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Abstract: In 2022, Malaysians were unexpectedly informed that Eid al-Fitr would be celebrated on 2nd May, disrupting
plans based on the anticipated 3rd May date. This highlighted the need for better crescent moon sighting methods. This
study aims to enhance new crescent detection accuracy through advanced image processing techniques using Contrast
Limited Adaptive Histogram Equalization (CLAHE) for contrast enhancement, Bilateral Filter (BF) for denoising and
Maximally Stable Extremal Regions (MSER) combined with Circular Hough Transform (CHT) for precise detection. The
research showed significant improvements of using CLAHE for enhancing image contrast, BF for reducing the noise and
MSER with CHT for ensuring accurate crescent detection. These techniques greatly improved crescent visibility and
detection accuracy, preventing disruptions like the 2022 Eid announcement. This approach promises better predictability

for future cultural and religious events.
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1. INTRODUCTION

Hilal observation is pivotal in Islam as it determines the
onset of crucial religious events such as Ramadan, Eid
Al-Fitr (Shawwal) and the pilgrimage month of Dhu al-
Hijjah. These events hold significant spiritual and
communal importance for Muslims worldwide. The
precise sighting of the new crescent moon marks the
beginning of these periods, guiding millions in their
observances and preparations. However, the accuracy of
new crescent moon observation remains a challenge,
primarily due to the inherent difficulties in visually
distinguishing the faint crescent moon against the bright
sky background.

The primary problem in new crescent moon observation
is the low contrast between the new crescent moon and
the sky background. The new moon is often very thin and
faint, making it difficult for observers to spot, especially
when atmospheric conditions are less than ideal. Light
pollution significantly impacts the visibility of the new
crescent moon, with better observations occurring under
sky conditions measured between 16-22 mpsas [1].
Traditional methods rely heavily on human visual acuity
and favorable weather, both of which are highly variable
[2]. This challenge is compounded by the lack of real-
time techniques designed specifically for new crescent
moon detection, which further complicates the timely and
accurate determination of important Islamic dates.

The social impact of inaccurate new crescent moon
observation is profound. During Ramadan, the precise
beginning and end of the fasting month are critical for the
faithful. Mistimed announcements can lead to confusion
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and disrupt the fasting practices of entire communities.
Similarly, the start of Shawwal, marked by Eid al-Fitr, is
a time for celebration and communal gatherings. An
abrupt or unexpected change in the date can disrupt social
and economic  activities, causing  widespread
inconvenience. Dhu al-Hijjah, the month of pilgrimage,
is another period where precise timing is essential for
millions of Muslims planning their journey to Mecca.
Inaccurate new crescent moon sightings can lead to
logistical challenges and affect the spiritual experiences
of pilgrims.

To address these issues, this research proposes the use of
advanced image processing techniques to enhance the
visibility and precision of new crescent moon detection.
By employing Contrast Limited Adaptive Histogram
Equalization (CLAHE), the contrast of new crescent
moon images can be significantly improved, making the
faint crescent more distinguishable from the bright sky
[3]. Additionally, the application of a Bilateral Filter
helps to reduce noise while preserving important edges,
ensuring the clarity of the new crescent moon [4]. For the
object detection phase, combining Maximally Stable
Extremal Regions (MSER) with Circular Hough
Transform (CHT) techniques ensures high accuracy in
identifying the new crescent moon’s presence and shape.

The implementation of these advanced techniques can
profoundly benefit the Muslim community. Accurate
Hilal sightings ensure that Ramadan, Eid al-Fitr, and Dhu
al-Hijjah begin and end on the correct dates, providing
certainty and uniformity in observance. This reduces
social and economic disruptions and allows for better
logistical planning, particularly for the pilgrimage. By
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improving the accuracy of new crescent moon detection,
this research not only enhances religious observances but
also contributes to the overall harmony and spiritual well-
being of Muslims worldwide.

2. METHODOLOGY
In this methodology, this research will propose the
methodology that suitable for the new crescent moon

sighting. Fig 1 shows the purpose of the methodology
technique for new crescent moon visibility.
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Fig. 1. Purpose of the methodology technique for new
crescent moon visibility.

13 data was used to conduct this research, which is the
data consist of a different moon sighting location in
Malaysia to get the overview of the data of moonsighting
in Malaysia. Teluk Kemang observatory was selected
which is from west coast Malaysia, KUSZA observatory
represent the east coast of Malaysia and the last one was
Miri observatory which is from Borneo of Malaysia.
Table 1 shows the 13 data that was used to conduct this
research.

Table 1. 13 data were obtained from KUSZA, Teluk
Kemang, and Miri

No  Observatory Equipment Date
Sky-Watcher
8 Miri Evostar 120ED + 30 Sha'ban
ZWO ASI 1443H
120MC
9 Teluk T-K3 WO 102 + 30 Safar
Kemang ZWOASI 174MM 1445H
Teluk William Optics 30 Rabi' al-
10 Keman 103 + Canon EOS Awwal
g 80D 1443H
30 Jumada al-
Sky-Watcher ED Thani
11 Miri Triplet 120MM + (Jamadil
Canon EOS RA Akhir)
1443H
Teluk Borg 101ED + o0 Rabial-
12 Keman Canon EOS 40D Awwal
g 1440H
FOT 86 + Sony 30 Muharram
13 KUszA 26500 1445H

No  Observatory Equipment Date
1 Teluk T-K1 Meade 8 + 30 Sha'ban
Kemang Canon DSLR 1445H
Sky-Watcher
100ED Triplet + 30 Sha'ban
2 KUSZA ZWOASI 1445H
1600MC
3 Teluk TkaWO 103+ 2 ivs\?v'af‘"
Kemang ZWOASI 183MM 1444H
Sky-Watcher
4 KUSZA  72ED +ZWOASI 22 f’i‘j&""a'
6200MM
- RC6 + Canon 30 Rajab
5 Miri EOS RA 1444H
Teluk William Optics 29 Ramadan
6 Keman GT 103 + 1445H
9 ZWOASI 174MM
William Optics
7 Telik = 103+ canongos 30 Safar
Kemang 80D 1444H

2.1 Image Acquisition

The data collection will begin by capturing the raw new
crescent moon images using the appropriate telescopes
and cameras. After that, those images will be transferred
into the imaging software. This image will serve as the
starting point for further image processing.

Fig. 2. Example of the raw image from KUSZA
observatory on 30 Sha'ban 1445H.

2.2 Image Enhancement
In this process the image will undergo the 3 steps which
are Grayscale conversion, CLAHE and BF.

2.2.1 Grayscale Conversion

The freshly acquired pictures of the crescent moon
remained in color and represented using three-
dimensional vectors, primarily the Red, Green, and Blue
(RGB) color components. The order's dimensions are
RxCx3, where R is the number of rows, C is the number
of columns, and 3 symbolizes the three primary colors in
RGB. [5]. The fundamental color image is encoded using
8 bits, resulting in a quantization level of 256. Therefore,
if the red, green, and blue components each use 8 bits,
their combination will use 24 bits in total, allowing for a
total of 16,777,216 distinct colors [6]. The grayscale
image is stored in 8 bits and has a total of 256 gray levels.
Each pixel's intensity ranges from 0 to 255, with 0
representing black and 255 representing white [7].



The RGB image was transformed into a grayscale image
in this study for multiple purposes. Initially, converting
the image to grayscale can significantly decrease the
amount of computational resources required for
subsequent image processing techniques, such as
enhancement. Furthermore, the utilization of single-
component algorithms on color images can be
streamlined by employing this conversion [5]. Ultimately,
the grayscale image holds significance solely when the
color image's brightness data is required. The conversion
to grayscale can be achieved by utilizing the subsequent
equation [7]:

I; = (0.2989F; + 0.5870F; + 0.1140Fy) (1)
Fg, Fzand Fp represent the intensity values of the red,
green, and blue components, respectively. I,

corresponds to the intensity value equivalent to the gray
level image within the RGB image. The coefficients
(0.2989, 0.5870, and 0.1140) are the standard weights for
converting RGB to grayscale, reflecting the human eye's
sensitivity to different colors with green being the most
sensitive and blue the least. Fig 3 displays the result of
converting the raw image into grayscale. To differentiate
between the new crescent moon and the sky in the images,
it is necessary to utilize the luminosity of the image.
Equation (1) is derived from the luminosity method and
represents a computation of luminance, which is closely
associated with lightness [8]. It calculates the average of
the values, but incorporates a weighted average to
consider human perception. Due to humans' heightened
sensitivity to the color green compared to other colors,
green is assigned the highest level of importance [9].

Fig. 3. From RGB to the Grayscale

2.2.2 CLAHE

The visibility of the new crescent moon in the image is
restricted by the limited distinction between the object
and the sky. Hence, the resolution to this issue
necessitates the utilization of the CLAHE approach. This
approach was first applied in medical imaging to assist
the clear distinction of all contrast images crucial for
clinical or research goals by the observer [10]. CLAHE
is a more advanced version of the Adaptive Histogram
Equalization (AHE) approach for increasing contrast.
This most recent improved approach has proven useful
for overcoming the limitations presented by conventional
histogram equalization [11]. The selection of CLAHE
was based on its proven ability to enhance the visibility
of foggy images or videos [12].
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The issue was nearly identical to the recently captured
image of the crescent moon. The visibility of the new
crescent moon was hindered by the presence of clouds in
the sky [13]. The CLAHE approach incorporates HE into
the context area. The contextual region is made up of
each pixel from the original image positioned in the
center of it. Following the clipping of the original
histogram, the clipped pixels are evenly distributed
throughout each gray level [14]. Afterwards, the CLAHE
method enhances the contrast at each intensity level,
resulting in a modified version of the regular histogram.
This modification is constrained by a user-defined
maximum value within the histogram [15]. The user-
selectable maximum refers to the contrast limit, also
known as the clip limit. The clip level will impact the
amplification of noise and the enhancement of contrast
[16]. The adaptive histogram clip (AHC) is a modified
version of the contrast limiting technique that can also be
utilized. AHC reduces excessive enhancement of image
background regions by automatically adjusting clipping
levels. The Rayleigh distribution is frequently used as an
AHC and is known for generating a histogram with a
bell-shaped curve. The distribution of Rayleigh serves as
a continuous probability distribution in the field of
probability theory and statistics. It is used to describe
random variables that can only take non-negative values.
[17,18]:

fOa) = x/a? exp (—x2/(2a%)) ,x = 0 @)
Hence, the Cumulative Distribution Function (CDF) can
be defined as the integral of the density function:
P(f) = 1 — exp (—x%/(2a?) ®)
The equation for CLAHE, which allows us to calculate
the new gray levels is obtained from the inverse CDF as
follows:

Rayleighg = gmin + [2(a®) In (=5 )1% )

The Rayleigh distribution, used in probability theory and
statistics for non-negative random variables is defined by
its probability density function (Equation 2) and CDF
(Equation 3), where x is the random variable and « is the
scale parameter. In the context of CLAHE, equation 4
calculates new gray levels for image contrast
enhancement by using the inverse CDF of the Rayleigh
distribution, with g,,.;,, representing the minimum gray
level and P(f) the CDF value, thereby improving the
image's visual quality by adjusting its contrast based on
the Rayleigh distribution. Here, g,,.;» represents the most
minimal value among the pixels. In this study, the
maximum threshold for clipping has been set as 0.1 for a
high contrast image and 0.3 for a low contrast image. The
selection of these values was aimed at maximizing the
entropy value while minimizing the level of noise. Upon
implementing the CLAHE technique on the grayscale
image, the new crescent moon becomes distinctly
discernible at the focal point of the image, as depicted in
Fig 4. In order to demonstrate the superiority of the
CLAHE technique in enhancing images, this study
conducted a comparison with the contrast adjustment
(CA) and standard histogram equalization (HE)
techniques. The results of this comparison are illustrated



in Fig 5. From the analysis of (b) and (c), it is apparent
that both CA and HE techniques have a tendency to
overexpose the input image by altering its brightness. It
leads to the saturation of certain uniform regions in the
output image with either very bright or very dark
intensities [19]. Additionally, HE can occasionally result
in increased noise levels, excessive enhancement,

undesired visual distortions such as clipping or level
saturation, and an imbalance among various elements of
the output image [20].

Fig.4. The new crescent moon in the image is more
visible after using CLAHE technique
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Fig. 5. Comparison between the (a) grayscale image, (b)
contrast adjustment, (c) histogram equalization and (d)
CLAHE and their histograms.
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2.2.3BF

Once the contrast enhancement process is finished, the
bilateral filter will be used on the image to mitigate the
issue of high noise levels. The technique, proposed by
Tomasi and Manduchi in 1998 [21], the reason for
choosing this filter is its non-linear nature, which
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effectively reduces noise while maintaining the integrity
of the image's edge structures. The algorithm initiates by
conducting an examination of a patch within the celestial
area of the image. Next, the patch variance is then
computed to approximate the noise variance. The
bilateral filter is then applied to the image, followed by a
specified amount of smoothing known as Degree of
Smoothing (DoS). The DoS is set to be bigger in
amplitude than the variability of the background noise.
Thus, DoS was used in this work to minimize noise while
conserving image quality. The bilateral filter is defined
as follows [22]:

BF[I], = ;- Yaes G, (1P = al)Go, (11 =1l ()

where, normalization factor ensures pixel weights sum up
to 1.0:

I/Vp = qus Go's (”p - q”)Go'r(llp - Iql) (6)

In this equation (5), BF[I],, denotes the filtered intensity
at pixel p, with W}, as the normalization factor ensuring
that the weights sum to 1.0. The filter utilizes two
Gaussian functions which is G, the spatial Gaussian
function, depends on the distance between pixels p and
q, reducing the influence of far-away pixels and G, , the
range Gaussian function, depends on the intensity
difference between pixels p and g, reducing the impact
of pixels with differing intensities. The normalization
factor W}, given by Equation (6), represents a normalized
weighted average. The parameters g, and o, determine
the extent of spatial and range filtration applied to the
image I, respectively. G, ensures that distant pixels have
less influence, while G, ensures that pixels with
different intensity values have reduced impact.
Understanding that "range" relates to pixel values and
"space” to pixel locations is crucial. This combined
approach allows the bilateral filter to smooth images by
averaging pixel intensities based on both spatial
proximity and intensity similarity, effectively preserving
edges while minimizing noise. Fig 6 displays the
outcomes of the bilateral filter.

Fig. 6. Result after applying the BF

2.3 Image Detection

2.3.1 MSER

The enhanced image will then undergo the Maximally
Stable Extremal Regions (MSER) technique to detect the
recently formed crescent moon within the image. This
technique was initially introduced by Matas [23] and has



become one of the most widely used types of region
detectors. Its popularity is from its exceptional
repeatability and its compatibility with numerous other
commonly utilized detectors. Due to their ability to
handle a limited number of regions per image, they are
highly suitable for large-scale image retrieval tasks [24].
MSERs are a collection of notable regions that are
exclusively defined by the extreme property of an
intensity function within the region and on its outer
boundary [25]. MSERs can be defined as regions that
present either a darker or brighter aspect compared to
their surroundings and maintain their stability across a
range of intensity function thresholds [26]. This method
extracts consistent regions from an image by examining
variations in the size of a connected component defined
by applying a threshold to the image at a specific gray
level, in relation to changes in its intensity [27]. The
biggest advantages of MSERs were their minimum
computational complexity and algorithmic structure,
making them well-suited for hardware implementation.
Furthermore, when faced with common image distortions,
it is advantageous to have a reliable method for
identifying essential image components that can be
consistently repeated [28]. The maximally stable
extremal region is formally defined as [29]:

. — [Rtal=IR-4|
PR D) ===

@)
The equation (7) is used to identify Maximally Stable
Extremal Regions (MSER) in computer vision. An
extremal region, or a-connectivity, is defined as a
maximal connected component of a level set S(i), where
pixel intensities do not exceed i. In this context, R
represents the original region, A is the change in intensity
threshold, R, , is the smallest extremal region containing
R, with an intensity surpassing R by at least A, while R_,
is the largest extremal region contained within R, with an
intensity at least A higher than R. The size of the original
region is denoted by |R|. A region R is considered
maximally stable when p(R;A) is minimized. The
MSER algorithm begins by applying various thresholds
to binarize the image, generating a series of binary
images for each threshold. These regions are identified
by their stability in size across different thresholds,
making them robust and important features for image
analysis. This method effectively highlights regions that
maintain a consistent shape despite intensity variations,
enhancing the detection and analysis of significant image
features. This region is represented by the green area in
Fig 7.

Fig. 7. The MSER result
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2.32CHT

The Circular Hough Transform (CHT), a method devised
by Paul Hough in 1962, is used to identify circular objects
in the image [30,31]. The Hough Transform operates by
collecting votes for the geometric shape present at the
edges [32,33]. The CHT procedure utilizes Equation (8).
r’=(x-a)’+y-b)’ 8)
In the given equation (8), the variable r represents the
radius, while a and b represent the coordinates of the
circle's centre point and x and y represent the coordinates
of any point on the circumference of the circle. The
circular Hough transform approach described may be
used to estimate the radius and centre point of a circular
object [34,35]. The CHT algorithm is employed to
capture the picture of the new crescent moon, which has
an irregular circular shape [36]. The outputs of the CHT
consist of a list that includes the coordinates of the centre
point of the detected circle and the radius of the circle
[37]. Fig. 8(a) displays the circle detection from the new
crescent moon and Fig. 8(b) the output from the detection
of the CHT in the real time image.

—

Fig.8(b). The output of the CHT in the real time image

3. RESULT AND DISCUSSION

In order to determine the effectiveness of the contrast
enhancement technique, we compared the entropy value
of the original image with those of the CA, HE, and
CLAHE techniques. Entropy serves as a valuable metric
for quantifying the amount of information contained
within an image. An image with a high entropy value
contains a greater amount of information, indicating that
it possesses higher image quality [38]. Entropy, also
referred to as information entropy Shannon's entropy is a



quantitative measure that captures the level of
uncertainty related to a source of information within the
field of information theory. The equation can be precisely
defined as follows [39]:

E(I) = - $k2h p(k) log, (p(k)) ©)
Where | represent the original image, p(k) represents the
probability of value k occurring in image I, and L=24
represent the total number of distinct gray levels. E(l)
represents the entropy of an image and should not be
misconstrued as a mathematical expectation, as I is not a
random variable. The entropy values for the tested image
are displayed in Table 2. The entropy values of the CA
and HE techniques are lower than those of the original
image. This phenomenon is a result of overexposure that
takes place when adjusting the brightness of the input
image, as depicted in Fig 5(b) and (c), subsequently
leading to a loss of image detail. The utilization of the
CLAHE technique in this study yields a greater entropy
value, signifying that this technique enhances the level of
detail in the image, resulting in improved image quality.
The lowest standard deviation value compared to other
techniques also shows that CLAHE is the best technique
for this study.

Table 2. Comparison of entropy values for various
techniques used to test images.

Image  Original CA HE CLAHE
1 3.9638 3.9475 3.7798  7.3401
2 5.3499 5.2782 5.2857 7.7944
3 5.4523 5.4523 5.4171 7.9762
4 5.1927 5.1925 5.0485  7.6556
5 4.6858 4.6858 4.6662 79774
6 5.8884 5.8884 5.8514  7.8443
7 6.8061 6.8051 6.6862  7.9909
8 2.7270 2.7270 2.7191  7.8502
9 4.6912 4.6912 4.6429  7.9087
10 5.4523 5.4523 5.4171 7.9762
11 3.5055 3.5055 3.4787 7.1997
12 7.0714 6.9094 7.0199  7.8343
13 5.8914 5.8906 5.8855  7.8880

Meanwhile, the image denoising technique's

performance was assessed by comparing the peak signal
to noise ratio (PSNR) values of contrast-enhanced and
denoised image (CLAHE and BF, respectively).
According to Table 3, reference pictures are grayscale
images created by converting source photos. Contrast
enhancement image (CLAHE) are images that have not
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yet been denoised, while denoised images (BF) have
undergone the denoising procedure. PSNR is a
metric that calculates the ratio of the greatest attainable
signal strength to the power of the noise that reduces the
quality of its representation. The signal represents
original data, whereas noise refers to the flaws created by
compression or distortion [40]. A higher PSNR value
indicates superior picture quality. The PSNR between an
example image and a test image, which are both equal
size, is described as Hore & Ziou [41] as follows:

PSNR(f,g) = 10log,((255%/ MSE(f, g)) (10)
Where,
MSE(f,8) = — XM, X1 (fyy — 81j)? (11)

Equation (10) will measure the PSNR between the
original image f and a reconstructed image g, where
PSNR(f, g) is expressed in decibels (dB) and provides a
logarithmic scale to compare image quality. The key
variable, MSE(f, g), is the Mean Squared Error given by
equation (11), which calculates the average squared
differences between corresponding pixel values of the
original image f and the reconstructed image g. Here, M
and N represent the dimensions (height and width) of the
images and f;; and g;; are the pixel values at the i-th row
and j-th column of the original and reconstructed images.
The PSNR equation uses a constant 255, the maximum
possible pixel value for 8-bit images, to normalize the
error measurement, ensuring that higher PSNR values
indicate better image quality by quantifying the noise
introduced during reconstruction. Table 3 presents a
comparison of the PSNR values for both contrast-
enhanced images using CLAHE technique and denoised
images using the BF technique. It is clear that the
denoised image exhibits a greater PSNR value in
comparison to the contrast-enhanced image. These
results demonstrate the efficacy of the BF technique in
effectively reducing noise in the denoised image, thereby
enhancing image quality.

Table 3. Comparison of PSNR values between contrast
enhancement images (CLAHE) and denoised images
(BF).

Grayscale CLAHE BF
1 27.7842 34.4185
2 27.8707 28.9254
3 27.9249 28.0294
4 27.8384 29.7161
5 27.7722 29.4146
6 27.8957 29.5516
7 27.8247 28.0507
8 27.4786 29.1989



Grayscale CLAHE BF
9 27.5101 29.7539
10 28.5781 29.8272
11 27.6527 31.9361
12 27.8808 28.3283
13 27.9787 30.2629

Furthermore, to evaluate the effectiveness of the object
detection technique for MSER and the CHT, a
comprehensive set metrics such as precision, recall,
accuracy, F1 score, and false positive rate should be used
[42]. Precision measures the proportion of true positive
detections among all positive detections, while recall
evaluates the proportion of true positive detections
among all actual positive instances. Accuracy assesses
the overall correctness of the detection system,
combining both true positives and true negatives [43].
The F1 score provides a harmonic mean of precision and
recall, offering a balanced evaluation metric. Lastly, the
false positive rate quantifies the proportion of incorrect
positive detections, which is crucial for understanding the
system's reliability in real-world applications [44]. The
precision are defined as follows [42]:

Precision = —— (12)
TP+FP

Accuracy = S £ — (13)
TP+TN+FP+FN

Recall = —2— (14)

TP+FN
F1Score = 2 X Prec%st:on X Recall (15)
Precision + Recall
and lastly, false positive rate [44]
FPR = = (16)
FP+TN

These equations are used to evaluate the performance of
classification models, with key concepts including True
Positives (TP), True Negatives (TN), False Positives
(FP), and False Negatives (FN). Equation (12) measures
the accuracy of positive predictions, where TP represents
cases correctly identified as having the object, and FP
indicates false prediction. Besides, equation (13), gauges
overall correctness, including correctly identified
negatives (TN) and missed detections (FN). Equation
(14) assesses the model's ability to find all relevant
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instances. Meanwhile, equation (15) balances the
precision and recall. Lastly, equation (16) shows the
proportion of incorrect positive identifications among
actual negatives.

Given the equations above, the definitions of TP, TN, FP,
and FN are crucial for understanding the performance
metrics of object detection models. TP represent cases
where the model correctly predicts the presence of an
object, thereby confirming its ability to identify true
instances accurately. TN occur when the model correctly
predicts the absence of an object, indicating its
effectiveness in disregarding non-relevant data [45]. FP
arise when the model incorrectly predicts the presence of
an object that is not actually there, which can lead to false
alarms and potential overestimation of the detection
capabilities. On the other hand, FN happen when the
model fails to detect an object that is present, pointing to
a critical shortfall in the model’s detection ability. These
definitions are integral to calculating precision, recall,
accuracy, F1 score, and false positive rate, providing a
comprehensive assessment of the model's performance
and reliability in practical applications [46].

Based on the combined predictions for CHT, MSER and
it combined method as shown in Table 4, the
performance metrics reveal that combining these
detection methods provides a balanced approach to new
crescent moon detection. The combined method achieves
an accuracy of 0.643, slightly higher than the 0.615
accuracy of either method alone (Fig 9). Precision
remains perfect at 1.0 for the combined method, similar
to MSER, indicating it eliminates false positives
effectively. The recall of 0.615 for the combined method
is an improvement over MSER’s 0.583 but slightly lower
than CHT’s 0.667, reflecting a good balance in
identifying true positives. The combined method’s F1
score of 0.761 is almost identical to CHT’s 0.762,
demonstrating a well-rounded performance by balancing
precision and recall. The false positive rate (FPR) for the
combined method is 0.0, aligning with MSER’s
performance and showing its effectiveness in avoiding
incorrect positive predictions. This combination
leverages the strengths of both methods, ensuring high
precision while also improving recall over MSER alone.
In practical terms, the combined method is highly reliable
for confirming the presence of the moon due to its high
precision and balanced recall. It is suitable for
applications where minimizing false positives is crucial
without significantly compromising the detection of true
positives. This approach offers a robust solution,
providing a good balance between avoiding false
positives and capturing true positives, making it an
effective choice for new moon detection scenarios.
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Fig. 9. The comparison of CHT, MSER and the combination of both detection technique in metrics line chart

Table 4. Combined true and false predictions for CHT, MSER and it combined method

Image Ground CHT CHT MSER MSER Combined Combined
Num Truth Prediction Type Prediction Type Prediction Type
1 Absent Present FP Absent TN Absent TN
2 Present Absent FN Absent FN Absent FN
3 Present Absent FN Absent FN Absent FN
4 Present Present TP Present TP Present TP
5 Present Present TP Present TP Present TP
6 Present Present TP Present TP Present TP
7 Present Present TP Absent FN Present TP
8 Present Absent FN Absent FN Absent FN
9 Present Present TP Present TP Present TP
10 Present Present TP Present TP Present TP
11 Present Absent FN Absent FN Absent FN
12 Present Present TP Present TP Present TP
13 Present Present TP Present TP Present TP

4. CONCLUSION

The proposed method for detecting the new crescent
moon, which uses CLAHE for enhancing image quality,
BF for reducing noise and combines MSER and CHT for
detecting objects, offers numerous benefits that can
positively impact society. This approach is crucial for
improving the accuracy of astronomical observations and
ensuring precise calendrical calculations, which are
essential for cultural and religious practices that follow
lunar calendars. By making moon sightings more reliable,
communities can better align their events and rituals,
ensuring everyone is on the same page. This method also
highlights how advanced technology can solve traditional
problems, encouraging collaboration across different
fields and inspiring further innovation. In essence, this
approach not only pushes the boundaries of scientific
research but also helps preserve and support cultural
traditions, making a real difference in both areas.
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