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The LOS-04 project, a tertiary irrigation work package of the
Rentang Irrigation Modernization Project (RIMP), has been
ongoing for 26 months with a physical progress of 60.95%. This
study aims to analyze project performance and predict the final
cost and completion time by integrating Earned Value
Management (EVM) with Artificial Neural Network (ANN). The
EVM analysis revealed a Cost Performance Index (CPI) of 0.975
Project Performance and a S_cheqlule Per_fornjance Index (SPI) of 0.6_87,_ i_ndicating that
S| the project is experiencing cost overruns and significant schedule
CPI delays. To improve forecasting accuracy, an ANN model was
developed using historical project data. The integration of EVM
and ANN predicts a final project cost of Rp. 150.2 billion and a
total duration of 52 months. These findings provide critical
insights for project monitoring and evaluation, allowing
stakeholders to formulate necessary corrective actions to mitigate
further risks.
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is dominated by execution and control activities. The
implementation of project control is crucial for the
successful execution of construction projects [5], as
continuous monitoring is required to ensure the project

1. Introduction

A construction project is a series of activities designed to
produce a unique product within specific constraints of

time, cost, and resources. [1]. The success of these
temporary endeavors relies heavily on effective project
management, spanning from initiation to closure [2].
Implementing good project management practices aims
to minimize failure risks and increase the probability of
success at every stage of the project lifecycle [3].
According to  Ervianto, project management
encompasses how a project manager appropriately
allocates and manages the resources involved in the
project efficiently [4]. In practice, the construction phase
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remains within the triple constraint. The triple constraint
describes the interdependent relationship between time,
cost, and quality (scope), where a change in one element
will significantly affect the others [6]. For instance,
changes in the scope of work will directly impact time
and costs, necessitating balanced management to achieve
project objectives effectively and efficiently.

Various project control methods have been widely
utilized. The Critical Path Method (CPM) is used to
identify the critical path in a series of activities [7], while
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the Project Evaluation and Review Technique (PERT)
serves as a tool for scheduling and coordination [8]. and
one method that describes the performance of a project
by integrating time and cost data is called Earned Value
Management (EVM) [9]. This method is used to
determine whether the performance of time, cost, and
work achievement aligns with the plan [10]. Besides
identifying delays and cost overruns [11] EVM can also
predict the final completion cost and time under the
assumption that current performance trends will
continue until the project is completed.

While EVM is effective for monitoring the current
status of a project, it has limitations in predicting the
final outcomes of projects with high uncertainty. EVM
generally employs a linear approach, assuming that
future performance will remain constant following past
trends [12]. However, construction projects often exhibit
complex, non-linear dynamics that are difficult to
capture using conventional statistical methods or simple

linear regression. Therefore, a more adaptive
computational approach is required to improve
prediction accuracy. Advances in information

technology and scientific analysis methods have
introduced the Artificial Neural Network (ANN) as a
solution for complex time-series forecasting problems
[13]. Recent empirical studies have substantiated this
advantage. For instance, Yal¢in et al. demonstrated that
ANN models significantly outperform traditional EVM-
based methods, achieving prediction error rates (MAPE)
as low as 0.23% compared to conventional regression
techniques [14].

ANN is a soft computing approach that mimics the
information transfer process of the human brain. The
advantage of ANN lies in its capacity to understand,
remember, and generalize patterns from training data
without the need for explicit function specifications [13].
Moreover, ANN has proven particularly effective in
handling scenarios with limited information. Al-Gahtani
et al. demonstrated that ANN models can overcome data
limitations to produce accurate cost predictions even at
the early stages of a project [15]. Similarly, Al-Attar et
al. confirmed that ANN enhances duration estimation
accuracy during initial planning phases where historical
data is often scarce or unavailable [16]. Several previous
studies have demonstrated the effectiveness of ANN.
The ANN model developed by Trijeti proved capable of
predicting construction project costs and duration based
on building parameters [17]. Furthermore, the
integration of EVM with ANN was demonstrated by
Setiyono to improve time performance prediction
accuracy [18], as well as the combination of EVM and
ANN with dynamic parameters for road project schedule
prediction by Soetjipto [19].

These studies prove that ANN is a potential solution
for predicting project costs and duration. However, most
previous studies have focused on building or highway

projects. This study offers a specific contribution by
applying performance analysis and cost-time prediction
to a tertiary irrigation project, namely the Rentang
Irrigation Modernization Project (RIMP) LOS-04.
Irrigation  projects  possess  unique  technical
characteristics and environmental challenges compared
to other infrastructure projects. Therefore, this study will
conduct an EVM-based performance analysis, followed
by a prediction analysis using the integration of EVM
and ANN. The prediction results from this model are
expected to assist project managers in conducting
evaluations and formulating more accurate and targeted
corrective actions.

2. Research Methodology

2.1.Study Area
The research site was the Rentang Irrigation
Modernization Project (RIMP) LOS-04 project in
Indramayu, West Java, Indonesia. This project covers a
significantly large service area of 6,776 hectares and
involves a canal length of 150 km. The project's
complexity makes it a suitable case study for
implementing advanced project control methods.

Figure 1 Lokasi Penelitian

2.2.Collection Data
The data acquisition process focused on obtaining
historical and current project performance metrics. To
ensure data validity, this study utilized secondary data
derived from verified monthly progress reports provided
by the project contractor, spanning 26 months of the
ongoing construction period. Although this dataset is
considered relatively small compared to massive data
mining applications, recent studies by Al-Gahtani et al.
confirm that ANN models can be effectively trained to
produce accurate predictions even with limited datasets,
provided that appropriate pre-processing is utilized [15].

The data collected includes: (1) S-Curve
representing cumulative planned progress; (2) Work
Breakdown Structure (WBS); (3) Budget Plan (RAB);
and (4) Actual Progress Reports providing realized Cost
and Schedule data.

2.3. Methodology
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2.3.1. Analysis Indicators of Earned Value
To conduct a project performance analysis using earned
value, it is necessary to perform a basic measurement of
earned value based on the standards defined by the
Project Management Institute (PMBOK). Key EVM
indicators measured include Planned Value (PV), Actual
Cost (AC), and Earned Value (EV) which represents the
budgeted cost of work performed. These metrics serve as
the baseline for performance analysis and are compared
against the Budget at Completion (BAC) [20].

2.3.2. Project Performance Analysis Using
the Earned Value Method

Variance analysis is used to measure the deviation
between the planned and actual costs of work that has
been carried out based on time reporting [21]. Cost
Variance (CV) is used to measure the deviation between
the planned and actual costs..

CV = EV — AC (1)
Schedule Variance (SV) is used to measure the deviation
of actual progress and planned progress.

SV = EV — PV (2)
Positive variances indicate that the project is progressing
ahead of schedule or under budget, whereas negative
values signify schedule delays or cost overruns.

Cost Performance Index (CPI) is a comparison of the
planned and actual budget that has been spent on work
that has been carried out [21].

CPI = EV/AC (3)
Schedule Performance Index (SPI) is a comparison
between the plan and the actual progress that has been
implemented[21].

SPI = EV/PV (4)

2.3.3. Earned Value Cost and Time Estimation
Analysis
Estimate at Completion (EAC) is an estimate of the cost
of the remaining work, assuming that the project
performance trend remains the same until the end of the
project [21].
If the work progress percentage is less than 50% then the
formula used is

ETC = (Budget Cost — EV) (5)
If the work progress percentage is above 50%, the
formula used is

ETC = (Budget Cost — EV)/CPI (6)
So the EAC for the total cost required for the project to
be completed is

EAC = AC +ETC (7
Time Estimate (TE) is the estimated time for project
completion [21]. The assumption used to estimate the
completion time is the tendency for project performance
to remain the same as at the time of the review or the
time already completed (ATE).

TE = ATE + (0D — (ATE x SPI))/SPI (8)

2.3.4. Cost and Time Prediction Using
ANN

This study utilizes the Multilayer Perceptron (MLP)
architecture [17][22], utilizing the backpropagation
algorithm to minimize errors through iterative weight
updates [26]. The network comprises input, hidden, and
output layers [23], as illustrated in Figure 2. To optimize
performance and prevent overfitting, the number of
hidden neurons was experimentally varied from 1 to 10
based on statistical criteria [24][25].
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Figure 2 Multilayered Perceptron (MLP) ANN Architecture
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The model employs a bipolar sigmoid activation
function for the hidden layer and a linear function for the
output. Training is conducted iteratively using the
Levenberg-Marquardt function until the Root Mean
Squared Error (RMSE) is minimized [23][27]. To ensure
robust generalization, the dataset was partitioned into
70% training, 15% validation, and 15% testing [28]
Although the dataset is limited to 26 months, previous
studies confirm that ANN remains effective for early-
stage predictions with proper pre-processing [14][15].

3. Results and Discussion

3.1. Analysis of Key Indicators of Earned Value
The analysis begins by evaluating the primary data
obtained from the project. The contract value for the
RIMP LOS-04 project is Rp 144,904,478,916.50 with a
planned project completion time of 36 months. Based on
the verified progress reports, the project has been
running for 26 months with actual physical progress
reaching 60.95%.
The calculation of the main earned value indicators (PV,
EV, and AC) was carried out up to the 26th month based
on the standards defined in the Project Management
Body of Knowledge [21]. Based on the calculation, the
Planned Value (PV) derived from the cumulative
planned progress of 88.73% reached Rp
128,577,670,850. Simultaneously, the Earned Value
(EV), reflecting the actual physical progress of 60.95%,
amounted to Rp 88,317,659,949. Furthermore, the
Actual Cost (AC), representing the total direct and
indirect costs incurred, was recorded at Rp
90,584,136,905. The complete recapitulation of the main



earned value indicators from the 1st to the 26th month

can be seen in Table 2.
Table 1. Earned Value Analysis Project
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Month SV Ccv SPI CPI
8 -Rp27,229,826,389 -Rp2,252,976,401 0.23 0.78
9 -Rp27,400,972,451 -Rp3,298,798,838 0.29 0.77
10 -Rp22,758,821,463 -Rp1,678,097,159 0.46 0.92
11 -Rp25,596,842,788 -Rp2,078,808,071 0.43 0.90
12 -Rp28,556,588,051 -Rp2,478,356,516 0.41 0.89
13 -Rp29,695,210,484 -Rp1,222,337,474 0.42 0.95
14 -Rp29,692,485,091 -Rp1,313,322,442 0.46 0.95
15 -Rp36,406,073,376 -Rp2,132,668,407 0.43 0.93
16 -Rp40,033,483,914 -Rp1,850,173,883 0.46 0.95
17 -Rp44,269,754,628 -Rp1,927,260,946 0.47 0.95
18 -Rp45,795,297,480 -Rp2,351,020,189 0.50 0.95
19 -Rp50,438,245,203 -Rp3,426,278,319 0.50 0.94
20 -Rp55,137,991,394 -Rp2,689,159,282 0.50 0.95
21 -Rp54,513,919,372 -Rp6,526,842,632 0.52 0.90
22 -Rp50,194,937,703 -Rp2,864,424,718 0.57 0.96
23 -Rp49,593,918,142 -Rp5,563,026,609 0.59 0.93
24 -Rp46,459,047,839 -Rp4,727,111,473 0.63 0.94
25 -Rp42,596,715,681 -Rp2,827,443,914 0.66 0.97
26 -Rp40,260,010,900 -Rp2,266,476,955 0.69 0.97

Month PV EV AC
1 Rp528,214,959 Rp71,582,777 Rp159,394,926
2 Rp1,056,429,919 Rp288,619,697 Rp507,165,676
3 Rp1,601,729,254 Rp335,468,030 Rp825,955,529
4 Rp5,254,101,547 Rp812,764,346  Rp2,028,662,704
5 Rp10,062,381,740  Rp2,275531,408  Rp3,941,401,826
6 Rpl8,445764,946  Rpd 480,936,028  Rp5,274,523,032
7 Rp26,753738,643  Rp5,856,121,708  Rp6,593,153,790
8 Rp35337,520230  Rp8,107,693,841  Rp10,360,670,242
9 Rp38,578,131,056  Rpl1,177,158,605 Rpl4,475,957,443
10 Rp41,818,741,882 Rpl9,059,920,419  Rp20,738,017,579
11 Rp45,059,700,953  Rpl9,462,858,164  Rp21,541,666,236
12 Rp48,286,948,301  Rpl9,730,360,250  Rp22,208,716,766
13 Rp51,541,666,053  Rp21,846,455569  Rp23,068,793,043
14 Rp54,795249,156  Rp25,102,764,064  Rp26,416,086,506
15 Rp64,239,651,208  Rp27,833577,832  Rp29,966,246,239
16 Rp73,684,907,366  Rp33,651,423451  Rp35,501,597,334
17 Rp83,031,671,361 Rp38,761,916,732  Rp40,689,177,679
18 Rp92,378,519,821  Rp46,583,222,340  Rp48,934,242,530
19 Rpl01,481560,508 Rp51,043,315304  Rp54,469,593,624
20 Rp110,584,509,053 Rp55,446,517,658  Rp58,135,676,941
21 Rpl13,915716557 Rp59,401,797,184  Rp65,928,639,817
22 Rpll17,246924061 Rp67,051,986,358  Rp69,916,411,077
23 Rpl20578,131,566 Rp70,984,213,423  Rp76,547,240,032
24 Rp123,947,839,614 Rp77,488,791,774  Rp82,215,903,247
25  Rp126,262,755232  Rp83,666,039,550  Rp86,493,483 465
26 Rpl28577,670,850 Rps88,317,659,949  Rp90,584,136,905

Based on Table 2, it is observed that both EV and AC
values are consistently below the PV curve, indicating
potential deviations in production performance.

3.2.Project Cost and Time Performance
Analysis
The project performance analysis focuses on the
variance between actual implementation and the baseline
plan. Based on the total planned duration of 36 months,
the project performance indicators (CV, SV, SPI, CPI)
over 26 months are presented in Table 3.

Table 2. Project Performance

Month SV Ccv SPI CPI
1 -Rp456,632,182 -Rp87,812,149 0.14 0.45
2 -Rp767,810,222 -Rp218,545,978 0.27 0.57
3 -Rp1,266,261,223 -Rp490,487,499 0.21 0.40
4 -Rp4,441,337,201 -Rp1,215,898,358 0.15 0.40
5 -Rp7,786,850,332 -Rp1,665,870,418 0.23 0.58
6 -Rp13,964,828,918 -Rp793,587,004 0.24 0.85
7 -Rp20,897,616,935 -Rp737,032,082 0.22 0.89

Based on the data in Table 3, the analysis reveals critical
insights regarding the project's health. In terms of
variances, both Cost Variance (CV) and Schedule
Variance (SV) consistently demonstrate negative values
throughout the observed period (Months 1-26).
Specifically, the negative CV indicates that the Actual
Cost (AC) exceeds the Earned Value (EV), resulting in a
continuous cost overrun. Simultaneously, the negative
SV signifies that the Earned Value (EV) is lower than the
Planned Value (PV), confirming that the project
execution is significantly lagging behind the baseline
schedule [21].

Furthermore, the performance indices reinforce this
observation of inefficiency. The Schedule Performance
Index (SPI) is consistently recorded below the threshold
of 1.0, with the 26th month showing an SP1 of 0.69. This
value confirms that the project is progressing at only
69% of the planned efficiency, resulting in a severe
schedule delay. Similarly, the Cost Performance Index
(CPI) stands at 0.97 (CPI < 1.0), which indicates that for
every unit of cost expended, the project only earns 0.97
units of wvalue. Although the cost inefficiency is
relatively mild compared to the time delay, both
indicators suggest that the project is underperforming.
Consequently, corrective actions need to be prioritized
to address the significant time lag while maintaining cost
control to prevent further inefficiencies in the remaining
period.

3.3.Cost and Time Prediction Analysis
(EVM Method)

Before implementing the ANN model, a baseline

prediction was calculated using the standard EVM

4
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method. This method assumes that the current
performance trend (linear) will continue until project
completion.

(1) Time Estimate at Completion (TEAC)
Given the project is more than 50% complete with a
duration of 26 months, the time required is estimated
using the current SPI;

Original Duration (OD) = 36 months
Actual Time Expended (ATE) = 26 months

SPI,, = 0,69

36—(26%0,69)
0,69

(2) Cost Estimate at Completion (CEAC)
The CEAC calculation predicts the final cost based on
the current CPI performance:

TEAC = 26 + = 52 months
( )

BAC = Rp.144,904,478,916.50
BCWP = Rp.88,317,659,949.83
CPlys = 0,97

Rp.144,904,478,916 — Rp.88,317,659,949

EAC=A
CEAC C+ 0,97

CEAC = Rp. 90,584,136,905 + Rp. 58,497,488,934
CEAC = Rp.148,623,131,135.80

The standard EVM prediction indicates a potential delay
of 16 months (Total 52 months) and a cost overrun
reaching Rp 148.6 Billion. These results rely on linear
extrapolation, which may not fully capture dynamic
project fluctuations.

3.4.Data Normalization and Dataset
Sharing

To enhance prediction accuracy using the Artificial
Neural Network (ANN), the dataset comprising 26
months of time-series records was first processed. The
initial stage involved data normalization, which was
performed using the mapminmax function within the
MATLAB software. This function scales the input
values into a range of [-1, 1]. This specific range was
selected based on the characteristics of earned value
variances, such as Schedule Variance (SV) and Cost
Variance (CV), which can vyield negative values;
therefore, the [-1, 1] range is considered more
representative for detecting performance fluctuations
compared to a standard [0, 1] range.

Subsequently, for model development purposes, the
dataset was partitioned into three subsets with a
proportion of 70% for training, 15% for validation, and
15% for testing. Specifically, this division resulted in 18
data points for the training set, 4 data points for the
validation set, and 4 data points for the testing set. The
data division was carried out sequentially using the

internal algorithm of the MATLAB system to ensure an
unbiased and representative data distribution.

Although the dataset size of 26 data points is constrained
by the ongoing nature of the project, this partitioning
strategy is scientifically grounded. Al-Attar et al.
emphasize that ANN models can perform effectively
with small- to medium-sized datasets in ongoing
construction stages provided the data quality is high [16].
Furthermore, Al-Gahtani et al. demonstrated that
applying strict validation splits, such as the 15%
validation applied in this study, allows the model to
generalize patterns effectively and prevent overfitting
even when historical data is limited [15]

3.5. Architecture ANN

The ANN structure was modeled using MATLAB
R2025a software. The architecture consists of three
distinct layers: the input layer, the hidden layer, and the
output layer. The model utilizes the Backpropagation
algorithm with the Levenberg-Marquardt training
function, which is chosen for its efficiency and speed in
converging errors, particularly suitable for the dataset
size used in this study. The activation function employed
in the hidden layer is the bipolar sigmoid function
(tansig), while the output layer uses a linear function
(purelin). The learning rate is set at 0.001 to ensure stable
weight adjustments during the training process.

To determine the most accurate prediction model, the
training process involved a systematic trial-and-error
experiment. The number of neurons in the hidden layer
was varied from 1 to 10 neurons to identify the optimal
configuration that minimizes the error. The input layer
consists of 7 parameters derived from the earned value
calculation (PV, EV, AC, CV, SV, CPI, and SPI), and
the output layer generates the predicted Time or Cost..

The visualization of these optimal ANN architectures
can be seen in Figure 3 for time prediction and Figure 4
for cost prediction.
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Figure 3. ANN Structure
Model for Time Prediction

Figure 4. ANN Structure
Model for Cost Prediction

For the ANN structure model, the time prediction uses a
7-7-1 configuration, and the ANN structure model for
the cost prediction uses a 7-5-1 configuration.

3.6. Performance Plot Evaluation
Model evaluation is measured using four indicators
shown by the ANN: performance, error histogram,
training state plot, and regression plot. The previously
performed modeling resulted in an optimal structure
between cost and time predictions.

3.6.1. Performance Plot

The performance plot displays the trend of Mean
Squared Error (MSE) values in the training, validation,
and testing data. Based on the performance plot results,
the three main processes of the ANN (training,
validation, and testing) should show a downward trend,
or the resulting error value should approach 0, indicating
that the ANN structure model is working optimally. The
results of the performance plot of the ANN structure
used for prediction in terms of both time and cost are
shown in Figure 5 and Figure 6.

Best Validation Performance is 9.9873¢-06 at epoch 47

Mean Squared Error (mse)

o 5 ) 15 20 3 3 0
48 Epochs

Figure 5: Performance Plot of Time Prediction

In the MSE trend shown in Figure 5, the training and
validation curves continue to decrease, and the MSE
value of the best validation is achieved at the 47th epoch.
This illustrates that the model reaches its best
performance at this point with an extremely low error
value of 0.0000099873. Crucially, there is no indication

of overfitting because the error in the validation data
remains stable and decreases alongside the training data.
Although the error in the testing data is slightly higher,
it follows a trend very close to the validation and training
curves, confirming good generalization.

Best Validation Performance is 8.0986e-05 at epoch 7

10°

Mean Squared Error {mse)

4 5 [ s
10 Epochs

Figure 6. Performance Plot of Cost Prediction

Based on Figure 6 for cost prediction, the model
achieved the best performance in epoch 7 with an error
value of 0.00008098. During training, the error
continued to decline. However, after the 7th epoch, the
validation line trend starts to increase slightly, which
could be an early sign of overfitting. This phenomenon
is often observed in small datasets where the model
begins to memorize the training data rather than learning
general patterns. To mitigate this, the Early Stopping
mechanism (indicated by the green circle) was
automatically triggered at epoch 7, ensuring that the
model saved is the one with the best generalization
capability before any overfitting occurred..
3.6.2. Error Histogram

The error histogram analysis provides insights into the
distribution of prediction errors, aiming to observe how
closely the errors cluster around the zero value. A narrow
distribution centered at zero indicates a highly accurate
model. The error distributions for the time and cost
prediction models are presented in Figure 7 and Figure
8, respectively.

—
12 —
—

Instances

Errors = Targets - Outputs

Figure 7. Error Histogram of Time Prediction

As shown in Figure 7, the error distribution for the time
prediction model is densely concentrated around the zero
mark. The histogram bins for training, validation, and
testing datasets converge within the same narrow range,
indicating consistent model performance across all data
subsets. Although there are minor outliers in the test

6
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data, their magnitude is negligible and does not disrupt
the overall pattern. This histogram confirms the model's
strong generalization capability and minimal risk of
overfitting.

Error Histogram with 20 Bins

Instances

.
.
.

The histogram for cost prediction in Figure 8 exhibits a
slightly more spread-out distribution but remains
effectively centered around zero. The errors are
dominantly concentrated in the range of -0.001 to 0.006,
which represents a very low deviation relative to the total
project cost. While there are a few outliers in the test data
(in the range of 0.057 to 0.061), this is typical for
stochastic modeling in complex projects. The dominant
positive error distribution indicates a slight tendency for
the model to underestimate, but the high concentration
near zero confirms that the model remains reliable for
practical implementation without requiring significant
structural restructuring.
3.6.3. Training State

The training state evaluation

00037

Errors = Targets - Outputs

Figure 8. Error Histogram of Cost Prediction

provides critical

information regarding the stability and convergence of
the learning process. It monitors parameters such as
Gradient, Mu (momentum), and Validation Checks
during the training epochs.

Gradient = 0.00037654, at epoch 48

L s s +
1300 * 44 _,0000"“00&\00‘0}0000%0000%0000_0(‘0000%00
48 Epochs

Figure 9. Training State Prediction Time

For the time prediction model Figure 9, the training
proceeded consistently for 48 epochs. The gradient value
decreased significantly to a very small magnitude,
indicating that the network successfully reached optimal
convergence. This stability is supported by the Mu value,
which stabilized at 0.00001, suggesting that the model
required only minute weight adjustments in the final
stages. Notably, validation checks occurred only once,
which implies that the validation error continued to

decrease throughout the training, reinforcing the
conclusion that the risk of overfitting was minimal.

WMu = 16-06, at epoch 10

Figure 10. Training State Cost Prediction

In the case of the cost prediction model Figure 10, the
training was completed in 10 epochs, demonstrating
rapid learning. The model exhibited a sharp and
controlled gradient descent, reaching a value of 0.00866.
The Mu parameter decreased aggressively from 0.001 to
0.000001, indicating the model's ability to adapt quickly
to the data patterns. Although validation checks were
triggered three times, this activation serves as a
safeguard. It functions as an Early Stopping mechanism
that successfully halted the training process before the
model could overfit, thereby preserving its
generalization ability on unseen data.

3.6.4. Data Regression Plot
The ANN regression analysis aims to measure the
correlation between the network's predicted outputs and
the actual target values. The primary indicator of success
is the correlation coefficient (R), where an R value close
to 1 indicates that the network has successfully learned
the patterns in the data.

Training: R=0.9999

s Validation: R=0.99993

Output ~= 0.99*Target + -0.011
Output ~= 1°Target + 0.015

0.5 0 05 0.5 0 05
Target Target

Test: R=0.99999

All: R=0.99981

Output ~= 0.97*Target + -0.034
Output ~= 0.98*Target + -0.015

A 0.5 0
Target

T o o
Target

Figure 11. Time Prediction Regression

Figure 11, displays the regression results for the Time
Prediction model across four subsets: training,
validation, testing, and overall. The results demonstrate
exceptional accuracy, with the Training set achieving an
R value of 0.9999, indicating that the model accurately
captured the training patterns. More importantly, the

7
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Validation set yielded a correlation of 0.99993, and the
Test set achieved 0.999993. These high values on unseen
data confirm that the model possesses excellent
generalization capabilities and effectively negates
concerns regarding overfitting, despite the limited
dataset size.

s Vvalidation: R=0.99993

Training: R=0.9939

Output ~= 0.99*Target + -0.011
Output ~= 1*Target + 0.015

5 o s 05 o 05
Target Target

Test: R=0.99939 All: R=0.99981

Output ~= 0.97*Target + -0.034
Output ~= 0.98Target + -0.015

15 0 05 05 o
Target Target

Figure 12. Cost Prediction Regression

Similarly, Figure 12 shows the regression results for
cost prediction, presents the regression analysis for the
Cost Prediction model. The results show consistent high
performance across all subsets, with correlation
coefficients (R) consistently approaching 1. The training
process demonstrates that the model effectively learned
the cost patterns. Furthermore, the validation and testing
results (both showing R = 0.99) confirm that the model
remains reliable and stable when applied to new data
outside the training set.

RMSE Evaluation for Architecture Selection In addition
to the regression plots, the Root Mean Square Error
(RMSE) was used as the decisive metric to select the
optimal hidden layer configuration. The model was
tested with a range of hidden neurons from 1 to 10. The
goal was to identify the structure that offers the lowest
RMSE while maintaining structural simplicity.

The comparison of RMSE values for different ANN

architectures is summarized in Table 4
Table 4. RMSE Model ANN

Model ANN  Time Cost
RMSE RMSE
7-1-1 0.0980 0,1500
7-2-1 0,0664 0,0129
7-3-1 0,0463 0,0297
7-4-1 0,0456 0,1009
7-5-1 0,0714 0,0163
7-6-1 0,0283 0,0762
7-7-1 0,0104 0,0103
7-8-1 0,1141 0,0180
7-9-1 0,1428 0,1632

Model ANN  Time Cost
RMSE RMSE
7-10-1 0,0571 0,0164

Based on the experimental data in Table 4, the 7-7-1
structure was selected for time prediction (RMSE =
0.0104) and the 7-5-1 structure for cost prediction
(RMSE = 0.0163). Although some structures (like 7-7-1
for cost) showed slightly lower training errors, the
selected architectures provided the best balance between
low error and validation stability, preventing the risks
associated with overly complex networks.

3.7.Cost and Time Prediction Using ANN
Based on the validated ANN architecture and training
results, the final predictions for the project's completion
time and cost were generated. These predictions utilize
the learned patterns from the 26-month dataset to project
the trajectory until the p[oject reaches 100% progress.

‘‘‘‘‘ ikei va Aktual - ANN

—— A

260+

Figure 13. Time Prediction Graph using ANN

As illustrated in Figure 13, the ANN model predicts that
the Time Estimate at Completion (TEAC) is 52.07
months. This result is consistent with the standard EVM
projection calculated previously, confirming that the
schedule delay is structural and persistent.
Consequently, the project is estimated to face a
significant delay of approximately 16 months from the
original contract duration of 36 months.

Prodiksi va Aktual - ANN

Figure 14. Cost Prediction Graph using ANN

Regarding the cost aspect, Figure 14 indicates that the
ANN predicts a Cost Estimate at Completion (CEAC) of
Rp 150,201,645,698.27. This prediction presents a
notable finding when compared to the standard EVM
linear calculation (Rp 148,623,131,135.80). The ANN
model predicts a final cost that is approximately Rp 1.58
Billion higher than the standard method. This difference
highlights the superiority of the ANN method; while
standard EVM relies on simple linear extrapolation, the
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ANN captures non-linear fluctuations and recent
inefficiencies in the cost data, suggesting that the actual
cost overrun risk is higher than what is visible through
traditional calculation methods.

Based on these findings, the project management team is
strongly advised to prepare a contract addendum for a
time extension of roughly 16 months. Furthermore,
regarding the budget, the management should anticipate
a total cost overrun of approximately Rp 5.3 Billion (the
difference between the Contract Value of Rp 144.9
Billion and the ANN Prediction of Rp 150.2 Billion).
The ANN's ability to provide this "early warning" allows
the management to take mitigation steps earlier
compared to relying solely on linear projections.

4. Conclusion
Based on the project performance analysis and the
predictive modeling conducted using the 26-month
dataset, the following conclusions are drawn:

(1) Based on the analysis up to the 26th month, the
project is experiencing significant deviations
from the baseline plan. The physical realization
only reached 60.95% against the target of
88.73%. This delay is quantified by the
Schedule Performance Index (SPI) of 0.69,
indicating poor time performance, and a Cost
Performance Index (CPI) of 0.97, indicating
mild cost inefficiency.

(2) Despite the constraints of limited data
characteristic of an ongoing project, the ANN
model demonstrated high reliability. The
validation process Yyielded a correlation
coefficient (R) of approximately 0.99 with low
RMSE values, confirming that the model
effectively captures performance patterns
without overfitting.

(3) Both the ANN model and standard EVM
method predict a critical delay, estimating the
total duration to reach 52 months (a 16-month
delay). However, regarding costs, the ANN
model proves to be more sensitive to risk.
While the standard EVM projected a final cost
of Rp 148.6 Billion, the ANN estimated a
higher requirement of Rp 150.2 Billion. This
difference highlights the ANN's capability to
provide a more realistic "early warning" by
capturing non-linear cost fluctuations that
linear EVM calculations might miss.

(4) Based on these findings, corrective measures
are urgently needed. It is recommended that
stakeholders process a contract addendum for a
16-month extension and prepare a budget
adjustment of approximately Rp 5.3 Billion to
prevent further cost overruns.
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