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Abstract: A demand for division of focal plane (DoFP) polarization imaging technology grows
rapidly as nanofabrication technologies become mature. For real-time polarization imaging, a
DoFP polarimeter often trades off its spatial resolution, which may cause instantaneous field
of view (IFoV) errors. To deal with such problems, interpolation methods are often used to
fill the missing polarization information. This paper presents an interpolation technique using
Newton’s polynomial for DoFP polarimeter demosaicking. The interpolation is performed in
the polarization difference domain with the interpolation error taken into consideration. The
proposed method uses an edge classifier based on polarization difference and a fusion scheme
to recover more accurate boundary features. Experiments using both synthetic and real DoFP
images in visible and long-wave infrared spectrum demonstrate that the proposed interpolation
method outperforms the state-of-the-art techniques quantitatively as well as visually to reduce
nonconformities caused by high-frequency energy.
© 2019 Optical Society of America under the terms of the OSA Open Access Publishing Agreement

1.
1.1.

Introduction
Background

As a basic physical property of light beyond intensity and wavelength, polarization provides
the characteristic information of the object such as surface smoothness, three-dimensional (3D)
normal and material composition [1–3]. Polarization imaging has been widely applied in antiinterference object detection [4], 3D reconstruction [5], image dehazing [6], visual navigation [7],
and biomedical imaging [8]. A polarization imaging system collects polarization information
in different orientations. Various types of existing polarization imagers include division of
time, division of amplitude, division of aperture, and division of focal plane (DoFP) [9]. DoFP
polarimeter has received much attention due to its integrated sample structure and the ability
of capturing polarization information in real time. DoFP polarimeters capture images using a
micro-polarizer array (MPA) image sensor as shown in Fig. 1. Each pixel takes the polarized
light at only one of four orientations, e.g. 0, 45, 90, and 135 degrees. Missing polarization
components at neighboring pixels need to be estimated, or interpolated, since the instantaneous
field of view (IFoV) [10] errors will become significant. This polarization interpolation process
is called polarization demosaicking (PDM).
To enhance spatial resolution and to reduce IFoV errors, several PDM methods have been
developed for DoFP imaging. Classical PDM algorithms include bilinear, bicubic, bicubic spline,
and gradient-based interpolation methods [11–13]. All these methods perform interpolation in
individual polarization channels, and therefore the correlation information between different
polarization orientations can be ignored. Interpolation methods using bilinear, bicubic and
bicubic spline functions are low-pass filters which will distort high frequency details. Gradient#352112
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based methods interpolate missing polarization components across the four basic gradient
directions to obtain more accurate edge feature. However, the interleaved gradients may introduce
nonconformities due to IFoV. An edge preserving interpolation method [14] detects the edge
directly in the DoFP images using intensity correlation. This method fills missing intensity
along a single direction depending on a judgement of the two orthogonal directions, which can
lose potentially useful estimates because of such binary decision. Ahmed et al. [15] proposed
an interpolation method in a “residual” domain using a guided filter for edge preservation.
Unfortunately, however, the applicability to real DoFP images is limited because ideal guided
images are difficult to obtain. More recent approaches [16,17] include sparse representation-based
and deep learning-based PDM methods. The sparse representation-based methods achieve better
PDM results, but are more time-consuming than other methods. Deep learning-based PDM
methods produce good results using convolutional demosaicing networks. Training data consists
of synthetic images by down sampling the images captured with division-of-time polarization
imaging systems to four polarization angles in a DoFP pattern. Therefore, the performance of this
convolutional demosaicing network remains unknown for real DoFP data. The training method
may not be directly applied to long-wave infrared (LWIR) data, since the emitted and reflected
radiation of front-mounted polarizer will be received by infrared focal plane array [18], which
makes the division-of-time polarimeter and DoFP polarimeter are essentially different in LWIR
spectrum.

Fig. 1. A micro-polarizer array of a DoFP polarimeter with four polarization orientations.

Reconstructing missing information also occurs in color imaging sensors with Bayer pattern
pixelated color filters array (CFA) [19]. Since Bayer CFA samples the green band at twice the
rate of the other two color bands, the demosaicking process always begins from green channel
and then the red and blue channels using the estimated green channel with spectral correlation.
Several interpolation algorithms [20, 21] have been proposed to recover a high-resolution color
image from Bayer-filtered color components based on color difference interpolation because of its
simplicity for implementation and high accuracy. However, these algorithms may fail to be directly
applied in the polarization domain due to inherent difference between color and polarization
imaging mechanisms. Recent research [22] showed that the properties of multispectral images
used for spectral filter array (SFA) demosaicking are similar in DoFP images, and some SFA
demosaicking schemes have been successfully extended to PDM by considering the inter-channel
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correlation. These extended methods were tested only on a small database of images, and the
conclusions need to be validated more deeply.
This paper presents an interpolation technique using Newton’s polynomial function for DoFP
polarimeter demosaicking. A polarization difference model is proposed in DoFP images
demosaicking to reduce the high-frequency energy that leads to deviation in intensity domain.
The Newton’s polynomial interpolation is then performed in the polarization difference domain to
estimate the interpolation errors that have not been investigated in other polynomial interpolation
methods [11, 12]. An edge classifier based on polarization difference is applied, and a fusion
strategy, not a binary decision, of interpolation results at orthogonal directions is performed to
recover the details more accurately. The proposed method is compared with bilinear, bicubic,
bicubic spline, gradient-based, and residual interpolation methods for both synthetic and real
DoFP images in the visible and LWIR spectra quantitatively using RMSE and visually. Experiment
results demonstrate that the proposed method outperforms the state-of-the-art techniques for both
synthetic and real DoFP data.
1.2.

Linear polarization calculation

A DoFP polarimeter with the structure in Fig. 1 to capture intensity and polarization information
of a scene is essentially a intensity-based method. The four intensity measurements I(θ) of the
light wave filtered by linear polarizer oriented at θ (θ = 0◦, 45◦, 90◦, 135◦ ) from the DoFP sensor
super-pixel are necessary and sufficient to compute the polarization parameters as follows [23]
S0 = 0.5(I(0◦ ) + I(45◦ ) + I(90◦ ) + I(135◦ ))
S1 = I(0◦ ) − I(90◦ )
S2 = I(45◦ ) − I(135◦ )

(1)

S0 , S1 and S2 are known as the first three Stokes parameters. S0 is the total intensity of the light.
The parameters S1 and S2 describe the amount of linear polarization. To observe polarization,
two polarization properties are of most interest, degree of linear polarization (DoLP) and angle
of polarization (AoP), defined as [24]
q
S12 + S22
DoLP =
S0
(2)
1 −1  S2 
AoP = tan
2
S1
The Stokes parameter S3 that describes circular polarization is not captured with the DoFP
imager as shown in Fig. 1 for lack of retarder. In fact, the measurements with four linear
polarization filters offset by 45◦ are optimal for maximization of signal-to-noise ratio and
minimization of systematic error [25, 26].
2.

Method

This section shows statistical analysis of the proposed polarization difference model and the
Newton’s polynomial interpolation method with interpolation error estimation. Then an overview
of the proposed DoFP image demosaicking method follows. The proposed interpolation method
combines the polynomial interpolation error estimation and the polarization difference to obtain
high spatial resolution.
2.1.

A polarization difference model

In DoFP image demosaicking problems, false and strong polarization signatures occur at
discontinuities in either polarization or intensity domain, which contain essentially high-frequency

Vol. 27, No. 2 | 21 Jan 2019 | OPTICS EXPRESS 1379

information [13, 15]. Major difficulty in DoFP demosaicking is to reconstruct high-frequency
information such as edge and boundary of an object that may lead to interpolation deviations. If
high-frequency energy is reduced, the interpolation deviation can be also reduced. This paper
assumes that high-frequency energies can be reduced in the polarization difference domain, which
is a reasonable assumption since all four polarization channels have polarization correlations
and similar image structures such as texture and edge. A similar assumption is widely used in
color/spectral-difference interpolation schemes [20, 27, 28] for CFA/SFA demosaicking, and
compelling performance is achieved based on this assumption.

Fig. 2. Test images of 12 scenes, (1)-(6) are in visible spectrum and (7)-(12) are in LWIR
spectrum. And corresponding DoLP images are shown in HSV false color model for each
scene.

(a)

(b)

Fig. 3. Statistical results of means of high-frequency energies of intensity images and
polarization difference images for 12 scenes in Fig. 2. (a) The first 6 scenes in visible
spectrum. (b) The last 6 scenes in LWIR spectrum.

To verify this assumption, a statistical analysis is carried out on high-frequency energy of
intensity images and polarization difference images for various scenes. Figure 2 shows 12 scenes
containing strong edges in the visible and long-wave infrared spectra, 6 visible scenes and 6
LWIR scenes. We calculate the means of high-frequency energies of 4 polarization intensity
images and all 6 polarization difference images whose spatial frequency exceeds 0.15 cycles
per pixel, where the signal can hardly be reconstructed [12, 15]. Figures 3(a) and 3(b) show
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high-frequency energies of the scenes in the visible and LWIR, respectively. The means of
high-frequency energies of intensity images are shown in red (from dark red to light red) while the
ones of polarization difference images are in blue (from dark blue to light blue). The statistical
results indicate a clear reduction of the high-frequency energies in the polarization difference
images. Figure 4 plots the intensity images, polarization difference images and corresponding
spectrograms of the two scenes in Fig. 2. The high-frequency energies are significantly reduced
in the spectrograms of polarization difference images as in the yellow dashed rectangle regions.
The spectrograms of other scenes have similar variation trends. With the ability to reduce the
high-frequency energies, the polarization difference model can help demosaicking DoFP images
more accurately.

Fig. 4. Spectrograms of intensity image and polarization difference image. (a) Test scenes.
(b) Corresponding polarization difference image of I0 − I45 . (c) Spectrograms of (a). (d)
Spectrograms of (b). The first row and the second row are scenes (4) and (11) in Fig. 2
respectively.

2.2.

Newton’s polynomial interpolation method with interpolation error estimation

Newton’s polynomial interpolation is the applied to the demosaicking process with the polarization difference model. Conventional polynomial interpolation approaches [10–14] often
do not take interpolation error into consideration, which is ineluctable for PDM. This paper
combines Newton’s polynomial interpolation and the polarization difference model to estimate
the interpolation error and to achieve better interpolation performance.
Assume that a function f ∈ C n+1 [a, b] and x0, x1, ... , xn are distinct nodes in [a, b] , and the
corresponding n-th Newton’s interpolating polynomial is
Nn (x) = f (x0 ) + f [x0, x1 ](x − x0 ) + ... + f [x0, x1, ... , xn ](x − x0 )(x − x1 )(x − xn−1 )

(3)

where the f [x0, x1, ... , xn ] is the divided difference [29]. Once the given function has been
interpolated, we wish to know how good the interpolating polynomial is. Let f be n + 1 times
continuously differentiable on a closed interval [a, b], then for each x in the interval, there exists
c in that interval such that
Rn (x) = f (x) − Nn (x)
(4)
where the error function can be given in the form of the Taylor series [29]
Rn (x) =

n
Ö
1
f (n+1) (c)
(x − xi )
(n + 1)!
i=0

(5)
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Fig. 5. A 7 × 7 MPA pattern. Parameters i and j are row and column numbers, respectively.

For simplicity and effectiveness, we consider n = 1 for two points x0 and x1 = x0 + h, it follows
from Eqs. (3) and (5) that there is a point ξ such that
00

f (x)  f (x0 ) + f [x0, x1 ](x − x0 ) +

f (ξ)
(x − x0 )(x − x1 )
2

(6)

where the first-order divided difference is
f [x0, x1 ] =
Let x = x0 +

h
2

f (x1 ) − f (x0 )
f (x0 + h) − f (x0 )
=
x1 − x0
h

(7)

, we have
00

h
f (x0 + h) − f (x0 ) h
f (ξ) h
h
f (x0 + )  f (x0 ) +
+
(− )
2
h
2
2 2
2
00
f (ξ) 2
f (x0 + h) + f (x0 )
−
h
=
2
8

(8)

In Fig. 5, the pixels are spaced one pixel apart in the DoFP image, that is, h = 2. Then, the
estimation of I90 (i, j − 1), which is missing in position (i, j − 1), can be calculated using Eq. (8)
00

f (ξ) 2
I90 (i, j − 2) + I90 (i, j)
I˜90 (i, j − 1) 
−
h
2
8

(9)

where the second term on the right side is defined in the form of Laplacian operator
00

f (ξ) 2 h2 I90 (i, j + 1) − 2I90 (i, j − 1) + I90 (i, j − 3)
h 
8
8
h2
I90 (i, j + 1) − 2I90 (i, j − 1) + I90 (i, j − 3)
=
8

(10)

00

Unfortunately, we cannot calculate f (ξ), because the values of I90 (i, j + 1), I90 (i, j − 1)
00
and I90 (i, j − 3) are unknown. However, we can estimate a good candidate value for f (ξ) by
considering the polarization difference model. From Eq. (10), let the polarization difference
plane Λ between I135 and Iˆ90 be defined as
Λ = I135 − Iˆ90

(11)
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By applying the polarization difference model of Eq. (11), we obtain
00

f (ξ) 2 I135 (i, j + 1) − Λ(i, j + 1)
I135 (i, j − 1) − Λ(i, j − 1)
h 
−
8
8
4
I135 (i, j − 3) − Λ(i, j − 3)
+
8

(12)

The polarization differences are quite constant over small regions; i.e. Λ(i, j +1) ≈ Λ(i, j −1) ≈
Λ(i, j − 3). Therefore, Eq. (12) can be approximated to
00

f (ξ) 2 I135 (i, j + 1) − 2I135 (i, j − 1) + I135 (i, j − 3)
h 
8
8

(13)

Substituting Eq. (13) into Eq. (9)
I90 (i, j − 2) + I90 (i, j)
I˜90 (i, j − 1) 
2
I135 (i, j + 1) − 2I135 (i, j − 1) + I135 (i, j − 3)
−
8

(14)

The estimate of I90 (i, j + 1) can be computed similarly.
2.3.

MPA demosaicking with Newton’s polynomial interpolation method

This section introduces the proposed Newton’s polynomial interpolation-based MPA demosaicking
method by interpolating three missing pixels at 90◦ sampled position, I90 (i, j) in Fig. 5 as an
example. One can find that there still are some high-frequency energies in polarization difference
domain as shown in Fig. 4, and the assumption that the polarization differences are quite constant
over small region may fail in this situation. To solve this problem, we propose an edge classifier
to refine the interpolation results in edge and boundary regions. Since the polarization difference
plane is smoother than the polarization intensity plane, interpolating a pixel using the polarization
difference plane is much more effective than using the original values. In proposed method, we
interpolate the missing polarization values with the use of the polarization difference model.
First, we interpolate the missing 0◦ polarization information, which is orthogonal to 90◦
sampled pixel. As show in Fig. 6(a), we compute two estimations of Iˆ90 (i, j) in two orthogonal
diagonal directions with the use of the polarization difference model. We define the interpolation
predictor in polarization difference domain for the 45◦ diagonal direction as
◦
◦
Λ̃(i + 1, j − 1) + Λ̃(i − 1, j + 1)
Iˆ045 (i, j) = I90 (i, j) + Λ̃45 (i, j)  I90 (i, j) +
2

(15)

where Λ̃ = I0 − I90 . Using the polarization difference model, we have
◦
I0 (i+1, j −1) − I˜90 (i+1, j −1) + I0 (i−1, j +1) − I˜90 (i−1, j +1)
Iˆ045 (i, j)  I90 (i, j) +
2
I0 (i+1, j −1) + I0 (i−1, j +1) I˜90 (i+1, j −1) + I˜90 (i−1, j +1)
= I90 (i, j) +
−
2
2

(16)

where the third term of the right side can be calculated using Eq. (14) along 45◦ diagonal
direction. The predictor for the −45◦ diagonal direction is analogously obtained as
◦
I0 (i−1, j −1) − I˜90 (i−1, j −1) + I0 (i+1, j +1) − I˜90 (i+1, j +1)
Iˆ0−45 (i, j)  I90 (i, j) +
2
I0 (i−1, j −1) + I0 (i+1, j +1) I˜90 (i−1, j −1) + I˜90 (i+1, j +1)
= I90 (i, j) +
−
2
2

(17)
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Fig. 6. Three cases of missing polarization information interpolation at 90◦ sampled position.
(a) Interpolation of 0◦ polarization information. (b) Interpolation of 45◦ polarization
information. (c) Interpolation of 135◦ polarization information.

Note that we can use some intermediate computation results to reduce computation burden.
◦
The second step is to make a final estimation of Iˆ0 (i, j) based on the edge classifiers. Let ϕ45
◦
−45
◦
◦
and ϕ
be the costs of the 45 and −45 diagonal directions, respectively, defined as [21]
Õ
Õ
◦
◦
ϕ45 =
Iˆ045 (i + m, j + n) − I90 (i + m, j + n)
m={−2,0,2} n={−2,0,2}

ϕ

−45◦

=

Õ

Õ

◦
Iˆ0−45 (i + m, j + n) − I90 (i + m, j + n)

(18)

m={−2,0,2} n={−2,0,2}

The ratio Φ of the two cost value is used as the edge classifier, which is calculated by
 45◦
◦ 
ϕ−45
ϕ
Φ = max −45◦ , 45◦
ϕ
ϕ

(19)

If Φ is larger than a preset threshold, τ (In the experiments, τ = 5.8), the pixel is in a strong
edge region. In this case, missing Iˆ0 (i, j) is interpolated as follow:
◦

ϕ−45
)
ϕ45◦
◦
◦
ϕ45
Iˆ0 (i, j) = Iˆ0−45 (i, j) if (Φ > τ)&(Φ = −45◦ )
ϕ
◦ 45◦
◦ −45◦
45
−45
ˆ
ˆ
ω I0 (i, j) + ω
I0 (i, j)
Iˆ0 (i, j) =
if (Φ ≤ τ)
ω 45◦ + ω −45◦

◦
Iˆ0 (i, j) = Iˆ045 (i, j) if

(Φ > τ)&(Φ =

(20)

Pixels that are not classified into a strong edge region (Φ ≤ τ) are interpolated using the
◦
◦
weighted sum. Here ω 45 and ω −45 are weights for the two orthogonal diagonal directions,
respectively, defined as
◦

1
d 45◦ + ε
1
= −45◦
d
+ε

ω 45 =
◦

ω −45

(21)

where ε is a small number added to the denominators to avoid division by zero. For computational
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◦

◦

simplicity, we use the directional differences as d 45 and d −45 in Eq. (21), defined as
◦

d 45 = |I0 (i+1, j −1) − I0 (i−1, j +1)| + |2I90 (i, j) − I90 (i−2, j +2) − I90 (i+2, j −2)|
◦

d −45 = |I0 (i−1, j −1) − I0 (i+1, j +1)| + |2I90 (i, j) − I90 (i−2, j −2) − I90 (i+2, j +2)|

(22)

This will guarantee that the direction of strong change has small weight.
After interpolating the Iˆ0 (i, j), missing 45◦ and 135◦ polarization information is filled at 90◦
sampled position, I90 (i, j) in Fig. 5. As shown in Fig. 6(b), we can only obtain an estimation
V
in vertical direction, Iˆ45
(i, j) according to Eq. (16), because we do not have the value of 45◦
polarization sampled in horizontal direction. However, we can get compelling estimation of
missing 45◦ polarization information in horizontal direction (black dashed rectangles in Fig.
6(b)) by the above interpolation process with a classifier in two orthogonal diagonal directions.
Based on this, we can have Iˆ45H (i, j) for an estimation in horizontal direction. Followed by an
edge classifier similar to Eqs. (18) and (19) but in horizontal and vertical directions, the missing
Iˆ45 (i, j) can be interpolated. Likewise we can recover the missing Iˆ135 (i, j) as shown in Fig. 6(c).
Repeating the above interpolation procedures, we can fill the missing polarization information in
all the other spatial position. Figure 7 shows key procedures of the proposed MPA demosaicking
method.

Fig. 7. The procedures of the proposed algorithm.

3.

Experiment results

To test comprehensively the performance of the proposed MPA demosaicking algorithm, we
extensively carry out three different experiments. First, we compare and evaluate the modulation
transfer function (MTF) response of different interpolation methods. Second, visual comparison
and quantitative comparison in synthetic DoFP images, including the visible and LWIR spectra.
Then real raw DoFP images are used to demonstrate the performance of the proposed method.
3.1.

Modulation transfer function evaluation

The modulation transfer function (MTF) is a function of spatial frequency, which is commonly
used to measure the ability to restore details of scene of an imaging system. The MTF is computed
as the ratio of the contrast of the output sinusoidal pattern over the contrast of the input sinusoidal
pattern for different frequencies. Therefore, a spatially varying sinusoidal pattern at various
frequencies is used as a object image to evaluate the MTF of an imaging system. For a DoFP
polarization imaging sensor which records the polarization information of the scene in a single
shot, the four input object polarization images can be defined as spatially varying sinusoids [12]
I0 (x, y) = cos(2π fx x + 2π fy y) + 1
I45 (x, y) = 2 cos(2π fx x + 2π fy y) + 2
I90 (x, y) = cos(2π fx x + 2π fy y) + 1
I135 (x, y) = 0

(23)
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where fx and fy are the spatial frequency elements in the horizontal and vertical directions in
cycles per pixel. The original images are rearranged to a simulated image in sampling pattern of
the DoFP polarization imaging sensor, and the original and interpolated images are then used
to compute the MTF of the system. Next, the Fourier transform is computed on the intensity
images, S0 , from the original and interpolated data. In Eq. (23), the object image is a cosine
function with horizontal and vertical frequency ( fx, fy ). Accordingly, the Fourier image has two
main frequency peaks at ( fx, fy ) and (− fx, − fy ). Therefore, the MTF is computed as the ratio of
the magnitude of the main frequency peak in the interpolated result, Minter polated ( fx, fy ), over
the magnitude of the main frequency peak in the original image, Moriginal ( fx, fy ).
The MTF results of different interpolation methods are presented in Fig. 8. For residual
interpolation method in [15], four original high resolution polarization images are used as guided
images, which cannot be applied to DoFP images where the ideal high resolution guided images
are hard to obtain for the PDM problem. On the other hand, the input DoFP image also cannot be
directly used as the reference image because its checkerboard effect may cause artifacts. In this
paper, mean filtered result of input DoFP image with a 2 × 2 window is used as a reference image.
This process is simple and maintains the major edge information of the scene and won’t affect the
overall performance, because interpolation is carried out in the residual domain which guarantees
reconstruction accuracy. In the following, the same scheme is applied in synthetic and real DoFP
data tests. For an intuitive comparison, the MTF responses of five different interpolation methods
are plotted in a single chart across equal vertical and horizontal frequencies, fx = fy . The spatial
frequency fx and fy are swept from 0 up to 0.5 cycles per pixel because the MTF response drops
to zero when the spatial frequency is higher 0.5 cycles per pixel due to the Nyquist sampling
theorem, and the MTF response is computed at each frequency.

Fig. 8. The MTF of S0 for interpolation methods (a) Bilinear, (b) Bicubic spline, (c)
Gradient-based, (d) Residual interpolation, (e) Our method, (f) The MTF results of S0 along
fx = fy .

Figure 8 shows that the MTF responses of first four interpolation methods decreased relatively
quickly at low spatial frequencies and all drops to zero at fx = fy = 0.375. The residual
interpolation method is overall superior to the gradient-based interpolation method, while both
have similar performance at high frequencies. The bicubic spline interpolation method preserves
low frequency features as the residual interpolation does but has a poor performance at high
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frequencies. On the contrary, our method has sustained higher gain below 0.25 cycles per pixel
and decreases gradually to zero at 0.5 cycles per pixel. The proposed interpolation method best
preserves both low and high frequency features.
One may find that there are discontinuities and values over one in MTF result of the proposed
method. Notice that there are periodic values (including zero) in object image because of the
spatially varying sinusoids as defined in Eq. (23), which will lead to the appearance of zero
values when calculating cost of direction ϕ in Eq. (18) and directional difference d in Eq. (22).
Therefore, the situation of being divided by zero or a very small number exists in calculation of
ratio Φ and weight ω. At each frequency, we count the amount with one of d in two directions
is zero and the amount with one of ϕ in two directions is zero respectively. And two statistical
results are shown in Fig. 9(a) and Fig. 9(b). We further calculate the number of Φ ≤ τ at
each frequency, and the result is drawn in Fig. 9(c). It can be easily found that frequencies
where discontinuities appear in Fig. 9 and our MTF result (including values over one at lower
frequency) fit well, which explains the presence of discontinuities and values over one in MTF
result of the proposed method. And it will not affect the overall performance of our method as
will be demonstrated in following tests.

Fig. 9. Statistical analysis of discontinuities and values over one in MTF result of the
proposed method. (a) Statistics of the amount with one of d in two directions is zero at
each frequency, (b) Statistics of the amount with one of ϕ in two directions is zero at each
frequency, (c) Statistics of the amount with Φ ≤ τ at each frequency.

3.2.

Test on synthetic DoFP images

To validate the proposed DoFP demosaicking algorithm, we used synthetic DoFP mosaic test
images of all scenes in Fig. 2. The first six groups of four polarization images at 0◦ , 45◦ , 90◦ and
135◦ orientations in visible spectrum were captured by a Nikon D90 DSLR camera with a linear
polarization filter. Similarly, the rest six groups of four polarization images from scene 7 to 12 in
Fig. 2 were recorded by a LWIR camera FLIR T420 with an infrared linear polarizer (Thorlabs
WP50H-B). The synthetic DoFP mosaic images are then generated by down-sampling the four
captured polarization images as the sampling pattern in Fig. 1.
By performing different interpolation methods on test images, we obtained four interpolated
images for etch methods. Next, we can evaluate the interpolation performance by comparing
interpolated images with true images. The interpolation methods that are applied as comparison
are bilinear interpolation [12], bicubic interpolation [12], bicubic spline interpolation [12],
gradient-based interpolation [13], and residual interpolation [15]. Figure 10 shows the blown-up
results on four selected scenes in Fig. 2, including two reconstructed intensity comparisons of
the regions in green rectangles in scenes 5 and 10 and two reconstructed DoLP comparisons of
the regions in black rectangles in scenes 6 and 7. In Fig. 10, the first two rows show intensity (S0 )
images and error images in jet false color model of different methods for intuitive comparison,
and the DoLP images are listed in the rest rows in HSV false color model.
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For visual comparison, we put the ground-truth polarization images in first column. It
shows that the interpolation methods in [12] produce highly visible jaggy artifacts which are
mitigated in the results of methods in [13] and [15] in blow-up DoLP images, however, the slight
serrated artifacts still exist. The last column presents the results of our proposed method, and it
obtained basically free of jaggy artifacts results with that of the ground-truth polarization images.
Moreover, our method generated closely similar intensity results with the ground truth, while
other methods produce notable interpolation error.

Fig. 10. Comparison of different interpolation methods in synthetic DoFP images of four
selected scenes in Fig. 2. (a) Ground-truth, (b) Bilinear, (c) Bicubic, (d) Bicubic spline, (e)
Gradient-based, (f) Residual interpolation, (g) Our method. The first two rows are intensity
images and error images of regions in green rectangles, and the last two rows are DoLP
images of regions in black rectangles.

Table 1. The average RMSE performance comparisons of 12 scenes in Fig. 2.

I0
I45
I90
I135
S0
DoLP

Bilinear

Bicubic

Bicubic
Spline

Gradientbased

Residualbased

Our method

4.1586
4.7798
4.6199
4.6421
7.4554
0.0350

3.7983
4.5730
4.4210
4.4575
6.5796
0.0347

3.7173
4.3149
4.0103
4.1450
5.9452
0.0331

3.5941
3.3358
3.3250
3.4296
4.5690
0.0258

3.2184
2.9082
2.9400
2.8683
3.9285
0.0239

2.7958
2.5110
2.4866
2.5822
3.0598
0.0226

For a quantitative comparison, we employ the root mean square error (RMSE) value to evaluate
the accuracy of the different interpolation methods.
v
u
t
M N
1 ÕÕ
RMSE =
(Itrue (i, j) − Iinter polated (i, j))2
(24)
M N i=1 j=1
where M and N represent height and width of image. Itrue (i, j) and Iinter polated (i, j) represents
true image and interpolated image respectively. The average RMSE results of all 12 scenes
in Fig. 2 are listed in Table 1, which are in agreement with the visual quality evaluations,
and the best results are bolded. The proposed polynomial interpolation method has the lowest
RMSE. By applying polynomial interpolation with a polarization difference model, we get better

Vol. 27, No. 2 | 21 Jan 2019 | OPTICS EXPRESS 1388

performance in reconstruction of high frequency details. And RMSE comparison results showed
that our method reconstructs polarization images with the highest accuracy.
The accuracy of calculations of both the degree and angle of polarization depend strongly
on the noise in DoFP images. The noise in the measurements recorded by both camera based
systems and spectrometers can lead to significant artefacts and incorrect conclusions about high
degrees of polarization when in fact none exist [30]. Several denoising methods [31–34] were
developed to estimate and reduce the noise and then perform more accurate PDM interpolation.
In order to analyze how the temporal noise effect the interpolation performance, the PSNR is
used to as an objective evaluation criterion. The scene 9 shown in Fig. 2 is used and the standard
variance of the noise is increased by every 0.5 from 1 to 20. The corresponding PSNR curves are
plotted in Fig. 11. The PSNR of different methods decreases quickly when the noise increases.
For intensity image, the proposed method performs the best with weak noise, bilinear, bicubic,
and bicubic spline interpolation methods bring better results when noise increases because they
are essentially low pass filters. Our method outperforms other methods in DoLP image. To
achieve better interpolation performance on strong noise, a denoising method [32–34] should be
applied.

Fig. 11. PSNR results for different standard variances of noise. (a) Intensity, (b) DoLP.

3.3.

Experiments on real DoFP images

A similar comparison study was also carried out on two real DoFP images. The first scene is
cars in a parking lot, which was captured using our own developed DoFP LWIR polarization
imager. The developed polarization imager is structured with a wire-grid micro-polarizer array
as described in [35], and several MPA based polarization imagers [36–42] were developed in
different spectra. The spatial resolution of each frame is 640 × 512 and the bit depth is 14 bits.
And a nonuniformity correction method [43] was used to calibrate the LWIR DoFP images. The
second test real data is an indoor scene which was recorded with Sony IMX250-MZR polarized
image sensor that works in visible spectrum. The Genie Nano-M2450-Polarized model features
a monochrome quad polarization filter, resolution of 2448 × 2048 pixels, and image capture of
35 frames-per-second. For calibration of Sony IMX250-MZR sensor, method [44] is applied in
visible spectrum. Two real DoFP images are denoised with PCA-based method [32] and shown
in Fig. 12.
Figure 13 is the result of blow-up DoLP images in green regions in Fig. 12 with different
interpolation methods. As shown in the first row, most of the smooth background objects such as
the road can be reconstructed free of visible artifacts by interpolation methods in [12, 13, 15].
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Fig. 12. Two real DoFP images. (a) Intensity images, (b) DoLP images, (c) AoP images.
Two scenes are captured with our developed LWIR DoFP polarization imager and Sony
IMX250-MZR polarized image sensor respectively.

However, on the car, where some sharp edges accompany abrupt polarization changes, these
methods cannot faithfully recover the edge features. For sharp edges of weak polarization
correlation, no sufficient information exists within a single polarization channel to reconstruct
the polarization signal. This is the situation where the polarization difference can come to
the rescue. For the second scene, our method generated the best result that is in agreement
with that in the first scene. The proposed method has clear advantages over all others in
terms of visual quality. Most of the polarization artifacts are eliminated and many sharp edge
structures that are missing or distorted in other interpolation methods are well reconstructed by
the polarization-difference-based polynomial interpolation demosaicking.

Fig. 13. Comparison of different interpolation methods in real DoFP images. (a) Bilinear, (b)
Bicubic, (c) Bicubic spline, (d) Gradient-based, (e) Residual interpolation, (f) Our method.
Two rows are regions in green rectangles from two scenes in Fig. 12 respectively.
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4.

Conclusion

In this paper, a Newton’s polynomial interpolation method with polarization difference model
is proposed for DoFP polarimeter PDM. The main contributions of the proposed method are:
(1) a conception of polarization difference model, (2) interpolation error estimation with the
combination of Newton’s polynomial interpolation and polarization difference, (3) a fusion
strategy with an edge classifier in polarization difference domain. The proposed method was
tested in synthetic and real DoFP images in both visible and LWIR spectrum, compared with
bilinear, bicubic, bicubic spline, gradient-based and residual interpolation methods. The results
of RMSE and visual comparison show that the proposed scheme outperforms existing PDM
methods.
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