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Abstract—The use of image processing in rukyatul hilal
(crescent moon observation) is highly important, since the
observed crescent images often suffer from quality degradation.
This indicates the presence of defects or noise, resulting in
excessively high contrast and image blurring. Digital image
processing operations are essential for addressing challenges
encountered in the observation of crescent moon imagery. This
study aims to detect the appearance of crescent moon imagery
in real time by developing and modifying Convolutional Neural
Networks (CNN). The development and modification of the
CNN model were based on a series of experiments, including the
adaptation of the architecture using MobileNet-v2-186. The
research dataset consisted of 27 crescent moon observation
videos, comprising a total of 5,241 training frames and 1,042
testing frames. Experimental results indicated that the
MobileNet-v2-186 model achieved an accuracy of 99.6835%, a
precision of 82.1152%, a recall of 82.2122%, and an F1 score of
80.5725%. This development was undertaken to enhance the
detection accuracy of crescent moon images, which exhibit
extremely subtle visual characteristics and are difficult to
identify manually.

Keywords—Image  Processing,  Detection, Crescent,
Convolutional Neural Networks (CNN), MobileNet-v2-186.

1. INTRODUCTION

Astronomy is a scientific discipline that studies and
observes the motion of celestial bodies and natural phenomena
occurring beyond Earth's atmosphere [1]. These celestial
bodies include the Sun, planets, Moon, stars, meteoroids,
asteroids, and others [2]. Additionally, astronomy
encompasses the investigation of past events related to the
origin and formation of the solar system and the universe [3].
In Indonesia, the study of astronomy fundamentally falls
under the duties and responsibilities of a Non-Ministerial
Government Institution (LPND) known as the Meteorology,
Climatology, and Geophysics Agency (BMKG). The
BMKG's scope of responsibilities encompasses the fields of
meteorology, climatology, air quality, and geophysics [4].
BMKG also holds a specific responsibility in the monitoring
of the crescent moon (hilal) at the beginning of each month in
the Hijri calendar [5]. Additionally, BMKG is authorized to
provide scientific recommendations to relevant stakeholders
in determining the commencement of the Hijri month [6]. The
crescent moon (hilal) monitoring conducted by BMKG has
now adopted image processing as a technical innovation in the
practice of rukyatul hilal [7]. The application of image
processing techniques forms part of the advancement of
astrophotography methods, aimed at enhancing the clarity of
lunar imagery [8]. Crescent moon images that are difficult or
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even impossible to interpret accurately through
astrophotography alone can be more effectively analyzed
through the application of image processing techniques [9].
The application of image processing in rukyatul hilal (crescent
moon observation) is of critical importance, as the observed
hilal images often suffer from quality degradation [10]. Digital
image processing is typically employed to enhance image
quality, making it more interpretable to the human eye, and to
extract and process data within the image for the purpose of
automated object recognition thus facilitating the
interpretation of compromised crescent moon imagery [11].
Image processing is a technology designed to render images
clearer, brighter, and cleaner without altering their original
structure [12]. It cannot generate nonexistent objects while it
can refine faint or low-quality imagery, it cannot reveal
objects that are not present. Therefore, image processing
cannot manifest what is beyond the realm of physical visibility
[11]. Previous studies have indicated that Odeh formulated the
criteria for crescent moon (hilal) visibility based on two key
factors: the altitude of the hilal (ARCV) and its width (W).
The altitude serves as a reference for the contrast threshold
between the hilal and the Sun, while the width is used to
determine the percentage of hilal illumination. Classification
is conducted according to observer conditions, dividing hilal
visibility into several zones. Ultimately, Zone E was
established, which requires the application of image
processing techniques when the hilal's altitude ranges between
6 and 8 degrees [13]. Other studies have demonstrated that
artificial neural networks are capable of performing pattern
recognition for predicting the visibility of the new crescent
moon, achieving an accuracy rate exceeding 72% [14].
Similar studies have also described the process of identifying
the appearance of the crescent moon using Computer Vision
(CV) algorithms [9]. The implementation of Computer Vision
(CV) has played a significant role in the interpretation of
identification results, achieving a validation accuracy of
97.8% [15]. Further research has also presented the
performance of Artificial Neural Networks (ANN) in
determining the lunar phases within the Hijri calendar,
yielding an accuracy of 72%. The critical role of the detection
process, particularly through the adoption of the MobileNet
semantic segmentation model, has been proven to be highly
effective in enhancing detection capabilities. Building upon
prior research, this study conducts real-time detection of the
crescent moon (hilal) through the application of image
processing techniques. The hilal detection process plays a
pivotal role in determining the commencement of Ramadan
and Shawwal, particularly within the Indonesian context. This
is grounded in the fact that the determination of the crescent
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moon (hilal) is traditionally conducted manually, leading to
differing interpretations of religious texts (nash) concerning
rukyatul hilal. In response to this issue, the present study aims
to detect the appearance of crescent moon imagery in real time
by developing and modifying Convolutional Neural Networks
(CNN). The development and modification of the CNN are
expected to enhance the accuracy of detection outcomes while
introducing novel approaches to the detection process. This
innovation is reflected in the architectural models produced
through a series of experiments and in-depth analyses. The
resulting detection outputs are anticipated to contribute to the
determination of the beginning of Ramadan and Shawwal,
thereby serving as a scientific reference for decision-making
by the government, particularly the Ministry of Religious
Affairs of the Republic of Indonesia.

II. METHOD

The detection process of crescent moon (hilal) imagery in
this study is conducted in real time through the development
and modification of Convolutional Neural Networks (CNN).
The detection workflow comprises several structured stages,
beginning with the collection of hilal observation videos,
followed by pre-processing, and culminating in the detection
phase through the development of the MobileNet V2-186
architectural model. The preprocessing stage is designed to
adjust video duration, extract frames from the video into
image data, define the Region of Interest (ROI) for Ground
Truth imagery, and resize the extracted frames. The detection
process incorporates the development of the MobileNet V2-
186 architectural model, representing a novel approach aimed
at producing precise and accurate detection outcomes. The
complete sequence of the detection workflow is illustrated in
the research framework presented in Fig. 1.

Pre-processing
Adjust video duration

Video Collection of Crescent

— Extract frames from video

MobileNet-V2-186

R —
Observation Generate Ground Truth ROI Images Architecture
TResize extracted frames and Ground Truth ROI
images
Tool Testing ¢ Performance Testing with All ¢ Training Process

(Application) Metrics Calculation

Fig. 1. Research Framework

Figure 1 illustrates that this study utilizes crescent moon
(hilal) observation data provided by BMKG, accessible
through 29 observation points each lunar month via the
official website https://hilal.bmkg.go.id. A total of 27 hilal
observation videos from the years 1443 AH to 1446 AH were
collected, comprising 20 videos for training and 7 videos for
testing. To strengthen the evaluation process, the test dataset
was augmented with 25% of the training data, resulting in a
total of 12 videos. The selected videos were then extracted into
image frames, manually annotated with Regions of Interest
(ROI) to mark the hilal, and resized to match the input
specifications of the MobileNet-v2-186 architecture. The
MobileNet-v2 architecture was modified into MobileNet-v2-
186 to enable its use for semantic segmentation rather than
mere classification. Adjustments were made to the number of
layers, hyperparameters, and activation functions to enhance
the model’s sensitivity to faint and slender crescent moon
(hilal) features. The training process utilized 5,241 resized
frames along with corresponding ground truth annotations,
employing techniques such as depthwise separable
convolution, inverted residuals, and fine-tuning of pre-trained
weights. Model performance was comprehensively evaluated
using indicators including Accuracy, Precision, Recall, and
F1-Score. The trained model was subsequently integrated into
a crescent moon (hilal) detection application. This application
enables users to upload observational videos and obtain
automated real-time detection results. Testing outcomes
indicate that the application operates optimally, efficiently,
and is user-friendly, making it well-suited for practical
implementation in hilal observation activities.

A. Region of Interest Ground Truth (ROl GT)

Region of Interest Ground Truth (ROI GT) refers to
manually annotated focal areas that are considered accurate

Frames (Trained Model)

representations, serving as a reference for validation purposes
[16]. Accuracy evaluation in object detection or segmentation
is commonly conducted at two levels: the Region of Interest
(ROI) level and the pixel level [17]. ROI-level refers to the
evaluation process in which each detected object such as
bounding boxes or polygons is compared against the manually
annotated Region of Interest (ROI) ground truth. This
approach assesses the correspondence between predicted and
reference regions to determine detection accuracy [18]. The
ROI-level evaluation process typically employs techniques
such as centroid matching, Intersection over Union (IoU), and
confusion matrix pseudoregions in relation to the ground truth
for pixel-level image analysis. Accuracy metrics such as
precision and recall at the ROI level are more sensitive to
structural errors in object detection compared to pixel-level
evaluation [19].

B. MobileNet-v2-186

MobileNet-v2 is one of the early projects that introduced
a Convolutional Neural Network (CNN) architecture
designed for ease of implementation and deployment across
various platforms [20]. Depthwise separable convolution, as
illustrated here, represents one of the key advancements in
convolutional neural network architecture. This technique
decomposes a single convolutional kernel into two distinct
operations, enhancing computational efficiency while
preserving representational capacity [21]. For instance,
instead of using a 3x3 kernel, the convolution is decomposed
into a 3x1 and a 1x3 kernel. This approach enables the scaling
of input image dimensions from 224 to 128 pixels.
Consequently, MobileNet-v2 can be trained on images sized
224x224 and later applied to images sized 128%128, owing
to its use of global average pooling. Fundamentally,
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MobileNet-v2 is a Convolutional Neural Network (CNN)
architecture designed for image classification, in which the
entire image is categorized into one of several predefined
classes [22]. In this study, the MobileNet-v2 architecture was

further developed into MobileNet-v2-186 to enable its
application in image segmentation tasks. The modified
MobileNet-v2-186 architectural model is presented in Fig 2.

Input Depthwise separable convolution Pixel
22ANZ24x3 2.0 Classification
c1: 32 BMN: 32 ot Dw2: 144 Pw2: 256 Pw3: 256 Pwa: 256 Transposed Layer
@3x3x3  channels bl @331 @ix1x320 @1xix320 @ixix320 Caonvolution Softmax
2-0 Crop
Convolution 2D
" ! ] Depthwise Depthwise Global
i Batch Clipped Depthwise Pointwise Transposed Crop Full
CamvOtRIn Normalization relu Conwolution Convolution Eagarabin EapArl s Conwvolution o cannections

Fig. 2. MobileNet-v2-186 Architectural Model

Convolution Convolution

pooling

Figure 2 illustrates that the original MobileNet-v2 model TABLE L DESCRIPTION OF THE MOBILENET-V2 186
has been modified into the MobileNet-v2-186 architecture. No Layer Operation Filter Output
This model presents the neural network workflow for Type
performing semantic segmentation, which focuses on 1 Input Layer Input Image | 224 x 224 RGB

P s .. . - . x 3 (3 channels)
classifying each individual pixel within an image. The -
. . . . 2 Convl Convolution 3x3 32
process begins with a 2D convolutional layer, responsible for 3 BNI Batch N 3
extracting spatial features from the input image [23]. Normalization
Subsequently, a 2D Transposed Convolution is applied to 4 RelLU Non-Linear - 32
perform upsampling, thereby restoring the feature map to the i Activation
iginal image resolution [24]. The 2D cropping process 5| Depthwise Conv Depthwise 3%3 144
orgina g X - X Pp g p. 1 (Dw2) Convolution
ensures that the output dimensions align precisely with the 6 | Pointwise Conv 1 <1 <1 256
original input or reference data, thereby allowing direct (Pw2) Convolution
comparison between the predicted segmentation and the 7 | Depthwise Conv Depthwise 3x3 256
pixel-level ground truth labels [25]. Subsequently, the _2 (Dw3) Convolution
led feat d th h Global A 8 Pointwise Conv 2 1x1 1x1 320
upsampled features are processed through Global Average (Pw3) Convolution
Pooling to condense the information into a simplified 9 | Depthwise Conv Depthwise 3x3 256
representation  while preserving broader contextual 3 (Dw4) Convolution
relevance. This representation is then passed through a Fully 10 | Pointwise Conv 3 1x1 1x1 320
. . . . (Pw4) Convolution
Connected layer, which interfaces with the Pixel
. . . . . . 11 | Transposed Conv | 2D Transposed 1x1 -
Clas51ﬁcat10n Layer. F}I}glly, a Softrpax function is gpphed Convolution
to assign class probabilities at the pixel level, enabling the 12 Crop 2D Cropping - -
model to generate a segmentation map that distinguishes Layer
regions according to the desired categories. A more detailed 13 Glo‘;al ‘?Verage Pooling Global -
.. . . . . ooling
fiescrlptlon of the qulleNet-V2 }86 architecture is provided 14 | Fully Connected Dense/ FC - Mumber of
in Table 1 and a detailed comparison between the developed Layer classes
MobileNet-v2 186 architecture model and the original 15 | Softmax Output Pixel - Each pixel
MobileNet-v2 is presented in Table 2. Classification class
TABLE II. COMPARISON ARCHITECTURE MODEL MOBILENET-V2 186 AND MOBILENET-V2
MobileNet-v2 MobileNet-v2-186
Convolution Input 224x224x3 Convolution Input 224x224x3
Batch Normalization Cl1:32 @3X3X3 Batch Normalization Cl1:32 @3X3X3
Clipped reLu BN:32 channels Clipped reLu BN:32 channels
Deptwise Convolution reLu Deptwise Convolution reLu
Dw2:144 Dw2:144
_— . @3x3x3 - . @3x3x3
Pointwise Convolution Pw2: 256 Pointwise Convolution Pw2: 256
@1x1x320 @1x1x320

Deptwise separable Convolution Pw3: 256 @1x1x320

Deptwise separable Convolution Pw3: 256 @1x1x320

Deptwise separable Convolution Pw4: 256 @1x1x320

Deptwise separable Convolution Pw3: 256 @1x1x320

Transposed Convolution 2-D Convolution

2-D Transposed Convolution

Crop Crop 2D

Global average pooling Softmax

Full connections

Pixel Classification Layer
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Table 1 explains that the MobileNet-v2 186 architecture
presented in the table describes a lightweight convolutional
neural network (CNN) designed to perform efficient image
classification and segmentation tasks, especially on mobile
and embedded devices. The model structure emphasizes
computational efficiency through the use of Depthwise
Separable Convolutions, which significantly reduce the
number of parameters and operations compared to standard
convolutional networks. The network starts with an Input
Layer that receives a 224 x 224 x 3 pixel image, representing
RGB color channels. This is followed by a 3 x 3 Convolution
layer (Convl) that extracts basic features such as edges and
textures. A Batch Normalization (BN) layer normalizes the
output to stabilize and speed up the training process, while
ReLU activation introduces non-linearity, allowing the
network to learn more complex patterns. Overall, the update
is a significant improvement over the previous MobileNet v2
architecture.

Table 2 presents a comparison of the MobileNet-v2 186
and MobileNet-v2 architecture models in the semantic

segmentation process. The modification of MobileNet-v2
was carried out to optimize segmentation performance by
manipulating the original MobileNet-v2 architecture into
MobileNet-v2 186 based on the parameters presented in
Table 2. The architectural modifications previously presented
will be discussed further in this study regarding the detection
of the crescent moon image.

III. RESULT AND DISCUSSION

The object detection process for crescent moon (hilal)
imagery was conducted by developing and modifying
Convolutional Neural Networks (CNNs), utilizing a dataset
derived from BMKG sourced observational videos. The
dataset comprises 27 videos, which were extracted into a total
of 6,283 image frames. These images were subsequently
divided into 5,241 training images and 1,042 testing images.
The representative forms of the extracted frames used in the
detection process are presented in Figure 3.

dilakhir 1446 H Pengamatan Hilal Awal Bulan Jumadilg

Fig. 3. Extracted Image Frames

Figure 3 presents the image samples utilized in the crescent
moon (hilal) object detection process, which involves
modifications to the CNN architecture. These images are
subsequently subjected to preprocessing, a necessary step to
enhance image quality prior to the detection phase. The

wal Bulan Jumadilakhir 1446 H Peng:

(a) Extracted Image Frame
Fig. 4. Preprocessing Results

Figure 4 presents the outcomes of the preprocessing stage
employed in the crescent moon (hilal) image object detection
process. Image (a) depicts a frame extracted from hilal
observation videos, while image (b) shows the result of
manual annotation performed by human experts to delineate
the object boundaries or target areas, commonly referred to as
ROI Ground Truth. Image (c) illustrates the resized output,
conducted to ensure compatibility with the model’s input
requirements. In this study, standardization of image

(b) ROI Output

preprocessing procedure includes Region of Interest (ROI)
extraction and image resizing, ensuring compatibility with
CNN-based processing. The results of this preprocessing
stage are shown in Fig. 4.

(c) Resized Output

dimensions was necessary, and all images were resized to 240
x 424 pixels. Following the preprocessing stage, object
detection was performed using a Convolutional Neural
Network (CNN). The CNN architecture was modified based
on MobileNet-v2 to enhance its performance, resulting in the
MobileNet-v2-186 model. Initially, MobileNet-v2 was
designed for global image classification; however, in this
study, it was adapted for semantic segmentation to detect the
presence of the crescent moon (hilal) within an image. This
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required architectural modifications to address the specific
challenges of the research. To support the segmentation
process, MobileNet-v2 was not employed as a final classifier
but rather as an encoder responsible for extracting features
from the input image. MATLAB provides functions such as
‘deeplabv3plusLayers’, which facilitate the construction of
segmentation systems using MobileNet-v2 as a backbone.
This function automatically integrates additional network
components, including a decoder, upsampling layers, and a
pixel classification layer. These added layers are essential for
reconstructing pixel label maps from the extracted features,

Training Progress (10-Aug-2025 20:13:26)

thereby enabling precise final segmentation. The inclusion of
pixel labeling and classification processes expanded the
original MobileNet-v2 architecture from 153 to 186 layers.
This added complexity is necessary for the network to perform
semantic segmentation rather than simple classification. In
this study, MobileNet-v2 serves as a feature extractor,
enabling pixel-level identification of the hilal, which allows
for more accurate localization of the object. The results of the
CNN modification using MobileNet-v2-186, including the
learning outcomes, are presented in Fig. 5.

Results
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Fig. 5. Training Performance Graph of MobileNet-v2-186

Figure 5 illustrates the training outcomes of the previously
modified MobileNet-v2-186 architecture. The training
process was configured with 50 epochs, totaling 16,350
iterations (327 iterations per epoch), and employed a constant
learning rate schedule of 0.001. This is evidenced by the
validation metrics, including Accuracy, Precision, Recall, and
F1 Score, evaluated on both the training and testing datasets.
The detailed validation outcomes of the MobileNet-v2-186
training process are shown in Fig. 7.

===Training === ===Testing ===

[ 2000 4000 6000 8000 10000

Accuracy 99.6738%

Accuracy 99.6835%

Precision 84.5445% Precision 82.1152%
Recall 85.4989%  Recall 82.2122%
F1-Score 84.0126% F1-Score 80.5725%

(a) Validation of Training Results  (b) Validation of Testing Results
Fig. 6. Validation Results of CNN-Based Detection Using MobileNet-v2-186

Figure 6 confirms that the performance of the CNN model
modified with MobileNet-V2 186 achieved an accuracy of

12000 14000 16000

99.68%, precision of 82.12%, recall of 82.21%, and an F1-
score of 80.57%. These results indicate that the model
demonstrates a fairly good capability in detecting the hilal
during the detection process. The relatively high accuracy rate
of 99.68% was obtained from the CNN learning outcomes in
the semantic segmentation process. Furthermore, the
evaluation results also show precision, recall, and Fl-score
values of 82.12%, 82.21%, and 80.57%, respectively. These
precision, recall, and F1-score values are considerably lower
compared to the accuracy value. This discrepancy is caused
by the preprocessing results, which produce varying pixel
values for each input image used in the CNN detection
process. The performance results of the CNN modified with
MobileNet-V2 186 in the Crescent Moon detection process
can be compared with several previous studies to determine
the effectiveness of the developments made. Previous studies
have shown varying levels of success in the same or similar
detection problems. The performance comparison is presented
in Table 3.

TABLE IIL TH COMPARISON OF MOBILENET V2 186 PERFORMANCE DEVELOPMENT RESULTS WITH PREVIOUS RESEARCH
No Previous Research MobileNet-V2 186 Performance Results
1 The results of this study achieved a validation accuracy value of 97.8% by testing

MobileNet-v2 on all models in image detection.

Performance of the CNN model modified with

segmentation: GA-UNet achieves an accuracy of 98.78%.

2 The results show that GA-UNet achieves excellent performance with lung image | MobileNet-V2 186 achieved an accuracy of 99.68%,

precision of 82.12%, recall of 82.21%, and an F1-score

MobileNetV2 model by 0.72% and 6.14% respectively.

3 Facial expression recognition accuracy is 68.62% and 95.96%, improving on the | of 80.57%

Based on the detection output of the modified CNN, it can be
concluded that the development and modification of CNN

with MobileNet-V2 186 have successfully provided optimal
detection results. The CNN model with MobileNet-V2 186
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also represents a novel approach in hilal object image
detection by improving the accuracy of object identification.
The findings of this study are expected to contribute to
determining the beginning of Ramadhan and Syawal,
particularly in Indonesia

IV. CONCLUSION

The crescent moon (hilal) image object detection process,
developed through the enhancement of CNN using the
MobileNet-v2-186 architecture, has effectively addressed
prior uncertainties by achieving an accuracy of 99.68%,
precision of 82.12%, recall of 82.21%, and an Fl-score of
80.57%. These results represent a novel advancement in CNN
development, particularly in  improving  semantic
segmentation performance for hilal detection. The integration
of MobileNet-v2-186 into the CNN framework demonstrates
its practical effectiveness and contributes to the reliability of
information used in decision-making processes.
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