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A B S T R A C T

The main objective of this study is to introduce an efficient stochastic framework to improve the availability of 
the stone door frame manufacturing plants along with the reliability, maintainability, and dependability (RAMD) 
investigation and prediction of steady state availability of the plant using regression analysis (RA) and artificial 
neural networks (ANNs). The plant has five subsystems connected in series configuration. The RAMD method
ology is employed to identify critical components that significantly impact the system’s overall performance. For 
this purpose, a mathematical model is developed using Markov birth–death process and Chapman-Kolmogorov 
differential difference equations derived for steady state availability evaluation. The incorporation of exponential 
distribution for failure and repair rates, coupled with the Markovian technique, yields insights into the intricate 
variations within the system. Several goodness-of-fit metrics, such as R2, MAE, RMSE, and collinearity di
agnostics, are used to evaluate the performance of the proposed model. Results show that in this application, 
ANN performs better than regression analysis. The findings showcase the efficacy of the proposed stochastic 
framework in achieving remarkable improvements in availability. Numerical outcomes, meticulously presented 
in structured tables and figures, provide tangible evidence of the framework’s success. The novelty of the study 
lies in the strategic combination of these methodologies to achieve enhanced insights into availability 
improvement. By enhancing availability, the proposed framework directly influences production efficiency and 
overall plant performance. The findings of present work are valuable insights for industrial practitioners seeking 
resilient operational strategies.

1. Introduction

From the ancient times till today, doors are being used to enhance 
the beauty of houses, historic building, monuments and palaces. Apart 
from enhancing the beauty of the building, doors provide a luxurious 
look and also prevent wild animals from entering the houses. Door 
frames play an important role in enhancing the beauty of the door, 
which are made of wood, steel and stones. Door frames made of stone 
have greater advantages than those made up of steel or wood. Because 
door frames made of stone are never infested with termites or rusted. 

Instead of these features, stone frame has the advantage like low 
maintenance, fire resistance, durability, thermal insulation, sustain
ability and security. Considering all these features, door frames made of 
stone are being used more in state like Haryana and Rajasthan in India. 
Despite these advantages, many challenges arise in manufacturing these 
frames like choosing the raw material and lack of knowledge in 
manufacturing. Notably, stone frames were used in large quantities to 
complete ancient art, be it ancient craftsmen or Geeks and Romans. In 
middle age, stone door frames have gained further prominence due to 
reuse. The stucco designs and sculptures on them reflect the wealth and 
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status of their owner. The use of stone door frames continues in the 
modern era. In the era of new technology, frames made of stones are 
used to design building and temples in which photograph are pasted, 
which further enhance their beauty. At present stone door frame 
manufacturing industry faces several challenges due to the complexity 
of the manufacturing process, outdated machinery, quality control and 
assurance, supply chain disruptions, increasing demand for custom
ization, and lack of skilled labour. In such salutations evaluation of the 
performance of the system became necessary and RAMD evaluation of 
the system as well as components become essential. The stone door 
frame industry also faces sustainability and environmental concerns. In 
the present investigation, a stone door frame manufacturing industry 
situated in Khairthal, Rajasthan, India is investigated. The plant consists 
of five key subsystems involved in the manufacturing process, as sum
marized in Table 1.

Researchers suggested several strategies and practices for the 
enhancement of performance of the stone door frame manufacturing 
plant. Several studies performed on the chemical and mechanical 
characteristics. With a focus on stone door historical relevance, crafts
manship, and preservation issues, Cao & Mustafa [1] offer a thorough 
understanding of the stone door frames seen in hui-style buildings. 
Flemons [2] described the methodology used in repairing the stone door 
surround. The methodology starts with the assessment of the stone, 
finding the cause of failure, and at last providing the repair solution for 
it. Brocato et al. [3] discussed the concept of prefabricated stone walls. 
Prefabrication can be a better option to reduce the estimated cost. 
Shahinyan [4] analyzed the largest cave stone door size in the Aragat
sotn region as 160 cm, 130 cm, and 42 cm, with the minimum sizes being 
60 cm, 40 cm, and 16 cm. Kumar et al. [5] developed a stochastic model 
of ewaste plant and found the most sensitive components using RAMD 
methodology. They optimized the steady state availability of the plant 
using metaheuristic techniques GA, PSO and DE. To analysed the cause 
of failure in cloud infrastructure, Saini et al. [6] developed a mathe
matical model and used RAMD methodology in finding the reliability 
measure of system. In the modern era most of the equipment depends on 
energy sources. For this, performance optimization of power plant is 
very important. Kumar et al. [7–9] developed a stochastic model for a 
hydroelectric power-plant with exponential failure and repair rates of all 
sub-systems and optimize the performance of system using computa
tional techniques. Kumar et al. [7–9] analysed the performance of 
generator in power plant using various metaheuristic techniques. They 
also optimize the performance of solar photovoltaic systems. For this, 
they developed a stochastic model of the system having subsystems are 
connected in series. With the help of C-K equation availability function is 
derived and optimized using cuckoo search algorithm.

In the field of manufacturing industries, a variety of data-driven 
models—also referred to as machine learning—have gained wide
spread use. These models’ primary benefit is that they eliminate the 
need to create a lengthy set of multiphysics equations. Rather, they use 
the training data to automatically understand the correlation between 
the inputs and outcomes. To predict the ecosystem attributes, Paruelo & 
Tomasel [14] compared the performance of ANN and regression models. 
Dastres & Soori [15] described the advantages, disadvantages, and 
application of ANN. Kumar et al. [16] used multiple regression analysis 
and a multi-layer feedforward neural network to study parameters 
responsible for the COVID-19 outbreak. Gad et al. [17] analyzed the 
water quality of the Nile River by using ANN and a partial least squares 
regression model. The main motive behind this is to check the quality of 
water for irrigation. Shiran et al. [18] used ANN and a multinomial 
regression model to predict the traffic crash records from 2012 to 2014 
for state highways located in California. After using the ANN-MLP 
model, they found that the cause of the crash and weather conditions 
are the most responsible variables for the crash severity. Rahman et al. 
[19] predicted the energy in the hybrid renewable energy systems using 
an ANN model. Mahmood et al. [20] applied the ANN algorithm for 3D 
printing. It can be used for process monitoring and product design. They 
also examine that ANN is very tough to optimize parameters in the 3D 
printing process because of the non-linear nature. With the major goal of 
conserving energy and lowering emissions, Rajamohan et al. [21] used 
ANN to predict the fuel consumption of ships. Hamadani et al. [22] 
analyzed the data explosion and advantage of ANN in animal sciences. 
Soori et al. [23] studied the role of ANN in supply chain management 
systems to increase the process of component manufacturing. Ciccone 
et al. [24] took a systematic survey of 321 articles obtained from sci
entific databases and selected 48 papers that have a big impact on the 
optimization of additive manufacturing. The AI methodology is 24 % 
ANN, 42 % machine learning (ML), and the remaining are others. Also, 
42 % of the of the process optimization field is the largest field found 
from the 48 selected papers. Rathi and Rathi [25] described the appli
cation of ANN and how it is helpful to modeling and optimizing the 
parameters in the manufacturing process. Qin et al. [26–28] created a 
new type of network called the Distribution-sensitive Information 
Retention Network (DIR-Net) that improves how information is shared 
inside the network and also includes outside information, allowing it to 
keep data during both forward and backward processes. Qin et al. 
[26–28] presented a generic Diverse Sample Generation scheme for 
generative data-free quantization to mitigate detrimental homogeniza
tion. To push the real-network accuracy performance, Qin et al. [26–28] 
presented an efficient binary neural network for keyword spotting, 
namely BiFSMNv2. To analyze the result, they compared BiFSMNv2 
with more SOTA binarization algorithms on keyword spotting. Qin et al. 
[29] proposed IR-QLoRA for pushing quantized LLMs with LoRA to be 
highly accurate through information retention that relies on two tech
nologies, namely, information calibration quantization and finetuning- 
based information elastic connection. These studies have demon
strated potential benefits, including predictive maintenance, quality 
control optimization, and supply chain risk management. Recent 
research has used reliability analysis and optimization techniques to 
address these issues, showing promise for less downtime, enhanced 
product quality, and increased productivity. By connecting these studies 
to industrial issues and investigating the applicability of the suggested 
techniques in different manufacturing contexts, this study seeks to 
improve the context of these studies.

In light of the aforementioned information, the current study pro
posed an effective model that considers many redundancies as well as 
the exponentially distributed failure and repair rates when forecasting 
the availability of stone door frame manufacturing plants. The RAMD 
approach is employed to identify the component that exhibits the 
highest sensitivity, covering aspects of reliability, availability, main
tainability, and dependability of the plant. For this purpose, a mathe
matical model is developed using Markov birth–death process and 

Table 1 
Subsystem Parameters and Operational Characteristics of the Manufacturing 
Plant

Sr. 
No.

Sub-system Code Failure 
rate/hr.λi

Repair 
rate/hr.μiWorking 

Mode
Failure 
Mode

1 Raw material for 
door frame

A a λ1 =

0.0034
μ1 = 0.56

2 Cutting and 
shaping

BC bc λ2 =

0.0073 
λ3 =

0.0047

μ2 = 0.78 
μ3 = 0.96

3 Fine carving and 
molding

D d λ4 =

0.0068
μ4 = 0.88

4 Assembly & 
finishing

E e λ5 =

0.0059
μ5 = 0.67

5 Packing & 
transportation

F f λ6 =

0.0018
μ6 = 0.34

P0́(t) = Derivative of the P0(t);: Operative state.
P0(t) = At time t, the system at 0 state;: Failed state.
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Chapman-Kolmogorov (C-K) differential difference equations derived 
for availability evaluation. The proposed mathematical model is opti
mized using RA and ANN. A number of goodness-of-fit metrics, such as 
R2, RMSE, variable importance, and collinearity diagnostics, are used to 
evaluate the performance of the model. Our results show that in this 
application, ANN perform better than regression analysis. These findings 
provide important information for creating stone door frame 
manufacturing plants that work.

2. System description

The layout of the door frame manufacturing plant is explained in this 
section. Five units, including raw material for door frame, cutting and 
shaping, fine carving and molding, assembly & finishing and Packing & 
transportation configured stone door frame manufacturing plant as an 
extremely complicated entity. The flow chart of door frame 
manufacturing plant appended in Fig. 1.

The stone door frame production process commences with the 
choosing of quality of stone, followed by the machinery process cutting 
and shaping. The proposed system incorporates two units CNC and 
water jet cutting in standby mode. In the process of fine carving and 
molding, two parallel units of subsystem are used, all featuring identical 
exponentially distributed failure and repair rates. System failure occurs 
if any of the motors malfunction. Assembly & finishing processes also 
involve two units in parallel mode. Finally, the stone door frame un
dergoes packing and transportation processes. All the subsystems are 
connected in series. It is important to note that all random variables 
follow exponential distributions and are statistically independent. The 
system operated smoothly under conditions that included sufficient 
repair facilities, absence of concurrent failures, and impeccable repair 
processes.

3. RAMD investigation of stone door frame manufacturing plant

3.1. Raw material for door frame (Subsystem-1)

The first step is to select the appropriate materials for the frame 
manufacturing. It is the primary subsystem of any door frame-making 
industry. It comes in the form of stone, mostly it imports from the 
Aravalli hills located in Rajasthan. This stone is found in the form of 
granite, marble, limestone and sandstone. The raw material is treated as 
single subsystem and its unavailability is treated as system failure. It is 
assumed that subsystem is exponentially distributed failure and repair 
laws. The Markov birth–death rule is applied to conduct the RAMD in 
investigation based on state transition diagram appended in Fig. 2.

The differential-difference equations associated with the raw mate
rial subsystem’s transition diagram are as follows: 

Pʹ
0(t) = − λ1P0(t)+ μ1P1(t) (1) 

Pʹ
1(t) = − μ1P1(t)+ λ1P0(t) (2) 

Associated initial conditions are defined as: 

Pi(t) =
{

1ifi = 0
0ifi ∕= 0 (3) 

Using normalization condition 
∑n

i=1Pi = 1, we get 

P1 =
λ1

μ1
P0Where P0 = (1 +

λ1

μ1
)
− 1 (4) 

3.2. Cutting and shaping (Subsystem-2)

It plays an important role in making the frame. In this, the work of 
cutting and shaping of raw stone is cut into the particular sizes with the 
help of CNC (computer numerical control) machine and water jet cutter. 
In the proposed system two different components having different fail
ure and repair rates. For RAMD investigation the Markovian method
ology is applied. Fig. 3 depicts the state transition diagram for it.

The subsystem has the following Chapman- Kolmogorov differential 
equations based on Fig. 3: 

Pʹ
0(t) = − (λ2 + λ3)P0(t)+ μ2P1(t)+ μ3P2(t) (5) 

Fig. 1. Flow Chart of stone door frame manufacturing plant.

Fig. 2. State transition diagram of raw material for stone door frame.

Fig. 3. State Transition Diagram of cutting and shaping.
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Pʹ
1(t) = − μ2P1(t)+ λ2P0(t) (6) 

Pʹ
2(t) = − μ3P2(t)+ λ3P0(t) (7) 

Associated initial conditions are defined as: 

Pi(t) =
{

1ifi = 0
0ifi ∕= 0 (8) 

After solving equations (5–7) and initial conditions (8) using normali
zation condition 

∑n
i=1Pi = 1, we get 

Fig. 4. State transition diagram of fine curving and molding.

Fig. 5. State Transition Diagram of Assembly & Finishing.

Fig. 6. State transition diagram of Packing & transportation.

Fig. 7. State Transition Diagram of Stone door frame manufacturing plant.
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P1 =
λ2

μ2
P0; P2 =

λ3

μ3
P0 Where, P0 =

(

1 +
λ2

μ2
+

λ3

μ3

)− 1

(9) 

3.3. Fine carving and molding (Subsystem-3)

It also plays a crucial role in the process of making door frame. In this 
process personalized designs, decorated elements that provide a unique 

look of stone door frame is utilized. This process also involves structural 
integrity & design and planning for making an excellent door frame. In 
proposed system it involves two parallel units of fine curving and 
molding. Both units experience the same exponentially distributed rates 
of failure and repair. The RAMD analysis of raw materials uses the 
Markovian technique. Fig. 4 depicts the state transition diagram of fine 
curving and molding.

The following are the differential equations related to the fine 
curving and molding’s transition diagram as given in Fig. 4: 

Pʹ
0(t) = − 2λ4P0(t)+ μ4P1(t) (10) 

Pʹ
1(t) = − (λ4 + μ4)P1(t)+2λ4P0(t)+ μ4P2(t) (11) 

Pʹ
2(t) = − μ4P2(t)+ λ4P1(t) (12) 

Associated initial conditions are defined as: 

Pi(t) =
{

1ifi = 0
0ifi ∕= 0 (13) 

Using normalization condition 
∑n

i=1Pi = 1, we get 

Fig. 8. Structure of MLFNN.

Table 2 
Stone door frame manufacturing plant’s components reliability indicator.

Indicator Raw material for door frame Cutting and shaping Fine carving and molding Assembly & finishing Packing & transportation

Availability 0.999999 0.999999 0.999999 0.999999 0.999999
Reliability e− 0.0034t e− 0.012t e− 0.0204t e− 0.0177t e− 0.0018t

Maintainability 1 − e− 0.56t 1 − e1.74t 1 − e− 1.76t 1 − e− 1.34t 1 − e− 0.34t

DependabilityRatio (d) 1000057.8 1000360.14 499934.879 1000001.77 1000090.01
MTTR (hrs.) 0.0002941 0.001812 0.001812 0.000056497 0.0005555
MTBF (hrs.) 294.117 905.882 905.882 56.4971 555.55
Dmin 0.999999 0.999999 0.999998 0.999999 0.999999

Table 3 
Stone door frame manufacturing plant and its subsystem’s reliability with respect to time.

Time(Days) Rs1 Rs2 Rs3 Rs4 Rs5 Rsys

0 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
20 0.934260 0.786627 0.664979 0.701875 0.964640 0.330879
40 0.872843 0.618783 0.442197 0.492628 0.930531 0.109481
60 0.815462 0.486752 0.294052 0.345763 0.897627 0.036225
80 0.761854 0.382893 0.195538 0.242682 0.865887 0.011986
100 0.711770 0.301194 0.130029 0.170332 0.835270 0.003965
120 0.664979 0.236928 0.086466 0.119552 0.805735 0.001312
140 0.621263 0.186373 0.057498 0.083911 0.777244 0.000434
160 0.580421 0.146606 0.038235 0.058894 0.749761 0.000143
180 0.542265 0.115325 0.025426 0.041336 0.723250 0.0000475

Table 4 
Stone door frame manufacturing plant and its subsystem’s maintainability with 
respect to time.

Time 
(Days)

Ms1 Ms2 Ms3 Ms4 Ms5 Msys

0 0 0 0 0 0 0
20 0.99998 1.00000 1.00000 1.00000 0.99888 0.99886
40 1.00000 1.00000 1.00000 1.00000 0.99999 0.99999
60 1.00000 1.00000 1.00000 1.00000 0.99999 0.99999
80 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
100 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
120 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
140 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
160 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
180 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000
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Fig. 9. System reliability varies as a result of fluctuations in the raw material for door frame (subsystem 1).

Fig. 10. System reliability varies as a result of fluctuations in the cutting and shaping (subsystem 2).

Fig. 11. System reliability varies as a result of fluctuations in the fine curving and molding (subsystem 3).
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P1 = 2
λ4

μ4
P0; P2 = 2

(
λ4

μ4

)2

P0 ; Where,P0 =

(

1 + 2
λ4

μ4
+ 2
(

λ4

μ4

)2
)− 1

(14) 

3.4. Assembly & finishing (Subsystem-4)

This is the 4th step of making stone door frame. In this, molding 
stones are carefully joined to form a beautiful frame. This is followed by 
chickening and policing of the assembled stones. This is then done to 

ensure that the assembled frame not only fits well but also contributes to 
its longevity and beauty. Two parallel machines make up the system that 
is being suggested. All machines experience the same, exponentially 
dispersed rates of failure and repair. RAMD investigation conducted by 
using Markovian methodology. Fig. 5 depicts the diagram of its state 
change.

The following are the differential equations related to the assembly 
and finishing machine ’s transition diagram as given in Fig. 5: 

Pʹ
0(t) = − 2λ5P0(t)+ μ5P1(t) (15) 

Pʹ
1(t) = − (λ5 + μ5)P1(t)+2λ5P0(t)+ μ5P2(t) (16) 

Pʹ
2(t) = − μ5P2(t)+ λ5P1(t) (17) 

Associated initial conditions are defined as: 

Pi(t) =
{

1ifi = 0
0ifi ∕= 0 (18) 

Using normalization condition 
∑n

i=1Pi = 1, we get 

Fig. 12. System reliability varies as a result of fluctuations in the assembly and finishing (subsystem 4).

Fig. 13. System reliability varies as a result of fluctuations in the packing and transportation (subsystem 5).

Table 5 
Summary of the proposed multiple regression model.

Model R R2 Adj. R2 Std. Error of the Estimate Change Statistics Durbin-Watson

R2 Change F Change df1 df2 Sig. F Change

Proposed 0.998 0.996 0.996 0.0003 0.996 12,111 12 600 0 0.252

Table 6 
Testing of regression model.

Model Sum of 
Squares

df Mean 
Square

F Sig.

Proposed Regression 0.017 12 0.001 12,111 0.000
Residual 0 600 0 ​ ​
Total 0.017 612 ​ ​ ​
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P1 = 2
λ5

μ5
P0; P2 = 2

(
λ5

μ5

)2

P0 ; Where, P0 =

(

1 + 2
λ5

μ5
+ 2
(

λ5

μ5

)2
)− 1

(19) 

3.5. Packing & transportation (Subsystem-5)

The last step in manufacturing of stone door frame is packing and 
transportation. Before packing, clean the door frame to remove any dust 
or residue from the manufacturing process. Inspect it carefully for ad
hesive, accuracy and compliance with design. After this, carefully 
packing process is done to prevent any damage and transport to the 
construction site. There is only one unit in the proposed system having 
exponentially distributed rates of failure and repair. RAMD investigation 
performed using Markovian approach. Fig. 6 depicts a diagram of 
packing and transportation unit.

As seen in Fig. 6, the transition diagram is linked with the following 
Chapman- Kolmogorov differential equations: 

Pʹ
0(t) = − λ6P0(t)+ μ6P1(t) (20) 

Pʹ
1(t) = − μ6P1(t)+ λ6P0(t) (21) 

Associated initial conditions are defined as: 

Pi(t) =
{

1ifi = 0
0ifi ∕= 0 (22) 

Using normalization condition 
∑n

i=1Pi = 1, we get 

P1 =
λ6

μ6
P0 WhereP0 = (1 +

λ6

μ6
)
− 1 (23) 

It can be seen from the system’s construction that all of its parts are 
connected in series and that any one of them failing will result in the 
entire system failing. So, using the following reliability arguments, the 
derived RAMD measurements of the door frame production system are 
as follows: 

Table 7 
Proposed regression model of the stone door frame manufacturing unit.

Model Unstandardized Coefficients Standardized Coefficients t Sig. 95.0 % Confidence Interval for B Collinearity Statistics

B Std. Error Beta Lower Bound Upper Bound Tolerance VIF

1 (Constant) 0.868 0.022 ​ 38.795 0 0.824 0.912 ​ ​
λ1 − 1.65 0.009 − 0.505 − 180.4 0 − 1.668 − 1.632 0.876 1.142
λ2 − 1.181 0.009 − 0.363 − 128.9 0 − 1.199 − 1.163 0.864 1.157
λ3 − 0.957 0.009 − 0.294 − 104.4 0 − 0.975 − 0.939 0.864 1.157
λ4 − 0.025 0.009 − 0.008 − 2.699 0.007 − 0.043 − 0.007 0.864 1.157
λ5 − 0.053 0.009 − 0.016 − 5.786 0 − 0.071 − 0.035 0.864 1.157
λ6 − 2.71 0.009 − 0.832 − 295.6 0 − 2.728 − 2.692 0.864 1.157
µ1 0.035 0.009 0.011 3.866 0 0.017 0.053 0.864 1.157
µ2 0.037 0.009 0.011 3.989 0 0.019 0.055 0.864 1.157
µ3 0.03 0.009 0.009 3.281 0.001 0.012 0.048 0.864 1.157
µ4 0.026 0.009 0.008 2.784 0.006 0.008 0.044 0.864 1.157
µ5 0.026 0.009 0.008 2.803 0.005 0.008 0.044 0.864 1.157
µ6 0.04 0.009 0.012 4.336 0 0.022 0.058 0.864 1.157

Table 8 
Predicted values of availability using RA and ANN.

Input data Proposed 
model 
availability

Predicted values 
of availability by 
RA

Predicted values of 
availability by 
ANNλ1 λ2 λ3 λ4 λ5 λ6 μ1 μ2 μ3 μ4 μ5 μ6

0.006 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9704 0.9703 0.97058
0.0062 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.97 0.97 0.97026
0.0064 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9697 0.9696 0.96993
0.0066 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9694 0.9693 0.9696
0.0068 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.969 0.969 0.96927
0.007 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9687 0.9687 0.96893
0.0072 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9684 0.9683 0.96859
0.0074 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.968 0.968 0.96825
0.0076 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9677 0.9677 0.96791
0.0078 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9674 0.9673 0.96756
0.008 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.967 0.967 0.96721
0.0082 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9667 0.9667 0.96686
0.0084 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9664 0.9663 0.9665
0.0086 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.966 0.966 0.96615
0.0088 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9657 0.9657 0.9658
0.009 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9654 0.9654 0.96545
0.0092 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.965 0.965 0.96509
0.0094 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9647 0.9647 0.96474
0.0096 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9644 0.9644 0.96439
0.0098 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.964 0.964 0.96404
0.01 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9637 0.9637 0.96369
0.0102 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9634 0.9634 0.96334
0.0104 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.963 0.963 0.963
0.0106 0.0073 0.0047 0.0068 0.0059 0.0018 0.56 0.78 0.96 0.88 0.67 0.34 0.9627 0.9627 0.96266
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Fig. 14. Network topology of artificial neural network.
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RSys(t) =
∏5

i=1
RSsi(t) = e− 0.0553t (24) 

ASys(t) =
∏5

i=1
ASsi(t) = 0.999995 (25) 

MSys(t) =
∏5

i=1
MSsi(t) = 1 − e− Kit (26) 

Dmin(Sys)(t) =
∏5

i=1
Dmin(Ssi)(t) = 0.999994 (27) 

4. Steady state availability analysis of stone door frame 
manufacturing plant

The RAMD measures used to investigate the instantaneous perfor
mance as well as for identification of most critical component of the 
system. Among all measures availability is the most crucial measure that 
is highly influenced by its failure and repair rates as well as by time. So, 
it becomes necessary to investigate steady state availability of the sys
tem before reaching any decision about performance of the system. 
Thus, here a mathematical model for particular plant is proposed using 
Markov birth–death process. Applying the notations and assumptions 
described in section 2 state transition diagram is prepared and shown in 
Fig. 7. The transition between states happened with same rate param
eter. Using simple probabilistic arguments and changeover diagram, the 
mathematical model has been developed. The differential equations 
have been described as follows: 

P1(t+Δt) = {1 − (λ1 + λ2 + λ3 + 2λ4 + 2λ5

+ λ6)Δt }P1(t)+ μ1P6(t)Δt + μ2P7(t)Δt+ μ3P8(t)Δt 
+ μ4P2(t)Δt+ μ5P4(t)Δt + μ6P5(t)Δt (28) 

P1(t + Δt) − P1(t)
Δt

= − (λ1 + λ2 + λ3 +2λ4 +2λ5 + λ6)P1(t)+ μ1P6(t)

+ μ2P7(t)+ μ3P8(t)+ μ4P2(t)+ μ5P4(t)+ μ6P5(t) (29) 

Taking limit Δ t → 0, we get 

Pʹ
1(t)+ (λ1 + λ2 + λ3 +2λ4 +2λ5 + λ6)P1(t)

= μ1P6(t)+ μ2P7(t)+ μ3P8(t)+ μ4P2(t)+ μ5P4(t)+ μ6P5(t) (30) 

Similarly, 

Pʹ
2(t)+(λ1+λ2+λ3+λ4+2λ5+λ6+μ4)P2(t)

= μ1P9(t)+μ2P10(t)+μ3P81(t)+μ4P12(t)+μ5P3(t)+μ6P13(t)+2λ4P1(t)
(31) 

Pʹ
3(t)+ (λ1 + λ2 + λ3 + λ4 + λ5 + λ6 + μ4 + μ5)P3(t)

= μ1P14(t)+ μ2P15(t)+ μ3P16(t)+ μ4P17(t)+ μ5P18(t)+ μ6P19(t)
+ 2λ4P4(t)+2λ5P2(t) (32) 

Pʹ
4(t)+(λ1+λ2+λ3+2λ4+λ5+λ6+μ5)P4(t)

= μ1P20(t)+μ2P21(t)+μ3P22(t)+μ4P3(t)+μ5P23(t)+μ6P24(t)+2λ5P1(t)
(33) 

Pʹ
5(t)+ μ6P5(t) = λ6P1(t) (34) 

Pʹ
i+5(t)+ μiPi+5(t) = λiP1(t); i = 1, 2,3 (35) 

Pʹ
j+8(t)+ μjPj+8(t) = λjP2(t); j = 1, 2, 3,4, (36) 

Pʹ
13(t)+ μ6P13(t) = λ6P2(t) (37) 

Pʹ
k+13(t)+ μkPk+13(t) = λkP3(t); k = 1,2, 3,4, 5,6 (38) 

Pʹ
l+19(t)+ μlPl+19(t) = λlP4(t); l = 1, 2,3 (39) 

Pʹ
m+18(t)+ μmPm+18(t) = λmP4(t);m = 1,2 (40) 

Now taking limit t→∞ on equs. (30–40) and using norlaization property 
∑25

i=1Pi = 1, we get 

P1 =

{(

1 +
λ1

μ1
+

λ2

μ2
+

λ3

μ3
+

λ6

μ6

)(

1 + 2
λ4

μ4
+ 4

λ4λ5

μ4μ5
+ 2

λ5

μ5

)

+2
(

λ4

μ4

)2

+ 4
λ4λ5

μ4μ5

(
λ4

μ4
+

λ5

μ5

)

+ 2
(

λ5

μ5

)2
}− 1

(41) 

Similarly, probability at state are as follows: 

P2 = 2
λ4

μ4
P1, P3 = 4

λ4λ5

μ4μ5
P1, P4 = 2

λ5

μ5
P1, P5 =

λ6

μ6
P1, P6 =

λ1

μ1
P1, P7

=
λ2

μ2
P1, P8 =

λ3

μ3
P1, P9 = 2

λ4λ1

μ4μ1
P1, P10 = 2

λ4λ2

μ4μ2
P1, P11

= 2
λ4λ3

μ4μ3
P1, P12 = 2

λ4λ4

μ4μ4
P1, P13 = 2

λ4λ6

μ4μ6
P1, P14 = 4

λ4λ5λ1

μ4μ5μ1
P1, P15

= 4
λ4λ5λ2

μ4μ5μ2
P1, P16 = 4

λ4λ5λ3

μ4μ5μ3
P1, P17 = 4

λ4λ5λ4

μ4μ5μ4
P1, P18

= 4
λ4λ5λ5

μ4μ5μ5
P1, P19 = 4

λ4λ5λ6

μ4μ5μ6
P1, P20 = 2

λ5λ1

μ5μ1
P1, P21 = 2

λ5λ2

μ5μ2
P1, P22

= 2
λ5λ3

μ5μ3
P1, P23 = 2

λ5λ5

μ5μ5
P1, P24 = 2

λ5λ6

μ5μ6
P1

(42) 

By using above differential difference equations and initial condi
tions an algebraic solution has been derived for a particular case. The 
steady state availability (SSA) of particular plant is: 

SSA = P1 +P2 +P3 +P4 =

(

1+2
λ4

μ4
+4

λ4λ5

μ4μ5
+ 2

λ5

μ5

){(

1 

+
λ1

μ1
+

λ2

μ2
+

λ3

μ3
+

λ6

μ6

)(

1 + 2
λ4

μ4
+ 4

λ4λ5

μ4μ5
+ 2

λ5

μ5

)

+ 2
(

λ4

μ4

)2

+ 4
λ4λ5

μ4μ5

(
λ4

μ4
+

λ5

μ5

)

+ 2
(

λ5

μ5

)2
}− 1

(43) 

Table 9 
Network design of ANN to predict the steady state availability of the system.

Input Layer Covariates 1 λ1 (Failure rate)
2 λ2 (Failure rate)
3 λ3 (Failure rate)
4 λ4 (Failure rate)
5 λ5 (Failure rate)
6 λ6 (Failure rate)
7 µ1 (Repair rate)
8 µ2 (Repair rate)
9 µ3 (Repair rate)
10 µ4 (Repair rate)
11 µ5 (Repair rate)
12 µ6 (Repair rate)

Number of Units 12
Rescaling Method for Covariates Standardized

Hidden Layer(s) Number of Hidden Layers 2
Number of Units in Hidden Layer 1 8
Number of Units in Hidden Layer 2 6
Activation Function Sigmoid

Output Layer Dependent Variables 1 SSA
Number of Units 1
Rescaling Method for Scale Dependents Normalized
Activation Function Sigmoid
Error Function Sum of Squares
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5. Methodology

5.1. Multiple regression analysis

It is a mathematical or statistical function that used to investigate the 
relationship between one dependent and two or more than two inde
pendent variables. Sykes [11] was the first one who gives an introduc
tion about it. After that Chatterjee and Hadi [12] explained about 
regression analysis in detailed. With the addition of different forecast, 
this approach expands on the single independent variable of simple 
linear regression. When neglecting the impact of other variables in the 
model, it enables to understand the influence of each independent var
iable on the dependent variable. The functional relationship between 
dependent and independent variables can be written in any mathe
matical model. Mathematically, if we take Y as a dependent variable and 
X1, X2, X3, X4,….. Xn, be the independent variables then relationship can 
be calculated from the model as 

Y = f(X1,X2,X3,⋯Xn)+ ε (44) 

where ε shows the error occurred randomly. It is believed that the error 
(ε) occurred with mean zero and follow a normal distribution. In this 
study, hypothesized relationship between availability and the impact of 
failure and repair rate on availability may be written as 

Y = α+ βiXi + ε (45) 

where βi are the unknown parameter that have to be calculated from the 
given data.

5.2. Multi-Layer Feed-forward neural network (MLFNN)

It can be called a type of artificial neural network in which neurons 
have multiples layers. All these layers together transmit data from input 
to output through multiple layers. These layers are divided into three 
layers namely; input layers, hidden layers and output layers. Data passes 
from the input layer through one or more hidden layers and then reaches 
to the output layers. The working principal of MLFNN involve four steps 
viz. feed forward process, activation function, training and loss function 
basically. Goodfellow et al. [13] gives an introduction about MLFNN. 
The architecture of the MLFNN developed to predict the steady-state 
availability of the plant is shown in Fig. 8.

5.3. Root mean square error (RMSE)

In regression analysis, RMSE play an important role to calculate er
rors in a predicative model. Mathematically, 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(Oi − Pi)

2

√

n2 (46) 

where Oi: Observed value, Pi: Predicated value, n: Number of observa
tions.

5.4. Mean absolute error (MAE)

As the name suggest, it is helpful to measure the mean absolute error 
between observed value and predicated values. Mathematically, 

MAE =

∑n
i=1|Oi − Pi|

n
(47) 

It clearly demonstrates that RMSE is the square root of the square of 
MAE. A complete description about the uses of RMSE and MAE was 
given by Hodson [10].

6. Results and discussion

Numerical and graphical results of the stone door frame 
manufacturing plant’s RAMD and steady-state availability are derived 
and discussed herewith. The behaviour of steady state availability with 
respect to various failure and repair rates is observed by making changes 
in various rates. In Table 2, numerical results of each subsystem’s reli
ability, availability, maintainability, dependability, MTBF, and MTTR 
are appended. It is observed that assembly & finishing have the lowest 
MTBF i.e. 56.49, while fine carving and molding have the largest MTBF. 
The availability, maintainability, and dependability of the door frame 
manufacturing plant based on subsystem RAMD measurements are 
appended in system equations (24–27).

Table 3 shows the fluctuation in plant and its subsystems reliability 
with respect to time. After 180 days, the reliability of the subsystems raw 
material for door frame (Rs1), cutting and shaping (Rs2), fine carving 
and molding (Rs3), assembly & finishing (Rs4), and Packing & trans
portation (Rs5) was 0.542265, 0.115325, 0.025426, 0.041336, and 
0.723250, respectively. The reliability of the system (Rsys), which 
similarly diminishes as subsystem reliability does, has dropped to 
0.0000475 after 180 days of operation.

Table 4 shows the fluctuation in plant and its subsystems maintain
ability with respect to time. After 80 days, the maintainability of all the 
subsystems i.e. raw material for door frame (Ms1), cutting and shaping 
(Ms2), fine carving and molding (Ms3), assembly & finishing (Ms4), and 
Packing & transportation (Ms5) was 100 %. The maintainability of the 
system (Msys), which similarly raised as subsystem maintainability 
does, has raised to 0.99999 after 60 days of operation.

Figs. 9-13 show the system reliability varies as a result of fluctuations 
in the subsystem for stone door frame manufacturing plants. It can be 
clearly seen that increasing in the failure rate of subsystem of the plant 
will diminishes the system reliability.

Further an effort will be made to predict the availability of the stone 
door frame manufacturing plant with the help of RA and ANN. The 
failure rates (λi) and repair rates (µi) of the plant are treated as inde
pendent variables while the steady state availability (SSA) of the pro
posed model that derived in equation (43) treated as dependent 
variable. Multiple linear regression is chosen for SSA prediction since all 
of the twelve independent and one dependent variable in the experi
mental material are metric in nature. The results of the statistical 
analysis of the experimental data show that heteroscedasticity and lack 
of autocorrelation are present. Table 5 shows that Adj. R2 and Durbin- 
Watson value is 0.996 and 0.252 respectively. The Summary of the 
proposed multiple regression model and the testing of regression model 
are provided in Table 5 and Table 6 respectively.

One-way ANOVA is used to determine the statistical significance of 
the suggested regression model, with the results shown in Table 6.

Additionally, Table 7 demonstrates that there is no multicollinearity 
in the data, with a VIF value of less than 10. Thus, the data is suitable for 
the creation of a traditional multiple regression model. An extract of 
experimental data is provided in Table 8 along with the predicted values 
derived through regression model and ANN with respect to the failure 
rate λ1. It is found that RMSE and MAE are 0.00036 and 0.00018 
respectively using regression analysis.

A multilayer feed forward neural network model is currently being 
developed to predict stone door frame manufacturing plant availability. 
The 613 observations in the experimental data are split into two groups, 
training and testing, which include 79.8 % and 20.2 % of the observa
tions, respectively. Fig. 14 shows the network topology of ANN used to 
forecast availability. It consists of four layers: an input layer, two hidden 
layers, and an output layer. Eight neurons make up the first hidden 
layer, six neurons make up the second hidden layer, and twelve cova
riates make up the input layer.

Table 9 provides the ANN model’s design. The steady state avail
ability is considered the output variable. The normalized approach is 
used for scaling dependent variables, whereas the standardized method 
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is used for rescaling covariates. For both input and output variables, the 
sigmoid activation function is used.

7. Conclusion

In present study, performance evaluation of a stone door frame 
manufacturing plant is conducted using a three-step approach. Initially, 
time dependent RAMD indices are derived for the stone door frame 
manufacturing facility and its subsystems. It has been noted that the 
assembly & finishing unit is the most delicate and needs the greatest 
amount of attention to operate properly. To plan appropriate mainte
nance methods, the plant maintenance staff must put utmost care about 
it. In second step, an effort is made to derive the steady state availability 
of the plant by developing a mathematical model using Markovian 
approach. The stone door frame manufacturing plant’s long-term 
availability is 0.97476303. The availability of the plant is also signifi
cantly impacted by failure and repair rates. As repair rates rise, avail
ability rises, whereas increases in failure rates causes a significant drop 
in plant availability. Based on this, plant designers may decide to use 
redundancy and maintenance techniques to increase the performance of 
the plant. In the third step, an effort is made to predict the optimal 
availability of plant using RA and ANN. It was found that artificial 
neural networks perform better than multiple linear regression, as evi
denced by the lower RMSE and MAE of the ANN. Furthermore, the 
approach can be utilized in other process industries like sugar, power, 
fertilizer, etc., for performance evaluation and implement new mainte
nance procedures. The failure and repair rates are all assumed to be 
exponentially distributed in present investigation, although the 
complexity of such systems has grown with the inclusion of automation. 
In this situation such plants may be investigated further under arbitrary 
distribution of failure and repair laws. More sophisticated computa
tional intelligence approaches may be used to assess the effectiveness of 
such systems. By exploring the generalizability of reliability analysis and 
optimization techniques across industries, researchers can unlock op
portunities for knowledge transfer, innovation, and growth. This can 
improve efficiency, productivity, and competitiveness in various 
manufacturing sectors. Future research should investigate the applica
bility of these methods in different contexts to drive industry 
advancements.
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