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ABSTRACT

This paper introduces a general framework for image con-
trast enhancement based on histogram equalization (HE) and
specification (HS). Traditional HE and HS are simple and ef-
fective, but they often amplify the noise level of the image
while enhancing it. Furthermore, they may not utilize the
entire dynamic range due to the discrete nature of the im-
age. In our framework, image contrast enhancement is posed
as a nonparametric monotonic constrained regression prob-
lem, in which both the two boundary values and the slopes of
the brightness transform function are controlled. We show
that such a framework provides an effective way to avoid
enlarging the noise level and to utilize the entire dynamic
range while performing HS (and also its special case HE).
Our method can thus reduce the production of visual artifacts
while enhancing the image.

Index Terms— Histogram equalization, histogram spec-
ification, contrast enhancement, black and white stretching.

1 Introduction
Among different contrast enhancement techniques, histogram
specification (HS) [1] is one of the most widely used ap-
proaches for its simplicity, computational efficiency and flex-
ibility since it only depends on the histogram of a given
image. Histogram specification enhances an image through
some pixel mapping to transform the histogram of an image
to a target histogram (e.g. uniform, gaussian, etc.). When the
given histogram is specified as the uniform distribution, it be-
comes the well-known HE. Thus HE is a special case of HS.
The enhancement can be either global or local. If one single
pixel mapping derived form the image is used, it is a global
method; if local pixel mapping functions are obtained from
the neighborhood around each pixel, it is a local method. Lo-
cal methods may provide stronger enhancement effects than
global methods. However, they require more computation
loads. In this article we focus on the global enhancement
approach. All the mentioned methods can be extended to the
local approach, too.
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In spite of the advantages of histogram specification, it is
known that traditional HS may produce visually unpleasant
results because it may amplify noise and create additional vi-
sual artifacts due to over-enhancement. Furthermore, HS may
not utilize the entire dynamic range due to the discrete nature
of images. For example, performing HS on a dark image with
intensity centralized in extremely dark regions may result in a
bright image with intensity centralized in extremely bright re-
gions. Thus traditional HS without modification is unsuitable
for practical use.

Various methods have been proposed to overcome the
aforementioned drawbacks for HE based on the facts that
when the given distribution is specific to the uniform dis-
tribution, over-enhancement occurs when the histogram of
an image has spikes. Their idea is to modify the histogram
of an image before performing HE. For example, Wang and
Ward [2] modified the histogram by a weighting and thresh-
olding scheme, and Arici et al. [3] suggested modifying the
histogram of an image by a weighted average of the original
histogram with a constant that depends on the dynamic range
of an acquisition device. These methods do perform well for
HE, however, they may not be applicable for general HS since
over-enhancement could still occur due to the nature of the
target histogram, even when the histogram of an image has
no spikes. Furthermore, none the above methods ensures that
the entire dynamic range is utilized. In this study, we pro-
pose a nonparametric constrained regression framework to
solve the problem of over-enhancement for general histogram
specification and to ensure that the entire dynamic range is
utilized.

2 Review of Related Works
Considering a digital image with a total number of N pixels,
let X = {Xij} be the intensity of the image, and without loss
of generality we assume that Xij ∈ {0, 1/L, 2/L, · · · , 1},
where L denotes the largest possible level of the image. In
general, for an 8-bit image L = 255. The histogram of an
image is defined as

f(k/L) =
nk
N
, for k = 0, 1, · · · , L

where nk is the total number of pixels in the image that have
intensity level k/L. Then, the cumulated distribution function
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(a) (b) (c)

Fig. 1. HS results of image Plane with different given distri-
bution g. (a): original images, (b): uniform (HE case), (c):
GG. Visual artifacts are presented in the region of sky.

(a) (b) (c)

Fig. 2. HS results of image Cat with different given distri-
bution g. (a): original images, (b): uniform (HE case), (c):
GG. The textures of cat are destroyed, and the regions of the
marble floor are over-enhanced.

(CDF) of the image can be obtained by

F (k/L) =

k∑
s=0

f(k/L), for k = 0, 1, · · · , L.

Denote the target histogram by g and its cumulated ver-
sion by G. The purpose of HS is to find a monotonically
increasing mapping function T such that the histogram of the
transformed image Y = T (X) is best close to the predefined
histogram g. The mapping function T is constrained to be
monotone so that for any Xst < Xuv , T (Xst) < T (Xuv).
That is, the order of pixel intensities is preserved by T . With-
out the monotonic constraint, objects in the shadowed regions
may become brighter than the objects in the illumination re-
gions after enhancement, producing an unnatural scene. Tra-
ditional HS finds the mapping function by

T (·) = G−1(F (·)). (1)

Note that when g is uniform, this becomes the case of the
well-known HE: the mapping function is obtained by cumu-
lating the histogram of an input image.

2.1 Drawbacks for traditional HS

HS is effective, simple and computationally efficient. The
only computation burden that depends on the image size N
is to calculate the histogram. However, it is also well known
that HS often causes unpleasant visual artifacts, such as over-
enhancement, washing out small but visually important fea-
tures, increasing the noise level, etc., and results in unnatural
looking images. Fig. 1 and Fig. 2 are some typical exam-
ples of these effects. Here the target histograms are taken to

(a) (b) (c)

Fig. 3. The relationship between noise level and the deriva-
tive of mapping function T . (a): Original noise signal. (b):
Noise signal transformed by T (x) = 3x. (c): Noise signal
transformed by T (x) = 10x.

be uniform (i.e. the HE case) and the truncated generalized
gaussian (GG), which can be defined as

g(x|µ, α, β) = κ
β

2αΓ(1/β)
e−(|x−µ|/α)

β

1(0 ≤ x ≤ 1), (2)

where µ is the location parameter, α is the scale parameter,
β is the shape parameter, and κ is the normalization factor so
that

∫ 1

0
g(x) = 1. This distribution family includes the Gaus-

sian distribution when β = 2 with mean µ and variance α2/2,
the uniform distribution as β = ∞, and the laplace distribu-
tion when β = 1. In our example we choose the parameters
δ = 0.2, µ = 1 and α = β = 1.

These drawbacks with HS arise when the values of T ′(·),
the derivative of the mapping function T (·), are either too
large or too small. Large T ′(·) will increase the noise level of
the image, as illustrated in Fig. 3, and create additional visual
artifacts which are not visible in the original image. When
T ′(·) is large, intensity in some smooth region may become
sharp after pixel mapping, which may create pseudo edges in
the enhanced image as illustrated in Fig. 1.

On the other hand, if T ′(·) is too small, HS may destroy
textures whose intensity change is weak in the original image.
The intensity level of such textures may be merged to one
single level after mapping due to the discrete nature of digital
images. The patterns of the tortoiseshell cat in Fig. 2 is an
example.

Due to the discrete nature of a digital image, the histogram
of the enhanced image may not be exactly g, and thus the dy-
namic range may not be fully utilized. For example, enhanc-
ing a dark image with histogram centralized in extremely dark
regions may result in a bright image with histogram central-
ized in extremely bright regions, as illustrated in Fig. 4.

2.2 Reviews of contemporary modifications for HE

Various methods have been proposed to restrict the range of
T ′(·) for HE (i.e. g is uniform). The mapping function for HE
is the CDF of the input image, i.e., T (·) = F (·), and again
when X is continuous, the fundamental theorem of calculus
yields that

T ′(s) =
d

dx

∫ s

0

f(x)dx = f(s).

That is, for HE the range of T ′ can be restricted by modifying
the values of the histogram f . This is the idea for the so-called
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Fig. 4. HS results of a dark image (Dark) with histogram
centralized in extremely dark regions. (a): original images,
(b): HS result, (c): histograms of the original image (blue,
dashed) and the enhanced image (red, dash-dot). The target
histogram g is specified to be uniform in this example.

histogram modification methods. These methods generate the
mapping function by the modified histogram, instead of the
original histogram of an input image.

For example, Wang and Ward [2] suggested to modify the
histogram by

fWTHE(k) =


Pu, if f(k) > Pu(
f(k)−Pl
Pu−Pl

)γ
× Pu, if Pl ≤ g(k) ≤ Pu

0, if f(k) < Pl
(3)

where Pu and Pl are the pre-defined upper bound and lower
bound, respectively. The method threshold the histogram by
some upper bound and lower bound, and normalize the rest of
the histogram by a power law function indexed by γ > 0. In
practice, the authors suggested to use Pu = ν ×max{f} for
some 0 ≤ ν ≤ 1, Pl be an arbitrary small constant, e.g. 0, and
γ < 1 to give a higher weight to the lower values of f(x) than
higher values, so that over-enhancement occurs less likely.

Recently, Arici et al. [3] proposed to modify the histogram
by a weighted average of the original histogram with a con-
stant that depends on dynamic range:

fHMCE =
f

1 + λ
+

λ

(1 + λ)(L+ 1)
, (4)

where L + 1 is the dynamic range of an acquisition device,
and λ is an user-specified parameter which controls the level
of enhancement. Large λ decreases the level of enhancement,
and when λ = 0 the result is equivalent to traditional HE
since fHMCE = f .

3 The proposed nonparametric constrained
regression framework

All the methods based on histogram modification mentioned
in section 2.2 do better than traditional method on equaliza-
tion. However, they may not be applicable when we want to
specify the histogram of an image to a distribution other than
uniform. Recall that as shown in (1), when the target his-
togram g is other than uniform, the mapping function of HS
is T = G−1◦F . The derivative of the mapping can be derived
from chain rule:

T ′(x) = f(x) ·
(
G−1

)′
(F (x)).

(a) (b) (c) (d)

Fig. 5. CRHS results for image Door with different values
of parameter λ. (a) Original image, (b) enhanced image with
λ = 0, (c) λ = 0.2, (d) λ = 0.5.

That is, the values of T ′ can not be controlled only by the val-
ues of f ; they depend on both the nature of the given (cumu-
lated) distribution G and the cumulated histogram F as well.
Hence, over-enhancement and under-enhancement can not be
avoided by the methods based on histogram modification.

Here we propose a quite different framework to avoid
over-enhancement and under-enhancement and to ensure that
the entire dynamic range is utilized. Our objective is to find
a new mapping function as close as possible to the mapping
function T found by traditional HS, so that the histogram of
the processed image will be close to the give histogram g, and
restrict the range of the new mapping function’s derivative as
well to prevent over-enhancement and under-enhancement.
Furthermore, we assume that the lowest intensity level (dark-
est) of the original image is mapped to 0, and the highest
one is mapped to 1. This is essentially a nonparametric con-
strained regression problem, which can be formulated as the
following optimization problem:

min
T̃
‖T − T̃‖p subject to

tl ≤ T̃ ′(x) ≤ tu, T (a) = 0, T (b) = 1,
(5)

where ‖ · ‖p denotes the `p-norm, a denotes the lowest inten-
sity level of the original image, and b denotes the highest in-
tensity level of the original image. Equation (5) can be solved
by modern interior points methods efficiently in constant time
since its dimension is always L + 1 regardless of the image
size N , and in general (L + 1) � N . In practice we set
p = 2, tl = 0 and solve the Lagrangian of (5). Hence the new
mapping function obtained by our first method is

TCRHS = arg min
T̃

‖T − T̃‖2 + λ‖T̃ ′‖2 subject to

T̃ ′(x) > 0, T (a) = 0, T (b) = 1,
(6)

where λ is a smoothing parameter which characterizes the
upper bound of TCRHS . A large value of λ corresponds to
a small upper bound, and thus the result image has less en-
hancement. When λ = 0, TCRHS remains the same as T ,
which produces the same result to traditional HS. An exam-
ple image and enhanced images by the mapping TCRHS with
three different values of λ (0,0.2,0.5) are shown in Fig. 5. The
target histogram is specified to the GG distribution defined in
(2).
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Fig. 6. Tradeoffs between relative entropy (RE) and correla-
tion coefficient (CC) for (a) Plane, (b) Cat, (c) Door. Black
(dashed): WTHE [2]; blue (dot-dash): HMCE [3]; red (solid):
the proposed CRHS.

4 Experimental Results
We compare our CRHS method with some other HS-based
methods such as WTHE [2] and HMCE [3]. Unfortunately
there is no objective assessment in the literature to compare
contrast enhancement techniques. Thus we introduce two
metrics as assessments of image enhancement:
Relative Entropy (RE): We use the relative entropy to
measure if the histogram of the enhanced image g̃ is close to
the given distribution g. The relative entropy is defined as

RE =
∑
s

g̃(s) log
g̃(s)

g(s)
(7)

Note that when g is uniform, RE is equivalent to the (negative)
discrete entropy [4] as used in many contrast enhancement
literatures. A small value of RE indicates that the histogram
of the enhanced image is close to the given distribution.
Correlation Coefficient(CC): We use the correlation co-
efficient between the enhanced image and the original image
to measure over-enhancement and under-enhancement. More
unpleasant visual artifacts yields to smaller values of CC. CC
is also used in other image quality assessments, such as the
SSIM index [5].

Ideally, a good HS-based enhancement technique should
result in an enhanced image with a small RE and a large CC.
However, in practice an enhanced image with a smaller value
of RE may sometimes come with a smaller value of CC, and
vice versa. Traditional HS usually gives the smallest RE but
the smallest CC due to artifacts, while an image without en-
hancement usually gives the smallest RE but the largest CC.
Thus there is a tradeoff between RE and CC. In Fig. 6 we
show that our CRHS method always results in smaller val-
ues of RE for any fixed CC comparing to WTHE and HMCE.
Finally, illustrating examples of our proposed CRHS as well
as the existing methods are given in Fig. 7. Here the target
histograms are taken to be the GG distribution defined in (2).
The computation times for the proposed CRHS method are
within 0.3 sec on an Intel Core 2 Duo 2.0 GHz machine.

5 Conclusion
In this article we present a nonparametric constrained regres-
sion framework for image contrast enhancement. We show
that by constraining the derivative of the mapping function,
the contrast of the image can be enhanced without introduc-

Fig. 7. Illustrating examples of different contrast enhance-
ment methods. From top to bottom are the original images,
WTHE [2], HMCE [3], and the proposed CRHS.

ing additional visual artifacts and amplifying too much noise.
Furthermore, by restricting the two boundary values of the
mapping function we ensure that the dynamic range is fully
utilized. Experimental studies show that the proposed CRHS
approach do perform better than the existing methods.

Other constraints can be introduced in our framework,
too. For example, constraints on the mean brightness of the
enhanced image can be introduced to avoid flickering of an
image sequence or video.
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[4] A. Beghdadi and A. L. Négrate, “Contrast enhancement
technique based on local detection of edges,” Computer
Vision, Graphics, and Image Processing, vol. 46, no. 2,
pp. 162–174, 1989.

[5] Z. Wang, A. C. Bovik, H. R. Sheikh, and E. P. Simon-
celli, “Image quality assessment: From error visibility to
structural similarity,” IEEE Transactions on Image Pro-
cessing, vol. 13, no. 4, pp. 600–612, 2004.

2011 18th IEEE International Conference on Image Processing

1584


