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Abstract. Color image demosaicking is key in developing low-cost dig-
ital cameras using a color filter array(CFA). Similarly, multispectral
image demosaicking can be used to develop low-cost and portable mul-
tispectral cameras using a multispectral filter array (MSFA). In this
work, we propose a generic multispectral image demosaicking algorithm
based on spatial and spectral correlation. We also propose a new image
quality metric Average-Normalized-Multispectral-PSNR (ANMPSNR),
which helps in easily comparing the relative performance of different
demosaicking algorithms. In experimental results, we prove the efficacy
of the proposed algorithm using two publicly available datasets as per
different image quality metrics.

Keywords: Demosaicking · Multispectral filter array · Spectral
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1 Introduction

Multispectral images (MSIs) capture more information about the scene as com-
pared to standard color images. Therefore MSIs are widely used in different areas
like medical imaging, food industry, remote sensing, or identifying materials [8–
10]. In the past years, few single-sensor-based multispectral imaging systems
[3,11,17,22] have been proposed based on MSFA, similar to the standard con-
sumer digital camera, which is based on CFA. MSFA has more than three spectral
bands compared to CFA and empowers us to develop low-cost and portable mul-
tispectral cameras. MSFA based multispectral camera captures only one spectral
band information as each pixel location depending on the filter element in the
MSFA covering the pixel location. This captured image where only one spec-
tral band information is available at each pixel location is called a mosaicked
image (raw image). The process of estimating missing spectral band informa-
tion at each pixel location in the mosaicked images is called multispectral image
demosaicking. The quality of the MSI generated depends on the efficiency of the
multispectral demosaicking algorithm. However, multispectral image demosaick-
ing is more challenging than color image demosaicking due to the highly sparse
sampling of the spectral band in the MSFA.
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As the applications of MSIs are diverse, different multispectral imaging sys-
tems [15,17,21] are introduced with varying numbers of spectral bands. So there
is a need for an efficient generic multispectral image demosaicking method that
can be used to generate varying band-size MSI depending on the applications.
Many generic multispectral image demosaicking algorithms [1,2,13] are pro-
posed, which fail to generate good quality MSIs. Here, we propose a generic mul-
tispectral image demosaicking algorithm based on simple non-redundant MSFAs.
It uses both spatial and spectral correlation present in the mosaicked image to
generate the complete multispectral image. First, we generate a pseudo panchro-
matic image (PPI) from the mosaicked image. Later, we use the PPI to generate
a multispectral image by utilizing spectral correlation between PPI and each
undersampled band in the mosaicked image. The PPI has a stronger correlation
with each spectral band than bands considered pairwise [15].

The main contributions of our work are as follows: (1) We propose a generic
multispectral image demosaicking based on the PPI as it is strongly correlated
with each spectral band. (2) We develop a new metric, ANMPSNR, which facili-
tates one to quickly estimate how better a particular image can be reconstructed
from a sparse image acquired using a single sensor camera and helps easily com-
pare the relative performance of different demosaicking algorithms. (3) We also
highlight the problem with simple non-redundant MSFAs when used for generic
multispectral demosaicking algorithms.

The remaining paper is organized as follows. Section 2 reviews the existing
multispectral image demosaicking algorithms. In Sect. 3 and Sect. 4, we describe
our proposed algorithm and proposed metric, respectively. Section 5 presents
our experimental results on two benchmark multispectral image datasets, and
in Sect. 6, we present the conclusion and future work.

2 Related Work

In past years many demosaicking algorithms have been proposed for the different
number of bands multispectral images. In this section, we discuss these differ-
ent demosaicking algorithms [2,4–6,12,14–16,18,19,21]and their related MSFA
patterns.

Miao and Qi proposed a first methodical generic MSFA formation method
[12] based on a binary tree that can be used to create any number of band
MSFA patterns. Miao et al. also proposed a binary tree based edge sensing
(BTES) generic demosaicking algorithm [13]. BTES used edge correlation to
estimate missing pixel values for each spectral band. BTES only considers spatial
correlation to estimate missing pixel values. Therefore, BTES performs poorly,
especially on the higher number of band images.

Brauers and Aach proposed a multispectral demosaicking image algorithm [2]
which used 6-band simple non-redundant MSFA pattern arranged in 2 × 3 grid.
[2] applied a low-pass filter to each spectral band to estimate the missing pixel
values. Further, the quality of generated multispectral images is improved using
the inter-band differences method. The simple non-redundant MSFA design pat-
terns and corresponding low-pass filters were later generalized by [6]. Mizutani
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et al. [16] extended [2] to develop a scheme for a 16-band MSFA image by
iterating the interpolation process multiple times. [2] algorithm can be general-
ized to varying band size multispectral images using filters designed by [6]. In
[1], Aggarwal and Majumdar proposed a generic demosaicking algorithm based
on learning interpolation parameters based on uniform MSFA patterns. This
method requires original multispectral images for learning interpolation param-
eters, which are practically impossible to obtain in real-time.

Monno et al. [17] proposed a 5-band MSFA pattern based on [12] and a
demosaicking algorithm. [17] used the concept of guide image (estimated from G-
band), and later guide image is used as a reference image to interpolate remaining
under-sampled bands. [17] is restrained to the MSFA patterns having probability
of appearance (PoA) of G-band equals to 0.5 in the MSFA pattern, making other
bands rigorously under sampled in higher band multispectral images.

Mihoubi et al. [14] proposed a multispectral demosaicking algorithm con-
strained to square-shaped simple MSFA patterns. Further, in [15], authors had
improved their previous work by proposing a new estimation of intensity image.
In [21], the authors proposed a 9-band multispectral imaging system based on
binary tree based MSFA pattern having PoA of the middle band equals 0.5. The
authors first estimate the middle band using image gradient in the demosaicking
method and later used this estimated band as a guide image to interpolate other
bands.

Rathi et al. [19] proposed a generic multispectral demosaicking approach
based on spectral correlation present in the mosaicked image. The proposed
approach first applied the bilinear interpolation and later used the spectral
correlation differences progressively. However, Some deep learning-based image
demosaicking algorithms [7,20] also have been recently suggested. But these algo-
rithms, including [1] require the complete information of multispectral images
(not just mosaicked images) for training their model parameters. But, these
images will not be available in real practice for MSFA based multispectral cam-
era devices intended to be developed.

3 Proposed Multispectral Demosaicking Algorithm

This paper proposes a generic multispectral image demosaicking algorithm based
on spatial and spectral correlation present in the mosaicked image. Our proposed
algorithm uses simple non-redundant MSFAs where each band has an equal prob-
ability of appearance. Here, we have used the concept of the PPI to estimate
the missing pixel values of each spectral band. PPI has a stronger spectral cor-
relation with each band compared to the band considered pair-wise. The PPI
is defined at each pixel location as the average over all the spectral bands of a
multispectral image.

IPPI =
1
K

K∑

k=1

Ik (1)
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Fig. 1. Spatial filters used to generate the PPI from mosaicked image.

where, Ik is the kth spectral band of multispectral image I of size M × N × K.
The size of the PPI is M × N . However, to define the PPI from the mosaicked
image, we use spatial filters H defined for each band-size mosaicked image as
shown in Fig. 1. We calculate the PPI from mosaicked image for any k-band
mosaicked image IMSFA using corresponding filter H.

IPPI = IMSFA ∗ H (2)

This spatial filter H is defined to consider at least one instance of each spectral
band in the mosaicked image when centered at any pixel location. And the size
of H should be the smallest and odd number size (e.g., 3 × 3, 5 × 5, 7 × 7, etc.).
Each element of H (e.g., take pixel location (i, j) in H w.r.t. to its center) is
set to 1

x , where x is the number of times when the spectral band at the location
(i, j) appears within the window of size of H. And finally, filter H is normalized
to in order that all elements of H sum up to one.

The first part of our proposed algorithm estimates the PPI from the
mosaicked image and uses it to generate the multispectral image. And in the
second part, our algorithm estimates the PPI from the generated multispectral
image and uses it to generate the improved version of demosaicked multispectral
image. The second part of our proposed algorithm is iterated multiple times fur-
ther to improve the quality of the generated multispectral image. Our proposed
algorithm performs the following steps.

1. Generate the PPI IPPI using Eq. 2.
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2. For each band k, determine the sparse band difference D̃k between PPI (IPPI)
and band k at the locations of band k in the mosaicked image.

Ĩk = IMSFA � mk (3)

D̃k = Ĩk − IPPI � mk (4)

where, The binary mask mk has value 1 only at locations where kth band’s
original values are present in the mosaicked image.

3. Now compute the fully-defined difference D̂k for each band k using Weighted
Bilinear (WB) interpolation [6].

4. Now estimate each band k as follow:

Îk = IPPI + D̂k (5)

5. Repeat the following steps 6 and 7 a number of times T to further improve
the quality of generated image in step 4.

6. Compute new estimate of the PPI using Eq. 1.
7. Generate multispectral images using steps 2, 3 and 4.

Now, all K bands are fully-defined and together form the complete multi-
spectral image Î.

4 New Proposed Metric: ANMPSNR

Peak signal-to-noise ratio (PSNR) and structure similarity (SSIM) metrics are
the most often used performance metrics for comparing multispectral image
demosaicking algorithms, and these are computed using the original images and
the images reconstructed using the given algorithm(s). However, PSNR has a
wide range and is image content dependent, and therefore the relative compari-
son of different methods becomes challenging. It lacks in giving quick estimation
about how better can a particular image be reconstructed from a sparse image
acquired using a single sensor camera and some demosaicking algorithm. Here,
we propose a new metric ANMPSNR (Average Normalized Multispectral PSNR)
which facilitates one to perform such estimation faster and also helps in easily
comparing the relative performance of different demosaicking algorithms. For
some particular K band n multispectral images and m different demosaicking
algorithms considered for comparison, let PK be a 2-D matrix of size n×m s.t.
PK(i, algo) denotes the PSNR value obtained for the ith image using demosaick-
ing algorithm algo for the reconstruction. We define ANMPSNR as follows:

ANMPSNRK
algo =

(
1
n

) n∑

i=1

(
PK(i, algo)

max (PK(i, :))

)
(6)

For every image, it considers the relative performance, in terms of PSNR, in
reference to the best performing algorithm for that image. It may also be noted
that ANMPSNR is always positive, and its maximum value will be 1.
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5 Experimental Results and Discussions

In this section, we evaluate the performance of the proposed algorithm and
compare it with different generic multispectral image demosaicking algorithms
on two benchmarks multispectral image datasets: TokyoTech [17], and Cave [23].
The TokyoTech dataset has 30 images of 31-band captured in the range from
420 nm to 720 nm at the equal spectral gap of 10 nm. The Cave dataset has
31 images of 31-band captured in the range of 400 nm to 700 nm at the equal
spectral gap of 10 nm.
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Fig. 2. Performance of different demosaicking algorithms based on simple non-
redundant MSFAs. (a, b) Average PSNR and SSIM values, respectively on the Toky-
oTech dataset. (c, d) Average PSNR and SSIM values, respectively on the Cave dataset.

We evaluate different algorithms on 5-band to 15-band multispectral images.
To generate the ground truth K-band multispectral image, we take K-bands at
equal spectral gap starting from the first spectral band from the 31-band orig-
inal image. Then we convert the K-band multispectral image to the mosaicked
image based on the MSFA pattern corresponding to band K. We use the demo-
saicking algorithm to generate the multispectral image from the mosaicked
image. To evaluate the efficacy of the demosaicking algorithm by comparing
the demosaicked multispectral images with corresponding ground truth multi-
spectral images on different image quality parameters. The value of T is cho-
sen experimentally. We try different values of T in range 1 to 20 for different
band size images and select the value of T , which results in maximum PSNR
value. We compare our proposed algorithm with the existing generic multispec-
tral demosaicking algorithms like WB [6], SD [2], BTES [13], LMSD [1], ISD [16],
PBSD [19], and PCBSD [18].
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Fig. 3. Simple non-redundant MSFA patterns. (a) Non-compact shaped MSFA pat-
terns. (b) Compact shaped MSFA patterns.

Table 1. Average PSNR values of different generic multispectral image demosaicking
algorithms on both the datasets. Note: We consider only those bands where simple
non-redundant MSFA patterns have compact shaped for a fair comparison.

TokyoTech Cave

K WB
2019
[6]

SD
2006
[2]

BTES
2006
[13]

LMSD
2014
[1]

ISD
2014
[16]

PBSD
2021
[19]

PCBSD
2021
[18]

Ours WB
2019
[6]

SD
2006
[2]

BTES
2006
[13]

LMSD
2014
[1]

ISD
2014
[16]

PBSD
2021
[19]

PCBSD
2021
[18]

Ours

6 35.56 36.37 35.68 33.30 35.55 36.19 36.54 37.95 37.26 38.16 38.22 38.65 37.65 38.47 38.57 39.32

8 33.49 34.69 34.58 31.43 34.19 35.75 35.78 35.96 35.31 36.71 37.17 37.30 36.59 38.30 38.22 37.87

9 34.12 35.35 33.99 25.11 34.58 35.31 35.44 36.50 36.00 37.51 36.67 29.58 37.20 37.96 37.99 38.50

12 32.76 34.35 32.30 25.21 33.92 34.27 34.45 35.41 34.66 36.48 34.68 28.95 36.61 36.91 36.91 37.41

15 31.15 32.64 31.28 24.02 32.63 33.00 33.21 33.67 33.38 35.08 33.88 28.26 35.43 35.72 35.76 35.98

Avg. 33.42 34.68 33.57 27.81 34.17 34.90 35.08 35.90 35.32 36.79 36.12 32.55 36.70 37.47 37.49 37.82

In Fig. 2, we compare different generic demosaicking algorithms which use
simple non-redundant MSFAs to capture the mosaicked image. Clearly, our pro-
posed algorithm performs better than all other algorithms in terms of PSNR
and SSIM values. Overall, our algorithm shows the improvement of 1.13 dB,
and 0.7 dB in the PSNR values average over 5-band to 15-band multispectral
images to the second-best performing algorithm on the TokyoTech and the Cave
datasets, respectively. We notice the interesting behavior of demosaicking algo-
rithms based on simple non-redundant MSFAs. They perform better on the 6, 8,
9, 12, and 15 bands size images than 5, 7, 10, 11, 13, and 14 bands size images.
This is due to the compact nature of simple non-redundant MSFA patterns on
the 6, 8, 9, 12, and 15 bands shown in Fig. 3. So for a fair comparison of the
efficacy of our proposed algorithm, we compare it with all other generic mul-
tispectral demosaicking algorithms only on bands where simple non-redundant
MSFA patterns have a compact shape. In Table 1, we show the comparison of our
algorithm with all other generic multispectral image demosaicking algorithms in
terms of PSNR value. Our algorithm performs better on these bands and shows
an improvement of 0.83 dB and 0.33 dB on average over these bands in the PSNR
value than PCBSD on the TokyoTech and the Cave datasets, respectively.
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Table 2. Comparison of different multispectral image demosaicking algorithms based
on ANMPSNR on the Tokyotech and the Cave dataset.

TokyoTech Cave

K WB
2019
[6]

SD
2006
[2]

BTES
2006
[13]

LMSD
2014
[1]

ISD
2014
[16]

PBSD
2021
[19]

PCBSD
2021
[18]

Ours WB
2019
[6]

SD
2006
[2]

BTES
2006
[13]

LMSD
2014
[1]

ISD
2014
[16]

PBSD
2021
[19]

PCBSD
2021
[18]

Ours

6 0.931 0.954 0.935 0.881 0.934 0.951 0.960 0.996 0.938 0.960 0.962 0.973 0.948 0.968 0.971 0.990

8 0.914 0.949 0.944 0.869 0.937 0.979 0.980 0.984 0.914 0.951 0.962 0.966 0.948 0.992 0.990 0.981

9 0.928 0.963 0.924 0.689 0.943 0.962 0.965 0.994 0.931 0.970 0.948 0.766 0.962 0.982 0.983 0.996

12 0.919 0.966 0.907 0.713 0.956 0.964 0.968 0.995 0.923 0.972 0.924 0.772 0.976 0.984 0.983 0.997

15 0.914 0.960 0.918 0.712 0.962 0.972 0.978 0.990 0.922 0.969 0.936 0.782 0.979 0.988 0.989 0.994

Avg. 0.921 0.958 0.926 0.773 0.946 0.966 0.970 0.992 0.925 0.964 0.946 0.852 0.963 0.983 0.983 0.991
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Fig. 4. Average PSNR values of each spectral band of different multispectral image
demosaicking algorithms: (a, b) on 12-band multispectral images on the TokyoTech
and Cave datasets, respectively. (c) on 9-band multispectral images. (d) on 6-band
multispectral images.

In Table 2, we show the performance of these algorithms on the new metric
ANMPSNR, and our algorithm shows better performance than other algorithms.
Further, it can be noted that the ANMPSNR metric makes it easy and faster to
compare different methods relatively. Tables 3 and 4 show the image-wise perfor-
mance of different algorithms on the multispectral images of 6 and 12 bands from
the TokyoTech and the Cave datasets, respectively. Figure 4 shows the PSNR
value for each band on 6, 9, and 12-band multispectral images. Our proposed
algorithm show almost consistent performance on all bands, whereas other algo-
rithms like LMSD, BTES PBSD, and PCBSD show varying performance on
different bands.
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Figures 5 and 6 show the visual comparison of the sRGB images generated
by the different multispectral image demosaicking algorithms for 6 and 12 bands

Original Cropped WB SD BTES

LMSD ISD PBSD PCBSD Ours

Fig. 5. Visual comparison of sRGB images generated from the 6 bands MSIs.

Table 3. Comparison of PSNR(dB) values for different multispectral image demosaick-
ing methods on 30 images of the TokyoTech dataset.

6-band 12-band

Image [6] [2] [13] [1] [16] [19] [18] Ours [6] [2] [13] [1] [16] [19] [18] Ours

B.fly 36.8 37.6 36.6 37.4 35.7 37.1 37.6 38.5 33.9 35.4 33.4 25.3 34.0 35.2 35.5 35.8

B.fly2 32.0 31.2 30.6 30.9 30.8 30.6 31.0 32.7 27.9 28.6 26.8 21.0 28.4 28.0 28.4 29.5

B.fly3 39.4 40.8 38.9 39.3 40.6 40.4 40.8 42.8 35.5 37.7 34.5 27.2 37.6 37.0 37.5 38.8

B.fly4 38.7 40.8 38.1 39.6 40.2 40.5 40.5 42.7 35.0 37.6 34.1 27.9 37.5 37.6 37.6 39.2

B.fly5 38.2 40.4 37.6 37.1 40.4 39.9 40.0 42.4 34.7 37.4 33.7 25.2 37.7 37.1 37.3 38.6

B.fly6 35.1 36.4 34.7 34.9 36.4 36.4 36.7 38.7 31.6 33.5 30.8 24.4 34.1 33.5 33.7 35.3

B.fly7 39.7 41.6 39.0 40.4 41.5 41.2 41.3 43.7 36.1 39.1 34.9 27.8 39.6 38.9 38.9 40.8

B.fly8 37.6 40.4 37.2 38.7 39.5 40.1 40.3 42.0 34.4 37.5 33.9 26.7 37.3 37.5 37.5 38.5

CD 41.2 39.3 41.3 30.1 36.6 37.7 38.5 40.6 37.8 36.2 36.0 19.5 32.0 34.5 35.8 36.9

Charctr 32.3 35.9 31.9 34.6 36.9 36.0 35.5 40.1 27.7 32.3 27.0 20.4 34.0 32.3 32.1 36.3

Cloth 32.2 34.0 31.3 31.3 33.3 33.9 34.1 36.1 28.8 31.7 28.0 22.5 31.4 31.5 31.5 33.2

Cloth2 32.8 33.5 33.6 32.6 33.5 34.5 34.4 34.2 32.0 33.7 32.1 28.8 34.3 33.9 33.8 34.2

Cloth3 34.8 37.0 35.6 34.7 37.8 38.6 38.4 38.7 32.5 34.5 32.5 28.0 35.4 35.3 35.1 35.1

Cloth4 33.8 36.6 33.9 32.1 37.3 37.7 37.6 39.1 30.9 34.0 30.6 25.7 35.3 34.8 34.5 35.4

Cloth5 32.7 33.4 34.9 32.4 34.1 35.3 35.4 34.7 33.0 33.3 34.2 29.6 33.5 34.8 34.7 33.8

Cloth6 40.7 39.9 40.7 31.8 37.6 38.9 39.6 41.0 39.1 39.0 39.4 30.5 37.2 38.7 39.0 39.5

Color 42.4 40.4 41.4 38.6 38.8 38.2 39.0 40.6 37.5 37.3 35.3 24.9 35.5 35.6 36.2 36.4

C.chart 44.5 43.4 46.1 37.1 40.6 42.4 43.4 44.6 41.3 41.7 40.7 29.0 38.9 40.8 41.8 42.2

Doll 26.8 27.8 26.9 27.7 27.6 28.1 28.2 28.5 24.7 26.4 24.8 21.4 26.6 26.7 26.5 26.6

Fan 28.1 28.9 28.2 28.5 28.1 28.8 29.2 30.1 25.8 26.9 25.9 20.6 26.5 26.9 26.9 27.6

Fan2 30.7 31.5 31.3 31.0 30.1 31.2 31.9 33.3 27.8 29.3 28.0 21.9 28.3 29.2 29.4 30.6

Fan3 30.2 31.1 30.6 31.3 30.1 31.0 31.5 32.7 27.3 29.0 27.3 21.7 28.4 29.0 29.1 30.1

Flower 44.1 43.5 45.2 29.0 40.9 42.7 43.8 45.4 42.6 43.9 41.7 29.5 42.2 43.9 44.3 45.6

Flower2 44.5 43.4 45.6 31.5 40.9 42.6 43.6 45.3 43.8 43.8 42.6 30.6 41.2 43.5 44.0 45.0

(continued)
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Table 3. (continued)

6-band 12-band

Image [6] [2] [13] [1] [16] [19] [18] Ours [6] [2] [13] [1] [16] [19] [18] Ours

Flower3 45.5 43.9 45.8 31.6 41.2 42.6 43.7 45.6 43.4 44.2 42.5 30.1 41.8 43.7 44.3 45.9

Party 31.8 31.8 33.4 32.1 30.5 31.8 32.4 33.4 28.9 29.9 29.4 24.7 28.8 29.8 30.2 31.4

Tape 32.0 32.5 32.2 31.3 32.3 32.7 32.7 33.6 28.8 29.5 28.9 24.3 29.7 29.7 29.6 30.3

Tape2 34.6 35.1 34.1 35.5 34.5 35.0 35.1 36.8 31.1 32.0 31.0 25.9 32.0 31.8 32.0 32.9

Tshirts 26.1 28.6 25.6 27.0 28.5 29.0 29.0 29.7 23.5 27.0 23.1 18.8 28.3 27.5 27.2 28.0

Tshirts2 27.7 30.1 28.2 29.0 30.2 30.9 30.9 31.2 25.6 28.4 26.0 22.7 30.0 29.4 29.1 29.3

Avg. 35.6 36.4 35.7 33.3 35.6 36.2 36.5 38.0 32.8 34.4 32.3 25.2 33.9 34.3 34.4 35.4

Table 4. Comparison of PSNR(dB) values for different multispectral image demosaick-
ing methods on 31 images of the Cave dataset.

6-band 12-band

Image [6] [2] [13] [1] [16] [19] [18] Ours [6] [2] [13] [1] [16] [19] [18] Ours

balloon 42.8 43.9 43.6 44.3 43.3 44.1 44.2 45.4 39.7 41.4 39.7 31.9 41.1 41.2 41.8 42.6

beads 29.3 29.8 29.6 29.0 28.6 29.7 29.9 30.8 26.7 27.6 26.6 21.2 26.1 27.6 27.9 28.3

cd 38.9 38.6 40.3 37.4 37.6 38.4 38.7 39.5 37.3 37.6 37.5 27.9 35.6 37.4 37.7 38.3

chart&toy 31.9 33.3 32.6 35.4 33.3 33.9 33.7 34.3 29.1 31.1 29.2 24.4 31.9 31.8 31.5 32.0

clay 39.8 40.1 42.9 40.3 38.8 41.5 41.9 41.2 37.3 37.8 36.7 31.5 36.6 38.5 39.2 38.9

cloth 31.0 32.1 31.2 31.1 32.1 32.1 32.1 33.4 28.9 31.4 28.9 25.3 32.5 32.1 31.6 32.1

egy. stat 40.4 41.7 41.0 42.6 41.3 41.8 41.9 42.9 38.0 40.0 38.1 32.6 40.4 40.6 40.4 40.9

face 40.7 41.6 41.6 42.4 41.2 41.5 41.5 42.9 37.9 39.8 38.0 32.0 40.2 40.5 40.3 40.6

f&r beers 41.4 41.5 41.6 41.2 40.7 40.9 41.1 42.9 38.1 39.2 37.8 29.6 39.1 39.1 39.2 40.3

f&r food 40.0 40.3 40.0 39.4 39.3 39.7 40.0 41.4 37.2 38.9 36.6 29.6 38.5 38.9 38.9 39.5

f&r lemnSlc 36.0 36.9 36.4 36.8 36.8 36.9 36.8 37.7 33.8 35.7 34.0 28.5 36.4 36.2 35.9 36.0

f&r lemons 40.0 41.5 41.2 42.8 41.5 42.1 41.9 42.6 37.0 39.0 37.3 31.3 40.0 39.8 39.6 40.0

f&r peppers 39.4 40.3 40.8 41.4 39.5 40.7 40.9 41.7 35.8 38.4 35.9 31.2 38.6 39.0 39.1 40.0

f&r strawb 38.4 40.0 39.3 40.5 39.9 40.3 40.3 41.1 36.0 38.4 36.0 30.3 39.3 39.1 38.7 39.3

f&r sushi 39.0 39.6 38.7 39.1 39.4 39.3 39.3 40.8 35.8 37.9 35.3 29.2 38.5 38.3 38.1 38.6

f&r tomat 36.6 38.0 36.5 38.1 38.1 38.0 37.8 38.6 33.7 36.1 33.6 29.2 37.3 36.7 36.3 36.2

feathers 33.2 34.4 34.6 35.0 33.8 35.3 35.5 35.9 30.7 32.9 31.2 26.8 33.1 33.8 33.7 34.2

flowers 38.5 38.8 39.8 37.8 37.3 38.7 39.4 40.3 37.2 38.4 37.4 30.8 37.5 38.6 38.8 39.5

glass tiles 28.7 29.7 30.5 31.5 29.7 30.8 30.9 30.7 26.6 28.4 27.3 25.1 29.1 29.1 29.0 29.2

hairs 40.1 41.8 41.3 43.5 41.9 42.7 42.5 42.6 38.1 40.6 38.2 32.9 41.7 41.3 40.9 41.3

jelly bea. 30.7 32.4 31.6 32.2 32.0 32.9 33.1 33.6 28.3 31.0 28.7 23.6 31.5 31.8 31.6 31.8

oil paint. 31.6 31.9 33.2 34.6 31.9 34.2 33.8 32.0 30.9 32.5 31.3 28.2 33.6 32.9 32.6 32.6

paints 32.5 33.2 33.2 34.3 32.6 33.1 33.3 35.7 28.1 30.4 28.5 22.1 31.2 31.1 31.1 32.7

photo&face 39.3 40.8 40.3 42.5 40.4 40.9 41.1 41.9 36.4 38.5 36.2 30.8 38.3 38.5 38.6 39.5

pompoms 40.2 40.2 40.7 38.7 39.0 40.0 40.4 41.3 38.1 38.7 37.7 29.4 37.0 38.2 38.9 39.4

r&f apples 42.9 44.1 44.1 45.2 44.0 44.5 44.5 45.3 39.6 41.6 39.9 32.9 42.3 42.6 42.4 42.5

r&f peppr 40.3 41.9 41.6 43.5 41.8 42.6 42.4 43.0 37.3 39.4 37.6 31.1 40.2 40.1 40.0 40.4

sponges 38.2 38.5 39.9 39.0 37.4 38.7 39.0 40.1 35.1 36.1 35.1 27.4 35.3 36.0 36.7 36.9

stuf. toys 40.2 40.5 41.0 38.9 38.8 39.9 40.5 41.9 37.2 39.0 36.4 27.6 37.9 38.6 38.9 40.5

superballs 39.5 40.0 40.2 40.0 39.4 40.1 40.1 40.9 37.8 39.7 36.6 31.7 39.2 39.8 40.0 40.5

thrd spls 33.6 35.5 35.8 39.7 35.9 37.3 37.1 36.7 31.1 33.5 32.0 31.7 35.1 35.2 35.0 35.1

Avg. 37.3 38.2 38.2 38.6 37.7 38.5 38.6 39.3 34.7 36.5 34.7 29.0 36.6 36.9 36.9 37.4
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multispectral images. Our proposed algorithm reproduces the sRGB images more
accurately than the other MSID algorithms with fewer artifacts. PBSD and
PCBSD produce zipper artifacts around the edges, whereas WB and BTES
produce blurry images.

Original Cropped WB SD BTES

LMSD ISD PBSD PCBSD Ours

Fig. 6. Visual comparison of sRGB images generated from the 12 bands MSIs.

6 Conclusion and Future Work

We proposed a generic multispectral image demosaicking algorithm based on the
PPI, which uses both spatial and spectral correlation present in the mosaicked
image. The PPI is considered to have a stronger correlation with each band
than bands are examined pair-wise. We show that compact-shaped simple non-
redundant MSFA patterns achieve better demosaicking performance than non-
compact-shaped simple non-redundant MSFA patterns. We also proposed a new
performance evaluation metric for an easy and faster relative comparison of
MSID methods. We evaluated the performance of the proposed MSID algorithm
by comparing it with other existing generic MSID algorithms on multiple multi-
spectral image datasets. Considering different performance metrics and also the
visual assessment, the proposed algorithm’s performance is consistently observed
better than the existing generic multispectral image demosaicking algorithm on
simple compact-shaped non-redundant MSFAs. In the future, we plan to extend
it to binary tree based patterns [12] which are considered compact as compared
to simple non-redundant MSFA patterns.
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