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Abstract

The digitalization of business and operational processes in vertical offices has transformed work behaviour, creating a critical need
for stable internet connectivity to ensure smooth operations. This issue triggered stakeholders and technical teams to evaluate
bandwidth usage trends to enable optimal future planning. Backpropagation, a neural network algorithm, can effectively predict
complex patterns using historical data. The ability of the Backpropagation algorithm to adapt to time-series data makes it ideal for
forecasting network bandwidth. Therefore, this research aims to analyze and predict network bandwidth requirements using a
Backpropagation-Based Neural Network algorithm. This study, which utilized data from October 2022 to September 2024,
demonstrates that the Neural Network model provides a high prediction accuracy. The Backpropagation algorithm able to predict the
increasing trend in bandwidth usage for October 2024 with a prediction accuracy of 89.08% and a Mean Absolute Percentage Error
(MAPE) of 10.92%. Model used in this study can be used as a reference parameter for stakeholders and technical teams within
organization for future bandwidth allocation.
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Introduction

Internet technology has become an essential component in almost all activities of vertical offices, transforming
traditional operational proccess into more efficient digitalized processes. A vertical office refers to an institution with
a centralized hierarchical structure, in which decisions are made at the upper level (Regional Office) before being
commanded to the lower level (Branch Office) [1]. Examples of digitalized activities are email communication, video
conference, and the use of various cloud-based applications to support operational activities [2], [3], [4]. The adoption
of digitalized work behaviour has contributed to substantial improvements in operational efficiency within vertical
offices. However, this transformation also poses the potential for a growing demand of stable internet connectivity
and increased bandwidth capacity, as operational components continue to evolve toward fully digital workflows over
time [5], [6], [7].

Bandwidth is a time-series data, as its measurement is conducted continuously over a specific period. Bandwidth
data records the extent of network utilization within a given timeframe [8], enabling the analysis of usage patterns
based on historical trends. This analysis allows vertical offices to predict potential future network bandwidth
requirements, which can serve as a reference for decision-making and as a basis for optimizing network bandwidth
capacity planning more efficiently [9], [10].

The Backpropagation-Based Neural Network algorithm is a supervised learning method designed to solve complex
tasks such as identification, prediction, and pattern recognition [11], [12], [13]. The predictive capability of the
Backpropagation algorithm is developed through a process of learning based on historical data. This process allows
the algorithm to identify and internalize complex patterns within the data, thereby enabling it to produce predictive
results for future data [14], [15].

The study of electricity consumption forecasting in North Sumatra [16] highlights the increasing demand for
electrical energy, requiring accurate predictions to support effective policy-making. Forecasting is crucial for ensuring
sufficient supply, as electricity demand is influenced by population growth, customer categories, and regional
economic activity. The Backpropagation Neural Network method was applied using six input variables, including
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customer types (household, industrial, business, social), total population, and GRDP of North Sumatra. The optimal
network architecture consisted of a hidden layer with three neurons and one output neuron representing electricity
consumption in GWh. The forecasting results for 2018 closely aligned with actual data, yielding a low MAPE of
1.037% and MSE values of 0.00405 (training) and 0.00545 (testing). Overall, the Backpropagation algorithm model
demonstrated very high accuracy in forecasting regional electricity consumption.

The study of [17] highlights that the use of public computer networks on campus often results in reduced access
speed, primarily due to bandwidth allocation that does not align with user requirements. This issue can be addressed
using a Backpropagation Neural Network approach, which enables the prediction of bandwidth demand based on
weekly time-series data. Such predictions provide valuable support for bandwidth allocation planning and contribute
to enhancing overall network performance in campus environments.

This study aims to assist vertical offices in optimizing bandwidth capacity allocation and enhancing overall
operational efficiency. The observational data consist of hourly bandwidth utilization records over a 23-month period,
from October 2022 to September 2024, to predict utilization data for October 2024. The prediction results are expected
to serve as a reference for relevant stakeholders and technical teams in bandwidth allocation planning from service
providers, thereby improving cost efficiency in the operational expenses of vertical offices.

Method
A. Research Method

Figure 1 shows the research flow diagram. The study begins with collecting network bandwidth utilization data
from the vertical office. The utilization data are real-time records obtained using a bandwidth utilization monitoring
application. The second stage involves dataset partitioning, where the dataset consists of 762 data entries divided into
two parts: 731 entries for training data and 31 entries for testing data. The dataset represents the combined utilization
of both upload and download activities. The third stage is data normalization for both the training and testing datasets.
The fourth and fifth stages involve the development of the Neural Network model for bandwidth prediction analysis.
The sixth stage is the denormalization process to restore the predicted values to their original scale. The final stage is
the analysis of error values, including MAD, RMSE, and the accuracy of the Neural Network model used.

Figure 1. Research Flow Diagram of Bandwidth Prediction
B. Data Normalization

The success of a Neural Network model largely depends on the data quality; therefore, data normalization is a
critical process. Data normalization ensures that all attributes within the dataset are on a uniform scale, which can
accelerate the training process [18]. Without data normalization, the differences in attribute scales can lead to unstable
gradients, thereby slowing the weight update process in the Neural Network model. Furthermore, normalization can
prevent attributes with significantly larger values from dominating others, resulting in more balanced weights and
reducing the risk of overfitting, as the model and activation functions can focus on relevant patterns while avoiding
misleading patterns caused by extreme values [19]. In this study, data normalization was performed using the Min-
Max normalization method, which transforms the value range into [0,1] or [-1,1] [20]. The normalization performed
using Equation 1 :
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X = S ®
max min
Explaination:
x” = normalized value
x = value to be normalized
X_min = minimum value of the data attribute
X_max = maximum value of the data attribute

C. Backpropagation Neural Network

The Backpropagation Neural Network consist of three architectural layers: the input layer, which serves as the
layer input data; the hidden layer, which processes the input data; and the output layer, which generates the final output
based on the processed data from the hidden layer [21], [22]. Each layer plays a crucial role, from mapping input
patterns to optimally producing predictive output patterns. Figure 2 illustrates the architecture of the Backpropagation
Neural Network layers.
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Figure 2. Backpropagation Neural Network Architecture

The activation function plays a key role in the operation of a Backpropagation Neural Network. It determines
whether a neuron will be activated based on the received input value [23]. Commonly used activation functions
including the sigmoid function, ReLU (Rectified Linear Unit), and tanh. The proper selection of an activation function
significantly affects the convergence speed of a Neural Network model and its ability to accurately model nonlinear
relationships [24], [25].

D. Data Denormalization

Data denormalization is the process of converting normalized prediction values back to their original scale to
more accurately represent the actual bandwidth values [26], [27]. The denormalization performed using Equation 2 :

— (x'=0,1) (Xmax—Xmin)
0,8

X t Xmin (2)
Explaination:

x” = normalization value

x = denormalization value

Xmin = Minimum value of the data atribute

Xmax = Maximal value of the data atribute

E. Data Analysis

The final stage of the analysis involves evaluating the performance of the Backpropagation Neural Network model
to determine how accurately the predictions reflect the patterns learned from network utilization data. This evaluation
is carried out by calculating error metrics such as Error, MSE, MAD, and MAPE, followed by a comparison between
the actual data and the predicted data.

a. Error

Error is the difference between the actual data and the predicted data. The error value can be either positive
or negative, depending on the relationship between the actual and predicted data [28].

Error = Actual Data — Predicted Data ?3)
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b. Mean Square Error (MSE)

Mean Squared Error (MSE) is the average of the squared differences between the actual values and the
predicted values. MSE is used to measure the average squared error, giving greater weight to larger errors.
[29], [30].

Z (Actual Data—Predicted Data)? (4)

MSE =

Dataset Size
c. Mean Absolute Deviation (MAD)

Mean Absolute Deviation (MAD) is the average of the absolute differences between the actual values and
the predicted values. MAD provides a measure of error in the same units as the original data. [30].

®)

Actual Data—Predicted Data
Dataset Size

MAD = 3},

d. Mean Absolute Percentage Error (MAPE)

Mean Absolute Percentage Error (MAPE) is the average percentage of the absolute errors between the actual
values and the predicted values. MAPE indicates the magnitude of the prediction error in form of percentage
values [30], [31]. MAPE indicates the magnitude of prediction error in percentage form.

Actual Data—Predicted Data
Dataset Size

MAPE = },

«100% (6)

e. Prediction Accuracy
Prediction accuracy is the percentage value that indicates how accurately the predictions are produced by the
neural network model.

Actual Data —Predicted Data
Actual Data

Model Accuracy = *100% @)

Model Accuracy = 100% — Error Percentage
F. Research Object

This study uses bandwidth utilization traffic data from a vertical office as the research object, with hourly
recording intervals over a 24-month period from October 2022 to October 2024. The data were obtained from
utilization records generated by the Paessler Router Traffic Grapher (PRTG) bandwidth monitoring software, which
operates in real time on the IT infrastructure of the vertical office.

Results and Discussion

A. Data and Model Preparation
This stage describes the preparation of the dataset and the neural network model to be used.
a. Data Preparation

The collected data are divided into two parts: training data and testing data, with a split ratio of 96:4. The
training dataset consists of 731 data entries, while the testing dataset consists of 31 data entries.

Table 1. Data Training

Date & Time Upload and Download 00:00 — 23:00 (Kbps)

00:00 01:00 02:00 21:00 22:00 23:00
01-Oct-22 5,806 5,709 6,714 5,831 4,121 5,132
02-Oct-22 5,139 4,895 3,228 5,474 9,215 8,344
03-Oct-22 4,297 3,128 3,514 20,326 14,047 9,033
04-Oct-22 8,296 5,447 7,831 14,446 11,076 9,591
05-Oct-22 7,528 4,918 4,062 20,656 9,771 10,568
26-Sept-24 69,254 204,771 124,114 . 72,697 64,493 67,118
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. Upload and Download 00:00 — 23:00 (Kbps)
Date & Time

00:00 01:00 02:00 21:00 22:00 23:00

27-Sept-24 63,826 37,910 40,156 43,754 40,112 33,938
28-Sept-24 73,137 59,897 22,808 31,370 31,732 27,079
29-Sept-24 37,963 24,921 25,237 39,151 29,277 23,105
30-Sept-24 30,064 33,260 25,633 35,014 33,421 37,888

Table 2. Data Testing
. Upload and Download 00:00 — 23:00 (Kbps)
Date & Time

00:00 01:00 02:00 21:00 22:00 23:00

01-Oct-24 18,024 19,657 12,960 37,606 32,293 15,315
02-Oct-24 14,423 15,615 9,724 34,693 28,034 24,087
03-Oct-24 22,737 19,724 14,533 34,861 32,689 22,550
04-Oct-24 26,496 17,469 15,840 29,918 27,501 21,345
05-Oct-24 21,430 15,452 16,373 32,602 12,690 13,016
27-Oct-24 78,051 31,528 26,328 42,089 31,194 27,053
28-Oct-24 25,413 32,279 23,354 40,018 35,908 21,642
29-Oct-24 35,918 23,011 15,153 62,645 103,376 66,195
30-Oct-24 54,185 40,769 40,008 57,228 52,320 35,848
31-Oct-24 47,536 40,308 41,353 40,238 37,622 29,655

Table 1 presents the total upload and download bandwidth utilization from October 1, 2022, to September
30, 2024, while Table 2 presents the total upload and download bandwidth utilization from October 1 to 31,
2024. The utilization data are recorded on an hourly basis, with entries from 00:00 to 23:00. The recorded
values represent bandwidth utilization in units of kilobits per second (Kbps).

b. Dataset Normalization

The data in Tables 1 and 2 are then normalized to facilitate the training process of the network and to produce
more optimal output data.

Table 3. Normalized Training Data

Date &Time Upload and Download 00:00 — 23:00
00:00 01:00 02:00 21:00 22:00 23:00
01-Oct-22 0.1618 0.1591 0.1875 0.1625 | 0.1141 | 0.1427
02-Oct-22 0.2526 0.2368 0.1287 0.2743 | 0.5170 | 0.4605
03-Oct-22 0.1050 0.1014 0.1026 0.1553 | 0.1347 | 0.1194
04-Oct-22 0.1106 0.1000 0.1089 0.1335 | 0.1210 | 0.1154
05-Oct-22 0.1139 0.1034 0.1000 0.1664 | 0.1228 | 0.1260
26-Sept-24 0.1755 0.4028 0.2675 0.1813 | 0.1675 | 0.1719
27-Sept-24 0.1714 0.1095 0.1148 0.1234 | 0.1147 | 0.1000
28-Sept-24 0.9000 0.7058 0.1617 0.2873 | 0.2926 | 0.2244
29-Sept-24 0.6802 0.2923 0.3017 0.7155 | 0.4219 | 0.2383
30-Sept-24 0.1210 0.1259 0.1141 0.1287 | 0.1262 | 0.1331
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Table 4. Normalized Test Data

Upload and Download 00:00 — 23:00
Date & Time

00:00 01:00 02:00 21:00 22:00 23:00
01-Oct-24 0.1156 0.1187 0.1060 0.1525 0.1425 0.1105
02-Oct-24 0.1100 0.1125 0.1000 0.1530 0.1389 0.1305
03-Oct-24 0.1283 0.1221 0.1114 0.1532 0.1488 0.1279
04-Oct-24 0.1183 0.1037 0.1011 0.1238 0.1199 0.1100
05-Oct-24 0.2255 0.1628 0.1725 0.3426 0.1338 0.1373
27-Oct-24 0.9000 0.2131 0.1363 0.3690 0.2082 0.1470
28-Oct-24 0.1153 0.1269 0.1118 0.1399 0.1330 0.1089
29-Oct-24 0.1335 0.1127 0.1000 0.1767 0.2425 0.1824
30-Oct-24 0.1575 0.1337 0.1323 0.1629 0.1542 0.1249
31-Oct-24 0.1371 0.1266 0.1281 0.1265 0.1227 0.1112

Tables 3 and 4 present the normalized bandwidth utilization data. Table 3 contains data from October 1,
2022, to September 30, 2024, while Table 4 contains data from October 1 to 31, 2024. The utilization data
are recorded hourly, from 00:00 to 23:00, and are represented in decimal values. With a total of 762 rows of
data where each row represent hourly data each day, the dataset is labeled to facilitate data identification
during the training and testing processes.

Table 5. Data Label

Data 'I_'raining Data Training Data Training Row Output Label Data Qutput
Time Row Label Data Output Time
??OCtslepztO;OZZé_l 1-731 DTO1 732 DU01 Oct 1 2024
chz(:tzg§224_ ! 2-732 DT02 733 DU02 Oct 2 2024
chitzgéi_ 2 3-733 DTO03 734 DU03 Oct 3 2024
OCtO‘(l:t225224_ 3 4-734 DT04 735 DU04 Oct 4 2024
chitzggzz 47 4 5-735 DTO05 736 DU05 Oct 5 2024
chitzgézzg 5 6—736 DTO06 737 DU06 Oct 6 2024
chztzggzzg 6 7737 DTO7 738 DUO07 Oct 7 2024
chitzggzzg ! 8738 DTO08 739 DU08 Oct 8 2024
chitzggzz 4_ 8 9-739 DT09 740 DU09 Oct 9 2024
OCté'c?t 22%223_ 9 10-740 DT10 741 DU10 Oct 10 2024
Olfat éttzggzzﬂj 11-741 DT11 742 DU11 Oct 11 2024
Olit (13335%22[ 12 -742 DT12 743 DU12 Oct 12 2024
Olczt éitzggif 13-743 DT13 744 DU13 Oct 13 2024
01C3t éitzggzz 47 14 744 DT14 745 DU14 Oct 14 2024
Oﬁ: éitzg(?:[ 15-745 DT15 746 DU15 Oct 15 2024
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Data Training Data Training Data Training Label Data Output
Time Row Label Row Output Data Output Time
Oct 16 2022 —
15 Oct 2024 16 — 746 DT16 747 DU16 Oct 16 2024
Oct 17 2022 —
16 Oct 2024 17 -747 DT17 748 DU17 Oct 17 2024
Oct 18 2022 — 18— 748 DT18 749 DU18 Oct 18 2024
17 Oct 2024
Oct 19 2022 - 19-749 DT19 750 DU19 Oct 19 2024
18 Oct 2024
Oct 20 2022 — 20750 DT20 751 DU20 Oct 20 2024
19 Oct 2024
Oct 21 2022 — 21-751 DT21 752 DuU21 Oct 21 2024
20 Oct 2024
Oct 22 2022 - 22 - 752 DT22 753 DuU22 Oct 22 2024
21 Oct 2024
Oct 23 2022 - 23 -753 DT23 754 DuU23 Oct 23 2024
22 Oct 2024
Oct 24 2022 — 24 — 754 DT24 755 DuU24 Oct 24 2024
23 Oct 2024
Oct 25 2022 — 25-755 DT25 756 DU25 Oct 25 2024
24 Oct 2024
Oct 26 2022 — 26 — 756 DT26 757 DU26 Oct 26 2024
25 Oct 2024
Oct 27 2022 — 27— 757 DT27 758 DuU27 Oct 27 2024
26 Oct 2024
Oct 28 2022 — 28 — 758 DT28 759 DU28 Oct 28 2024
27 Oct 2024
Oct 29 2022 — 29 -759 DT29 760 DU29 Oct 29 2024
28 Oct 2024
Oct 30 2022 - 30-760 DT30 761 DU30 Oct 30 2024
29 Oct 2024
Oct 31 2022 — 31-761 DT31 762 DU31 Oct 31 2024
30 Oct 2024
Table 5 shows the labeled data. In the first row, the data from October 1, 2022, to September 30, 2024,
consist of 731 rows, which serve as the training data and are labeled as DT01. The data from October 1, 2024,
represent the test data, corresponding to row 732, and are labeled as DUOQ1. This labeling process continues
sequentially until the final data entries, labeled DT31 and DU31.
c. Neural Network Model

In Figure 3, the Backpropagation Neural Network architecture, developed using MATLAB, consists of four
layers, with the tansig activation function applied to both the hidden layers and the output layer. The first
layer, the input layer, contains 731 neurons representing the number of input attributes. The second layer,
Hidden Layer 1, consists of 365 neurons corresponding to the number of days in a year, while the third layer,
Hidden Layer 2, consists of 24 neurons representing the number of hours in a day. Finally, the fourth layer,
the output layer, contains a single neuron that produces the predicted output value of the Neural Network
model. The developed Neural Network employs the Gradient Descent training method, with a learning rate

of 0.25, 6,000 training epochs, and 2,000 validation checks.

Neural Network

Hidden Layer 1

Hidden Layer 2

Output Layer

3»%@;”/%3@:' %OJ@:JQ “j

Figure 3. Neural Network Backpropagation Architecture
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B. Neural Network Model Training
a. Model Training

The next stage involves training and testing the Neural Network model using the prepared dataset. This
process is executed in 31 segments, generating 31 output values corresponding to each day in October 2024.
The training and testing are conducted using the Neural Network Tool in MATLAB, as illustrated in Figure
4,

| Fie Edt View et Tock Desktop Wndow Hep | file Edt View Insen Tools Deshtop Window Help
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Training: R=0.99823 Validation: R=0.99976 2
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Mean Squared Error (mse)
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{ 02} B
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Validation Checks = 2000, at epoch 2003

Output ~= 1*Target + 0.0022

Figure 4. training and testing process for DTO1 data and the DUO1 output data.
b. Data Testing Result
The results of the 31 training and testing processes are presented in Table 6.

Table 6. Data Testing Result

Date & Time Upload and Download 00:00 — 11:00

00:00 01:00 02:00 21:00 22:00 23:00
01-Oct-24 0.1163 0.1093 0.1025 0.1440 0.1424 0.1089
02-Oct-24 0.1093 0.1113 0.1020 0.1504 0.1370 0.1288
03-Oct-24 0.1198 0.1211 0.1182 0.1529 0.1264 0.1281
04-Oct-24 0.1099 0.1032 0.1047 0.1253 0.1196 0.1139
05-Oct-24 0.1995 0.1635 0.1670 0.3434 0.1302 0.1456
27-Oct-24 0.8433 0.1971 0.1377 0.3499 0.2064 0.1422
28-Oct-24 0.1152 0.1298 0.1096 0.1425 0.1352 0.1102
29-Oct-24 0.1093 0.1220 0.1180 0.1908 0.2338 0.1949
30-Oct-24 0.1290 0.1424 0.1236 0.1493 0.1570 0.1759
31-Oct-24 0.1149 0.1053 0.1064 0.1266 0.1306 0.1113

C. Data Denormalization

Denormalization is the process of restoring the Neural Network model’s testing results to their original form after
the data has previously undergone normalization. The results of the denormalization data is presented in Table 7,
which is then further analyzed and validated by comparing the predictions with the actual data.

Asshiddigq, et. al. (Analysis and Prediction of Vertical Office Network Bandwidth Using a Backpropagation-Based Neural
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Table 7. Denormalization of Predicted Data

Date & Time Upload and Download 00:00 — 11:00

00:00 01:00 02:00 21:00 22:00 23:00
01-Oct-24 18422 12968 11119 33634 32767 14585
02-Oct-24 14110 12926 10671 34108 27623 23629
03-Oct-24 18611 15154 18033 35290 22120 22971
04-Oct-24 21270 16563 18165 31328 27694 24050
05-Oct-24 18950 14019 16641 35561 12695 14355
27-Oct-24 74214 29044 27544 48253 34247 27989
28-Oct-24 25358 27269 22197 42422 37947 22580
29-Oct-24 20927 23748 26639 73096 100536 75750
30-Oct-24 38151 37210 35732 50922 55423 66603
31-Oct-24 32184 24361 26478 41020 43908 30021

D. Result Comparation

The comparison between the predicted data and the actual data is presented to illustrate the closeness of the
model’s prediction results to the actual values. The comparison is provided in the form of tables and graphs, which
are used to visualize the 31 test data points, each representing a comparison between the predicted results and the
actual data. Table 8 presents the prediction comparison data, where the “Actual” column represents the original data
and the “Expected” column represents the predicted data.

Table 8. Comparation Table Prediction Data & Actual Data

Upload and Download 00:00 — 23:00
Data Label Data
00:00 01:00 02:00 21:00 22:00 23:00
18,024 19,657 12,960 37,606 32,293 15,315
bu1 18422 12968 11119 . 33634 32767 14585
14,423 15,615 9,724 34,693 28,034 24,087
bu2 14110 12926 10671 . 34108 27623 23629
22,737 19,724 14,533 e 34,861 32,689 22,550
bU3 18611 15154 18033 . 35290 22120 22971
26,496 17,469 15,840 . 29,918 27,501 21,345
bu4 21270 16563 18165 31328 27694 24050
21,430 15,452 16,373 32,602 12,690 13,016
bUs 18950 14019 16641 . 35561 12695 14355
78051 31528 26328 e 42089 31194 27053
bu27 74214 29044 27544 e 48253 34247 27989
25413 32279 23354 e 40018 35908 21642
bu28 25358 27269 22197 42422 37947 22580
35918 23011 15153 62645 103376 66195
bU29 20927 23748 26639 73096 100536 75750
54185 40769 40008 . 57228 52320 35848
bU30 38151 37210 35732 e 50922 55423 66603
DU31 47536 40308 41353 e 40238 37622 29655
32184 24361 26478 e 41020 43908 30021

The comparison data is visualized in graphical form to facilitate data analysis and interpretation based on data in Table
8. Figures 5 through 35 present comparison graphs of the predicted data (Expected) against the actual data (Actual).
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The graphical visualizations in Figures S through 35 show that nearly all predicted data closely matches the patterns
of the actual data, indicating that the Neural Network model performs predictions accurately.

E. Evaluation

The prediction results are then evaluated to measure how accurately the Neural Network model can predict
bandwidth. The evaluation metrics used to assess the model’s performance including Error, Mean Absolute Deviation
(MAD), Mean Squared Error (MSE), Mean Absolute Percentage Error (MAPE), and overall prediction accuracy.

a. Error

The error between the predicted data and the actual data was calculated to obtain the Error values. These Error
values are presented in Table 9.

Table 9. Error values

. Upload and Download 00:00 — 23:00
Date & Time

00:00 01:00 02:00 21:00 22:00 23:00
01-Oct-24 -398.1 6689.5 1841.3 3972.5 -474.0 729.6
02-Oct-24 313.1 2689.2 -946.9 584.6 411.1 458.0
03-Oct-24 4126.0 4569.6 -3499.6 -428.5 10569.0 -421.1
04-Oct-24 5225.8 906.1 -2325.4 -1410.1 -192.6 -2705.4
05-Oct-24 2479.6 1433.1 -267.6 -2958.6 -5.1 -1339.1
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. Upload and Download 00:00 — 23:00
Date & Time

00:00 01:00 02:00 21:00 22:00 23:00
27-Oct-24 3837.4 24843 -1216.1 -6163.8 -3053.0 -935.8
28-Oct-24 54.7 5010.5 1157.3 -2404.0 -2038.6 -937.8
29-Oct-24 14991.5 -737.1 -11486.4 -10451.4 2840.4 -9555.3
30-Oct-24 16034.4 3559.4 4275.7 6306.4 -3103.3 -30755.5
31-Oct-24 15351.6 15946.9 14874.5 -782.1 -6285.9 -365.7

b. Mean Absolute Deviation (MAD)

The Error values were then converted into Mean Absolute Deviation (MAD) to measure the magnitude of the
absolute deviation between the predicted and actual data. The MAD calculation results are presented in Table
10.

Table 10. MAD Calculation Values

Date & Time Upload and Download 00:00 — 11:00

00:00 01:00 02:00 21:00 22:00 23:00
01-Oct-24 398 6689 1841 3972 474 730
02-Oct-24 313 2689 947 585 411 458
03-Oct-24 4126 4570 3500 429 10569 421
04-Oct-24 5226 906 2325 v 1410 193 2705
05-Oct-24 2480 1433 268 e 2959 5 1339
27-Oct-24 3837 2484 1216 6164 3053 936
28-Oct-24 55 5010 1157 v 2404 2039 938
29-Oct-24 14991 737 11486 e 10451 2840 9555
30-Oct-24 16034 3559 4276 6306 3103 30755
31-Oct-24 15352 15947 14875 782 6286 366

c¢. Mean Squared Error (MSE)

The MAD values obtained from Table 10 were subsequently used to calculate the Mean Squared Error (MSE),
which represents the average of the squared differences between the predicted and actual data. The MSE values
are presented in Table 11.

Table 11. MSE Values

Date & Time Upload and Download 00:00 — 11:00
00:00 01:00 02:00 21:00 22:00 23:00
01-Oct-24 158451 44749305 3390268 ... | 15780697 224674 532306
02-Oct-24 98006 7231713 896560 .. 341788 168989 209743
03-Oct-24 17023572 20880926 12247434 | ... 183615 111703594 177365
04-Oct-24 27308685 820952 5407651 1988334 37080 7319359
05-Oct-24 6148531 2053634 71610 .. 8753127 26 1793068
27-Oct-24 14725258 6171503 1478986 ... | 37992092 9320598 875716
28-Oct-24 2997 25104963 1339389 5779011 4155724 879503
29-Oct-24 224744533 543388 131937574 | ... | 109232453 | 8067753 91304539
30-Oct-24 257101528 12669346 18281277 | ... | 39771157 9630529 945899487
31-Oct-24 235673125 | 254304426 | 221250905 | ... 611630 39513037 133754
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d. Mean Absolute Percentage Error (MAPE)

The next stage of the analysis involves calculating the Mean Absolute Percentage Error (MAPE). MAPE
measures the percentage of prediction error by comparing the Error values to the actual data, thereby providing
a clearer assessment of the Neural Network model’s performance. The MAPE calculation results are presented

in Table 12.
Table 12. MAPE Values
Date & Time Upload and Download 00:00 — 11:00

00:00 01:00 02:00 21:00 22:00 23:00
01-Oct-24 2% 34% 14% 11% 1% 5%
02-Oct-24 2% 17% 10% 2% 1% 2%
03-Oct-24 18% 23% 24% . 1% 32% 2%
04-Oct-24 20% 5% 15% 5% 1% 13%
05-Oct-24 12% 9% 2% . 9% 0% 10%
27-Oct-24 5% 8% 5% 15% 10% 3%
28-Oct-24 0% 16% 5% e 6% 6% 4%
29-Oct-24 42% 3% 76% .o 17% 3% 14%
30-Oct-24 30% 9% 11% 11% 6% 86%
31-Oct-24 32% 40% 36% . 2% 17% 1%

Based on the MAPE values obtained in Table 12, the next step is to calculate the average value for each test
conducted. The average MAPE results per test are presented in Table 13.

Table 13. MAPE Average Values

Data Label | Date & Time | Average MAPE Data Label | Date & Time | Average MAPE
DUl Oct 1 2024 8.32% DU16 Oct 16 2024 15.93%
DU2 Oct 2 2024 4.39% DuU17 Oct 17 2024 11.10%
DU3 Oct 3 2024 14.73% DuU18 Oct 18 2024 12.13%
Du4 Oct 4 2024 9.17% DU19 Oct 19 2024 10.60%
DU5 Oct 52024 10.34% DU20 Oct 20 2024 17.00%
DU6 Oct 6 2024 6.60% DU21 Oct 21 2024 11.65%
DU7 Oct 7 2024 15.22% DuU22 Oct 22 2024 12.51%
DuUs8 Oct 8 2024 13.29% DuU23 Oct 23 2024 6.16%
DU9 Oct 9 2024 12.32% DU24 Oct 24 2024 10.51%
DU10 Oct 10 2024 9.28% DU25 Oct 25 2024 10.84%
DU11 Oct 11 2024 8.20% DU26 Oct 26 2024 10.55%
DU12 Oct 12 2024 12.89% DuU27 Oct 27 2024 10.67%
DuU13 Oct 13 2024 12.43% DuU28 Oct 28 2024 7.89%
DU14 Oct 14 2024 11.29% DU29 Oct 29 2024 13.47%
DU15 Oct 15 2024 7.65% DU30 Oct 30 2024 12.44%

DU31 Oct 31 2024 9.10%

The final stage of the MAPE analysis is the calculation of the average MAPE from the 31 tests, as obtained
from Table 13. The calculation process uses Equation 6.

DU1+DU2+DU3+--+DU29+DU30+DU31 (6)

Average MAPE = ”

_ 8.32%+4.39%+14.73%+--+13.47%+12.44%+9.10%
- 31

338.66%
31
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= 10.92%

The overall average MAPE of 10.92% indicates that the model’s prediction performance can be considered
good.

e. Prediction Accuracy

Prediction accuracy is calculated using Equation 7 to quantify how closely the Neural Network’s predicted
values match the actual observed data. This calculation is essential for assessing the model’s reliability and
effectiveness in forecasting real-world bandwidth utilization patterns. High accuracy values indicate that the
model successfully captures underlying trends, while lower values may suggest the need for further refinement
or additional data preprocessing.

Model Accuracy = 100% — MAPE @)
=100% — 10.92%
=89.08 %

Based on the calculation using Equation 7, the accuracy of the Backpropagation Neural Network model is
89.08%.

MAX BW Trendline

MBI e MIH B

Figure 36. Trend of Maximum Bandwidth Utilization Increase

Using the predicted utilization data over 31 days, the lowest, highest, and average bandwidth usage values were
obtained. Figure 36 visually illustrates that the highest predicted utilization shows an increasing usage trend. This
trend in utilization increase can serve as a reference for recommendations in decision-making regarding the bandwidth
allocation for future use.

Conclusion

Based on the analysis and evaluation results, the Backpropagation Neural Network model achieved a Mean
Absolute Percentage Error (MAPE) of 10.92%, indicating a relatively low prediction error. Consequently, the model’s
prediction accuracy reached 89.09%. The utilization trend also demonstrates a rising pattern in bandwidth usage over
time, which can serve as a reference for future bandwidth allocation planning. These findings suggest that the
Backpropagation Neural Network can provide reliable predictions and can be effectively applied to analyze and
forecast bandwidth requirements for vertical office networks.

The bandwidth prediction study has limitations regarding the number of attributes used in training the prediction
model, as it relies solely on historical bandwidth utilization data. This limitation presents opportunities for further
development of the Backpropagation Neural Network model to improve prediction accuracy. Future bandwidth
prediction research is expected to benefit companies or institutions that use internet networks as a core operational
component by incorporating additional variables, such as the number of applications in use, latency levels, and the
number of active users. By including relevant attributes, the model can serve as an enhanced reference for planning
or designing more efficient network infrastructure and bandwidth allocation.

References

[1] Menteri Keuangan Republik Indonesia, “Peraturan Menteri Keuangan Republik Indonesia Nomor
210/PMK.01/2017 tentang Organisasi dan Tata Kerja Instansi Vertikal Direktorat Jenderal
Perbendaharaanajak,” Ber. Negara Republik Indones. Tahun 2017 Nomor 30, pp. 2-16, 2017.

[2] R. S. Gautam, M. Siddiqui, N. Panda, S. Rastogi, and R. T. Gannamaraju, ‘“Digitalization of Government
Financial Services and its Impact on Sustainable Development Goals in India,” 2024 Int. Conf. Autom.
Comput. AUTOCOM 2024, pp. 558-562, 2024, doi: 10.1109/AUTOCOM60220.2024.10486078.

Asshiddigq, et. al. (Analysis and Prediction of Vertical Office Network Bandwidth Using a Backpropagation-Based Neural
Network)


https://doi.org/10.1109/AUTOCOM60220.2024.10486078

184

ILKOM Jurnal Ilmiah Vol. 17, No. 2, August 2025, pp.170-185 E-ISSN 2548-7779

(3]

(4]

(3]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

Y. Wang, “Research on the Impact of Digitalization on Technological Innovation and Its Spatial Spillover
Effect,” Proc. - 2022 Glob. Conf. Robot. Artif. Intell. Inf. Technol. GCRAIT 2022, pp. 774-777, 2022, doi:
10.1109/GCRAIT55928.2022.00166.

M. Krejnus, J. Stofkova, K. R. Stofkova, and V. Binasova, “The Use of the DEA Method for Measuring the
Efficiency of Electronic Public Administration as Part of the Digitization of the Economy and Society,” Appl.
Sci., vol. 13, no. 6, 2023, doi: 10.3390/app13063672.

T. Lynn, P. Rosati, E. Conway, D. Curran, G. Fox, and C. O’Gorman, Digital Towns : Accelerating and
Measuring the Digital Transformation of Rural Societies and Economies. 2022. doi: 10.1007/978-3-030-
91247-5 3.

A. 1. Adekitan, J. Abolade, and O. Shobayo, “Data mining approach for predicting the daily Internet data
traffic of a smart university,” J. Big Data, vol. 6, no. 1, 2019, doi: 10.1186/s40537-019-0176-5.

S. Strube Martins and C. Wernick, “Regional differences in residential demand for very high bandwidth
broadband internet in 2025,” Telecomm. Policy, vol. 45, no. 1, p. 102043, 2021, doi:
10.1016/j.telpol.2020.102043.

H. Jamil, E. Rodrigues, J. Goldverg, and T. Kosar, “Learning to Maximize Network Bandwidth Utilization
with Deep Reinforcement Learning,” Proc. - IEEE Glob. Commun. Conf. GLOBECOM, pp. 3711-3716, 2023,
doi: 10.1109/GLOBECOMS54140.2023.10437507.

M. Labonne, C. Chatzinakis, and A. Olivereau, “Predicting bandwidth utilization on network links using
machine learning,” 2020 FEur. Conf. Networks Commun. EuCNC 2020, pp. 242-247, 2020, doi:
10.1109/EuCNC48522.2020.9200910.

S. Song et al., “A bandwidth allocation scheme based on GRU traffic prediction in passive optical networks,”
Opt. Commun., vol. 574, no. October 2024, p. 131222, 2025, doi: 10.1016/j.optcom.2024.131222.

B. Panigrahi, K. C. R. Kathala, and M. Sujatha, “A Machine Learning-Based Comparative Approach to
Predict the Crop Yield Using Supervised Learning With Regression Models,” Procedia Comput. Sci., vol.
218, pp. 2684-2693, 2023, doi: https://doi.org/10.1016/j.procs.2023.01.241.

M. Dampfhoffer, T. Mesquida, A. Valentian, and L. Anghel, “Backpropagation-Based Learning Techniques
for Deep Spiking Neural Networks: A Survey,” IEEE Trans. Neural Networks Learn. Syst., vol. 35, no. 9, pp.
11906-11921, 2024, doi: 10.1109/TNNLS.2023.3263008.

A. Momeni, B. Rahmani, M. Malléjac, P. del Hougne, and R. Fleury, “Backpropagation-free training of deep
physical neural networks,” Science (80-. )., vol. 382, no. 6676, pp. 1297-1303, Dec. 2023, doi:
10.1126/science.adi8474.

A. M. Rizki, G. E. Yuliastuti, A. L. Nurlaili, and F. P. Aditiawan, “Forecasting the Inflation Rate in Indonesia
Using Backpropagation Artificial Neural Network,” Proceeding - IEEE 8th Inf- Technol. Int. Semin. ITIS
2022, pp. 297-300, 2022, doi: 10.1109/ITIS57155.2022.10010298.

H. Liu, Y. Duan, J. Li, and T. Li, “Study on Wind Forecasting for Beijing 2022 Winter Olympic Games Based
on Unsupervised Machine Learning,” 2023 IEEE 4th Int. Conf. Pattern Recognit. Mach. Learn. PRML 2023,
pp. 552-556, 2023, doi: 10.1109/PRML59573.2023.10348362.

F. S. Harahap, F. R. A. Bukit, and F. Fahmi, “Estimation of Electrical Energy Needs Using Backpropagation
Neural Network,” in 2024 IEEE International Conference on Artificial Intelligence and Mechatronics Systems
(AIMS), 2024, pp. 1-6. doi: 10.1109/AIMS61812.2024.10512759.

C. Hayat, I. A. Soenandi, S. Limong, and J. Kurnia, “Modeling of prediction bandwidth density with
backpropagation neural network (BPNN) methods,” IOP Conf. Ser. Mater. Sci. Eng., vol. 852, no. 1, 2020,
doi: 10.1088/1757-899X/852/1/012127.

B. Faye, H. Azzag, M. Lebbah, and F. Feng, “Context normalization: A new approach for the stability and
improvement of neural network performance,” Data Knowl. Eng., vol. 155, p. 102371, 2025, doi:
10.1016/j.datak.2024.102371.

Y. S. Kim, M. K. Kim, N. Fu, J. Liu, J. Wang, and J. Srebric, “Investigating the impact of data normalization
methods on predicting electricity consumption in a building using different artificial neural network models,”

Asshiddigq, et. al. (Analysis and Prediction of Vertical Office Network Bandwidth Using a Backpropagation-Based Neural

Network)


https://doi.org/10.1109/GCRAIT55928.2022.00166
https://doi.org/10.3390/app13063672
https://doi.org/10.1007/978-3-030-91247-5_3
https://doi.org/10.1007/978-3-030-91247-5_3
https://doi.org/10.1186/s40537-019-0176-5
https://doi.org/10.1016/j.telpol.2020.102043
https://doi.org/10.1109/GLOBECOM54140.2023.10437507
https://doi.org/10.1109/EuCNC48522.2020.9200910
https://doi.org/10.1016/j.optcom.2024.131222
https://doi.org/10.1016/j.procs.2023.01.241
https://doi.org/10.1109/TNNLS.2023.3263008
https://doi.org/10.1126/science.adi8474
https://doi.org/10.1109/ITIS57155.2022.10010298
https://doi.org/10.1109/PRML59573.2023.10348362
https://doi.org/10.1109/AIMS61812.2024.10512759
https://doi.org/10.1088/1757-899X/852/1/012127
https://doi.org/10.1016/j.datak.2024.102371

E-ISSN 2548-7779 ILKOM Jurnal Ilmiah Vol. 17, No. 2, August 2025, pp.170-185 185

[20]

(21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

Sustain. Cities Soc., vol. 118, no. June 2024, p. 105570, 2025, doi: 10.1016/j.sc5.2024.105570.

P. J. Muhammad Ali, “Investigating the Impact of Min-Max Data Normalization on the Regression
Performance of K-Nearest Neighbor with Different Similarity Measurements,” ARO-The Sci. J. Koya Univ.,
vol. 10, no. 1, pp. 85-91, 2022, doi: 10.14500/aro0.10955.

I. Mekongga, R. Gernowo, and A. Sugiharto, “The Prediction of Bandwidth On Need Computer Network
Through Artificial Neural Network Method of Backpropagation,” J. Sist. Inf. Bisnis, vol. 2, no. 2, pp. 98—107,
2012, doi: 10.21456/vol2iss2pp098-107.

J. Zhang, C. Chen, C. Wu, X. Kou, and Z. Xue, “Storage quality prediction of winter jujube based on particle
swarm optimization-backpropagation-artificial neural network (PSO-BP-ANN),” Sci. Hortic. (Amsterdam).,
vol. 331, p. 112789, 2024, doi: https://doi.org/10.1016/j.scienta.2023.112789.

M. M. Lau and K. H. Lim, “Review of adaptive activation function in deep neural network,” 2018 [EEE EMBS
Conf. Biomed. Eng. Sci. IECBES 2018 - Proc., pp. 686—690, 2019, doi: 10.1109/IECBES.2018.08626714.

A. A. Waoo and B. K. Soni, “Performance Analysis of Sigmoid and Relu Activation Functions in Deep Neural
Network BT - Intelligent Systems,” A. Sheth, A. Sinhal, A. Shrivastava, and A. K. Pandey, Eds., Singapore:
Springer Singapore, 2021, pp. 39-52.

S. R. Dubey, S. K. Singh, and B. B. Chaudhuri, “Activation functions in deep learning: A comprehensive
survey and benchmark,” Neurocomputing, vol. 503, pp. 92—-108, 2022, doi: 10.1016/j.neucom.2022.06.111.

I. Ranggadara, I. Prihandi, and A. Ratnasari, “Backpropagation Neural Network for Predict Sugarcane Stock
Availability,” Int. J Adv. Trends Comput. Sci. Eng., vol. 9, no. 5, pp. 8279-8284, 2020, doi:
10.30534/ijatcse/2020/197952020.

E. Budianita, O. Okfalisa, and M. R. Assiddiki, “The Prediction of E-Money Circulation: Backpropagation
with Genetic Algorithm Adoption,” in 2021 International Congress of Advanced Technology and Engineering
(ICOTEN), 2021, pp. 1-6. doi: 10.1109/ICOTEN52080.2021.9493468.

A. Singh, S. Kushwaha, M. Alarfaj, and M. Singh, “Comprehensive Overview of Backpropagation Algorithm
for Digital Image Denoising,” Electron., vol. 11, no. 10, 2022, doi: 10.3390/electronics11101590.

T. O. Hodson, “Root-mean-square error (RMSE) or mean absolute error (MAE): when to use them or not,”
Geosci. Model Dev., vol. 15, no. 14, pp. 5481-5487, 2022, doi: 10.5194/gmd-15-5481-2022.

S. Arslankaya, “Comparison of performances of fuzzy logic and adaptive neuro-fuzzy inference system
(ANFIS) for estimating employee labor loss,” J. Eng. Res., vol. 11, no. 4, pp. 469-477, 2023, doi:
10.1016/j.jer.2023.100107.

D. Chicco, M. J. Warrens, and G. Jurman, “The coefficient ofdetermination R-squared is more informative
than SMAPE, MAE, MAPE, MSE and RMSE in regression analysis evaluation,” PeerJ Comput. Sci., vol. 7,
pp. 1-24, 2021, doi: 10.7717/PEERJ-CS.623.

Asshiddigq, et. al. (Analysis and Prediction of Vertical Office Network Bandwidth Using a Backpropagation-Based Neural

Network)


https://doi.org/10.1016/j.scs.2024.105570
https://doi.org/10.14500/aro.10955
https://doi.org/10.21456/vol2iss2pp098-107
https://doi.org/10.1016/j.scienta.2023.112789
http://doi.org/10.1109/IECBES.2018.08626714
http://doi.org/10.1016/j.neucom.2022.06.111
http://doi.org/10.30534/ijatcse/2020/197952020
http://doi.org/10.1109/ICOTEN52080.2021.9493468
http://doi.org/10.3390/electronics11101590
http://doi.org/10.5194/gmd-15-5481-2022
http://doi.org/10.1016/j.jer.2023.100107
http://doi.org/10.7717/PEERJ-CS.623

