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Abstract. In this paper, we focus on the problem of reconstructing im-
ages of scenes occluded by thick smoke. We propose a simple and effective
algorithm that creates a single clear image of the scene given only a video
sequence as input. Our method is based on two key observations. First,
an increase in smoke density induces a decrease in both image contrast
and color saturation. Measuring the decay of the high-frequency content
in each video frame provides an effective way of quantifying the amount
of contrast reduction. Secondly, the dynamic nature of the smoke causes
the scene to be partially visible at times. By dividing the video sequence
into subregions, our method is able to select the subregion-frame contain-
ing the least amount of smoke occlusion over time. Current experiments
on different data sets show very promising results.

1 Introduction

In this paper, we focus on the problem of image recovery in static scenes contain-
ing large amounts of thick smoke. Our goal is to generate a single clear image of
the scene given only a video as input. We assume that no previous knowledge of
the underlying scene is available, and both the camera and the observed scene
are static. We base our study on two observations. First, an increase in smoke
density induces a decrease in the contrast of images. Secondly, the dynamic na-
ture of the smoke causes the scene to be partially visible at times in different
parts of the image. Under these conditions, the smoke will considerably reduce
the visibility of the scene. This scenario occurs in various real-world situations
such as explosions, fire-related incidents, and armed conflicts.

We propose an algorithm that effectively reconstructs a clear image of the oc-
cluded scene. Our algorithm begins by separating video frames into subregions.
Each subregion is analyzed in the frequency domain as well as the satura-
tion channel of the HSV colorspace. We use a highpass filter to compare high-
frequency information about each frame. Our experiments show that measuring
the decay of high-frequency content as well as the reduction in chrominance of an
image provides a successful approach to determining the level of smoke occlusion
in each frame. For each subregion, the algorithm finds the frame containing the
least amount of occlusion. The final reconstructed image is a mosaic of all the
clear frames. This paper was inspired by the work of Efros et al. [1] on removing
image distortion caused by water waves.
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Fig. 1. Subset of frames from an experimental video sequence

The method is tested on different data sets created in the laboratory, each
containing varying amounts of smoke as well as different number of image frames
in order to present the robustness of the method. Current results show great
success in generating clear images of the underlying scenes.

The remainder of the paper is organized as follows. Section 2 provides a review
of the literature. Section 3 describes some of the effects of smoke occlusion in
videos. An overview of the method is presented in Section 4. Experiments and
results are shown in Section 5. Finally, Section 6 concludes the paper and presents
directions for future research.

2 Related Work

The computer vision literature directly related to the problem of recovering a
clear image of a smoke-occluded scene is somewhat limited. Most of the related
works address the problems of smoke and fire detection in both digital [2] and
satellite imagery [3,4], removal of weathering effects [5,6,7,8,9,10], and smoke
synthesis [11]. The computer graphics community, on the other hand, has mostly
addressed the problem of modeling and rendering realistic smoke.

Recently, there has been significant interest in computer vision methods for
removing weathering effects such as fog and haze from images. An elegant mod-
eling of the effects of weather conditions in images was proposed by Narasimhan
and Nayar [5,6]. Their work is based on physical models that describe how light,
colors, and contrast behave under certain weather conditions. In [5], Narasimhan
and Nayar present two physics-based models that can be used for contrast
restoration in images containing uniformly bad weather. The attenuation model
describes how light weakens as it travels from a point on the scene to the ob-
server, and the airlight model measures how the atmosphere can reflect environ-
mental illuminations to the observer. These models provide a way of quantifying
the decay in contrast of images with poor visibility conditions due to weather
effects. In [6], Narasimhan and Nayar use the models introduced in [5] for remov-
ing weather effects such as fog and haze from a single image of a scene without
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precise knowledge of the weather, and with minimal user input. Similarly, in [8]
Narasimhan and Nayar present models for extracting the 3D structure of a scene
occluded by bad weather. In the work presented in [10], Shwartz et al. approach
the problem of blindly recovering the parameters needed for separating airlight
from other measurements. Here, the authors describe a method that successfully
recover the contrast of a hazy or foggy image with no user interaction and
without having the sky in the image frame.

Other related problem is the automatic detection of smoke and fire in video
sequences and satellite images. Treyin et al. [2] developed a real-time image-
based smoke detection system that uses measurements on edge sharpness. The
authors relate the effects of smoke’s varying transparency to changes in image
edge sharpness and saturation values of colors in the scene using a wavelet de-
composition technique. The method requires the availability of a clean view of
the observed scene. The problem of detecting smoke and fire in satellite imagery
was addressed by [4,3]. Chung and Le [4] studied the possibility of automatic de-
tection forest fire smoke plumes in satellite images. Farser et al. [3] use a neural
network to analyze satellite imagery in order to classify the scenes into smoke,
cloud, or clear background, in an attempt to automatically detect forest fires.

3 Effects of Smoke in Videos

In this section, we discuss some of the main effects of smoke in video sequences.
Here, we focus on three main effects. First, we discuss how smoke occlusion
causes variations in color saturation. Secondly, we study the effects of smoke on
the image’s frequency domain representation. Finally, smoke motion gives rise to
image edges of weak intensity while weakening the response of static scene edges.
Our method combines measurements of color saturation, frequency-domain en-
ergy, and edge maps to help select the best set of subregions of a frame sequence
that can be stitched into a single clear view of the observed scene. In the analysis
that follows, we assume that we have a video of a static scene occluded with a
layer of moving smoke of varying thickness levels.

Smoke transparency and color. Smoke transparency will allow the underly-
ing captured scene to be visible sporadically over time depending on the smoke
thickness. Previous works have shown that variations in smoke transparency can
be directly related to variations in both color contrast and color saturation. For
example, Narasimhan and Nayar [5,6] provide color chrominance models that
explain how these changes can be used to restore weathered images containing
fog and haze. A decrease in chrominance values (i.e., hue and saturation compo-
nents) has also been associated with the presence of smoke in images [2]. Figure 2
shows a plot of the total image saturation for a series of video frames with increas-
ing levels of smoke occlusion. In the figure, the total saturation value decreases
with the increase of smoke occlusion. The original video frames are also shown
in the figure.
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Fig. 2. Decreasing saturation due to smoke occlusion

Frequency domain analysis. The presence of the smoke in the observed scene
causes a decrease in the color contrast of the video frames. The contrast reduc-
tion effect translates to a corresponding reduction in the image’s high-frequency
content [2,5,6,7,9]. The varying degrees of smoke thickness correspond to changes
in both image transparency and contrast variation. This suggests that the anal-
ysis of the high-frequency content in the power spectrum of each frame in the
video can provide a way to determine the level of smoke occlusion in each frame
relative to the other frames of the video. The high-frequency power spectrum of
an image can be computed by:

P ′(u, v) = ‖F (u, v)H(u, v)‖2 (1)

where F the Fourier transform of the image I(x, y) defined by:

F (u, v) =
∫ ∞

−∞

∫ ∞

−∞
I(x, v)e−2πj(ux+vy)dxdy (2)

and H is a high-pass filter. In this paper, we use a simple Butterworth high-pass
filter [12] with cut-frequency D0:

H(u, v) =
1

1 + [D0/D(u, v)]2
(3)

Finally, we can express the remaining high-frequencies in polar coordinates using
the function P (r, θ), where P is the power spectrum function, and r and θ are
the polar coordinate parameters [12]. One-dimensional histograms of the polar
power spectrum can then be formed by:

S(r) =
π∑

θ=0

S(r, θ) (4)
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Fig. 3. Images with increasing levels of occlusion and their corresponding angular fre-
quency histograms. The reduction in contrast causes a drop in the high-frequency
content.

The total amount of high-frequency energy for each video frame is obtained
by summing the bins of these histograms. Figure 3 illustrates this concept.

It is worth mentioning that measuring the decay of high-frequency content
alone will not work well for quantifying the level of contrast reduction in images
of different scenes. As pointed out by Field and Brady [13], a simple increase in
the number of edges will result in an increase of high-frequency content, with
no visual change in the degree of contrast in the images. This limitation may be
overcome by using phase coherence measurements as described in [14]. A dis-
cussion on using the advantages of phase coherence is beyond the scope of this
paper.

Edge accumulation map. The effects of chrominance and high-frequency vari-
ation represent measurements of the presence of smoke in an image. However, in
the case of smoke occlusion, the high-frequency content attenuation is not caused
by actual blur of edges. As a result, image edges will not suffer from localiza-
tion uncertainty but they will appear weaker in some regions across the image.
Additionally, for static scenes, some noisy edges will be temporally created by
the gradient between the smoke cloud and a flat image background. These weak
edges are likely to increase the image’s high-frequency content. Here, we suggest
the creation of an edge map obtained from the accumulation of edge evidence
over the whole frame sequence. The information produced by this edge map will
be used by our algorithm and it will be discussed later in this paper. An example
of the accumulated edge map is shown in Figure 4.
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Fig. 4. Accumulated edge map of static and dynamic “smokey” edges. Weaker edges
are produced by the moving smoke.

4 Method Overview

In this section, we describe the details of our method. The main goal of our
algorithm is to create a single clear image of an observed scene originally occluded
by smoke given a video as input. This is accomplished by dividing all video frames
into a number of non- overlapping subregions. These subregions will become
”smaller videos” containing the same number of frames as the original video.
The algorithm analyzes each subregion separately to select the single subregion-
frame containing the least amount of smoke. In order to measure the relative
amount of smoke in the image, we propose a function that combines chrominance
information and frequency-domain measurements.

We commence by considering a video of N frames divided into K subregions.
Our method of reconstructing the scene analyzes each subregion individually to
select the frame containing the least amount of smoke occlusion. Let q(x) be
a function that measures the quality of a given image frame x such that an
increase in the amount of smoke occlusion in x causes a reduction in the value
of q(x). We define q(x) as follows:

q(x) =

∥∥∥∥∥
∑

r

S(r)

∥∥∥∥∥
2p

×
∑

saturation(x) (5)

where

p =
{

1, edge(x) = 1
0, otherwise

Equation 5 has two main components. The first component corresponds to the
total energy of the radial power spectrum representation of the image after the
application of a high-pass filter as given by Equation 4. The second component
corresponds to the total sum of the values in the saturation channel of the image.
Here, we make two critical observations about the interplay between these two
components. First, as the amount of smoke occlusion increases, the saturation
values of the images decrease. While this property provides a simple approach
for detecting smoke, it does not work well if the original colors in the scene
have low saturation values. On the other hand, if the underlying scene contains
no edge gradients, image frames with smoke will contain more high-frequency
energy than clear frames (i.e., frames without smoke). This is due to the fact that
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Algorithm 1. Smoke-occluded scene reconstruction
Given N-frame video sequence:

1: Divide video into K subregions
2: for Every subregion do
3: Build an edgemap
4: for Every frame in the subregion do
5: Calculate high-frequency from polar histograms
6: Calculate the sum of the values in the saturation channel
7: Calculate a quality measurement from frequency and saturation measurements
8: end for
9: Extract frame with greatest quality measurement

10: end for
11: Generate reconstructed image I from retrieved subregions

partial smoke coverage will form a gradient between the boundary of the smoke
and the flat background of a video frame. As a result, measuring smoke occlusion
using high-frequency content only can produce erroneous results when analyzing
image subregions with no edge gradients on the original image. We address this
problem by adding the exponential term p in the first component of Equation 5.
This term determines whether the high-frequency measurements should be taken
into consideration or not. We set p to one if the analyzed subregion contains any
edges in the accumulated edge map as described previously in this paper, and
zero otherwise. The idea of this term is to allow the influence of high frequency
measurements only when the subregion being analyzed contain static edges. If no
edges are present, p will be set to zero and the quality of the frame will depend
solely on color saturation. With q(x) defined, the problem of finding the clearest
frame in a subregion can be posed as a subregion-frame selection algorithm such
that:

i′ = arg max
i

q(si) (6)

where s is the subregion containing the N frames (si ∈ s), and i′ is the index
corresponding to the frame in s with the least amount of smoke occlusion. There-
fore, the problem now becomes a selection of subregion with maximum quality
given by the measurement q(x). The main steps of this method are listed in
Algorithm 1. This process is applied to each subregion of the video. Once the
“smokeless” subregion selection process is completed, a mosaic is formed from
all the selected frames to create the final resulting image of the observed scene.
The algorithm does not require any previous knowledge of the underlying scene.

5 Experiments and Results

In this section, we present experimental results on two different data sets recorded
in our laboratory. Our objective is to show the effectiveness of the proposed
method in selecting the cleanest frame- regions in the videos.
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(a) original frame sequence

(b) mean (c) median (d) our method

Fig. 5. Subset of frames showing occlusion due to smoke with reconstructions using
(a) a simple temporal average pixel value method, (b) the median over time, and (c)
our method

In the experiments, we analyze three 100-frame video sequences containing
varying amounts of smoke occlusion. Some frames contain a small amount of
smoke, while other frames contain very thick layers of smoke that completely
obscure the observed scene. The first dataset consists of a video of a machine
vision book with an overall lighter quantity of smoke occlusion. A selection of
the frames in this dataset is shown in Figure 5(a). One of the simplest ways to
approach this problem is to calculate the mean (or median) of each pixel over
time. This is a very simplistic approach that will result in poorly reconstructed
images, especially in the case of video sequences containing scene occlusions for
the majority of the frames due to heavy clouds of smoke (as seen in Figure 5).
We present the results for the mean and median calculations only as an example.

The second dataset is a video of a printed section of text from the paper
in [7]. The frames in this dataset contain smoke in larger amounts and of larger
density than the first dataset. Here, the scene was under occlusion for approxi-
mately 95% of the video, and each section of the scene was only visible for a few
frames over the entire sequence. The purpose of this experiment was to show
that increasing the number of occluded frames has no ill effect on the algorithm,
as long as each subregion of the scene is clearly visible in at least one frame of
the video. Additionally, these video frames contain mostly frequency information
(i.e., saturation values over the frames were relatively low).

The third dataset is a video containing the largest amount of smoke occlusion.
This time, the camera was placed further back in order to cover a larger area
of the scene. The camera position allowed for capture of larger textured and
untextured regions in the same scene. Results are shown in Figure 7. In this
dataset, there is only a single frame that does not contain smoke. The idea
behind this experiment is to show the effectiveness of the method to find a clear
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(a) (b)

Fig. 6. Subset of video frames from paper experiment. (a) Sample of original video
frames. (b) Final reconstructed image.

(a) (b)

Fig. 7. Dataset containing nearly-complete occlusion. (a) Original video frames. (b)
Final reconstructed image.

frame of the scene regardless of the amount of occlusion in the other frames.
Although the complexity of this dataset is greater than the previous ones, the
algorithm is equally successful in generating an accurate reconstruction.

6 Conclusions

In this paper, we focus on the problem of image recovery in static scenes con-
taining large amounts of smoke occlusion. Our main goal was to develop an
algorithm to generate a single clear image of the scene given only a video as
input, with no previous knowledge about the underlying scene.

Our analysis shows that smoke occlusion causes a reduction in the frequency
content of images, as well as a reduction of chrominance values. Our proposed
algorithm attempts to quantify the relative amount of occlusion in a given frame
by measuring reductions in chrominance as well as high-frequency content. As
a result, our algorithm successfully reconstructs clear images of occluded scenes
using only a video sequence as input. The experiments presented here show the
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feasibility of our approach. It is important to note that for a given subregion,
if the input video does not contain a single clear view, then the algorithm will
fail to generate a clear view of that subregion in the final reconstruction since it
does not attempt to actually remove the smoke present in the scene.

We are currently working on an extension to the proposed method to work
with a moving cameras. This is a much more complex problem as feature-based
image alignment and mosaicking methods might are likely to fail due to possible
erroneous feature detection on the moving smoke regions.
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