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1 Introduction

In this grant, we aimed at studying image processing algorithms for turbulence mitigation related prob-
lems. This grant was the continuation of our previous grant (FA9550-15-1-0065). We developed an original
approach, called BATUD (Blind Atmospheric TUrbulence Deconvolution), to perform atmospheric deblur-
ring. We created two datasets, OTIS and SOTIS, that we made publicly available. The first one is a small
dataset containing real static and dynamic (i.e. with a moving target) sequences. The second one is a
very large dataset created thanks to an atmospheric turbulence simulator. The purpose of such dataset is
twofold: 1) to run extensive algorithm performance evaluations (we have run the evaluation of unsupervised
algorithms during this project); 2) to develop dedicated neural network based techniques in a near future.
We also investigated the use of empirical wavelets to perform deblurring tasks which led to a self-adapting
algorithm.

2  Accomplishments

2.1 Blind Atmospheric TUrbulence Deconvolution (BATUD)

We have investigated a new way to re-formulate the deconvolution algorithm based on the Fried kernel we
originally proposed in [11]. The main issue in this formulation is the presence of four physical parameters.
In particular the C? parameter, corresponding to the turbulence strength, is very hard to estimate. A brute
force approach has been proposed in [11], but it is computationally very expensive and not implementable
in real-time systems. To circumvent this issue, we proposed a new formulation for the blurring kernel which
depends only on two parameters that can easily be estimated. Our new kernel is defined in the Fourier
domain by

N

Ma(w) = A(w) exp {2 al-fi<w>} , )
i=1

where N € N, A : R* — Rand f; : R — R are fixed and known while a = (ay,...,an)" is a set

of parameters to be estimated. We can notice that this kernel corresponds to the Fried kernel if we choose

(hereafter the notation a = b mean “a plays the role of 0”)

A(w) = Mo(w), N =2, 2
ar = (2.1X)°3, ay = (2.1X)°PV(Q, X),
fi()==()? and  fo() = (-)?

where M), corresponds to a combination of the optical system + atmosphere modulation transfer functions
when the turbulence is negligible (see [11] for details).

Note that this model also encompasses other types of kernel like the traditional Gaussian kernel of bandwidth
7 by choosing A(w) = 1,N = 1,a; = ~+%/2and f1(-) = — ()%

Equipped with this kernel, we define the image formation model by

y(W) = Ma(w) - z(w) + e(w), 3)

where M, is the unknown underlying Fried kernel, = the spectrum of the underlying clean image and ¢
is the spectrum of an additive white Gaussian noise component with standard deviation o > 0. Then the
deconvolution is performed by solving, for o > 0,

2
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The first term in (4) is the standard ¢3 data fidelity term that typically results from a Bayesian perspective
when assuming that the noise component is additive white Gaussian with standard deviation o. The second
term, R(x) > 0, is a regularization term enforcing z* to fit some image prior knowledge. We considered
an image regularization term based on a zero-mean Gaussian Mixture Model (GMM) prior of natural image
patches. The terms \|M,|3 and a—; are used to guarantee the stability of the algorithm. The corresponding
algorithm steps are described by

il e argminﬁ ly — My - :EHS + R(x), ®)
x
o2
A e arginin M| M]3 + 3 (©6)
a'*! € argmingly [y — Ma -2} + N M,3, @
a

where ¢ > 0 is the time step. The initialization of the different variables is discussed in [11].

Problem (5) is a non-blind deconvolution problem we solve using the FEPLL algorithm [19]. Problem
(6) has a trivial closed form solution, and problem (7) can be easily minimized using a Newton’s descent
approach.

In this report, we only illustrate a few experimental results, please see [11] for more experiments. Fig-
ures 1 and 2 show the deconvolution results on simulated blur and real atmospheric turbulence blur (after
the input sequences have been stabilized). The algorithm shows excellent results. In the article, we show
that the estimated kernels, in the simulated scenarios, match almost perfectly the artificially ones used to
create the blurry images. In [11], we also perform comparisons with state of the art unsupervised blind
deconvolution algorithms and show that BATUD outperforms all of them.

2.2 Empirical wavelet based deconvolution

Within the last eight years, the P.I. has developed a new type of wavelets, called empirical wavelets (EW).
The particularity of these wavelets lies in the fact that they are adaptive wavelets (i.e. data driven). The pur-
pose of the empirical wavelet transform is to extract harmonic modes (i.e. amplitude modulated/frequency
modulated components) from any original signal or image. To achieve such adaptability, the supports of the
expected harmonic modes are detected within the Fourier domain, then one wavelet filter is built with each
respective support, providing us a wavelet filter-bank {1 (), {¥,,(t)}2_;}. In 2D, we have proposed to use
several geometrical constraints leading to tensor, Littlewood-Paley, and curvelets types of EW, as well as a
fully unconstrained type of EW, called empirical watershed wavelets. See [2, 6, 7, 9, 10] for more detailed
descriptions of these empirical wavelets families and their properties.

Since algorithms promoting sparsity in the wavelet domain have been widely used in the literature for
image restoration, and more particularly image deconvolution, we investigated the use of these empirical
wavelets for such purpose and evaluated their potential. The corresponding mathematical model is given by

. A
min|[Dully + J[|A*u = fI, (®)

where A is a regularization parameter, D is the wavelet transform operator, A the blur kernel, and f the
blurry image. Such minimization problem can efficiently be solved by a primal-dual optimization technique
which leads to an iterative algorithm. The adaptability of the empirical wavelets opens two options: 1) we
keep the family of empirical wavelets (built during the initialization) fixed during all iterations, 2) we update
the family of empirical wavelets at each iteration. This basically means that the deconvolution algorithm
adapts itself to not only the input blurry image, but also its deblurring capabilities. These two approaches
are summarized by Algorithms 1 and 2.
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Figure 1: BATUD results on different simulated scenarios of blur and noise from the Kodak dataset. PSNR
(left) and SSIM (right) values are displayed on the bottom-left.

Algorithm 1 Empirical wavelet based deconvolution with a kept fixed set of filters.
Input: Choose v,0 > 0;0 € {0,1};u’ = @° = f;

Build the set of empirical wavelet filters, {¢,,} based on the magnitude spectrum of f. This defines the
operator D?

Initialize y° = DYf, k = 0
while Convergence criteria not met do

Yt o by oD,
ij max(l,lyf)j-i-UDQﬂk)i,jD

= (T4 A AR) T WAAT + 85 = w(DD)Tyk+)) |
GF L = bt 4 gt — k)
k=Fk+1

end while

Output: Numerical solution u of min,, ||D%uly + 5||Au — f|[3.
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Figure 2: Results obtained on two images with real atmospheric turbulence.

Algorithm 2 Empirical wavelet based deconvolution with sets of wavelet filters that are updated at each
iteration.

Input: Choose v,0 > 0;0 € {0,1};u" = @° =y = f;

Initialize the set of empirical wavelet filters, {(o¥ } based on the magnitude spectrum of f.
k=0
while Convergence criteria not met do

k kg
YR+ (Dhy-1__Devto(Dih):,
i,j € max(1,|D§yf’j+0D§ﬂk)id|)

1= (T +vAAP) T wAAF + 3 — vt th))
GEHL = kL 4 g(yktl — k)
Update the set of empirical filter {g/ojl‘{} based on the magnitude spectrum of u*+1
k=k+1
end while

Output: Numerical solution w.

An example of the obtained results is illustrated in Figure 3 and more are available in [2]. Our exper-
iments show that empirical wavelets do perform equally with classic wavelets in the case of non-textured



images. However, the empirical wavelets clearly outperform classic wavelets in the case of textured images
(which is considered as one of the hardest type of images to restore). This could potentially have inter-
esting applications in the observation/surveillance of area with a lot of vegetation, or the identification of
camouflaged targets.

Original Blurred

EWWT Fixed EWWT Adaptive

Figure 3: Example of a deconvolution performed on an image with a blur variance of 0123 = J using both a
fixed or adaptive set of filters with the empirical watershed wavelet transform.

2.3 Detection of moving targets through atmospheric turbulence from a non-stationary
imaging system

In our previous work, [8], we have shown that targets moving through atmospheric turbulence could be easily
detected by decomposing the optical flow information. The idea is to separate, in the space-time domain,
the movement vector fields corresponding to homogeneous trajectories (created by the expected moving
targets) and the oscillatory/random movements (created by the turbulence). To achieve such separation, we
modified the so-called “cartoon + textures” image decomposition techniques to work on space-time vector
fields using spaces of curvelet functions. However, our approach assumed that the imaging system was
stationary, assumption which is not always fulfilled in practice (for instance for a system embedded on a
moving platform).

To avoid this problem, we have developed a model of the impact of non-stationary movement on the
space-time vector field V = (V, Vy). A pinhole camera model [22] was used to derive the relation between
real world coordinates (X', ), Z) and the pixel coordinates (z,y):

T.x — T,f Ty ( x2>
Ve=—"—F%———4we— —wy |+ +— | twy
z f Y f

T.y—T, 2
Vy=%+wx(f+%)—wyg€—fy—wzx ©)

where f is the focal length, 7, ,, .y and w(,., ) correspond to translation and rotation movement in the z, y, 2
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direction. After some calculation (see [17] for full details), we got the estimates

W, = _71<(V x V) -k, (10)
WT — {2 ((VxV) k)
%=—<§y<(VXV)-E)>, (11)
oy = (“2 P rat) ) -
% ==V = <f (f* + y2)> =V, (12)
and
%=%<v-v>. (13)

The following algorithm described the global motion compensation technique which is applied as a
preprocessing before performing the vector field decomposition described above as depicted in Figure 4.
We have tested a simple target detection algorithm with and without the global motion compensation, and
we have found that removing the global movement can drastically improve the detection performances.

Algorithm 3 Pseudo code corresponding to the analytical compensation model

Inputs: flow to decompose V, focal length §
Smooth V. and V,, with a Gaussian filter
Compute w, via equation (10) and w, 4 via (11)

Using values “f“ compute Lo yf via (12)

Compute via (13)

Substitute the computed components into equation (9) to produce the approximated global motion flow
M.

Compute compensated optical flow V., =V — M

: return V.

A R AT

%

2.4 Turbulence image datasets and algorithmic performance evaluation

Given the vast literature on turbulence mitigation (we referenced about one hundred papers), it becomes
imperative to have some common algorithmic performance evaluation methodology. This implies to not only
define some metrics, but also to have a substantial amount of data to perform such evaluation. Unfortunately,
such dataset is not available today. The following sections describe our contributions to this topic.

2.4.1 Open Turbulence Image Set (OTIS)

Thanks to an internal small grant, we bought a modified GoPro camera with interchangeable lenses. Taking
advantage of the turbulence created close to the artificial turf ground on the campus practice fields, we
acquired some sequences of both static and dynamic (i.e. with a moving target) scenes. Their characteristics
are summarized in Table 1 and 2, while Figures 5 and 6 illustrate some images with their groundtruths.
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Figure 4: Overall steps in decomposing the movement vector field with global motion compensation.

Table 1: Summary of the different static sequences in OTIS

Folder Name Sequence Number Image size Turbulence | Ground
Name of images level Truth

Fixed Background | Door 300 520x520 Strong No

Fixed Patterns Patternl 64 302x309 Weak Yes
Pattern2 64 291x287 Weak Yes
Pattern3 300 113x117 Strong Yes
Pattern4 300 109x113 Strong Yes
Pattern5 300 113x117 Strong Yes
Pattern6 300 109x113 Strong Yes
Pattern7 300 122x125 Strong Yes
Pattern8 300 119x122 Strong Yes
Pattern9 300 152x157 Medium Yes
Pattern10 300 149x149 Medium Yes
Pattern11 300 172x183 Medium Yes
Pattern12 300 172x173 Medium Yes
Pattern13 300 202x202 Weak Yes
Pattern14 300 196x193 Weak Yes
Pattern15 300 134x139 Strong Yes
Pattern16 300 135x135 Strong Yes

2.4.2 Simulated Open Turbulence Image Set (SOTIS)

If the previously described OTIS dataset is useful for basic development and testing, it is not large enough
to run conclusive performance evaluations. Moreover, with the recent developments of neural networks for
image restoration purposes, (very) large datasets are needed to train such algorithms. However, acquiring
such large dataset in the field is very expensive and complicated since we can’t control the turbulence
strength in the real atmosphere. To overcome these issues, we decided to create sequences using a simulation
algorithm. We used the recent algorithm proposed by Chimitt et al. [4] which takes into account the



Table 2: Summary of the different dynamic sequences in OTIS

Folder Name Sequence Number | Image size Turbulence | Ground
Name of im- level Truth
ages
Moving Target Carl 100 200x200 Medium Yes
Car2 315 500x200 Medium Yes
Car3 51 300x300 Medium Yes
Car4 101 300x300 Medium Yes

Strong turbulence

Weak turbulence
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Figure 5: Samples of frames from OTIS from different fixed pattern sequences and their corresponding
groundtruths.

different physical aspects of turbulence. We modified the shared MATLAB code ! from the authors of [4],
to parallelize it for speeding up purposes.

To guarantee enough variability in our dataset (i.e. images containing buildings, pedestrians, vehicles,
vegetation, signs,. .. ), we cropped 215 images of size 256 x 256 pixels to serve as ground-truth images from
the Eurasian-Cities dataset [21]. The simulator main parameters are: the focal length d = 0.3, the aperture
diameter D = 0.054 (we kept these values to the default ones given by the authors of [4]), the distance
sensor-scene L, the refractive index C2. To create a wide range of turbulence and observation scenarios, we
sampled L and C? as follows: L = 1,2,3,4 km, C2 = a~?where a = 1,3,5,7,9 and b = 14, 15, 16, 17.
We fix the number of frames in the generated sequences to N = 50. These choices lead to the creation of
80 sequences for each ground-truth, resulting in a total of 17400 sequences in SOTIS. Figure 7, illustrates
some frame examples from the available sequences in both weak and strong turbulence cases.

"https://engineering.purdue.edu/ChanGroup/index.html
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Figure 6: Frames 16 and 34 from a dynamic sequence (top) and their corresponding groundtruths frames
(bottom) from OTIS.

2.4.3 Performance evaluation

Using the SOTIS dataset, we can run different types of performance evaluation. We focused on the evalu-
ation of turbulence mitigation algorithms. Such algorithms are usually made of two main steps (the input
being a sequence of images): 1) a stabilization step which purpose is to correct geometric distortions, 2) a
deblurring step. Note that a few algorithms combining these two steps together do exist in the literature. We
used the stabilization algorithm proposed in [14] which combines optical flow (either the Lukas-Kannade or
TV — L' versions) and some regularization term (either total variation, 7'V, or nonlocal T'V), as well as a
simple temporal average. Regarding the deblurring step, we only investigated unsupervised algorithms.

The tested unsupervised deblurring techniques were BATUD [5], CLS (framelet based deconvolu-
tion) [3], and ZWZ (¢?> — ¢ sparse prior based variational model) [23]. We also tested the wavelet fusion
based algorithm proposed by [1], denoted ATM, and the lucky imaging approach developed in [15], de-
noted IRAT. These last two algorithms are combined approaches, i.e they have their own stabilization and
deconvolution approaches.

Since SOTIS provides the ground-truths images (which will be denoted f,; hereafter), we propose to
measure performances by using the widely accepted peak signal to noise ratio (PSNR) and structural simi-
larity index measure (SSIM) metrics, respectively defined by (we denote f,..s; the restored image):

maxi;m,
PSNR(fgt, frest) = 101logy <|ft_ft2> ’
g rest||2

where max;,, is the maximum value an image can reach (255 for 8-bits encoded images); and

(QNgt,Urest + Cl)(QUgt,rest + 62)
(:u?]t + :U’zest + Cl)(o-gt + Gzest + 02) ’

SSIM(fgta frest) =

where f14; and i, are respectively the average of fy; and frests Ogts Orest, Ogt,rest their variances and co-
variance, cy, ca two constants defined from the images dynamic range. Notice that the SSIM metric provides
values in the range [0, 1] (1 being the best performance).

With the SOTIS dataset, we provide several MATLAB scripts where the user can easily plug any stabiliza-
tion, deblurring or combined algorithms and create the appropriate directory structure to store his results. We

10



Figure 7: Examples of available sequences in the SOTIS dataset. The used ground-truth images are given
in the left column. The corresponding weak and strong turbulence scenarios are illustrated in the center and
right columns, respectively.

also provide a script that parses all the results and build a CSV file that contains the corresponding PSNR and
SSIM values. Any statistical software, like R, can then extract all the useful evaluation statistics. Figures 8
and 9 provide the obtained performances results. As expected, these results show that the performances
decrease with respect to both the distance and turbulence strength. An interesting preliminary observation
is the fact that a stabilization performed by a basic temporal average seems to provide similar performances
compared to more advanced stabilization. This could be explained by the fact that deconvolution algorithms
have made a lot of improvement these last decades and seem less sensitive on the stabilization step. This
could potentially be a good news since a temporal average is very easy to implement and runs in real time.

11
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Figure 8: Performances results for unsupervised algorithms. Top left: overall average performances, top-
right: average performances with respect distance, bottom-left: average performance with respect the stabi-

lization.

3 Impacts

The works done during this project has led to several publications impacting the community working on
atmospheric turbulence related image processing algorithms:

* J.Gilles, N.B.Ferrante, "Open Turbulent Image Set (OTIS)", Pattern Recognition Letters, Vol.86, 38—

41, 2017.

* J.Gilles, F.Alvarez, N.B.Ferrante, M.Fortman, L.Tahir, A.Tarter, A.von Seeger, "Detection of moving

12
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Figure 9: Performances results for unsupervised algorithms with respect turbulence strength (C2), SSIM on
left, PSNR on right.

objects through turbulent media. Decomposition of Oscillatory vs Non-Oscillatory spatio-temporal
vector fields", Image and Vision Computing Journal, Vol.73, 40-55, May 2018.

* N.B.Ferrante, S.Parameswaran, J.Gilles, "Investigation of moving objects through atmospheric turbu-
lence from a non-stationary platform", Proceedings of the SPIE 11137, Applications of Digital Image
Processing XLII, 111370X, San Diego, August 2019.

* B.Hurat, Z.Alvarado, J.Gilles. "The Empirical Watershed Wavelet", Journal of Imaging, Special Issue
"2020 Selected Papers from Journal of Imaging Editorial Board Members", Vol.6, No.12, 140, 2020.

* C-A.Deledalle, J.Gilles, "Blind Atmospheric TUrbulence Deconvolution”, IET Image Processing,
Vol.14, No.14, 3422-3432, 2020.

* T.Jain, M.Lubien, J.Gilles. “Evaluation of neural network algorithms for atmospheric turbulence
mitigation”, SPIE Defense & Commercial Sensing Conference, Orlando, Florida, USA, April 2022.

The scientific impacts can be summarized as:

1. from the theoretical perspective: our generalization of the image decomposition models to vector
fields decompositions, and our study of empirical wavelets,

2. from the algorithmic perspective: by the development of our unique approach for atmospheric decon-
volution,

3. from a practical point of view: by the creation of the OTIS and SOTIS datasets which will help the
community to develop, train and evaluate turbulence mitigation algorithms.

This project has also impacted many students both at the undergraduate and graduate levels, and who ended
up being co-authors of the above listed articles. M. Fortman, L. Tahir, A. Tarter and A. von Seeger were
undergraduate students when they worked with me and all decided to continue their academic journey in

13



both master or Ph.D programs. F. Alvarez, N.B. Ferrante, B. Hurat, Z. Alvarado, T. Jain, M. Lubien were
graduate students and their contributions to this project were their master thesis work. Several of them
have since found scientist positions at the Naval Information Warfare Center Pacific (NIWC), the Lawrence
Livermore National Laboratory, Facebook, GraphWear Technologies Inc.

4 Future work

If the OTIS dataset is already available online, the SOTIS dataset is too big to be hosted on classic platforms.
We are currently looking for a long-term solution to host that dataset to make it publicly available (today it
can be requested by contacting the P.I.). It would also be valuable for the community to design a website
that will capitalize the performance results and where any other research teams could contribute.

We started to investigate the use of supervised (i.e. neural networks) algorithms to perform turbulence
mitigation. In particular, we started to test some existing deep learning based deblurring techniques. Our
preliminary results seem to indicate that they perform better than unsupervised algorithms.

We are also planning to continue our investigations, both theoretical and practical, about empirical
wavelets. The theoretical explorations are needed to better understand the “adaptability” of such wavelets
and what we can expect from it from a practical point of view. We also believe empirical wavelets have a
close tie with neural networks and we want to unveil these connections.
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