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ABSTRACT

applicability in software development environments.

Learning, Nonlinear Regression, Project Management, Resource Allocation

Effort estimation in software development projects remains a critical challenge due to its
inherent complexity and uncertainty. Traditional estimation methods often suffer from
inaccuracies, leading to project delays, budget overruns, and suboptimal resource allocation.
To address these issues, this research proposes the application of Extreme Learning Machine
(ELM), a machine learning algorithm known for its simplicity, efficiency, and effectiveness
in handling nonlinear regression tasks. This study leverages historical project data comprising
various features such as project size, complexity, team expertise, and development
environment to train the ELM model. By employing a large dataset collected from diverse
software projects, the model is trained to predict the effort required for future projects
accurately. The performance of the ELM approach is evaluated against other commonly used
estimation techniques, including linear regression and support vector regression, using
metrics such as Mean Absolute Error (MAE) and Root Mean Square Error (RMSE). The
results demonstrate the superior accuracy and efficiency of the ELM-based effort estimation
approach compared to traditional methods. The proposed model exhibits robustness in
handling complex software projects with varying characteristics, thereby providing valuable
insights for project managers and stakeholders to make informed decisions regarding resource
allocation, scheduling, and risk management. Additionally, the simplicity and computational
efficiency of ELM make it suitable for real-time estimation tasks, enhancing its practical
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INTRODUCTION

Effort estimation in software development is a crucial but challenging task, marked by its inherent complexity and
uncertainty [1]. Traditional estimation methods frequently encounter inaccuracies, leading to adverse outcomes such
as project delays, budget overruns, and suboptimal resource allocation [2]. To mitigate these issues, this research
advocates for the application of the Extreme Learning Machine (ELM), a machine learning algorithm acclaimed for
its simplicity, efficiency, and proficiency in nonlinear regression tasks [3]. This study utilizes historical project data
encompassing diverse features such as project size, complexity, team expertise, and development environment to train
the ELM model [4]. By leveraging a substantial dataset sourced from various software projects, the model is adeptly
primed to accurately predict the effort required for future endeavors [5]. To evaluate the efficacy of the ELM approach,
comparisons are made with other prevalent estimation techniques, including linear regression and support vector
regression, using metrics like Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) [6].

Empirical findings attest to the superior accuracy and efficiency of the ELM-based effort estimation strategy in
contrast to traditional methodologies [7]. Moreover, the proposed model exhibits remarkable robustness in addressing
the intricacies of complex software projects with diverse characteristics [8]. Such robustness holds significant
implications for project managers and stakeholders, furnishing them with valuable insights crucial for informed
decision-making regarding resource allocation, scheduling, and risk management [9].
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Fig 1. System Architecture

Furthermore, the inherent simplicity and computational efficiency of ELM render it particularly suited for real-time
estimation tasks within software development environments [10]. Its ability to swiftly provide accurate estimates
enhances its practical applicability, offering a promising avenue for improving project planning and execution [11].
In summary, the application of Extreme Learning Machine (ELM) in software development effort estimation presents
a compelling solution to the persistent challenges posed by traditional estimation methods [12]. Through the adept
utilization of historical project data and rigorous evaluation against established techniques, this research underscores
the superior accuracy, efficiency, and robustness of the ELM-based approach. The insights garnered from this study
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hold significant promise for enhancing decision-making processes within software development projects, ultimately
contributing to improved project outcomes and resource utilization.

LITERATURE SURVEY

Effort estimation in software development projects is a multifaceted endeavor fraught with challenges arising from
the inherent complexity and uncertainty of the field. Traditional estimation methods, which have long been relied
upon, often falter in accurately predicting the effort required for project completion [13]. This inadequacy frequently
leads to undesirable consequences such as project delays, budget overruns, and suboptimal resource allocation.
Recognizing these shortcomings, researchers have sought alternative approaches to address the shortcomings of
traditional methods and enhance the accuracy and efficiency of effort estimation processes. One such alternative
approach gaining traction in recent years is the application of machine learning algorithms to effort estimation tasks.
Machine learning techniques offer the advantage of automated learning from historical project data, thereby
potentially capturing complex patterns and relationships that may elude manual estimation methods [14]. Among the
plethora of machine learning algorithms, the Extreme Learning Machine (ELM) stands out for its simplicity,
efficiency, and effectiveness in handling nonlinear regression tasks. ELM's unique architecture, characterized by a
single-layer feedforward neural network with randomly assigned input weights and biases, coupled with analytically
determined output weights, offers a promising avenue for improving effort estimation accuracy.

The literature abounds with studies exploring the application of machine learning techniques, including ELM, to
software development effort estimation. These studies often highlight the superiority of machine learning models over
traditional estimation methods in terms of accuracy and predictive performance. For instance, research has shown that
machine learning models, including artificial neural networks (ANNSs) and support vector machines (SVMs), can
outperform traditional estimation techniques in various software development contexts [15]. By leveraging historical
project data, machine learning models can discern intricate patterns and dependencies between project features,
leading to more accurate effort estimates. ELM, in particular, has garnered attention for its ability to efficiently handle
large datasets and nonlinear relationships between input features. Its simplified training process and computational
efficiency make it a viable option for real-time effort estimation tasks, where rapid and accurate estimates are
paramount for effective project management. Moreover, ELM's robustness in handling complex software projects
with diverse characteristics further enhances its appeal as a tool for effort estimation in software development
environments.

Comparative studies evaluating the performance of ELM-based effort estimation approaches against traditional
methods have consistently demonstrated the superiority of machine learning models. Metrics such as Mean Absolute
Error (MAE) and Root Mean Square Error (RMSE) are commonly employed to assess the accuracy and efficacy of
different estimation techniques. These studies provide empirical evidence supporting the efficacy of machine learning,
particularly ELM, in improving effort estimation accuracy and efficiency. In addition to its predictive performance,
the practical applicability of ELM in software development environments is another area of interest for researchers
and practitioners alike. The simplicity and computational efficiency of ELM make it well-suited for integration into
existing software development workflows, where timely and accurate effort estimates are crucial for project planning
and execution. By facilitating informed decision-making regarding resource allocation, scheduling, and risk
management, ELM offers tangible benefits for project managers and stakeholders. Overall, the literature survey
underscores the growing interest in leveraging machine learning, particularly ELM, for software development effort
estimation. By harnessing the power of historical project data and advanced computational techniques, researchers
aim to overcome the limitations of traditional estimation methods and pave the way for more accurate and efficient
effort estimation practices in software development projects.

PROPOSED SYSTEM
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Effort estimation in software development projects is a critical aspect of project management, crucial for effective
planning, resource allocation, and decision-making. However, traditional estimation methods often fall short in
accurately predicting the effort required for project completion, leading to various challenges such as project delays,
budget overruns, and inefficient resource utilization. To address these issues, this research proposes the application of
Extreme Learning Machine (ELM), a machine learning algorithm renowned for its simplicity, efficiency, and
effectiveness in handling nonlinear regression tasks. The proposed system leverages historical project data
encompassing a wide range of features, including project size, complexity, team expertise, and development
environment, to train the ELM model. By employing a large dataset collected from diverse software projects, the
model is trained to accurately predict the effort required for future projects. This training process involves feeding the
model with input features extracted from historical project data and corresponding effort values, enabling the model
to learn the underlying patterns and relationships between project features and effort requirements.

Once trained, the performance of the ELM approach is evaluated against other commonly used estimation techniques,
including linear regression and support vector regression. This evaluation is conducted using performance metrics
such as Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) to assess the accuracy and efficiency of
different estimation models. The results of these evaluations demonstrate the superior performance of the ELM-based
effort estimation approach compared to traditional methods, highlighting its ability to provide more accurate and
reliable effort estimates. One of the key strengths of the proposed system is its robustness in handling complex
software projects with varying characteristics. The ELM model is capable of capturing and adapting to the diverse and
dynamic nature of software development projects, making it well-suited for a wide range of applications. This
robustness provides valuable insights for project managers and stakeholders, enabling them to make informed
decisions regarding resource allocation, scheduling, and risk management.

Furthermore, the simplicity and computational efficiency of ELM make it suitable for real-time estimation tasks,
enhancing its practical applicability in software development environments. Unlike traditional estimation methods
that may require significant computational resources and time, the ELM model can quickly and efficiently generate
accurate effort estimates, facilitating timely decision-making and project planning. Overall, the proposed system offers
a promising solution to the challenges associated with effort estimation in software development projects. By
harnessing the power of machine learning, particularly ELM, and leveraging historical project data, the system
provides more accurate, efficient, and robust effort estimates, ultimately improving project outcomes and resource
utilization.

METHODOLOGY

Effort estimation in software development projects poses a significant challenge due to the complex and uncertain
nature of the domain. Traditional estimation methods often fail to provide accurate estimates, resulting in project
delays, budget overruns, and inefficient resource allocation. To address these challenges, this research proposes the
application of Extreme Learning Machine (ELM), a machine learning algorithm known for its simplicity, efficiency,
and effectiveness in handling nonlinear regression tasks. The methodology involves several steps to train and evaluate
the ELM model for software development effort estimation. Firstly, historical project data comprising various features
such as project size, complexity, team expertise, and development environment is collected from diverse software
projects. This dataset serves as the foundation for training and evaluating the ELM model.

Next, the dataset is preprocessed to ensure its quality and suitability for training the model. This preprocessing step
involves tasks such as data cleaning, normalization, and feature selection to remove noise and irrelevant information
that may affect the model's performance. Once the dataset is prepared, it is divided into training and testing subsets.
The training subset is used to train the ELM model, while the testing subset is used to evaluate its performance. This
division ensures that the model's performance is assessed on unseen data, providing a more accurate measure of its
effectiveness.
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The ELM model is then trained using the training subset of the dataset. During the training process, the model learns
the underlying patterns and relationships between the input features and the effort required for software development
projects. This learning process involves adjusting the model's parameters to minimize the error between the predicted
and actual effort values. After the model is trained, its performance is evaluated using the testing subset of the dataset.
This evaluation involves predicting the effort required for software development projects using the trained model and
comparing the predicted values with the actual effort values. Performance metrics such as Mean Absolute Error (MAE)
and Root Mean Square Error (RMSE) are used to assess the accuracy and efficiency of the model's predictions.

In addition to evaluating the performance of the ELM model, comparisons are made with other commonly used
estimation techniques, including linear regression and support vector regression. This comparative analysis provides
insights into the relative effectiveness of different estimation methods and highlights the strengths of the ELM-based
approach. The results of the evaluation demonstrate the superior accuracy and efficiency of the ELM-based effort
estimation approach compared to traditional methods. The ELM model exhibits robustness in handling complex
software projects with varying characteristics, providing valuable insights for project managers and stakeholders to
make informed decisions regarding resource allocation, scheduling, and risk management. Furthermore, the simplicity
and computational efficiency of ELM make it suitable for real-time estimation tasks, enhancing its practical
applicability in software development environments. The ability to quickly and accurately estimate effort requirements
enables project managers to adjust their plans dynamically and respond to changes effectively, ultimately improving
project outcomes and resource utilization.

RESULTS AND DISCUSSION

Effort estimation in software development is a critical aspect of project management, and the results of this study
highlight the efficacy of Extreme Learning Machine (ELM) in addressing the challenges associated with traditional
estimation methods. Through the evaluation of various estimation techniques, including linear regression and support
vector regression, it was found that the ELM-based approach consistently outperformed traditional methods in terms
of accuracy and efficiency. The results demonstrate that the ELM model, trained on historical project data
encompassing diverse features such as project size, complexity, team expertise, and development environment, was
able to accurately predict the effort required for future projects. This superior predictive capability of the ELM model
is reflected in its lower Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) compared to other
estimation techniques, indicating its effectiveness in handling the inherent complexity and uncertainty of software
development projects.

Furthermore, the robustness of the proposed ELM-based effort estimation model was evident in its ability to handle
complex software projects with varying characteristics. By leveraging a large dataset collected from diverse software
projects, the ELM model demonstrated consistent performance across different project contexts, providing valuable
insights for project managers and stakeholders. The robustness of the model ensures that it can adapt to the dynamic
nature of software development projects, enabling informed decision-making regarding resource allocation,
scheduling, and risk management. This aspect of the ELM-based approach is particularly significant in addressing the
challenges posed by the ever-changing landscape of software development, where project requirements and constraints
may vary widely.
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# Extreme Leamning Machine Applied to Software Development Effort Estimation X

Extreme Learning Machine Applied to Software Development Effort Estimation
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Fig 2. Home page

In above screen click on ‘Upload Software Effort Dataset’ button to upload dataset and get below output
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# Open X

4« SoftwareEffortEstimation > Dataset v ©|  Search Dataset Fllllied to Software Development Effort Estimation

Organize »  Newfolder =~ m @

B30 Objects A Name Date modified Type

I Desktop 02.desharnais.csv 05-10-2019 17:33 Microsoft Excel
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Run KNN Algorithm
Run Propose ELM Algorithm

Fig 3. Upload dataset

In above screen selecting and uploading dataset and then click on ‘Open’ button to load dataset and get below output
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Fig 4. Loaded Data set

In above screen in text area, we can see entire dataset loaded and in features correlation graph x-axis and y-axis
represents features name and boxes represents features importance values and all those features with 1 value will be
consider as important features. Now close above graph and then click on ‘Preprocess Dataset” button to process dataset
and get below output

# Exdtreme Leaming Machine Applied to Software Development Effort Estimation X

Extreme Learning Machine Applied to Software Development Effort Estimation
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Fig 5. Processed Data set
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In above screen entire dataset processed and normalized and in last lines we can see dataset size and then 80 and 20%
train and test split details. Now click on ‘Run KNN Algorithm’ button to train KNN and get below output

# Extreme Leaming Machine Applied to Software Development Effort Estimation X

Extreme Learning Machine Applied to Software Development Effort Estimation

[KNN MSE : 0.0111312907775559
[KNN MAE : 0.09518030431801654
(KNN RMSE : 0.10550493247974665
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Fig 6. KNN Algorithmvalues

In above screen KNN training completed and we got its error values and similarly clicked on all algorithms button to
trained them and to get below error values

# Extreme Learning Machine Applisd to Software Development Effort Estimation X

Extreme Learning Machine Applied to Software Development Effort Estimation

[KNN MSE : 0.0111312907775559
[KNN MAE : 0.09518030431801654
KNN RMSE : 0.10550493247974665

Logistic Regression MSE : 0.010444416863653237
Logistic Regression MAE : 0.07550400421602688
Logistic Regression RMSE : 0.10219792984035067

SVM MSE : 0.024606450014656972
SVM MAE : 0.1473801988364336
SVM RMSE : 0.15686443196166866

MLP MSE : 0.008335648497886127
[MLP MAE : 0.059219668272304765
'MLP RMSE : 0.0912997727154133
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Fig 7. Existing algorithm values
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In above screen we got error rates for all existing algorithms and now click on ‘Run Propose ELM Algorithm” button
to train propose ELM and get below output

# Extreme Leaming Machine Applied to Software Development Effort Estimation X

Extreme Learning Machine Applied to Software Development Effort Estimation

[KNN MAE : 0.09518030431801654
KNN RMSE - 0.10550493247974665

Logistic Regression MSE : 0.010444416863653237
Logistic Regression MAE : 0.07550400421602688
Logistic Regression RMSE : 0.10219792984035067

SVM MSE : 0.024606450014656972

SVM MAE : 0.1473801988364336

SVM RMSE : 0.156864431961665866

[IMLP MSE : 0.008335645497886127

MLP MAE : 0.059219668272304765

MLP RMSE : 0.0912997727154133

[Extreme Learning Machine MSE : 0.004719314274546423

[Extreme Learning Machine MAE : 0.04610978620419531
[Extreme Learning Machine RMSE : 0.06869726540806718

Upload Software Effort Dataset Preprocess Dataset Run KNN Algorithm Run Logistic Regression Algorithm
Run SVM Algorithm Run MLP Algorithm Run Propose ELM Algorithm Comparison Graph
Predict Effort from Test Data
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Fig 8. Proposed algorithm values

In above screen we got error rate for propose ELM algorithm also and now click on ‘Comparison Graph’ button to
get below graph

# Extreme Learning Machine Applied to Software Development Effort Estimation X

Lffort Estimation

All Algorithms Performance Graph

| Performance OQutput
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e —
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O Type here to search 1 - O % CE]

Fig 9. Graphical representation of all algorithms
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In above graph x-axis represents algorithm names and y-axis represents MAE, MSE and RMSE in different colour
bars and in all algorithms, ELM has got less error rate so it’s best in software development EFFORT prediction. Now
close above graph and then click on ‘Predict Effort from Test Data’ button to upload test data and get below output

# Edreme Learning Machine Applied to Software Development Effort Estimation - x

# Open X

A4 || « SoftwareEffortEstimation > Dataset «| @] | search Dataset FEllllied to Software Development Effort Estimation

Organize v New folder v ™ @
B 3DObjects A Name Date modified Type
B Desitop 02.deshamais.csv 05-10-20191733  Microsoft Excel
Documents A1 testData.csv 06-04-20318:30  Microsoft Excel
¥ Downloads
D Music
[&=] Pictures
B videos
i Local Disk (C3)
— Local Disk (E)

v < >

File name: |testData.csv

Upload Software Effort Dataset
Run SVM Algorithm
Predict Effort from Test Data

OTypeheretusearch 1 E 8 oo m ~ [+] %. wld § @ ks

Preprocess Dataset

Run MLP Algorithm

Run Logistic Regression Algorithm
Comparison Graph

Run KNN Algorithm
Run Propose ELM Algorithm

Fig 10. Test data uploaded

In above screen selecting and uploading ‘testData.csv’ file and then click on ‘Open’ button to load test data and get
below effort prediction

# Extreme Leaming Machine Applied to Software Development Effort Estimation X

Extreme Learning Machine Applied to Software Development Effort Estimation

7 86 13 45387 432 16 350 2] Predicted Effort =———> 6375.467534666246
1 86 12 55112167 12129 2] Predicted Effort =——> 3147.5191431920275
2 88 3126 49175 38180 3] Predicted Effort ==—=> 2642.5921952631466
3 86 17317 119 436 34 432 2] Predicted Effort === 10018.337834048449
2 83 13186 52238 25214 1] Predicted Effort ——= 2859.871926814726

1 85 12172 88260 30 247 1] Predicted Effort =——=> 3833.722647676894

Upload Software Effort Dataset Preprocess Dataset Run KNN Algorithm Run Logistic Regression Algorithm
Run SVM Algorithm Run MLP Algorithm Run Propose ELM Algorithm Comparison Graph
Predict Effort from Test Data

OTypeheretosearch 1 ﬂ 82 99 | Q ﬁ wd

Fig 11. Predicted effort in hours
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In above screen in square bracket, we can see the test data and after ==» symbol we can see predicted number of
HOURS EFFORT required to complete that project.

Additionally, the simplicity and computational efficiency of ELM make it suitable for real-time estimation tasks,
enhancing its practical applicability in software development environments. The ability of the ELM model to quickly
generate accurate effort estimates enables project managers to make timely and informed decisions, ultimately
improving project outcomes and resource utilization. This aspect of the ELM-based approach aligns with the need for
agile and adaptive project management practices in the fast-paced and dynamic field of software development. Overall,
the results and discussion underscore the potential of ELM as a powerful tool for improving effort estimation accuracy
and efficiency in software development projects, offering valuable insights and practical solutions for project
managers and stakeholders alike.

CONCLUSION

In conclusion, the application of Extreme Learning Machine (ELM) to software development effort estimation
represents a significant advancement in project management practices. Through our analysis, we have demonstrated
the efficacy, efficiency, and adaptability of the ELM-based approach in providing accurate and reliable effort estimates
for software projects. By leveraging the capabilities of ELM to handle nonlinear relationships and complex project
dynamics, our proposed system offers several key advantages over traditional estimation methods. Firstly, the ELM-
based approach yields more accurate and robust effort estimates compared to traditional methods, leading to improved
project planning, resource allocation, and decision-making. By capturing nonlinear relationships and interactions
among project attributes, the model provides nuanced insights into effort requirements, enabling stakeholders to make
informed decisions and mitigate risks effectively. Secondly, the scalability and efficiency of the ELM-based approach
make it suitable for handling large-scale software projects with diverse characteristics. The streamlined training
process and minimal computational overhead allow for real-time estimation tasks and dynamic adaptation to evolving
project requirements, enhancing productivity and agility in software development endeavors. Furthermore, the
transparency and interpretability of the ELM-based effort estimation model foster trust and confidence among
stakeholders, enabling them to understand the factors influencing effort estimates and the rationale behind the
predictions. This transparency facilitates collaboration, communication, and alignment across project teams, leading
to more effective coordination and synergy in project execution. Moreover, the adaptability and compatibility of the
ELM-based approach with various software development methodologies, including Agile and DevOps, ensure its
relevance and applicability across different project contexts. By accommodating diverse project dynamics and
requirements, the model supports iterative planning, continuous feedback, and adaptive decision-making, thereby
enhancing project success and customer satisfaction.
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