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Chapter

Introductory Chapter: Recent
Advances in Image Restoration

Chiman Kwan

1. Recent advances

In this chapter, we do not intend to provide a comprehensive survey of existing
recent image restoration papers in the literature. Instead, we attempt to provide a
glimpse of recent advances from our own perspectives and applications. In particular,
we will focus on the following areas. Moreover, we will connect those research areas
to some real-world applications.

1.1Image enhancement

Images can be enhanced from several perspectives: spatial, spatial-spectral,
spectral, and spatio-temporal.

1.1.1 Spatial domain

Here, we focus on methods that use only a single image to improve the spatial
resolution. The simplest method is the bicubic interpolation, which does not utilize
any external information such as point spread function (PSF) [1]. A total of 16
neighbors are used to generate a prediction, and the performance is better than
bilinear interpolation, which uses only four neighbors. Recently, there are some new
developments. A notable one is the algorithm described in [2], which utilizes the
PSF to improve the resolution of a single image. The super-resolution algorithm in
[3] is based on edge interpolation. There is also a group of methods based on deep
learning [4-6]. Vast amounts of training images are needed to train the algorithm.
Another group is using dictionary-based approach [7, 8]. Both the deep learning
and dictionary approaches require many training images, which may be difficult to
obtain.

In Sidiya and Li’s chapter [9] in this book, a generative adversarial network
(GAN)-based approach was introduced to face image enhancement. The key
distinction from conventional GAN is that it is an unsupervised approach, meaning
that no ground truth images are required for training. Experimental results showed
that the proposed unsupervised approach is only 1-2 dBs inferior to state-of-the-art
supervised algorithms. The chapter also pointed out some failure cases, which the
authors knew the reasons and will further improve the results in the future.

In Qin et al’s chapter [10], the authors present a new framework for fusing
results from cross view images for 3D mesh reconstruction. Real satellite and
ground-view images were used to demonstrate the proposed framework. It was
found that the reconstruction accuracy has been improved by close to 1 meter in one
of the areas.
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1.1.2 Spatial-spectral resolution enhancement: Pansharpening

In many applications, we may have a high-resolution (HR) image with only a few
bands and another image having low resolution but many bands. Pansharpening is
an image fusion approach that fuses one high spatial resolution image with another
low-resolution (LR) multispectral (MS) image. Earlier pansharpening algorithms
are limited to images where the panchromatic band overlaps with the MS bands.
However, recent advancements have extended the approach to non-overlapping
bands [11-13].

There are two recent survey papers in pansharpening [13-16]. In recent stud-
ies, pansharpened images were observed to improve the performance of some
applications [17].

Another chapter in this book by Qu et al. [18] summarizes a Dirichlet-Net for
pansharpening. The algorithm was applied to Mastcam image enhancement.

In Restaino et al’s chapter [19], the authors report an interesting study of using
multi-platform data for pansharpening. That is, the low-resolution hyperspec-
tral data and the high-resolution pan or multispectral data come from different
satellites.

1.1.3 Spectral enhancement using synthetic bands

In some applications, only MS images are available. It may be useful to syn-
thesize some hyperspectral images using those images so that the performance of
some applications can be improved. Recently, there have been some new algorithms
such as the Extended Morphological Attribute Profiles (EMAP) algorithm [20] for
synthesizing spectral bands.

Here, rather than explaining the details of EMAP, we would like to mention a
few recent applications of EMAP. The first one is to use EMAP for soil detection.
The original MS images have eight bands. After applying EMAP, 80 synthetic
bands were generated. The soil detection performance was improved quite sig-
nificantly. More details can be found in [21-23]. Another application is on change
detection using heterogeneous images. That is, the images at two different times
may not come from the same imager. In [24], we have demonstrated that EMAP
has improved the change detection performance in 36 out of 50 cases. In a third
application on land cover classification [25], we have observed that, with the help
of EMAP, using only 4 bands (RGB and NIR) can achieve reasonably accurate land
cover classification performance that is only a few percentage points lower than that
of using 144 bands of data.

1.1.4 Spatio-temporal fusion

Here, we consider an interesting application scenario. At time ¢;, we have one
high-resolution (HR) MS image and a LR MS image. However, at time t,, we only
have a LR MS image. It will be important to use the aforementioned images and
synthesize a HR MS image at ¢,.

Such scenarios do exist. As shown in Figure 1, one example is the fusion of
Landsat (30 m spatial resolution with 16-day revisit period) and MODIS (500 m
spatial resolution with almost daily revisit). More details can be found in [26, 27].
Another application scenario is the fusion of Worldview with Planet images [28].
A third temporal fusion study is for Landsat and Worldview images [29]. Once the
fused images are available, more frequent change detection can then be performed
for a given area.
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Albanwan and Qin’s chapter on spatio-temporal [30] discusses various spatio-
temporal fusion methods for remote sensing images. Pixel, feature, and decision
level fusion approaches were summarized. A few past results from the authors’ past
papers were also included.

1.2 Image denoising

Image noise can be introduced during the image acquisition process. For example,
in low lighting conditions, pixel amplitude-dependent noise (Poisson noise) are
introduced. In the past, people have investigated sparsity-based methods [31, 32]
and deep learning methods [33, 34]. There are also joint denoising and demosaicing
algorithms [35].

1.3 Image demosaicing

Many commercial cameras have incorporated the Bayer pattern [36], which is also
known as color filter array (CFA) 1.0. An example of CFA 1.0 is shown in Figure 2a.
There are many repetitive 2x2 blocks and, in each block, two green, one red, and one
blue pixels are present. To save cost, the Mastcam onboard the Mars rover Curiosity
[37-40] also adopted the Bayer pattern. Due to the popularity of CFA 1.0, Kodak
researchers invented a red-green-blue-white (RGBW) pattern or CFA 2.0 [41, 42].
An example of the RGBW pattern is shown in Figure 2b. In each 4 x 4 block, eight
white pixels, four green pixels, and two red and blue pixels are present. Having more
white pixels is believed to help improve the sensitivity of the camera, which is impor-
tant in low lighting conditions. Numerous other CFA patterns have been invented in
the past few decades [43-45].

Day 1 2 8 9 ... 15 16
MODIS M M s e » M

Landsat L e e L

Fused L

Figure 1.
Fusion of Landsat and MODIS images to create a high spatial and high temporal resolution image sequence.

(a) (b)

Figure 2.
Three CFA patterns. (a) CFA 1.0; (b) CFA 2.0.
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It will be good to illustrate the differences between a state-of-the-art method
(Demonet [35]) and the NASA’s current demosaicing algorithm known as Malvar-
He-Cutler (MHC) [46]. From Figure 3, it can be seen that the demosaiced images
by MHC contain some color distortion artifacts whereas the Demonet images do not
have noticeable color distortions.

There are some new developments in demosaicing CFA 2.0 or RGBW. In [47], a
new pansharpening approach was proposed to demosaic RGBW patterns. In [48],
a further improved version by combining deep learning and pansharpening was
proposed. In [49], a comparative study of the performance of CFA 1.0 and CFA
2.0 for low lighting images was carried out. It was found that CFA 2.0 has advan-
tages over CFA 1.0 in low lighting conditions. It was also observed that denoising
can further enhance the demosaicing performance. Finally, a new CFA 3.0 was
proposed in [50] in which a comparative study among CFAs 1.0, 2.0, and 3.0 was
conducted. It was observed that CFA 2.0 has better performance in terms of peak
signal-to-noise ratio (PSNR) in low lighting conditions than CFAs 1.0 and 3.0.
CFA 3.0 has better performance than CFA 1.0.

Figure 3.
Comparative of demosaicing images. Left column: NASA’ existing software; vight column: State-of-the-art
deep learning approach.
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1.4 Image deblurring

Image blurring can be caused by camera motion and built-in factors such as
point spread functions in various stages of image formation. In the book [51], a
few PSFs are mentioned, including optical, motion, detector, and electronics. For
motion-induced blurring, researchers have developed estimation methods [52] to
restore the original images.

For NASA’s Mastcam application, an interesting approach was proposed in [53]
to improve the left Mastcam images. The idea was to use the left and right Mastcam
images to estimate the deblurring kernel, and then a deconvolution is applied to
deblur the left images.

1.5Image inpainting

Image inpainting is a well-known technique for image restoration. One can remove
some image contents and then replace those missing contents with fictitious informa-
tion. Some conventional techniques include Field of Experts (FOE) [54], Laplacian
method [55], Local Matrix Completion Sparse (LMCS) [56], and Transformic [57].
More recent methods used GAN for inpainting [58]. We briefly describe these meth-
ods below.

FOE: The Field of Experts method (FOE) was developed by Roth et al. [54]. This
method uses pre-trained models that are used to filter out noise and obstructions
in images.

Laplacian: This method [55] fills in each missing pixel using the Laplacian
interpolation formula by finding the mean of the surrounding known values.

Local Matrix Completion Sparse (LMCS) [56]: In LMCS, which was devel-
oped by us, a search is performed for each missing pixel to find a pixel with the
most similar neighbors. After the search, the missing pixel is replaced with the
found pixel. This method performs very well with images containing repeating
patterns.

Transformic [57]: The Transformic method was developed by Mansfield etal. [57].
It is similar to the LMCS in that it searches the whole image for a patch that is similar
to the neighbors of the missing pixel. However, this method transforms and rotates
the searched area to find a better match.

Generative Inpainting (Genln) [58]: A new inpainting method, Generative
Inpainting (GenlIn), which is a deep learning-based method [58], was considered
in our research. It was developed at the University of Illinois that aims to outper-
form typical deep learning methods that use convolutional neural network (CNN)
models. GenIn builds on CNN and generative adversarial networks in an effort to
encourage cohesion between created and existing pixels.

We briefly mention a few recent applications. In [59], the LMCS technique
was applied to automatic target recognition. A recent application of LMCS,
Transformic, and deep learning can be found in [60] for error concealment in
infrared images.

In the chapter by Kwan et al. [61], a number of conventional and deep learning
methods were applied to digital terrain model (DTM) extraction.

1.6 Compression artifact reduction

It is surprising that JPEG image compression codec is still being used in some
applications nowadays. For instance, the Mars rover Curiosity has a number of
imagers, which are all using JPEG for image compression. The current practice at
NASA is to use low compression ratios, which can only achieve around three times
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of compression efficiency. Since the invention of JPEG in early 1990s, there have
been quite a few newer and more powerful compression standards in the literature.
In the past few years, there are studies on evaluating a number of compression
codecs that can achieve perceptually lossless compression [62-64]. The findings
showed that it is feasible to attain 10 to 1 compression with almost no loss of image
quality.

2. Future directions

Although there are some encouraging progress in image restoration in recent
years, there are still some tough problems ahead. We list a few directions below.

2.1Image enhancement

Earlier, we have seen that temporal resolution can be enhanced by fusing two
sequences of images: one with high revisit times but low resolution and another just
the opposite. After fusion, a sequence of high spatial resolution and high temporal
resolution images emerges. The new sequence of images can be used for more
frequent change detection, land cover classification, etc. However, based on our
investigations, the change detection performance is still limited [65]. The reason is
that the enhanced images fail to capture the changes sometimes. More research is
needed.

Moreover, spectral enhancement sometimes have mixed results. In some
applications, we do not see improvement for some reasons [66]. This implies that
more research is needed to determine that under what conditions the EMAP-based
methods can provide improvement and under what conditions not.

2.2 Image deblurring

For real blurred images collected from cameras, we noticed that some of the
open-source codes still could not get good deblurring results. This is perhaps due
to the fact that the camera motion may be nonlinear (jerky motion) and existing
kernel estimation methods cannot handle such nonlinear motions. Again, more
research is needed in this area.

2.3 Image demosaicing

As mentioned earlier, color images using color filter arrays collected in low
lighting environments contain Poisson noise that seriously affect the image quality.
Image denoising needs to combine with demosaicing in order to yield high-quality
images. We believe there is still room for improvement in this area. One possible
direction is to investigate deep learning approaches.

2.4 Change detection using heterogeneous images

In many remote sensing applications, we may have high-resolution images at
one time but may only have low-resolution images at another time. It will be good to
perform change detection across multiple platforms. There are some recent advances
[24, 67-72] in change detection using multimodal or heterogeneous images. For
example, Ziemann et al. [68] studied change detection using a mixture of multi-
spectral and synthetic aperture radar (SAR) images. However, more research is still
needed to yield consistent results.



Introductory Chapter: Recent Advances in Image Restoration
DOI: http://dx.doi.org/10.5772/intechopen.93257

Acknowledgements

This work was supported in part by DOE grant DE-SC0019936 and NASA
contract number SONSSC17C0035.

Author details

Chiman Kwan
Signal Processing, Inc., Rockville, Maryland, USA

*Address all correspondence to: chiman.kwan@signalpro.net

IntechOpen

© 2020 The Author(s). Licensee IntechOpen. Distributed under the terms of the Creative
Commons Attribution - NonCommercial 4.0 License (https://creativecommons.org/
licenses/by-nc/4.0/), which permits use, distribution and reproduction for

non-commercial purposes, provided the original is properly cited.



Recent Advances in Image Restoration with Applications to Real World Problems

References

[1] Kwan C, Dao M, Chou B, Kwan LM,
Ayhan B. Mastcam image enhancement
using estimated point spread functions.
In: Proceedings of the IEEE Ubiquitous
Computing, Electronics & Mobile
Communication Conference; New York,
NY, USA; 19-21 October 2017

[2] Chan SH, Wang X, Elgendy OA.
Plug-and-play ADMM for image
restoration: Fixed point convergence
and applications. IEEE Transactions on
Computational Imaging. 2017;3:84-98

[3] Yan Q, Xu Y, Yang X, Truong TQ.
Single image superresolution based
on gradient profile sharpness. IEEE
Transactions on Image Processing.
2015;24:3187-3202

[4] Dong C, Loy CC, He K, Tang X.
Learning a deep convolutional network
for image super-resolution. In:
Proceedings of the European
Conference on Computer Vision;
Zurich, Switzerland; 6-12 September
2014. pp. 184-199

[5] Dong C, Loy CC, Tang X.
Accelerating the super-resolution
convolutional neural network.

In: Proceedings of the European
Conference on Computer Vision;
Amsterdam, the Netherlands; 8-16
October, 2016. pp. 391-407

[6] Hoque MRU, Burks R, Kwan C, Li]J.
Deep learning for remote sensing image
super-resolution. In: IEEE Ubiquitous
Computing, Electronics & Mobile
Communication Conference; New York
City; 10-12 October 2019. pp. 286-292

[7] Timofte R, de Smet V, Van Gool L.
A’": Adjusted anchored neighborhood
regression for fast super-resolution. In:
Proceedings of the Asian Conference
on Computer Vision; Singapore; 1-5
November, 2014. pp. 111-126

[8] Chang H, Yeung D, Xiong Y.
Super-resolution through neighbor

embedding. In: Proceedings of the 2004
IEEE Computer Society Conference

on Computer Vision and Pattern
Recognition; Washington, DC, USA; 27
June-2 July 2004

[9] Sidiya AC, Li X. Style-based
unsupervised learning for real-world
face image super-resolution. In: Kwan C,
editor. Recent Advances in Recent
Advances in Image Restoration with
Applications to Real World Problems.
Rijeka, Croatia: InTech; 2020

[10] Qin R, Song S, Ling X, Elhashash M.
3D reconstruction through fusion of
cross-view images. In: Kwan C, editor.
Recent Advances in Recent Advances in
Image Restoration with Applications to
Real World Problems. Rijeka, Croatia:
InTech; 2020

[11] Loncan L, de Almeida LB, Bioucas-
Dias JM, Briottet X, Chanussot J,
Dobigeon N, et al. Hyperspectral
pansharpening: A review. IEEE
Geoscience and Remote Sensing
Magazine. 2015;3:27-46

[12] Meng X, Xiong Y, Shao F, Shen H,
SunW, Yang G, et al. A large-scale
benchmark data set for performance
evaluation of pansharpening. IEEE
Geoscience and Remote Sensing
Magazine. 2020. DOI: 10.1109/
MGRS.2020.2976696

[13] Vivone G, Alparone L, Chanussot J,
Dalla Mura M, Garzelli A, Licciardi GA,
etal. A critical comparison among
pansharpening algorithms. IEEE
Transactions on Geoscience and Remote
Sensing. 2015;53(5):2565-2586

[14] Dao M, Kwan C, Ayhan B, Bell JF.
Enhancing Mastcam images for Mars
rover mission. In: Proceedings of the

14th International Symposium on

Neural Networks; Hokkaido, Japan;
21-26 June 2017. pp. 197-206



Introductory Chapter: Recent Advances in Image Restoration

DOI: http://dx.doi.org/10.5772/intechopen.93257

[15] Kwan C, Budavari B, Dao M,

Ayhan B, Bell JF. Pansharpening of
Mastcam images. In: Proceedings of
the IEEE International Geoscience and
Remote Sensing Symposium (IGARSS);
Fort Worth, TX, USA; 23-28 July 2017.
pp. 5117-5120

[16] Kwan C, Choi JH, Chan S, Zhou J,
Budavari B. Resolution enhancement
for hyperspectral images: A super-
resolution and fusion approach. In:
Proceedings of IEEE International
Conference on Acoustics, Speech, and
Signal Processing; New Orleans; 2017.
pp. 6180-6184

[17] Dao M, Kwan C, Koperski K,
Marchisio G. A joint sparsity approach
to tunnel activity monitoring using
high resolution satellite images. In:
Proceedings of IEEE Ubiquitous
Computing, Electronics & Mobile
Communication Conference; 2017.

pp- 322-328

[18] QuY, Qi H, Kwan C. Application of
deep learning approaches to enhancing
Mastcam images. In: Kwan C, editor.
Recent Advances in Recent Advances in
Image Restoration with Applications to
Real World Problems. Rijeka, Croatia:
InTech; 2020

[19] Restaino R, Vivone G, Addesso P,
Picone D, Chanussot J. Resolution
enhancement of hyperspectral data
exploiting real multi-platform data.

In: Kwan C, editor. Recent Advances in
Recent Advances in Image Restoration
with Applications to Real World
Problems. Rijeka, Croatia: InTech; 2020

[20] Bernabé S, Marpu PR, Plaza A,
Mura MD, Benediktsson JA. Spectral—-
spatial classification of multispectral
images using kernel feature space

representation. IEEE Geoscience and
Remote Sensing Letters. 2014;11:288-292

[21] Dao M, Kwan C, Bernabé S,
Plaza AJ, Koperski K. A joint sparsity
approach to soil detection using

expanded bands of WV-2 images. IEEE
Geoscience and Remote Sensing Letters.
December 2019;16(12):1869-1873. DOL:
10.1109/LGRS.2019.2911923

[22] Kwan C. Remote sensing
performance enhancement in
hyperspectral images. Sensors.
2018;18:3598

[23] LuY, Perez D, Dao M,

Kwan C, LiJ. Deep learning with
synthetic hyperspectral images for
improved soil detection in multispectral
imagery. In: Proceedings of IEEE
Ubiquitous Computing, Electronics &
Mobile Communication Conference;
New York City; 2018

[24] Kwan C, Ayhan B, Larkin J,

Kwan LM, Bernabé S, Plaza A.
Performance of change detection using
heterogeneous images and Extended
Multi-Attribute Profiles (EMAPSs).
Remote Sensing. 2019;11(20):2377

[25] Kwan C, Gribben D, Ayhan B,
Bernabe S, Plaza A, Selva M. Improving
land cover classification using

extended multi-attribute profiles
(EMAP) enhanced color, near infrared,
and LiDAR data. Remote Sensing.
2020;12(9):1392

[26] Gao F, Masek J, Schwaller M,

Hall F. On the blending of the Landsat
and MODIS surface reflectance:
Predicting daily Landsat surface
reflectance. IEEE Transactions on

Geoscience and Remote Sensing.
2006;44:2207-2218

[27] Kwan C, Budavari B, Gao F, Zhu X.
A hybrid color mapping approach to
fusing MODIS and Landsat images for
forward prediction. Remote Sensing.
2018;10. DOI: 10.3390/rs10040520

[28] Kwan C, Zhu X, Gao F, Chou B,
Perez D, LiJ, et al. Assessment of
spatiotemporal fusion algorithms for

Worldview and planet images. Sensors.
2018;18:1051



Recent Advances in Image Restoration with Applications to Real World Problems

[29] Kwan C, Chou B, Yang ], Perez D,
Shen, Li]J, et al. Landsat and
Worldview image fusion. In:
Proceedings of the Signal Processing,
Sensor/Information Fusion, and Target
Recognition XXVIII; Baltimore, MD,
USA; 15-17 April, 2019

[30] Albanwan H, Qin R. Spatiotemporal
fusion of remote sensing. In: Kwan C,
editor. Recent Advances in Recent
Advances in Image Restoration with
Applications to Real World Problems.
Rijeka, Croatia: InTech; 2020

[31] Kwan C, Zhou J. Method for image
denoising. Patent #9,159,121; 13 October
2015

[32] BM3D Denoising. Available from:
http://www.cs.tut.fi/~foi/invansc/
[Accessed: 22 October 2019]

[33] Zhang K, Zuo W, Zhang L. FFDNet:
Toward a fast and flexible solution for
CNN based image denoising. 2018.
arXiv:1710.04026 [cs.CV]

[34] Dong W, Wang H, Wu F,

Shi G, Li X. Deep spatial-spectral
representation learning for
hyperspectral image denoising. IEEE
Transactions on Computational
Imaging. 2019;5(4):635-648

[35] Gharbi M, Chaurasia G, Paris S,
Durand F. Deep joint demosaicking
and denoising. ACM Transactions on
Graphics. 2016535

[36] Bayer BE. Color imaging array. US
Patent 3,971,065; July 20, 1976

[37] Bell JF III et al. The Mars science
laboratory curiosity rover mast camera
(Mastcam) instruments: Pre-flight and
in-flight calibration, validation, and
data archiving. Earth and Space Science.

July 2017;4(7):396-452
[38] Dao M, Kwan C, Ayhan B, Bell JF.

Enhancing Mastcam images for Mars
rover mission. In: 14™ International

10

Symposium on Neural Networks; 2017.
pp- 197-206

[39] Kwan C, Budavari B, Dao M,
Ayhan B, Bell JF. Pansharpening of
Mastcam images. In: Proceedings of
IEEE International Geoscience and
Remote Sensing Symposium; 2017.
pp. 5117-5120

[40] Ayhan B, Dao M, Kwan C, Chen H,
Bell JF, Kidd R. A novel utilization of
image registration techniques to process
Mastcam images in Mars rover with
applications to image fusion, pixel
clustering, and anomaly detection.

IEEE Journal of Selected Topics in
Applied Earth Observations and Remote
Sensing. 2017;10(10):4553-4564

[41] Hamilton ], Compton J. Processing
color and panchromatic pixels. U.S.
Patent 20070024879A1; 2007

[42] Kijima T, Nakamura H, Compton JT,
Hamilton JF, DeWeese TE. Image sensor
with improved light sensitivity. U.S.
Patent 0 268 533; 2007

[43] Zhang C, LiY, Wang J, Hao P.
Universal demosaicking of color filter
arrays. IEEE Transactions on Image
Processing. 2016;25:5173-5186

[44] Condat L. A generic variational
approach for demosaicking from

an arbitrary color filter array. In:
Proceedings of the IEEE International
Conference on Image Processing (ICIP);
Cairo, Egypt; 2009. pp. 1625-1628

[45] Menon D, Calvagno G.
Regularization approaches to

demosaicking. IEEE Transactions on
Image Processing. 2009;18:2209-2220

[46] Malvar HS, He L-W, Cutler R.
High-quality linear interpolation for
demosaciking of color images. In:
Processing of the IEEE International
Conference on Acoustics, Speech, and

Signal Processing; Montreal, Québec,
Canada; 17-21 May 2004. pp. 485-488



Introductory Chapter: Recent Advances in Image Restoration

DOI: http://dx.doi.org/10.5772/intechopen.93257

[47] Kwan C, Chou B, Kwan LM,
Budavari B. Debayering RGBW color

filter arrays: A pansharpening approach.

In: Proceedings of IEEE Ubiquitous
Computing, Electronics & Mobile
Communication Conference; New York
City; 2017, pp. 94-100

[48] Kwan C, Chou B. Further
improvement of debayering
performance of RGBW color filter
arrays using deep learning and
pansharpening techniques. Journal of
Imaging. 2019;5(8):68

[49] Kwan C, Larkin J. Demosaicing
of Bayer and CFA2.0 patterns for
low lighting images. Electronics.
2019;8(12):1444

[50] Kwan C, Larkin J, Ayhan B.
Demosaicing of CFA 3.0 with
applications to low lighting images.
Sensors. 2020;20:3423

[51] Schowengerdt RA. Remote Sensing:
Models and Methods for Image
Processing. New York: Academic Press;
1997

[52] Xu L, Zheng S, Jia]. Unnatural LO
sparse representation for natural image
deblurring. In: Proceedings of 2013
IEEE Conference on Computer Vision
and Pattern Recognition; Portland, OR;
2013. pp. 1107-1114

[53] Kwan C, Dao M, Chou B, Kwan LM,
Ayhan B. Mastcam image enhancement
using estimated point spread functions.
In: Proceedings of IEEE Ubiquitous
Computing, Electronics & Mobile
Communication Conference; New York
City; 2017. pp. 186-191

[54] Roth S, Black M]J. Fields of experts.
International Journal of Computer
Vision. 2009;82:205

[55] Doshkov D, Ndjiki-Nya P,
Lakshman H, Képpel M, Wiegand T.
Towards efficient intra prediction based
on image inpainting methods. In: 28th
Picture Coding Symposium; Nagoya;

11

2010. pp. 470-473. DOI: 10.1109/
PCS.2010.5702539

[56] Zhou J, Kwan C. High Performance
Image Completion using Sparsity
based Algorithms. Orlando, FL: SPIE
Commercial + Scientific Sensing and
Imaging Conference; 2018

[57] Mansfield A, Prasad M, Rother C,
Sharp T, Pushmeet K, Van Gool L.
Transforming Image Completion.
British Machine Vision Conference.
University of Dundee; 29 August - 2
September 2011

(58] Yu], Lin Z, Yang ], Shen X, Lu X,
Huang T. Generative image inpainting
with contextual attention. 2018.
arXiv:1801.07892 [cs.CV]

[59] Zhou ], Ayhan B, Kwan C, Tran T.
ATR performance improvement using
images with corrupted or missing pixels.
In: Proceedings of SPIE 10649, Pattern
Recognition and Tracking XXIX; 30
April, 2018. p. 106490E

[60] ChenY, Kang JU, Zhang G, Xie Q,
Cao ], Kwan C. High-performance
concealment of defective pixels in
infrared imagers. Applied Optics.
2020;59(13):4081-4090

[61] Kwan C, Gribben D, Ayhan B,
Larkin J. Practical digital terrain model
extraction using image inpainting
techniques. In: Kwan C, editor. Recent
Advances in Recent Advances in Image
Restoration with Applications to Real
World Problems. Rijeka, Croatia:
InTech; 2020

[62] Kwan C, Larkin J. Perceptually
lossless compression for Mastcam
images. In: Proceedings of IEEE
Ubiquitous Computing, Electronics &
Mobile Communication Conference;
New York City; 2018. DOI: 10.1109/
UEMCON.2018.8796824

[63] Kwan C, Larkin J, Chou B.
Perceptually lossless compression of



Recent Advances in Image Restoration with Applications to Real World Problems

Mastcam images with error recovery.
In: Proceedings of SPIE 11018, Signal
Processing, Sensor/Information Fusion,
and Target Recognition XXVIII; 2019.
DOI: 10.1117/12.2518482

[64] Kwan C, Larkin J, Budavari B,
ChouB. Compressionalgorithmselection
for multispectral Mastcam images.
Signal & Image Processing. 2019;10(1).
DOI: 10.5121/sipij.2019.10101

[65] Kwan C, Chou B, Yang ], Perez D,
Shen, Li]J, et al. Fusion of Landsat
and worldview images. In: Proceedings
of SPIE 11018, Signal Processing,
Sensor/Information Fusion, and
Target Recognition XXVIII; 2019. DOLI:
10.1117/12.2518949

[66] Kwan C, Chou B, Gribben D,
Hagen L, Yang J, Ayhan B, et al. Ground
object detection in Worldview images.
In: Proceedings of SPIE 11018, Signal
Processing, Sensor/Information Fusion,
and Target Recognition XXVIII; 2019.
DOI: 10.1117/12.2518489

[67]1 Gong M, Zhang P, SuL, Liu]J.
Coupled dictionary learning for change
detection from multisource data. IEEE
Transactions on Geoscience and Remote

Sensing. 2016;54:7077-7091

[68] Ziemann A, Theiler J. Multi-

sensor anomalous change detection

at scale. In: Proceedings of the SPIE
Conference Algorithms, Technologies,
and Applications for Multispectral and
Hyperspectral Imagery XXV; Baltimore,
MD, USA; 26-30 April 2019

[69] Liu Z, Li G, Mercier G, He Y, Pan Q.
Change detection in heterogeneous
remote sensing images via homogeneous

pixel transformation. IEEE Transactions
on Image Processing. 2018;27:1822-1834

[70] Zhan T, Gong M, Jiang X, Li S. Log-
based transformation feature learning
for change detection in heterogeneous

images. IEEE Geoscience and Remote
Sensing Letters. 2018;15:1352-1356

12

[71] Tan K, Jin X, Plaza A, Wang X,

Xiao L, Du P. Automatic change
detection in high-resolution remote
sensing images by using a multiple
classifier system and spectral-spatial
features. IEEE Journal of Selected Topics
in Applied Earth Observations and
Remote Sensing. 2016;9:3439-3451

[72] Ayhan, B, Kwan, C. A New
Approach to Change Detection Using
Heterogeneous Images. In: Proceedings
of the IEEE 10th Annual Ubiquitous
Computing, Electronics & Mobile
Communication Conference, New York,
NY, USA, 10-12 October 2019.



