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ABSTRACT

This paper presents an efficient postprocessing/correction method

capable of reducing visual artifacts introduced during the color fil-

ter array interpolation process. Edge-sensing weights and the orig-

inal color filter array data are used to detect structural elements in
the original image and correct previously interpolated color com-

ponents accordingly. The method produces excellent results in
terms of both objective and subjective image quality measures.

1. INTRODUCTION

Color filter array (CFA) interpolation or demosaicking is a re-
quired step in single-sensor imaging solutions. The Bayer pattern
[2], the most popular CFA solution, is commonly used in image-

enabled wireless phones, pocket devices and visual sensors foB) components of the restored, full color imagép, ¢)

surveillance and automotive applications. Since only a single color
component is available at each spatial position of the CFA output,
the restored color image is obtained by interpolating the missing
color components from the spatially adjacent CFA data.

Most of the available demosaicking designs introduce visual
artifacts in the form of blurred edges and false colors [7],[11],[15].

Therefore, demosaicked color image postprocessing techniques,

implemented either directly at the hardware level or as an addi-

tive software module, should be used to reduce visual impairments

introduced during CFA interpolation [12]. The proposed method
accepts a full color restored image as input and corrects the pre
viously interpolated components by way of the original CFA data
(not affected by interpolation and thus present in the interpolated
image) and edge-sensing weights. This can be treated as either
correction procedure incorporated as the last step in a demosaick
ing scheme or as an independent postprocessing operation.

2. PROPOSED POSTPROCESSING/CORRECTION STEP

Since there is no method to objectively determine whether or not a
color component is inaccurate, the proposed postprocessing frame
work utilizes the differences between the interpolated color com-
ponents and the original Bayer CFA data included in the restored
color output to complete the task [12].

Let us consider &; x K> color imagex(p, q) : Z2* — Z*
representing a two-dimensional matrix of three-component color
samplesx(, o) = (T(p.)1> T(p.q)2: T(p,a)3) € Z°. Assuming that
p=1,2,...,K;andg = 1,2, ..., K> denote the spatial position of
a pixel in the vertical (image rows) and horizontal (image columns)
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Fig. 1. Bayer CFA pattern [2].

directions respectively, the restored color imagpg, ¢) is obtained

by a conventional Bayer CFA patterhig.1) based demosaicking
scheme using the original R and B CFA components located at
(odd p, even q) and (even p, odd q) respectively, and original

G components in the rest of the locations.

Employing the spectral correlation between the G and R (or
into the
proposed correction process further improves the color appearance
in the rest ofx(p, ¢). Based on the color-difference model of [1],
which is widely utilized in demosaicking [5],[6],[9],[13],[14], the
proposed postprocessing scheme re-evaluates the interpolated G
components, .2 as follows:

2 (igyee Wi (Tah2 — T k)
Z(i,j)e( W(s,5)

@)

T(p.g)2 = T(pq)k T

1), (p,q+1),(p+1,q)} denotes

the spatial locations of the original G CFA components surround-
ing the interpolated locatio(p, ¢). As can be seen iRig.23a, the
griginal G CFA components form a diamond-shape mask on the
Image lattice. The values; ;) are edge-sensing weights,, ;)
denotes the original R (or B) component at the position being con-
sidered, andx(; j)2 — z(,;j)%) denotes the differences between
the surrounding original G components and the previously inter-
polated R (or B) outputs. Ifp, ¢) is a position which corresponds

to a Bayer pattern R component, thee- 1 is used. Otherwise the
position corresponds to a Bayer pattern B componentaad3.

The color differencéx; j)» — x(; j)x) used in (1) exhibits a
reduction in high-frequency components compared to the individ-
ual color planes. Thus, the averaging operation in (1) results in
a smaller estimation error compared to the error produced by an
interpolator operating on the original R or B components. The uti-
lization of z(,, 4yx in (1) preserves the high frequency components
of the original R and B color channels since the addition @f,)

to the normalized weighted sum scales the interpolator’s output to
the desired intensity range.

where¢ = {(p — 1,9), (p,q —
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Fig. 2. Spatial arrangements of the pixels and shape-masks ob-Fig. 3. Test color images: (a) Lighthouse, (b) Parrots, (c) Train,
tained during the proposed postprocessing. (d) Bikes.

Eachz(; ;), is associated with a positive, real-valued, edge- the process forms a spatial arrangeméig.ec,d similar to the
g denes e 11 (1) whre 7EUSEd 1 e G oot coectemn Asefr, e
f(-) is a function of the aggregated absolute differedge;) = R (or E?) compgﬁ[g?]m e o e Tt 9
2 (g,mec |65k — Z(gn| between the CFA inputs; ), and which now form the dia(rﬁ]oﬁ[ij)-shz;s’eqma)lsk sﬁéﬁﬁf’gﬁcfﬁﬁd?n-
Z(g,n)k- Since thek in z(; ;)x should correspond to the interpo- tical to (1) With¢ = {(p—1,), (0, q—1), (0 g+ 1), (p+1,q)},
lated output, G inputs;; ;)» are used to determine; ;) in (1). the weighting coefficientsy; ;) are calculated using the R (or B)

The actual shape of the functigitd, ;) determines the prop- components:; ,, for (i ‘)’é as the inouts
erties of the weights. In this work, the weights in (1) are imple- P (L3)k hJ) €6 puts.
mented using the following form:

3. EXPERIMENTAL RESULTS
wei ) = [1+day) ™ (2)
o o A number of color images have been used to evaluate the proposed

The weighting coefficientsu; ), for (i,j) € ¢, reflect the postprocessing framework with representative examples shown in
accuracy of the input components ;. with respect to the Bayer  Fig 3. Allimages have been normalized to the standdix 512,
data structural content. When no edge is positioned across theg_pit per channel RGB representation, except for the Lighthouse
considered directions, the corresponding aggregated absolute dlfjmage which is768 x 512 in size. The tests were performed
ferenced,; ;) is small and the CFA component; ;) iS not pe-  py sampling the images with the Bayer CFA pattern to obtain a
nalized. If thez(; jx andz(y,»), used in calculating; ;) are lo- Bayer pattern image [11], demosaicking with a number of differ-
cated across an edge, the corresponding absolute diffefienge  ent schemes, then applying the proposed method to the restored
increases and the corresponding ;) is appropriately penalized  jmages. Performance was measured by comparing the original
viaw ;) of (2). o ~ full color images with the demosaicked images obtained with and

Through the normalization procedure of (1), two constraints yithout the postprocessing/correction step. The mean absolute er-
necessary to ensure that the outpys ). is an unbiased solu-  ror (MAE), mean square error (MSE), and normalized color differ-
tion are satisfied. Namely, i) each weight is a positive number, ence (NCD) criterion were used to provide numerical results [16].
w(,5) = 0, and ii) the summation of all the weights is equal to The following demosaicking schemes were used for the tests:
U”ityz(i,j)ec <w(¢,j)/ Z(g’h)eg w(g,h))- saturgltion based adaptive inverse gr.adielnt (SAIG) [3], §mooth hue

The utilization of the corrected G components obtained via transition approach (SHT) [4], median filter interpolation (MFI)
(1) for the correction of the interpolated R and B components im- [2]: @daptive color plane interpolation (API) [6], edge map in-

proves contrast in both the R and B channels of the restored colori€rPolation (EMI) [7], principle vector method (PVM) [8], color

imagex(p, ¢). This correction step completes the proposed post- correlation-c_i?rectiqnal deriva_tives (C2D2) [9] Kimm_el’s algori_thm
processing scheme. First, the R (or B) components on positions(<A) [10], bilinear interpolation (BI) [11], bilinear-difference in-
with original B (or R) CFA data are corrected as follows: terpolation (BD) [14], and nearest neighbor interpolation (NNI)

[15].
Z(i’j)ec Wi, ) (T, )k — Ti,5)2) Some visual results in critical image regions are showigs.
T(p,q)k = T(p,q)2 T S wy 3 4—7 and the numerical results are summarizedables 1-4 As
(ig)ec (1) can be seen from the numerical results, the proposed method pro-
where¢ = {(p—1,q—1),(p— Lg+1),(p+1,¢— 1), (p + vides modest to significant improvement for almost all cases. In

1,q + 1)} andk denotes either the R(= 1) or B (k = 3) color Fig.4,. the fine structure presenlts a pa.rticular diffi(;ulty for demo-
components begin corrected. The samplg, » is the (previously saicking schemes and results in blurring and various false colors
corrected) G component located at the center of four surround-Surrounding the structure. After applying the proposed correc-
ing R (Or B) COMPONENtS (1.4 1)k» T(p—1.g41)k» T(pt1.q—1)ks tion step, these effects are significantly reduced. The other im-
Z(p41.411)s TOrMing a square-shape madkid.2b). The compo- ages exhibit S|m|Ia_r results with the most &gmf_ncqnt improvement
nents(z; ;)x — (:.;)2) are color-difference quantities. Note that achieved when using the Bl and PVM demosaicking schemes.
eachxz; jx, for (1,5) € ¢, is associated with the weighi; ;)
of (2) calculated using original R (or B) componemtg_1 4—1), 4. CONCLUSIONS
T(p—1,q+1)k» T(p+1,q—1)ks ANAT(p41,g4+1)% S the inputs.

The correction step (3) updates only third of the interpolated A demosaicked color image postprocessing technique was pre-
R and B values, therefore, an additional correction step of (3) is sented. Color images restored using a demosaicking scheme are
needed in order to complete the R and B componeps) lo- postprocessed/corrected in order to reduce color artifacts and blur-
cated at positions with original G CFA data. It can be seen that ring. Edge-sensing weights and color-difference based postpro-
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Fig. 4. Enlarged region of the original Lighthouse image (a), and Fig. 6. Enlarged region of the original Train image (a), and the re-
the restored outputs (b)-(f) before (top image) and after (bottom stored outputs (b)-(f) before (top image) and after (bottom image)
image) postprocessing: (b) Bl, (c) PVM, (d) KA, (e) BD, (f) EMI.  postprocessing: (b) API, (c) MFI, (d) KA, (e) C2D2, (f) BD.

(a) (b) (©)

m ' >m

(d) © ®

Fig. 5. Enlarged region of the original Parrots image (a), and the Fig. 7. Enlarged region of the original Bikes image (a), and the re-
restored outputs (b)-(f) before (top image) and after (bottom im- stored outputs (b)-(f) before (top image) and after (bottom image)
age) postprocessing: (b) Bl, (c) PVM, (d) KA, (e) BD, (f) EMI. postprocessing: (b) API, (c) MFI, (d) BI, (e) C2D2, (f) BD.
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cessing achieve both robust performance and excellent results, in
terms of both objective and subjective image quality measures.
The proposed method can be implemented as either a correction
step incorporated directly into a demosaicking scheme, or as a
postprocessing operation performed at a later time. In either sce-
nario, the technique is capable of significantly increasing the qual-
ity of color images derived from single-sensor imaging devices.
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Table 1. Objective results for the image Lighthouse.

Type before postprocessing after postprocessing
Method | MAE MSE NCD | MAE MSE NCD
SAIG 2.570 24.3 0.0403 1.790 9.5 0.0286
SHT 3.619 58.5 0.0522 2.234 20.8 0.0329
MFI 2.341 31.8 0.0380 1.754 13.3 0.026]
API 1.817 12.7 0.0298 1.435 7.0 0.0232
EMI 2.322 23.1 0.0370 1.491 8.3 0.0236
PVM 2.364 235 0.0366 1.542 8.6 0.0246]
C2D2 | 2.005 16.2 0.0301 1.483 7.9 0.0231
KA 2.241 19.4 0.0365 1.817 9.6 0.0296
BI 4468 108.3 0.0653 1.859 13.9 0.0283
BD 2.149 19.7 0.0321] 1.725 12.7 0.0262
NNI 6.075 2145 0.0927 2.337 22.6 0.0354

Table 2. Objective results for the image Parrots.

Type before postprocessing after postprocessing
Method | MAE MSE NCD | MAE MSE NCD
SAIG 1.739 12.1  0.0224 1.571 8.0 0.0219
SHT 1.925 18.8 0.0245 1.445 8.3 0.0201
MFI 1.198 7.2 0.0172] 1.139 5.1 0.0165
API 1.238 6.2 0.0173] 1.200 55 0.0168
EMI 1.598 16.9 0.0207] 1.259 6.6 0.0176
PVM 1.531 11.8 0.0199 1.187 55 0.0166
C2D2 1.216 6.2 0.0163 1.153 5.1 0.0162
KA 2.688 94.6 0.0357 1.991 185 0.0270
BI 2.128 31.4 0.0262 1.173 5.6 0.0167
BD 1.202 6.0 0.0170 1.221 6.2 0.0172
NNI 3.317 84.0 0.0430 1.597 11.6 0.0219

Table 3. Objective results for the image Train.

Type before postprocessing after postprocessing
Method | MAE MSE NCD | MAE MSE NCD
SAIG 5985 166.9 0.0866 3.563 53.5 0.0568
SHT 7.759 257.7 0.1085 4.002 65.2 0.0630
MFI 4873 109.9 0.0798 3.464 51.9 0.0546
API 5.037 117.7 0.077§ 3.522 55.5 0.0556
EMI 5.795 170.6 0.0845 3.523 57.5 0.0547
PVM 6.780 214.3 0.0958 3.700 60.5 0.0565
C2D2 4884 113.0 0.0702 3.148 44.3 0.0493
KA 4.562 91.8 0.0710 3.657 54.5 0.0600
BI 10.569 466.4 0.145Q 4.141 73.9 0.0662
BD 4.622 85.8 0.0744 3.458 50.1 0.0571
NNI 14.416 986.6 0.208Q 5.124 112.4 0.082§

Table 4. Objective results for the image Bikes.

Type before postprocessing after postprocessing
Method | MAE MSE NCD | MAE MSE NCD
SAIG | 3.375 53.1 0.0768 2.330 18.4 0.0595
SHT 4.842 94.8 0.1025 2.612 23.3 0.0649
MFI 2.540 27.4 0.0620 1.882 135 0.0452
API 2.335 22.6 0.0551 1.915 14.0 0.0467|
EMI 3.332 58.8 0.0744 2.177 19.6 0.0529
PVM 3.644 59.0 0.0791 2.155 17.4  0.0521
C2D2 2.481 26.7 0.0545 1.820 12.6  0.0447
KA 3.410 71.7 0.0792 2.821 30.9 0.0720
BI 6.117 157.1 0.1209 2.165 17.4  0.0527
BD 2.396 20.5 0.0581 1.960 14.2  0.0479
NNI 8.903 352.7 0.0188 3.040 33.9 0.0726
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