Video Haze Removal And Poisson Blending Based Mini-Mosaics For Wide Area
Motion Imagery
Rumana Aktar⇤ , V. B. Surya Prasath⇤ , Hadi Aliakbarpour⇤ , Urmila Sampathkumar⇤
Guna Seetharaman† , Kannappan Palaniappan⇤
⇤ Computational

Imaging and VisAnalysis (CIVA) Lab
Department of Computer Science, University of Missouri-Columbia, MO 65211 USA
Emails: {rayy7, us6y6}@mail.missouri.edu
{prasaths, aliakbarpour, palaniappank}@missouri.edu
† US Naval Research Laboratory, Washington D.C., USA
Email: guna@ieee.org

Abstract—In this work we consider three different haze removal approaches to dehaze videos with applications wide area
motion imagery (WAMI). Out of three, we mainly focused on
dark channel haze removal method. Most of the haze-free nonsky outdoor images contain at least one color channel with
average intensity close to zero; this channel is called dark
channel and provides a good estimate of the transmission of
haze which is used to remove haze from image. By utilizing
neighborhood consistency in temporal direction of videos we
apply haze removal algorithm sequentially. Once the haze-free
images are produced, we register them in order to generate
mini-mosaics and apply poison blending to remove seam effect
from the mini-mosaics. Additionally, in order to avoid dehazing
each image, we create the mini-mosaic first and the apply
dehazing on the mini-mosaic only. Experimental results on
synthetic image sequences and WAMI indicate we obtain good
haze-free and mosaiced results in both approaches.

1. Introduction
Wide area motion imagery (WAMI) provides a persistent
video data of large scale areas for exploitation and analysis [1]. In the last few years, availability of WAMI data
enabled us to use it for video surveillance, tracking [2],
and large scale 3D reconstruction [3]. The huge amount
of available data in aerial surveillance video makes it very
time consuming and sometimes impossible to view the
content manually. Based on this, it is highly desired to
have a summary instead of hundred thousands video frames.
Geospatial video summarization is a common approach to
produce synopsis mosaics out of long aerial video shots [4].
In persistent aerial imagery an aircraft record videos of the
scene while flying over the area. Geospatial Aerial video
summarization techniques often suffer in quality from some
issues caused by illumination changes.
Haze removal is an important preprocessing step WAMI
image analysis pipelines. Various haze removal, defogging
techniques are available and majority of them are for gray or
color images, see [5], [6] for reviews. Extending these haze

removal approaches to videos is an interesting problem, and
in this work we test the applicability of three widely utilized
image dehazing algorithms from the literature to WAMI
data, namely, the dark channel prior (DCP) [7] model, contrast limited adaptive histogram equalization (CLAHE) [8],
and visibility restoration algorithm (VRA) [9]. We also
tested quantitatively the performance of different dehazing
methods following [6]. Further, we provide a registration
based for mini-mosaics creation for WAMI and test Poisson
blending for obtaining seamless panoramas.
Rest of the paper is organized as follows. In Section 2 we
present different haze removal methods. The mini-mosaic
generation is described in Section 3. Section 4 provides
experimental results with comparisons of different dehazing
methods, and benchmarking with image quality metrics.
Finally, Section 5 concludes the paper.

2. Video haze removal and Mini-mosaics for
WAMI data
2.1. Haze Removal Methods
We briefly recall the dehazing methods which will be
applied to WAMI data here.
•

Dark Channel Prior (DCP): He et al [7] the following equation is assumed for haze and fog affected
images,
I(x) = J(x)t(x) + A(1

t(x)),

(1)

where I is the observed intensity which is known
to us, J is the scene radiance which we intend to
recover, t is the medium transmission (the portion
of the light that is not scattered and reaches the
camera), A is the atmospheric light. It is observed
in [7] that non-sky haze free outdoor images contain
at least one color channel which is very dark. In
other words, the average intensity of an image along
that channel is almost close to zero. That channel

is defined as the dark channel. Dark channel of an
image can be defined by the formula:
J dark (x) = minc2{r,g,b} (miny2⌦(x) (J c (y))), (2)

where J c is the color channel of J, ⌦(x) is the local
patch around x, and J dark is the dark channel of
J. The transmission, t is the portion of light that
reaches the camera while a picture is taken. In order
to calculate the transmission, He et al [7] make an
assumption that for a small patch transmission is
constant, and is defined by the following,
✓
✓ c ◆◆
I (y)
˜
t(x) = 1 minc miny2⌦(x)
, (3)
Ac

•

•

˜ is the transmission over area ⌦(x). Fiwhere t(x)
nally soft matting is used to get refined transmission
˜ . In [7], it is observed that the dark
t(x) from t(x)
channel prior is a good estimate of haze denseness.
Consequently, the most haze opaque region of the
is chosen and top 0.1% brightest pixels are picked
for initial consideration for being atmospheric light
carrying pixel. Next, the brightest pixel among all
input image pixels which corresponds to the previously chosen pixels from dark channel is selected.
Finally, the intensity of the brightest pixel is chosen
as the atmospheric light.
Contrast limited adaptive histogram equalization
(CLAHE): This method enhances an image by dividing it into tiles.
Visibility restoration algorithm (VRA)
Tarel and Hautiere [9] consider the model of
Koschmieder [10] to observe the state of a hazy
image which is denoted by the following equation:
L(x, y) = L0 (x, y)e

kd(x,y)

+Ls (1 ekd(x,y) ), (4)

where L(x, y) is the observed luminance, L0 (x, y)
is the intrinsic luminance, d(x, y) is the distance of
the object at pixel (x, y), and k is the extinction
coefficient of the atmosphere. When the depth information, d(x, y) is not available in Koschmieder’s
model, Tarel et al. introduces a new term atmospheric veil, V (x, y) = Is(1 e kd(x,y) ) at pixel
(x, y). Consequently, Equation 4 can be rewritten
as,
◆
✓
V (x, y)
I(x, y) = R(x, y) 1
+ V (x, y), (5)
Is
where I(x, y) and R(x, y) denotes the observed
intensity and desired haze free intensity at pixel
location (x, y), and Is is the sky intensity. Thus the
visibility of a foggy image is restored by estimating
Is , inferring V (x, y) from I(x, y) and estimating the
desired haze free intensity R(x, y) at pixel (x, y) by
inverting the Eqn. 5.

3. Mini-mosaics and Poisson blending
3.1. Creating mini-mosaics
In WAMI dataset, frames are grouped into shots based
on overlapping region, time and motion. As the frames of
each shot are sequential and have significant amount of
overlapping region, we create one mini-mosaic from each
shot. In order to create mini-mosaic, we need to register the
frames first. The feature points of a frame is computed by
structure tensor based method. Once, the matching points
between two images are found, homography matrix is computed between any two consecutive frames. Frame warping
is done in two steps.
In first step, each shot is divided into groups. The group
size is determined by two criteria. The group is started
from the first frame of each shot. This frame is defined the
reference frame for current group. For warping subsequent
frames, we define an initial reference mosaic of size onethird larger than the size of input frame. For the next frame,
the transformation matrix is calculated between the current
frame and reference frame, and the current frame is warped.
We keep adding frames sequentially to this group as long
as the warped version of the frames do not exceed the size
of reference mosaic and number of frames in this group
is not more than 40. If one of these two conditions is
broken, we start our next group. Figure 1 (a) illustrates this
procedure. Here, the boxes represent the actual frames and
the number inside the boxes are the frame numbers. Frame
1 to n1 denotes group 1 and frames n1+1 to n2 denotes
group 2. The arrow shows how the transfromation matrix is
computed. For example, the arrow between frame n1 to 1
shows that to warp frame n1, the transformation matrix is
computed between frame n1 to 1.
In the second step, we collect reference images from
each group within a shot. A set of homography matrices
is calculated so that all the reference frames can be transformed again to the coordinate system of first frame of a shot
which is called the base frame for the shot. All the warped
frames from the first step is transformed using the calculated
homography matrices to the coordinate of the base frames.
Figure 1 (b) illustrates this step. Let assume, Hi i 1
represents the homography between two consecutive frames
i and i 1 and Ti is the final transformation matrix for
group i. Ti is calculated by a very simple equation:
Ti = Ti

1

⇤ Hi

i 1

(6)

At the end of step 2, all the frames from a shot is warped
to the coordinate system of first/base frame of that shot.
Finally, we overlay images sequentially on top of each
other in order to create mini-mosaic. For example, at the
beginning, the warped base image is considered as the minimosaic. Then we start processing the warped second image.
In order to update the mini-mosaic with the warped second
image, we use a binary mask for the second image. The
mask contains white pixels where there is a valid pixel in
the warped image otherwise it is black. For each white

(a) Within Groups

(b) Within Shots

Figure 1. (a) Registering frames within a shot. Reference frame 1 and 2 are the reference frames for group 1 and group 2 respectively. (b) Registering all
frames within a shot to the coordinate system of first/base frame of the shot. Here boxes represents the warped frames from step1 of corresponding input
frame. T1 , T2 , T3 and Tm+1 denote the homography matrices for transforming group 1, 2, 3 and m + 1 respectively.

Figure 2. Example Poisson blending results.

pixel in the mask, we replace the mini-mosaic pixel by
corresponding pixel in the warped image.

3.2. Poisson blending
Poisson blending []
Figure 2 shows some example Poisson blending results
after mosaicing. As can be seen, there are some border
effects due to illumination changes between frames.

4. Experimental Results
We conducted our experiments on the VIRAT data.
WRITE ABOUT DATA MORE HERE....

4.1. Single Image Dehazing
Figure 3(a) shows one input frame from shot2. Figure
3(b), 3(c) and 3(d) (top row) show the dehazed output

image of Figure 3(a) using dehazing method as dark channel
prior [7] , CLAHE [8] and VRA [9] respectively. Similarly,
Figure 3(e), 3(f), 3(g) and 3(h) (top row) show another
set of dehazing outcomes. From the results in Figure 3, it is
clear that dark channel prior outperforms both CLAHE and
VRA dehazing method. CLAHE keeps the image structure
almost unchanged compared to input but it deteriorates the
color of image a lot. On contrary, VRA is better in restoring
the original color (i.e., the color of haze free image) with
compared to CLAHE but it fails to identify the black boarder
of input image, and produces bad color for those pixels. In
addition, though VRA performs comparatively better than
CLAHE in preserving color, the distribution of color is not
uniform across the image. For example, the top half is darker
and the bottom half is brighter in Figure 3(d). Dark channel
prior method works reasonably well maintaining the original
structure and it also performs very good in obtaining the
expected haze free color. In addition to that, it keeps the
black boarder intact as expected.
The above visual observation can be further strengthened
by the difference image of input hazy image and the dehazed
image. The difference image can be defined as the pixelby-pixel difference between two images. For instance, if a
hazy image, Ihazy and its dehazed version, Idehazed is both
of size m x n, then the difference image, Idif f erence is also
of size m x n:
Idif f erence = Ihazy

Idehazed

(7)

(a) Input

(b) DCP

(c) CLAHE

(d) VRA

Figure 3. Example dehazing results and comparison of DCP, CLAHE, and VRA methods on two frames from VIRAT data, frames #286, #930. (a) Input
frames, (b) dark channel prior (DCP) [7], (c) CLAHE [8], and (d) Visibility restoration algorithm (VRA) [9].

Figure 3(b), 3(c) and 3(d) represent the difference
image of Figure 3(a) produced by method DCP, CLAHE
and VRA respectively. It is quite clear from Figure 3(b)
that dark channel prior restores the structures and there
is uniformly distributed color difference across the whole
image. On the other hand, the difference of intensities are
higher in upper half and smaller in lower half of 3(d).

4.2. Mini-mosaic Dehazing
We create the mosaic of input frames using the procedure described in section 3. For example, in shot1 there
are 82 frames (Frame 000000 to Frame 000081). We create
one mini-mosaic from these 82 frames.
The haze removal step can be performed either after
creating the mini-mosoaic which is defined as post-dehazedmini-mosaic or directly on input frames before creating
mini-mosaic which is defined as pre-dehazed-mini-mosaic.
In post-dehazed-mini-mosaic, input frames are directly used
to generate a mini-mosaic. For instance, Figure 4(a) is the

mini-mosaic created from the frames of shot1 (top row)
and shot2 (bottom row). Next, this mini-mosaic is dehazed
which is shown in Figure 4(e) using dark channel prior algorithm [7]. On the other hand, Figure 4(b) is the pre-dehazemini-mosaic of shot1 and shot2. For the same shots, Figure
4(f), and 4(c) shows the post-dehazed-mini-mosaic, and
pre-dehazed-mini-mosaic with CLAHE as dehazing method.
Similarly, Figure 4(g), and 4(d) shows the post-dehazedmini-mosaic, and pre-dehazed-mini-mosaic with VRA as
dehazing method for shot1. Like single image dehazing,
dark channel prior [7] outperforms both CLAHE and VRA
dehazing method in mosaic dehazing in Figure 4 . VRA
still works better than CALHE but it over-smoothens the
boundaries (Figure 4(d) and 4(g). Dark channel prior
method maintains the original structure and restores expected dehazed intensity.
In most of the cases, there is not much visible difference pre-dehazed-mini-mosaic and post-dehazed-minimosaic outcomes but they require significantly different
amount of running time. In post-dehazed procedure, the

(a) Input

(b) Pre-DCP

(c) Pre-CLAHE

(d) Pre-VRA

(e) Post-DCP

(f) Post-CLAHE

(g) Post-VRA

Figure 4. Comparison of different dehazing methods on mini-mosaics. Top row: shot1, bottom row: shot2. (a) Input mosaics. Pre-dehazed mini-mosaics
created with (b) dark channel prior (DCP) [7], (c) CLAHE [8], and (d) Visibility restoration algorithm (VRA) [9]. Post-dehazed mini-mosaics created with
(e) DCP, (f) CLAHE, and (g) VRA [9]

mini-mosaic is generated first and then it is dehazed. In
another word, the call to dehazed method is made only
once. On the contrary, in pre-dehazed method, every frame
is dehazed individually and those dehazed frames are taken
as input in mini-mosaic creation algorithm. As a result,
pre-dehazed-mini-mosaic creation method is very slow with
compared to post-dehazed-mini-mosaic. In spite of that, predehazed method might be desirable in cases where postdehazed method creates unexpected result. For instance, the
post-dehazed-mini-mosiac of shot2 shown in Figure 4(e)
(bottom row) contains some black region which can be
avoided in pre-dehazed 4(b) version of it.
We measured some quality assessment parameters put
together in [6] to compare the dehazing methods discussed
in this paper. We calculated the parameters for post-dehazedmini-mosaic with compared to hazy mini-mosaic for dark
channel prior, CLAHE and VRA both for shot1 and shot2.
The result is presented in Table 1.
•

Blind Assessment Indicator (e, r): Blind assessment
indicator uses visible edge and gradients to compare
image quality before and after dehazing [11]. The
first indicator, e represents the increased rate of
visible edges in the dehazed image given by the
following equation:
e=

nr

n0

r = exp @

1 X
log
nr i2⇢
r

•

•

(8)

n0

Here, n0 and nr denote the cardinal number of visible edges in original and dehazed image respectively.
The relationship between the image visibility and e
is proportional. As e increases, higher visibility is
achieved.
In addition to edge information, the second indicator,
r takes gradient into consideration for image enhancement which can be presented by the equation:
0

•

1

Iir A
I0r

•

•

(9)

Here, ⇢r , I r , I 0 denotes the sets of visible
edges in the enhanced image, gradient of enhanced
image, and gradient of original image respectively. A
larger r also means that the corresponding defogging
algorithm has better edge preservation performance.
Image Visibility Measurement (IVM): Another
edge based image visibility assessment is IVM [12]
which depends on edge segmentation and is defined
as:
nr
IV M =
logx2⇢r C(x)
(10)
ntotal
Here, nr and ntotal denotes number of visible edges
and total edges, C(x) denotes mean contrast, and ⇢
denotes image area of visible edges. The visibility
of image increases with IVM.
Image Contrast Gain (Cg ): As image contrast is a
good indicator of image visibility, it can be used to
measure performance gain achieved by dehazing algorithms. For example, [13] calculates contrast gain
which is the mean difference between the enhanced
and original image. If Cg is higher, then better
visibility is restored.
Visual Contrast Measure (VCM): Another contrast
based image enhancement assessment criterion is
visual contrast measure [14] which is given by the
equation:
Rv
V CM = 100 ⇤
(11)
Rt
Here, Rv is the number of local areas whose standard deviation is higher than a given threshold, and
Rt is the number of total local areas.
Histogram Correlation Coefficient (HCC): A good
dehazing algorithm should have the property that it’s
dehazed output should have similar histogram distribution like the hazy image [5]. Ye et al. proposed
HCC to be a good assessment criterion for dehazing
algorithm. The higher HCC, the better enhancement.
Image Structural Similarity (SSIM) and Universal
Quality Index (UQI):
Mean structural similarity (MSSIM) index is in the
range [0, 1] and is known to be a better error metric

than traditional signal to noise ratio [15]. It is the
mean value of the structural similarity (SSIM) metric. The SSIM is calculated between two windows
!1 and !2 of common size N ⇥ N , and is given by,
SSIM(!1 , !2 )
(2µ!1 µ!2 + c1 )(2 !1 !2 + c2 )
= 2
(µ!1 + µ2!2 + c1 )( !2 1 + !2 2 + c2 )

(12)

where µ!i the average of !i , !2 i the variance of
!i , !1 !2 the covariance, and c1 , c2 stabilization
parameters. The MSSIM value near 1 implies the
optimal denoising capability of a method and we
used the default parameters.
UQI:
Table 1 shows the quality assessment parameter values
described above. The table data agrees with our visual
observation from the difference of image results (Figure 3
(difference images). For blind assessment indicator e, r
and IV M , dark channel prior and CLAHE performs better
than VRA. CLAHE achieved little better results as these
assessment criteria are based on edges as CLAHE is good
at maintaining original structure of input image. Though for
histogram correlation coefficient (HCC), dark channel prior
outperforms both CLAHE and VRA significantly. CLAHE
performes even worser than VRA as we can see in the
difference images that CLAHE fails to restore expected
haze free image intensity. For contrast gain (Cg ) parameter,
CLAHE achieved the highest score though we can see from
Figure 4(c) and 4(f), CLAHE over-brightens the image.
On the other hand, dark channel prior performs reasonably
well in case of Cg . The visual contrast gain measurement
(V CM ), image structural similarity (SSIM ) and universal
quality index (U QI ) data show that dark channel prior
which gained the best score (except for U QI for shot2),
is the best dehazing method for WAMI data.

5. Conclusions
In this paper, we discussed three dehazing methods for
WAMI data. Though all the methods perform well, dark
channel prior [7] method seems to outperform the other
two both visually and qualitatively. CLAHE is good at
preserving edges and structure while VRA performs well
in color restoration. Dark channel prior not only maintains
original structures but also responds well in expected haze
free intensity refurbishing. In order to combine haze removing and mini-mosaic procedure, we introduced two different approach: pre-dehazed-mini-mosaic and post-dehinput
imgazed-mini-mosaic. It is observed that post-dehazed-minimosaic procedure is very time efficient with compared to
pre-dehazed-mini-mosaic though pre-dahazed-mini-mosaic
generates better results in few cases.
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TABLE 1. Q UALITY ASSESSMENT FOR DIFFERENT AUTOMATIC HAZE REMOVAL METHODS ON MOSAICED SHOTS FROM VIRAT DATA . W E SHOW THE
ERROR METICS AND THEIR CORRESPONDING BEST RESULT BY BOLDFACE .
Shot No.
1
2

Haze Removal Method
DCP
CLAHE
VRA
DCP
CLAHE
VRA

e
7.2187
7.3720
3.6784
3.1775
4.9118
1.6930

r
1.7542
2.6616
1.4947
1.2714
3.0536
1.0599

IVM
9.7784
10.1873
7.9434
9.6853
10.9729
8.8664

HCC
0.9596
-0.0140
0.0158
0.9857
-0.0184
0.01078

SSIM
0.8093
0.5322
0.5427
0.9160
0.5085
0.6122

Cg
0.0937
0.1717
0.0074
0.1490
0.1921
-0.0225

VCM
45.4167
65.2083
44.0625
54.2398
76.0234
50.7310

UQI
0.7529
0.5637
0.5556
0.8861
0.5824
0.6204

(a) Input frames #0, 10, 20, 30, 40, 50, 60, 70

(b) Dark channel prior (DCP) [7]

(c) CLAHE [8]

(d) Visibility restoration algorithm (VRA) [9]
Figure 5. Example dehazing results on shot1. (a) Input frames #0, 10,..70. Dehazing results from: (b) dark channel prior (DCP) [7], (c) CLAHE [8], (d)
Visibility restoration algorithm (VRA) [9].

