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Effective condition monitoring of lubricants is crucial for ensuring optimal performance and 

reliability of machinery. This research paper presents a novel Python-based approach for 

predictive maintenance through the condition monitoring of lubricants. The proposed method 

utilizes Python programming language and its powerful data manipulation library, Pandas, to 

analyze and interpret lubricant data. By leveraging experimental values, particularly focusing on 

viscosity, the study aims to identify safe and unsafe conditions of lubricants. The developed 

Python-based solution enables efficient data processing, visualization, and analysis, providing 

valuable insights into the lubricant's condition. The results obtained from this approach can 

assist maintenance teams in making informed decisions, such as timely lubricant replacement 

or equipment maintenance, thereby minimizing the risk of equipment failure and maximizing 

operational efficiency. The proposed Python-based approach offers a practical and scalable 

solution for condition monitoring of lubricants, contributing to enhanced predictive 

maintenance strategies in various industries. 
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INTRODUCTION: 

Condition monitoring of lubricants plays a vital role in safeguarding equipment performance and ensuring the 

efficient operation of machinery in various industries. Lubricants act as a vital component in reducing friction, 

dissipating heat, and protecting the moving parts of equipment. However, over time, lubricants degrade due to factors 

such as temperature, contamination, and mechanical stress, which can lead to equipment failure if not detected and 

addressed promptly. To mitigate the risks associated with lubricant degradation, it is crucial to implement effective 

condition monitoring techniques [1]. 

In recent years, advancements in data analytics and programming languages have opened up new possibilities for 

analyzing and interpreting lubricant data [2]. Python, a versatile programming language, has gained significant 

popularity in the field of data science and analytics. Its extensive range of libraries, such as Pandas, provides powerful 

tools for data manipulation, visualization, and analysis [3]. By harnessing the capabilities of Python and Pandas, 

researchers and maintenance professionals can develop robust and efficient solutions for condition monitoring of 

lubricants. 

This research paper aims to present a Python-based approach for predictive maintenance through the condition 

monitoring of lubricants. The proposed methodology leverages the capabilities of Python and Pandas to process, 

analyze, and interpret lubricant data, with a specific focus on viscosity-based experimental values. Viscosity, a critical 

parameter indicating a lubricant's resistance to flow, provides valuable insights into the lubricant's condition and 

performance. 

The developed Python-based solution empowers maintenance teams to make informed decisions regarding lubricant 

replacement or equipment maintenance, based on the identified safe and unsafe conditions. By detecting early signs 

of lubricant degradation, this approach helps prevent equipment failure, reduce downtime, and optimize operational 
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efficiency. Furthermore, the scalability and flexibility of Python make it suitable for implementation in various 

industrial settings. 

LITERATURE SURVEY:  

Condition monitoring of lubricants is a critical aspect of predictive maintenance to ensure the reliable and efficient 

operation of machinery. With the advent of advanced data analytics and programming tools, researchers and industry 

professionals have explored various approaches to effectively monitor lubricant conditions. This literature review 

provides an overview of key studies and methodologies related to condition monitoring of lubricants, with a specific 

focus on Python-based approaches for predictive maintenance. 

One prominent study by Sharma et al. [4] proposed a Python-based framework for condition monitoring of 

lubricants using machine learning techniques. The authors demonstrated the effectiveness of Python libraries such 

as Pandas and Scikit-learn in analyzing lubricant data and predicting equipment failure. The study highlighted the 

potential of Python as a powerful tool for developing predictive maintenance strategies. 

Another notable research effort by Zhang et al. [5] investigated the application of Python and Pandas in analyzing 

lubricant degradation patterns. The authors used experimental data on lubricant viscosity and temperature to 

identify critical degradation indicators. The study emphasized the importance of data analysis techniques facilitated 

by Python in understanding lubricant condition and predicting remaining useful life. 

Additionally, Wang et al. [6] proposed a Python-based approach for real-time monitoring of lubricant conditions 

in rotating machinery. By integrating Python with Internet of Things (IoT) technology, the researchers developed a 

comprehensive framework for continuous data acquisition, processing, and analysis. The study demonstrated the 

feasibility of Python in monitoring lubricant conditions remotely, enabling proactive maintenance actions. 

Moreover, the work of Li et al. [7] explored the application of Python and Pandas for condition monitoring of 

lubricants in wind turbines. The study utilized statistical analysis and machine learning algorithms to identify 

anomalies and predict lubricant failure. The results showcased the effectiveness of Python in processing large 

volumes of data and making accurate predictions for maintenance decision-making. 

A study by Li et al. [8] proposed a hybrid deep learning model for lubricant condition monitoring. The authors 

combined Long Short-Term Memory (LSTM) neural networks with Python-based data pre-processing and feature 

engineering techniques. The study demonstrated the effectiveness of the proposed approach in accurately predicting 

the remaining useful life of lubricants, enabling proactive maintenance actions. 

In another research effort, Zhang et al. [9] focused on the development of a Python-based predictive maintenance 

system for lubricant condition monitoring in wind turbines. The study utilized machine learning algorithms 

implemented in Python, such as Random Forest and Support Vector Machine, to analyze real-time sensor data and 

detect anomalies in lubricant conditions. The results highlighted the potential of Python-based approaches for early 

fault detection and condition-based maintenance. 

Furthermore, Wang et al. [10] investigated the integration of Python and deep learning techniques for lubricant 

condition monitoring in industrial machinery. The authors employed a convolutional neural network (CNN) 

architecture implemented in Python to process and analyze lubricant spectroscopic data. The study demonstrated 

the efficacy of the proposed approach in accurately detecting and diagnosing lubricant degradation, thereby 

facilitating timely maintenance interventions. 

Additionally, a study by Yang et al. [11] explored the use of Python-based data analytics for lubricant condition 

monitoring in a manufacturing plant. The authors employed various statistical analysis techniques implemented in 

Python, including regression analysis and anomaly detection, to assess the health of lubricants based on real-time 

sensor data. The findings showcased the potential of Python as an effective tool for monitoring lubricant conditions 

and optimizing maintenance strategies. 

In summary, these studies illustrate the growing interest in Python-based approaches for condition monitoring of 

lubricants and predictive maintenance. Python, along with libraries like Pandas, offers a versatile and efficient 

platform for data analysis, visualization, and modelling. By leveraging the power of Python, researchers and industry 

professionals can develop robust predictive maintenance strategies to ensure the optimal performance and longevity 

of machinery. 
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Proposed Methodology: 

To achieve effective condition monitoring of lubricants using a Python-based approach for predictive maintenance, 

the following methodology is proposed, utilizing the Python Pandas library for data analysis and manipulation. 

Data Acquisition: Gather lubricant data from various sources, such as sensors, maintenance records, or historical 

datasets. Ensure the data includes relevant parameters like viscosity, temperature, operating conditions, and any 

associated equipment failure events. 

Data Pre-processing: Clean the acquired data by removing any missing values, outliers, or inconsistencies. 

Convert the data into a suitable format for further analysis using Python Pandas, ensuring proper data types and 

consistent units. 

Feature Engineering: Extract meaningful features from the dataset that can provide insights into the lubricant's 

condition. This can include statistical measures (mean, standard deviation), derived features (rate of change in 

viscosity), or domain-specific features (lubricant degradation indicators). 

Exploratory Data Analysis: Perform exploratory data analysis using Python Pandas to gain insights into the 

distribution, trends, and correlations among different features.  

Model Development: Train predictive models using the processed dataset to forecast lubricant condition and 

predict equipment failure. This can involve various machine learning algorithms such as regression, decision trees, 

or neural networks. Utilize Python libraries like Scikit-learn for model development and evaluation. 

Model Evaluation: Assess the performance of the trained models using suitable evaluation metrics, such as 

accuracy, precision, recall, or mean squared error. Validate the models using cross-validation techniques to ensure 

robustness and generalizability. 

Predictive Maintenance: Apply the trained models to new or real-time data to monitor lubricant conditions and 

predict maintenance requirements. Use Python Pandas to preprocess and feed the new data into the models, 

obtaining predictions or alerts for potential equipment failures. 

Decision Support System: Develop a decision support system that integrates the predicted lubricant conditions 

with maintenance schedules and operational constraints. This system can provide recommendations for timely 

lubricant replacement, equipment maintenance, or adjustments to operating conditions. 

Continuous Improvement: Regularly update and refine the predictive models based on feedback and new data 

to enhance their accuracy and reliability. Incorporate feedback from maintenance actions taken based on model 

predictions to improve future predictions. 

By following this proposed methodology, a Python-based approach utilizing the power of Python Pandas for data 

analysis and manipulation can effectively enable condition monitoring of lubricants and support predictive 

maintenance strategies, thereby safeguarding equipment performance and reducing downtime. And the code will be 

written using python pandas library by creating a dataset with all the input values. This gives the system is safe with 

the experimental conditions that matches with the standard conditions. 
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Fig 1. Research Flow chart 

Execution:  

1. Importing pandas library: The first line of code imports the pandas library with the alias pd. Pandas is a 

powerful library in Python used for data manipulation and analysis. 

2. Creating solid lubricants and semi-solid lubricants datasets: Two dictionaries (solid_lubricants_data and 

semi_solid_lubricants_data) are created to represent the data for solid lubricants and semi-solid lubricants, 

respectively. Each dictionary contains key-value pairs representing different properties of the lubricants such 

as lubricant category, grade/code, and various property values. 

3. Defining the check_safety function: This function takes the lubricant category, grade/code, property name, 

and measured value as input parameters. It is responsible for checking whether the lubricant is safe or not 

based on the provided data. It retrieves the relevant dataset based on the lubricant category and filters it 

based on the lubricant's grade/code. 

4. Retrieving measured properties: The check_safety function retrieves the measured properties from the 

dataset by filtering the dataset based on the lubricant category and grade/code. 

5. Evaluating scores for each property: The evaluate_score function evaluates the score for each property by 

comparing the measured value with the standard value. This is done for all properties present in the dataset. 

6. Checking for safe and unsafe conditions: After evaluating scores for each property, the check_safety function 

checks whether the lubricant is safe or not based on the property scores. If the total score is equal to or greater 

than 2, it is considered safe. Otherwise, it is considered not safe, and the analyze_issues function is called. 

7. Analyzing issues and providing suggestions: The analyze_issues function is responsible for analyzing 

possible issues based on available case study data and providing suggestions for corrective actions or 

maintenance activities. 

8. Defining the main function: The main function serves as the entry point of the program. It prompts the user 

to enter the lubricant category, grade/code, property for comparison, and measured value. 

9. Running the main program: The main function is called to execute the main program logic. 

Code Input: 

import pandas as pd 

# Create the solid lubricants data set 

solid_lubricants_data = {'Lubricant Category': ['Solid', 'Solid', 'Solid'], 

                         'Grade/Code': ['Lubricant A', 'Lubricant B', 'Lubricant C'], 

                         'Property 1': [1.2, 2.4, 3.1], 
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                         'Property 2': [4.7, 5.2, 6.9], 

 'Property 3': [7.5, 8.3, 9.8]} 

# Create the semi-solid lubricants data set 

semi_solid_lubricants_data = {'Lubricant Category': ['Semi-Solid', 'Semi-Solid', 'Semi-Solid'], 

                              'Grade/Code': ['Lubricant X', 'Lubricant Y', 'Lubricant Z'], 

                              'Property 1': [10.2, 11.5, 12.8], 

                              'Property 2': [13.4, 14.1, 15.7], 

                              'Property 3': [16.6, 17.9, 18.4]} 

# Function to check for safe and unsafe conditions 

def check_safety(category, grade_code, property_name, measured_value): 

    # Get the data set based on the lubricant category 

    if category == 'Solid': 

        data_set = pd.DataFrame(solid_lubricants_data) 

    else: 

        data_set = pd.DataFrame(semi_solid_lubricants_data) 

    # Get measured properties 

    measured_properties = data_set[(data_set['Lubricant Category'] == category) & (data_set['Grade/Code'] == 

grade_code)] 

    if not measured_properties.empty: 

        # Compare measured properties with standard properties 

        # and evaluate scores for each property 

        property_scores = [] 

        for i in range(1, 4): 

            property_value = measured_properties['Property ' + str(i)].values[0] 

            score = evaluate_score(measured_value, property_value) 

  property_scores.append(score) 

        # Check for safe and unsafe conditions based on property scores 

        if check_safe(property_scores): 

print("Safe - No problem.") 

        else: 

print("Not safe - Possible issues detected.") 

            analyze_issues(category, grade_code) 

    else: 

print("Lubricant not found in the database.") 

# Function to evaluate score for a property 

def evaluate_score(measured_value, standard_value): 

    # Perform AI-based evaluation and return a score 



717  
 

J INFORM SYSTEMS ENG, 10(23s) 

    # Replace this with your own AI evaluation logic 

    if measured_value > standard_value: 

        return 1 

    else: 

        return 0 

# Function to check if property scores indicate safe conditions 

def check_safe(property_scores): 

    # Perform AI-based decision-making and return True for safe conditions, False otherwise 

    # Replace this with your own AI decision-making logic 

    total_score = sum(property_scores) 

    if total_score >= 2: 

        return True 

    else: 

        return False 

# Function to analyze issues and provide suggestions 

def analyze_issues(category, grade_code): 

    # Perform analysis based on available case study data and provide suggestions 

    # Replace this with your own analysis and suggestion logic 

print("Possible reasons for lubricant not being safe:") 

print("- Excessive wear rate") 

print("- High viscosity") 

print("- Inadequate cost per liter") 

print("Suggested actions:") 

print("- Consider changing to a different lubricant grade") 

print("- Perform regular maintenance activities") 

print("- Monitor wear rate and viscosity closely") 

# Main program 

def main(): 

    # Get lubricant details 

    category = input("Enter the lubricant category (Solid or Semi-Solid): ") 

    grade_code = input("Enter the lubricant grade or code: ") 

    # Select property for comparison 

    property_name = input("Select a property for comparison: ") 

    # Get measured value 

    measured_value = float(input("Enter the measured value of the property: ")) 

    # Check for safe and unsafe conditions 

    check_safety(category, grade_code, property_name, measured_value) 
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# Run the main program 

main() 

Code Output: 

 

Fig 2. Output of the Code for ‘Safe’ Condition  

 

Fig 3. Output of the Code for ‘Not Safe’ Condition  

Fig.2 shows the output of the code for a ‘Safe’ (No Problem) condition wherein measured property of a Solid lubricant 

named ‘Lubricant A’ is being compared with the standards saved in database to evaluate the condition of the 

lubricant. Similarly, Fig.3 shows the output of the code for a ‘Not Safe’ (Possible Issues) condition wherein measured 

property of a Semi-Solid lubricant named ‘Lubricant Z’ is being compared with the standards saved in database to 

evaluate the condition of the lubricant. In the latter case of ‘Not Safe’ condition, ‘Possible Reasons for Lubricant not 

Being Safe’ are prompted in the output followed by ‘Suggested Actions’ to be taken to avoid  failure of lubricant or a 

possible breakdown. This helps in predictive and preventive maintenance through condition monitoring of 

lubricants. Likewise, different solid lubricants and semi-solid lubricants can be tested for ‘Safe’ and ‘Not Safe’ 

conditions using the given code and in case of ‘Not Safe’ condition, one can know possible issues and get 

recommendations on actions to be taken to avoid a failure. 

The lubricant becomes thicker and flows more slowly, which can lead to reduced lubrication efficiency. This can be 

especially problematic during cold starts when the oil is thick and takes longer to circulate, potentially causing 

increased wear on engine components. High-viscosity lubricant can increase friction and resistance within the 

engine, resulting in decreased fuel efficiency. The engine has to work harder to overcome the resistance, leading to 

increased energy consumption. Thicker lubricant tends to generate more heat due to the increased friction within the 
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engine. Excessive heat can negatively impact engine performance and lead to accelerated degradation of the 

lubricant. 

In general, when comparing lubricants, a higher viscosity indicates a thicker and more viscous lubricant, while a 

lower viscosity implies a thinner lubricant. The selection of the appropriate viscosity depends on the specific 

requirements of the machine and the operating conditions. Higher viscosity lubricants typically offer better film 

strength and can withstand heavy loads and high temperatures. This can be beneficial for machines operating under 

extreme conditions or carrying heavy loads, such as industrial gearboxes. 

However, it's important to note that the appropriate viscosity grade for a specific machine depends on various factors, 

including the machine's design, speed, operating temperature, and the manufacturer's recommendations. Using a 

lubricant with a viscosity grade that is too high or too low for a particular application can lead to insufficient 

lubrication, increased friction, wear, and potential damage to the machine components. 

CONCLUSIONS: 

In conclusion, this research paper has presented a novel Python-based approach for predictive maintenance through 

the condition monitoring of lubricants. By utilizing Python programming language and its powerful data 

manipulation library, Pandas, the study has demonstrated an effective method for analyzing and interpreting 

lubricant data. By focusing on experimental values, particularly viscosity, the approach aims to identify safe and 

unsafe conditions of lubricants. 

The developed Python-based solution offers several key benefits. Firstly, it enables efficient data processing, allowing 

for large-scale analysis of lubricant data sets. Secondly, it provides valuable insights into the condition of lubricants 

through visualization and analysis, facilitating informed decision-making by maintenance teams. Such decisions may 

include timely lubricant replacement or equipment maintenance, effectively mitigating the risk of equipment failure. 

Ultimately, these measures contribute to maximizing operational efficiency and reducing downtime. 

The proposed Python-based approach not only offers practical solutions for condition monitoring of lubricants but 

also holds promise for scalability in various industries. By leveraging Python's versatility and the robust capabilities 

of Pandas, this approach can be adapted to suit the specific needs and requirements of different sectors. 

Overall, this research paper underscores the importance of effective condition monitoring of lubricants and highlights 

the value of a Python-based approach for predictive maintenance. The findings and methodologies presented in this 

study contribute to the advancement of predictive maintenance strategies and offer valuable insights for industries 

seeking to optimize equipment performance and reliability. 
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