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Abstract: Estimating the quantity of work required for software
development remains a challenge for project managers in the
software industry. Several new techniques have been put forth to
improve these approximations' accuracy. Since there are many
different methods that have been published in the literature,
evaluating accuracy is crucial. In this work, we provide a novel
method that we name Real-Time Extreme Learning Machine (RT-
ELM), which is based on an online sequential learning algorithm.
The extreme learning machine can now adapt to the creation of new
projects within a software organization thanks to the modification of
this algorithm, which makes continuous learning possible. RT-ELM's
efficacy is compared to that of traditional training and testing
techniques. Additionally, the experiments employed the radial basis
function (RBF) and additive hidden nodes. The results show that RT-
ELM with continuous learning outperforms conventional methods.
Additionally, it was shown that data had an impact on RBF and
additive hidden node efficiency. Data from commercial and research
settings were used to validate the findings. In the context of software
engineering, accurate and reliable effort estimation is a crucial part of
the project management process that helps managers maintain project
control. The current study is to: (i) identify critical elements
influencing effort estimation by correlation analysis; and (ii) apply
the Extreme Learning Machine (ELM) model for effort estimation,
comparing its performance to previous models in academic literature.
The goal of the study was to determine which method produces the
most accurate effort prediction. The models were compared in terms
of anticipated precision using statistical tests and the mean absolute
residue (MAR) criterion. The ELM model exceeds other models in
terms of accuracy when it comes to software design effort prediction,
according to the results, which also highlighted important variables
for effort estimation. These are a few of the main conclusions. Project
success is therefore increased when machine learning techniques are
applied to effort estimation in order to improve the accuracy of time
and expense estimations.

Keywords: Radial basis function, Real Time, Extreme Learning
Machine, Software Development Efforts

INTRODUCTION

In recent months, data mining and machine learning
methods have drawn in an attempt to increase
estimation accuracy. However, because different
metrics are used to determine accuracy, it is
challenging to compare different methods. Accuracy
is also impacted by the raw data and criteria
employed [1]. Task with analogous past endeavours
in order to calculate effort. Expert estimating
generates effort estimates based on expert
assessments. Model-based approaches establish
relationships by utilizing historical data. One of the

most often used Al techniques for estimating effort is
neural networks. For this study, simple method, the
(RT-ELM), with a single experimentally chosen
parameter. To satisfy the needs of the software
industry, methods for predicting software
development efforts have been studied for a long
time. Estimating software development effort, which
is an essential component of project management [2].
Reducing risk and increasing project success rates
need accurate effort evaluation. The software project
management process involves the use of certain
strategies and procedures to achieve project
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objectives. In order to meet client expectations, the
development process estimates both quantitative and
qualitative parameters. As Saraiva notes, efficient
software measuring tools help with decision-making
and enable effective data interpretation. For projects
to be finished on time and within budget,
organizations need to choose the best effort
estimating method from a range of possibilities [3].
One often used technique is Expert Judgment, where
project managers rely on the expertise of experts;
however, this approach has a disadvantage in that it
is prone to human error. For developers and project
managers, estimating software effort remains a major
challenge due to the varying work required at
different stages of the project lifecycle. Traditional
methods need careful activity documentation and
can be challenging and time-consuming.
Additionally, there are a lot of variables that can't
always be predicted, such as the engineers' expertise,
the team's project history, and many others. a
potential remedy for the problem of (SDEE) [4]. ML
techniques can learn and adjust on their own over
time to make better predictions. Additionally, by
employing data-driven analysis, these methods
simplify decision-making and minimize the need for
human intervention. By using machine learning
techniques, experts can spend less time estimating
project tasks and more time focusing on other system
responsibilities that satisfy customer requirements.
Project objectives are not always well stated at the
outset, which leads to ambiguity in the estimations
needed for project development and affects effective
project management. Accurate resource allocation
requires realistic effort estimates [5].

Recent years have seen the introduction of several
modified ELM algorithms, which have found
application in a wide range of fields, such as deep
learning, device localization using spatiotemporal
data, handling Gaussian and non-Gaussian noise
issues, and estimating gas utilization in blast
furnaces. However, in the systematic literature
search, only one study specifically applied the ELM
technique for (SDEE). The feedforward network is
the most popular kind of (ANN) [8]. It was noted by
Huang et al. that training an ELM can be completed
faster and with better generalization performance
than backpropagation training of a neural network.
We also investigated the accuracy of the software
effort estimation and the best attributes to select for
task estimation. This prompts the following research
questions:

2. RQ1: What qualities are essential for obtaining
more accurate software development task estimates?

3. RQ2: When estimating effort, which machine
learning technique produces the best accuracy?

We examined the relevance that are on par with or

better than those of other models. Among the many
advantages of using Enterprise Life Management
(ELM) in software engineering are time and cost
savings across the course of the project.

2. RELATED WORK
Phase 4
Phase 1 Phase 2 Mo:ii:ﬁing
Data Analysis Select Dataset Using Machine
T_hrough Learning
Literature Techniques
Phase 6
Result
Prediction
Phase 5
A 4 :
Experimental [
Phase 3 Analysis
Data
Preparation
Using Feature
Selection

Oliveira et al. [25] employed a (GA) as ML, and [13]
created a feature model for software task estimation
based on GA. Both studies show that (SDEE) is still
important despite a large body of research from
academia and industry worldwide. The input data,
algorithms, and accuracy evaluation standards are
the main challenges, as they must all be considered
concurrently to reach a well-informed judgment.

Fig. 1. Suggested Approach for Precise Effort Forecasting

Boehm et al. [1] argue that rather than relying just on
one strategy for SDEE, multiple approaches should
be compared to enable better decision-making.
Project size is one of the most crucial input elements
that determine how much effort is put into software
development. The Extreme Learning Machine
(ELM) has gained prominence due to its advantages
over conventional feedforward backpropagation
neural networks. ELM has superior generalization
abilities in addition to being extraordinarily fast.
ELM's straightforward and simple design encouraged
the authors to utilize it for software development
effort estimation. ELM has also been used to forecast
maintainability in object-oriented systems [11].

In these contexts, software development projects are
often bid on and produced concurrently,
necessitating effort estimation early in the project
lifecycle. Estimating effort is essential at the start of
the project. Since the true effort is known by the end,
the model can be adjusted. In this case, online
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sequential  estimation  is most  effective.
Consequently, the study employed the (OS-ELM)
[7], which integrates training and testing stages. Its
efficacy was compared to that of traditional training
and evaluation methods. Additionally, the study
examined the impacts of radial basis functions and
additive hidden nodes, both of which needed an
equal number of parameters to implement. In the
context of optimizing input resources, [27] looked
into the use of the Bees In another study, [26]
highlighted the superiority of evolutionary
algorithms and proposed estimating software
development labor using non-algorithmic methods.
Minku's group conducted experimental research on
automated machine learning ensembles [29], and the
findings showed good performance on a range of
datasets.

3. RESEARCH METHODOLOGY

The process for creating the (ELM) model for is
described in this section. The suggested structure for
precise effort prediction is shown in Figure 1. The
two primary phases of (SDEE) are usually model
creation and model evaluation, often known as
training and testing. The model is constructed using
a subset of the dataset; the remainder is set aside for
testing. A model's capacity to generalize to
previously encountered data may be restricted, even
though it may function well on training data. The
training data is frequently divided into two sets—one
for training and another for validation, when model
parameters are adjusted—to address this problem.
When submitting bids for projects, managers in the
software business must calculate the cost of
development. For software firms, proper -effort
assessment is essential because project costs are
directly related to human labor. Usually, estimates of
program size and other environmental parameters
are used to make this calculation. (RT-ELM) data
used for testing and training. Rather, as new data
becomes available, it concentrates on continuously
learning and confirming its prediction capabilities.
Using the data at hand, the estimating process seeks
to create a link between the dependent and
independent variables.

3.1. Data Set

Function Points are used to measure software size.
There are 77 data points total; 60 are used for testing
and 17 for training. Both size and effort are expressed
in hours and function points, respectively, in the
Maxwell dataset. There are 62 projects in this
dataset; 40 are used for testing, and 22 are for
training. One independent variable (size) and one
dependent variable (effort) were employed in the
study. There are 231 data points in the Lopez
dataset; 163 are utilized for training and 68 are for

testing. Two attributes are included in this dataset:
reused code and new and modified code. While
effort is measured in minutes, code size is measured
in lines of code. The ISBSG dataset includes 532
excellent projects that were created in industrial
settings across many nations. These projects are tiny
in size and were developed in an academic setting.
Of them, 182 are used for testing, while 350 are
utilized for training. There are nine independent
variables in this dataset; the size is expressed in
function points and the effort is expressed in hours.

3.2. Data Set Description

As seen in Table 1, these attributes are categorized as
either numeric or category. Since the "Project ID"
feature had no bearing on the project effort estimate,
only numerical data were chosen for this analysis.
The factors that were independent and dependent
were then determined. The effort needed to finish a
project is the primary topic of software development
effort estimation methods. Consequently, the linked
qualities "Team Experience," "Manager Experience,"
"Year End," "Length," "Transactions," "Entities,"
"Points Non-Adjusted," "Envergure," and "Points
Adjusted" were chosen as independent variables,
while "Effort" was designated as the dependent
variable. The statistical metrics for the independent
and dependent qualities is shown in Table 2. The 81
(length) of 11.7 months, ranging from 1 to 39
months. There is not much of a difference between
the two variables that measure program size, "Points
Non-Adjusted" and "Points Adjusted," with the
average of Points Non-Adjusted being 304 and
Points Adjusted being 289the recorded effort ranged
from 546 to 23,940 person-hours. The distribution of
effort, which is the dependent variable and is
measured in person-hours, is shown by the histogram
in Figure 3. With a few extremely high outliers and
the majority of records concentrated at lower levels,
the data is favourably biased.

3.3. Real Time-Extreme Learning Machine
(RT-ELM)

Due to their ability to learn complex functions,
Artificial Neural Networks (ANNSs) are widely
used

* The potential for local minima to be reached.

« Establishing the stopping criteria.

+ Iterative learning takes a lot of time to
determine weights.

* Choosing the optimal number of layers to attain
the necessary degree of accuracy.

One hidden layer with LLL nodes makes up the
ELM. The output function for NNN unique
samples (xi,t)(x_i, t_1)(x1,ti).

The OS-ELM is appropriate for software
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completion or project bidding due to its
commencement and sequential learning phases.
After learning, the model's parameters are set and
applied to future projections. However, in the lack
of a clear testing phase, the estimating model must
constantly adjust to changing software
development environments and processes.

Comprehensive derivations of OS-ELM can be
found in the literature. This is a synopsis of the
procedure:

o Assign Weights and Biases Randomly:
Random input weights wiw_iwi and
biases bib_ibi are allocated to additive
(ADD) or radial basis function (RBF)
hidden nodes.

e The architecture of ELM improves
learning effectiveness and efficiency
while continuously adapting to new
information.

Since RT-ELM is an extension of OS-ELM for
continuous learning, it is especially well-suited for
the software sector. can be included in the
network. For both types, the effect width for RBF
nodes must be positive, even though the number
of randomly chosen parameters is the same. These
randomly selected variables are set during the
initialization process and may affect the network's
performance.

Figure 2 shows an illustration of the RT-ELM
flow chart. The output vector B\betay for each
input can be changed freely with RT-ELM, in
contrast to conventional techniques that employ
predetermined parameters for training and testing.
Tables 2 through 9 display the statistical
properties of the errors for four distinct datasets
with both constant and variable $\betap for RBF
and ADD nodes. Similar patterns can be seen in
the standard deviations and interquartile ranges,
and as the RMSE falls, the correlation between
the observed and projected data gets better.
Despite the small decrease in the RMSE, there is a
slight loss in correlation with Lopez data.

Out of all of the aforementioned, the newly
created ELM completely avoids iterative learning
[4, 5, 6]. Contrary to popular belief, ELM allows
the random selection of This approach has
outstanding generalization capabilities in addition
to being quick. The use of ELM in numerous
applications has been transformed by this non-
iterative approach. The authors were persuaded to
select ELM for SDEE by these benefits. Project
bidding or projects where = [B1, BL] T between
the output node and the hidden layer of L nodes
in the software industry. Either piece by piece or
chunk by chunk, completion occurs. Thus, the

OS-ELM is appropriate for this use case. stage of
learning in stages. software development
techniques change throughout time. Changes
occur in the development environment.
Additionally, the programmers' output differs.
Therefore, the estimating model needs to be
modified to account for the evolving
circumstances. As a result, there is no testing step
in the learning process. This is a synopsis of OS-
ELM,; [7] contains the full derivation.

« Step 1: Phase of Initialization: One item of data
is used to initialize the ELM. Determine the value
of H, the neural network's hidden layer output
matrix. In [6], it is demonstrated that L< N
hidden neurons are necessary if the activation
function is infinitely differentiable. H stays fixed
when the hidden node weights and biases are set
and B needs to be computed. The lowest norm
least squares solution for the buried neurons (L) in
equation (4). We only need to make an empirical
determination for this parameter. The initial set
(NO) should be at least as large as (L). g(wixNO+
bl) g(wLxNO+ bL) [g(wixj+ bl ) g(wixj+ bL)] =
HOHO is a NO X L matrix. Determine the output's
initial weight. § = HT T, T p(0) = P H TP0To
.The procedure can be checked for the entire
collection of data using Figure 1 depicts the ELM
architecture, with To=[tl,.....,tNO] and PO=(H T
HO0)-1. Each t stands for the actual work being
done on  the project. Put k at
zero.[g(w1,bl,xk+1)...... g(wL,bL,xk+1)] =
hk+1, where k is the processing moment.
Calculate how much work will be required to
complete the project. Pk minus Pkhk+1hTk+1 is
equal to Pk+1 Pk(l1+ hTk+1Pk hk+1)
Pkhk+1(tk+1 - yk+1) + B(k) = B(k+1).

The prediction error, which is = tk+1 — yk+1, is
obtained using the conventional method of
changing parameters through training and testing,
then increasing k and repeating step 2. We have
the option to acquire the output vector, 3, for
every input in RT-ELM. Tables 2, 3, 4, 5, 6, 7, 8,
and 9 display the statistical properties of the
constant and variable f errors.
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Additionally, the number of concealed nodes, L,
should be equal to or larger than the initialization
data points.

Decider/ADD hidden nodes, # hidden
nodes (L)#initialization data

points(NQ)

v

Randomly generate RBF/ADD nodes parameters,
Compute output of the hidden layer
Estimate initial output weight, p©

'

Compute: T0,P0

v

=0

¥ A

Compute partial hidden layer output,
hk+1

Predict effort at the beginning ofthe
project, yk+1

'

Update model parameters at the end of
the project, Pk+1, & . -
Compute prediction error, tk+1 - yk+1

Fig. 2. RMSE for RT-ELM performs

Table :1. Input data, effort, and characteristics.

4 PERFORMANCE EVALUATION OF RT-
ELM

The performance of RT-ELM is investigated using
the MINITAB. To begin, five steps are taken. We
have examined the outcomes for varying
initialization sample counts. More than five
samples do not affect the RT-ELM performance.
RT-ELM is used to equalize the input and output
between 0 and 1. Further research was conducted
using the random parameters for the least mean
square error after the study was completed 100
times. The number of independent variables
(attributes) is equal to

the minimal number of hidden nodes.
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RESULTS

Table :1. Input data, effort, and
characteristics.

4 PERFORMANCE EVALUATION OF
RT-ELM

The performance of RT-ELM is investigated
using the MINITAB. To begin, five steps are
taken. We have examined the outcomes for
varying initialization sample counts. More
than five samples do not affect the RT-ELM
performance. RT-ELM is used to equalize the
input and output between 0 and 1. Further
research was conducted using the random
parameters for the least mean square error
after the study was completed 100 times. The
number of independent variables (attributes)
is equal to

the minimal number of hidden nodes.
Additionally, the number of concealed nodes,
L, should be equal to or larger than the

initialization data points.

Data Set Mean | St.Dev. | Min | Median Max | IQR | Skewness | Kurtosis
Desharnais | 4835 4189 547 | 3543 23941 | 3543 | 2.05 5.31
Maxwell 8224 10501 584 | 5191 63695 | 7210 | 3.36 13.71
Lopez 78.68 | 35.81 12 72 196 49 0.78 0.20
ISBSG 4604 7902 32 2186 61892 | 3615 |4.13 20.61

Bar Graph for Desharnais
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Fig. 3. Bar Graph for Deshamais
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Table: 2. Performance for desharnais data with RBF nodes.

Data | Mean | St. | Min | Median | Max | IQR | Skewness | Kurtosis | Correlation | RMSE
Dev.
Training | 153 2237 | - -33 7309 | 2373 | 2.0 5.3 1.70 2224
3797
Testing, | 1041 | 3667 | - -60 9534 | 3495 | 2.0 4.6 1.50 3706
Bfixed 4801
Testing, | 775 2520 | - 76 7197 | 3529 | 2.1 4.5 1.74 2564
Bvarying 2271
Bar Graph f{iEAIiJI_BUFU_Desharnais
o 4’3&(@, %‘Sﬁp Q@é\‘;\q
Fig. 4. Bar Graph for RBF_Deshamai
Table: 3. Performance for desharnais data with ADD nodes.
Category | Data | Mean | St.Dev. | Min | Median | Max | IQR | Skewness | Kurtosis | Correlation | RMSE
Training | 487 | 2124 | -3463 83.6 | 7309 2305|2.0 |53 1.77 2162
Testing, | 770 |2812 |-1785 -138 | 8677 2448 126 |5.9 1.72 2834
B fixed
Testing, | 558 | 2220 |-1644 -111 | 7205 1963 | 2.8 | 6.8 1.87 2224
B varying
Bar GraphqiELEBF_ISBSG
¢»\<\‘°Q‘ w@*"‘b ﬁé\‘(&l
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Fig. 5. Bar Graph for RBF_ISBSG

Table: 4. Performance for max well data with RBFnodes.

Categor | Dat | Mea | St.De | Mi | Media | Ma | IQ | Skewne | Kurtos | Correlati | RMS
y a n v. n n X R Ss is on E
Trainin | -82 | 5195 | -1046 | - 20690 |363 (2.4 |9.09 0.73 5130
g 552 7 9
Testing | - 9047 | -32819 | - 8996 371 | - 15.01 0.65 8942
, Bfixed | 135 558 8 3.1
4 9
Testing | -82 | 3688 | -7285 | - 8203 369 | 1.1 |4.29 0.66 3604
, 822 5 8
Bvaryin
g

Bar Graph for ADD_Lopez

Mean Value
|
a
Il

—10

—12

-13.40
—1a

< s=d 3
,_;S:\“‘\ Q?‘..\)“E <5

Category

Fig. 6. Bar Graph for ADD_Lopez

Here’s the updated table with +2 added to each value:

Table: 5. Performance for max well data with ADD nodes

Data Mean | St.Dev. | Min | Median | Max IQR | Skewness | Kurtosis | Correlation | RMSE
Training | 1147 6867 - 212 | 21775 | 6410 0.96 5.11 0.50 6877
14352
Testing, | 4429 | 2295 -7866 216 10520 | 7044 4.10 18.61 0.19 22837
Bfixed

O
S

<& S

&

Category
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Testing, 1355 8666 -7466 0.24 | 35216 | 6467 2.80 11.80 0.34 8574
Bvarying
Fig. 7. Bar Graph for RBF_Lopez
Table: 6. Performance for lopez data with RBFnodes.
Data Mean | St.Dev. | Min | Median | Max | IQR | Skewness | Kurtosis | Correlation | RMSE
Training 3.42 | 25.78 - 1.42 74.92 | 32.61 | 0.50 2.82 0.71 25.75
42.31
Testing, Bfixed | - 34.68 - -6.58 49.92 | 44.34 | -0.21 2.29 0.29 36.87
10.80 83.48
Testing, -6.94 | 31.46 - -2.77 51.42 | 51.47 | -0.26 2.11 0.26 2.58
Bvarying 80.21
Fig. 8. Bar Graph for ADD Maxwell
Table :7. Performance for lopez data with ADD nodes.
Data Mean | St.Dev. | Min | Median | Max | IQR | Skewness | Kurtosis | Correlation | RMSE
Training 2.83 25.80 - 0.23 | 72.55|31.79 0.49 2.80 0.71 25.74
43.31
Testing, Bfixed - 33.65 - -8.28 | 47.94 | 50.00 -0.27 2.21 0.28 36.15
11.40 86.85
Testing, -7.53 | 30.94 - -3.43 49.99 1 43.12 | -0.21 2.34 0.31 32.27
Bvarying 81.66
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Bar Graph for RBF_Maxwell
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Fig. 9. Bar Graph for RBF_Maxwell

Table: 8. Performance for ISBSG data with RBFnodes.

Data | Mea | St.De | Min | Media | Max | IQ | Skewne | Kurtosi | Correlatio | RMS
n v. n R Ss s n E

Trainin | 391 | 4281 - -422 3735 | 323 | 3.12 22.75 0.52 4293
g 1038 6 0

0
Testing | 456 | 7270 - -577 5392 | 364 | 3.76 24.54 0.46 7265
, Bfixed 1682 8 6

8
Testing | 399 | 6985 - 571 5375 | 305 | 3.70 25.48 0.48 6976
, 1814 3 7
Bvaryin 5
g

Bar Graph for ADD_Desharnais
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Fig. 10. Bar Graph for ADD_Deshamais
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Table: 9. Performance for ISBSG data with ADD nodes.

Data | Mean | St.Dev. | Min | Median | Max | IQR | Skewness | Kurtosis | Correlation | RMSE
Training | 365 4375 - -360 44344 | 3139 | 3.95 35.31 0.52 4383
10553
Testing, |-161 | 9913 - -715 40334 | 3442 | -5.43 69.61 0.46 9887
Bfixed 10373
Testing, | 153 5627 - -872 35583 | 2701 | 2.69 16.01 0.54 5613
Bvarying 18245
. Bﬂar G.Lta;Ph for Desharnais
dg}\ée"” ‘5@4‘5\ =¥ &
Fig. 11. Bar Graph
for Deshamais
5 PERFORMANCE EVALUATION
The effectiveness of the implemented ELM learning method is contrasted in this section with that of the
KNN algorithm, the LR algorithm, the SVM algorithm, and the conventional back-propagation (MLP)
technique. With the aid of Python programs, the simulations of all methods are conducted in the Jupiter
Notebook environment on a computer equipped with an Intel Core i7 CPU operating at 2.1 GHz and 8
gigabytes of random-access memory.
Table 10: Contrast the suggested model with benchmark models that use various metrics.
Table 10: Comparison of proposed models with benchmarks using various metrics
Model MAE MBRE MIBRE SA
Proposed ELM 2312.7 1.156 0.536 70.9
ANN Model (Nassif et al., 2019) 5656 - - -
Fuzzy Model (Nassif et al., 2019) 4927 1.856 0.906 56
MLR Model (Nassif et al., 2019) 5538. 3.358 0.795 48
‘ 3515 © 2025 European Journal of Clinical Pharmacy; All Right Reserved
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——- significance Level (0.05)

oT

Models

Fig. 11. Comparison with existing techniques

Table 10 shows that the suggested model outperforms the
benchmark models in terms of features and usefulness.
The best-performing ANN or fuzzy model is believed to
have an MAE half that of the suggested ELM model.
The section above displays the error estimates of several
machine learning models on the ISBSG dataset. The
findings demonstrate that the suggested ELM-based
strategy is effective for the SEE. However, the outcomes
of these machine-learning models must be verified.

Fig. 12. Results from the Wilcoxon test for the proposed ELM model.

We evaluated each effort estimating method's accuracy and precision using simulations; Table 4 demonstrates that,
out of all the methods employed in the study, the ELM produced the best outcomes.

Comparison of Benchmark and Proposed ELM Models
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Fig. 13. presents what the suggested model indicates.

an increase in the MAE of 53.08 for the ISBSG dataset. Imp stands for Improvement in this instance. The goal of
software engineering is to meet the project's effort and financial needs while delivering high-quality results that
adhere to the project management strategy. We may also highlight the potential advantages of machine learning for
software engineering. This is necessary since software engineering is focused on accomplishing these objectives.
This implies that the project team may be able to efficiently manage estimated uncertainties throughout the project
lifecycle by employing machine learning techniques to forecast software development tasks. This will ultimately
result in project deliverables that are of a higher standard relative to the required work and expense.

DISCUSSION

Extreme Learning Machines (ELMs) are a cutting-
edge method of machine learning that works
especially. This approach tackles the crucial problem
of precisely forecasting project effort, which is
necessary for resource allocation and project
planning. With their quick training times and

capacity to represent intricate, non-linear
relationships in high-dimensional data, ELMs offer a
distinct advantage over traditional estimating
methods, which frequently rely on expert judgment
or previous data analysis. ELMs can produce more
precise forecasts based on past project data by
utilizing attributes like lines of code, project
complexity, team experience, and technology stack.
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Although they are appealing substitutes for
traditional models due to their speed and
generalization abilities, they also present difficulties,
such as the demand for interpretability and data
quality. Hyperparameter adjustment and integration
with current estimate techniques may be necessary
for the successful implementation of ELMs in order
to improve dependability. Case studies have shown
that ELMs can outperform conventional methods,
opening the door for further research that looks into
integrating ELMs with real-time data integration or
other machine learning techniques.

7 CONCLUSIONS

Projects are completed either in parallel or
sequentially in any software sector. It is normal to,
which may be accomplished with RT-ELM, which
updates the output weights for every project. Based
on the eight scenarios examined here, it can be said
that RT-ELM provides greater accuracy than
anticipating effort and setting parameters. This
ontology is expected to play a significant role in the
future. (ELMs) have shown themselves to be a
successful and efficient method Their rapid learning
speeds and capacity to manage big datasets and non-
linear interactions make them appropriate for the
complex and dynamic nature of software project
estimating. ELMs typically offer higher accuracy and
need less computing time than conventional
techniques like regression models, expert judgment,
analogy-based estimates, and artificial bee colony
algorithms. By adjusting model parameters, these
hybrids improve predictions in practical software
projects by utilizing the advantages of both ELM and
metaheuristic algorithms. While ELM-based models
have performed better in numerous experiments,
they still have drawbacks such as sensitivity to the
input data quality and the requirement for
meticulous hyperparameter tweaking.
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