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Abstract

The proposed framework utilizes an evolutionary mathematical approach to optimize data-related
parameters for estimating the Remaining Useful Life (RUL) of critical mechanical components. By
integrating advanced time window techniques and considering factors like downtime and failure
occurrences, it offers a comprehensive solution for RUL prediction across various industrial contexts.
Continuous monitoring systems play a pivotal role by detecting component degradation early, allowing
for proactive maintenance and minimizing catastrophic failures. Combining Mean Time to Repair
(MTTR) and Mean Time Between Failures (MTBF) offers valuable insights into system performance,
enabling proactive maintenance strategies. This review explores mathematical methodologies for
predicting RUL in tractors, crucial for enhancing maintenance planning and remanufacturing engineering.
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1. Introduction

The agricultural tractor belongs to the class of mobile machines designed for the traction process. The
term "traction” and the name “tractor" are derived from the concept of "drawing" or "pulling,” emphasizing
the primary function of the tractor as a machine specifically built for pulling tasks [1]. This prediction is
based on synthesizing observations, calibrated mathematical models to predict system behavior over time,
facilitating proactive maintenance strategies. By integrating diverse data sources and advanced modeling
techniques, it aims to forecast the remaining useful life (RUL) of engineering systems or components,
crucial for informed decision-making in maintenance planning [2]. RUL, which stands for Remaining
Useful Life, is also known as remaining service life or remnant life. This term refers to the time left before
observing a failure, considering factors such as the current age of the machine, its condition, and the past
operational profile. Essentially, RUL quantifies the remaining operational lifespan of a system or
component before it is expected to fail or become non-functional [3]. In the agricultural tractor industry,
the design of the components and systems adheres to predetermined specifications and requirements. The
critical design criteria primarily revolve around strength considerations, given the substantial loads
experienced by these components in the various applications of agricultural tractors. Among these primary
components, the front axle and front axle support bear the most critical loading conditions, as they are
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directly subjected to the forces acting on the front axle during tractor operations [4]. Machinery, regardless
of its cost, size, or complexity, is susceptible to breakdowns. Therefore, incorporating a well-defined
maintenance schedule is crucial during capacity planning and activity scheduling in modern industries,
spanning manufacturing [5]. The primary goal of maintenance is to enhance equipment performance by
significantly reducing failures, faults, or breakdowns. This objective underscores the importance of
implementing preventive and predictive maintenance strategies aimed at minimizing downtime,
optimizing productivity, and extending the operational lifespan of machinery and critical components [6].
Remaining Useful Life (RUL) denotes the duration remaining for a component to fulfill its intended
functional capabilities before encountering failure [7]. Remaining Useful Life (RUL) is pivotal for
predictive maintenance, offering insights into equipment lifespan to optimize operations and minimize
downtime. It informs proactive interventions for enhanced efficiency, guides decisions in remanufacturing
engineering, and facilitates strategic resource allocation for maximizing equipment lifecycle across
industries [8]. During literature surveys, numerous studies have been conducted to develop and implement
various mathematical models for maintenance schedules. These studies explore diverse approaches to
optimizing maintenance strategies, encompassing preventive, predictive, and corrective maintenance
techniques [9]. The mathematical approach for evaluating the remaining useful life of the critical
components is used to enhance equipment performance, minimize downtime, and maximize operational
efficiency [10]. In industrial settings, machine maintenance is increasingly vital to boost availability and
reduce production losses from breakdowns. Maintenance methods like replacement, repair, and servicing
aim to sustain specified availability levels, with remaining useful life estimation pivotal. Analysis of
critical component failure rates, along with parameters like MTBF, MTTR, and Availability, informs
proactive maintenance strategies for enhanced operational efficiency [11]. Breakdowns result in increased
downtime and reduced uptime, directly impacting the productivity of the unit. By adopting a suitable
maintenance schedule, breakdowns can be effectively controlled. Implementing preventive and predictive
maintenance practices can significantly reduce the likelihood of unexpected failures, thus minimizing
downtime and maximizing uptime [12]. This study has the potential to provide significant value to
numerous leading organizations, serving as a benchmark for them to enhance their maintenance practices.
The outcomes of this research can inform decision-making processes related to maintenance planning,
resource allocation, and operational strategies.

2. Literature Review

Medjaher et al.(2012)[13] This paper examines RUL estimation methods, emphasizing a data-driven
approach over model-based techniques, by assessing current health states and future operating conditions
of physical systems. It outlines critical component identification, sensor deployment, and degradation
modeling leveraging sensor data. Rigorous evaluation using prognostics metrics and application to real
bearing data validate its effectiveness, with detailed experimental results discussed.Salunkhe et
al.(2014)[3] Remaining Useful Life (RUL) is vital for dynamically controlled systems, crucial for meeting
customer demands by minimizing sudden component failures. Continuous monitoring and fault
propagation methods enable accurate RUL estimation across diverse applications like Automotive
Components, Rotating Machinery, and Aero Engines, ensuring early fault detection and severity
estimation.Ali et al.(2015)[14] This study introduces a novel method for accurately predicting Remaining
Useful Life (RUL) of critical assets such as bearings, leveraging Prognostics and Health Management
(PHM) techniques. By combining a Simplified Fuzzy Adaptive Resonance Theory Map (SFAM) neural
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network with Weibull distribution (WD) and a smoothing phase, the data-driven approach demonstrates
reliability in RUL prediction based on vibration signals from rolling element bearings (REBSs), applicable
to diverse mechanical assets.Laredo et al.(2019)[15] This framework introduces a multi-layer perceptron
and an evolutionary algorithm to optimize data parameters, integrating a piecewise linear model for
estimating Remaining Useful Life (RUL) of mechanical systems. Evaluation on the C-MAPSS dataset
highlights its superior accuracy compared to existing methods, offering a compact yet effective solution
for RUL estimation.Zhang et al.(2023)[16]This paper introduces a two-stage machine learning approach
for accurately predicting Remaining Useful Life (RUL) of industrial equipment, addressing diverse
degradation rates and nuanced information accumulation. Through a rolling element bearing dataset case
study, it demonstrates superior prediction accuracy and conservativeness, marking a significant
advancement in RUL prediction efficacy for real-world applications.

3. Failure Analysis of Mechanical Components in Tractor

The first step is to identify the failed components. This may involve visual inspection of the tractor
maintenance and repair workshop, examination of maintenance records, and discussions with operators or
technicians who observed the failure. Collect relevant data about the failed component, including its
operating conditions and maintenance history.

VISUAL
INSPECTION

FAILURE GATHER DATA
IDENTIFICATION

FAILURE
ANALYSIS

Figure 1: Failure Analysis of Mechanical Components

4. Data Collection

The availability of precise breakdown maintenance data is essential for RUL and failure analysis. For the
current study, data from Tractor maintenance and repair workshop spanning three years (2020 January to
December 2022) has been collected. This dataset encompasses information on machine breakdowns,
causes of failures, machinery involved, and the remedial measures previously adopted by maintenance
personnel. The failure data obtained from the Tractor Maintenance and Repair Workshop has been
tabulated, detailing the number of failures and breakdowns corresponding to individual machinery. This
comprehensive approach to data collection aims to provide a thorough understanding of the maintenance
challenges faced by the unit and sets the foundation for a robust case study analysis.

5. Methodologies for Rul Estimation

The methodology followed to achieve this is as follows:

a. The collection of data includes historical failure data, downtime records, maintenance and repair
record.

IJFMR240323581 Volume 6, Issue 3, May-June 2024 3



https://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

b. From the past failure data, downtime, and components Mean Time to Repair (MTTR), Mean Time To
Failure (MTTF) and Mean Time Between Failure (MTBF) relevant calculations are performed.

c. The Mathematical Approach is used for the calculation of the Remaining Useful Life of the critical
components of the Tractor.

The remaining useful life (RUL) can be calculated using the following formula, based on Mean Time
Between Failures (MTBF) and Mean Time To Repair (MTTR):
RUL = MTTF - (t- MTBF)
Where:
- RUL, is the remaining useful life.
- MTTF, is the Mean Time to Failure.
- t, is the current time.
- MTBF, is the Mean Time Between Failures.

= Mean Time Between Failures (MTBF): MTBF is the average time between failures of a component.
It is calculated as the total operational time divided by the number of failures. The formula for MTBF
is:
Operating Time ~ Running Time - Downtime

~ No.of Fallures No.of Failures
= Mean Time to Repair (MTTR): MTTR is the average time it takes to repair a failed component. It
is calculated as the downtime due to failures divided by the number of failures. The formula for MTTR
is:

— Downtime
"~ No of Failures

= Mean Time to Failure (MTTF): The Mean Time to Failure (MTTF) is a measure used in remaining
useful life to estimate the average time a system, component, or device operates before experiencing
a failure.

6. Results And Analysis

After conducting a mathematical RUL approach using downtime and number of failure, it was determined
that the MTBF and MTTF, indicating a high susceptibility to failure, which is deemed unacceptable. This
evaluation extends to various components within the Tractor, specifically focusing on the performance of
the Differential throughout the period from January 2020 to December 2022. This Mathematical RUL
approach suggest a significant likelihood of breakdowns in these components, highlighting a critical need
for remedial actions to enhance their maintenance and operational efficiency. The data obtained from the
maintenance and repair workshop is used to evaluate MTBF, MTTF and MTTR for the Remaining Useful
Life estimation and is tabulated in the table 6.1 to 6.3.
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Table 6.1: Estimation of MTBF and MTTR For Differential

For The Year 2020, 2021 and 2022.

S.No. | Month | Running Down No. of | Operating Time | MTBF | MTTR
Time Time Failure (Hrs) (Hrs) | (Hrs)
(Hrs) (Hrs)

1 Jan. 20 | 372 0 0 372 0 0

2 Feb. 348 11 1 337 337 11

3 Mar. 372 16 1 356 356 16

4 April | 360 0 0 360 0 0

5 May 558 38 3 520 173.33 | 12.66

6 June 540 27 2 513 256.5 | 135

7 July 372 0 0 372 0 0

8 Aug. 372 15 1 357 357 15

9 Sept. | 360 8 1 352 352 8

10 Oct. 496 18 1 460 460 18

11 Nov. 480 0 0 480 0 0

12 Dec. 372 0 0 372 0 0

13 Jan. 21 | 372 0 0 336 0 0

14 Feb. 336 17 1 319 319 17

15 Mar. 372 0 0 372 0 0

16 April | 360 0 0 360 0 0

17 May 558 32 4 526 1315 |8

18 June 540 28 3 512 170.66 | 9.33

19 July 372 13 1 359 359 13

20 Aug. 372 0 0 372 0 0

21 Sept. | 360 0 0 360 0 0

22 Oct. 496 26 3 470 156.66 | 8.66

23 Nov. 480 23 3 457 152.33 | 7.66

24 Dec. 372 0 0 372 0 0

25 Jan. 22 | 372 12 1 360 360 12

26 Feb. 336 14 2 322 161 7

27 Mar. 372 0 0 372 0 0

28 April | 360 0 0 360 0 0

29 May 558 35 5 523 1046 |7

30 June 540 30 3 520 173.33 | 10

31 July 372 0 0 372 0 0

32 Aug. 372 0 0 372 0 0

33 Sept. | 360 0 0 360 0 0

34 Oct. 496 19 3 477 159 6.33

35 Nov. 480 17 2 463 2315 |85

36 Dec. 372 0 0 372 0 0
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Table 6.2: Total sum of all listed values

Running Down Time | No. of | Operating MTBF Current
Time (Hrs) Failure Time (Hrs) (Hrs) Time (t)
(Hrs)

14982 399 41 14539 4770.41 558

Mathematically,
MTBF = RN-DN
N
Where, MTBF- Mean Time Between Failure
RN- Running Time
DN- Down Time
N- Number of Failure
Running Time, RN =14982 Hrs
Number of Failure, N =41
Mean Time Between Failure, MTBF = RN-DN
N
=4770.41 Hrs
Mean Time To Failure, MTTF = Total operating Time
No. of Failures
14539
41
= 354.60 Hrs
(RU L)Differential =MTTF - ( t— MTBF )
= 354.60- ( 558- 4770.41)
= 354.60 — (-4212.41)
=354.60 + 4212.41
=4567.01 Hrs

Table 6.3: Estimation of Remaining Useful Life for Differential

MTBF(Hrs) MTTF(Hrs) T(Current Time) | RUL(Hrs)

4770.41 354.60 558 4567.01

Figure 2: Graph showing variation of downtime and Number of failures
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Figure 3: Graph showing variation of MTBF with MTTR (in hrs)
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7. Conclusion

In conclusion, the mathematical approach for remaining useful life estimation of mechanical components
is contributing to improved Remaining Useful Life, reduced downtime, number of failures and optimized
resource utilization in mechanical systems. The analysis focused on past breakdown data of critical
components, including the Diesel pump, Cooling System, Clutch, Gearbox and Differential. The most
critical component is found to be Differential as compared to other components. By employing
Mathematical approach, it is possible to accurately predict the RUL of these components. This enables
proactive maintenance strategies, minimizing downtime and preventing unexpected failures. Overall,
RUL estimation is a pivotal aspect of modern agricultural machinery management, contributing to
improved operational efficiency and longevity of critical tractor components. This deliberate focus on
historical breakdown information serves as a foundational step in developing insights that will contribute
to the creation of an effective maintenance strategy.
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