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WAVELET BASED DENOISING BY CORRELATION ANALYSIS
FOR HIGH DYNAMIC RANGE IMAGING

Jens N. Kaftan, André A. Bell, Claude Seiler, Til Aach

Institute of Imaging and Computer Vision, RWTH Aachen University, Germany

ABSTRACT

High dynamic range (HDR) imaging is used to acquire the full
dynamic range of a scene with a camera of limited dynamic
range. To this end, an exposure set of the scene is acquired,
followed by the linearization of each image with the inverse
camera transfer function (CTF), which needs to be measured
or estimated. Subsequently, the images are combined into
one HDR image. Several weighting functions have been pro-
posed for this combination. Naturally, each individual image
is afflicted with noise from the acquisition process. The re-
sulting HDR image features a higher SNR than the acquired
images as a consequence of the weighted averaging during re-
construction. We show that the fact that the individual images
partially show the same structures with independent noise can
be utilized to further improve the SNR. Thus, we propose a
wavelet-based denoising using correlation analysis between
different images from the exposure set that outperforms the
denoising properties of commonly applied weighted averages.

Index Terms— High dynamic range imaging, Noise,
Noise reduction, Correlation, Image enhancement

1. INTRODUCTION

The dynamic range of natural scenes often exceeds the dy-
namic range of a conventional digital camera. Therefore, sin-
gle images exhibit underexposed and overexposed areas. To
overcome this limitation, several methods have been devel-
oped that combine differently exposed images of the same
scene into one high dynamic range (HDR) image. This HDR
image has a greater dynamic extent than each individual low
dynamic range (LDR) image.

The HDR imaging process requires the knowledge of the
mostly nonlinear camera transfer function (CTF) of the cam-
era. This CTF can be measured using, e.g., charts [1] or radio-
metric methods [2], while proposed estimation methods in-
clude model-based fitting using, e.g., a gamma curve or other
parametric functions [3, 4, 5]. Furthermore, general polyno-
mials [6] as well as constrained piecewise linear functions [7]
or a smoothness constraint [8] have been applied to estimate
the CTF.

After measuring or estimating the CTF, the LDR images
of the exposure set are linearized with the inverse of the CTF,

aligned in range, and combined into one HDR image. Nat-
urally, each individual image of the exposure set contains
noise. This noise is reduced by the weighted averaging opera-
tion applied to combine the exposure set into the HDR image.
In the literature several weighting functions have been pro-
posed for this combination. Mann proposed the derivative of
the CTF as weighting function wMann [3]. This idea is based
on the observation that the output of the sensor is most reli-
able in areas of highest slope of the CTF and least reliable
in areas where the slope of the CTF is lowest. A triangular
function wDebevec, which weights pixel values near the black
and white levels as unreliable and gray values in between as
most reliable, has been proposed by Debevec [8]. Mitsunaga
proposed a weighting function wMitsunaga that is based on the
estimated signal to noise ratio (SNR) [6]. All these weight-
ing functions have been compared to the plain average wMean
in [9]. Of course one can only expect an SNR increase in case
of partial range overlap between different images of the ex-
posure set, i.e., if parts of the scene are observable in more
than one image. It has been discussed how to reduce the ac-
quisition time of the HDR imaging by minimizing this range
overlap [10]. This leads to a trade-off between the exposure
set size and the SNR in HDR imaging [11].

In case of a partial overlap of the images in the range do-
main, the exposure set contains sets of two or more images
showing identical parts of the scene under different exposure
settings. These areas exhibit the same structural information,
but independent noise. Instead of only combining these areas
by a weighted average, we show that a higher SNRgain can be
achieved. To this end, we identify structures in the image by a
correlation analysis. The noise is then reduced by a wavelet-
based denoising method using the correlation analysis result
to control the noise reduction degree locally. We show that
the achieved SNRgain surpasses the SNRgain achieved in con-
ventional HDR imaging.

2. ALGORITHM DESCRIPTION

Noise reduction methods have to be edge preserving, i.e., the
structural information in the image shall not be affected. Sev-
eral methods to achieve this are known, which are designed
to lower the noise energy and simultaneously not smooth
across edges, e.g., bilateral filtering [12] and nonlinear dif-
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Fig. 1. Diagram showing the wavelet-based denoising using correlation analysis and its integration into HDR imaging. All
LDR images Ij , j ∈ 1, . . . , N , of the exposure set are linearized with respect to the CTF and afterwards aligned in the range
domain (1/tj). In conventional HDR imaging, these images are weighted and averaged into one HDR image, while skipping
the steps inside the gray block. This area highlights the steps and methods of the proposed wavelet-based denoising approach.
All images φ̂j are wavelet transformed. The correlation analysis is calculated on pairs of images of adjacent exposure times
and the resulting similarity images are denoted by Si = Sm,n(φ̂i, φ̂i+1), i ∈ 1, . . . , N − 1. Afterwards the correlation analysis
result is utilized for the wavelet domain denoising and followed by an inverse wavelet transform. The resulting noise reduced
images φ̂∗j are then combined as in conventional HDR imaging.

fusion [13]. Wavelet-based denoising techniques utilize the
fact that white noise is invariant under orthogonal transfor-
mation. Structure, hence, is represented by few dominant
coefficients while white noise is spread across a range of
small coefficients [14]. Conventional noise reduction in the
wavelet domain is based on erasing small coefficients that
fall below a threshold. By using correlation analysis between
two images with the same structures but independent noise
the difficulty of selecting a suitable threshold can be omit-
ted [15]. This method has furthermore been successfully
applied to computed tomography (CT) scans [16].

Fig. 1 shows an overview of our algorithm and how
we combine the wavelet-based noise reduction, correlation
analysis, and high dynamic range imaging. Light E∗(x, y)
(irradiance) incident on the imaging sensor is integrated over
the area A of each sensor element and results in an amount of
radiant power φm,n for a pixel at position m,n

φm,n =

∫∫ m+∆x,n+∆y

x=m,y=n

E∗(x, y) dA (1)

yielding the radiant energyQj,m,n = tj ·φm,n collected in the

sensor element during the exposure time tj with j ∈ 1, . . . , N
being the index of the exposure time in an exposure set. Next,
the nonlinear behavior of the imaging system, e.g., the non-
linear sensor sensitivity near the noise floor and the full well
capacity, or nonlinearities in the electronics, change the sen-
sor response. These nonlinearities are reflected in the CTF
f . In the presence of noise nQ, e.g., thermal noise, read-out
noise, or quantum noise, before the CTF and additional noise
nf , e.g., quantization noise, after the CTF, the resulting out-
put Ij is given by (cf., [3])

Ij,m,n = f(Qj,m,n + nQ) + nf (2)

Without fixed pattern noise (FPN), which is accounted for by
flat field correction, the major noise influences nQ can be
modeled as Gaussian noise [17]. We intend to calculate an
estimate φ̂m,n of the HDR image φm,n. To this end, the par-
tial estimates φ̂j,m,n from each individual low dynamic range
image, given by

φ̂j,m,n =
1

tj
f−1(Ij,m,n) (3)



are combined by the weighted average

φ̂m,n =

∑
w(φ̂j,m,n, Ij,m,n)φ̂j,m,n∑

w(φ̂j,m,n, Ij,m,n)
(4)

with w being a weighting function that represents the reliabil-
ity of the individual estimates φ̂j,m,n.

To now integrate the noise reduction scheme into this
framework, we calculate the wavelet decomposition of each
estimate φ̂j,m,n up to decomposition level L. Furthermore,
we calculate a similarity image Sl for the individual scales
l = 1, . . . , L of the wavelet decomposition. Let W l

A(a)
denote the lowpass approximation image of the wavelet de-
composition of an image a at level l. The similarity measure
can then be defined as the correlation coefficient given by

Sl
m,n(φ̂j , φ̂j+1)

=
Covm,n

(
W l−1

A (φ̂j),W
l−1
A (φ̂j+1)

)
√

Varm,n

(
W l−1

A (φ̂j)
)

Varm,n

(
W l−1

A (φ̂j+1)
) (5)

with covariance

Covm,n(a, b) =
1

|Ωm,n|
∑

x∈Ωm,n

(
a(x)− ā

)(
b(x)− b̄

)
(6)

and variance

Varm,n(a) =
1

|Ωm,n|
∑

x∈Ωm,n

(
a(x)− ā

)2

(7)

calculated over some neighborhood Ωm,n of |Ωm,n| elements
around pixel position m,n. The average value within this
neighborhood of some image a is denoted by ā. Due to the
scale structure of the wavelet decomposition, the correlation
analysis is based on a scale dependent amount of pixels for
a fixed size neighborhood Ωm,n. The resulting similarity im-
ages Sl contain values in the range [−1; 1]. Values near 1
represent high correlation, while values near 0 represent no
correlation. Negative values towards −1 would indicate anti-
correlation, which we will not observe in the image pairs from
the exposure set.

Let W l
H(a), W l

V (a), and W l
D(a), denote the horizontal,

vertical and diagonal detail images of the wavelet decompo-
sition of an image a at level l, respectively. The result of
the correlation analysis, i.e., the calculated similarity values
are now point-wise multiplied with the detail coefficients, ac-
cording to

W ∗l{H,V,D},m,n = W l
{H,V,D},m,n

(
Sl
m,n(a, b)

)p
(8)

The strength of the noise reduction can be steered by the
power coefficient p (cf., [16]). After inverse wavelet trans-
form of the weighted coefficients, the HDR image is calcu-
lated as usual using Eq. (4) with the noise reduced versions
φ̂∗j of the initial input estimates φ̂j .

3. EXPERIMENTAL SETUP

To evaluate the SNR improvement of the presented algo-
rithm, we have generated a simulated high dynamic range
scene containing objects of varying contrast to the back-
ground and varying size (see Fig. 2). Due to the experimental
setup we constrain the scene to be perfectly still at this point,
which otherwise might cause ghosting artifacts in the recon-
structed HDR image. Next, we have virtually acquired low
dynamic range images with k = 8 different exposures and
several linear and nonlinear CTFs (see [9]) using an additive
Gaussian noise model with a SNR of 15dB, 20dB, and 30dB,
respectively. For each of the described weighting functions
wMann, wDebevec, wMitsunaga, and wMean we have calculated the
achieved SNRgain as compared to the input SNR. We have
repeated all of these settings 100 times and calculated the
mean SNRgain and its variance. The LDR images were gener-
ated to show the same structure of the scene in 3 − 4 out of
8 images. The expected SNRgain for the conventional HDR
imaging would therefore be SNRgain = 10log104 ≈ 6dB.

Furthermore we have repeated all those experiments un-
der all different settings from above, this time including the
wavelet-based denoising by correlation analysis. We have
varied the wavelet function among the Daubechies wavelets
db1 and db2 both under varying maximum decomposition
depth L ∈ {1, 2, 3} and p ∈ {1, 2, 4}. For these additional
settings we have once again repeated the experiments 100
times and calculated the improved mean SNR∗gain and its vari-
ance relative to the SNRgain of conventional HDR imaging.

4. RESULTS AND CONCLUSION

Conventional HDR imaging achieved an SNRgain of 2.5dB−
6dB. These experimental results are slightly lower than the
expected SNRgain, but still a good match. For the Daubechies
wavelet db1, p = 1, and L = 1, i.e., wavelet denoising on
the first detail level only, the presented denoising algorithm
already achieved an additional SNR∗gain of 2.1dB − 3.0dB.
With L = 2 this increases to 2.9dB − 5.2dB. At detail level
L = 3 the SNR increased by 3.1dB − 5.5dB compared to
conventional HDR imaging. Increasing p to 4 with L = 3,
we achieved an SNR∗gain of 5.5dB − 8.7dB. Switching to
Daubechies wavelet db2 further increases the SNR∗gain by 2dB
on average. Note, however, that the neighborhood Ωm,n of
the correlation analysis is dependent on the support region of
the chosen wavelet and hence the region around edges where
high correlations are obtained expands. As, at the same time,
the wavelet coefficient shrinkage is reduced in such regions,
longer reaching wavelets result in lower noise removal near
the edges. Fig. 2 shows an example of the achieved noise
reduction.

In this paper we have introduced a wavelet-based denois-
ing by correlation analysis for HDR imaging. We have ex-
perimentally shown that higher noise reduction as in conven-
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Fig. 2. Example images of our experiments. Image (a) shows the HDR scene and image (b) the same scene with added Gaussian
noise of SNR = 15dB. Figures (c) and (d) show the reconstructed images with standard HDR imaging (mean weighting) and
wavelet based denoising (p=2, L=3, db1, mean weighting), respectively. The SNRgain in (c) is 6dB and 10dB in (d).

tional HDR imaging can be achieved, while at the same time
structures are preserved. To this end, we have utilized that
neighboring exposures from the ordered exposure set show
the same structure in different exposure, but with independent
noise. Therefore, the structure could be straightforwardly
identified by a correlation analysis resulting in an improved
noise reduction for HDR imaging.

In the future we plan to extend our experiments to im-
ages that include Poisson-distributed noise, which could be
accounted for using, e.g., Anscombe’s variance stabilization
transformation as described in [14], and proceed as if the data
arose from the Gaussian noise model. Addressing ghosting-
artifacts arising from not perfectly still scenes, however, is in
itself a challenging topic. We believe that algorithms to de-
tect and remove ghosting-artifacts in conventional HDR can
be mostly adjusted and integrated into our framework.
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