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Abstract 

Computed Tomography (CT) has remained an important component of medical 

imaging since its inception. In general, it is preferred to keep the radiation dose as low as 

possible during the CT examinations to prevent patients as well as operators from the 

dangerous side effects of these radiations, which in an extreme case may lead to cancer. 

However, reducing the radiation dose leads to undesirable degradations which not only 

reduce the visual quality of CT images, but also make such images difficult to interpret in 

clinical routines. The most common degradations in low-dose CT images include blur, 

noise and low-contrast. Over the recent years, considerable research has been made to 

process these degradations. However, they still remain open for research due to the wide 

variety of challenges they offer. In this article, the causing factors of such degradations 

are addressed adequately. Furthermore, the challenges that face the processing of these 

degradations are mentioned in detail. Finally, this article is intended for researchers who 

are approaching this topic to understand the aforesaid issues extensively. 

 

Keywords: computed tomography, blur, noise, low-contrast, image degradation, 

processing challenge. 

 

1. Introduction 

The last few decades have witnessed tremendous advancements in technology in 

different scientific domains. One of the very rapidly developing technologies is 

medical imaging which is still on expansion in terms of innovation and discovery. 

Thanks to the evolution of computers and imaging technologies, medical imaging 

has significantly enhanced the diagnostic procedures, where an inspection of the 

images captured via a variety of imaging technologies aided the experts in 

identifying various health problems. Medical imaging is defined as the procedures 

and techniques used to produce images for clinical purposes like medical 

procedures, disease diagnosis and medical sciences [1]. Medical imaging also refers 

to a collection of methods used to generate images of the human body and is 

considered as an important tool to diagnose and detect various diseases. 

Furthermore, it is one of the fastest growing fields in the medical research. The 

tremendous development in different modalities of medical imaging have led to a 

significant improvement in the patient care, offering early diagnosis and detailed 

indications on patients conditions, which allows effective and pertinent treatments. 

The discovery of new diseases and the early diagnosis of existing diseases 

eventually served to enhance the overall efficiency of healthcare services [2].  
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As a function of image acquisition technology, medical imaging consists of 

various imaging techniques including X-Ray, Mammography, Angiography, 

Magnetic Resonance Imaging (MRI), Computed Tomography (CT), Ultrasound, 

Magnetic Resonance Angiography (MRA), Positron Emission Tomography (PET), 

Single-Photon Emission Computed Tomography (SPECT) and functional MRI. 

Different imaging modalities can be used to acquire diverse information about the 

human body. Computed Tomography (CT) is generally applied in a number of 

industrial applications, but it is also widely used as an effective medical imaging 

technology [3]. In modern medicine, CT imaging plays a critical role in diagnosing, 

staging, planning treatment and therapeutic assessment of different diseases [4, 5]. 

In most cases, CT imaging is used to discover lung and breast cancers, trauma and 

osteoporosis screening [6]. CT is generally preferred for examination of areas 

vulnerable to motion such as lungs or detection of lung nodules [7, 8]. Thanks to the 

advancements in technology, CT imaging has expanded to cover other  applications 

including angiography, colonography and urology [9]. Similarly, CT is used for the 

diagnosis of small bowel pathology [10], pleomorphic adenoma in salivary glands 

[11] and myocardial infarction [12]. Furthermore, it is also utilized for brain  

imaging and is known to produce better details on denser tissues with less 

degradation. The use of CT is also known to be effective in prostate brachytherapy 

to determine the placement of the radioactive and also to confirm the seed location 

post-procedure [13]. Usually, CT imaging is preferred over MRI due to a number of 

factors such as cheaper cost, less imaging time, wide availability, ease of access, 

acceptable recognition of calcification and excellent quality of bone features [14]. 

Figure 1 shows an outside view of a modern CT system. 

 

Figure 1. A Modern CT Scan Machine 

Images obtained using CT scans can be conceptualized as being the sum of edges, 

uniform intensities, a repeated structure of fine-scale textures and a noise component [15]. 

CT images carry significant importance in a number of health services and it is desirable 

to improve the quality of these images for a better analysis and understanding [16]. 

Hence, the problems which affect CT images and reduce their quality must be studied 

carefully and efficient solutions to these problems must be provided. These problems are 

generally termed as degradations and have many types such as blur, noise and low-

contrast [17]. Accordingly, these degradations are handled by using image enhancement 

and restoration methods. In the field of image processing, low-level and high-level 

methods are used to process degraded images. The low-level methods normally utilize a 

scant knowledge about the content of the image. Examples of low-level methods include 

image sharpening, edge extraction and image compression.  
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In contrast, high-level methods are founded on plans, aims and knowledge. It attempts 

to imitate the human way of thinking to obtain the ability to determine decisions 

consistent with the information present in an image [18]. Image enhancement and 

restoration have been attractive research and development areas in image processing for 

many years [19]. Image enhancement methods are aimed at improving the visual quality 

of images by modifying the appearance of images via improvements in brightness, 

contrast and/or colors. In addition, these enhancement methods can be employed to 

highlight certain image features and improve the quality of an image by enhancing its 

intensity [20]. On the contrary, the aim of image restoration is to recover a latent image 

from its degraded observation with as much details as possible [21]. Image restoration 

methods are aimed at reducing degradations such as noise and blur to produce better 

quality images. The use of image enhancement and restoration methods can serve to 

provide improved quality results. Such methods can function in a spatial or frequency 

domain. Spatial domain operations are applied directly on image pixels, while frequency 

domain operations are applied by first transforming the image to the frequency domain 

using the Fourier transform. Summarizing, the enhancement and restoration methods 

provide an improved image quality by exposing more obscured details and revealing more 

vital information to the observer. There exist a vast variety of image enhancement and 

restoration techniques and employing the appropriate combination for a given problem 

results in significant improvements in the visual quality of images. 

 

2. Image Degradations 

Considering the significance of imaging in the medical science, image processing 

techniques carry vital importance to obtain precise and meaningful information from 

medical images. Since the inception of CT scans, it has received considerable attention in 

the medical field [22]. Such scans are helpful in identifying diseases by obtaining images 

using X-rays. Briefly, the radiations passing through human body are received by a 

detector and are collected by a computer device to get a cross-sectional image. Figure 2, 

shows an illustrative diagram of a CT system. 

 

Figure 2. An llustrative Diagram of a CT System 

Going into details, X-ray beams are projected through the body at different angles and 

a row of detectors positioned on the opposite side of the source to record the intensity loss 

during propagation. The collected data correspond to the line integral of the attenuation 

field associated with the internal organs can be used to produce a cross-sectional image. 

The collected data is then combined by a computer to form a tomographic image [23]. 
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The idiom tomography denotes as image (-graph) of a slice (tomo-). This system 

produces images of a single slice of tissue from the body. The benefit of a tomographic 

image over a projection image is its capability to show the anatomy in a slice of tissue 

with the absence of overlying or underlying structures. A basic computed tomography 

system consists of X-ray generation, detection, digitization, processing and a computer for 

image processing and reconstruction. X-rays passing through human body are attenuated 

at different rates by different tissues. The attenuated X-rays are collected by detectors and 

transformed into digital numbers or data using analog to digital converters. Then, the 

digital data is sent to a computer for image formation. CT imaging technology has 

evolved enormously in the recent years. However, CT images are known to be degraded 

by various acquisition artifacts and may contain degradations like noise [24], blur [25] 

and low-contrast [26]. Figure 3, shows the degradations of noise, low-contrast and blur. 

 

Figure 3. The Prevalent Degradations of CT Images. Rows from R1 to R3: 
(R1) Noisy Images; (R2) Low-Contrast Images; (R3) Blurry Images 

The first degradation is noise which can be of many types, the most common with CT 

images is the additive white Gaussian [7- 27]. Noise is considered as an unwanted image 

component that makes it hard to identify the important elements as it decreases the 

visibility of low-contrast details [14]. The main factor causing the occurrence of noise in 

CT images is the usage of low radiation dose during the scanning procedure. Previously, 

the amount of radiation transmitted to the patients during the examination was considered 

too high compared to other radiological examinations [28]. Therefore, health concerns 

were increased because of the dangerous biological effects of radiation. The exposure to 

high radiations could eventually cause cancer, skin erythema, skin tissue injury and birth 

defects [23]. Consequently, low radiation dose was preferred to reduce the risks to the 

health of patients as well as operators. Previously, many scientific studies have confirmed 
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the high incidence of cancer due to high radiation exposure, in which the amount of 

radiation obtained at pediatric helical CT is equal in dosage to those who experienced 

atomic bomb exposure. Moreover, the amount of radiation used in a CT examination is 

nearly 10 to 100 times higher than a usual X-ray examination. In addition, CT tests use 

47% of entire medical radiation, even though it represents just 7% of whole radiology 

examinations [14]. Additional research showed that the number of CT scans achieved in 

the United States raised from three million in 1980 to 70 million in 2007.  

As stated by the same research, these 70 million tests caused 29,000 cancers 

eventually. Thus, every year, CT scans cause approximately 14,500 deaths. Therefore, 

one of the main considerations in recent medical CT radiology is reducing the radiation 

exposure to individuals. Unfortunately, there is an essential balance between radiation 

doses and imaging quality, in which a higher imaging quality is generated from higher 

radiation dose and vice versa [29]. Reducing the radiation dose in CT scans to avoid 

health risks results in images with noise and other types of degradations [28]. It is 

therefore desirable to reduce the radiation of CT scans to an extent where the effect on the 

image quality is as low as possible [30]. Consequently, CT scan manufacturers and 

scholars are researching new methods to maintain an acceptable image quality when the 

radiation dose is reduced. Thus, image denoising algorithms are usually used, because 

these algorithms are the simplest and cheapest way to attenuate the noise while 

maintaining a good image quality in both sinogram space (projections) as well as image 

space [31]. In addition to low radiation dose, other factors which lead to the occurrence of 

noise include photon-counting errors [32] and finite exposure time [21].  

Likewise, real-world limitations such as imaging hardware, detector space and 

resolution [33], loss of image data during the acquisition process, sensor and detector 

errors also lead to image noise. Moreover, noise also appears in CT images due to issues 

in the absorption of X-ray photons, where the less number absorbed, the noisier the image 

[34]. Likewise, using inadequate image reconstruction methods can also produce noisy 

images [35-36]. Similarly, different acquisition techniques [37], different sources of 

interferences in an imaging system and the limited capability of a display system may 

result in noisy CT images [38]. In addition, using low tube voltage scans reduce the 

radiation dose but increases the image noise [39]. The second common degradation in CT 

images is low-contrast artifact [10-26] and [40-41]. The low-contrast artifact occurs due 

to different acquisition, transmission, storage, display devices and diverse sorts of 

reconstruction and enhancement algorithms [42].  

Similarly, partial volume effects as well as low radiation dose can reduce the contrast 

of CT images [43]. Moreover, the unwanted image noise can cause the low-contrast 

artifact [44]. In addition, smoothing filters applied to reduce such noise also degrade the 

contrast [14]. The third degradation is blur, which reduces the visibility of important 

image components [14-45]. The type of blur that affects CT images is mostly Gaussian 

[25-95]. Generally, the finite size of the X-ray source focal spot and the detector element 

in the CT array leads to image blur. Furthermore, noise also can lead to blurry CT images 

[45]. Blurring can also be the result of imperfect resolution of the imaging system [46]. 

Likewise, in some cases, loss of image data during the acquisition process results in 

blurry images [21]. At times, application of low-pass filters to reduce noise from CT 

images also blurs these images. In addition, a low radiation dose causes the upsurge in 

noise and results in a blurred image. During the CT scan process, the quantity of blurring 

is defined by the focal spot size and the detector size while during the image formation 

process, blurring occurs due to the voxel size and the nature of the utilized filter [14].  

Additionally, various image denoising methods and their respective implementations 

have a similar simple concept of noise attenuation through image blurring. Blurring can 

occur locally by a Gaussian smoothing approach or anisotropic filtering [47]. The 

degradations discussed above affect the quality of CT images significantly, obscuring the 

correct anatomical and physiological feature representation. Noise usually provides an 
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undesirable appearance to the image with a spotted, grainy or snowy form. Besides, noise 

can hide and reduce the clarity of specific features in an image such as low-contrast items 

[48]. The existence of noise reduces the image quality and hides its important details 

which hamper the segmentation, feature extraction, recognition of small details, 

quantitative analysis and diagnosis of diseases [37]. The presence of noise reduces the 

accuracy and reliability of medical images. Hence, a suitable denoising process is often 

required before extracting the information from the examined image [42].  

Also, improving the contrast of CT images may lead to enhanced tumor recognition, 

because liver and tumor tissues have equivalent gray levels in liver tumor segmentation 

[49]. Furthermore, the blur hides important information that indeed exists in an image. 

Moreover, low image contrast, noise and other artifacts may lead to a faulty segmentation 

process [50]. Improving the image contrast is important to assess the severity of a disease 

near the soft tissue regions [46]. Researchers in different areas of image processing aim to 

process the aforementioned degradations in CT images to obtain adequate quality results. 

The need to reduce undesirable degradations and enhance the spatial resolution of images 

has increased in the recent years [51]. Improvements in imaging machinery and image 

processing methods have significantly increased the clarity of CT images and contributed 

to achieve a better diagnosis of different diseases [20]. These image enhancement and 

restoration methods can improve the overall image resolution as attenuating the noise and 

blur while improving the contrast lead to better quality results.  

 

3. Processing Challenges 

CT is an important mean which is extensively used in the medical field to detect and 

diagnose different diseases accurately. For an accurate diagnosis, the visual quality of the 

images should be high with as low degradations as possible [37]. In most cases, however, 

CT images suffer from different degradations. Sometimes, these degradations affect an 

image independently. For example, CT images may suffer from noise [52], low-contrast 

[26] or blur [53]. But in some cases, a combination of these degradations may occur and 

affect an image. CT images may have low-contrast and noise [50- 56], or blur and noise 

[57-60]. Figure 4 shows different low-contrast-noisy and blurry-noisy CT images. The 

presence of noise in CT images may hinder the process of accurate disease diagnosis, hide 

important image details, reduce the lucidity of low-contrast details, obstruct the 

segmentation procedure and hamper the feature recognition and extraction processes [14, 

61]. Likewise, the blur hides vital information that indeed exists in an image [62] and the 

low-contrast makes the recognition of tumors difficult [49], produces a faulty 

segmentation process [50], makes it hard to detect the problems near soft tissue regions 

[46] and reduces the visibility of small medical details [63].  

Many denoising methods, such as, anisotropic filtering [64], total variation [65], 

Gaussian smoothing [66], wavelet thresholding [67], SUSAN filter [68] and non-local 

means [69] have been used to reduce image noise. However, they inevitably blur the fine 

image details, remove some of the important image details and/or produce an unrealistic 

contrast [14-19]. Likewise, many deblurring methods, such as, inverse filter [70], 

regularized filter [71], Van-Cittert algorithm [72], Richardson-Lucy algorithm [73], 

Poisson MAP algorithm [74], Landweber algorithm [75], Wiener filter [76] and 

constrained linear least-squares deconvolution [77] have been used to reduce the image 

blur. However, such methods may cause a number of other issues including noise 

amplification and ringing artifacts [78], boundary artifacts [79], low deblurring ability 

[80] and high calculations times [77]. Similarly, many image enhancement methods, such 

as, histogram equalization [81], Sigmoid function [82], low-pass, high-pass, 

homomorphic filters [83], normalization [84], log and power law transformations [85, 86], 

contrast stretching [87] and Retinex model [88] have been used to improve the low image 

contrast. However, using these methods may result in washed out artifact and abnormal 
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brightness [89], contouring artifact [90], unnatural appearance [91] and noise 

amplification [92]. 

 

Figure 4. The Multi-Degradations of CT Images. Rows from R1 to R2:  
(R1) Low-Contrast-Noisy Images; (R2) Blurry-Noisy Images 

Restoring blurry-noisy images is a challenging task because blur is a low pass signal 

and noise is a high pass signal. To deblur an image, a high pass filter is applied, but this 

leads to amplify the latent image noise. On the other hand, applying a low pass filter to 

attenuate noise leads to blurring in the processed image [93]. Consequently, when 

attempting to recover a blurry-noisy image using a single algorithm, the results are mostly 

unsatisfactory. In certain cases, attenuating the noise of CT images can increase the blur 

and decrease the contrast [94]. Moreover, recovering low-contrast-noisy images is also 

challenging as the low-contrast artifact reduces the lucidity of the noise information 

leading to a defective denoising process. It can be concluded that recovering an 

acceptable quality image from its degraded observation has become a significant step for 

a better diagnostic process in computed tomography. Thus, developing efficient, reliable 

and robust methods to corroborate this purpose is considered an essential requirement.  

 

4. Conclusion 

In conclusion, efficient, new and trustworthy image enhancement and restoration 

methods are highly required to provide a better visual quality for CT images. The 

aforementioned subjects are highly important, not only in the imaging area, but also in the 

medical field, as testified by the increasing number of published articles, books and 

conferences over the last few years. Moreover, they have a high profile in the medical 

field due to their direct impact on the effectiveness of disease diagnosis and ultimately on 

the human life. The need for new methods which can efficiently process CT images while 

preserving their important details is fundamental to deliver visually improved images, 

which will eventually help specialists to provide accurate diagnosis of different diseases. 

Finally, it is more cost effective to improve the perceived quality of CT images using 

software rather than hardware.  
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