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Abstract – Banding is an annoying visual artifact that frequently appears at various stages along the 
chain of video acquisition, production, distribution and display. With the thriving popularity of ultra-high 
definition, high dynamic range, wide color gamut content, and the increasing user expectations that 
follow, the banding effect has been attracting a growing deal of attention for its strong negative impact 
on viewer experience in visual content that could otherwise have nearly perfect quality. Here we 
present two different types of technologies of great promises on banding detection. The first is 
knowledge-driven and is built upon computational models that account for the characteristics of the 
human visual system, the content acquisition, production, distribution and display processes, and the 
interplay between them. The second is data-driven, and is based on machine learning methods, by 
training deep neural networks with large-scale datasets. We also discuss a variety of pre-processing, 
post-processing and banding-aware encoding methods that could largely reduce banding.  
 

Introduction 
Banding is a visual artifact that appears frequently at many stages in video acquisition, production, 
distribution and display systems. Banding typically appears as perceived discontinuities or false 
contours in large and smooth image regions of slow color or intensity gradients. An example is given in 
Figure 1, where severe banding effect is observed in the sky region. Although heavy video compression 
is a potential source of banding, banding may also occur in the absence of any lossy compression and 
may create annoying visual quality degradations in otherwise pristine quality images or video content. 
 
What often frustrates many industrial practitioners is that simply increasing the bit-depth or bitrate of a 
video does not necessarily lead to removal or even reduction of banding. Indeed, with the recent 
accelerated growth of ultra-high definition (UHD), high dynamic range (HDR), wide color gamut (WCG) 
in content production, distribution services, and consumer display devices, severe banding occurs even 
more frequently than before and the visual effect is often much stronger. This is because 
UHD/HDR/WCG content typically covers a wider range of luminance levels and color variations than 
those of the traditional standard dynamic range (SDR) content. This, together with the limited and 
varying capabilities of display devices, creates major challenges to maintain smooth visual transitions 
simultaneously across all luminance levels and color variations. Therefore, the industry is in an urgent 
need of innovative approaches that are able to detect, control, and remove/reduce banding in an 
automated fashion. 
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FIGURE 1 – A SAMPLE IMAGE OF VISUAL BANDING EFFECT (IN THE SKY REGION). 
 
Automatic or objective image/ video quality assessment (IQA/VQA) has been a highly active topic in the 
past two decades. However, popular IQA/VQA methods such as PSNR [1], SSIM [2], MS-SSIM [3], 
SSIMPLUS [4], and VMAF [5], often require full access to a pristine reference when assessing a test 
image or video – and pristine references are rarely available in real-world testing environments. 
Moreover, although the quality maps created by SSIM types of approaches [2][3][4] often successfully 
capture local banding artifacts, the overall assessment of these approaches mixes all visual distortion 
types together and there is no simple mechanism to single out the banding effect. Therefore, it is 
desirable to develop novel IQA/VQA methods dedicated to detecting and assessing banding without 
access to a pristine-quality original image/video as reference. 
 
Recently, two substantially different types of approaches have shown notable success at banding 
detection. The first is based on domain knowledge gained through deep and thorough understandings 
of the human visual system (HVS) and the video acquisition, production, distribution and display 
processes. Computational models derived from such domain knowledge are then combined to 
construct an overall banding detection and assessment model. 
 
In contrast to the first type of domain knowledge-driven methods, the second type of approaches are 
data-driven, with no or little domain knowledge assumed. Instead, a large number of images/videos and 
their ground-truth labels (with or without banding) are collected, and machine learning methods are 
then used to train black-box models such as the deep neural networks (DNNs) using the image/video 
dataset, so that the learned model may make good banding predictions on unseen image/video 
content. 
 
Meanwhile, significant effort has been made over the years on removing or reducing banding effects in 
video distributions. Depending on where these banding reduction techniques are applied, they may be 
classified into pre-processing, post-processing and banding-aware encoding methods. In the following 
sections, we will discuss the key ideas and technical details behind these approaches. 
 

Knowledge-Driven Method 
There is a rich literature on computational modelling of HVS characteristics and the individual 
components in the sophisticated video acquisition, production, distribution and display processes. 
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Knowledge-driven banding detection methods select relevant models and combine them in a 
systematic way, so as to produce a prediction of the perceived banding effect. 
 
A knowledge-driven method [6] is illustrated in Figure 2, where the input is an image or a video frame at 
the pixel level, and the outputs are a banding score together with a banding map. The banding score 
denotes the overall level of perceived banding by considering two important factors: banding spread 
and banding strength. The spread of banding impairment impacts viewing experience but does not 
solely represent banding annoyance. The contrast sensitivity of the HVS varies based on multiple 
signal components and viewing conditions, and thus not every banded edge or false contour is 
perceived equally. The severity of banding is captured by the banding strength component. In other 
words, the goal here is to detect abrupt local activities in smooth image regions, and then analyze the 
visibility of such activities from the perspectives of HVS characteristics. 
 

 
 

FIGURE 2 – DIAGRAM OF A KNOWLEDGE-DRIVEN METHOD. 
 
Pixels that correspond to abrupt activities deemed visible as banding are then marked, which 
collectively constitute a banding map of the image or video frame. The banding map illustrates the 
presence of banding impairment in an image or a video frame and does not reflect the banding 
strength. Examples of such banding maps are shown in Figure 3 (right), where the banding artifacts are 
highlighted by the white pixels. It appears that this knowledge-driven approach not only detects 
banding, but also precisely localizes the banding impairment at pixel-precision. 
 
Banding regions may be determined by pixels in the image or video frame that have significant local 
signal activity while the signal activity in a majority of its surrounding regions is not significant. 
Therefore, classifying pixels into significant and non-significant categories is the first step in detecting 
banding impairment. To classify pixels, a significant threshold is determined based on the 
characteristics of HVS as well as a series of signal and system properties. Figure 4 depicts the 
workflow of marking pixels based on their signal activity. 
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Determining the significance threshold in Figure 4 is the key to detecting banding impairment. It 
requires a deep understanding of the HVS properties such as the contrast sensitivity function (CSF) [7] 
and various visual masking effects [8].  
 

 
FIGURE 3 – SAMPLE IMAGES AND BANDING MAPS CREATED BY KNOWLEDGE-DRIVEN METHOD. 

 

 
 

FIGURE 4 – CLASSIFICATION OF LOCAL SIGNALS BASED ON AN ACTIVITY THRESHOLD. 
 
Figure 5 shows how the significance threshold is generated, starting with HVS modelling, and followed 
by adjustments based on important video workflow and display factors. Banding is a local activity in 
smooth image regions that is visible under certain conditions and viewing environments. Therefore, not 
only signal properties, but also display devices and viewing conditions affect perceived banding. 
 
Modelling CSF and visual masking of the HVS provides a starting point in determining the significance 
threshold, which would need to be tuned further to determine precisely the visibility of banding as 
shown in Figure 5. The CSFs are typically derived based on psychophysical studies on the visibility of 
patterns with a varying luminance level and spatial frequency [7]. Chroma component has a significant 
impact on the visibility of a signal contrast [9], and may be used to adjust the initial significance 
threshold. Signal dynamic range is often interpreted as the ratio of the brightest to the darkest 
luminance. Different Opto-Electrical Transfer Functions (OETFs) and Electro-Optical Transfer 
Functions (EOTFs) are designed to accommodate signals with standard and high dynamic range using 
certain bit depths i.e. 8 and 10 for standard dynamic range (SDR) videos and 10 and 12 for high 
dynamic range (HDR) videos. The bit depth of the content determines signal precision and in 
conjunction with transfer functions impacts on the visibility of banding impairment and suggest 
adjustments to the significance threshold. Further adjustments to the significance threshold may also 
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be required based on the maximum and minimum values of contents and the capabilities of display 
devices in producing an adequate range of luminance that is needed to avoid banding. 
 

 
 

FIGURE 5 – COMPUTATION AND ADJUSTMENT OF SIGNIFICANCE THRESHOLD FACTORS 
 
When all these content, perceptual, chroma, bit-depth, transfer function, and display factors are 
properly modelled, a precise prediction of visual banding may be achieved. Recently, technologies 
following this path have emerged and enjoyed growing adoption. The advantages of such knowledge-
driven approaches is not only the high pixel-precision accuracy (that allows for the creation of banding 
maps) and low computational complexity, but also the high explainability – meaning that when banding 
happens, a deep investigation is plausible to find the cause of banding and then localize the problem to 
be fixed. The disadvantage of this approach is mainly in the difficulty of the modelling process itself, as 
precise models of the contributing factors are difficult to develop, and parameters of such models are 
hard to calibrate. 
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Data-Driven/Machine Learning Method 
Machine learning, and especially deep learning approaches, have attracted a great deal of attention in 
recent years and have achieved remarkable success in many application areas. These approaches are 
generally data-driven, with black box models being trained by data samples. When these data samples 
are sufficiently representative of the real-world data distribution, the trained model may be strong 
enough to make good predictions on novel data samples unseen in the training dataset. The data-
driven approach becomes a desirable option in the case of visual banding detection because it avoids 
the difficulty in developing and calibrating knowledge-driven models. 
 
The first step in building a deep learning-based method is to obtain “big data”, i.e., to construct a large-
scale dataset for training, validation and testing. Fortunately, such datasets have emerged recently. A 
dataset has been constructed [10], which is composed of nearly 17,000 image patches, together with 
their ground-truth labels, i.e., each image patch has been labelled to be either containing or not 
containing banding. This allows us to train a deep neural network (DNN), more precisely a 
convolutional neural network (CNN), to classify a given image patch as either with or without banding in 
an end-to-end manner. Such a method is end-to-end because the DNN takes a raw image patch of 
pixels as input and directly produces a classification result as output. As such, the feature extraction 
process and the classifier are trained or optimized all together (as opposed to being constructed 
separately in traditional image classification methods) by learning from data samples. By doing so, a 
model is constructed with no explicit domain knowledge. In other words, all knowledge is learned from 
data and stored in the weights of the trained CNN. 
 
Figure 6 shows a diagram of how DNN-based banding patch classifier may be applied to assess visual 
banding of a given image or video frame [11]. Image patches are first extracted from the test image 
using a sliding window that moves pixel by pixel (or a larger stripe when computational cost is a 
concern) across the image space. The extracted patches are then fed into the DNN based banding 
patch classifier. 
 

 
 

FIGURE 6 – DIAGRAM OF DNN-BASED VISUAL BANDING ASSESSMENT. 
 
The DNN is typically implemented using a CNN structure, which contains multiple convolutional layers, 
followed by a fully connected neural network. In each convolutional layer, there are multiple linear 
kernels that convolve with the input signal, followed by activation and pooling processes. The outcome 
of the layer is considered intermediate features that are subsequently taken as the input to the next 
layer. Due to the pooling process, the number of features reduces over the layers. At the starting point 
of the fully connected layer, the features are aligned into a vector, which is fed into a neural network of 
multiple layers of node and with full connection between all nodes of adjacent layers. The final output of 
the fully connected layers produces the classification results. Once the CNN architecture is constructed, 
all that remains is to determine the parameters (including kernel weights in the convolutional layers and 
the connection weights in the fully connected layers) at each layer. This is achieved by a training 
process, in which ground truth outputs are compared with CNN output and the errors are 
backpropagated and used to adjust the weights in the CNN. When we have sufficient data samples for 
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training, the CNN will converge to a stage that may make accurate classification results. The 
classification results obtained for individual local image patches through the CNN classifier are laid out 
spatially. They are then aggregated with pre-defined smoothness constraints into two outcomes, as 
shown in Figure 6. The first is a scalar frame-level banding score for the whole test image, and the 
second is a pixel-level banding map. 
 
Sample images and their corresponding DNN-based banding scores and banding maps are shown in 
Figure 7. Images (a), (c), and (e) have ascending levels of visual banding, which are well reflected by 
the banding scores. The banding maps created by smoothed local patch level banding assessment are 
given in (b), (d) and (f). It is interesting to compare the banding maps created by the knowledge-driven 
approach and the DNN-based data-driven approach, as exemplified by Figure 3 and Figure 7, 
respectively. Both maps offer good predictions on the existence and the spatial locations of banding. 
The spatial information is very important, especially for subsequent methods that may be used to fix or 
reduce the banding problem. Comparatively, the maps created by the knowledge-driven method give 
much more precise localization of banding at the pixel level. 
 

                                 (A) IMAGE WITH BANDING                                                       (B) BANDING SCORE = 20 

                                 (C)  IMAGE WITH BANDING                                                      (D) BANDING SCORE = 67  
                                 

                                (E) IMAGE WITH BANDING                                                       (F) BANDING SCORE = 94 
 

FIGURE 7 – SAMPLE IMAGES AND BANDING MAPS CREATED BY DNN METHOD. 
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The advantage of the data-driven approach is mainly in the alleviation of the necessity to fully 
comprehend the domain knowledge, which is sophisticated and evolving over time. On the other hand, 
its disadvantages are manifold. First, it relies heavily on the quality and quantity of training data. The 
training sample images need to cover all test cases and the labels assigned to these images need to be 
very accurate. In general, the behavior of CNN models is difficult to predict on novel data samples, 
especially when the data samples contain novel content, distortion type or distortion combinations. This 
becomes a major issue when the setup of the video acquisition, production, distribution and display 
workflow changes, in which case we often need to collect new data and retrain the DNN model. 
Second, the quality prediction results may not be as precise as knowledge-driven models, as 
demonstrated by the comparison of banding maps between Figures 3 and 7. Third, the deployment of 
DNN models in practical systems may demand high computational and memory resources, especially 
when the use of the model requires precise localization and diagnosis, such as generating the banding 
maps shown in Figure 7, in which the DNN patch classifier needs to be applied to all sliding windows. 
Nevertheless, significant progress has been made in the past decade on accelerating DNN 
performance through advanced hardware and software design. Although the training process is usually 
time-consuming, once the model is trained, the application of the trained model in real-world testing 
may be made very fast, especially when localized assessment such as production of banding maps is 
not required. 

Banding Reduction Method 
Considering the strong negative impact of the banding artifact towards the quality-of-experience of the 
end users, significant efforts from researchers and engineers have been devoted to banding reduction, 
which is sometimes also termed as banding removal or debanding. Depending on where these banding 
reduction techniques are applied, they may be classified into three categories – pre-processing 
methods, post-processing methods, and banding-aware encoding methods: 

• Pre-processing debanding. The debanding operation is applied to the source content before any 
lossy encoding [14][15]. For example, the source content may go through a dithering process, 
which has been shown to be effective at reducing not only the visual banding effect in the 
source, but also the risk of creating new banding artifacts in the encoding process. 

• Banding-aware encoding. Banding reduction is embedded into the video encoding procedures. 
For example, an in-loop filtering process may be adopted to adjust the quantization strength 
during encoding to reduce the risk of generating new banding effects in the quantization process 
[17].   

• Post-processing debanding. The banding artifact is detected and removed after the 
images/videos are fully decoded at the receiver end. This may be implemented as an in-loop 
filter within the decoder or an independent filter that modifies the decoded frame [16] [26]. This 
is the most widely studied technique among the three. 

Each of the aforementioned banding reduction methodologies has advantages and disadvantages. One 
advantage of both the pre-processing and post-processing debanding techniques is that they are 
applied at the two ends of the video distribution chain, without interfering with the existing distribution 
workflow. By contrast, banding-aware encoding would need to update all encoders, which significantly 
increases the cost of deployment. Since debanding often involves a dithering process that inserts 
significant amount of noise into the video signal, applying it before encoding may increase the burden 
of the video encoder, especially at high-bitrate, high-quality level, where encoding the noise may 
consume a gigantic number of bits, largely reducing the efficiency of the video encoder and sometimes 
degrading the visual quality of fine texture content. Therefore, pre-processing debanding approaches 
need to be applied with caution, keeping the intended application in mind. Some visual banding effect is 
a direct consequence of video encoding or bit-depth reduction (e.g., by HDR-to-SDR tone mapping), 
and therefore banding-aware encoding has a good potential to perform quantization and bit-depth 
reduction smartly, so as to maximally avoid creating such banding. However, it also needs to be aware 
that a great deal of video banding has nothing to do with video encoding or bit-depth reduction. 
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Therefore, for certain video content, one should not be surprised to try out all possible encoding and bit-
depth adjustment options but do not see any meaningful banding reduction. Among the three types of 
debanding methods, the post-processing approach imposes least interference to the video distribution 
system, but since it is running at the receiving devices, it requires vast scale deployment to every single 
device. Since the device characteristics, the intended applications, and the viewing environment are 
varying, these post-processing techniques need to be adapted to these factors for best performance, 
which further boosts the cost of such approaches in practice. 
 
A common framework that has been adopted by many debanding reduction methods is a three-step 
approach as illustrated in Figure 8. Given an image or video frame of interest, the first steps are to 
detect whether banding exists in the image, where the banding artifact is located, and how severe the 
banding effect is. These steps are the bases that guide where and how strong the subsequent 
debanding filter should be applied. Besides the approaches described earlier for banding detection, 
some highly efficient though less accurate methods may be adopted here to provide a rough detection 
of banding; for example, by using statistics on gradient [15] [20], contrast [21], and entropy [23], or by 
image segmentation techniques [12]. The second step is to conduct reverse-quantization, in an effort to 
best restore the original information. A smoothing filter is usually applied to further suppress the 
banding artifact [16] [22]. In the final step, quantization is reapplied together with a dithering process, 
which essentially adds noise or noise-like pattern into the video frame to randomize the pixel values or 
positions. As a result, false contours cannot be formed and the banding effect is avoided [18] [24] [25]. 
 

 
 

FIGURE 8 – DIAGRAM OF BANDING REDUCTION METHODS. 
 

Conclusion And Discussion 
In this paper, we focus on the banding effect, an annoying visual artifact that appears in all stages of 
the life cycle of digital videos, and that has been drawing an increasing amount of attention with the 
recent growing popularity of UHD/HDR/WCG video content. We discuss the technical details of two 
promising but substantially different types of approaches for banding detection – knowledge-driven 
approaches that are built upon deep understandings of the HVS and each component in the video 
acquisition, production, distribution and display workflows, and data-driven approaches that learn to 
detect banding by training DNN models with big data of labelled image samples. We also discuss three 
types of banding reduction methods – pre-processing method, post-processing method, and banding-
aware encoding method. We not only present the key ideas behind these approaches, but also point 
out their advantages and disadvantages. We hope our effort here offers help to the industry 
practitioners to understand banding better, and to have a better grasp of state-of-the-art technologies in 
banding detection and reduction. 
 
Despite the exciting progress made in the past decades on banding detection and reduction, there are 
still significant gaps in practice. Some of the root causes of these gaps are summarized as follows:  

• First, there is no definite way to differentiate the real contours in the video content and the false 
contours of banding. Contours of various types exhibit in real-world videos: some are from 
camera acquisition of the visual world, and some are artificial, e.g., in animation and computer 
screen content. How to reliably and efficiently differentiate them remains a challenging problem.  

• Second, while it is proven that dithering does reduce banding, there is a dilemma between 
banding reduction and preserving fine details in an image, because dithering involves adding 
noise to an image, and noise reduces the visibility of fine texture details. This dilemma becomes 
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even stronger with UHD/HDR/WCG content, which is supposed to bring in finer details than 
SDR content of lower resolution and smaller colour gamut, but the details embedded in deeper 
depth bit-planes are even more sensitive to noise contamination. Furthermore, the noise in the 
dithered content makes video encoding more difficult, as the noisy pixels consume a large 
number of bits to encode, leaving much fewer bits for true fine details of the original content.  

• Third, there has been a debate about the objective of video distribution – whether we should 
aim for the preservation of the creative intent of the content producers or for creating appealing 
visual results of the end viewers. It is important to be aware that these two goals may not 
always align. If preserving the creative intent is the goal, then techniques such as dithering or 
pre-processing based banding reduction are problematic, because they purposely change the 
content.  

• Fourth, the full lifecycle of digital videos, from acquisition, production, distribution, to display, 
contains many operations that interact with the visibility of banding, and technologies behind 
these operations are evolving over time. These include but are not limited to OETF and EOTF 
transfer functions [27], colour space conversion [28] and colour gamut mapping [29], colour 
subsampling and upsampling, dynamic range tone mapping [30], video encoding/decoding, and 
video pre-processing/post-processing. 
 

All of these are entangled with the never-ending progress of camera and display technologies, and the 
recent development of scene-adaptive and device-adaptive HDR/WCG processing in the new HDR 
standards such as HDR10+ and Dolby Vision [31]. Consequently, banding detection and reduction will 
remain an open problem in the future and will evolve with the technology front of the digital video 
industry. 

 

References 
[1] Wang, Z. and Bovik, A. C., “Mean squared error: love it or leave it? – a new look at signal fidelity 

measures,” IEEE Signal Processing Magazine, vol. 26, no. 1, pp. 98-117, Jan. 2009. 

[2] Wang, Z., Bovik, A. C., Sheikh, H. R. and Simoncelli, E. P., “Image quality assessment: From error 
visibility to structural similarity”. IEEE Transactions on Image Processing, 13(4), 600612, (2004). 

[3] Wang, Z., Simoncelli, E. P. and Bovik, A. C., “Multi-scale structural similarity for image quality 
assessment”. IEEE Asilomar Conference on Signals, Systems and Computers, Nov. 2003.  

[4] Rehman, A., Zeng, K. and Wang, Z., “Display device-adapted video quality-of-experience 
assessment,” IS&T/SPIE Electronic Imaging: Human Vision & Electronic Imaging, Feb. 2015. 

[5] Li, Z., Aaron, A., Katsavounidis, I., Moorthy, A.  and Manohara, M., “Toward a practical perceptual 
video quality metric,” Netflix TechBlog, Jun 2016.  

[6] Wang, Z., Yeganeh, H., Badr, A., and Zeng, K., “Image and video banding assessment,” US patent 
application, 2020. 

[7] Barten P. G. J., “Formula for the contrast sensitivity of the human eye” Proc. SPIE-IS&T Vol. 
5294:231-238, Jan 2004 

[8] Wang, Z. and Bovik, A. C., Modern image quality assessment, Morgan & Claypool Publishers, Mar. 
2006. 

[9] Denes, G., Ash, G., Fang, H., Mantiuk, R., “A visual model for predicting chromatic banding 
artifacts”, Human Vision and Electronic Imaging (HVEI), 2019. 



 
A paper from the Proceedings of the 2021 NAB BEIT Conference 11 
 

[10] Kapoor, A., Sapra, J., and Wang, Z., “HD images dataset with banded and nonbanded region 
information,” https://zenodo.org/record/4513740, 2021. 

[11] Kapoor, A, Sapra, J., and Wang, Z., “Capturing banding in images: database construction and 
objective assessment”, IEEE International Conference on Acoustic, Speech and Signal 
Processing, Jun 2021. 

[12] Wang, Y., Kum, S., Chen, C. and Kokaram, A. ,“A perceptual visibility metric for banding artifacts.” 
In IEEE Int. Conf. on Image Processing, pp. 2067-2071, 2016. 

[13] Tu, Z., Lin, J., Wang, Y., Adsumilli, B., and Bovik, A. C., “Bband index: A no-reference banding 
artifact predictor,” in Proc. IEEE Int. Conf. Acoust., Speech, Signal Process., pp. 2712–2716, 2020. 

[14] Joy, G. and Xiang, Z. , “Reducing false contours in quantized color images,” Comput. Graph., vol. 
20, no. 2, pp. 231–242, 1996. 

[15] Daly, S. J., and Feng, X., “Decontouring: Prevention and removal of false contour artifacts,” in 
Proc. SPIE Human Vis. Electron. Imag., vol. 5292, pp. 130–149, 2004. 

[16] Lee, J. W., Lim, B. R., Park, R. H., Kim, J. S., and Ahn, W., “Two-stage false contour detection 
using directional contrast features and its application to adaptive false contour reduction,” IEEE 
Trans. Consum. Electron., 2006. 

[17] Yoo, K., Song, H., and Sohn, K., “In-loop selective processing for contour artefact reduction in 
video coding,” Electron. Letters, vol. 45, no. 20, pp. 1020–1022, 2009. 

[18] Baugh, G., Kokaram. A., and Pitie, F., “Advanced video debanding,” In European Conference on 
Visual Media Production (CVMP), 2014. 

[19] Casali, N., Naccari, M., Mrak, M. and Leonardi, R., “Adaptive quantisation in HEVC for contouring 
artefacts removal in UHD content,” in Proc. IEEE Int. Conf. Image Process., pp. 2577–2581, 2015. 

[20] Ahn, W. and Kim, J.-S., “Flat-region detection and false contour removal in the digital TV display,” 
in Proc. IEEE Int. Conf. Multimedia Expo., pp. 1338–1341, 2005. 

[21] Choi, H. R., Lee, J. W., Park, R. H., and Kim, J.S., “False contour reduction using directional 
dilation and edge-preserving filtering,” IEEE Trans. Consum. Electron., vol. 52, no. 3, pp. 1099–
1106, 2006. 

[22] Huang, Q, Kim, H. Y., Tsai, W.J., Jeong., S. Y., Choi. J. S., and Kuo, C. C. J., “Understanding and 
removal of false contour in HEVC compressed images,” IEEE Trans. Circuits Syst. Video Technol., 
vol. 28, no. 2, pp. 378–391, Feb. 2018. 

[23] Bhagavathy, S., Llach, L., and Zhai, J., “Multiscale probabilistic dithering for suppressing contour 
artifacts in digital images,” IEEE Trans. Image Process., vol. 18, no. 9, pp. 1936–1945, Sep. 2009. 

[24] Wang, Y., Abhayaratne, C., Weerakkody, R., and Mrak, M., “Multi-scale dithering for contouring 
artefacts removal in compressed UHD video sequences,” in Proc. IEEE Global Conf. Signal Inf. 
Process., pp. 1014–1018, 2014. 

[25] Jin, X., Goto, S., and Ngan, K. N., “Composite model-based DC dithering for suppressing contour 
artifacts in decompressed video,” IEEE Trans. Image Process., vol. 20, no. 8, pp. 2110–2121, Aug. 
2011. 



 
A paper from the Proceedings of the 2021 NAB BEIT Conference 12 
 

[26] Tu. Z, Lin, J., Wang, Y., Adsumilli, B. and Bovik, A. C., “Adaptive debanding filter,” IEEE Signal 
Process. Lett., vol. 27, pp. 1715–1719, 2020. 

[27] Borer, T., Cotton, A., and Wilson, P., “Perceptual uniformity for high-dynamic-range television 
systems,” SMPTE Motion Imaging Journal, vol. 125, no. 8, 2016. 

[28] Costa, T, Gaudet, V., Vrscay, E. R. and Wang, Z., "Perceptual colour difference uniformity in high 
dynamic range and wide colour gamut," IEEE International Conference on Image Processing, Oct. 
2020. 

[29] Morovic, J., “Color Gamut Mapping”, John Wiley & Sons Ltd., 2008. 

[30] Yeganeh, H, and Wang, Z., "Objective quality assessment of tone mapped images," IEEE 
Transactions on Image Processing, vol. 22, no. 2, pp. 657-667, Feb. 2013. 

[31] Agrawal, A, “Dolby vision: advancing the technology of cinema and home entertainment 
transformation of an industry,” IEEE Computer Graphics and Applications, vol. 41, no. 2, 2021. 
 

Acknowledgements 
The authors would like to thank their colleagues at SSIMWAVE Inc. and University of Waterloo for their 
inputs in this work and for their help in preparing for this paper. Figures 6 and 7 are reproduced with the 
permission of Akshay Kapoor and Jatin Sapra. 
 
 


	Introduction
	Knowledge-Driven Method
	Data-Driven/Machine Learning Method
	Banding Reduction Method
	 Pre-processing debanding. The debanding operation is applied to the source content before any lossy encoding [14][15]. For example, the source content may go through a dithering process, which has been shown to be effective at reducing not only the ...
	 Banding-aware encoding. Banding reduction is embedded into the video encoding procedures. For example, an in-loop filtering process may be adopted to adjust the quantization strength during encoding to reduce the risk of generating new banding effec...
	 Post-processing debanding. The banding artifact is detected and removed after the images/videos are fully decoded at the receiver end. This may be implemented as an in-loop filter within the decoder or an independent filter that modifies the decoded...
	Conclusion And Discussion
	 First, there is no definite way to differentiate the real contours in the video content and the false contours of banding. Contours of various types exhibit in real-world videos: some are from camera acquisition of the visual world, and some are art...
	 Second, while it is proven that dithering does reduce banding, there is a dilemma between banding reduction and preserving fine details in an image, because dithering involves adding noise to an image, and noise reduces the visibility of fine textur...
	 Third, there has been a debate about the objective of video distribution – whether we should aim for the preservation of the creative intent of the content producers or for creating appealing visual results of the end viewers. It is important to be ...
	 Fourth, the full lifecycle of digital videos, from acquisition, production, distribution, to display, contains many operations that interact with the visibility of banding, and technologies behind these operations are evolving over time. These inclu...
	References
	Acknowledgements

