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Abstract: Bit-depth expansion is a process of enhancing the image quality by increasing the number 
of intensity levels. To solve this problem, a hybrid method is proposed, where the pixels are 
categorized into smooth and complex regions, and are processed using different methods. The 
pixels in the smooth region are reconstructed with a smooth prior, and a Bayesian estimator is used 
for the pixels in the complex region. The proposed method effectively removes the false contour 
artifacts while requiring less computation than conventional methods. In addition, the method 
shows good quantitative performance, and the PSNR gains over the best existing method are 1.45 
dB and 0.26 dB for 4 bits and 3 bits expansion cases, respectively.    
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1. Introduction 

Bit-depth expansion aims to increase the number of bits 
at each pixel to improve the image quality. The most 
common practice of this technique might be to make 10 or 
more bits per pixel (BPP) image from an 8 BPP image. In 
the emerging video compression standard, the high 
efficiency video coding (HEVC) [1], a bit-depth increase 
technique [2] is adopted to improve the accuracy of a 
motion estimation. Recently, display devices capable of 
representing more than 8 bits per pixel have appeared on 
the market. Another application of bit-depth expansion is 
to reconstruct the original bit-depth image from its 
quantized version. Sometimes, an image signal is 
quantized to a lower bit-depth one for a variety of reasons. 
For example, this method is used to decrease the huge 
computational time for rendering a large-sized image or to 
save bandwidth for transmission and storage of the image. 
In addition, underexposed and overexposed photos that use 
a small part of their dynamic range can be modeled as low 
bit-depth images, and might be enhanced using the bit-
depth expansion technique. 

In the early literature, non-adaptive methods were 
proposed for the expansion, such as zero padding (ZP), 
multiplication by the ideal gain (MIG), and bit replication 
(BR) [3]. In the ZP method, the (h-l) number of ‘0’s are 

appended at the end of pixels in the l bit-depth image to 
make an h bit-depth image (l<h). In MIG, the ideal gain 
(2h-1)/(2l-1), which is constant to the entire image, was 
multiplied to all pixels in the image. In BR, the (h-l) 
number of most significant bits in a pixel value in a low 
bit-depth image was appended at the end of the pixel value. 
These simple approaches normally fail to produce 
satisfactory results both objectively and subjectively. 

The main goals of bit-depth expansion are twofold, 
removing false contour artifacts and improving the 
quantitative measure, such as the peak signal to noise ratio 
(PSNR). False contour artifacts occur when a slowly 
varying signal is quantized, as shown in Fig. 1. Because 
signal degradation in a strong edge or texture region is 
hardly noticeable, false contour artifacts are normally 
found in a smooth region.  

To remove such artifacts, [4] reported a smooth region 
with a high probability of containing false contour and 
makes direction map to reconstruct the smooth image with 
interpolation. Although it removes a false contour, the 
iterative direction map generation step is time consuming, 
and its smooth signal model is unsuitable for pixels in a 
complex region, where a real edge and texture exist. 
Another approach [5] based on the classification gives 
better quantitative results than those reported in [4], but 
false contour artifacts are not removed effectively. 

In other words, removing the false contour or making a 
smooth reconstruction is in a trade-off relationship with 
producing a good image in the quantitative measure or 
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Fig. 1. Example of false contour artifacts. The high bit-depth image (left) and zero padding reconstruction (right) of
its low bit-depth image. 

 

making an accurate estimation. 
This paper proposes a hybrid method to solve this 

problem, in which the pixels in the smooth region are 
reconstructed by minimizing the Laplacian, and the 
Bayesian estimator is used for the pixels in the complex 
region. The classification of the region (into smooth and 
complex) is performed using the median filtering, and a 
Bayesian estimator is constructed by learning the posterior 
pdf from training images. 

The remainder of this paper is organized as follows. 
Section 2 presents a smooth reconstruction and decision 
map construction. Section 3, explain the Bayesian 
estimation for the proposed bit-depth expansion, and 
Section 4 reports the experimental results. Section 5 
concludes the paper. 

2. Removing False Contour Artifacts 

For a h bit-depth image, Ih, the quantized l bit-depth 
image Il (l<h) and its zero padding [3] reconstruction Izp 
are defined as 

 
       and                (1) / 2h l

l hI I −⎢= ⎣ ⎥⎦ 2h l
zp lI I −= ×

 
where  denotes the floor operation. This makes a unit 
step edge in I

⋅⎢ ⎥⎣ ⎦
l to be a steep edge with a height 2h-l in Izp, 

which becomes a noticeable false contour when it is in a 
smooth region. To reconstruct a smooth image, Is, from the 
quantized one, the Laplacian equation is used, i.e. 
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 is the Laplacian operator and 
∞
⋅  is 

the infinity norm. This minimization penalizes steep signal 
edges, resulting in an image smooth. Although another 
energy formulation, such as the total variation [6], can be 
considered to be a prior model for a smooth image, The 
Laplacian is suitable for this case because the solution is 
guided by Izp in the constraint. In addition, it is easy to 
solve the problem by fast quadratic programming. 

Fig. 2 presents the reconstruction results for a simple 
case, where most of the false contour artifacts are removed 
in the result of the proposed method, whereas the risk-
based classification [5] fails. This difference might be 
explained by the 1-D signals plotted in Fig. 3. In the case 
of risk-based method, the output cannot change far from 
Izp+(2h-l-1)/2 because the output is determined to minimize 
the local squared error. On the other hand in the proposed 
method, the pixel values are optimized globally to make a 
smooth reconstruction. This is why removing the false 

 

Fig. 2. Original image and reconstruction results of 
various methods for the low bit-depth image. 
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contour and producing accurate pixels in a quantitative 
measure are difficult to achieve at the same time. 

Because the above optimization approach is appro- 
priate only for the smooth region, it is important to classify 
the region into “smooth” and “complex”. For this, a 
smoothness map M is found using median filtering of edge 
magnitude E, defined as 
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E is then median filtered with a 7×7 window, and the 

result is thresholded. When the filtered edge magnitude of 
a pixel is lower than the threshold, M at the pixel position 
is set to ‘1’, which shows that the pixel (i,j) is in the 
smooth region. Otherwise, it is set to ‘0’, representing the 
complex region. The median filter is selected for its edge-
awareness property, and the threshold was set to 1 because 
the edge step of the false contour in Il is 1. Fig. 4 shows an 
example decision map. The smooth region (white) is 
reconstructed with the method explained in this section. 

3. Proposed Bit-depth Expansion method 

 

Fig. 3. Original A row of Fig. 2. Original signal (black
dash), zero padding (green solid), Risk (blue dash), and
the proposed reconstruction (red dashed dot). 

 

 

Fig. 4. Smooth map of the Lena image. The white pixels
are marked as a smooth region. 

 

For a complex region, a Bayesian estimation [7] is 
performed to find . In this method, the least significant 
bits of I

ĥI

h, which can be represented as h zI I pθ = − , is 
estimated by measurement x. The measurement denotes 
difference between Izp and , i.e. ĥI

 
 ĥ zpx I I= − .                               (4) 

 
To define I , denote the horizontal and vertical 

predictors at pixel position (i,j) as p
ĥ

h and pv, respectively, 
which are correspondingly defined as 
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Denote the absolute of horizontal and vertical gradients, 

dh and dv, as 
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respectively, where 1 is added to avoid dividing by zero. 
From these equations,  at each pixel position is defined 
as 

ĥI
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which means the weighted sum of the directional 
predictors defined above. When the magnitude of 
horizontal gradient is larger than that of the vertical one, it 
means that the vertical predictor might be more accurate. 

From the measurement, the MMSE estimator ˆ( )xθ  
denoted as E  can be calculated. To be precise, x is 
rounded to the nearest integer, 

( | )xθ
x , and the posterior pmf 

 is learned from training images. For large and 
small 

( | )P xθ
x , there are not enough samples to estimate  

because large prediction errors rarely occur. Therefore, in 
this case, E  is set to ⎢ ⎥⎣ ⎦  for 

( | )P xθ

( | )xθ 1) / 2−(2h l− 0x <  and 

(2 1) / 2h l−⎡ ⎤−⎢ ⎥  for . From the pmf, the Bayesian 
estimate I

0x >

B of the high bit-depth image is calculated as 
 

 ( | )B zpI I E xθ= +                         (8) 
 

which is used only in a complex region, where the smooth 
map is marked as black (Fig. 4). Fig. 5 gives an example of 

. ( | )E xθ

Finally, a reconstruction I  for high bit-depth image is 
calculated with the smooth reconstruction 

ĥ

SI , the 
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Table 1. Comparison of the PSNR (dB) for different 
methods. 

Images ZP BR Contour 
[4] Risk [5] Proposed

Expansion: 5→8 
Goldhill 29.29 32.68 34.77 35.58 36.53 

Zelda 29.20 32.60 37.07 35.61 37.73 
Barbara 29.18 32.51 34.12 35.17 36.15 

Lena 29.19 32.83 35.91 35.63 37.21 
Cameraman 28.98 31.27 35.11 35.11 36.62 

Boat 29.21 32.61 35.37 35.16 36.71 
Baboon 29.24 33.25 35.82 35.06 34.81 
Peppers 29.24 32.69 35.66 35.38 36.72 
Average 29.19 32.56 35.10 35.11 36.56 

Expansion: 5→8 
Goldhill 35.69 38.93 39.52 41.35 41.47 

Zelda 35.69 38.80 41.00 42.03 42.24 
Barbara 35.69 38.75 39.15 41.38 41.55 

Lena 35.72 39.16 40.29 41.76 42.03 
Cameraman 35.75 38.45 38.88 40.45 41.47 

Boat 35.70 38.84 39.94 41.44 41.70 
Baboon 35.69 39.44 37.81 40.80 40.72 
Peppers 35.69 38.95 39.79 41.33 41.44 
Average 35.70 38.92 39.55 41.32 41.58 

Expansion: 6→8 
Goldhill 42.67 45.02 43.59 47.04 47.04 

Zelda 42.69 44.91 44.58 47.35 47.35 
Barbara 42.67 44.71 44.07 47.07 47.08 

Lena 42.69 44.99 44.33 47.36 47.36 
Cameraman 42.76 45.11 44.16 47.35 47.38 

Boat 42.57 45.27 44.13 47.21 47.20 
Baboon 42.68 45.58 43.28 46.67 46.67 
Peppers 42.68 45.04 43.67 46.99 46.99 
Average 42.68 45.08 43.98 47.13 47.14 

 

Fig. 6. Original Lena image and reconstruction results 
of various methods for the low bit-depth image 
including PSNRs. 

Fig. 5. Example of a Bayesian estimator for the Lena
image. 

 

Bayesian estimation BI  , and the smooth map M  as 
 

 (1 )h s BI MI M I= + − .                     (9) 

4. Experimental Results 

The proposed method was compared with various 
methods: ZP, BR [3], Contour [4], and Risk [5]. Table 1 
lists the PSNR measurements for 8 standard test images. 
For most images, the proposed method produced the best 
PSNR. Specifically, the proposed method outperformed 
1.45 dB and 0.26 dB in the PSNR over the best method for 
4 bits and 3 bits expansion cases, respectively, and showed 
similar performance to the best existing method [5] for the 
2 bits expansion (6→8) case. The pmf learning process 
was performed using a cross validation method. In 
particular, for test of the Lena image, the remaining 7 
images were used for the training set. 

Fig. 6 presents a comparison of the subjective quality 
for the Lena image. In the case ZP, MIG and Risk methods, 
false contour artifacts were noticeable, but were mostly 
removed in the Contour and proposed methods. The 
computation times of the various methods were also 
compared, and the results are presented in Table 2. 
Contour [4], Risk [5], and the proposed methods were 
implemented on Matlab, and were executed on the system 
with an Intel quad-core 3.4 GHz processor. The proposed 
method was faster than all the methods compared, and the 
smooth reconstruction step took most of the processing 
time. The Bayesian estimation and pmf learning took 0.09 
sec and 0.30 sec for each case, and the training time was 
not included in the processing time in Table 2. Although 
the computation time for Bayesian estimation was almost 
constant, the time for the smooth reconstruction varied for 
the number of expanded bits because the smooth region 
widened as the number of original bits became smaller. 

As a hybrid algorithm, the proposed method effectively 
removed the false edge in the smooth region and the 
subjective quality was improved. In the complex region, 
the Bayesian estimation in the proposed method improved 
the objective quality (PSNR) compared to the existing 
methods. 
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Table 2. Comparison of the computational time (sec) of
the different methods. 

Expansion Contour 
[4] Risk [5] Proposed Smooth 

reconstruction
4→8 50.01 41.67 2.80 2.71 
5→8 25.85 22.59 2.66 2.56 
6→8 13.96 13.14 2.59 2.49 

 
 

5. Conclusion 

This paper proposed a hybrid method for a bit-depth 
expansion, where the pixels were categorized into smooth 
and complex regions, and processed using different 
methods. The pixels in the smooth region were 
reconstructed by quadratic programming to minimize the 
Laplacian of the reconstructed image signal, and the 
Bayesian estimator was used for the pixels in complex 
region. The proposed method effectively removed the false 
contour artifacts and showed good quantitative (PSNR) 
results. The PSNR gains over the best existing method 
were 1.45 dB, 0.26 dB, and 0.01 dB for 4 bits, 3 bits, and 2 
bits expansion cases, respectively. In addition, the 
proposed method ran much faster than all the methods 
compared. 
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