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Introduction

Dental radiograph, or X-ray, is a diagnostic tool commonly used 
in dentistry to visualize areas of the mouth. Dental radiographs 
are an essential component in monitoring the development of 
children’s teeth, including the eruption of permanent teeth and 
the growth of jaw bones. They are also important for planning 
dental procedures, such as extractions, root canals, and implants, 
as they provide information about the location and size of roots 
and surrounding structures. There are several dental radiographs, 
including bitewing, periapical, panoramic, cephalometric, and 
tomography. Dental radiographs can be divided into two main 
types: intraoral and extraoral. Intraoral radiographs are taken 
inside the mouth and include periapical and bitewing radiographs. 
Extraoral radiographs, such as panoramic or cephalometric, are 
taken outside the mouth. An Orthopantomogram (OPG) or a  

 
panoramic dental image is a type of dental X-ray that captures 
a wide view of the upper and lower jaws and the teeth and 
surrounding structures [1]. It is used to diagnose various dental 
conditions and plan orthodontic treatment. Conversely, periapical 
radiographs capture a more detailed view of a single tooth or 
a small group of teeth [2]. These X-rays are used to diagnose 
specific issues with individual teeth, such as cavities, abscesses, or 
impacted teeth. Various sources of noise can impair image quality 
in panoramic and periapical radiographs. Sources of noise in 
radiographs include quantum, structural, electronic, pattern, data 
quantization, and film grain noise [3]. On the other hand, improper 
patient positioning can cause motion blur and additional noise in 
panoramic radiographs. These noise sources must be considered 
when interpreting radiographs for accurate diagnosis [4]. 
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Noise in these radiographs is caused primarily by low contrast 
and brightness, non-alignment of images taken at different times 
or with different equipment, and exposure setting variability. To 
reduce the negative impact of noise, it is critical to use optimal 
parameter values, such as proper exposure settings, image 
alignment, and noise reduction filters. Noise in periapical and 
panoramic radiographs can compromise dental imaging accuracy, 
but it can be effectively reduced by using effective enhancement 
protocols and optimal parameter values [5]. Several enhancement 
protocols are being used to enhance the diagnostic capabilities of 
OPGs and periapical radiographs. These enhancement tools can be 

used to improve the accuracy and efficiency of dental diagnosis 
and treatment planning, ultimately leading to better patient 
outcomes. This study briefly overviews enhancement protocols 
for periapical and panoramic dental radiographs. The study 
classified the radiograph enhancement techniques into three 
major domains: radiograph contrast enhancement, radiograph 
denoising and transformation, and neural network and deep 
learning-based enhancement protocols as shown in Figure 1. 
Contrast enhancement protocols are further classified into 
histogram equalization-based, mathematical morphology-based, 
and gamma correction techniques (Figure 1).

Figure 1: Summary of Radiograph Enhancement Protocols.

Image Enhancement Protocols in OPGs and Periapical 
Radiographs

Image enhancement protocols for OPGs and periapical 
radiographs typically involve adjusting the image’s brightness, 
contrast, and color balance to improve the visibility of specific 
structures or lesions [6]. Some common radiograph enhancement 
techniques include contrast enhancement, filtering/ denoising, 
super-resolution, and noise reduction [7].

The key characteristics of a good radiograph enhancement 
algorithm are listed: 

i.	 High Noise Reduction While Preserving the Original 
Edges

The radiograph enhancement algorithm should effectively 

reduce or remove the noise from the original radiographs 
while not introducing any distortion or loss of information [8]. 
Radiograph enhancement techniques are an important part of 
diagnosing dental abnormalities. To determine the extent of the 
abnormality’s spread, the edges of the dental cavity along the 
jaws must be clearly defined. During the enhancement process, an 
algorithm must not introduce any new objects. It must maintain 
structural similarity with the original image while preserving all 
fine details. Furthermore, the boundaries of the diseased area 
must be precisely recognized in radiograph-guided surgeries. 
Most pre-processing techniques can smooth an image’s edges, 
which is unacceptable in the case of dental images. As a result, one 
of the most important requirements of a good dental radiograph 
enhancement algorithm is preserving the edges and other finer 
details while removing the noise [9]. 
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ii.	 Robustness, Adaptability & Scalability

The algorithm should be robust and work well with different 
types of noise and different levels of intensity. Initial radiographs 
can have either dark or light intensity, depending upon the 
radiation they go through. In digital radiographs, the areas of 
the image exposed to more radiation will appear lighter on 
the final radiograph. In comparison, the images exposed to less 
radiation will appear lighter. The enhancement algorithm should 
be adaptable to different signals and noise, allowing for different 
parameters to be adjusted, depending on the specific application 
and the initial state of radiographs.

iii.	 Computational Efficiency

The enhancement algorithm should have a fast computation 
time and be able to process large amounts of data in a reasonable 
amount of time, requiring minimal resources.

Contrast Enhancement Techniques

Contrast enhancement is the process of improving the 
visibility of details in a radiograph by adjusting the intensity levels 
of its pixels. The goal of contrast enhancement is to make the 
radiographs’ details more distinguishable and improve the image’s 
overall quality [10]. This is particularly important for radiographs 
that are under or over-exposed, have low contrast, or are affected 
by noise. Several techniques for contrast enhancement include 
histogram equalization, adaptive histogram equalization, contrast-
limited adaptive histogram equalization, gamma correction, 
histogram matching, and log transformation. The appropriate 
technique depends on the specific radiograph and application, 
and the results of the enhancement process should be carefully 
evaluated to ensure that the desired level of contrast improvement 
has been achieved [10].

Histogram Equalization: Histogram equalization (HE) is 
an image processing technique that improves image contrast 
by adjusting intensity levels [11]. The technique works by 
redistributing the intensity levels of pixels in an image so that the 
image’s histogram is approximately flat. This results in a more 
balanced distribution of intensity levels and can reveal previously 
undiscovered details. Several HE variations techniques have been 
applied to OPG and periapical radiographs for clearer images and 
effective treatment and diagnostic tasks. These include Global 
histogram equalization (HE), Adaptive histogram equalization 
(AHE), Contrast-limited adaptive histogram equalization (CLAHE), 
Dual-energy histogram equalization, Automatic histogram 
equalization, and several other variants [11].

The global HE method applies HE to the entire radiograph 
and is useful for enhancing the overall contrast of an image [12]. 
Vinayahalingam et al. used HE to improve the visibility of details 
in low-contrast panoramic radiographs to classify caries in third 
molars [13]. HE is generally useful for improving the visibility of 
radiographs captured in low-light conditions. Furthermore, HE is a 

simple and quick image enhancement method, making it simple to 
implement and computationally efficient [14]. However, it should 
be noted that HE should be used cautiously on radiographic 
images because it may not be appropriate for all types of images. 
Radiographic images frequently have a low signal-to-noise ratio, 
and using HE can increase the noise, making the image more 
difficult to interpret [15]. Moreover, HE can increase the overall 
contrast of an image, making it more difficult to distinguish 
between subtle shades of color. In an experiment conducted 
by Qureshi et al. to find the consistent image enhancement 
evaluation metric, HE was least preferred by the survey observers 
[16]. An AHE technique was suggested by Peter K. Artley and 
James D. Young, which applies histogram equalization locally to 
different regions of the image instead of the whole image [17]. 
The technique works by dividing the image into small regions, 
called tiles, and performing histogram equalization on each tile 
separately. AHE has been effective for panoramic and peripheral 
radiographs because these images often have low-contrast areas, 
making it difficult to see small details. 

A study used a variant of non-interactive sliding window 
adaptive histogram equalization (SWAHE) to improve contrast 
and radiograph quality [18]. SWAHE works by adapting the 
intensity levels of an entire image so that each pixel has a more 
even distribution of light intensity values compared to its 
neighbors. This makes it easier to see details in images with a wide 
range of brightness, darkness, or low contrast. The results showed 
that using SWAHE improved the ability of dentists to locate root 
apices in periapical examinations and detect approximal caries on 
bitewing radiographs with greater accuracy compared to viewing 
unprocessed images [18]. 

However, SWAHE can be computationally intensive because of 
the number of blocks that need to be processed and the calculations 
required for each block [19]. For example, the histogram of each 
block must be calculated and equalized, which involves counting 
the number of pixels in each intensity level, normalizing the 
histogram, and computing the cumulative distribution function. 
In addition, because the blocks overlap, the same pixels may be 
processed multiple times, which can increase the computational 
complexity. Furthermore, the algorithm may require a large 
amount of memory to store the intermediate results for each 
block [19]. Another enhancement method is the CLAHE, which is 
similar to HE, but it limits the amount of contrast enhancement 
to prevent over-saturation of the image. CLAHE modifies the 
image’s brightness intensity by expanding brightness values 
between dark and bright areas [20]. Initially, this method of local 
contrast enhancement was created to improve medical images. 
The initial research on CLAHE was done on dense mammograms 
and effectively improved the simulated speculations [21]. 

A study examines the effect of HE and CLAHE on image quality 
and fractal dimensions of digital periapical radiographs [22]. 
Sixty digital periapical radiographs were used for the study, and 
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the radiographs were separated into three groups: the first group 
was enhanced with HE, the second group was enhanced with 
CLAHE, and the third group was left untreated. Two observers 
investigated the image quality and fractal dimensions using the 
Wilcoxon signed-rank test and the Kruskal-Wallis test. According 
to the results, both image-enhancing strategies enhanced 
the image quality and fractal dimensions of digital periapical 
radiographs. However, the CLAHE method was found to be more 
effective than the HE method at enhancing image quality and 
fractal dimensions [22]. A new technique uses image processing 
to automate the localization of the inferior alveolar nerve canal 
(IAC) in maxillofacial regions of cone beam computed tomography 
X-ray images. The technique enhances the image using intensity 
mapping and contrast limited AHE, then segments the lower jaw 
into two portions and extracts edge points to identify the IAC [23]. 
Another study tested a variation of CLAHE called sharp contrast-
limited adaptive histogram equalization (SCLAHE) on ten intra-
oral periapical x-ray images and found that it provided better 

diagnostic ability for dentists [24]. The study was conducted on 
four upper jaw molars and six lower jaw molars to determine 
whether this strategy improves diagnostic accuracy. However, the 
SCALHE enhancement process can amplify noise present in an 
image, resulting in a noisier image. Moreover, it is a computationally 
intensive process, which can be slow for large images.

Nevertheless, CLAHE radiograph enhancement is linked to 
the strong foreground and background contrast, which improves 
the appearance of the primary mass at the expense of creating 
tiny but misleading intensity inhomogeneities in the background 
[25]. CLAHE and HE, on the other hand, reduce trabecular bone 
structure detection and FD values in periapical images [22]. Thus, 
several studies suggested the use of HE and CLAHE algorithms 
in combination with other algorithms for effective radiograph 
enhancement [26]. Chen et al. used a combination of HE and 
flat-field correction to assign pixel values in dental radiographs 
for missing teeth and restoration detection [27] (Table 1). 

Table 1: Summary of Radiograph Contrast Enhancement Protocols

Technique Name Application Area Publications/ Research 
Papers Merits Demerits

Histogram Global 
Histogram Equal-

ization 

- Classification for carries in 
third morals

- Differentiating the dental 
component from the noise 

component

Vinayahalingam et al. [13]
Arunkumar et al. [62] It is useful on Images with 

non-uniform illumination or 
regions with varying contrast.

- Over Enhancement
- Introduction of artifacts

SWAHE
- root apices

- approximal caries Sund & Møystad [18]
For periapical examinations, 
a twin view raised the image 

quality by 52% compared to a 
single view.

Computationally intensive 
because of the number 

of blocks that need to be 
processed. 

Wei & Tao [19]

CLAHE and its 
variant, SCLAHE

Detection of upper and the 
lower jaw morals

Mehdizadeh et al. [22]
Ahmed et al., [24]

Enhanced fractal dimensions of 
digital radiographs

- Computationally expensive
- Reduced trabecular bone 
structure detection and FD 
values in periapical images 

Mehdizadeh et al. [22]

HE with flat-field 
correction 

- Missing teeth 
- Restoration detection Chen et al., [27]

The flat-field correction 
ensures that the image has a 
more uniform background, 

and the histogram equalization 
helps to bring out details in the 

radiograph

Complicated implementa-
tion where the radiographs 

have non-uniform illumi-
nation

Mathematical 
Morphology 

- To extract the relevant struc-
tures in the radiograph 
- Teeth Segmentation.

- Fractal dimension analysis

Román et al. [30]
Said et al. [29]
Yu et al. [31] 

- Improved visualization
- Enhance the contrast and 
visibility of morphological 

features

- Computational complexity 
Cuisenaire [32]

- Limited interpretability of 
the results 

Gamma Correction For the automatic segmenta-
tion of dental X-ray images

Asadi Amiri, Moudi [33]
Versteeg et al. [8] 

- Standardization 
- Improves image visibility - Complexity

- Distortion

http://dx.doi.org/10.19080/ADOH.2023.16.555945


005

Advances in Dentistry & Oral Health 

How to cite this article:   Abdulbadea A, Omar Ezz El-D, Sadaf J. Enhancing The Quality of Dental Radiographic Images: A Review on Panoramic and 
Periapical Radiograph Enhancement Techniques. Adv Dent & Oral Health. 2023; 16(4): 555945. DOI:10.19080/ADOH.2023.16.555945

HE is a widely used technique for improving the visibility of 
details in images. However, it also has some limitations that can 
negatively impact the quality of the enhanced image. One of these 
limitations is over-enhancement, which can result in unnatural 
and unrealistic contrasts in certain regions of an image. Another 
issue is noise amplification, which occurs when the enhancement 
process amplifies any existing noise in an image, making it noisier. 
Additionally, HE can lead to loss of information in an image as 
the adjustment of intensity levels can result in deleting some 
information. Lastly, HE is a global enhancement technique that 
enhances the entire image equally. This may not be appropriate 
for images with multiple regions with different lighting conditions, 
as it can result in an uneven enhancement. To address these 
limitations, it is important to carefully evaluate the results of 
HE and choose an appropriate enhancement technique that best 
suits the specific image and application, like the AHE. The hybrid 
methods combine different image enhancement techniques to 
address the limitations of histogram equalization and improve 
the overall quality of the enhanced image. It is essential to 
utilize histogram equalization in conjunction with other image 
processing techniques and to interpret the results considering the 
clinical presentation of the patient.

Mathematical Morphology: Mathematical morphology is 
a technique used in dental radiograph processing for extracting 
and enhancing morphological features in images. The use of 
mathematical morphology to enhance morphological features 
in medical images is widely recognized in the medical imaging 
field to improve the visibility of crucial features, such as shapes, 
textures, and structures, which play a crucial role in diagnosis 
and treatment planning. The morphological operations used in 
this technique include dilation, erosion, opening, and closing, 
which can be applied to a radiograph to enhance or remove 
specific features [28]. A study by Said et al. investigates the 
application of mathematical morphology to tackle the challenge 
of teeth segmentation in medical images [29]. The authors also 
put forward a novel grayscale contrast stretching transformation 
aimed at enhancing the performance of this technique. This 
innovative approach demonstrates remarkable results in both 
bitewing and periapical dental radiographic images and boasts 
the lowest failure rate among all the approaches studied [29]. 

Another study extends the use of mathematical morphology 
for enhancing panoramic radiograph images [30]. The method 
proposed in the paper is based on the use of mathematical 
morphology operations to extract the relevant structures in the 
radiograph at multiple scales. The authors use the mathematical 
morphology operations of dilation and erosion at different scales 
to extract the desired structures in the image. They then combine 
these structures to produce an enhanced final image. The authors 
evaluate the performance of their method using a dataset of OPG 
images. They compare their method to other existing methods 
for image enhancement, such as HE and the anisotropic diffusion 

filter. They show that their method produces improved results in 
terms of image quality and visibility of structures [30]. 

To extract the trabecular pattern and assess changes in reactive 
bone, a research study employed mathematical morphology and 
box-counting techniques [31]. The central conclusion of this 
research paper is that the fractal dimension of reactive bone shows 
a substantial reduction following successful root canal treatment. 
The study revealed significant alterations in the fractal dimension 
six months after the root canal treatment, suggesting a decline in 
the fractal dimension in areas previously characterized by dense 
reactive bone formation caused by necrotic pulps or periapical 
lesions resulting from endodontic procedures such as root canal 
treatment. This method holds potential as a quantitative tool for 
evaluating the bony structures of the jaw before and after dental 
procedures like root canal treatment. Mathematical morphology 
can lead to improved visualization of important structures and 
patterns in these images, making it easier to detect and analyze 
them.

Furthermore, it can be used to perform automated image 
analysis, reducing the time and effort required for manual analysis 
and providing objective measurements of morphological features. 
This reduces the subjectivity and variability associated with 
manual measurements. It can also improve diagnosis accuracy 
by providing a clearer and more detailed view of morphological 
features in medical images interpretability [32]. However, there 
are also some limitations to using mathematical morphology, 
including computational complexity, noise sensitivity, the potential 
for over- or under-enhancement of morphological features, 
and limited interpretability [32]. To summarize, mathematical 
morphology can provide valuable insights into morphological 
features in medical images, but it is important to consider its 
limitations and choose the appropriate morphological operations 
to ensure accurate and meaningful results. 

Gamma Correction: The use of gamma correction enhances 
the quality of images by adjusting their brightness and contrast 
levels. This method involves manipulating the mid-tones of an 
image, either by making them brighter or darker, to improve its 
visibility and clarity, particularly on images with limited dynamic 
range. Gamma correction can be applied manually or through 
automated algorithms, offering greater flexibility and improved 
results. A research study revolved around the utilization of gamma 
correction for enhancing panoramic images. This method involves 
modifying the brightness and contrast of an image to improve its 
visibility and clarity, particularly on radiographs. By implementing 
gamma correction, the accuracy of positioning can be improved, as 
it provides clearer images with sufficient diagnostic information 
for the maxilla sinusoid region, resulting in decreased exposure to 
radiation for patients [33]. 

Another study utilized gamma correction for image 
enhancement for the automatic segmentation of dental X-ray 
images. The training procedure involves several stages, including 
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data augmentation, pre-processing with CLAHE and gamma 
adjustment, and training using the U-Net architecture. During the 
testing process, the image undergoes pre-processing, prediction, 
and the removal of small background areas [34]. The gamma 
correction method aims to improve the visibility of images, 
especially in low-light conditions, by making them clearer and 
more defined. Additionally, gamma correction helps to standardize 
the display of images across different devices, making it easier to 
view images accurately on different screens. Another advantage 
of gamma correction is that it can enhance the representation 
of colors in an image, making them appear more accurate and 
vibrant. Despite its benefits, there are also some drawbacks to 
using gamma correction. The process can be complex and time-
consuming, particularly for large images. Additionally, over-
correction can lead to the loss of fine details in an image, and if not 
performed correctly, gamma correction can result in a distorted 
image that appears unnatural. In conclusion, while gamma 
correction can be useful for improving the appearance of an image, 
it should be applied carefully to avoid negative consequences.

Radiograph Denoising and Transform: 

Radiograph Denoising: The images radiographs produce 
can sometimes be degraded by random noise, making it difficult 
to accurately diagnose dental conditions. Consequently, there is a 
growing interest in enhancing the quality of dental radiographs 
through denoising. Denoising is a process that removes or 
reduces random noise in an image. There are various methods 
for denoising dental radiographs, including wavelet denoising, 
total variation denoising, and deep learning-based denoising. 
The choice of denoising method depends on the specific needs 
of the application and the trade-off between noise reduction and 
preservation of important details. A Gaussian high-pass filter is 
used to preprocess the image data in a study. The X-ray image is 
then divided into several individual tooth sample images using 
iterative thresholding. For training, the image database’s collection 
of individual tooth images is used as input into the convolutional 
neural networks (CNN) migration learning model [35]. Before 
starting the feature extraction process, it is important to clean up 
the images by removing noise and preserving edge information. 
This is achieved through the use of Gaussian filters that prevent 
the smoothing of edges [36]. 

The median adaptive filter is another widely used method for 
removing impulsive noise in dental radiographs [6]. The procedure 
for segmenting individual teeth has been proposed for an effective 
distinction of various features, such as caries lesions, fractures 
of dental structures, including teeth and supporting alveolar 
structure, and diseases, such as periodontitis, among others. 
The first step involves preprocessing through median filtering, 
followed by K-means clustering with morphological operations to 
differentiate tooth structures from the dental X-ray images [37]. 

The median filter has several advantages, including robustness 
against impulsive noise, a lack of requirement for prior knowledge 
of noise statistics, and the ability to preserve edges. However, it 
also has some limitations, including slower computation time, 
the potential for blurring, and the risk of removing important 
details [6]. The preprocessing of images involves identifying the 
relevant area (ROI) and applying image enhancement techniques. 
A bounding box is placed around the first and second permanent 
mandibular premolars in panoramic dental radiographs, with the 
object centered within the image. The image’s intensity is then 
adjusted, and a median filter is applied to improve the quality of 
the image. This step helps to bring out the important features of 
the object while minimizing background noise. The median filter 
removes any sudden noise spikes while preserving the edges of 
the object, and a 7 x 7 kernel filter is applied for further processing 
[38]. Wavelet denoising is also a well-established denoising 
method for removing noise from digital images. It is based on the 
wavelet transform, which decomposes an image into different 
frequency sub-bands. The method then applies a threshold to 
the wavelet coefficients in each sub-band, which reduces the 
magnitude of the noise while preserving the important details. 

A paper presents a promising solution for enhancing X-ray 
images to detect dental caries. The approach is based on locating 
the lesion using CLAHE, followed by a morphological top and 
bottom hat operation. Homomorphic filtering (HF) is then 
applied to eliminate uneven luminance distribution and reduce 
noise. The HF is implemented using wavelet packet transform 
(WPT), and the wavelet shrinkage decomposition and threshold 
of the wavelet coefficients are determined adaptively [39]. The 
technique can easily be applied to OPG and periapical radiographs 
for effective image enhancement. The wavelet filters are proven to 
be an effective method for removing noise from the radiographs. 
However, the selection of the appropriate wavelet function is 
crucial for the effectiveness of the denoising process [40]. If an 
incorrect function is chosen, it may result in the preservation of 
noise or the removal of important details in the image. Wavelet 
denoising can also result in over-denoising, which results in too 
much noise removal from the image, leading to a loss of important 
details and degradation of radiographic quality [41]. 

In image processing, the frost filter is a denoising, non-linear 
filter that is especially effective at removing speckle noise from 
medical images, such as ultrasound and X-ray images. To analyze 
the image and separate signal from noise, the frost filter employs 
a multi-scale approach. It computes a local mean and standard 
deviation for each pixel before replacing it with the weighted 
average of the surrounding pixels if the pixel value deviates 
from the local mean by more than a certain threshold. The frost 
filter effectively reduces speckle noise while preserving the 
image’s edges and fine details. As a result, it is a popular option 
for denoising medical images and improving image quality for 
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diagnostic purposes [42]. In dental radiography, one of the main 
sources of noise is the X-ray quantum noise, which is influenced 
by the X-ray dose received by the patient and the characteristics 
of the image intensifier. Another source is the electronic noise 
from the TV camera, which includes noise from the pre-amplifier 
and the camera tube and can produce a speckled appearance in 
the image. Hence, another research study used the frost filter 
to remove noise from the digital periapical images [43] This 
method aids in the accurate localization and detection of lesion 
boundaries, providing improved results for bone repositioning 
following surgery for periapical lesions. 

The wiener filter is a commonly used method for noise removal 
in dental radiography. A method is presented for identifying 
people based on the shapes and appearances of their teeth using 
edge detection, pixel value counting, and feature extraction. This 
method automatically detects important features to identify a 
person. The wiener filter is used to reduce noise and provide a 
smooth image [44]. It offers several advantages, including optimal 
signal-to-noise ratio, adaptive filtering, and computational 
efficiency [45]. However, the filter requires knowledge of noise 
statistics, and over-aggressive noise suppression can lead to 
blurring or over-smoothing of the image. The Laplacian filter is 

an important component of the diagnostic system for detecting 
dental caries in digital radiographs. This filter highlights the 
edges of the image, which are crucial for accurately identifying 
areas of caries in teeth. The diagnostic system consists of several 
components, including Laplacian filtering, an adaptive threshold 
based on the window size, morphological operations, statistical 
feature extraction, and a back-propagation neural network. The 
Laplacian filter calculates the second derivative of the image 
intensity values. This provides information about how quickly 
the intensity changes over a certain area of the image, which is 
useful for identifying boundaries between different objects in the 
image. For example, the boundary between a healthy tooth and a 
carious area will have a higher intensity change rate than other 
areas of the image. The latter determines whether a tooth surface 
is normal or has dental caries. 

In a study, the system was trained using 105 intra-oral digital 
radiography images, which a dentist annotated to indicate the 
presence of caries. The training was conducted using an artificial 
neural network with 10-fold cross-validation. The performance 
of the diagnostic algorithm was evaluated and compared against 
other conventional methods [46] (Table 2).

Table 2: Summary of Radiograph Denoising/ Frequency Transform Protocols

Technique Name Application Area Publications/ Research 
Papers Merits Demerits

Median / (Adap-
tive Median) 

- Caries lesions, 
- Fractures of dental 

structures
- Detection of Periodontitis

Al-Beiruti, Jeiad [51]
Singh, Sebgal [37]

Mohammad et al. [64]

- Robust against impulsive 
noise

- No prior knowledge of 
noise statistics required

- Slower computation time 
-Introduce blurring

Wavelet 
- Caries detection

- Precise diagnostic of 
dental lesions

El-Dahshan [40]
Al-Beiruti, Jeiad [51]   - Concerns regarding the selection 

of wavelet function s et al. [41]

Frost filter 
- Accurate localization 

-detection of lesion bound-
aries

Vasavi et al. [43]
Hoover et al. [42]

- Providing improved re-
sults for bone repositioning

-Preservation of details

- Sensitivity to parameter selection
-Increase computational com-

plexity making it less suitable for 
real-time applications

Gaussian filter Caries detection Majanga, Viriri [36]
 Chuo et al. [35]    

Wiener Identifying shapes and 
appearances of the teeth Rabbani et al. [44]

Optimal signal-to-noise 
ratio 

Kumar & Nachamai [45]
Computationally efficient 

- Assumes known noise statistics
-Lead to the blurring of the image

Laplacian Filter - Dental Caries detection 
-Tooth edges detection Geetha et al. [46]

High-Frequency Compo-
nent Enhancement

Computational Efficiency

- Implementation Complexity
-Amplification of Speckle Noise
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Radiograph Transforms: Radiograph transformation is the 
process of manipulating and adjusting the radiographic image 
to improve its quality or make it more useful for a particular 
purpose. This process involves various mathematical techniques 
and algorithms that can transform the image from one coordinate 
system to another or change its format. The transformation can be 
performed to correct distortions, enhance details, remove noise, 
adjust the image to meet specific requirements, or convert it to 
a different format. The OPG and periapical radiograph transform 
methods available in the literature are classified into two main 
categories: Enhancement techniques for the spatial domains and 
frequency domain techniques [47].

Spatial domain approaches directly manipulate image pixel 
values, either RGB or greyscale. The pixel values are manipulated 
to accomplish the desired improvement. In frequency domain 
methods, the image is converted to a frequency domain, and a 
radiograph transform method is applied to the converted image. 
Converting an image into the frequency domain, also known 
as the Fourier transform, allows the image to be represented 
in terms of its frequency components [48]. This can be useful 
for various image processing, such as filtering, enhancement, 
and compression. One of the main advantages of working in 
the frequency domain is that it allows for more precise control 
over specific frequency components in an image. For example, 
by analyzing the frequency content of an image, it is possible to 
identify which frequency components are responsible for certain 
features, such as edges or textures. This can selectively enhance 
or suppress specific features in the image. In addition, many 
image processing tasks, such as filtering, can be performed more 
efficiently in the frequency domain. For example, convolution in 
the spatial domain requires many multiplications and additions, 
whereas convolution in the frequency domain can be performed 
using simple, complex multiplications. It is important to note that 
converting an image into the frequency domain can be a lossy 
process, and the result must be converted back to the spatial 
domain to be visualized.

Different methods exist for transforming an image into 
the frequency domain, including the Fourier Transform (FT), 
Cosine Transform (CT), Wavelet Transform (WT), Short-time 
Fourier Transform (STFT), and Laplace Transform (LT). FT is a 
mathematical representation of a radiograph in the frequency 
domain. It is widely used in standard image processing and 
signal processing applications. A research study proposed an 
efficient dental radiograph registration algorithm using Phase-
Only Correlation (POC). POC uses the phase components in 
2D discrete FT of dental radiographs to achieve robust image 
registration and recognition [49]. The most common method for 
performing the Fourier Transform is the Fast Fourier Transform 
(FFT), which is an efficient algorithm for computing the discrete 

FT of a signal or image. A research study presents an algorithm 
for the automatic detection of endodontic files in digital dental 
radiographs and uses FFT to convert images into frequency 
spectra and detect frequencies. These frequencies are then used to 
design a pre-segmentation filter programmed using the software. 
Performance evaluation revealed that this software could segment 
the endodontic files with greater accuracy [50]. The Wavelet 
Transform (WT) decomposes an image into different frequency 
components, or wavelets, by filtering the image with a series of 
low-pass and high-pass filters. The Discrete Wavelet Transform 
(DWT) is a specific method of WT that is particularly useful for 
image compression and denoising.

The algorithm involves image enhancement using a hybrid 
filtration of noise reduction via the adaptive median filter and 
discrete wavelet transform and contrast enhancement via 
mathematic morphology and CLAHE [51]. The segmentation of 
the images is then performed using Otsu’s thresholding and canny 
filter, followed by extracting texture features such as First-order 
statistics, gray level co-occurrence matrix, and Gray Level Run 
Length Matrix. This process aims to obtain a precise diagnosis of 
dental lesions and improve the accuracy of the OPG image quality 
for early detection. Denoising and transformation techniques are 
typically included in the preprocessing stage when it comes to 
enhancing radiographs. However, determining which technique 
should be applied first is not straightforward and requires a 
thorough analysis before implementation. It is interesting to note 
that whether denoising should be performed before or after the 
transformation of an image into a radiograph can depend on the 
specific application and the type of noise present in the image. 
In general, it is recommended to perform denoising before the 
transformation if the noise present in the image is additive, such 
as Gaussian noise. This is because additive noise can be modeled 
and filtered using techniques such as filtering, wavelet transform, 
or deep learning methods.

However, if the noise present in the image is multiplicative, 
such as speckle noise, it is recommended to perform denoising 
after the transformation [52]. This is because multiplicative 
noise can be more challenging to model and filter out, but it can 
be reduced by taking the square root or logarithm of the image 
after the transformation. In practice, it is common to perform 
denoising before and after the transformation to achieve the best 
results. For example, a denoising filter can be applied before the 
transformation to reduce additive noise, and then a denoising filter 
can be applied after the transformation to reduce multiplicative 
noise. It’s worth noting that the best approach will depend on the 
specific characteristics of the image and the noise present [53].

Neural Network and Deep Learning-based Radiograph 
Enhancement Protocols:
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 Deep learning-based dental radiograph enhancement is 
a method of using deep learning algorithms to improve the 
quality of dental radiographs. This technique involves training 
deep neural networks on a large dataset of high-quality dental 
radiographs and using the learned features to enhance new, 
low-quality radiographs. Deep learning-based dental radiograph 
enhancement works by learning a mapping from low-quality 
radiographs to high-quality radiographs. This mapping can be 
represented by a deep neural network, which is trained on a 
large dataset of example radiograph pairs. During training, the 
network learns to extract high-level features from the input 
radiograph and then uses these features to generate a high-quality 
output radiograph. Once trained, the network can enhance new 
radiographs by feeding them through the network and using the 
output as the enhanced radiograph. Despite extensive research 
on the use of neural network-based algorithms to improve 
general medical radiographs, the use of deep learning to enhance 
panoramic and periapical radiographs is still a novel idea. Thus, 
this section discusses the use of these enhancing protocols in 
medical radiographs in general than specific to panoramic and 
periapical radiographs. 

Shi et al. proposed a residual learning-based MRI approach 
[54]. Similarly, Zeng et al. developed a convolutional neural 
network for super-resolution reconstructions of magnetic 
resonance images, which was effective for multi-contrast images 
[55] The super-resolution technique involves using algorithms that 
can predict high-resolution images from low-resolution images. 
These algorithms use advanced mathematical and computational 

techniques to analyze and enhance the details in the image. They 
can improve the accuracy and reliability of diagnostic results by 
enhancing the visibility of subtle changes and abnormalities in the 
image. Zhang and An. proposed a bicubic interpolation solution 
followed by convolution layers deep-learning solution, which was 
then improved by transfer learning [56]. They used this method 
on various medical images, including MRI, mammography, and 
angiography. SMORE, a deep-learning approach for improving the 
visualization of brain lesions in fluid-attenuated inversion recovery 
images, was introduced by Zhao et al. [57]. Oral radiographs have 
also benefited from deep learning-based resolution improvement 
techniques. Hatvani et al. proposed a tensor-factorization-
based method for improving dental cone-beam computerized 
tomography, resulting in a magnification increase of two times 
[58]. SRCNN [59] and SRGAN [60] are two impressive deep-
learning methods for super-resolution in medical imaging, with 
the best results in the literature for benchmark datasets.

A recent study presented a new technique to enhance the 
quality of panoramic images taken by fisheye lens cameras. A new 
“Panoramic-Highend” dataset was introduced as the first real-
world panoramic image dataset. The authors designed a compact 
network incorporating a multi-frequency structure, compressed 
Residual-in-Residual Dense Blocks (RRDBs), and convolution 
layers. This network is based on a generative adversarial network 
(GAN). The results of the experiments indicated that this method 
outperforms other state-of-the-art deep neural networks (DNN) 
methods in both no-reference and full-reference evaluations, 
while also providing faster processing speed [61-64] (Table 3).

Table 3: Summary of Deep Learning-based radiograph enhancement Protocols.

Deep Learning NN’s and their variants Application Merits Publications

CNN for super-resolution reconstructions 
of magnetic resonance images

Effective for both single and 
multi-contrast images Zeng et al. [55]

CNN-based residual learning Enhancement of MRI images Less computational complexity as 
compared to standard CNN Dong et al. [54]

CNN with transfer learning Various medical images, including 
MRI, mammography, and angiography Resource and time efficient Zhang & An. [56]

SMORE (a deep learning approach) Visualization of brain lesions   Zhao et al. [57]

Tensor-factorization-based method Oral radiograph resolution improve-
ment Two times magnification increase Hatvani et al. [58]

SRCNN & SRGAN Super-resolution in medical imaging Best results in the literature for 
benchmark datasets

Ledig et al. [59]

Dong et al. [60]

Compressed Residual-in-Residual Dense 
Blocks (RRDBs) Panoramic images Faster processing speed Zhang et al. [61]

Conclusion

In this review, OPG and periapical radiographs were 
categorized into three domains of enhancement techniques: 

Frequency Transforms/ Denoising, Contrast Enhancement, 
and Neural Network-based Deep learning techniques. Image 
enhancement aims to improve the visibility and quality of these 
radiographs, which are initially noisy and have low contrast. The 
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choice of enhancement technique depends on the quality of the 
original image and the specific diagnostic task. It is noteworthy 
that, while histogram equalization can improve visibility, it can 
also increase noise levels and create a false sense of greater 
detail. Thus, its effectiveness must be evaluated on a case-by-
case basis and based on the characteristics of the image and the 
diagnostic task. Additionally, too much enhancement can lead 
to distortions and misinterpretation; hence, the application of 
HE can aid practitioners in making more accurate diagnoses. 
However, applying the pre-processing step cautiously is crucial 
to avoid the loss of diagnostic information. Finally, it is essential 
to use contrast enhancement in conjunction with other image 
processing techniques, such as noise reduction, to ensure that the 
final image is of high quality. 

The results of the contrast enhancement process must be 
thoroughly evaluated to ensure that the desired level of contrast 
improvement has been achieved without compromising the 
information content of the image. To further reduce unwanted 
background noise in radiograph images, denoising techniques are 
a useful domain area to explore. To analyze radiographs efficiently, 
most denoising and contrast enhancement methods require that 
they be converted from one spatial domain to another. The choice 
of whether to perform denoising before or after the transformation 
of an image into a radiograph can vary depending on the type 
of noise present in the image and the specific application. It is 
important to consider the characteristics of the image and the 
noise to determine the best approach to denoising. Regardless of 
the approach chosen, it is common to apply denoising both before 
and after the transformation to achieve the best results. Ultimately, 
the goal of denoising is to enhance the quality of radiographs 
for accurate diagnosis and treatment, and developing effective 
denoising techniques is critical in achieving this goal. Overall, 
deep learning-based dental radiograph enhancement has shown 
promising results and has the potential to provide more accurate 
and clearer images for dental professionals, ultimately leading to 
improved diagnosis and treatment planning.

References
1.	 Haghanifar A, Majdabadi MM, Ko SB (2020) Paxnet: Dental caries 

detection in panoramic x-ray using ensemble transfer learning and 
capsule classifier. ArXiv Preprint ArXiv: 2012: 13666.

2.	 Nomir O, Abdel-Mottaleb M (2005) A system for human identification 
from X-ray dental radiographs. Pattern Recognit 38(8): 1295-1305.

3.	 Arnold BA (1986) Noise analysis in digital radiography. Digital 
Radiography: Selected Topics: 55-81.

4.	 Patel S, Durack C, Abella F, Shemesh H, Roig M, et al. (2015) Cone 
beam computed tomography in e endodontics–a review. Int Endo J 
48(1): 3-15.

5.	 Mol A (2004) Imaging methods in periodontology. Perio 34(1): 34-
48.

6.	 Chowdhury R, Wilson I, Rofe C, Lloydjones G (2017) Radiology at a 
Glance. John Wiley & Sons.

7.	 Schlüter S, Sheppard A, Brown K, Wildenschild D (2014) Image 
processing of multiphase images obtained via X‐ray microtomography: 
a review. Water Resources Research 50(4): 3615-3639.

8.	 Versteeg CH, Sanderink GCH, Van der Stelt PF (1997) Efficacy of 
digital intra-oral radiography in clinical dentistry. J Dent 25(3-4): 
215-224.

9.	 Abdelwahab R, Abdallah Y, Hayder A, Wagiallah E (2014) Application 
of texture analysis algorithm for data extraction in dental X-ray 
images. Int J Sci Research 3(10): 1934-1939.

10.	 Mol A (2000) Image processing tools for dental applications. Dental 
Clinics of North America 44(2): 299-318. 

11.	 Lucknavalai K, Schulze JP (2020) Real-time contrast enhancement 
for 3D medical images using histogram equalization. Int Symp Visual 
Comput pp. 224-235.

12.	 Alkhalid FF, Hasan AM, Alhamady AA (2021) Improving radiographic 
image contrast using multi layers of histogram equalization 
technique. Int J AI 10(1): 151.

13.	 Vinayahalingam S, Kempers S, Limon L, Deibel D, Maal T, et al. (2021) 
Classification of caries in third molars on panoramic radiographs 
using deep learning. Sci Reports 11(1): 1-7.

14.	 Lin X, Liu H, Zhao F, Sun Y (2021) Research on the application of low-
light enhancement methods in radiographic inspection pretreatment. 
ICIESR 12127: 542-547.

15.	 Ibrahim H, Kong NSP, Ooi CH, Chieh DCJ (2009) Image enhancement 
with noise suppression ability using histogram manipulations. 
2009 First International Conference on Information Science and 
Engineering pp. 579-582.

16.	 Qureshi MA, Beghdadi A, Deriche M (2017) Towards the design of a 
consistent image contrast enhancement evaluation measure. Signal 
Processing: Image Communication 58: 212-227. 

17.	 Pizer SM, Amburn EP, Austin JD, Cromartie R, Geselowitz A (1987) 
Adaptive histogram equalization and its variations. Computer Vision, 
Graphics, and Image Processing 39(3): 355-368.

18.	 Sund T, Møystad A (2006) Sliding window adaptive histogram 
equalization of intraoral radiographs: effect on image quality. 
Dentomaxillofac Radiol 35(3): 133-138.

19.	 Wei Y, Tao L (2010) Efficient histogram-based sliding window. 2010 
IEEE Computer Society Conference on Computer Vision and Pattern 
Recognition 3003-3010.

20.	 Kaiqi H, Zhenyang W, Qiao W (2005) Image enhancement based on 
the statistics of visual representation. Image and Vision Computing 
23(1): 51-57.

21.	 Pisano ED, Zong S, Hemminger BM, DeLuca M, Johnston RE (1998) 
Contrast limited adaptive histogram equalization image processing 
to improve the detection of simulated spiculations in dense 
mammograms. J Digi Imaging 11(4): 193-200.

22.	 Mehdizadeh M, Tavakoli Tafti K, Soltani P (2023) Evaluation of 
histogram equalization and contrast limited adaptive histogram 
equalization effect on image quality and fractal dimensions of digital 
periapical radiographs. Oral Radiology 39(2): 418-424.

23.	 Pandyan UM, Arumugam B, Gurunathan U, Kopuli Ashkar Ali SH 
(2022) Automatic localization of inferior alveolar nerve canal in 
panoramic dental images. Signal, Image and Video Processing 16(5): 
1389-1397.

24.	 Ahmad SAB, Taib MN, Khalid NEA, Ahmad R, Taib H (2010) The effect 
of sharp contrast-limited adaptive histogram equalization (SCLAHE) 
on intra-oral dental radiograph images (IECBES) 400-405.

http://dx.doi.org/10.19080/ADOH.2023.16.555945
https://arxiv.org/abs/2012.13666
https://arxiv.org/abs/2012.13666
https://arxiv.org/abs/2012.13666
https://www.sciencedirect.com/science/article/abs/pii/S0031320305000610
https://www.sciencedirect.com/science/article/abs/pii/S0031320305000610
https://link.springer.com/chapter/10.1007/978-1-4684-5068-2_4
https://link.springer.com/chapter/10.1007/978-1-4684-5068-2_4
https://pubmed.ncbi.nlm.nih.gov/24697513/
https://pubmed.ncbi.nlm.nih.gov/24697513/
https://pubmed.ncbi.nlm.nih.gov/24697513/
https://onlinelibrary.wiley.com/doi/abs/10.1046/j.0906-6713.2003.003423.x
https://onlinelibrary.wiley.com/doi/abs/10.1046/j.0906-6713.2003.003423.x
https://agupubs.onlinelibrary.wiley.com/doi/full/10.1002/2014WR015256
https://agupubs.onlinelibrary.wiley.com/doi/full/10.1002/2014WR015256
https://agupubs.onlinelibrary.wiley.com/doi/full/10.1002/2014WR015256
https://pubmed.ncbi.nlm.nih.gov/9175348/
https://pubmed.ncbi.nlm.nih.gov/9175348/
https://pubmed.ncbi.nlm.nih.gov/9175348/
https://www.ijsr.net/archive/v3i10/T0NUMTQ2NjA=.pdf
https://www.ijsr.net/archive/v3i10/T0NUMTQ2NjA=.pdf
https://www.ijsr.net/archive/v3i10/T0NUMTQ2NjA=.pdf
https://www.sciencedirect.com/science/article/abs/pii/S0011853222013040
https://www.sciencedirect.com/science/article/abs/pii/S0011853222013040
https://dl.acm.org/doi/abs/10.1007/978-3-030-64556-4_18
https://dl.acm.org/doi/abs/10.1007/978-3-030-64556-4_18
https://dl.acm.org/doi/abs/10.1007/978-3-030-64556-4_18
https://ijai.iaescore.com/index.php/IJAI/article/view/20785
https://ijai.iaescore.com/index.php/IJAI/article/view/20785
https://ijai.iaescore.com/index.php/IJAI/article/view/20785
https://pubmed.ncbi.nlm.nih.gov/34131266/
https://pubmed.ncbi.nlm.nih.gov/34131266/
https://pubmed.ncbi.nlm.nih.gov/34131266/
https://www.computer.org/csdl/proceedings-article/icise/2009/pid978496/12OmNyNQSLP
https://www.computer.org/csdl/proceedings-article/icise/2009/pid978496/12OmNyNQSLP
https://www.computer.org/csdl/proceedings-article/icise/2009/pid978496/12OmNyNQSLP
https://www.computer.org/csdl/proceedings-article/icise/2009/pid978496/12OmNyNQSLP
https://www.sciencedirect.com/science/article/abs/pii/S0923596517301431
https://www.sciencedirect.com/science/article/abs/pii/S0923596517301431
https://www.sciencedirect.com/science/article/abs/pii/S0923596517301431
https://www.sciencedirect.com/science/article/abs/pii/S0734189X8780186X
https://www.sciencedirect.com/science/article/abs/pii/S0734189X8780186X
https://www.sciencedirect.com/science/article/abs/pii/S0734189X8780186X
https://pubmed.ncbi.nlm.nih.gov/16618843/
https://pubmed.ncbi.nlm.nih.gov/16618843/
https://pubmed.ncbi.nlm.nih.gov/16618843/
https://www.computer.org/csdl/proceedings-article/cvpr/2010/05540049/12OmNyNzhw0
https://www.computer.org/csdl/proceedings-article/cvpr/2010/05540049/12OmNyNzhw0
https://www.computer.org/csdl/proceedings-article/cvpr/2010/05540049/12OmNyNzhw0
https://www.sciencedirect.com/science/article/abs/pii/S0262885604001878
https://www.sciencedirect.com/science/article/abs/pii/S0262885604001878
https://www.sciencedirect.com/science/article/abs/pii/S0262885604001878
https://pubmed.ncbi.nlm.nih.gov/9848052/
https://pubmed.ncbi.nlm.nih.gov/9848052/
https://pubmed.ncbi.nlm.nih.gov/9848052/
https://pubmed.ncbi.nlm.nih.gov/9848052/
https://pubmed.ncbi.nlm.nih.gov/36076131/
https://pubmed.ncbi.nlm.nih.gov/36076131/
https://pubmed.ncbi.nlm.nih.gov/36076131/
https://pubmed.ncbi.nlm.nih.gov/36076131/
https://link.springer.com/article/10.1007/s11760-021-02091-1
https://link.springer.com/article/10.1007/s11760-021-02091-1
https://link.springer.com/article/10.1007/s11760-021-02091-1
https://link.springer.com/article/10.1007/s11760-021-02091-1
https://ieeexplore.ieee.org/document/5742270
https://ieeexplore.ieee.org/document/5742270
https://ieeexplore.ieee.org/document/5742270


0011

Advances in Dentistry & Oral Health 

How to cite this article:   Abdulbadea A, Omar Ezz El-D, Sadaf J. Enhancing The Quality of Dental Radiographic Images: A Review on Panoramic and 
Periapical Radiograph Enhancement Techniques. Adv Dent & Oral Health. 2023; 16(4): 555945. DOI:10.19080/ADOH.2023.16.555945

25.	 Rahmati P, Hamarneh G, Nussbaum D, Adler A (2010) A new 
preprocessing filter for digital mammograms. International 
Conference on Image and Signal Processing 585-592.

26.	 Jagatheeswari P, Kumar SS, Rajaram M (2009) A novel approach for 
contrast enhancement based on histogram equalization followed 
by median filter. ARPN Journal of Engineering and Applied Sciences 
4(7): 42-44.

27.	 Chen SL, Chen TY, Huang, YC, Chen CA, Chou HS (2022). Missing Teeth 
and Restoration Detection Using Dental Panoramic Radiography 
Based on Transfer Learning with CNNs. IEEE Access 10: 118654-
118664.

28.	 Raid AM, Khedr WM, El-Dosuky MA, Aoud M (2014) Image restoration 
based on morphological operations, (IJCSEIT) 4(3): 9-21.

29.	 Said EH, Nassar DEM, Fahmy G, Ammar HH (2006) Teeth segmentation 
in digitized dental X-ray films using mathematical morphology. IEEE 
Transactions on Information Forensics and Security 1(2): 178-189.

30.	 Román JCM, Fretes VR, Adorno CG, Silva RG, Noguera JLV (2021) 
Panoramic dental radiography image enhancement using multiscale 
mathematical morphology. Sensors 21(9): 3110.

31.	 Yu YY, Chen H, Lin CH, Chen CM, Oviir T, et al. (2009) Fractal dimension 
analysis of periapical reactive bone in response to root canal 
treatment. Oral Surg, Oral Med, Oral Path, Oral Radiol Endo107(2): 
283-288.

32.	 Cuisenaire O (2006) Locally adaptable mathematical morphology 
using distance transformations. Pattern Recognition 39(3): 405-416.

33.	 Asadi Amiri S, Moudi E (2014) Image quality enhancement in digital 
panoramic radiograph. Journal of AI and Data Mining 2(1): 1-6.

34.	 Fariza A, Arifin AZ, Astuti ER (2020) Automatic Tooth and Background 
Segmentation in Dental X-ray Using U-Net Convolution Network. 
2020 6th International Conference on Science in Information 
Technology (ICSITech) pp. 144-149.

35.	 Chuo Y, Lin WM, Chen TY, Chan ML, Chang YS, et al. (2022) A High-
Accuracy Detection System: Based on Transfer Learning for Apical 
Lesions on Periapical Radiograph. Bioengineering 9(12): 777.

36.	 Majanga V, Viriri S (2021) Automatic blob detection for dental caries. 
Applied Sciences 11(19): 9232.

37.	 Singh P, Sehgal P (2020) Numbering and classification of panoramic 
dental images using 6-layer convolutional neural network. Pattern 
Recognition and Image Analysis 30: 125-133.

38.	 Mohammad N, Muad AM, Ahmad R, Yusof MYPM (2022a) Accuracy 
of advanced deep learning with tensorflow and keras for classifying 
teeth developmental stages in digital panoramic imaging. BMC 
Medical Imaging 22(1): 66.

39.	 Georgieva VM, Mihaylova AD, Petrov PP (2017) An application 
of dental X-ray image enhancement. 2017 13th International 
Conference on Advanced Technologies, Systems and Services in 
Telecommunications (TELSIKS) 447-450.

40.	 El-Dahshan ESA (2011) Genetic algorithm and wavelet hybrid scheme 
for ECG signal denoising. Telecommunication Systems 46: 209-215.

41.	 Jiang X, Mahadevan S, Adeli H (2007) Bayesian wavelet packet 
denoising for structural system identification. Structural Control 
and Health Monitoring: The Official Journal of the International 
Association for Structural Control and Monitoring and of the 
European Association for the Control of Structures 14(2): 333-356.

42.	 Hoover AD, Kouznetsova V, Goldbaum M (2000) Locating blood 
vessels in retinal images by piecewise threshold probing of a matched 

filter response. IEEE Trans Med Imaging 19(3): 203-210.

43.	 Vasavi KP, Latha MM, Rao EVK, Kumar NU (2011) A New Bone 
Reposition Detection Scheme for Periapical Lesion Treatment in 
Dentistry. Proceedings of the International Conference on Image 
Processing, Computer Vision, and Pattern Recognition (IPCV) p. 1.

44.	 Rabbani GS, Sultana S, Hasan MN, Fahad SQ, Uddin J (2019) Person 
identification using SURF features of dental radiograph. Proceedings 
of the 3rd International Conference on Cryptography, Security and 
Privacy pp. 196-200.

45.	 Kumar N, Nachamai M (2017) Noise removal and filtering techniques 
used in medical images. Orient. J. Comput. Sci. Technol, 10(1): 103-
113.

46.	 Geetha V, Aprameya KS, Hinduja DM (2020) Dental caries diagnosis 
in digital radiographs using back-propagation neural network. Health 
Information Science and Systems 8(1): 8.

47.	 Bora DJ (2019) 1 Medical color image enhancement: Problems, 
challenges & recent techniques. Intelligent Multimedia Data Analysis 
1-18.

48.	 Xu B (1996) Identifying fabric structures with fast Fourier transform 
techniques. Textile Research Journal 66(8): 496-506.

49.	 Ito K, Aoki T, Kosuge E, Kawamata R, Kashima I (2008) Medical 
image registration using phase-only correlation for distorted 
dental radiographs. 2008 19th International Conference on Pattern 
Recognition p. 1-4.

50.	 Bruellmann D, Sander S, Schmidtmann I (2016) The design of a 
fast Fourier filter for enhancing diagnostically relevant structures–
endodontic files. Compu Biol Med 72: 212-217.

51.	 Al-Beiruti HA, Jeiad HA (2018) OPG Images Automatic Segmentation 
and Feature Extraction for Dental Lesion Diagnosis Purposes. Int. J. 
Sci. Res 7(11): 717-724.

52.	 Sudha S, Suresh GR, Sukanesh R (2009) Speckle noise reduction 
in ultrasound images by wavelet thresholding based on weighted 
variance. Int J of Com Th Engi 1(1): 7-12.

53.	 Goyal B, Dogra A, Agrawal S, Sohi BS, Sharma A (2020) Image 
denoising review: From classical to state-of-the-art approaches. 
Information Fusion 55: 220-244.

54.	 Dong C, Loy CC, He K, Tang X (2015a) Image super-resolution using 
deep convolutional networks. IEEE Transactions on Pattern Analysis 
and Machine Intelligence 38(2): 295-307.

55.	 Zeng K, Zheng H, Cai C, Yang Y, Zhang K, et al. (2018) Simultaneous 
single-and multi-contrast super-resolution for brain MRI images 
based on a convolutional neural network. Comput Biol Med 99: 133-
141.

56.	 Zhang Y, An M (2017) Deep learning-and transfer learning-based 
super resolution reconstruction from single medical image. Journal 
of Healthcare Engineering 2017:2017:5859727.

57.	 Zhao C, Shao M, Carass A, Li H, Dewey BE (2019) Applications of a 
deep learning method for anti-aliasing and super-resolution in MRI. 
Magnetic Resonance Imaging 64: 132-141.

58.	 Hatvani J, Basarab A, Tourneret JY, Gyöngy M, Kouamé D (2019) A 
tensor factorization method for 3-D super resolution with application 
to dental CT. IEEE Trans Med Imaging 38(6): 1524-1531.

59.	 Ledig C, Theis L, Huszár F, Caballero J, Cunningham A (2017) Photo-
realistic single image super-resolution using a generative adversarial 
network. Proceedings of the IEEE Conference on Computer Vision 
and Pattern Recognition pp. 4681-4690.

http://dx.doi.org/10.19080/ADOH.2023.16.555945
https://link.springer.com/chapter/10.1007/978-3-642-13681-8_68
https://link.springer.com/chapter/10.1007/978-3-642-13681-8_68
https://link.springer.com/chapter/10.1007/978-3-642-13681-8_68
https://ieeexplore.ieee.org/document/9940956/
https://ieeexplore.ieee.org/document/9940956/
https://ieeexplore.ieee.org/document/9940956/
https://ieeexplore.ieee.org/document/9940956/
https://airccse.org/journal/ijcseit/papers/4314ijcseit02.pdf
https://airccse.org/journal/ijcseit/papers/4314ijcseit02.pdf
https://ieeexplore.ieee.org/document/1634360
https://ieeexplore.ieee.org/document/1634360
https://ieeexplore.ieee.org/document/1634360
https://www.mdpi.com/1424-8220/21/9/3110
https://www.mdpi.com/1424-8220/21/9/3110
https://www.mdpi.com/1424-8220/21/9/3110
https://pubmed.ncbi.nlm.nih.gov/18835536/
https://pubmed.ncbi.nlm.nih.gov/18835536/
https://pubmed.ncbi.nlm.nih.gov/18835536/
https://pubmed.ncbi.nlm.nih.gov/18835536/
https://www.sciencedirect.com/science/article/abs/pii/S0031320305003006
https://www.sciencedirect.com/science/article/abs/pii/S0031320305003006
https://jad.shahroodut.ac.ir/article_112.html
https://jad.shahroodut.ac.ir/article_112.html
https://ieeexplore.ieee.org/document/9392039
https://ieeexplore.ieee.org/document/9392039
https://ieeexplore.ieee.org/document/9392039
https://ieeexplore.ieee.org/document/9392039
https://www.mdpi.com/2306-5354/9/12/777
https://www.mdpi.com/2306-5354/9/12/777
https://www.mdpi.com/2306-5354/9/12/777
https://www.mdpi.com/2076-3417/11/19/9232
https://www.mdpi.com/2076-3417/11/19/9232
https://link.springer.com/article/10.1134/S1054661820010149
https://link.springer.com/article/10.1134/S1054661820010149
https://link.springer.com/article/10.1134/S1054661820010149
https://bmcmedimaging.biomedcentral.com/articles/10.1186/s12880-022-00794-6
https://bmcmedimaging.biomedcentral.com/articles/10.1186/s12880-022-00794-6
https://bmcmedimaging.biomedcentral.com/articles/10.1186/s12880-022-00794-6
https://bmcmedimaging.biomedcentral.com/articles/10.1186/s12880-022-00794-6
https://ieeexplore.ieee.org/document/8246321
https://ieeexplore.ieee.org/document/8246321
https://ieeexplore.ieee.org/document/8246321
https://ieeexplore.ieee.org/document/8246321
https://link.springer.com/article/10.1007/s11235-010-9286-2
https://link.springer.com/article/10.1007/s11235-010-9286-2
https://onlinelibrary.wiley.com/doi/10.1002/stc.161
https://onlinelibrary.wiley.com/doi/10.1002/stc.161
https://onlinelibrary.wiley.com/doi/10.1002/stc.161
https://onlinelibrary.wiley.com/doi/10.1002/stc.161
https://onlinelibrary.wiley.com/doi/10.1002/stc.161
https://pubmed.ncbi.nlm.nih.gov/10875704/
https://pubmed.ncbi.nlm.nih.gov/10875704/
https://pubmed.ncbi.nlm.nih.gov/10875704/
https://dl.acm.org/doi/10.1145/3309074.3309115
https://dl.acm.org/doi/10.1145/3309074.3309115
https://dl.acm.org/doi/10.1145/3309074.3309115
https://dl.acm.org/doi/10.1145/3309074.3309115
http://www.computerscijournal.org/pdf/vol10no1/OJCST_Vol10_N1_p_103-113.pdf
http://www.computerscijournal.org/pdf/vol10no1/OJCST_Vol10_N1_p_103-113.pdf
http://www.computerscijournal.org/pdf/vol10no1/OJCST_Vol10_N1_p_103-113.pdf
https://pubmed.ncbi.nlm.nih.gov/31949895/
https://pubmed.ncbi.nlm.nih.gov/31949895/
https://pubmed.ncbi.nlm.nih.gov/31949895/
https://journals.sagepub.com/doi/10.1177/004051759606600803
https://journals.sagepub.com/doi/10.1177/004051759606600803
https://ieeexplore.ieee.org/document/4761734
https://ieeexplore.ieee.org/document/4761734
https://ieeexplore.ieee.org/document/4761734
https://ieeexplore.ieee.org/document/4761734
https://pubmed.ncbi.nlm.nih.gov/27058284/
https://pubmed.ncbi.nlm.nih.gov/27058284/
https://pubmed.ncbi.nlm.nih.gov/27058284/
https://www.ijsr.net/archive/v7i11/ART20192396.pdf
https://www.ijsr.net/archive/v7i11/ART20192396.pdf
https://www.ijsr.net/archive/v7i11/ART20192396.pdf
http://www.ijcte.org/papers/002.pdf
http://www.ijcte.org/papers/002.pdf
http://www.ijcte.org/papers/002.pdf
https://www.sciencedirect.com/science/article/abs/pii/S1566253519301861
https://www.sciencedirect.com/science/article/abs/pii/S1566253519301861
https://www.sciencedirect.com/science/article/abs/pii/S1566253519301861
https://ieeexplore.ieee.org/document/7115171
https://ieeexplore.ieee.org/document/7115171
https://ieeexplore.ieee.org/document/7115171
https://pubmed.ncbi.nlm.nih.gov/29929052/
https://pubmed.ncbi.nlm.nih.gov/29929052/
https://pubmed.ncbi.nlm.nih.gov/29929052/
https://pubmed.ncbi.nlm.nih.gov/29929052/
https://pubmed.ncbi.nlm.nih.gov/29065625/
https://pubmed.ncbi.nlm.nih.gov/29065625/
https://pubmed.ncbi.nlm.nih.gov/29065625/
https://pubmed.ncbi.nlm.nih.gov/31247254/
https://pubmed.ncbi.nlm.nih.gov/31247254/
https://pubmed.ncbi.nlm.nih.gov/31247254/
https://pubmed.ncbi.nlm.nih.gov/30507496/
https://pubmed.ncbi.nlm.nih.gov/30507496/
https://pubmed.ncbi.nlm.nih.gov/30507496/
https://ieeexplore.ieee.org/document/8099502
https://ieeexplore.ieee.org/document/8099502
https://ieeexplore.ieee.org/document/8099502
https://ieeexplore.ieee.org/document/8099502


How to cite this article:  Abdulbadea A, Omar Ezz El-D, Sadaf J. Enhancing The Quality of Dental Radiographic Images: A Review on Panoramic and 
Periapical Radiograph Enhancement Techniques. Adv Dent & Oral Health. 2023; 16(4): 555945. DOI:10.19080/ADOH.2023.16.5559450012

Advances in Dentistry & Oral Health 

60.	 Dong C, Loy CC, He K, Tang X (2015b) Image super-resolution using 
deep convolutional networks. IEEE Transactions on Pattern Analysis 
and Machine Intelligence 38(2): 295-307.

61.	 Zhang Y, Zhang H, Li D, Liu L, Yi H, et al. (2020) Toward real-world 
panoramic image enhancement. Proceedings of the IEEE/CVF 
Conference on Computer Vision and Pattern Recognition Workshops 
pp. 628-629.

62.	 Arunkumar G, Athiraja A, Arulraj S, Rajesh P (2019) Computation 
of image distances for human identification in dental radiographs. 

Journal of Electrical Engineering and Technology 10(5): 50-58.

63.	 Devi KG, Chozhan RM (2019) Periapical dental X-ray image 
segmentation by using k-means clustering. Int J Recent Trends Eng 
Re 5: 478-487.

64.	 Mohammad N, Muad AM, Ahmad R, Yusof MYPM (2022b) Accuracy 
of advanced deep learning with tensorflow and keras for classifying 
teeth developmental stages in digital panoramic imaging. BMC 
Medical Imaging 22(1): 1-13.

Your next submission with Juniper Publishers    
      will reach you the below assets

•	 Quality Editorial service
•	 Swift Peer Review
•	 Reprints availability
•	 E-prints Service
•	 Manuscript Podcast for convenient understanding
•	 Global attainment for your research
•	 Manuscript accessibility in different formats 

         ( Pdf, E-pub, Full Text, Audio) 
•	 Unceasing customer service

                Track the below URL for one-step submission 
         https://juniperpublishers.com/online-submission.php

This work is licensed under Creative
Commons Attribution 4.0 License
DOI: 10.19080/ADOH.2023.16.555945

http://dx.doi.org/10.19080/ADOH.2023.16.555945
https://ieeexplore.ieee.org/document/7115171
https://ieeexplore.ieee.org/document/7115171
https://ieeexplore.ieee.org/document/7115171
https://openaccess.thecvf.com/content_CVPRW_2020/papers/w38
https://openaccess.thecvf.com/content_CVPRW_2020/papers/w38
https://openaccess.thecvf.com/content_CVPRW_2020/papers/w38
https://openaccess.thecvf.com/content_CVPRW_2020/papers/w38
https://iaeme.com/MasterAdmin/Journal_uploads/IJEET/VOLUME_10_ISSUE_5/IJEET_10_05_006.pdf
https://iaeme.com/MasterAdmin/Journal_uploads/IJEET/VOLUME_10_ISSUE_5/IJEET_10_05_006.pdf
https://iaeme.com/MasterAdmin/Journal_uploads/IJEET/VOLUME_10_ISSUE_5/IJEET_10_05_006.pdf
https://bmcmedimaging.biomedcentral.com/articles/10.1186/s12880-022-00794-6
https://bmcmedimaging.biomedcentral.com/articles/10.1186/s12880-022-00794-6
https://bmcmedimaging.biomedcentral.com/articles/10.1186/s12880-022-00794-6
https://bmcmedimaging.biomedcentral.com/articles/10.1186/s12880-022-00794-6
https://juniperpublishers.com/online-submission.php
http://dx.doi.org/10.19080/ADOH.2023.16.555945

