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ABSTRACT

The two mast cameras (Mastcam) act as eyes of the NASA’s Mars rover Curiosity. They can work
independently or together for near and long range (up to 1 km) rover guidance and rock sample selection.
Currently, the Mastcams are using Bayer color filter array (CFA), also known as CFA 1.0, in generating
the RGB images. Under normal lighting conditions, CFA 1.0 is sufficient. However, since Mastcam may
need to collect images under different lighting conditions such as early morning and sunset hours or sand
storm periods, the lighting conditions in those scenarios will be unfavorable. It will be good to investigate
a CFA that is robust to various lighting conditions. In the past, we have compared CFA 1.0 and CFA 2.0
for normal and low lighting images. Recently, a new CFA known as CFA 3.0 has been proposed by our
team. CFA 3.0 has 75% white pixels, which are believed to be able to enhance the sensitivity of cameras.
In this paper, we will first review some past demosaicing results for Mastcams. We will then investigate the
performance of CFA 3.0 for Mastcam images in normal lighting conditions. Experiments using actual
Mastcam images show that the demosaicing image quality using CFA 3.0 is satisfactory based on objective
and subjective evaluations.
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1. INTRODUCTION

The Curiosity rover (Figure 1) has several instruments that are able to characterize the Mars
surface. The Alpha Particle X-Ray Spectrometer (APXS) [1] can analyze rock samples and
extract compositions of rocks; the Laser Induced Breakdown Spectroscopy (LIBS) [2] can
deduce the rock compositions at a distance of 7 m; and Mastcam imagers [3] can perform surface
characterization from 1 km away.

Figure 1. Curiosity rover [4].
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The two Mastcam multispectral imagers have nine bands in each and are separated by 24.2 cm
[3]. Figure 2 shows a schematic of Mastcam. The left Mastcam (34 mm focal length) has three
times the field of view of the right Mastcam (100 mm focal length). In other words, the right
imager has three times higher resolution than that of the left. Stereo image formation and image
fusion have been done by combining the left and right bands to form a 12-band image cube [5]-
[7]. The current practice is to downsample the right images to the resolution of the left, avoiding
artifacts due to Bayer pattern and also lossy JPEG compression [8]. This practice has practical
merits, but may restrict the potential of Mastcams. First, downsampling the right images will
throw away those high spatial resolution pixels in the right bands. Second, the lower resolution
of the current stereo images may degrade the augmented reality or virtual reality experience of
users. If one can apply some advanced pansharpening algorithms to the left bands, then one can
have 12 bands of high resolution image cube for stereo vision and image fusion.

Electronics Filter Wheel Subassembly
\ = Y | / Mastcam Lens Subassembly

Adapter Tube (Connects to Forward Mount)

Figure 2. The Mastcam imager [9].

Out of the nine bands, the RGB bands are generated by using a Bayer pattern. Bayer pattern was
invented in 1976 [10]. One example is shown in Figure 3 (a). For demosaicing the RGB bands,
the current Mastcam uses Malvar-He-Cutler (MHC) algorithm [11], which was published in
2004, due to its simplicity and computational efficiency. In Bell’s paper [3], Directional Linear
Minimum Mean Square-Error Estimation (DLMMSE) [12] was also evaluated.

After the successful commercial use of Bayer pattern, Kodak researchers invented CFA 2.0
(Figure 3 (b)) [13]-[15]. Numerous other CFA patterns have been invented in the past few
decades [16]-[18]. Recently, we proposed a simple CFA pattern [19] in which the RGB pixels
are evenly distributed. In particular, as shown in Figure 3 (c), each 4x4 block has 75% or 12
white pixels, 12.5% or two green pixels, 6.25% or one red and blue pixels. We call this CFA
pattern the CFA 3.0. In addition to simplicity, CFA 3.0 has one distinct advantage in that some of
the demosaicing algorithms for CFA 2.0 can be applied with little modifications.
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Figure 3. Three CFA patterns. (a) CFA 1.0; (b) CFA 2.0; (c) CFA 3.0.

Although the Bayer pattern works well under normal lighting conditions for Mastcam, Mastcam
may also need to collect data under unfavorable lighting conditions such as early morning and
sunset hours or sand storm periods. It will be good to investigate a CFA that is robust to various
lighting conditions. In the past, we have compared CFA 1.0 and CFA 2.0 for normal and low
lighting images [20]. CFA 2.0 was observed to perform better than CFA 1.0 under dark
environments. Our recently proposed CFA 3.0 has 75% white pixels may be a good candidate to
meet the diverse lighting conditions of Mastcam. In this paper, we will first review some past
demosaicing results for Mastcams using CFA 1.0. We will then investigate the performance of
CFA 3.0 for Mastcam images in normal lighting conditions. We have not worked on Mastcam
images that were collected in low lighting conditions yet and will plan to continue that effort in
the near future. Experiments using actual Mastcam images show that the demosaicing quality
using CFA 3.0 is satisfactory based on objective and subjective evaluations.

The rest of this paper is organized as follows. In Section 2, we will briefly review those
representative demosaicing methods for CFA 1.0 and CFA 3.0. In Section 3, we will first present
some demosaicing results for CFA 1.0. We will then present those new results for CFA 3.0. Both
objective and subjective results will be presented. Finally, Section 4 concludes the paper with
some remarks and future directions.

2. DEMOSAICING METHODS
2.1. Methods for CFA 1.0

The following algorithms for CFA 1.0 were evaluated in our experiments and they are briefly
summarized below:

Malvar—-He—Cutler (MHC) [11].

Bilinear [11].

Directional Linear Minimum Mean Square-Error Estimation (DLMMSE) [12].
Linear Directional Interpolation and Nonlocal Adaptive Thresholding (LDI-NAT) [21].
Lu and Tan Interpolation (LT) [22].

Adaptive Frequency Domain (AFD) [23].

Alternate Projection (AP) [24].

Primary-Consistent Soft-Decision (PCSD) [25].

Fusion using 3 best (F3) [26].

Alpha Trimmed Mean Filtering (ATMF) [26][27].

Demosaicnet (DEMONET) [28].
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2.2. Methods for CFA 3.0

Details of the demosaicing algorithms for CFA 3.0 can be found in a companion paper [19]. We
skip the details here. The Baseline method refers to the demosaicing of the low resolution color
Bayer pattern in Figure 3 (c). The Standard method is the method shown in Figure 2 of [19]. The
other methods involve the use of pansharpening methods, including Principal Component
Analysis (PCA) [29], Smoothing Filter-based Intensity Modulation (SFIM) [30], Modulation
Transfer Function Generalized Laplacian Pyramid (MTF-GLP) [31], MTF-GLP with High Pass
Modulation (MTF-GLP-HPM) [32], Gram Schmidt (GS) [33], GS Adaptive (GSA) [34], Guided
Filter PCA (GFPCA) [35], PRACS [36] and hybrid color mapping (HCM) [37]-[40]. The
pansharpening based algorithms can be illustrated in Figure 4 below.

demosaic
e e
CFA image -
Color component (reduced resolution) Color image Pan-
: ’ (reduced resolution) .
platls sharpening
P 3 interpolation [ [p [p [ p Color image
> 5 l&lel e (full resolution)
Plp|P ;
p p PIP|P|P
plelple PlP|P|P
Panchromatic pixels Luminance image
(full resolution)
Figure 4. A pan-sharpening approach for CFA 3.0.
3. RESULTS
3.1. Data

From the NASA’s Planetary Data System (PDS), we have retrieved 31 actual Mastcam images,
which were losslessly compressed and saved in Bayer pattern. Figure 5 and Figure 6 show 16 left
Mastcam images and 15 right Mastcam images, respectively. All of the debayered images using
various algorithms have been subjectively evaluated.
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Figure 5. Images from the left Mastcam.

Figure 6. Images from the right Mastcam.
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3.2. Performance metrics

We have used the following metrics to evaluate different methods:

e  Peak Signal-to-Noise Ratio (PSNR) [41]
Separate PSNRs in dBs are computed for each band. A combined PSNR is the average of
the PSNRs of the individual bands. Higher PSNR values imply higher image quality.

e  Structural SIMilarity (SSIM)
In [42], SSIM was defined to measure the closeness between two images. An SSIM value of
1 means that the two images are the same.

e  Human Visual System (HVS) metric
Details of HVS metric in dB can be found in [43].

e  HVSm (HVS with masking) [44]
Similar to HVS, HVS incorporates the visual masking effects in computing the metrics.

e CIELAB
We also used CIELAB [45] for assessing demosaicing performance in our experiments.

e Naturalness Image Quality Evaluator (NIQE) [46][47]
The ground truth RGB images are not available to use so demosaiced images are used as the
ground truth. These demosaiced images contain some loss so a new metric was used to help
evaluate the results. NIQE is used to evaluate the quality of images without the presence of
a reference image. A model was trained using six sharp images from the right dataset. This
model was used in generating the scores. The lower the score the better quality the image is.

3.3. CFA 1.0 Results

We briefly summarize our earlier results for demosaicing CFA 1.0. More results can be found in
[48][49].

3.3.1. Comparison of Demosaiced Left Images

Figure 7 shows a visual comparison of demosaiced images from different methods. One can see
that DEMONET has the lowest distortion in terms of color integrity and zipper effects. Although
the MHC algorithm was developed in 2004, it still performed quite well. This is a surprise in our
research, as MHC is so simple and yet its performance is not bad for this NASA application.
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Figure 7. Visual comparison of demosaiced images of different algorithms for a left Mastcam image 5.
3.3.2. Comparison of Demosaiced Right Images
We can see that DEMONET outperforms all others. The second best method is still the MHC.

Figure 8 shows a visual comparison of demosaiced images from different methods. One can see
that DEMONET has the lowest distortion in terms of color integrity and zipper effects.
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Figure 8. Visual comparison of demosaiced images of different algorithms for a right Mastcam image 3.
3.4. CFA 3.0 Results

We have evaluated 11 methods in our experiments for CFA 3.0. In all the methods, the reduced
resolution images were demosaiced using LDI-NAT [21]. The panchromatic bands were also
interpolated using LDI-NAT [21]. The pansharpening methods are mentioned before.

Table 1 shows the metrics for the left images and Table 2 shows the metrics for the right images.
There are six metrics in each table. From those tables, it appears that GFPCA yielded the best
performance and the Baseline method had the worst performance. Figure 9 and Figure 11 show
the averaged performance metrics of the demosaiced left and right images, respectively. From
those two figures on the averaged results, we can see that GFPCA has the best performance
except SSIM. Based on visual inspection of those demosaiced images shown in Figure 10 and
Figure 12, it is indeed very difficult to tell which method is better than others. This means that all
methods work quite well.

Table 1. Performance metrics of 20 left Mastcam images. Bold numbers indicate
the best methods of each row.

Image Baseline  Standard ~ GSA HCM SFIM PCA GFPCA  GLP HPM GS PRACS ggg:’e
Imgl PSNR 33.051 36.321 36.206 35.909  35.599 34.736 36.908 35552 35,532 34.788 35.833  36.908
Cielab 2.138 1712 1.748 1.792 1.789 1.922 1.385 1.802 1.801 1.895 1.858 1.385
SSIM 0.820 0.934 0.930 0.924 0.923 0.902 0.922 0.921 0.920 0.906 0.911 0.934
HVS 29.993 30.288 30.283  30.117  30.149 30.315 34.076  30.180  30.167  29.895 30.287  34.076
HVSm 31.970 32114 32169 32.082  32.107 32.127 36.982 32109 32106  31.628 32145  36.982
NIQE 10.857 5.673 5.709 5.626 5.925 5.567 5.355 5.865 5.853 5.564 5.796 5.355
Img2 PSNR 30.322 33465 33.398 33.015 32.799 32.502 34,682 32766  32.742 32581 33.132  34.682
Cielab 3.586 2.894 2.932 3.036 2.999 3.141 2.208 3.035 3.017 3.108 3.085 2.208
SSIM 0.832 0.939 0.937 0.928 0.930 0.920 0.933 0.929 0.928 0.922 0.922 0.939
HVS 26.939 27.260  27.259  27.038  27.123 27.292 31764 27161 27.138  27.069 27.235 31.764
HVSm 28.817 29.000 29.032 28.920  28.969 29.031 34685 28978 28.965 28.771 28.989  34.685
NIQE 10.212 6.222 6.420 6.440 6.246 6.226 6.175 6.111 6.118 6.256 6.384 6.111
Img3 PSNR 46.569 48257  48.195 47.973  48.034 45.205 48.052  47.837 47.805 43.771 47.905  48.257
Cielab 0.492 0.442 0.446 0.453 0.446 0.569 0.434 0.457 0.457 0.631 0.463 0.434
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5.627

0.710
41.736
43.214
13.355
41.901

0.864

0.837
36.880
38.154

9.549
29.504

5.310

0.904
23.524
25.461

7.995
36.464

2.523

0.851
30.981
32.988

6.113
36.464

2.523

0.851
30.981
32.988

6.113
35.017

2.273

0.914
28.477
30.467

6.840
38.113

1.395

0.866
32.575
34.326

6.697
33.814

2.651

0.891
27.172
28.947

5.738
33.814

2.651

0.891
27.172
28.947

5.738
31.270

3.915

0.892
25.552
27.615

6.607
33.582

2.944

0.891
28.834
30.861

8.361
37.448

1572

0.878
31.778
33.488

5.962
36.904

1.724

0.885
31.160
32.880

5.520
34.784

2.470

0.889
29.501
31.381
11.528
37.769

1.680

0.898
32.328
34.152

5.505

0.787
43.025
44.791
11.353
44.692

0.764

0.874
38.378
40.038

9.702
29.759

5.357

0.906
23471
25.404

8.180
36.400

1.894

0.887
31.057
33.023

5.962
36.400

1.894

0.887
31.057
33.023

5.962
35.097

2.308

0.917
28.397
30.344

7.151
38.956

1.362

0.868
33.010
34.936

6.733
33.234

2.863

0.873
27.028
28.811

5.401
33.234

2.863

0.873
27.028
28.811

5.401
31.258

4.013

0.890
25.551
27.610

6.701
33.534

3.022

0.887
28.909
30.865

8.347
38.570

1.520

0.879
32.405
34.354

6.299
37.888

1.698

0.876
31.829
33.765

5.701
35.329

2.441

0.876
29.776
31.724
10.505
36.722

1.859

0.887
32.066
33.924

5.886

0.824
43.941
45.680
10.559
46.214

0.614

0.903
40.864
42.765

9.215
31.642

3.654

0.934
28.898
31.830

7.949
37.139

1.509

0.909
33.300
35.661

5.962
37.139

1.509

0.909
33.300
35.661

5.962
37.414
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0.942
33.210
35.779

6.508
40.758
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0.903
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38.411

6.437
35.358
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0.909
31.566
34.048

5.113
35.358

2.014

0.909
31.566
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5.113
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8.149
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Img18 PSNR 33.105 36.287 33.758 35.633  35.619 35.147 36.869 35580 35569  35.426 35.093  36.869
Cielab 2.564 2.053 2.547 2210 2.145 2.283 1.670 2.167 2.159 2.222 2.353 1.670
SSIM 0.787 0.918 0.891 0.898 0.906 0.884 0.901 0.905 0.905 0.891 0.884 0.918
HVS 29.615 29.997  29.226  29.600  29.852 30.086 33.640 29.901 29.895 29.718 29.686  33.640
HVSm 31.633 31873 31.225 31.705 31.871 32.004 36.295 31.898 31.896  31.568 31.624  36.295
NIQE 9.985 5.862 6.323 5.910 5.811 6.083 5.915 5.972 5.984 6.085 6.205 5.811
Img19 PSNR 34.582 37472 34331 36.872 36.812 36.204 38.740  36.747 36.739  36.681 35.974  38.740
Cielab 2113 1.744 2.330 1.862 1.814 1.959 1.393 1.835 1.826 1.876 2.040 1.393
SSIM 0.793 0.912 0.873 0.892 0.901 0.876 0.905 0.899 0.899 0.887 0.874 0.912
HVS 30.245 30.507 29.687 30.116  30.388 30.688 34145 30418 30.409  30.266 30.179  34.145
HVSm 32.094 32245 31550 32.055 32.271 32.495 36.372  32.284 32.277  32.000 31.982  36.372
NIQE 9.780 4.121 4.562 4.145 3.934 4.244 3.937 4.158 4.157 4.304 4.504 3.934
Img20 PSNR 32.759 35.754 33634 35.033 35.109 34.822 36.809 35.057 35.041  35.100 34.634  36.809
Cielab 2.733 2.226 2.720 2.405 2.310 2.444 1.767 2.340 2.326 2.383 2.544 1.767
SSIM 0.795 0.918 0.899 0.897 0.908 0.891 0.909 0.907 0.906 0.897 0.890 0.918
HVS 28.965 29.327 28.681 28.783  29.136 29.397 33.120 29.185 29.166  29.099 28.992  33.120
HVSm 30.985 31.238 30.673 30925 31.169 31.343 35566 31.196 31.181  30.986 30.945  35.566
NIQE 9.998 5.158 5.476 5.247 5.106 5.313 4.767 5.286 5.308 5.339 5.405 4.767
Average  PSNR 34.143 36.939 35952 36.368  36.300 35.429 37.724  36.261 36.231  35.760 36.182  37.724
Cielab 2.549 2.090 2.311 2.234 2.176 2.418 1.683 2.196 2.190 2.330 2.310 1.683
SSIM 0.794 0.913 0.900 0.896 0.902 0.868 0.894 0.900 0.899 0.877 0.882 0.913
HVS 30.359 30.642  30.275 30.293  30.427 30.678 34123  30.488  30.464  30.235 30.468  34.123
HVSm 32.310 32483 32230 32.333  32.438 32.564 36.563 32470 32460  32.041 32.355  36.563
NIQE 10.961 6.734 6.857 6.787 6.713 6.952 6.585 6.760 6.758 6.958 6.879 6.585
PSNR .
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Figure 9. Averaged performance metrics for demosaicing results of left Mastcam images.
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(c) Standard

(d) SFIM

Figure 10. Visual comparison of the ground truth and selected demosaiced images for left Mastcam.

Table 2. Performance metrics of 20 right Mastcam images. Bold numbers indicate
the best methods of each row.

Image Baseline  Standard
Imgl PSNR 33.509 36.419
Cielab 2.011 1.657
SSIM 0.835 0.936
HVS 29.787 29.843
HVSm 31.665 31.615
NIQE 10.350 5.477
Img2 PSNR 31.714 34.568
Cielab 3.045 2.543
SSIM 0.860 0.943
HVS 27.585 27.816
HVSm 29.406 29.528
NIQE 10.158 5.931
Img3 PSNR 48.115 49.657
Cielab 0.435 0.395
SSIM 0.655 0.819
HVS 44.412 44,582
HVSm 45.970 46.074
NIQE 17.458 8.030
Img4 PSNR 47.105 48.249
Cielab 0.537 0.501
SSIM 0.761 0.857
HVS 42.003 42131
HVSm 43.411 43.496
NIQE 17.285 7.288
Img5 PSNR 30.906 33.120
Cielab 3.949 3.470
SSIM 0.862 0.931
HVS 25.608 25.739
HVSm 27.423 27.489
NIQE 10.042 5.733
Img6 PSNR 38.249 39.903
Cielab 1.412 1.282
SSIM 0.838 0.911
HVS 32.422 32.604

GSA

36.398
1.676
0.934

30.006

31.797
5.495

34.520
2.570
0.941

27.838

29.570
5.971

49.547
0.399
0.812

44,512

46.020
7.948

48.109
0.509
0.846

42.042

43.487
6.932

33.122
3.487
0.930

25.849

27.622
5.755

39.842
1.296
0.907

32.610

HCM

36.078
1.729
0.926

29.836

31721
5.455

34.161
2.664
0.932

27.639

29.473
5.895

49.518
0.401
0.812

44.547

46.072
7.852

48.068
0.511
0.847

42.020

43.441
7.055

32.607
3.706
0.911

25.473

27.415
5.761

39.596
1.326
0.900

32.525

SFIM

35.802
1717
0.928

29.918

31.780
5.340

33.816
2.645
0.936

27.747

29.551
6.045

49.520
0.398
0.815

44.580

46.084
7.665

48.030
0.508
0.849

42.054

43.512
6.529

32.457
3.544
0.927

25.781

27.600
5.836

39.421
1.317
0.906

32.658

PCA

35.621
1.775
0.920

30.076
31.845
5.506
34.154
2.666
0.933
27.928
29.655
5.918
42.835
0.735
0.674
44.006
45.770
11.985
44,755
0.647
0.777
39.769
40.674
7.333
32.969
3.596
0.921
25.943
27.720
5.800
38.151
1.470
0.877
32.367

GFPCA

37.683
1.296
0.933

33.819

36.483
5.062

36.479
1.854
0.949

32.254

35.033
5.533

49.377
0.389
0.732

45.482

47.219
8.618

48.870
0.466
0.850

43.512

45.107
7.716

36.097
2.346
0.953

30.982

33.403
5.464

40.726
1.137
0.900

33.126

GLP

35.728
1.732
0.927

29.937

31.776
5.493

33.752
2.678
0.936

27.782

29.560
6.177

49.228
0.410
0.799

44.520

46.051
7.638

47.861
0.517
0.841

42.055

43.526
6.635

32.377
3.601
0.926

25.796

27.596
5.824

39.330
1.327
0.904

32.712

HPM

35.734
1.728
0.927

29.936

31.777
5.494

33.747
2.662
0.935

27.765

29.547
6.191

49.234
0.409
0.799

44.525

46.057
7.633

47.855
0.517
0.841

42.045

43.521
6.613

32.362
3.573
0.926

25.797

27.600
5.813

39.342
1.325
0.904

32.698

GS

35.736
1.750
0.923

29.821

31.544
5.515

34.269
2.633
0.935

27.749

29.446
5.916

44.675
0.596
0.716

44.146

45.820

10.379

45.558
0.600
0.794

40.231

41.272
7.577

33.099
3.541
0.924

25.822

27.581
5.753

39.358
1.335
0.897

32.266

PRACS

36.172
1.751
0.920

30.000

31.774
5.464

34.386
2.661
0.932

27.822

29.537
6.024

49.465
0.403
0.787

44.490

46.010
9.358

47.974
0.518
0.825

42.096

43.495
8.036

33.016
3.604
0.918

25.806

27.562
5.919

39.647
1.336
0.890

32.595

Best
Score
37.683
1.296
0.936
33.819
36.483
5.062
36.479
1.854
0.949
32.254
35.033
5.533
49.657
0.389
0.819
45.482
47.219
7.633
48.870
0.466
0.857
43,512
45.107
6.529
36.097
2.346
0.953
30.982
33.403
5.464
40.726
1.137
0.911
33.126
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HVSm
NIQE
PSNR
Cielab
SSIM
HVS
HVSm
NIQE
PSNR
Cielab
SSIM
HVS
HVSm
NIQE
PSNR
Cielab
SSIM
HVS
HVSm
NIQE
PSNR
Cielab
SSIM
HVS
HVSm
NIQE
PSNR
Cielab
SSIM
HVS
HVSm
NIQE
PSNR
Cielab
SSIM
HVS
HVSm
NIQE
PSNR
Cielab
SSIM
HVS
HVSm
NIQE
PSNR
Cielab
SSIM
HVS
HVSm
NIQE
PSNR
Cielab
SSIM
HVS
HVSm
NIQE
PSNR
Cielab
SSIM
HVS
HVSm
NIQE
PSNR
Cielab
SSIM
HVS
HVSm
NIQE
PSNR
Cielab
SSIM
HVS
HVSm
NIQE
PSNR
Cielab
SSIM
HVS
HVSm
NIQE
PSNR
Cielab
SSIM
HVS
HVSm
NIQE
PSNR
Cielab

33.987
11.233
36.218
1.851
0.865
30.802
32.541
12.410
32.374
2.908
0.852
27.354
29.174
10.212
47.289
0.504
0.692
42.747
44.060
17.214
33.614
2.456
0.796
29.178
31.027
10.494
34.061
2.354
0.802
29.227
31.027
10.481
29.478
5.113
0.855
24.528
26.702
10.852
33.709
2.836
0.851
29.430
31.555
11.325
38.709
1.347
0.835
33.574
35.365
11.303
36.605
1.755
0.824
31.809
33.612
10.822
35.335
2.057
0.833
30.547
32.564
11.633
38.138
1.372
0.836
33.267
35.114
11.888
34.632
2.313
0.835
29.839
31.785
10.642
35.442
1.984
0.834
30.611
32314
10.529
36.051
1.981
0.823
31.334
33.188
10.523
36.563
2.111

34.109
6.520
38.266
1.634
0.929
31.085
32.750
7.342
34.871
2.484
0.933
27.496
29.235
5.660
48.493
0.467
0.824
42.874
44.121
8.509
36.552
2.007
0.920
29.394
31.134
4.938
36.764
1.970
0.918
29.445
31.154
4.675
31.840
4.438
0.926
24.888
27.007
7.333
36.247
2.388
0.936
29.817
31.860
7.501
40.728
1.182
0.918
33.793
35514
5.796
39.054
1.500
0.921
32.053
33.769
5.290
37.970
1.745
0.923
30.864
32.825
6.670
40.186
1.206
0.915
33.383
35.166
6.002
36.963
1.982
0.925
30.115
31.983
5.604
37.824
1.700
0.924
30.805
32.423
4.922
38.362
1.707
0.919
31.601
33.374
4.872
38.802
1.813

34.152
6.488
38.212
1.651
0.927
31.082
32.789
7.313
34.757
2.541
0.927
27.491
29.314
5.675
48.466
0.469
0.820
42.861
44.124
8.517
35.255
2.235
0.911
28.971
30.863
5.058
35.849
2.167
0.905
29.129
30.937
4.744
31.702
4.529
0.921
24772
26.957
7.411
36.036
2.460
0.929
29.653
31.823
7.534
40.538
1.216
0.909
33.650
35.481
5.735
38.857
1.544
0.912
31.894
33.715
5.270
37.798
1.788
0.917
30.704
32.762
6.695
40.091
1.230
0.910
33.428
35.268
5.971
36.862
2.018
0.921
30.087
32.010
5.629
37.720
1.735
0.919
30.774
32.457
4.913
38.259
1.736
0.915
31.533
33.357
4.885
38.597
1.863

34.123
6.448
37.849
1.708
0.917
30.946
32.758
7.126
34.350
2.641
0.917
27.208
29.137
5.617
48.315
0.476
0.813
42.752
44.050
8.317
35.922
2.161
0.899
28.903
30.830
4.962
36.154
2.109
0.897
28.970
30.860
4.666
31.078
4.882
0.901
24.272
26.612
7.410
35.565
2.584
0.917
29.357
31.666
7.419
40.214
1.252
0.902
33.440
35.326
5.641
38.518
1.598
0.903
31.674
33.560
5.192
37.331
1.875
0.904
30.329
32.499
6.665
39.750
1.274
0.900
33.203
35.139
5.773
36.414
2.118
0.908
29.783
31.831
5.541
37.375
1.796
0.908
30.541
32.315
4.853
37.838
1.816
0.902
31.231
33.164
4.865
38.335
1.931

34.283
6.619
37.633
1.698
0.923
31.130
32.910
7.526
34.166
2.596
0.924
27.416
29.311
5.763
48.382
0.469
0.823
42.825
44.106
7.794
35.822
2.105
0.909
29.114
31.015
4.879
36.046
2.061
0.907
29.212
31.067
4.719
31.159
4.559
0.920
24.636
26.870
7.668
35.489
2.510
0.926
29.513
31772
7.777
40.077
1.227
0.909
33.487
35.412
5.843
38.352
1.569
0.910
31.793
33.696
5.305
37.242
1.816
0.914
30.583
32.718
6.629
39.612
1.247
0.908
33.378
35.289
5.999
36.328
2.062
0.917
30.058
32.057
5.711
37.213
1.770
0.916
30.731
32.487
4.825
37.705
1777
0.911
31.465
33.357
4.740
38.214
1.880

33.821
7.015
37.702
1.732
0.917
31.269
32.987
7.383
34.044
2.667
0.916
27.960
29.832
5.685
43.515
0.683
0.706
40.129
41.006
8.903
35.673
2.184
0.898
29.857
31.790
4.883
35.901
2.134
0.897
29.898
31.782
4.590
31.106
4.781
0.903
25.195
27.428
7.563
35.348
2.597
0.918
30.187
32.446
7.576
38.106
1.485
0.861
33.657
35.363
5.869
37.543
1.694
0.891
32.433
34331
5.372
36.801
1.950
0.897
31.157
33.266
6.658
39.345
1.302
0.893
33.663
35.490
6.094
36.249
2.125
0.908
30.359
32.300
5.634
36.919
1.842
0.903
31.158
32.880
4.929
37.752
1.817
0.905
31.847
33.711
4.857
37.225
1.994

34.488
6.395
40.270
1.257
0.939
33.635
35.548
7.381
37.366
1.778
0.947
32.424
34.814
5.208
48.447
0.462
0.782
43.373
44.671
9.033
37.811
1.577
0.908
33.852
36.335
4.477
38.583
1.504
0.912
34.038
36.396
4.340
34.716
2.943
0.952
31.067
34.567
7.308
38.286
1.745
0.945
34.190
37.118
7.335
42.036
1.001
0.916
36.198
37.968
5.597
40.074
1.255
0.913
34.010
35.773
5.172
39.720
1.319
0.931
35.404
37.986
6.650
41.737
0.997
0.920
35.719
37.648
5.988
38.906
1.472
0.931
33.498
35.886
5.499
39.716
1.282
0.931
34.282
36.404
4.781
39.983
1.331
0.919
34.316
36.334
4.639
40.344
1371

34.313
6.687
37.524
1.718
0.922
31.173
32.934
7.692
34.087
2.621
0.924
27.452
29.321
5.840
48.170
0.479
0.811
42.808
44.111
8.175
35.769
2.122
0.908
29.166
31.037
5.029
35.978
2.080
0.906
29.264
31.091
4.810
31.099
4.629
0.920
24.682
26.896
7.776
35.423
2.531
0.925
29.595
31.820
7.804
40.009
1.236
0.908
33.564
35.453
5.954
38.280
1.580
0.909
31.847
33.722
5.424
37.164
1.834
0.913
30.649
32.762
6.807
39.522
1.258
0.907
33.420
35.319
6.074
36.251
2.082
0.917
30.114
32.096
5.836
37.146
1.783
0.915
30.776
32.512
5.007
37.636
1.793
0.910
31.512
33.387
4.955
38.117
1.901

34.318
6.669
37.541
1711
0.922
31.179
32.952
7.717
34.086
2.611
0.923
27.446
29.327
5.844
48.167
0.479
0.810
42.798
44.106
8.132
35.761
2.115
0.908
29.137
31.016
5.030
35.975
2.072
0.905
29.237
31.073
4.806
31.084
4.591
0.919
24.669
26.889
7.788
35.415
2.527
0.925
29.575
31.818
7.798
39.990
1.236
0.907
33.515
35.431
5.978
38.275
1.578
0.908
31.826
33.714
5.425
37.159
1.829
0.912
30.630
32.750
6.788
39.521
1.257
0.906
33.412
35.314
6.080
36.254
2.076
0.916
30.106
32.093
5.828
37.141
1.781
0.914
30.763
32.505
5.019
37.626
1.789
0.910
31.496
33.375
4.985
38.113
1.893

33.736
6.690
38.053
1.692
0.921
30.966
32.641
7.387
34.592
2.572
0.922
27.414
29.189
5.685
45.608
0.558
0.775
41.591
42.689
8.716
36.227
2.100
0.906
29.214
31.006
4.978
36.519
2.045
0.905
29.297
31.061
4.713
31.540
4.614
0.911
24.740
26.876
7.432
35.844
2511
0.923
29.587
31.693
7.505
39.946
1.268
0.897
33414
35.130
5.831
38.421
1.590
0.904
31.728
33.461
5.318
37.406
1.867
0.905
30.620
32.610
6.711
39.628
1.265
0.900
33.127
34.855
6.089
36.645
2.059
0.914
29.939
31.799
5.643
37.447
1.769
0.911
30.624
32.251
4.956
38.169
1.760
0.910
31.467
33.260
4.891
37.937
1.906

34.124
6.918
38.113
1.694
0.918
31.044
32.721
7.752
34.585
2.637
0.914
27.514
29.283
5.821
48.271
0.481
0.787
42.868
44.129
9.360
35.731
2.245
0.889
29.182
30.986
4.968
36.124
2.175
0.888
29.264
31.005
4.936
31.469
4.754
0.904
24,753
26.886
7.725
35.837
2.573
0.914
29.694
31.769
7.637
40.247
1.270
0.888
33.681
35.461
6.255
38.583
1.616
0.891
31.945
33.708
5.631
37.560
1.871
0.899
30.744
32.732
7.047
39.881
1.281
0.893
33.430
35.239
6.471
36.653
2.105
0.904
30.067
31.954
5.891
37.512
1.806
0.902
30.786
32.431
5.270
38.113
1.798
0.900
31.543
33.331
5.101
38.467
1.929

34.488
6.395
40.270
1.257
0.939
33.635
35.548
7.126
37.366
1.778
0.947
32.424
34.814
5.208
48.493
0.462
0.824
43.373
44.671
7.794
37.811
1.577
0.920
33.852
36.335
4.477
38.583
1.504
0.918
34.038
36.396
4.340
34.716
2.943
0.952
31.067
34.567
7.308
38.286
1.745
0.945
34.190
37.118
7.335
42.036
1.001
0.918
36.198
37.968
5.597
40.074
1.255
0.921
34.010
35.773
5.172
39.720
1.319
0.931
35.404
37.986
6.629
41.737
0.997
0.920
35.719
37.648
5.773
38.906
1.472
0.931
33.498
35.886
5.499
39.716
1.282
0.931
34.282
36.404
4.781
39.983
1.331
0.919
34.316
36.334
4.639
40.344
1371
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SSIM 0.817 0.911 0.906 0.896 0.904 0.876 0.908 0.901 0.901 0.890 0.888 0.911
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Figure 11. Averaged performance metrics for demosaicing results of right Mastcam images.
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(c) Standard

(d) SFIM

Figure 12. Visual comparison of the ground truth and selected demosaiced images for right Mastcam.

4. CONCLUSIONS

In this paper, we first review the Mastcam and the demosaicing problem for Mastcam images.
Earlier results of improving the Mastcam image demosaicing using CFA 1.0 was reviewed. We
then summarize our investigation of a new CFA for demosaicing Mastcam images. Our goal is to
determine whether or not the new CFA can work well under normal lighting conditions. Based
on the experimental results, CFA 3.0 can work quite well in normal lighting conditions. In the
future, we will continue to investigate CFA 3.0 for actual low lighting Mastcam images, which
will need to be searched amongst close to one million images in the image archive.
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