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ABSTRACT

We described an adaptive denoising method to improve image quality in a wavelet-based image compression

process that uses dithered quantization. In our method, the second-order moment of the quantization noise is made

independent of the signal by random quantization. Then, the quantization noise is reduced by thresholding wavelet

coefficients. We first obtained a fixed threshold using any known technique. Then, a neighborhood is searched for the

optimal threshold to optimize some cost function.
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1. INTRODUCTION

Because deterministic quantization is found to exhibit input-signal dependent noise modulation, the use of a

dither signal may remove input signal-dependent noise contours from the quantized output [1-5]. Use of a dither signal in

the quantization process changes the statistical behavior of quantization noise. Using a suitable dithering method, the

quantization noise or its particular moments can be made independent of the input signal. The dithered quantization

process can be classified into either subtractive (pseudo-randomized) or nonsubtractive (randomized) categories.

Subtractive dithered quantization requires synchronization of the same dither process at the quantizer input and output.

The nonsubtractive quantization is easily implemented by adding a dither signal to the signal to be quantized. It is

capable of generating certain moments of the quantization noise to be independent of the input signal.

Recently, dithering has been applied to image compression in an attempt to improve perceptual quality.[6,7] For

example, quantization noise reduction has been considered using wavelet thresholding on reconstructed images.[6] In

this approach subtractive dithering is used as a post-processing operation and may be used with various coding schemes.

We used a nonsubtractive dithered quantization followed by wavelet-based denoising for image compression. The

nonsubtractive dithered quantization produces a white noise spectrum at the quantizer output provided the dither process

is a stationary white process. Then, a denoising method reduces the quantization noise. In this paper, we refined the

threshold selection. We first obtain the fixed threshold point using any known technique. Then, a neighborhood is

searched for the optimal threshold to optimize some cost function.
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2. DITHERED QUANTIZATION

2.1 Undithered quantization

Quantization can be thought of as a rounding-off operation.  Mathematically, quantization is a mapping from a

continuously parameterized set V to a discrete set where the mapping is a nonlinear operation.  The input to the quantizer

can be described as a discrete time stationary random process x, with output y = Q(x). In a deterministic quantizer, as

shown in Fig. 1(a), the quantization error can be defined as,

                                        ε = y – x = Q(x) – x.  (1)

In the case of undithered quantization, the total error is input-signal dependent. In general, for any

symmetrically distributed input signal, the undithered quantization noise is almost white if infinitely high number of

quantization levels are used. However, under coarse quantization, the quantization noise becomes signal dependent. With

regards to image compression using a subband approach, the undithered quantization noise will not appear signal-

independent at low bit-rate compression where few quantization levels are allocated to the higher-frequency subbands.

2.2 Nonsubtractive dither

Dithered quantization involves adding a dither (random) signal before quantization. In nonsubtractive dithered

quantization, the dither is added to the input signal before quantization as shown in Fig. 1(b). In subtractive dithered

quantization, the dither is added to the signal before quantization, and the same dither is subtracted from the quantized

output as shown in Fig. 1(c). The total error for nonsubtractive dithering is given by,

                                                 ε = Q(x + ν) – x. (2)

It can be shown that the error cannot be made independent of an arbitrary input signal distribution.[3] Although the

quantization error cannot be made independent of the input, certain conditional moments of the quantization error can.

The mth conditional moment of the quantization error can be written as, [3]
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where, Px, Pε, and Pv, are the Fourier Transforms of the probability density functions (pdfs) of the input signal, total

error, and dither signal respectively,  and ∆ is the quantization step size. It can be shown that by using a triangularly-

distributed dither signal between -∆ and ∆, both the first-order and second-order moments can be made independent of

the input signal.

3. DENOISING

Denoising an image typically involves, taking its wavelet transform, thresholding the wavelet coefficients, then

taking the inverse wavelet transform.[8,9] After calculating the wavelet transform of an image, the noisy wavelet

transform coefficients are often subjected to a soft threshold. The soft threshold is described as
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where bjk are the wavelet coefficients to be thresholded, j and k are the scale and shift respectively, t is the threshold, and

sgn indicates the sign of the argument.

We used nonsubtractive dithered quantization in the wavelet domain followed by soft thresholding as shown in

Fig. 2. The wavelet coefficients were thresholded to reduce quantization noise. The thresholded wavelet transform

coefficients can then be coded and transmitted. The original image is reconstructed by simply decoding the data and

performing an inverse wavelet transform. Therefore, by selecting the proper dither, the total error can be rendered white

in the case of nonsubtractive dithered quantization. Then, denoising is used to remove the quantization noise.

The method is capable of rendering the optimal reconstructed image, if the dither is generated to meet the

‘whiteness’ characteristic, and the threshold is selected properly. Note that denoising at the output of the deterministic

quantization process may not yield success if the quantization is nonwhite. To obtain the best results, one has to adjust

the threshold in its neighborhood. The adaptive threshold detection technique is suitable for use in the joint framework of

dithered quantization and denoising. With proper dithering, the quantized image (in the wavelet domain) is equivalent to

the signal plus additive white noise. This renders the quantized image with dithered quantization a very good candidate

for wavelet denoising. But, it is critical that the threshold point is selected properly. To better reconstruct the image, we:

select the threshold by any standard method, select the threshold neighborhood area as T + ζ, divide the neighborhood

space into equally likelihood spaces, select the best threshold from the entire neighborhood using a binary search

criterion from the midpoints of the entire subspaces that minimizes some cost function.

4. RESULTS

We conducted experiments using the proposed image compression. We used images of 512 x 512 pixels, with

256 gray levels that were decomposed with the wavelet transform using four levels that resulted in 13 subbands. We used

wavelets that were generated from minimum phase 8-tap Daubechies orthogonal filters. The dither signal had a
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triangular-shaped pdf of 2∆. Each subband had bits allocated separately so that the overall mean-squared error was

minimized.

We performed experiments on the image shown in Fig. 3 at a bit rate of 0.2bpp. We first calculated the median

value of the quantized coefficients, and used this value as an estimate of the noise power σ. Then, we applied a binary

search algorithm to arrive at the optimal point in terms of the peak signal-to-noise ration (PSNR) in the neighborhood.

We also tabulated the mean absolute error (MAE) as an alternative measure. Two of the resulting images used in our

experiments are shown in Figs. 4 and 5 for values of the threshold, 1.2σ, and 0.8σ respectively. The increased and

“whiteness” of the noise can be seen in Fig. 4.

Threshold PSNR MAE

0.7 σ 27.55 8.05

0.8 σ 27.24 8.22

0.9 σ 26.53 8.94

σ 24.30 12.21

1.2 σ 23.53 13.66

Table 1: PSNR and MAE corresponding to threshold

5. CONCLUSION

The main tradeoff of dithered quantization has been that the quantization noise is made more uniformly

distributed at the expense of adding noise. This may be tolerable if perceptual quality in increased. Because dithered

quantization may make quantization noise uniformly distributed, we may use a thresholding technique to reduce this

noise. The proposed method gives a convenient way to arrive at the optimal threshold point in terms of certain cost

function for wavelet denoising to be used in conjunction with dithered image compression. The method can be extended

to consider other perceptually meaningful cost functions.
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Figure 1 Quantizers (a) deterministic (b) nonsubtractively dithered (c) subtractively dithered
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Figure 2 Image compression and reconstruction process.

Figure 3 Example input image
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Figure 4 Reconstructed image with  t = 1.2σ.

Figure 5 Reconstructed image with  t = 0.8σ.
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