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ABSTRACT 

The degree of image degradation due to atmospheric turbulence is particularly severe when imaging over long horizontal 
paths since the turbulence is strongest close to the ground. The most pronounced effects include image blurring and 
image dancing and in case of strong turbulence image distortion as well. To mitigate these effects a number of methods 
from the field of image processing have been proposed most of which aim exclusively at the restoration of static scenes. 
But there is also an increasing interest in advancing turbulence mitigation to encompass moving objects as well. 
Therefore, in this paper a procedure is described that employs block-matching for the segmentation of static scene 
elements and moving objects such that image restoration can be carried out for both separately. This way motion blurring 
is taken into account in addition to atmospheric blurring, effectively reducing motion artefacts and improving the overall 
restoration result. Motion-compensated averaging with subsequent blind deconvolution is used for the actual image 
restoration. 
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1. INTRODUCTION 

The degree of image degradation due to atmospheric turbulence is particularly severe when imaging over long horizontal 
paths since the turbulence is strongest close to the ground. The most pronounced effects include image blurring and 
image dancing and in the case of strong turbulence image distortion as well. In the past, a number of methods have been 
suggested for the mitigation of these effects, perhaps most of which are related to Adaptive Optics (AO) applications in 
the field of astronomy. But there is also a growing interest in solutions from the field of image processing, not least of all 
because of the comparatively low cost of computational power, and also due to an increasing number of imaging 
applications that require the correction of extended objects rather than point-like sources only. Many remote sensing 
applications are concerned with observing objects over long horizontal paths and often the atmosphere between observer 
and object is quite turbulent, especially in arid or semi-arid regions. Depending on the degree of turbulence, atmospheric 
turbulence can cause quite severe image degradation, the foremost effects being temporal and spatial blurring. And since 
the observed objects are not necessarily stationary, motion blurring can also factor in the degradation process. At present, 
the majority of these image processing methods aim exclusively at the restoration of static scenes. Since there is a 
growing interest in advancing turbulence mitigation to encompass moving objects as well, the approach in this work is to 
employ motion detection by using block-matching in order to separate directed object motion from undirected movement 
due to turbulence. This way, a segmentation of static scene elements and moving objects is possible, provided that the 
object movement exceeds the false motion caused by the atmospheric turbulence, and image restoration can be carried 
out for static and moving elements, independently. Local image stacking is used to help correct for directed object 
motion, effectively reducing motion artefacts and improving the overall restoration result, and the Motion-Compensated 
Averaging (MCA) technique [1] is applied to the background.  

1.1 Overview 

This article is divided into three main parts. In the first part an overview is given over the turbulence compensation and 
restoration algorithms that are used in the third part. This is mainly included for the sake of completeness as a more 
detailed description can be found in [1] and [2]. The second part is focused on motion detection and object tracking 
methods. In Section 3.1 possible difficulties depending on the input data are discussed and the main steps of the 
algorithm are outlined in the Sections 3.4 and 3.5, respectively. In the last part of this work the motion detection methods 
from the first part are applied to atmospherically degraded image data. First results are shown and evaluated with regard 
to the issues deriving from an increasing degree of image degradation. 
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2.2 Blind Deconvolution 

For the final image restoration a blind deconvolution will be necessary. Essentially, a deconvolution describes the 
procedure of separating two convolved signals f and h. In the spatial domain the blind deconvolution problem takes the 
general form as illustrated in Fig. 3: 

   

 
Fig. 3. Illustration of the image degradation process to visualise the blind deconvolution problem. 

where g denotes the blurred image, h the unknown blurring function, generally referred to as Point Spread Function 
(PSF), f the true image, * the convolution operator and n an equally unknown additive noise component. To simplify 
further steps, it is common practice to transfer the problem into the Fourier domain where the relatively complicated 
convolution-operation becomes a simple multiplication: 

   

with G, H, F and N denoting the Fourier transforms of g, h, f  and n, respectively. Unfortunately, the problem is ill-
posed: due to the noise the true image can never be recovered even if the exact blurring function is known. Many 
attempts at solving this deceptively simple equation for a wide variety of applications can be found throughout literature. 
An overview of the most popular of these blind image deconvolution algorithms is detailed in [4].  

The Lucy-Richardson Deconvolution (LRD) algorithm was developed independently by [5] and [6] and is a nonlinear 
and basically non-blind method, meaning the PSF, or at least a very good estimate, must be a priori known. It has been 
derived from Bayesian probability theory where image data are considered to be random quantities that are assumed to 
have a certain likelihood of being produced from a family of other possible random quantities. The problem regarding 
the likelihood that the estimated true image, after convolution with the PSF, is in fact identical with the blurred input 
image, except for noise, is formulated as a so-called likelihood function, which is iteratively maximised. The Iterative 
Blind Deconvolution (IBD) algorithm, proposed by [7], is mainly a blind version of the LRD algorithm where the PSF 
needs not to be known, only its support. The IBD uses Expectation Maximisation which is an optimisation strategy for 
estimating random quantities that have been corrupted by noise. The likelihood function from the LRD algorithm is 
maximised iteratively with specified constraints until an estimate for the blurring PSF is retrieved from the data along 
with the estimate for the true image.  

       
(a)  Regular IBD (b)  Weighted IBD variation (c)  Sobel weight function 

Fig. 4. Comparison of (a) result of regular iterative blind deconvolution with (b) the result of weighted deconvolution 
method using (c) Sobel-filtered average image as weight function. 

In this work a variation of the IBD-algorithm as proposed in [2] was chosen for the image restoration. It mainly consists 
of a concatenation of several ordinary deconvolution steps with varying PSF support size and iteration number, and 
additionally uses the Sobel-filtered average image as weighting function in order to amplify the deconvolution effect 
around edges. In Fig. 4 the respective results of the regular and weighted IBD are compared (both: 15 iterations). 

       vuvuvuvu ,N,F,H,G 

                                           g (x, y)     =       h (x, y)     *       f (x, y)       +      n (x, y)   



 
 

 

3. MOTION DETECTION 

Motion detection or rather motion estimation is concerned with the extraction of motion vectors describing the 
transformation from one image to another, usually between consecutive frames. Motion vectors can either refer to the 
whole image (global motion estimation) or only to specific image parts. Block-matching algorithms, for instance, divide 
images into uniformly sized rectangular pixel blocks. But it is also possible to use arbitrary shaped patches, including 
single pixels. Motion estimation methods generally can be divided into two categories: feature-based methods and direct 
methods. In the indirect feature-based approach a sparse set of distinct interest point features are determined separately 
for a pair of images, e. g. by using the Harris corner detector, and correspondences between frames are found by 
exploiting statistical properties of these points and their surrounding neighbourhood. An overview over the use of 
feature-based methods can be found in [8]. Direct motion detection methods generally depend on the differences 
between two or more consecutive images using pixel-based error measures to determine correspondences for every pixel. 
Optical flow [9] is a closely related concept where motion vectors correspond to the perceived pixel movement. It can be 
counted among the direct methods as well as block-matching which will is described in more detail in Section 3.2. A 
general review of direct methods can be found in [10]. 

3.1 Scene Analysis 

In compression algorithms all changes must be encoded, i.e. not only moving objects but also camera motion and 
background changes (e. g. due to switches between cameras etc.). The meaning of the motion vectors, however, is of no 
importance. In motion detection for object tracking, on the other hand, only moving objects are of interest. Everything 
else, i. e. the background, small camera motions and insignificant other motions (e. g. caused by rain, snow or falling 
leaves but also by atmospheric turbulence) need to be filtered out along with the noise. The problem of estimating 
motion vectors between two image frames is per se ill-posed since every image is only a 2-D projection of a 3-D scene 
containing three-dimensional movement. Quite a number of things present difficulties to any motion detection and object 
tracking algorithm, the foremost of them being: 

 Occlusions 

 Objects disappearing and new objects appearing, respectively 

 Several objects appearing as one or one object appearing as several (e. g. when objects appear close relative to 
the view point or only parts of a single object are detected) 

 Changing shapes (e. g. due to changing angle between object and observer) 

 Objects appearing as background (e. g. due to similar colouring) 

 Objects appearing as noise (e. g. upon entering dark or foggy regions) 

 Noise with similar characteristics as scene elements (e. g. rain or snow) 

 Global or local illumination changes (e. g. because light reflecting from object surfaces changes with object 
movement) 

 The aperture problem (caused by homogeneous areas that are larger than the observed area, e. g. block) 

A number of more or less sophisticated (often feature-based) algorithms have been developed, especially for the field of 
Robotics and for surveillance applications, that include such scene analysis and are able to overcome many if not all of 
these limiting factors. However, such algorithms can only succeed in correctly interpreting the information given by the 
motion vectors and creating a model of a visual scene if certain a priori knowledge about the scene content is available 
and certain assumptions are made.  

The more straightforward block-matching algorithm was chosen as for the given case no such a priori knowledge can be 
assumed to exist which would allow creating such a model of the observed scene. Only some information on the sensor 
system used for collecting the image data may be available and perhaps also an estimation of the turbulence strength at 
the time of capture. Although not required, additional information about the scene content may be introduced into the 
algorithm in order to improve the overall results. If, for instance, the size of the observed object is known and also the 
distance between camera and object, it is possible to deduce the object size in the image plane and consequently choose a 
suitable block size for the block-matching algorithm outlined in the next section. The approach taken here follows the 
description given in [11].  



 
 

 

3.2 Block-matching 

Block-matching is generally known as a standard technique for encoding motion in video sequences. Motion between 
consecutive frames is detected in a block-wise fashion by shifting each (non-overlapping) block from the previous frame 
to best match the corresponding block in the current frame over a pre-defined search space of a number of N pixels in 
every direction. With block-matching it is also possible to detect moving objects provided that their movements exceed 
the seeming motion caused by the atmospheric turbulence. Objects in the foreground and the background can then be 
corrected for turbulence separately, e. g. using motion compensated image integration, see Section 2.1. This has the 
advantage that object movement is not taken into account when averaging, thus effectively reducing the ghost-like 
effects illustrated in Fig. 1.  

 

Fig. 5. Illustration of the block-wise operation of fitting the blocks from one image to best match the next image.  

The basic idea of rearranging the individual blocks of an image to match a given reference image is illustrated in Fig. 6. 
As can be seen from the schematic there are areas where no block has been fitted and other areas where several blocks 
overlap, necessitating an interpolation scheme. In order to avoid a block structure of the resulting image it is possible to 
implement the block-matching as a sliding neighbourhood operation instead of using non-overlapping blocks. 
Alternatively, if the increased complexity is undesirable, Hamming-windows can be used to blend the superimposed 
blocks into each other.  

3.3 Parameters 

The block size and the search space constitute the main parameters in the basic algorithm and need to be given some 
consideration. On the one hand, choosing a bigger block size may remedy the "aperture problem" caused by 
homogeneous areas that are larger than the block size but, on the other hand, choosing smaller blocks will improve the 
object contours. In the case of the Ettlinger Tor sequence a block size of 16×16 yielded reasonably good results while the 
results from the China Lake sequence visibly improved by increasing the block size to 32×32. Responsible for this is the 
reduced high frequency content and low contrast of the data due to atmospheric blurring and also to averaging, which 
both act like low-pass filters.  

Increasing the search space automatically also increases the computational complexity by (2*N+1)² where N denotes the 
maximum pixel shift. To keep calculating time down, the size of the search space usually was limited to only a 
few pixels in every direction, e. g. 3 or 4 pixels. It is also possible to use sub-pixel steps for the search-space, if sub-pixel 
precision is required, for instance in order to employ some super-resolution algorithm. 

3.4 Algorithm 

Let I 
(n) and I 

(n+1) denote the n-th and n+1-st input image, respectively, x = (x, y) the pixel coordinates, N the size of the 
search space and Nmax the total number of shift directions such that M  ZZ  ×ZZ  , M(x) = (δx, δy) denotes the vector 
containing all possible displacements  δx, δy {-N, -N-1,…, -1, 0, +1, +2,…, +N}.  
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3.7 Results 
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g principle. 

ce motion blur as created by averaging, additional modi
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(a)
Fig. 11. Demonstration of the local stacking e

depth of 6 frames, (b) executed for horiz
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Fig. 12. Image detail showing the effect of lo
(b) single image; (c) normal average of 

(a) 
Fig. 13. Image detail showing (a) the result o

single image. 
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effect (a) executed globally to correct for the motion of the bu
zontal movement, using a stacking depth of 8 frames. 
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Fig. 11 gives an impression of the effective
concentrating the motion compensation on s
for the movement of the bus, using a stackin
directions. As the close-up in Fig. 12 (a) show
as clearly defined as in the single frame (b)
slight curve. The improvement compared to 
is clearly less pronounced in the turbulent da
depth of 8 frames, an average horizontal disp
the vertical motion caused by the turbule
implemented local image stacking using a sta
section is shown. 

4. MOTION DETECT

4.1 Pre-Processing 

Before applying motion detection to image 
advisable. Considering the large frame rate (
relatively small movements contained in th
frames. A section of 1250 section was chos
out of five, i. e. effectively reducing the se
detection. When dealing with atmospherical
least some kind of averaging method conside
not necessarily be greater than that of a sho
detection rate improves when the average o
enhancement, e. g. CLAHE (Contrast Limite

(a) (
Fig. 14. From left to right: (a) variance of 

magnitude of motion vectors, (c) avera
zero motion. 

Fig. 14 gives an impression of the motion co
vectors over the selected part of the sequ
difference between frames as a form of "m
equivalent to motionless regions, implying th
image of the "motion map" derive from the 
areas that are larger than the chosen block 
neighbouring areas gets distributed across bo

4.2 Results 

Fig. 15 displays the processing steps from (a
additional CLAHE contrast enhancement to (
stacking depth of 8. Keeping in mind that th
them to Fig. 15 (d), where the improvement o

eness of local image stacking by executing the stacki
single objects. In Fig. 11 (a) the motion compensation 
ng depth of 6 frames and assuming a constant displace
ws, the method works quite well for linear movements. 
. The increased blur at its front indicates that the bus i
(c) the ordinary average of 6 frames is quite impressive

ata, as can be seen in Fig. 11 (b). The main reason is tha
placement of 0.666 px per frame and was assumed, neg
ence. Fig. 13 shows a comparison between the resul
ack depth of 5 frames and a single frame. For better vis

TION FOR TURBULENCE COMPENSATI
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equence length to 250 frames, sufficiently accelerates 
lly degraded and noisy data it often is practically unav
ering that in these conditions the information content of
ort-time average. Therefore, instead of choosing one fr
of every five frames is taken. Additionally, the use of 
d Adaptive Histogram Equalization), can improve the re

(b) (c) 
motion vectors over reduced China Lake sequence (250 fra

age difference between frames as "motion map", (d) index im

ontent of the China Lake sequence, showing (a) the va
uence, (b) the average magnitude of the motion vect
motion map" and (d) one exemplary index image whe
hat here the zero motion threshold takes effect. The char
aperture problem. The checkerboard pattern consists o
size of 8×8 pixels. Furthermore, due the turbulence l

orders causing apparent movement. 

a) an original single frame over (b) the pre-processed av
(c) the result of local image stacking when using a block
hese 8 frames in turn are average (of 5) images, it is re
over the ordinary average (of 20) clearly shows. 

ing process globally, 
is focused to correct 
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Fig. 15. From left to right: (a) single fram
enhancement, (c) average of 8 (average 

In Fig. 16 earlier turbulence compensation 
effectiveness. The final restoration was carri
In Fig. 16 (a) the deconvolution was applied 
exhibits the familiar motion blur. The artefa
compensated frames) which is prone to pro
none of the deconvolution parameters (PSF 
exactly identical. 

   
(a) 

Fig. 16. From left to right: (a) result of weig
median of 100 (15 iterations), (c) deconv

In this work, motion detection by backgro
atmospherically severely degraded image dat
to extend the basic algorithm to perform loc
created by averaging. The subsequent image
benefit from the application of local image st

Given the comparatively simple approach to
reasonably well as regards the false positive
Characteristic) curve. A few small inaccurac
objective to extract moving objects from im
detail in these potential regions of interest. 
case of very strong turbulence as in the Chi
algorithm. The zero motion threshold needs
present over the whole image plane. But at t
negative detection rate.  

Future work includes refining the differenti
movement by observing the motion vectors o

  
(b) (c) 
me, (b) pre-processed frame, i.e. average of 5 with minor 
of 5) images using local image stacking with block size 32, (d

results are compared with that from the local image 
ied out using a weighted blind deconvolution as previou
to an average of 150 motion compensated frames, and a

acts in Fig. 16 (b) originate from using the temporal me
oducing such artefacts where motion occurs. It ought t
sizes, number of iterations) used for the individual res
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5. CONCLUSION 

und segmentation using block-matching has been suc
ta. The motion vectors estimated in the block-matching 
al image stacking, which has been proven to effectively
 restoration using weighted iterative blind deconvolutio
tacking. 

 motion detection as presented here, the extraction of m
e and false negative detection rate in terms of the ROC 
cies, though, still leave some room for improvement Ne

mage data was sufficiently successful in order to avoid 
However, image degradation due to atmospheric turb

ina Lake sequence, causes serious problems for the ba
s to be increased significantly in order to suppress the
the same time small object motions are also suppressed

iation made between directed object movement and u
over a longer period and analysing their behaviour.  
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