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Abstract. Lighting is one of the challenges for image processing. Even
though some algorithms are proposed to deal with the lighting variation
for images, most of them are designed for a single image but not for image
sequences. In fact, the correlation between frames can provide useful
information to remove the illumination diversity, which is not available
for a single image. In this paper, we proposed a 2-step lighting alignment
algorithm for image sequences. Based on entropy, a perception-based
lighting model is initialized according to the lighting condition of first
frame. Then the difference between frames is applied to optimize the
parameters of the lighting model and consequently the lighting conditions
can be aligned for the sequence. At the same time, the local features of
each frame can be enhanced. Experimental results show the effectiveness
of the proposed algorithm.

Keywords: Lighting alignment · Entropy-based model · Perception-
based model · Tracking

1 Introduction

Lighting can cause dramatic variance for images. Thus it is considered as one of the
challenges for image processing tasks, such as object detection, recognition, and
tracking. Algorithms that deal with the illumination variance can be classified as
invariant feature-based and model-based methods. Those feature-based methods
attempt to extract illumination invariant features from images, such as edge-based
algorithm [1], quotient image-based algorithms [2–5], and Retinex theory-based
algorithms [6–9]. For these algorithms, they remove the illumination at the cost of
removing all low-frequency information of the images. Actually the low-frequency
information is always very useful for the tasks of recognition and detection. On the
other hand, the model-based algorithms try to describe the lighting variance. Low-
dimensional subspace can be applied to model the complete lighting space with the
theory proposed by Basri et al. [10] and Ramamoorith et al. [11]. In order to build
up lighting subspace, 3D model is always required for the object [12–17]. Recently,
Sparse representation-based algorithm also showed its effectiveness in dealing with
illumination problem [18,19], while the lack of training images always limited its
application.
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There are a lot of algorithms to deal with the lighting problem for single
images, but a few are designed for image sequences. Even though these algo-
rithms that deal with lighting problems for single images can be applied to
each frame in image sequences, they are always too complex to satisfy the time
requirement of tasks performed on image sequences, such as tracking. Also, these
algorithms do not consider the information that is provided by each frame. In
fact the correlation between frames can be used to minimize the lighting vari-
ance. Meanwhile, to enhance the original features in images is also very crucial
for the achievement of image-processing tasks. For most lighting preprocessing
algorithms [20], they focused on removing lighting components from images and
at the same time losing some object information. Therefore an effective lighting
preprocessing method should minimize the lighting variation and keep or even
enhance the intrinsic features of the objects as well.

In this paper, we propose a perception-based lighting alignment algorithm
for image sequences. For each image frame, to ensure convergence, the algorithm
works in two steps. First initial values of the lighting model parameters are
estimated using the entropy of the current image as measure. These values are
then used as initial guesses for a constrained least squares optimization problem,
considering the correlation between two successive frames. Also, we adjusted the
global lighting conditions of image sequences to be more uniform and enhance
the local features of the image as well.

The perception based lighting model is introduced in Sect. 2. In Sect. 3 we give
an overview of the proposed lighting adjustment algorithm for image sequence.
Section 4 discusses qualitative and quantitative results of the lighting adjustment
in the case of facial features detection and tracking. Finally, conclusions are
drawn in Sect. 5.

2 Perception-Based Lighting Model

The Human Vision System (HVS) can adapt very well under enormously changed
lighting conditions. People can see well at daytime and also at night. That is due
to the accurate adaptation ability of the HVS. However, image capturing devices
seldom have this adaptation ability. For an image taken under extreme lighting
conditions, such as the images shown in first row of Fig. 2(b), a proper lighting
adjustment algorithm should not only adjust the brightness of the images, but
also enhance the features of the image, especially for the dark regions. To reach
this goal, we propose to reduce the light variations by an adaptive adjustment
of the image. Here, we employ a model of photoreceptor adaptation in Human
Vision System [21] in which three parameters (α, f , m) control the lighting
adjustment. The adjusted image Y is modeled as a function of these lighting
parameters and the input image X as:

Y (α,m, f ;X) =
X

X + σ(Xa)
Vmax (1)

where σ, referred to as semi-saturation constant, Xa the adaptation level, and
Vmax determines the maximum range of the output value (we use Vmax = 255 to
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Fig. 1. (a) Adaptation level v.s. α parameter (b) lighting adjustment v.s. m and f
parameters.

have grey image output in the range of [0, 255]). The semi-saturation constant
σ describes the image intensity and its contrast through the parameters f and
m, respectively [21]:

σ(Xa) = (fXa)m (2)

Adaptation Level. Ia If we choose the average intensity of the image as the
adaptation level Ia, the adjustment is global. It does not perform any specific
processing to the darker or brighter region and some details in those regions may
be lost. To compensate the details, the local conditions of every point should
be considered. We can use the bi-linear interpolation to combine the global
adaptation Iglobal

a and local adaptation I local
a (x, y) as,

Ia(x, y) = αI local
a (x, y) + (1 − α)Iglobal

a (3)
I local
a (x, y) = K(I(x, y)) (4)

Iglobal
a = mean(I) (5)

Different kernel K(•) can be applied to extract the local information. Gauss
kernel is the most commonly used one. The interpolation of the global and
local information will adjust the details. In Fig. 1(a), with the increasing of the
parameter α, the details become notable gradually. When α = 1, i.e. Ia = I local

a ,
all the details are expressed out including the noise.

Parameter f and m. The other two parameters f and m control the intensity
and contrast, respectively. Parameter f is the multiplier in the adaptation func-
tion, i.e. to every point’s adaptation level Ia(x, y), f magnifies them with the
same scale. The brightness of the whole image will be enhanced or suppressed
accordingly.
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The alternation of brightness can be shown only when changes on f is large
enough. In [21], the parameter f is suggested to be rewritten in the following
form

f = exp(−f ′) (6)

With a comparative smaller changing range of f ′, f can alter the brightness of
the image.

Parameter m is an exponent in the adaptation function. Different from the
parameter f , m magnifies every Ia(x, y) with a different scale based on its adap-
tation value. Therefore, parameter m can emphasize the difference between every
point, i.e. the contrast. In Fig. 1(b), the parameter α is fixed. With the increment
of m, the contrast of the image is enhanced in every row. And in every column,
the brightness of the image is enhanced with the increase of f .

3 Image Sequence Lighting Adjustment

In capturing an image sequence the influence of the scene lighting may not
be neglected. Often the variations of the lighting conditions cannot be avoided
while recording, and therefore lighting adjustment methods must be used before
further processing. In this paper, we propose a tow-steps lighting adjustment
approach. First, the initial optimal parameters, α0

k, f0
k , m0

k of each frame Xk; k =
1, · · ·N are calculated using entropy as an objective function. These values are
then used as initial guesses for a constrained least squares optimization problem
for further refinement of those parameter. In this step, the objective function is
the difference between the adjusted previous frame Yk−1 and the current frame
Xk. The two steps are detailed in the following sections, and experimental results
are presented in Sect. 4.

3.1 Single Image Enhancement

It is well known that an image with large entropy value indicates that the distri-
bution of its intensity values is more uniform, i.e. each intensity value has almost
the same probability to appear in the image. Hence, the image cannot be locally
too bright or too dark.

Entropy H(x), defined as:

H(X) = −
255∑

i=0

p(i)log2(p(i)) (7)

where p(i) is the probability of the intensity values i in the whole image, can
be employed to evaluate image lighting quality. When all the intensity values
have the same probability in the image, the entropy can reach its maximum
value 8. However, not all the images can reach the entropy H(X) = 8 when
they are in their best situation. The optimal entropy value, Ho, is image content
dependent. In this paper, we set Ho = 7 as the expected optimal entropy for all
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the images. Therefore the objective function for the lighting adjustment of every
single image is

J1(α,m, f) = arg min
a∈[0,1];m∈[0.3,1)
f∈[exp(−8),exp(8)]

|H(Y (α,m, f ;X)) − Ho| (8)

The lighting parameter α controls the adaptation level of the images, as in
Eq. 4. It can adjust the image much more than the other two parameters (f,m).
Therefore an alternate optimization strategy is used [22]. First, the parameter α
is optimized with fixed m and f . Then the parameter m and f are optimized with
fixed α. These two optimizations are repeated until convergence. To initialize,
we estimate α̂ with fixed m and f which are selected according to the luminance
situation of the image. The contrast-control parameter m can be determined by
the key k of the image [21], as

m = 0.3 + 0.7k1.4 (9)

The key of the image evaluates the luminance range of the image and is defined as

k =
Lmax − Lav

Lmax − Lmin
(10)

where Lav,Lmin,Lmax are the log average, log minimum and log maximum of the
luminance respectively. For color images, we use the luminance image computed
as L = 0.2125Ir + 0.7154Ig + 0.0721Ib, where Ir, Ig, Ib are the red, green, blue
channels. The brightness-control parameter f is set to 1. Then the simplex search
algorithm [23] is applied for determining the optimal α̂. Fixing the value α̂ in
J1, the simplex search algorithm is then used to search for optimal m̂ and f̂ .
The alternate optimization will stop when the objective function J1 is smaller
than a given threshold.

This approach can adjust an image to have suitable brightness and contrast.
Also, it can enhance the local gradient features of the image due to the adjust-
ment of the parameter α. However, entropy does not relate to intensity directly.
Different images can have the same entropy value while their brightness is dif-
ferent. For example, the images in the second row of Fig. 2(a) and (b), being the
lighting adjusted results of the images of the first row, have the same entropy
values, but their lighting conditions are not similar. Consequently, for a sequence
of images, we still need to adjust the brightness and contrast of successive frames
to be similar and therefore enhance their features.

3.2 Lighting Adjustment of Successive Images

In video sequences, the difference between successive frames is due to object
and/or camera motions and lighting changes. Whereas the former differences
are exploited in object tracking and camera motion estimation, the latter, i.e.
lighting differences, are such that the required brightness constancy assump-
tion for tracking gets violated. In this paper, we show that for tracking of slow
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movement in a sequence captured by a fixed camera, the lighting problem can
be reduced by applying a lighting adjustment method. Indeed, the lighting of
the overall sequence could be made more uniform (in a sequential manner) by
considering the changes between successive frames. We propose to use the differ-
ence between successive frames as an objective function to estimate the optimal
lighting parameters of the current frame Xj , provided that the previous frame
Xj−1 has been adjusted, i.e. given Yj−1:

J2(α,m, f) = arg min
α∈[0,1];m∈[0.3,1)
f∈[exp(−8),exp(8)]

∑

x

∑

y

(Y (α,m, f ;Xj(x, y)) − Yj−1)
2

(11)

With Eq. 1, the difference e(α,m, f) = Y (α,m, f ;Xj)−Yj−1 between frames
can be written as (for simplicity we drop the pixel index (x, y)):

e =
Xj

Xj − (fjXaj
)mj

− Xj−1

Xj−1 − (fj−1Xaj−1)mj−1
(12)

When searching for the optimal parameters for the objective function J2, the
derivatives over different parameters need to calculate.

If the two images concerned are the same, the difference between these images
is minimum, at the same time, the difference between the inverse of images will
also reach to its minimum value. Therefore, we calculate the difference between
the inverse of adjusted images to simplify the computation of derivatives, as

ẽ =
Xj − (fjXaj

)mj

Xj
− Xj−1 − (fj−1Xaj−1)

mj−1

Xj−1

=
(fjXaj

)mj

Xj
− (fj−1Xaj−1)

mj−1

Xj−1
(13)

Let Ŷj−1 = (fj−1Xaj−1)
mj−1/Xj−1 and apply log to both side of Eq. 13, we

can simplify the difference between frames further as

ê = log
(fjXaj

)mj

Xj
− log Ŷj−1

= mj log fj + mj log Xaj
− log Xj − log Ŷj−1 (14)

Then the objective function J2 can be rewriten as

Ĵ2(αj , mj , fj) = argmin
α∈[0,1];m∈[0.3,1)
f∈[exp(−8),exp(8)]

∑

x

∑

y

(
mj log fj + mj logXaj − logXj − log Ŷj−1

)2

(15)

This formulation allows easily estimating the partial derivatives, and we apply
the interior-point algorithm [24] to solve the optimization problem Ĵ2, with initial
values of the lighting parameters α0

j ,f
0
j and m0

j obtained by minimizing Eq. 8.
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Fig. 2. Lighting adjustment results of frame 1 to 4 in L1 and L2. (a) and (b) are results
of L1 and L2: from top to bottom are original images, entropy-based optimization, and
2-step optimization results, respectively.

4 Experiments on Lighting Adjustment

The proposed lighting adjustment algorithms of the previous section have been
tested on the PIE facial database [25], from which we selected images under dif-
ferent lighting conditions to compose 3 test sequences, here referred to as L1, L2
and L3. We intend to take these sequences as typical examples to demonstrate
the performance of the algorithm in slight lighting variations (L1), overall dark
sequences (L2) and suddenly changing light variations (L3). To show the bene-
fits of the proposed image sequence lighting adjustment approach, we compare it
to state-of-art lighting adjustment methods for single images, namely, the quo-
tient image (QI) algorithm [3], and the well known histogram equalization (HE)
approach.

The lighting conditions of the test sequences can be described as follows.
Sequence L1 and L2 are composed of 19 frames taken from the same person.
The first row of Fig. 2 shows the first 4 frames of L1 and L2. The images in
L1 are taken with ambient lighting and 19 different point light sources. The
positions of these light points, are 10, 07, 08, 09, 13, 14, 12, 11, 06, 05, 18, 19,
20, 21, and 22, respectively. The images in L2 are taken under the same light
point source but without ambient lighting, so they appear to be more dark.
Sequence L3 is composed of 39 images which come from L1 and L2 alternately.
Thus the lighting condition of the images in L3 is ambient lighting on and off
alternately. The first row of Fig. 4 shows the frames 9 to 14 of L3.

To evaluate the lighting quality of the adjusted images, the key value (Eq. 10)
and entropy are depicted in Fig. 3. The key value of an image evaluates the
luminance range of the image. The entropy, being the mean entropy of the 3
color channels, relates to the distribution of the intensity values in each channel.
The key value of all adjusted frames and the original sequence of L3 are shown
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Fig. 3. Entropy and image key curves. (a) and (b) are the mean entropy and the
variance of key of all the frames in the original sequences and adjusted results of the
sequences, respectively. (c) and (d) are the entropy value and key value of every frame
in L3 and different adjusted results of L3, respectively.

in Fig. 3(d). The key value zigzags due to the alternate brightness of the original
sequence L3. For a sequence with reduced lighting variation the key value should
stay constant throughout the sequence. Therefore, we show the variance of the
key value in Fig. 3(b). For all the 3 test sequences, the variance of the key value
of the results of the proposed 2-step optimization algorithm is smaller than that
of the other algorithms except HE algorithm. However, HE algorithm costs the
entropy value of images, whose results are even worse than the original images
(Fig. 3(a)). The reason is that HE algorithm can make the intensity distribution
uniform only by skipping values in the intensity range [0, 255] of the adjusted
images, thereby leaving many gaps in the histogram of the adjusted images. The
entropy value of the QI results are the smallest because of the loss of the low
frequency information in the images. The proposed algorithm is the largest in
the mean of entropy, Fig. 3(a), and we can also see from Fig. 4(a) that these
resemble most the intensity value distribution of the original images. Our goal
is indeed not to change the image appearance dramatically (as compared to QI)
but only to obtain a good lighting quality. Therefore, it is quite normal that we
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Fig. 4. Lighting adjustment results of frame 9 to 14 in sequence L3. (a) from top
to bottom are the original images, entropy-based optimization, 2-step optimization,
histogram equalization (HE), and quotient image (QI) results, respectively. (b) the
edge of corresponding images in (a).

couldn’t improve L1 sequence so much, which is already captured at a reasonable
lighting quality with the ambient light. However, we were still able to adjust its
brightness to be more uniform while keeping its high image quality, as shown in
Fig. 2(a). On the other hand, our 2-step algorithm enhanced the image lighting
quality significantly for the sequences L2 and L3 containing images taken under
extreme lighting conditions.

Next, we examine the effect of the lighting adjustment methods on the
object’s edges of Fig. 4(b) to determine if the methods are appropriate as pre-
processing for feature detection methods. Considering the edges in the adjusted
images, our proposed algorithm enhances the feature of images. This is espe-
cially the case for those images taken in a dark environment. Also, highlight are
compensated and the influence of shadows on the edges are reduced. The HE
algorithm was able to enhance the contrast of the image but at the same time
it enhanced noise as well. As we already mentioned, the QI algorithm removed
most low frequency information of the image thereby included some important
features of the image.

The advantage of the image difference-based optimization step is illustrated
for facial feature tracking (on the sequences L1 to L3). We demonstrate that
the difficulty of tracking a modified object appearance due to lighting changes
can be overcome by employing our proposed algorithm as pre-processing. In this
paper, we focus on the results of a template-based eye and mouth corner tracker.
That tracker is part of a previously developed approach to automatically locate
frontal facial feature points under large scene variations (illumination, pose and
facial expressions) [26]. This approach consisted of three steps: (i) we use a
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Fig. 5. Feature points tracking error

kernel-based tracker to detect and track the facial region; (ii) we constrain a
detection and tracking of eye and mouth facial features by the estimated face
pose of (i) by introducing the parameterized feature point motion model into a
Lukas-Kanade tracker; (iii) we detect and track 83 semantic facial points, gath-
ered in a shape model, by constraining the shapes rigid motion and deformation
parameters by the estimated face pose of (i) and by the eyes and mouth corner
features location of (ii).

The performance of the tracking of the eyes and mouth corners (6 feature
points) on the original and adjusted image sequences L1 to L3 is displayed in
Fig. 5. The tracking error per frame is calculated as the average distance between
the real positions (manually identified) and the tracked positions of the 6 feature
points in the image. When tracking was lost, the graph is truncated. Figure 5(a)
shows that all adjustments of the sequence L1 allow to track until the end of
that sequence. The QI shows the smallest tracking error because it enhances the
gradient features in the image, but at the cost of obtaining visually unpleasant
images (see last row of Fig. 4(a)). Compared to the HE results, our two-step opti-
mization does reach a better tracking performance. Because the initial lighting
variations in sequence L1 are not that big, the entropy-step alone may already
improve the tracking. The benefit of the image difference-based optimization
step becomes obvious via the tracking error graphs of the dark sequence L2 in
Fig. 5(b). Here, the tracking errors on the 2-step optimization are the small-
est. This shows that local features are enhanced very well, but also that taking
care of correspondences between images is indeed important. QI and HE adjust-
ments perform worse in tracking. For QI, the reason is that it may enhance the
local features (gradients) only when the noise level is not high, i.e. images taken
in good lighting conditions such as in L1. On the alternating dark and light
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Fig. 6. Shape model results. (a) results on original sequence M1 with 10 frames (there
are frame 1, 3, 5, 7, 10 from left to right), (b) corresponding results on adjusted sequence
M1; (c) results on original sequence M2 with 14 frames (there are frame 1, 4, 6, 9, 14
from left to right), (d) corresponding results on adjusted sequence M2.

sequence L3 the tracking of the original and entropy-optimized sequence is very
quickly lost, as shown in Fig. 5(c). It is thus crucial to take into account the
sequence aspects in lighting adjustment. It is worth noting that the tracking for
our proposed algorithm results was lost only when a part of the image were in
deep shadow (such as frame 12, 17 and 19). Although no adjustment method
can track until the end of the sequence, we see that a larger enhancement of
the local features may allow to track longer (reduced entropy). That was done
by enlarging the alpha range from [0, 0.3] to [0, 0.9] in the 2-step optimization
(Eqs. 8 and 11). When comparing the errors before tracking was lost, we see
that reducing frame differences, especially with small alpha range, increases the
accuracy of the tracking. This shows that enhancing image sequence quality can
also help to track.

Then we tested the constrained shape model tracking (step (iii) of [26]) on
a sequence [27] adjusted by the 2-step lighting optimization. Before adjustment,
shown in Fig. 6(a), (c), some tracked features could not be well delineated due
to the illumination changes in the image sequence. The intensity and texture of
the face image were improved by our lighting adjustment and therefore all shape
points were tracked more efficiently as shown in Fig. 6(b), (d).
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5 Conclusion

Lighting is always a crucial problem for image based pattern recognition. Light-
ing is the main factor that makes the image. Therefore when lighting changes,
images of objects will also change such that difficulties arise in detecting, recog-
nizing and tracking them throughout images. Currently, most of the algorithms
that deal with the lighting problems are only aimed at adjusting the lighting
conditions of one image. However, in tracking the problems arise at the lighting
difference between frames.

For the application of tracking, we proposed a 2-step lighting adjustment
algorithm to reduce the influence of the variation oflighting conditions in an
image sequence. First, an entropy-based algorithm is applied to calculate initial
lighting parameters of a perceptual lighting model. Then the difference between
current and previous frames is employed as an objective function for the further
optimization of those lighting parameters. Using this criteria, successive frames
are adjusted to have similar brightness and contrast. Image lighting quality,
measured by entropy and key value, but also local features are enhanced. We
did demonstrate the effectiveness of the proposed algorithm for subsequent image
processing, such as detection and tracking.
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