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Abstract—In this paper, we present a novel image acquisition
framework capable of reconstructing high bit-depth images using
an array of low bit-depth scalar quantizers. Our key contribution
is a codesign of pixel quantization and reconstruction in image
acquisition pipeline. Different from the traditional image acquisition scheme, where each pixel value is quantized and reconstructed
independently, the proposed framework is designed based on the
interpixel correlations in local image regions. The interpixel correlations imply that quantized pixel values of adjacent locations can
be interpreted as multiple descriptions of a common pixel value.
Because combining multiple descriptions leads to reduced uncertainty, a pixel value with higher bit depth can be reconstructed by
exploiting the interpixel correlations. In this paper, we propose to
inject an embedded quantization bias (EQB) to the prequantized
image signal and feed the sum to scalar quantizers. Injecting EQB
has the same effect as shifting the quantizers by different amounts
at different pixel locations, driving the quantized values of adjacent
pixels to form informative descriptions of a common pixel value.
We present comprehensive studies on this framework, including
the optimal design of the EQB signal, the reconstruction strategies
for noisy input, and generalized assumptions on interpixel correlations. We show in the experiments that the proposed image acquisition framework significantly outperforms the competing methods
and effectively improves the quality of the reconstructed images.
Index Terms—Image acquisition, quantization, high bit-depth.

I. INTRODUCTION
OR efficient representation and processing, a continuousdomain continuous-amplitude image signal is converted
to discrete-domain discrete-amplitude image signal in digital
cameras [1]. The fixed array of image sensors accounts for
the discretization in spatial domain (i.e. sampling), while the
discretization in amplitude is achieved by pixel-domain scalar
quantization. A scalar quantizer of bit-depth b maps a pixel value
to one of 2b discrete amplitude levels, so a high bit-depth (HBD)
image becomes low bit-depth (LBD) after quantization. This
process — the scalar quantization of pixel values— inevitably
introduces distortions to the resultant LBD image. A well-known
rule in scalar quantization is the “6dB per bit rule” [2], meaning
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an increment of 1 in bit-depth approximately leads to 6dB’s gain
in peak signal-to-noise ratio (PSNR) of the quantized signal.
On one hand, since HBD means finer granularity and smaller
quantization distortions of the acquired signal, it is a desired
property for images from several aspects: 1) HBD images are
less likely to suffer from visible contouring artifacts (aka banding artifacts) [3] because false contours occurs when the original
bit-depth is insufficient to accurately sample a continuous gradation of color tone; 2) HBD can be beneficial in numerical computations. For example, HBD provides greater accuracy for the
miscellaneous prediction processes involved in inter/intra prediction and in-loop filtering in video compression [4], [5]; and 3)
HBD is favored in applications that are sensitive to quantization
distortions. For example, in depth image-based rendering [6],
distortions in depth maps would lead to annoying positional errors in the synthesized color views. On the other hand, in some
cases LBD images are inevitable or favorable than HBD ones
due to the capacity and bandwidth limitations of the acquisition
or processing systems [7], [8]. So the problem of reconstructing
HDB images from LBD ones is of high importance. Another
driving factor of HBD image acquisition methods is the development of display devices. Modern display devices can offer a
much higher bit-depth compared to CRT displays [9]. When an
LBD image is displayed on an HBD display, contouring artifacts
would arise due to the stretched gap between pixel intensities especially when the spatial resolution of display devices is becoming higher. Thus there is an increasing demand on acquisition of
HBD image content.
In technical terms, image acquisition is the procedure of attaining an h-bit image x̂ from an input pre-quantized image
x ∈ RN using an array of b-bit scalar quantizers. In traditional
scalar quantization as shown in Fig. 1(a), h = b, i.e. bit-depth
of the acquired image x̂ equals that of the quantizer. In order
to acquire HBD images (h > b), one may naively replace b-bit
quantizers with HBD ones, but that requires higher technical
challenges and costs [10]. In this work, we study the following problem: how to acquire HBD image signals (h > b) using
existing b-bit scalar quantizers?
The basic idea of this work originates from the concept of multiple descriptions (MD). MD means that when more than one
observations for the signal are received and each contains partial information of the signal, combining the information from
MD improves the estimation accuracy of the signal [11], [12].
For example, in MD scalar quantization, a scalar x is quantized
by several quantizers and the quantized values {y1 , y2 , . . . , yN }
are the N descriptions of signal x. As a motivating analogy,
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Fig. 2. An example of key variables of the proposed framework. From left to
right: the ground truth image x, the LBD image produced by 4-bit quantization
of x, the LBD image y produced by 4-bit quantization of x + δ eqb , and our
reconstructed HBD image x̂eqb . For proper visualization, pixel values of 4-bit
images are linearly mapped to 8-bit.

the proposed co-design of quantization and reconstruction
improves the bit-depth of the acquired images as Fig. 2 shows.
Fig. 1.

Traditional and the proposed image acquisition frameworks.

consider x = 2.5 is quantized by two different quantizers with
quantization step size being 2: one description y1 = 3 indicates
x ∈ (2, 4) and the other y2 = 2 indicates x ∈ (1, 3). With both
descriptions available, we are able to restrict x to a smaller range
(2, 3), leading to an estimation of x with higher bit-precision
(and reduced quantization distortion). In general, the more descriptions are received, the higher the precision of the estimated
signal would be. Regarding the problem of image acquisition, a
pixel value xi is quantized to value yi by a b-bit scalar quantizer
in the traditional framework. By the idea of MD, for each pixel i,
one may naively quantize the same xi several times using different quantizers to form MD and thus to achieve higher bit-depth
h > b. But the obvious drawback is the significant increase of
the bandwidth requirement of the image sensor due to the redundant representations. Thus the original MD scalar quantization
does not bring real virtue to this problem.
In order to overcome the drawbacks of traditional image
acquisition (low bit-depth) and MD scalar quantization (high
bandwidth requirement), we propose a new image acquisition framework that reconstructs HBD images (h > b) while
keeping the bit-rate almost unchanged. Instead of quantizing
each pixel value xi into several redundant quantized values
{yi,1 , yi,2 , . . . , yi,n }, we still quantize xi into a single quantized
value yi but use the quantized values of neighboring pixels
{yj : j is i s neighbor} to help reconstruct the pre-quantized
pixel value xi . The block diagram of proposed framework is
shown in Fig. 1(b), where we see that proposed framework has
two stages: quantization stage (to be discussed in Section IV)
and reconstruction stage (to be discussed in Section V). At the
quantization stage, different from the traditional acquisition
shown in Fig. 1(a), the pre-quantized signal x and a designed embedded quantization bias (EQB) signal δ eqb are added together
for scalar quantization. At the reconstruction stage, the neighboring quantized pixel values are aggregated for HBD image
reconstruction. Essentially, the reconstruction is the process of
combining MD of the pre-quantized pixel values, and injecting
EQB is dedicated to producing informative MD. As a whole,

II. RELATED WORK
This section reviews related works on reducing the image distortions caused by pixel-domain scalar quantization. The most
straightforward method is zero-padding, which just appends ‘0’
after the least significant bit (LSB) of the LBD value to achieve
HBD one. Another naive method, multiplication by an ideal
gain, converts the LBD value to HBD one through multiplying the former by a constant, length of HBD range divided by
the length of LBD range. Bit replication [13] appends the most
significant bits of LBD after its LSB to derive the HBD value.
These naive methods are all one-to-one mapping and can’t suppress the quantization distortions of the images essentially. Thus,
they tend to demonstrate false contours in smooth regions. To
remove the false contours, some filter-based methods have been
proposed. In [14], Liu et al. computed a coarse HBD image
by naive method first and then went through a low-pass filter
to approximate the true HBD image. A similar but improved
decontouring method (DEC) [15] predicted the quantization error of the pre-quantized HBD image in low frequencies using a
low-passed LBD quantized image.
Another major category of bit-depth expansion methods is
interpolation-based algorithms. In [16], Cheng et al. proposed
to enhance image bit depth with contour region reconstruction
(CRR). It computes the pixel’s distances to nearest upward and
downward contour edges. Then the HBD pixel value is estimated by linear interpolation based on the ratio of two distance
maps. Later on, [17] proposed a content-adaptive (CA) bit-depth
expansion model that enhances CRR by dealing with the local
maximum/minimum pixels additionally. Pixels are categorized
into local extreme/no-extreme regions and then bit-depth is enhanced using 1-D/2-D interpolation respectively. Other methods
include a graph signal estimation approach (ACDC) [18] as well
as a neural network based approach [19]. Recently, inspired by
scalar potential fields, Liu et al. proposed an intensity potential
field approach (IPAD) [20] to model the complicated relationships among pixels.
It is worth noting that the methods mentioned above endeavor
to reduce quantization distortions for image signals that have
already been quantized. So they do not have the flexibility of
modifying the quantization stage, and thus are post-processing
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techniques for traditional image acquisition rather than new image acquisition schemes. To the authors’ best knowledge, our
previous work [21] is the first attempt in literature exploit interpixel correlations during signal acquisition by co-design of the
quantization and reconstruction stages for improved bit-depth
of the acquired images. Compared to [21], this work has the
following major improvements: 1) we prove that the fixed EQB
signal proposed in [21] is optimal in terms of minimizing the
mean-square-error (MSE) of reconstructed images under mild
conditions; 2) [21] did not consider the signal noise. In this
work we take Poisson-Gaussian noise into consideration and
analyze the framework using probabilistic modeling, leading to
a reconstruction Algorithm 3 that is effective for noisy input; 3)
[21] assumed the pre-quantized pixel values are locally constant,
which only accounts for a restricted class of interpixel correlations. In this work we extend the assumption on interpixel correlations and propose Algorithm 4 to reconstruct a wider range
of image signals. To sum up, Algorithm 3 is a generalization
of Algorithm 2 (the deterministic reconstruction algorithm first
presented in [21]) in terms of randomness; and Algorithm 4 is a
generalization of Algorithm 2 in terms of interpixel correlations.
These two extensions effectively overcome the shortcomings of
[21] and we verify the effectiveness of proposed new algorithms
by extensive experiments.
The rest of this paper is organized as follows. We first
define the image acquisition problem and discuss the interpixel
correlations in Section III. Sections IV and V then elaborate the
acquisition stage and the reconstruction stage of the proposed
framework, respectively. We also discuss image reconstruction
under generalized assumptions on interpixel correlations in
Section VI. At last, we show experiment results in Section VII
and draw conclusions Section VIII.
III. PROBLEM FORMULATION
This section introduces the basic concepts of image acquisition problem, including uncertainty range and interpixel
correlations. We first review the traditional image acquisition
framework. Then we show that high bit-depth (small quantization distortion) can be alternatively achieved by shortening the
uncertainty ranges. At last, we discuss exploiting the interpixel
correlations to obtain smaller uncertainty ranges and thus
improved bit-precision of the reconstructed images.
A. Uncertainty Range and MSE
1) Scalar Quantization and Uncertainty Range: In traditional image acquisition, an H × W image is quantized by an
array of identical scalar quantizers. We denote the input prequantized image as x = [x1 , x2 , . . . , xHW ] ∈ RHW . Without loss of generality, a pixel at row ri ∈ {1, 2, . . . , H} and
column ci ∈ {1, 2, . . . , W } is index by i = (ri − 1)W + ci ,
and the pixel value is xi ∈ [0, 1). We denote the scalar quantizer as quant(·) whose bit-depth is b and quantization step
size is Q = 1/2b . For each pixel i, the quantized pixel value
yi = quant(xi ) ∈ [0, 1) lies at the center of the corresponding
quantization bin.

Quantization poses a hard constraint on the pre-quantized
Q
xi : xi ∈ [yi − Q
2 , yi + 2 ), ∀i. Therefore the uncertainty range
(UR) of xi given the quantized value yi is:1


Q Q
Si (yi ) = yi + − ,
,
(1)
2 2
which we call the self uncertainty range (self-UR) as Si (yi ) is
determined by its own quantized value. We further define three
functions on a UR S: lwb(S) and upb(S) returns the lower bound
and upper bound of S, respectively, and len(S) = upb(S) −
lwb(S) is the length of the UR. Obviously, for the self-UR Si (yi )
Q
in (1), we have lwb(Si (yi )) = yi − Q
2 , upb(Si (yi )) = yi + 2 ,
and len(Si (yi )) = Q (the quantization step size).
2) MSE as a Function of Uncertainty Range: Assuming that
pre-quantized xi is uniformly distributed within the UR, the
minimum mean-square-error (MMSE) estimate x̂i is the center
of the UR, whose expected MSE is
MSE(x̂i ) =

1
Q̂



x̂i + Q̂
2
x̂i − Q̂
2

(xi − x̂i )2 dxi =

Q̂2
,
12

(2)

where Q̂ is the length of the UR of xi . We see that statistically a
smaller UR translates to reduced MSE and thus higher bit-depth,
so the problem of HBD image acquisition can be alternatively
solved by shortening the URs for pixel values.
Traditional acquisition, as is shown in Fig. 1(a), simply treats
quantized yi as the reconstructed pixel value x̂i for each pixel
i (UR of xi is simply the self-UR Si (yi ) with length Q̂ = Q).
However, real-world image signals have strong interpixel correlations [22]. The conservative design of the traditional acquisition framework fails to utilize this useful information. Next we
characterize the interpixel correlations in image signals and discuss how the strong correlations contribute to smaller UR with
Q̂ < Q.
B. Interpixel Correlations and MD
1) Neighboring Pixels as MD: For a pixel i, its (2k + 1) ×
(2k + 1), k ∈ Z≥0 spatial neighborhoods form a set Ni . In applications that require memoryless sequential processing, one
may also define Ni as the set of causal neighbors (the upper
half of the (2k + 1) × (2k + 1) patch); see Fig. 3 for an example. The relation between two neighboring pixel values xi
and xj can be represented, without loss of generality, by value
di,j = xi − xj .
Next we analyze how neighboring pixels can help to reduce
the length of UR. Suppose ideally we know all di,j values, then
given the quantized values yi and yj , we have
xj = xi − di,j ∈ Sj (yj )
⇐⇒ xi ∈ Sj (yj ) + di,j  Si (yj , di,j ),

(3)

where Si (yj , di,j ) is the UR of xi provided by quantized value
of another pixel j. In contrast to the self-UR Si (yi ), we call
1 By adding a scalar c to a line interval S = [a, b), we mean moving the whole
interval by c, i.e., [a + c, b + c).
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Fig. 3. An example of neighbors and selected neighbors of pixel i when k = 2.
To reconstruct xi , we can choose to use all neighbors (the 5 × 5 patch in left
figure) or only the causal neighbors (right figure shows the case of raster scan
order causal neighbors, upper half of the 5 × 5 patch). In this exmple, pixels
are from two different objects separated by a boundary (dashed red line). Pixels
selected according to (6) are marked gray here.

Si (yj , di,j ) a cross uncertainty range (cross-UR). Note that selfUR is a special case of cross-UR: Si (yi ) is short for its complete
form Si (yi , di,i ) where di,i ≡ 0 by definition.
Considering all neighbors, the cross-URs {Si (yj ) : j ∈ Ni }
essentially form MD of xi . Combining the MD leads to xi ’s new
UR— the intersection of the cross-URs:

Si (yj , di,j ),
(4)
Tiideal =
j∈Ni

which is termed the joint uncertainty range (joint-UR) of xi .
The joint-UR always satisfies len(Tiideal ) ≤ len(Si (yj , di,j )) =
Q by the nature of set intersection. By (2), an HBD estimate of xi
can be obtained as the center of joint-UR: x̂i = 12 (upb(Tiideal ) +
lwb(Tiideal )).
2) Zero-Order Assumption: However, in practice we certainly cannot know all di,j values for an image x, otherwise
we essentially know the AC component of the image. Therefore
we need an assumption to characterize the interpixel correlations so that we can leverage on neighboring pixels to obtain the
joint-UR (4).
The physical light stimuli of the scene to be captured is continuous in intensity except for sharp transitions (e.g. light emitting/reflected from different objects). On the captured image, it
means the pixel values in a small local neighborhood (small k)
are very similar in most cases. Above observation asymptotically holds true as k → 0. Inspired by this Markov property of
the image signal [22], we make the following assumption on
interpixel correlations:
di,j = 0, if j ∈ Ñi ,

(5)

Ñi = {j : j ∈ Ni , Si (yi ) ∩ Sj (yj ) = ∅}

(6)

where
is the set of selected neighboring pixels for pixel i. The Si (yi ) ∩
Sj (yj ) = ∅ in above equation implies P r(xi = xj ) = 0. The
intuition behind (5) is simple: if a neighboring pixel j has a
very different quantized pixel value (e.g. i and j are on two
sides of an edge), then it is almost impossible to know or model
the di,j value. In that case, the yj does not provide useful
side information for a preciser estimate of xi , so we exclude
j from the set of selected neighbors. An example is shown
in Fig. 3.
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Fig. 4. An example that shifted quantizers reduce the length of joint-UR. i
is the current pixel, j is its neighbor. We see in traditional quantization (left
figure), combining cross-URs does not reduce the length of the joint-UR. With
the shifted quantizers (right figure), the joint-UR of xi is shortened.

Now the joint-UR becomes the intersection of the cross-URs
of selected neighbors (6):

Si (yj , 0),
(7)
Ti =
j∈Ñi

whose center is an HBD reconstructed pixel value because
len(Ti ) < Q by the nature of set intersection.
Eq. (5) characterizes the interpixel correlations by assuming x
is constant at the selected pixels in a local region. Since a constant
signal is a polynomial of degree 0, we call (5) the zero-order assumption on interpixel correlations. By virtue of its effectiveness
and simpleness, the zero-order assumption lays the foundation
of our previous work [21] and part of this work. In Section VI,
we also discuss higher-order assumptions to characterize other
types of interpixel correlations.
IV. PROPOSED FRAMEWORK: QUANTIZATION STAGE
This section presents the quantization stage of proposed image acquisition framework; see Fig. 1(b). We first show that
interpixel correlations cannot contribute to a smaller UR in traditional quantization. To deal with the drawback of traditional
quantization, we propose to inject an auxiliary signal into x so
that the quantized pixel values y naturally form MD that can be
utilized for shortening UR in the following reconstruction stage.
We also study the optimal design of the EQB signal at the end
of this section.
A. Drawback of Traditional Quantization
By the previous analyses, zero-order assumption leads to the
joint-UR (7) with len(Ti ) ≤ Q. However, in traditional pixeldomain scalar quantization, calculating joint-UR always leads
to the worst case: len(Ti ) = Q. The reason is that the quantizers
at all pixel locations are identical, so Si (yi ) ∩ Sj (yj ) equals to
either ∅ or Si (yi ) itself, as is illustrated in Fig. 4(a). By the zeroorder assumption, selected neighbors satisfy Si (yj , 0) = Sj (yj )
and therefore Sj (yj ) = Si (yi ), which means Ti = Si (yi ) and
len(Ti ) = Q. In other words, the joint-UR obtained by (7) is
nothing but the self-UR, so combining MD (taking intersection
of cross-URs) does not help shorten the joint-UR in the traditional acquisition framework.
The fact that traditional quantized pixel values do not preserve useful correlation information between pixels suggests us
to design new quantization scheme. The new scheme should be
able to well exploit the interpixel correlation so that the resultant
joint-UR has smaller length.
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B. Embedded Quantization Bias
In order to deal with the problem discussed in the previous
section, we propose to intentionally shift the quantization bins
at pixel i towards the positive direction by amount δis . In the
example of Fig. 4, in contrast to (a) where len(Ti ) = Q, the
joint-UR in (b) satisfies len(Tieqb ) = Q/2 because the self-UR
Si (yi ) and cross-UR Si (yj , 0) are no longer fully overlapped
thanks to the shifting. In other words, shifted quantizers are able
to exploit the interpixel correlations to shorten joint-UR.
(·).
The shifted quantizer at pixel i is denoted as quantshift
i
By definition, the quantization bin centers are all increased by
amount δis , so the quantized value of xi becomes yi∗ + δis . Here
yi∗ is the bin center of the unshifted quantizer, but its value is
determined by which quantization bin xi − δis falls into. Therefore
(xi ) = quant(xi − δis ) + δis .
quantshift
i

(8)

That means shifting a quantizer by δis can be equivalently
achieved by adding −δis to the signal xi and quantizing the
sum using the non-shifted quantizer. So we define the embedded
quantization bias (EQB) signal as
δieqb = −δis , ∀i,

(9)

which is injected to the pre-quantized signal before quantization,
see Fig. 1(b). With the injected EQB signal, the actual quantized
pixel value y becomes
yi = quant(xi + δieqb ).
By (8) and (9), the self-UR of xi becomes


Q Q
eqb
Si (yi ) = yi + − ,
− δieqb ,
2 2

(10)

(11)

which is a shifted version of the traditional self-UR (1). By the
zero-order assumption, cross-UR becomes
Sieqb (yj , 0) = Sjeqb (yj ).

C. Designing the EQB Signal
Injecting the EQB signal exploits the interpixel correlations,
which leads to shortened joint-UR and thus improved bitprecision. However, design of the EQB signal δ eqb is non-trivial.
On one hand, EQB has to be known at the signal reconstruction
stage, so its representation should be simple for efficient transmission. On the other hand, the EQB signal should be good at
shortening the joint-UR. Next we discuss two possible designs:
random EQB and fixed EQB.
The most straightforward EQB design is to let δieqb , ∀i be an
Q
instance of a random variable uniformly distributed in [− Q
2 , 2 ).
The random EQB is similar in spirit to dithering [23], with the
distinction that EQB is for the purpose of constructing MD rather
than randomizing the quantization error. Another strategy is to
design δ eqb such that it is optimal under some image quality
metric. In our previous work [21], we proposed a (2k + 1) ×
(2k + 1) basic pattern composed of L = (2k + 1)2 fixed values:
{δjeqb , j ∈ Ni } =

(12)
0,

So the joint-UR of xi in the proposed framework is

Tieqb =
Sieqb (yj , 0)
j∈Ñieqb



 
Q Q
yj − δjeqb + − ,
,
2 2
eqb

(13)

Ñieqb = {j : j ∈ Ni , Sieqb (yi ) ∩ Sjeqb (yj ) = ∅}

(14)

=

Fig. 5. Proposed fixed EQB signal obtained by tiling a 3 × 3 basic pattern
(k = 1). The basic pattern is composed of nine EQBs (15): (b1 , . . . , b9 ) =
Q
9 (−4, −3, . . . , 4). Note that any 3 × 3 neighborhood (such as the one marked
by red line) contains all 9 distinct optimal EQB values.

j∈Ñi

where

is the selected set of neighbors similarly defined as (6).
By injecting EQB δ eqb to signal x, we avoid making any
changes to scalar quantizers. Compared to modifying the quantizer hardware for shifting, injecting the EQB signal is much
simpler and
 more convenient. Without loss of generality, we
eqb
Q
let δi ∈ − Q
2 , 2 , as shifting a quantizer by amount mQ +
δ, m ∈ Z is effectively shifting by δ.

− L−1
−Q Q −2Q 2Q
2 Q
, ,
,
,...,
,
L L L
L
L

L−1
2 Q

L

(15)
.

The fixed EQB signal is obtained by tiling this basic pattern
horizontally and vertically until it fills the size of image x. The
proposed basic pattern with k = 1 (3 × 3 neighborhood) and the
corresponding fixed EQB signal are shown in Fig. 5. The proposed fixed EQB signal has two advantages: 1) its representation
is very simple because the receiver can infer the EQB signal by
knowing only k and Q (which can be pre-determined, so in fact
nothing needs to be transmitted); 2) by injecting the proposed
fixed EQB signal, the reconstructed signal x̂ minimizes the expected MSE under the zero-order assumption.
Next we prove that the proposed fixed EQB signal is MSEoptimal under the zero-order assumption. Considering all pixels in i’s neighborhood, the self-UR Sieqb (yi ) is partitioned
into up to L sub-intervals by the boundaries of cross-URs
Sieqb (yj , 0), j ∈ Ni . Without loss of generality, we denote the
lengths of the L sub-intervals as lm , m ∈ {1, 2, . . . , L} (some
sub-intervals may have length 0 when there are less than L
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Algorithm 1: Fast Reconstruction.
Input: y, Q, δ eqb
Output: x̂eqb
1: for all i do
← yi − δieqb
2: x̂eqb
i
3: end for

Fig. 6. Test images used in the experiments. The first row: Kodak images (8bit). The second row: synthetic images (8-bit). The last three rows: high dynamic
range images (16-bit).

non-empty sub-intervals). By the zero-order assumption, the
signal at the local neighborhood is a constant value which we
assume to be uniformly distributed in xi ’s self-UR. Given the
constraints L
m=1 lm = Q, 0 ≤ lm ≤ Q, we seek the optimal
solution of {l1 , l2 , . . . , lL } that minimizes the expected MSE
2
L
L
lm lm
1
3
m=1 ( Q · 12 ) = 12Q
m=1 lm by (2).
Letting am = 1, bm = lm , p = 32 , q = 3 in the Hölder’s
1
L
L
L
p p
inequality [24]
m=1 |am bm | ≤ (
m=1 |am | ) (
m=1
1
|bm |q ) q , we have
L



L

 13



L



Q2
3
3
lm ≤ L
lm
lm
.
≥
12L2
m=1
m=1
m=1
(16)
,
∀
m
∈
{1,
2,
.
.
.
,
L},
The equality is achieved when lm = Q
L
meaning the boundaries of cross-URs uniformly partition the
self-UR Sieqb (yi ) into L sub-intervals.
Under the zero-order assumption, it is easy to verify that the
proposed L values in (15) exactly construct cross-URs (12)
whose boundaries uniformly partition the self-UR Sieqb (yi ).
Therefore the set of L EQB values in (15) is optimal in terms of
minimizing the expected MSE of reconstructed pixel value. As
we see in Fig. 5, the proposed fixed EQB signal has the good
property that any (2k + 1) × (2k + 1) neighborhood contains
exactly the L optimal EQB values. Therefore injecting the fixed
EQB signal guarantees MMSE reconstruction at any pixel location. We also verify the effectiveness of the proposed fixed EQB
signal in the experiments.
2
3

1
=⇒
12Q

V. PROPOSED FRAMEWORK: RECONSTRUCTION STAGE
Having obtained the quantized LBD image y (10) with injected EQB, this section illustrates the reconstruction stage of
the proposed image acquisition framework. A direct and fast
reconstruction method is summarized in Algorithm 1, which essentially does not make use of any information from neighboring

 for each pixel
 skip

pixels. Algorithm 1 can be alternatively viewed as a subtractive
dithering approach [25] where δ eqb is the dither noise. Compared to zero-padding, Algorithm 1 has the following advantages: 1. the reconstructed pixel value is the center of self-UR
rather than the lower bound of self-UR in zero-padding, which
reduces the estimation error; 2. the quantization distortion is randomized by virtue of dithering, which improves the perceptual
quality of the reconstructed image.
When considering pixel correlations, in the following paragraphs we introduce the deterministic reconstruction algorithm
for noise free input, and then extend it to a probabilistic
reconstruction algorithm for noisy input. We also show that
the deterministic reconstruction algorithm is a special case
of probabilistic reconstruction algorithm when noise variance
approaches to zero.
A. Fast Reconstruction
Our deterministic reconstruction also supports a direct fast
mode, the Algorithm 1, which is a special case of Algorithm 2
when τ = ∞. The fast mode is useful when the computational
resources are limited, which can be alternatively viewed as a
special subtractive dithering where δ eqb is the dither noise.
B. Deterministic Reconstruction
Recall that the joint-UR (13) with injected EQB is


 
Q Q
eqb
eqb
yj − δj + − ,
Ti =
,
2 2
eqb

(17)

j∈Ñi

where the set Ñieqb is non-empty because i ∈ Ñieqb . Next we
discuss the practical issues of calculating (17).
In practice there are cases where we choose not to calculate
the joint-UR: 1) Tieqb = ∅, which indicates the MD of xi do not
agree with each other and thus there is no reliable clue to estimate
an HBD xi ; and 2) the size of Ñieqb is very small, which indicates
the current local neighborhood does not follow the zero-order
=
assumption. In both cases we simply let the reconstructed x̂eqb
i
eqb
yi − δi , i.e. reconstruction only based on self-UR (11). Except
for the above two cases, joint-UR (17) is, by definition, confined
by the lowest upper-bound and highest lower-bound of the crossURs. As is discussed in Section III, the length of joint-UR is
smaller than quantization step size Q, thus we can reconstruct
as the center of the joint-UR:
an HBD pixel value x̂eqb
i
x̂eqb
=
i

upb(Tieqb ) + lwb(Tieqb )
.
2

(18)

Algorithm 2 summaries our deterministic reconstruction under zero-order assumption, which was first proposed in our
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Algorithm 2: Deterministic Reconstruction.
Input: y, Q, δ eqb , k, τ
Output: x̂eqb
1: for all i do
2: ctr ← yi − δieqb
3: Ñieqb ← selected neighbors
4: if

|Ñieqb |
(2k+1)2

 for each pixel
 by (14)

ni ∼ N (0, σn2 (xi ))
σn2 (xi ) = β1 xi + β2 ,

< τ then

5: x̂eqb
← ctr
 skip
i
6: else
7: ub∗ ← ∞, lb∗ ← −∞
8: for all j ∈ Ñieqb do
9: ub ← yj − δjeqb + Q
 upper bound
2
10: lb ← yj − δjeqb − Q
 lower bound
2
11: if ub < ub∗ then
 lowest upper bound
12: ub∗ ← ub
13: end if
14: if lb > lb∗ then
 highest lower bound
15: lb∗ ← lb
16: end if
17: end for
18: if ub∗ < lb∗ then
← ctr
 skip
19: x̂eqb
i
20: else
∗
∗
← ub +lb
 output (18)
21: x̂eqb
i
2
22: end if
23: end if
24: end for
previous work [21]. Parameter τ is a threshold determining
whether the size of Ñieqb is too small. Although [21] showed
good performance of Algorithm 2, there is a clear drawback in
it: the computation of joint-UR is sensitive to noise. We show in
the experiments that the performance of Algorithm 2 drops with
the increase of noise level. The reason is that noisy cross-UR do
not always leads to meaningful joint-UR for estimation of xi .
Next we discuss the signal reconstruction from the probabilistic
perspective, and propose a new algorithm to handle the noise
issue.
C. Probabilistic Reconstruction
In practice the pre-quantized image signal x is inevitably corrupted by noise such as the read noise and shot noise. This random disturbance can be well modeled as Poisson-Gaussian noise
and then the quantized signal yi becomes
yi = quant(β1 ni,p + ni,g + δieqb ),

particular, we can first estimate β2 using the captured image
with x = 0, and then estimate β1 using the estimated β2 and
the image captured with x = x0 . Following the literature, the
Poisson-Gaussian noise can be further approximated as a signaldependent additive heteroscedastic Gaussian noise n [27], [28]

(19)

where ni,p ∼ P(xi /β1 ) refers to the signal-dependent Poission
noise, and xn,g ∼ N (0, β2 ) refers to the signal-independent
Gaussian noise. The two parameters—β1 and β2 —characterize
the relationship between signal level xi and the noise strength.
They mainly depend on the characteristics of the camera sensor [26] such as ISO value (the measure of a sensor’s sensitivity
to light), and can be estimated beforehand using an image
pair (one captured with x = 0 and another with x = some
non-zero constant value x0 ) similar to the approach in [27]. In

(20)

where the variance of the noise σn2 (xi ) is a function of the
noise-free pixel value xi with parameters β1 and β2 . Then
quantized signal in the proposed image acquisition framework
becomes yi = quant(xi + ni + δieqb ); see Fig. 1(b).
To cope with the randomness introduced by n, next we model
the reconstruction stage of proposed framework in probabilities.
Our objective is to find the reconstructed image that minimizes
the expected MSE. The MMSE estimation [29] is the mean of
the posterior probability density function (PDF). Because the
posterior PDF f (x|y) of the whole signal x is intractable in
computation, we opt to use a conventional pixel-by-pixel processing approach as an approximation to the original objective.
In particular, we compute the posterior PDF f (xi |y) and then
the MMSE estimation of each individual pixel value xi using
the known y of its neighboring pixels:
f (xi |y) = f (xi |{yj , j ∈ Ni }).

(21)

interpixel correlations lie in the fact that adjacent pixels share
a common set of neighbors for reconstruction, which implicitly
poses local smoothness constraints on the reconstructed pixel
values. Before deriving the concrete form of f (xi |{yj , j ∈ Ni }),
let’s first study a simper case—the posterior PDF f (xi |yi ) with
single description yi .
1) Posterior With Single Description: We start from the easy
scenario where xi is reconstructed based on yi only. By Bayes’
(xi )
where f (yi |xi ) is the likelitheorem, f (xi |yi ) = f (yif|x(yi )f
i)
hood function and f (xi ) is the prior PDF. Since prior PDF f (xi )
is assumed to be uniform within the UR, the key component is
the likelihood function:
f (yi |xi ) = P r({quant(xi + ni + δieqb ) = yi }|xi )


 
Q
Q
= P r ni ∈ yi − xi − δieqb − , yi − xi − δieqb +
|xi
2
2




Q
Q
eqb
eqb
= Fn y i − x i − δ i +
− Fn y i − x i − δ i −
2
2
 

eqb
Q
yi − x i − δi + 2
1
√
erf
=
2
2σn (xi )


yi − xi − δieqb − Q
2
√
−erf
,
(22)
2σn (xi )
where Fn (x) = 12 [1 + erf( √2σx (x ) )] is the cumulative distrin

i

2
bution
 x function2 (CDF) of ni ∼ N (0, σn (xi )); the erf(x) =
2
√
exp(−ξ )dξ is the standard error function [30]. For sake
π 0
of efficient computation, we approximate the error function
using an analytical function [31].
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When σn approaches 0, (22) becomes f (yi |xi ) = 1 if |yi −
xi − δieqb | < Q
2 . This essentially defines the self-UR of xi in
the deterministic analyses. Therefore (22) can be viewed as the
analogy of self-UR in probabilistic analyses. Next we turn to
study the analogy of joint-UR in probabilistic analysis: posterior
PDF when multiple descriptions are available.
2) Posterior With Multiple Descriptions: In the multipledescription case, we are tasked to derive the posterior PDF
f (xi |{yj , j ∈ Ni }) where {yj |j ∈ Ni } is the set of neighboring quantized pixel values. Similar to the treatment of (6), we
consider only the selected neighbors whose di,j can be modeled
because an uncorrelated neighbor cannot provide any useful clue
for estimating xi . In particular, we define
Ñiext = {j : j ∈ Ni , Sjext (yj ) ∩ Siext (yi ) = ∅},

(23)

where


Siext (yi ) = lwb(Sieqb (yi )) − γ, upb(Sieqb (yi )) + γ

(24)

is termed the extended self-UR of xi , which includes a larger
feasible space of original xi due to the randomness introduced
by noise. γ is the parameter controlling the degree of extension.
When γ = 0, Siext (yi ) defaults back to Sieqb (yi ).
For probabilistic reconstruction, we relax the zero-order assumption (5) and assume di,j to be a random variable following
N (0, σd2 ) if j ∈ Ñiext and j = i. Because only the selected pixels in Ñiext contribute to the estimation of xi , the individual
posterior PDF in (21) becomes
f (xi |{yj , j ∈ Ni }) = f (xi |{yj , j ∈ Ñiext })
∝ f (xi )f ({yj : j ∈ Ñiext }|xi )

= f (xi )
f (yj |xi ).
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Algorithm 3: Probabilistic Reconstruction.
Input: y, Q, δ eqb , k, J, γ
Output: x∗p
1: for all i do
 for each pixel
2: ctr ← yi − δieqb
3: Ñiext ← selected neighbors (23)
|Ñiext |
(2k+1)2 < τ then
5: x̂eqb
← ctr
i

4: if

 skip
6: else
7: sum ← 0, sump ← 0
8: for all t ∈ {−J, . . . , J − 1, J} do
9: ξ ← ctr + Jt ( Q
2 + γ)
10: p ← 1
 uniform prior
11: for all j ∈ Ñiext do
12: p ← p · f (yj |xi = ξ)  likelihood
(22) (26)
13: end for
14: sum ← sum + ξ · p
15: sump ← sump + p
16: end for
← sum/sump
 MMSE by (28)
17: x̂eqb
i
18: end if
19: end for

we obtain the MMSE estimate [29] of xi as

eqb
x̂i = ξ · f (xi = ξ|{yj : j ∈ Ñiext }) dξ.

(27)

ξ

(25)

j∈Ñiext

When i = j, the likelihood function f (yj |xi ) is derived as
f (yj |xi ) = f (yj |xj = xi − di,j )
= P r({quant(xi − di,j + nj + δjeqb ) = yj }|xi )


Q
= P r nj − di,j ∈ yj − xi − δjeqb − ,
2
 
Q
yj − xi − δjeqb +
|xi
2
 

yj − xi − δjeqb + Q
1
2
√
erf
−
=
2
2σj


yj − xi − δjeqb − Q
2
√
−erf
,
(26)
2σj

where σj = σn2 (xj ) + σd2 is the standard deviation of the
zero-mean Gaussian random variable nj − di,j . When i = j,
f (yj |xi ) in (25) becomes the likelihood function (22).
Substituting (22) and (26) into (25) yields the posterior PDF
of xi with multiple descriptions. Having known the posterior,

In a word, our probabilistic reconstruction takes randomness
into account for improved noise-robustness. Algorithm 3 summarizes the proposed probabilistic reconstruction algorithm.
For the sake of efficient computation, we use summation to
approximate the integral in (27). Considering set V = {yi −
δieqb + Jt ( Q
2 + γ) : t ∈ {−J, . . . , J − 1, J}} whose elements
uniformly divide the extended self-UR, the MMSE solution (27)
can be approximated as
x̂eqb
≈
i

ξ · f (xi = ξ|{yj : j ∈ Ñiext }),

(28)

ξ∈V

where a larger J gives a finer approximation to (27) but requires
more computation.
When noise approaches zero, likelihood function (26) becomes a binary function where the space of xi with non-zero
likelihood values represents the cross-UR. In that case, the space
of xi with non-zero posterior (25) represents the joint-UR, with
MMSE solution (27) being its center. So the deterministic reconstruction Algorithm 2 is a special realization of the proposed
probabilistic reconstruction Algorithm 3.
VI. GENERALIZED ASSUMPTIONS ON INTERPIXEL
CORRELATIONS
Although the zero-order assumption holds for most natural
image signals, some specific image regions may violate this
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assumption. For example, an image may have linearly changing pixel values. Next we discuss generalized assumptions on
interpixel correlations.
Analogous to zero-order assumption that assumes image signal is locally constant, the first-order assumption characterizes
the interpixel correlations by assuming locally the pixel values
constitute a polynomial of order 1 on the 2D grid (i.e. linear 2D
signal). A 1st-order polynomial takes the following form:
x(ri , ci ) = α1 ri + α2 ci + β,

(29)

where ri , ci denote the coordinates of pixel i in rows and
columns, respectively. Again we have a set of quantization constraints for selected neighboring pixels:
xj ∈ [lbj , ubj ), ∀j ∈ Ñilin ,

(30)

eqb
+Q
where lbj = yj − δjeqb − Q
2 and ubj = yj − δj
2 are the
eqb
lower and upper bounds of pixel j’s self-UR Sj (yj ), respectively. For linear signal reconstruction, we define the set of selected neighbors Ñilin as

Ñilin = {j : j ∈ Ni , Sjeqb (yj ) ∩

lwb(Sieqb (yi )) − ρ, upb(Sieqb (yi )) + ρ = ∅},

(31)

where ρ controls the degree of extension for self-UR. When
ρ = 0, (31) defaults to Ñieqb (14).
Next we reconstruct a linear signal within the family of 1storder polynomials.
Analogous to taking the center of joint-UR under zero-order
assumption, we solve the following problem given all quantization constraints (30):
max

α1 ,α2 ,β,κ

κ

s.t. lbj + κ < α1 rj + α2 cj + β < ubj − κ, ∀j ∈ Ñilin . (32)
Obviously a feasible solution of (32) satisfies κ ≥ 0, and the
optimal linear signal has the largest κ, i.e. largest margin within
the feasible space. We denote r, c, lb, ub as the column vector
of row indices, column indices, lower bounds, upper bounds
of selected pixels, respectively. Constraints in (32) can then be
rewritten into a matrix form:
max

α1 ,α2 ,β,κ

s.t.

κ
⎤
1
⎢
.. ⎥
⎥⎡ ⎤
⎢
c
. ⎥ α1
⎢ r
⎥⎢ ⎥ 
⎢

⎢
1 1⎥
ub
α2 ⎥
⎥⎢
⎢
⎢
⎥
.
⎥⎢ ⎥ <
⎢
⎢
−1 1 ⎥
−lb
⎥⎣ β ⎦
⎢
⎢
. .⎥
⎥ κ
⎢
⎣ −r −c .. .. ⎦
⎡

1
..
.

(33)

−1 1
Solving the above Linear Programming (LP) problem is efficient, for example, using interior-point or simplex methods
[32]. We denote the optimal solution of (33) as [α1∗ , α2∗ , β ∗ , κ∗ ].
If κ∗ ≥ 0, our reconstructed HBD pixel value is the value of the

Algorithm 4: Linear Signal Reconstruction.
Input: y, Q, δ eqb , k, τ, ρ
Output: x̂eqb
1: for all i do
 for each pixel
2: ctr ← yi − δieqb
3: Ñilin ← selected neighbors (31)
|Ñilin |
(2k+1)2 < τ then
5: x̂eqb
← ctr
i

4: if

 skip
6: else
7: for all j ∈ Ñilin do
8: append yj − δjeqb + Q
2 to vector ub
eqb
Q
9: append yj − δj − 2 to vector lb
10: append row index rj to vector r
11: append column index cj to vector c
12: end for
13: [α1∗ , α2∗ , β ∗ , κ∗ ] ← Solve LP (33)
14: if κ∗ < 0 then
← ctr
 skip
15: x̂eqb
i
16: else
← α1∗ ri + α2∗ ci + β ∗  output (34)
17: x̂eqb
i
18: end if
19: end if
20: end for

optimal linear signal at position i:
x̂eqb
= α1∗ ri + α2∗ ci + β ∗ .
i

(34)

to default value yi − δieqb because κ < 0
Otherwise we set x̂eqb
i
means no linear signal is found satisfying all the quantization
constraints (30).
Algorithm 4 summaries the steps to reconstruct HBD pixel
values under the 1st-order assumption. Note that when α1
and α2 are fixed to zero it defaults back to the reconstruction
Algorithm 2 under the zero-order assumption.
We can further define higher-order assumptions on the interpixel correlations. For example, a 2nd-order polynomial on
the 2D grid (quadratic 2D signal) x(ri , ci ) = α1 ri + α2 ci +
α3 ri2 + α4 c2i + α5 ri ci + β can be reconstructed by solving an
LP with seven variables. Polynomials of order n > 2 can be reconstructed in the same manner by solving a larger LP problem.
With the presented generalized assumptions on interpixel correlations, our proposed image acquisition framework is able to
reconstruct a wider range of image signals.
Designing a linear signal reconstruction algorithm that is robust to image noise is a problem worth exploring. By (29),
xj = xi + α1 Δr + α2 Δc where Δr and Δc is the positional
offsets. When substituting the above equation into (26), unknown variables α = [α1 , α2 ] will be introduced into the posterior PDF of xi so the final MMSE estimation would contain
α. However, as we will see in the experiments of Algorithm 4,
faithful estimation of α is difficult when image noise exists. We
leave this problem for further investigation.
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TABLE I
OBJECTIVE RESULTS OF 4-BIT EXPERIMENTS (NOISE OFF)

VII. EXPERIMENTS
A. Experiment Setup
Competing methods in our image acquisition experiments
include: 1) ZP: zero-padding based on traditional image acquisition method as shown in Fig. 1(a), which serves as the
baseline; 2) DEC: a standard filter based method for removing
false contours [15]; 3) CA: content-adaptive bit-depth expansion
method [17]; 4) ACDC: the graph signal estimation approach
[18]; 5) IPAD: intensity potential field based adaptive bit-depth
expansion method [20]; 6) ALG1: proposed fast reconstruction
Algorithm 1; 7) ALG2: proposed deterministic reconstruction
Algorithm 2; 8) ALG3: proposed probabilistic reconstruction
Algorithm 3; and 9) ALG4: proposed linear signal reconstruction Algorithm 4. We also include a recent CNN-based
method [19] for comparison.
Note that proposed image acquisition framework is composed
of the quantization stage and the reconstruction stage. The proposed algorithms (ALG1-ALG4) operate in the reconstruction
stage. In the quantization stage, we may use random EQB signal
or proposed fixed EQB signal as δ eqb which are distinguished by
suffixes -RND and -FIX. In particular, for ALG2 and ALG3, both
random and fixed EQB patterns are tested in the experiments.
Because the fixed EQB is not designed for direct reconstruction
nor linear signal reconstruction, only random EQB is used for
ALG1 and ALG4.
For image acquisition experiments, the test images should be
in high bit-depth and low noise level so as to serve as groundtruth x. Following the literature, test images used in our experiments include the 8-bit natural images from Kodak [33], the 8-bit
synthetic images from EPSL [34], and the 16-bit high dynamic
range images [35]; see Fig. 6 for more details. The goal of image
acquisition is to reconstruct an image with bit-depth as high as
possible, so there is no need to define a target bit-depth (reconstructed images can be re-quantized to any bit-depth for usage).

The 8-bit test image are used for experiments to increase the
bit-depth from 4 to 8. The 16-bit images are used to test a wider
range of quantizer bit-depths, as their pixel values are more accurate to serve as the ground-truth. To run experiments efficiently,
we down-sample the 16-bit images by 4 using the bicubic interpolation to make them have similar spatial size with the 8-bit
test images. For objective evaluation, we measure the PSNR and
structural similarity (SSIM) [36] of the reconstructed image x̂
with regard to the pre-quantized ground-truth image x.
We set key parameters in the experiments as follows. Threshold τ is set to 0.25 in Algorithms 2, 3 and 4. For Algorithm 3,
we set J = 16, γ = 2σn , and σd = 0. For Algorithm 4, we set
ρ = Q. When there is no noise, we set k = 1 to exploit the most
correlated neighbors, otherwise we set k = 2 to include more local information. The random EQB signal in quantization stage
is generated from the random variable uniformly distributed in
Q
[− Q
2 , 2 ). Parameters of DEC, CA, ACDC and IPAD are set as
proposed in the corresponding paper. Next we present the objective and subjective comparisons, and then discuss other features
of the proposed framework.
B. Performance Comparisons
We first discuss the objective performance of competing methods when the input is not corrupted by noise (the noise-off experiments). In particular, we run two sets of experiments on the 8-bit
and 16-bit test images, respectively. Table I shows the objective
results of the 4-bit experiments on 8-bit test images. For each table cell, the first row is PSNR and the second row is SSIM. Fig. 7
shows the objective results of n-bit experiments on 16-bit images
where b ranges from 1 to 8. To better visualize the results, we
show the PSNR gain PSNR(some method) − PSNR(ZP) and
SSIM gain ratio (normalize the SSIM gain by 1 − SSIM(ZP)).
We see from Table I that the proposed ALG2, ALG3 and
ALG4 clearly outperform the other competing methods in the
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Fig. 7. Objective results in the noise-off experiments on 16-bit test images.
X-axis is the quantizer bit-depth and Y-axis is the gain over baseline method ZP.

noise-off experiments on 8-bit images for both metrics. In the
more comprehensive experiments on 16-bit images, Fig. 7 confirmed the superior performance of ALG2, ALG3 and ALG4
when there is no noise. In particular, ALG4 performs the best
for its ability to reconstruct linear signals. By comparing the
PSNR performances of ALG2-FIX and ALG2-RND (or ALG3FIX and ALG3-RND) in upper image of Fig. 7, we verified the
advantage of proposed fixed EQB signal in terms of MSE. We
also notice in lower image of Fig. 7 that random pattern -RND
generally performs better than the fixed pattern -FIX in terms
of SSIM. That indicates random EQB pattern tend to produce
images with better perceptual quality. A good design of EQB
signal depends on the application scenario. Despite the fixed
and random EQB introduced in this paper, any design of EQB
signal is compatible with our image acquisition framework.
Compared to our proposed methods, DEC does not perform
well because its low-pass filter cannot adapt to false contours of
various sizes. CA does not perform well because it reconstructs
each pixel value by interpolation between pixels in quantization
contours with much information provided by local regions unexploited. CNN-based method does not perform well probably
because the model was trained on a dataset of synthetic images
and could not generalize well to other types of images. IPAD can
model complex influences among quantized pixels, but it does

not stand out in performance in our experiments. Among the
competing methods other than our proposed algorithms, ACDC
has the best performance in PSNR and SSIM at the expense of
more computation.
Fig. 10 shows the reconstructed images in the 4-bit experiments. We see a lot of false contours exist in the image reconstructed by ZP and DEC. Although CA, IPAD and ACDC
decrease quantization distortion to some extent, artifacts are still
quite visible in their output images. In contrast, outputs of proposed ALG2, 3, 4 exhibit pleasant visual quality.
Noise robustness is very important for practical image acquisition applications, so we further test the effectiveness of our
proposal when the pre-quantized image x is corrupted by noise
(the noise-on experiments). It is well known that shot noise and
Gaussian noise are the most common types of noise during image
acquisition. Following the literature [27], we adopt the PoissonGaussian noise model to generate realistic and signal-dependent
noise. In particular, we generate noisy images using Eq. (19) as
recommended in [27]. Compared to 8-bit ones, 16-bit images
serve as more accurate ground-truth for evaluation. So we experiment three ascending noise levels (β1 = 0.004, β2 = 0.0004;
β1 = 0.01, β2 = 0.01 and β1 = 0.02, β2 = 0.02) on 16-bit test
images. The results are summarized in Fig. 8. We also conduct 4-bit experiments on 8-bit images with noise level β1 =
0.004, β2 = 0.0004. The results are summarized in Table II.
We see from Fig. 8 and Table II that the performance of ALG2
drops when compared to that of noise-off experiments. That is
because image noise leads to misleading cross-URs, and taking
intersection of those cross-URs does not always produce a meaningful joint-UR for reconstruction. ALG4 suffers the same problem because noisy quantization constraints easily result in an
infeasible solution (κ > 0) for the linear programming Eq. (33),
in which case the reconstructed value becomes close to that of
ZP. Comparing Figs. 7 and 8, we see most competing methods
are quite sensitive to noise corruption, as the existence of
Poisson-Gaussian noise more or less breaks some assumptions
in their modeling. In contrast, our probabilistic reconstruction
algorithm ALG3—which is designed to cope with camera
noise—shows prominent PSNR and SSIM performance at all
three noise levels.
Note that with image noise, the same reconstruction algorithms with random and fixed EQB signal tend to perform similarly. That is because the cross-URs with fixed EQB signal no
longer divide the UR of the central pixel into identical intervals
due to the randomness, which violates the condition for MMSE
optimal reconstruction of fixed EQB signal. In other words, the
sum of random noise and the determined EQB is random signal and resembles the sum of noise and random EQB, so the
performance gap diminishes.
We see from Figs. 7 and 8 that generally the objective performance of any method decreases as the quantizer bit-depth b
increases. The reason roots in the Nyquist-Shannon sampling
theorem. Given fixed image resolution (spatial sampling frequency), the quantized pixel values of local neighbors become
less correlated as b increases. In other words, when the sampling
frequency is sufficiently high, there always exist useful interpixel
correlations to be exploited for reconstruction. In extreme cases
where our assumptions on pixel correlations fail, small textures
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Objective results for noise-on experiments on 16-bit images. X-axis is the quantizer bit-depth b. Three columns correspond to three noise levels.
TABLE II
OBJECTIVE RESULTS OF 4-BIT EXPERIMENTS (NOISE ON)

may be smoothed in the reconstructed images. However, as long
as we carefully tune the parameters for neighboring pixels selection, performances of our approaches are bounded by that of fast
reconstruction algorithm where no selected neighbors are found.
C. Discussions
Besides the high reconstruction quality, proposed image acquisition framework is efficient in computation. We show in
Fig. 9 the running time (in seconds) vs. PSNR (in dB) plot of
competing methods in noise-off experiments on 16-bit images
with b = 4. All experiments are conducted on a PC with Intel
CORETM 3.6 GHz CPU.In summary, our proposed reconstruction algorithms have their own strengths and weaknesses. ALG1

Fig. 9.

Tradeoff between time efficiency and PSNR of competing methods.
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Fig. 10.

Subjective results for 4-bit experiments on 8-bit test image im1.

is best for application scenarios where computation resources are
limited. Deterministic reconstruction ALG2 and linear signal reconstruction ALG4 is best for scenarios where signal-to-noise
ratio is high, while probabilistic reconstruction ALG3 should be
used when signal-to-noise ratio is low.
Moreover, proposed framework introduces little extra data
transmission cost. As the EQB signal does not have to be signaldependent, the same EQB signal can be applied to every input
image. Q is a constant value for an image acquisition system.
For fixed EQB, only scalar k needs to be transmitted to infer
the exact EQB signal for reconstruction. Random EQB does not

depend on k, it can be pre-determined and stored as a constant
signal, requiring no data transmission.
VIII. CONCLUSION
We present a new framework for image acquisition. Different
from the traditional framework, the new framework emphases
a co-design of the quantization and reconstruction stages. The
flexibility of our proposed framework enables customized algorithm designs for different application scenarios. We analyze
the proposed framework both theoretically and experimentally,

Authorized licensed use limited to: Tsinghua University. Downloaded on March 16,2020 at 08:07:19 UTC from IEEE Xplore. Restrictions apply.

WAN et al.: HIGH BIT-DEPTH IMAGE ACQUISITION FRAMEWORK USING EMBEDDED QUANTIZATION BIAS

including the optimal design of the EQB signal, the reconstruction strategies for noisy input, and generalized assumptions on
interpixel correlations. Experiments show that proposed framework outperforms existing image acquisition approaches in both
objective and subjective metrics, with low computational complexity and transmission cost.
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