictive 
entropy, which is a concept of what the prediction’s 
uncertainty is about, is quite much lower in the case 
of the Bagging Classifier models as a result of their 
solid confidence and stability in classification (see 
Figure 3). It gives a cue that methods like Bagging, 
which uses ensembles, are much more capable 
of giving accurate predictions while at the same 
time reducing the uncertainty compared to other 
approaches.

In summary, ensemble models, specifically 
the Balanced Bagging Classifier with ADASYN, 
recorded the best balance between performance 
metrics and uncertainty measures. This research also 
illustrates the importance of resampling methods to 
improve model sensitivity and reliability, which 
requires a specific framework depending on the 
nature of the data set.

4.    CONCLUSIONS

This research shows the advanced applications 
of ensemble machine learning techniques using 
Random Forest, Bagging Classifier, and Balanced 
Bagging Classifier that diagnose panic disorder 
utilizing SMOTE, ADASYN, and Tomek Links for 
class imbalance resampling. Notably, the Balanced 
Bagging Classifier with ADASYN outperformed 
the competition by achieving greater accuracy, 
recall, precision, and F1 scores combined with 
low uncertainty metrics, which signify strong 
and dependable predictions. The addition of 
uncertainty quantification reduced the chances of 
misclassification while increasing rationale within 
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the model, thereby making the model more useful 
from a clinical standpoint. Despite promising 
results, further analysis utilizing diverse datasets 
alongside real-time data from wearable devices can 
augment performance and adaptability. This work 
illustrates the significant impacts of using machine 
learning in diagnostics within the mental health 
field, thereby providing a benchmark for developing 
efficient and tailored treatments for panic disorders 
and psychiatry in general.
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Abstract: This research utilized SCAPS-1D simulation software to model a high-efficiency CIGS-based solar cell 
with configuration Ag/ZnO:Al/i-ZnO/CdS/CIGS/Mo. Various optimizations were performed, focusing on the absorber 
layer’s thickness, defect density, and acceptor density to enhance the cell’s performance. Moreover, the work function 
values of rear contact metals were studied in regard to their effect on important Voc, Jsc, FF, and PCE steps in critical 
photovoltaics parameters. Their Influence was compared alongside temperature, highlighting the importance of 
reliable thermal control systems for sustained performance under changing conditions. The study further emphasized 
the importance of the hole transport layer (HTL) in improving charge carrier collection and reducing recombination 
losses. Efforts to develop cadmium-free designs reinforced the push towards sustainable and eco-friendly photovoltaic 
technologies. The optimal parameters achieved in this study included an absorber layer thickness of 0.4 µm, acceptor 
density of absorber at 1×1018 cm−3, defect density of 1×1015 cm−3, and a back contact selenium work function of 5.9 eV. 
Under AM 1.5 G spectrum illumination at 300 K, the optimized cell demonstrated exceptional performance, with a 
Voc of 0.7338 V, Jsc of 36.352805 mA/cm2, FF of 83.33%, and PCE of 22.23%. The results were benchmarked against 
existing literature, showcasing significant improvements in device efficiency. This study provides a comprehensive 
framework for optimizing CIGS-based solar cells and highlights their potential for delivering high-performance, 
sustainable solar energy. 

Keywords: SCAPS 1D, Thin Films, Solar Cell, CIGS, Simulations.

1.	 INTRODUCTION

For last many years, scientists have devoted 
considerable resources to investigating renewable 
energy sources as sustainable alternatives to fossil 
fuels primarily due to their finite availability and 
significant environmental impact. Fossil fuels 
release substantial quantities of carbon dioxide, 
a greenhouse gas that significantly contributes 
to the expedited progression of climate change. 
Furthermore, the extraction and consumption 
of these finite resources result in significant 
environmental deterioration, encompassing air 

and water contamination. At the same time, their 
restricted availability engenders apprehensions 
regarding the sustainability of energy resources 
in the long term [1-3]. Photovoltaic (PV) energy 
has emerged as a promising solution for pursuing 
a sustainable and more environmentally friendly 
future [4-5]. PV technology focuses on converting 
sunlight into electrical energy, offering the 
potential to reduce dependence on finite fossil 
fuels,  mitigate greenhouse gas emissions, and 
facilitate a shift toward clean, renewable energy 
sources [6]. Consequently, renewable energy has 
increasingly focused on materials that have high 



energy conversion efficiency with environmentally 
sustainable [7]. Ongoing research and development 
efforts have increasingly focused on cells composed 
of III-VI materials like InSe, GaSe, and GaS, 
demonstrating significant potential for advancing 
solar energy production while maintaining 
environmental sustainability. A key consideration in 
this field is optimizing the efficiency-to-cost ratio, a 
crucial factor driving the advancement of thin-film 
solar cell materials. Chalcopyrite-based solar cells 
typically feature a substantial absorbent layer (up to 
2 µm in thickness), capable of efficiently capturing 
a vast portion of the solar spectrum. Chalcogenide 
photovoltaic technologies, as a novel alternative to 
conventional silicon-based systems, offer exciting 
opportunities for advancing solar cell performance 
and cost-effectiveness [8-10]. 

The continuous progress in thin-film solar cell 
technology has attracted significant scholarly interest 
in recent years, especially concerning enhancing 
materials like Copper Indium Gallium Selenide 
(CIGS). Numerous studies have demonstrated 
the potential of CIGS-based solar cells to attain 
elevated power conversion efficiencies (PCE) while 
addressing the challenges of cost and scalability. 
For instance, Abdulmageed  et al. [11] verified that 
CIGS solar cells can achieve PCE values exceeding 
20% under laboratory conditions  Specifically, 
Islam et al. [12] work with a CIGS absorber layer 
having a thickness of 1 µm has been shown to reach 
an efficiency of approximately 17% while  Das et al. 
[13] laboratory-reported efficiencies range between 
12% and 13%. 

Notably, the study by Goncalves et al. [14] 
explored the effect of reducing the thickness 
of the CIGS absorber layer, demonstrating the 
potential for achieving theoretical efficiencies as 
high as 33%. Despite these remarkable results, the 
widespread adoption of CIGS thin-film solar cells 
remains constrained by the high cost of indium and 
gallium. However, their unique attributes, such as 
tunable band gaps, high absorption coefficients, 
and excellent external stability, continue to position 
CIGS cells as a promising contender for next-
generation photovoltaic technologies [15]. Recent 
studies have further refined the performance of 
CIGS devices by optimizing material parameters. 
For example, Hossain et al. [16] achieved a PCE 
of 23% by optimizing various CIGS parameters. 
Danladi et al. [17] reported an efficiency of 

22.58% through similar optimization efforts. In 
addition to the previous studies, other scholars 
have concentrated on augmenting the scalability 
and cost-effectiveness of devices based on Copper 
Indium Gallium Selenide (CIGS). For example, 
Muzakkar et al. [18] examined innovative doping 
methodologies to improve carrier mobility and the 
overall efficacy of the devices. Likewise, Smith 
et al. [19] investigated alternative fabrication 
techniques to mitigate dependence on indium while 
maintaining optimal performance. These synergistic 
endeavors underscore the persistent advancements 
achieved to elevate the efficiency and economic 
viability of CIGS thin-film solar cells, reinforcing 
their significance in the shift toward sustainable 
energy solutions.

This study proposes a novel CIGS-based solar 
cell structure with Cadmium Sulfide (CdS) as a 
buffer layer. This material is widely adopted in thin-
film solar cells due to its favorable properties. The 
use of CDs offers several advantages, including 
efficient charge carrier separation, excellent 
optical properties, chemical stability, tunability, 
cost-effectiveness, and compatibility with various 
deposition techniques, making it a preferred choice 
for enhancing the performance and reliability of 
CIGS-based photovoltaic devices [20, 21]. The 
proposed Ag/ZnO:Al/i-ZnO/CdS/CIGS/Mo solar 
cell model was comprehensively analyzed, exploring 
various parameters to optimize its performance and 
implementation. Key factors, such as the thickness 
of the absorber, acceptor density, and defect 
densities, were systematically varied to understand 
their impact on power conversion efficiency 
(PCE) and overall device stability. Additionally, 
the study evaluated the influence of rear contact 
materials, operating temperatures, different hole 
transport layers HTLs, and alternative buffer layers 
to identify the most effective configuration for 
achieving enhanced photovoltaic performance.  
Prior studies have demonstrated the potential of 
CIGS solar cells, but limited attention has been 
given to exploring alternative buffer materials 
such as SnS₂, In₂S₃, and ZnSe, as well as different 
hole transport layers (HTLs) like CuI and Spiro-
OMeTAD, and rear contact materials. This study 
is distinguished by its methodical optimization 
of the structural parameters inherent to the CIGS 
solar cell, aimed at realizing elevated efficiencies 
alongside economic efficiency. Innovative 
features encompass the incorporation of CdS as 
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the buffer layer and the subsequent assessment of 
its influence on the comprehensive photovoltaic 
performance. The results yield critical insights 
into the architecture of high-performance CIGS-
based solar cells that possess practical scalability 
and economic feasibility. Prospective research 
trajectories will emphasize the amalgamation of 
advanced materials with CIGS-based frameworks 
to augment efficiency and stability further. 
Furthermore, initiatives will be concentrated on 
formulating cost-effective and environmentally 
sustainable fabrication methodologies to promote 
the extensive implementation of CIGS thin-film 
solar cells within the renewable energy landscape.

2.    METHODOLOGY

The utilization of SCAPS 1D in this simulation 
study is based on the one-dimensional solar cell 
capacitance program created and upheld by Marc 
Burgelman and his research team at the Department 
of Electronics and Information Systems at the 
University of Ghent in Belgium [15]. SCAPS 1-D 
functions by solving key semiconductor equations, 
which include the Poisson equation, continuity 
equations for electrons and holes as shown  in 
Equations (1-3) [22-24].

         (1)

                                                   (2)

                                                   (3)

Where,  denotes the electrostatic potential, 
e represents the elementary charge, ɛr stands for 
relative permittivity, ε0 is the vacuum permittivity, 
p and n indicate concentrations of holes and 
electrons, NA and ND are for acceptor and donor 
densities respectively. Additionally, ρn and ρp 
describe electron and hole distributions, while 
Jn and Jp represent current densities for electrons 
and holes. G signifies the carrier generation rate in 
Equations (2) and (3).

2.1. Materials and Layer Details

The solar cell architecture investigated in his 
research comprises multiple layers, each serving a 
distinct purpose in optimizing device performance. 

The primary materials used in the solar cells 
include: soda-lime glass substrate provides 
mechanical support for the solar cell structure. 
Molybdenum (Mo) is employed as the back 
contact due to its excellent electrical properties and 
thermal stability. The absorber layer, composed of 
Copper Indium Gallium Selenide (CIGS), is the 
key sunlight absorber and is vibrant in converting 
photons into charge carriers. The Cadmium Sulfide 
(CdS) buffer layer is crucial for aligning the energy 
bands and facilitating efficient charge carrier 
transport among the absorber and window layer. To 
address environmental concerns, alternative buffer 
materials like Tin disulfide (SnS2), Indium Sulfide 
(In2S3), and Zinc Selenide (ZnSe) are suggested to 
substitute CdS due to concerns regarding cadmium 
in solar cells. Furthermore, Intrinsic Zinc Oxide 
(i-ZnO) is used as a window layer to improve light 
scattering and increase photon absorption. The 
transparent conducting oxide (TCO) layer consists 
of Aluminum-doped Zinc Oxide (ZnO:Al), which 
improves electrical conductivity and reduces sheet 
resistance. Additional materials such as Copper 
Iodide (CuI) and Spiro-OMeTAD are examined 
as hole transport layers (HTLs) to enhance charge 
carrier collection and reduce recombination losses 
[25, 26].

2.2. Solar Cell Construction

The architecture of the solar cell is designed as 
Ag/ZnO:Al/i-ZnO/CdS/CIGS/Mo, with layers 
constructed sequentially on a sod-lime glass 
substrate. The Molybdenum (Mo) back contact 
layer is deposited first, providing a stable base for 
the subsequent layer and ensuring good electrical 
contact. Next, the CIGS absorber layer is deposited, 
followed by the CdS buffer layer, which ensures 
proper band alignment for efficient charge transport. 
Intrinsic Zinc Oxide (i-ZnO) is then applied as 
the window layer to optimize the light scattering 
and absorption. The Aluminum-doped Zinc Oxide 
(ZnO:Al) TCO layer, with a thickness of 500 nm, is 
added on top to enhance conductivity and improve 
carrier mobility. Finally, Silver (Ag) is applied as 
the front contact to complete the structure. The 
proposed design also incorporates modifications to 
address cadmium-related concerns by substituting 
buffer materials such as SnS₂, In₂S₃, and ZnSe 
and incorporating CuI and Spiro-oMeTAD as 
hole transport layers. These modifications aim to 
improve solar cell performance and sustainability, 
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as shown in Figure 1. The intrinsic properties of 
each layer are defined by assigning explicit defects 
to their particular elements, as outlined in Tables 
(1-3).

3.    RESULTS AND DISCUSSION

3.1.   Mechanism of Solar Cells

Solar cells operate on the principle of the photovoltaic 
effect, which is the generation of electric current 
when a material captivates light energy. The process 
begins when sunlight illuminates the solar cell. 
Photons with energies equal to or greater than the 
bandgap energy of the absorber material (such as 
CIGS in this study) are absorbed, exciting electrons 
from the valence band to the conduction band. This 
excitation creates electron-hole pairs, which are the 
fundamental charge carriers in the solar cell [27]. A 
PN junction is employed in the solar cell structure 
to couple the energy of these charge carriers. The 

PN junction creates an internal electric field that 
separates the electron-hole pairs. Electrons are 
driven towards the N-type layer, while holes are 
pushed towards the P-type layer. This separation 
prevents recombination of the charges and allows 
them to move towards their respective electrodes. 
The front and back contacts of the solar cell collect 
the electrons and holes. The collected electrons 
flow through an external circuit, creating an electric 
current, while the holes flow to the back contact to 
complete the circuit. Several factors, including the 
material properties, the thickness of the absorber 
layer, the defect density, and the alignment of energy 
bands between the layers, influence the efficiency of 
this process. The role of the transparent conducting 
oxide (TCO), such as ZnO:Al, is to allow sunlight to 
pass through to the absorber layer while facilitating 
the movement of charge carriers. The buffer layer, 
such as CdS or cadmium-free alternatives like In2S3, 
aligns the energy bands between the absorber and 
the TCO, ensuring efficient charge transport. The 
back contact, such as molybdenum (Mo), facilitates 
the collection of holes and ensures good ohmic 
contact with the absorber layer [11-15, 28]. 

This investigation presents an innovative solar 
cell architecture designated as Ag/ZnO:Al/i-ZnO/
CdS/CIGS/Mo, which, following an extensive 
review of existing literature, appears to be 
unreported in the context of comparative analysis. 
The originality of this research is manifested in its 
benchmarking of performance metrics against other 
established configurations, such as Ag/ZnO:Al/ZnO/
CdS/Sb₂Se₃/Mo, which attained a power conversion 
efficiency (PCE) of 8.72%, and CdS/Sb₂Se₃/Mo/

Fig. 1. (a) CIGS-based-simulated fundamental structure 
of solar cells, (b) CIGS-based solar cell with different 
buffer and hole layers.

S. No. Electrical Parameter CIGS [25] CdS [5] i-ZnO [5] ZnO:AI [5]
1 Bandgap (eV) 1.2 2.4 3.3 3.3
2 Dielectric permittivity (eV) 13.6 10 9 9
3 Thickness (µm) 2 0.05 0.05 0.5
4 CB (cm-3) 2.2×1018 2.2×1018 2.2×1018 2.2×1018

5 VB (cm-3) 1.8×1019 1.8×1019 1.8×1019 1.8×1019

6 Electron affinity (eV) 4.5 4.2 4.45 4.45
7 Electron mobility (cm2/Vs) 1×102 1×102 1×102 1×102

8 Hole mobility (cm2/Vs) 2.5×101 2.5×101 2.5×101 2.5×101

9 ND (cm-3) 0 1×1017 1×1015 1×1018

10 NA (cm-3) 1×1016 1×102 1×101 1×101

11 Nt (cm-3) 1×1015 1×1015 1×1010 1×1017

Table 1. Different used simulation parameters.
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Ni, which realized a PCE of 23.39%. Alternative 
configurations, including ZnSe/Sb₂Se₃ and In₂S₃/
Sb₂Se₃, exhibited 22.98% and 23.02% efficiencies, 
respectively. In contrast, the proposed configuration 
achieved remarkable results as shown in Table 4. 
This inquiry elucidates the advantages inherent in 
utilizing CIGS as an absorber layer instead of its 
Sb₂Se₃-based counterparts, exemplifying enhanced 
photovoltaic performance. Furthermore, the 
research accentuates the importance of optimizing 
material combinations to realize elevated efficiency 
levels. The outcomes of this study underscore the 
relevance of this novel configuration as a competitive 
and sustainable alternative for advancing thin-film 
solar cell technologies, thereby facilitating further 
optimization and practical application. Table 4 
presents the difference between already presented 
work and previous work.

Figures (2-4) provide key insights into the 
performance and structure of CdS-based solar cells. 
Figure 2(a) shows the recombination curve, which 

highlights the rate at which charge carriers recombine 
within the solar cell, impacting efficiency. Figure 
2(b) presents the I-V characteristic curve, essential 
for understanding the electrical behavior and 
efficiency of the solar cell under different operating 
conditions. Figure 3(a) illustrates the quantum 
efficiency (QE) curve, demonstrating the ability 
of the solar cell to convert incident photons into 
electrical current. Figure 3(b) depicts the photon 
energy curve, revealing the relationship between 
photon energy and the absorption efficiency of the 
solar cell. Lastly, Figure 4 displays the energy band 
diagram of the CdS-based solar cell, showing the 
alignment of energy levels across various layers, 
which is crucial for efficient charge carrier transport 
and overall device performance.

3.2.   Impact of Absorber Layer Thickness

The absorber layer plays a vital role in solar cell 
performance for several reasons. It is the region 
where electron-hole pairs are primarily generated 

S. No. Parameter ZnSe [5] SnS2 [5] In2S3 [5] Spiro-Metad [26] CuI [26]
1 Bandgap (eV) 2.4 2.45 2.8 3 3.1
2 CB (cm-3) 2.2×1018 7.32×1018 1.8×1019 2.8×1018 2.8×1019

3 VB (cm-3) 1.8×1019 1×1019 4×1018 1.8×1010 1×1019

4 Dielectric permittivity (eV) 10 17.7 13.5 3 6.5
5 Electron affinity (eV) 4.2 4.26 4.7 2.2 2.1
6 Thickness (µm) 0.05 0.05 0.025 0.2 0.1
7 ND (cm-3) 1×1017 9.85×1018 1×1022 0 0
8 NA (cm-3) 1×102 0 0 1×1018 1×1018

9 Electron mobility (cm2/Vs) 1×102 2.5×101 4×102 2.1×10-3 1×102

10 Hole mobility (cm2/Vs) 2.5×102 5×101 2.1×102 2.16×10-3 4.39×1011

11 Defect density (Nt) 1×1014 1×1015 1×1014 1×1015 1×1015

Table 2. Parameters of additional Buffer and Hole transport layer.

Electrical properties Back contact Front contact
Electron & holes 1×107 1×107

Allow contact tunneling

Work function

Relative to EF & EC

The effective mass of electrons & holes

5.6286

0.0714 & -0.1227

1 and 1

4.4903

0.0403 & 0.0019

1 and 1
Optical properties Filter mode & value

Complement of filter value

Reflection & 0.8

0.2

Transmission & 0.95

0.05

Table 3. Front and Back contact values [29].
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and constitutes a significant portion of the device’s 
thickness. This characteristic is true for both 
silicon wafer and thin-film solar cell technologies. 
However, thin-film solar cells hold an advantage 
over wafer-based cells, as they can be much thinner 
and flexible, typically with thicknesses measured in 
microns. In contrast, wafer-based solar cells can be 
as thick as 200 µm [30]. To determine the optimal 
configuration, simulations were carried out using 
absorber layer thicknesses ranging from 2.0 to 4.0 
µm, specifically analyzing the CIGS structure with 
a CdS buffer layer. Results indicated that increasing 
the thickness of the CIGS absorber layer enhances 

the solar cell’s efficiency. Key photovoltaic 
parameters, including short-circuit current density 
(Jsc), open-circuit voltage (Voc), fill factor (FF), and 
power conversion efficiency (PCE) were evaluated 
as shown in Figure 5. Notably, Jsc, Voc, and FF all 
improved with increasing absorber thickness, 
leading to higher overall efficiency. For example, Jsc 
increased from 35.93 mA/cm² to 36.1425 mA/cm² 
as the thickness rose from 2.0 to 4.0 µm, resulting 
in a corresponding efficiency improvement from 
20.98% to 21.47%. This enhancement is largely 
due to improved photon absorption, especially for 
longer wavelengths, as the absorber layer becomes 
thicker [31]. Additionally, as seen in Figure 6(a), 
back contact recombination significantly decreases 
with greater absorber thickness, further boosting 
efficiency. Thicker absorber layers also increase 
the carrier diffusion length, which minimizes 
electron-hole pair losses at the rear contact and 

Fig. 2. (a) Recombination curve of CdS-based solar cell 
and (b) I-V characteristic curve of CdS-based solar cell.

Fig. 3. (a) Quantum efficiency (QE) curve of CdS-based 
solar cell and (b) photon energy curve of CdS-based 
solar cell.

Fig. 4. Illustrating the alignment of energy levels across 
different layers.

S. 
No. Structure Voc (V) Jsc (mA/cm2) FF (%) PCE (%)

1 Ag/ZnO:AI/ZnO/CdS/Sb2 Se3 /Mo 0.43 32.17 62.20 8.72 [2]
2 CdS/Sb2 Se3 /Mo/Ni 0.78 35.45 84.14 23.39 [2]
3 ZnSe/Sb2 Se3 0.78 35.41 82.70 22.98 [2]
4 In2S3 /Sb2 Se3 0.78 35.19 83.41 23.02 [2]
5 Ag/ZnO:AI/ZnO/CdS/CIGS /Mo 0.795 35.93141 82.8 20.98 (This work)
6 Ag/ZnO:AI/ZnO/ZnSe/CIGS /Mo 0.705 35.93147 82.8 20.98 (This work)
7 Ag/ZnO:AI/ZnO/SnS2 /CIGS /Mo 0.7048 35.92011 83.04 21.02 (This work)
8 Ag/ZnO:AI/ZnO/SnS2 /CIGS /Mo 0.7049 35.959757 83 21.04 (This work)
9 Ag/ZnO:AI/ZnO/SnS2 /CIGS /Mo 0.7338 36.352805 83.33 22.23 (Optimized result)

Table 4. Comparison of this study with previous studies.
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contributes to better conversion efficiency [32]. 
However, extremely thin layers can exhibit 
quantum confinement effects, potentially altering 
the spectral response and introducing discrete 
energy levels [33]. Based on these findings, an 
absorber thickness of approximately 4.0 µm is 
considered optimal. Further increases in thickness 
offer minimal efficiency gains while requiring more 
material, making them less practical. Figure 6(b) 
illustrates how quantum efficiency (Q.E.) varies 
with absorber layer thickness.

3.3. Impact of Absorber Layer Acceptor Density

Our investigation analyzed the impact of acceptor 
density (NA) on the performance of a p-type 
semiconductor material CIGS with a fixed thickness 
of 2 µm. The NA concentration controlled the 

density of “holes” in the semiconductor material, 
affecting all key parameters of the solar cell [34]. We 
changed the majority carrier concentration within 
a range from 1×1016 to 1×1012  cm-3 and observed 
notable trends of different solar cell parameters in 
Figure 7. As the NA changes from 1×1016 to 1×1012 

cm-3, the Jsc substantially rose from 35.93 to 36.32 
mA/cm2. Conversely, the Voc showed an opposing 
behavior, decreasing from 0.705 to 0.6594 V during 
all the changes. Interestingly, NA below 1×1015, 
both Voc and Jsc show little value changes. These 
findings underscore the critical role of acceptor 
concentration in determining device performance 
[35]. Notably, we observed a decline in FF and 
PCE when we changed the NA values from 1×1016 
to 1×1012 cm-3. Careful deliberation of material 
suitability and reliability is essential to maintain 
optimal performance. There exists a trade-off 
between carrier concentration and recombination 
rates, where reduced acceptor concentration can 
lead to a decrease in carrier concentration, but if 
not properly controlled, may result in increased 
recombination, as shown in Figure 8. A decrease 
in the electrical conductivity due to reduced 
concentration of acceptors can impede charge 
separation and transport within the material, thus 
aiding in inefficient charge separation and transport 
[36]. Therefore, optimizing acceptor concentration 
can enhance the efficacy of thin-film solar cells by 

Fig. 5. Impact of absorber layer thickness on solar cell 
parameters such as Voc, Jsc, FF (%), and PCE (%).

Fig. 6. (a) Recombination rate and (b) Quantum 
efficiency with varying absorber layer thickness.

Fig. 7. Impact of acceptor density on solar cell parameters 
such as Voc, Jsc, FF%, and PCE%.
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dropping recombination rates of charge carriers, 
leading to higher overall PCE (%) and improving 
material stability and longevity.

3.4.    Impact of Absorber Defects Density

We explored the impact of defect density (Nt) on 
the photovoltaic (PV) device performance. Nt is 
defined by the Shockley-Read-Hall recombination 
model by Equation (4):

(4)

Where, Et shows trap energy levels, τp and τn 
are carrier lifetimes for holes and electrons, 
respectively [37]. Figure 9 illustrates the variations 
in essential PV parameters such as PCE (%), Jsc, 
FF, and Voc with simultaneous changes in Nt. We 
varied Nt from 1×1018 to 1×1019 cm−3, which shows 
that high Nt in the absorber layer is attributed to 
the poor quality of doping, notably in CGIS. 
Elevated Nt increases recombination rates due 
to pinhole formation, leading to reduced carrier 
diffusion lengths and diminished carrier collection 
efficiency at contacts, as shown in Figure 10. The 
drop in overall device performance is evident, and 
the increase in the Nt impacts the device’s overall 
performance. PCE of PSCs substantially declines 
with increasing Nt, dropping from 20.98 to 4.23%. 
Similarly, FF decreases from 82.80 to 52.13%, 

with the same variations in Nt. Jsc and Voc also show 
the same behavior as it decreases from 35.93 to 
21.73 mA/cm2 and 0.70 to 0.37 V variations with 
defect density values from 1015 cm−3 to 1019 cm−3. 
Defect-induced impurities in the CIGS thickness 
or composition can lead to uneven light absorption 
across the solar cell’s surface, ultimately reducing 
its overall PCE [38]. Because the defects can act 
as limiting factors, preventing the solar cell from 
achieving its maximum efficiency potential as 
described by the Shockley-Queisser limit [39]. The 
extent of these limitations depends on the type and 

Fig. 9. Impact of absorber (Nt) on performance 
parameters.

Fig. 10. Impact of absorber (Nt) on recombination rate.

Fig. 8. Impact of accepter density on recombination 
rate.
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density of defects present. To address these issues, 
researchers and engineers employ various strategies 
to modify the impact of defects. These approaches 
include interface engineering, defect passivation, 
and advancements in material growth techniques. 
By minimizing recombination and improving 
overall performance, these efforts aim to enhance 
the efficiency and effectiveness of solar cells.

3.5.    Impact of Temperature

Temperature has a complex impact on the 
performance of thin-film solar cells, influencing 
parameters such as fill factor (FF), open-circuit 
voltage (Voc), short-circuit current density (Jsc), 
power conversion efficiency (PCE), and long-term 
durability [40]. Understanding these temperature 
effects is essential for optimizing the design and 
operation of solar cell systems, especially in 
environments with wide temperature variations. To 
explore these effects, simulations were conducted 
across a temperature range of 300 K to 320 K, as 
shown in Figure 11. This temperature range was 
selected to reflect realistic operating conditions 
while avoiding extreme scenarios that may 
introduce non-linear effects or material degradation 
beyond the scope of this study. One of the most 
significant temperature-related changes observed is 
the reduction in Voc as temperature increases. This 

drop is attributed to the increase in intrinsic carrier 
concentration at elevated temperatures, which 
leads to higher recombination rates [41]. Due to 
this, fewer charge carriers reach the cell contacts, 
reducing the voltage output. In contrast, Jsc tends 
to show a modest increase with rising temperature. 
This is primarily due to improved charge carrier 
mobility, which enhances electrical conductivity 
and promotes more effective charge separation and 
transport. However, the slight gain in Jsc is typically 
insufficient to offset the loss in Voc, ultimately 
resulting in a decrease in overall efficiency. 
Specifically, efficiency drops from 20.98% to 
19.54% as temperature increases. This decline in 
performance is further linked to the temperature-
dependent behavior of the semiconductor’s 
bandgap. As temperature rises, the bandgap 
contracts, which causes the absorption spectrum 
to shift towards longer wavelengths. This reduces 
the cell’s sensitivity to higher-energy photons and 
lowers the amount of electricity generated [42]. 
These findings are consistent with previous research 
and highlight the critical role of temperature in 
determining the efficiency and reliability of thin-
film solar cells. Effectively understanding and 
mitigating temperature effects is essential for 
improving the performance and longevity of these 
devices under varying environmental conditions.

3.6.    Impact of Back Contact

The choice of back contact material (BCM) 
in thin-film solar cells significantly influences 
device performance; we used BCM such as Mo, 
Au, Cu, Pt, Pd, C, W, Ni, Se, and Fe [43]. Among 
these materials, the most widely utilized metal is 
molybdenum because of its efficiency and low cost, 
but in CIGS-based solar cells, Se BCM l shows 
superior efficiency. The performance of thin-film 
solar cells may be optimized by varying the work 
function value of the BCM. Simulation results, 
as depicted in Figure 12, illustrate a noticeable 
improvement in overall yield with changes in the 
BCM. This enhancement is attributed to the decline 
of recombination rates at the interface of BCM. 
When metal work function (MWF) increases the 
barrier height decreases, transforming the interface 
from Schottky to ohmic type [44]. Compared to 
molybdenum, an ohmic interface with an MWF of 
5.9 eV facilitates improved charge carrier transport 
and extraction. The work function of the BCM 
directly impacts the energy barrier for charge 

Fig. 11. Impact of temperature on solar cell parameters 
such as Voc, Jsc, FF%, and PCE%.
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carriers, inducing their ease of transportation and 
extraction. A suitable determined back contact 
MWF can boost charge carrier, increasing Jsc and 
5.9 eV WF, showing this improvement in Jsc value 
from 35.93 to 36.40 mA/cm2. Moreover, a suitable 
WF between the BCM and the semiconductor can 
minimize losses due to interface rejoining, resulting 
in a higher Voc. A closely aligned work function 
is important in minimizing resistive losses and 
enhancing the movement of charge carriers within 
the solar cell [45]. Consequently, this alignment can 
result in a higher fill factor (FF) and increased power 
output. Careful selection of the metal used can 
optimize the FF(%), Voc, and Jsc, mutually leading 
to enhanced inclusive PCE. Notably, efficiency has 
risen from 1.68 to 22.69% as the MWF ranges from 
4.65 to 5.9 eV.

3.7.    Impact of Cadmium-Free Buffer Layer

Cadmium-free photovoltaic cell structure and 
simulations offer an advanced and ecologically 
friendly method of utilizing solar energy [46]. In 
the present study, we substitute the Cds buffer layer 
with ZnSe, In2S3, and SnS2 to improve thin-film 
photovoltaic modules’ efficiency by using CIGS as 
an absorber material and the parameters outlined 
in Table.3 simulations were conducted, and results 
are depicted in Figure 13, with a summary of 

photovoltaic parameters in Table 5. Notably, the Voc 
remains consistent across all buffer layers within 
the range of 0.7048 to 0.7050 V. However, Jsc 
shows a few variations with ZnSe, SnS2, and In2S3 
buffer layers approximately to 35.931, 35.92, and 
35.959 mA/cm2, respectively, because the In2S3 
buffer layer has a wider bandgap, allowing more 
photons to reach the absorber, and offers better 
band alignment, reducing recombination losses 
and enhancing charge carrier collection. Fill factor 
analysis revealed SnS2 exhibiting the highest value 
at 83.04%, while ZnSe displayed fill factors of 
82.80, closely followed by CdS at 82.80%, and 
In2S3 showed an 83.00% value. CdS exhibited 
efficiency at 20.98%, ZnSe at 20.98%, In2S3 at 
21.04%, and SnS2 at 21.02%. These results indicate 
that cadmium-free buffer layers, specifically SnS2 
and In2S3, perform comparably with CdS-based 
layers regarding fill factor. Whereas In2S3 still holds 
an efficiency advantage over CDs, alternatives 
demonstrate comparable high voltage, competitive 
fill factors, and Jsc values.  The performance of 
ZnSe, In2S3, and SnS2 as buffer layers compared 
to CdS can be attributed to their bandgaps, lattice 
matching, interface properties, and electronic 
characteristics, which collectively influence their 
effectiveness in enhancing the performance of thin-
film solar cells. This is important for applications 
where environmental or toxicity concerns are a 

Fig. 12. Impact of back-metal work function on solar 
cell parameters.

Fig. 13. Impact of different buffer layers on the cell’s 
performance.

90	 Rehman et al



priority. These alternatives show promise, offering 
similar or even better performance while avoiding 
toxic cadmium [47].  Figure 14 shows the impact of 
the buffer layer on Q.E%.

3.8.    Impact of Different HTLs

To mitigate the limitations associated with 
expensive metals such as Se and Pt, a different 
layer referred to as the HTL is introduced between 
the absorber layer and the back contact. The HTL, 
typically a heavily doped p-type layer, serves to 
moderate the coalescing of minority carriers at the 
back contact [48, 49]. It is important to ensure the 
appropriate alignment of energy levels between 
the HTL material and the valence band of the 
absorber layer to facilitate effective hole removal. 
This alignment decreases the energy barrier for the 
whole movement, thus aiding in their movement 
across the interface HTL and absorber. Furthermore, 
factors such as refractive index and transparency are 
crucial considerations for the HTL. Transparency 
of the HTL permits incident light to enter and grasp 
the CIGS layer, while an optimal refractive index 
assists in minimizing optical losses and enhancing 

light trapping. Hence, HTL materials with a 
bandgap energy exceeding that of the absorber 
material are typically selected. For instance, in the 
present investigation, CuI and Spiro-MeOTAD 
were employed as HTL to evaluate their impact on 
the efficiency, and their bandgap values are 3.1 eV 
and 3.0 eV, respectively.

When employing HTL materials in thin-film 
solar cells to assess their impact on performance, 
observed changes in FF, PCE, Jsc, and Voc can be 
attributed to several factors, and their J-V curve 
is presented in Figure 15. The decrease in FF and 
PCE from 82.8 to 71.63% and 20.98 to 19.32%, 
respectively, may result from increased resistive 
losses within the device or poor charge carrier 
collection efficiency due to inferior interface 
properties between the HTL and the absorber layer. 
Conversely, the increase in Jsc and Voc from 35.93 to 
36.20 mA/cm2 and 0.705 to 0.7451 V, respectively, 
suggests improved charge carrier generation and 
extraction, possibly due to better alignment of 
energy levels between the absorber layer and 
HTL, leading to reduced energy barriers for carrier 
transport and enhanced device performance. These 

S. No. Buffer layer Voc (V) Jsc (mA/cm2) FF (%) PCE (%)
1 CdS 0.705 35.93141 82.8 20.98
2 ZnSe 0.705 35.93147 82.8 20.98
3 SnS2 0.7048 35.92011 83.04 21.02
4 In2 S3 0.7049 35.959757 83 21.04

Table 5. Different buffer layers’ impact performance.

Fig. 14. Buffer layer impact on Q.E%. Fig. 15. Impact of different HTL on J-V curve.
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outcomes underscore the intricate interplay between 
material properties, interface characteristics, and 
device architecture in determining the efficiency 
of thin-film solar cells employing CuI and Spiro-
MeOTAD as HTL materials. Table 6 provides a 
summary of photovoltaic parameters for all cases. 
Therefore, precisely designed HTL layers are pivotal 
in optimizing thin-film solar cells’ efficiency and 
dependability, making them a promising technology 
for sustainable energy production [50, 51].

3.9.    Simulation Optimization

In optimizing the solar cell structure, extensive 
analyses were performed on several key parameters 
to enhance its performance. Among these factors, 
the thickness of the absorber material and the work 
function of the metal, for instance, selenium (5.9 eV), 
are of significant importance. By carefully adjusting 
the thickness of the absorber layer, which in this 
case was 4.0 micrometers, significant improvements 
in the cell’s efficacy and overall performance were 
achieved. These efforts have achieved a remarkable 
efficiency of 22.23% from 20.98% and show the 
importance of precise engineering at the material 
and structural levels, showcasing how targeted 
adjustments in these specific parameters can lead 
to substantial enhancements in solar cell efficiency. 
This optimization strategy emphasizes enhancing 
the solar cell’s energy conversion efficiency while 
reducing material consumption and expenses. This 
ultimately aids in the progression of sustainable 
energy technologies. 

4.    CONCLUSIONS

This research has provided valuable insights into 
critical factors that influence solar cell efficiency 
based on CIGS technology. The study has 
underscored the intricate interplay of these variables 
in determining cell performance by systematically 
investigating the impact of absorber layer thickness, 

carrier concentration, buffer layers, HTLs, and back 
contact parameters. The optimization of absorber 
thickness demonstrated a crucial role in enhancing 
light absorption efficiency and charge carrier 
mobility while fine-tuning carrier concentration 
balanced carrier movement and recombination to 
achieve optimal performance. The work function of 
back contact metal was identified as a significant 
determinant of photovoltaic parameters, while 
temperature control strategies were highlighted as 
essential for reliable, highly efficient performance. 
The significant role of HTLs in mitigating 
recombination losses and enhancing charge 
collection was explored, with notable efficiency 
reductions observed when substituting CdS 
with alternative HTLs such as CuI (19.52%) and 
Spiro-MeOTAD (19.32%). A promising pathway 
toward environmentally friendly solar cells was 
emphasized by using In2S3 as a cadmium-free buffer 
layer, achieving an impressive efficiency of 22.23% 
after optimization. These findings reinforce the 
potential of CIGS technology as a cost-effective and 
sustainable energy solution capable of addressing 
the growing demand for renewable energy sources. 
The study highlights the importance of careful 
design and parameter optimization and lays a 
strong foundation for future advancement in CIGS-
based solar cells. Continued research in developing 
cadmium-free designs and refining fabrication 
techniques will be instrumental in overcoming 
the remaining challenges. These efforts promise 
to improve further the efficiency, scalability, and 
environmental sustainability of CIGS solar cells, 
thus advancing the global transition toward cleaner 
and more reliable energy systems. 
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