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Removing Atmospheric Turbulence via Deep
Adversarial Learning

Shyam Nandan Rai and C. V. Jawahar, Member, IEEE

Abstract— Restoring images degraded due to atmospheric
turbulence is challenging as it consists of several distortions.
Several deep learning methods have been proposed to minimize
atmospheric distortions that consist of a single-stage deep net-
work. However, we find that a single-stage deep network is insuffi-
cient to remove the mixture of distortions caused by atmospheric
turbulence. We propose a two-stage deep adversarial network
that minimizes atmospheric turbulence to mitigate this. The first
stage reduces the geometrical distortion and the second stage
minimizes the image blur. We improve our network by adding
channel attention and a proposed sub-pixel mechanism, which
utilizes the information between the channels and further reduces
the atmospheric turbulence at the finer level. Unlike previous
methods, our approach neither uses any prior knowledge about
atmospheric turbulence conditions at inference time nor requires
the fusion of multiple images to get a single restored image. Our
final restoration models DT-GAN+ and DTD-GAN+ outperform
the general state-of-the-art image-to-image translation models
and baseline restoration models. We synthesize turbulent image
datasets to train the restoration models. Additionally, we also
curate a natural turbulent dataset from YouTube to show the
generalisability of the proposed model. We perform extensive
experiments on restored images by utilizing them for downstream
tasks such as classification, pose estimation, semantic keypoint
estimation, and depth estimation. We observe that our restored
images outperform turbulent images in downstream tasks by a
significant margin demonstrating the restoration model’s applica-
bility in real-world problems.

Index Terms— Atmospheric turbulence, image restoration, gen-
erative adversarial networks.

I. INTRODUCTION

IMAGING through atmospheric turbulence has been a
well-researched subject over the past few decades. Pre-

liminary works on this topic were focused on astronomical
applications [1]. Presently, image restoration from atmospheric
turbulence has tremendous potential applications in long-range
video surveillance, defence systems, and drone imaging sys-
tems. These systems capture images of an object at a dis-
tance measured in the order of several kilometres. Slight
perturbations in atmospheric conditions caused by atmospheric
turbulence can trigger significant changes in the object’s geo-
metrical and perceptual information present in such images.
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Fig. 1. Top: An example of image restoration by our framework. Magnified
image patches of the turbulent image are red, and the restored image patches
are in green. Bottom: Restored image got from our framework showing
improvement over the turbulent image in various computer vision tasks. (Best
viewed when zoomed).

Hence, we need to develop restoration methods to minimize
such adverse effects. Leveraging the recent developments in
deep learning, we attempt to restore images under atmospheric
turbulence and show improvement in various computer vision
tasks, as shown in Figure 1.

Atmospheric turbulence [2] occurs when there is a slight
perturbation in air pressure, temperature, and gaseous levels
in the atmosphere. Temperature change is a major component
in atmospheric turbulence near the earth’s surface. A slight
temperature change can cause random fluctuations in the
refractive index along the camera’s optical path, resulting in
image blur and perceptual degradation of the imaged object.
Besides, deep atmospheric turbulence introduces geometrical
distortion [3] similar to the shearing effect, which is unevenly
distributed into different parts of the image. These effects are
commonly observed in the sandy desert and rocket exhaust.
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Mathematically, atmospheric turbulence in an image can be
modeled [4] as:

T = H I + ε (1)

where T is the turbulent image, I is the original image, H is
a transformation matrix, and ε includes other noises like
camera sensor noise. H can be considered a combination of
transformations caused by geometrical distortions and image
blur in atmospheric turbulence. Equation 1 shows that the
problem is an ill-posed inverse problem because the value of
H and ε needs to be solved using a single equation. Therefore,
instead of finding the exact solution, we approximate the
results closest to the exact solution. Neural networks have
proven to have sufficient capabilities to approximate [5]–[7]
complex non-linear functions. Hence, employing the recent
advancements in deep learning makes learning an approximate
mapping from a turbulent image to an original image possible.

An atmospheric turbulent image contains a mixture of
distortions that consists of geometrical distortion distributed
irregularly in an image combined with spatial image blur. This
kind of image degradation makes the restoration of images
challenging and is distinct from other inverse problems such
as deblurring [8] and denoising [9]. Figure 3(a) shows a real
atmospheric turbulent image in which we can observe the geo-
metrical distortions and the image blur. Whereas, Figure 3(b)
displays a blurry image having inadequate high-frequency
information, and Figure 3(c) shows a noisy image [10] occurs
when an image pixel present in the camera sensor receives a
varying amount of photons. But, image blurring or noise does
not have geometrical distortions and suffers only from a single
distortion form, i.e., noise or blur. Hence, using a deblurring
or denoising network to minimize atmospheric turbulence
will lead to sub-optimal solutions, as these networks are
not intended to mitigate geometrical distortions. Only a few
data-driven methods [11], [12] have been proposed to restore
atmospheric turbulent images, making the problem statement
relatively new and narrow.

A single-stage deep network will find it difficult to minimize
atmospheric turbulence from an image as the network has to
simultaneously remove the geometrical distortions and image
blur. Hence, we employ a deep network consisting of two
stages: a) In the first stage, we remove the geometrical distor-
tions from the image using WarpNet, and b) In the next step,
the image’s blurriness is removed by ColorNet to improve the
overall perceptual quality. Further, we add channel attention
and sub-pixel mechanism to utilize the information between
the channels and learn to remove atmospheric turbulence at the
finer level. Our proposed model DTD-GAN+ outperforms the
state-of-the-art image-to-image translation methods and prior
atmospheric turbulence removal methods. We also show an
empirical study in Sub-Section IV(H) that our proposed archi-
tecture is specifically intended for minimizing atmospheric
turbulence.

A deep network requires a large amount of turbulent and
original image pairs to learn the mapping. However, there
is no such large-scale dataset available to train the network.
Moreover, rendering such images using computer graphics
requires a high computational cost. To overcome this problem,

we follow a systematic way by Schwartzman et al. [13] to
inject atmospheric turbulence into images by a series of effi-
cient 2D operations. We use this simulation method to bench-
mark restoration model performance over images on diverse
simulated atmospheric turbulence levels. We also curate a
dataset from YouTube consisting of natural atmospheric turbu-
lence images to show our proposed restoration model’s gener-
alizability. We use the restored images in vision applications
such as semantic keypoints detection, depth estimation, classi-
fication, and pose estimation, outperforming results on turbu-
lent images. Additionally, we demonstrate the performance of
restored images on datasets having diverse classes. Figure 2
illustrates the overall methodology. We will interchangeably
use non-turbulent and original image terms to represent the
ground-truth images.

To summarize, the major contributions of this paper are:

• We propose a deep adversarial network to minimize
atmospheric turbulence. Unlike the earlier methods,
our approach neither uses any prior knowledge about
atmospheric turbulence at test time nor requires multiple
images to reconstruct the restored image or struggle to
remove finer atmospheric turbulence.

• Our proposed network use channel attention and
sub-pixel mechanism to exploit the information between
the channels and remove the atmospheric turbulence at
the finer level achieving better restoration results.

• We synthesize a large-scale turbulence dataset comprised
of original and turbulent image pairs for training the
network. Additionally, we curate a dataset from YouTube
consisting of natural atmospheric turbulence images.

• Our final restoration model achieves state-of-the-art per-
formance over general image-to-image translation meth-
ods and prior atmospheric turbulence removal methods.
Our model also gives impressive restoration results for
natural turbulent images and synthetic turbulent images
having diverse turbulence conditions.

• Extensive evaluations using restored images show signif-
icant improvement over turbulent images in the various
vision tasks performance. Further, to show the restored
image generalization ability, we evaluate several dataset’s
performances having a different number of classes for
downstream tasks.

II. RELATED WORK

Restoring images in atmospheric turbulence: Restoring
images with atmospheric turbulence can be broadly cate-
gorized as a) Adaptive Optics b) Lucky Imaging. Adap-
tive optics requires expensive and massive instruments for
removing atmospheric turbulence. They mainly used these
methods for astronomical applications [14], [15]. On the other
hand, lucky imaging algorithms take short exposed distorted
images set from which lucky regions are selected and then
fused to get the final image. Some of the preliminary work
in lucky imaging [16] uses probabilistic analysis to restore
the degraded images. Various methods [17], [18] have been
proposed for enhancing images and videos which have been
degraded due to atmospheric turbulence using lucky imaging.
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Fig. 2. Illustration of our proposed overall methodology. Top: Restoration pipeline for the turbulent images. Bottom: Application of restored images indicating
improvements in tasks such as classification, keypoints detection, pose, and depth estimation.

Fig. 3. Examples of various distortions occur in an image. (a) An image
captured in atmospheric turbulence, due to which it suffers from geometrical
distortions and image blur. (b) A blurry image having blurry edges. (c) Noisy
image caused due to varying amount of photon received by the camera sensor.
This shows that atmospheric turbulence consists of various distortions and
cannot be addressed through deblurring and denoising networks.

In image enhancement, these methods use a multi-frame image
reconstruction approach to correct geometric distortion and
reduce the blur introduced by atmospheric turbulence. For
video enhancement, it is performed by fusing a stream of
randomly distorted images. Statistical methods and Fourier
analysis techniques [19], [20] were also attempted to remove
atmospheric turbulence.

Zhu et al. [21] proposed a machine learning method that first
registers each frame to suppress geometric distortion through
B-spline based on nonrigid registration. Next, a temporal
regression process is carried out to produce an image from the
registered frames. It can be viewed as being convolved with
space invariant near-diffraction-limited blur. Finally, a blind
deconvolution algorithm is implemented to deblur the fused
image and generate the final output. The method suffered from
several limitations. For example, the process uses the temporal
mean to calculate the reference image, which results in poor
registration. Xie et al. [22] proposed an improved method that
first constructs a high-quality reference image from the set of
observed frames using low-rank matrix decomposition. The
reference image is iteratively optimized to further improve the
registered sequence using a variational framework containing
a new spatiotemporal regularization. All of the above methods

fail to restore an image using a single turbulent image since
multiple turbulent images are required to obtain a single
restored image. Recently, deep learning methods have been
proposed by Gao et al. [12] and Chak et al. [11]. These
methods either struggle to remove finer atmospheric turbu-
lence or take multi-frame input to get single restored images.
On the other hand, our proposed method can minimize finer
geometrical distortions while requiring only a single turbulent
image to get the restored image.

Image-to-Image transformation via deep learning: The
recent success of deep neural networks have drastically
improved the performance for image classification [23]–[25],
object detection [26], [27], and object segmentation [28].
These networks can also be employed for generating natural
images using deep generative networks, such as Generative
Adversarial Network(GAN) [29], [30], VAE [31], [32], Pixel-
RNN [33], and PixelCNN [34] which involves mapping from
a highly non-linear manifold to another. GAN are the most
successful among the generative networks due to their photo-
realistic output [35], [36]. Several image inverse problems such
as super-resolution [37], deblurring [38], and denoising [39]
extensively uses GAN to produce clean images. Particularly,
GAN based image denoising methods is used in tomogra-
phy [40] and microscopy [41].

Apart from generating realistic images, deep neural network
architectures can also manipulate geometric structures. These
architectures have been used in gaze manipulation [42], image
matching [43], image registration [44], image transforma-
tion [45], and restoring geometrical distortions in an image
caused due to turbulent water [46].

Attention mechanism in deep learning: Attention can be
interpreted as selectively concentrating on a particular piece of
information while ignoring the other perceivable information.
In other words, it can also be viewed as allocating the majority
weight to the essential information of an input. Attention
mechanism has been widely used in deep learning methods
related to computer vision [47], [48], and natural language
processing [49]. In parallel, several works [50], [51] has been
done to combine spatial attention with channel attention to
improve models on various vision tasks.
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Fig. 4. Architectural comparison of varying residual blocks:
(a) He et al. [25], (b) Li et al. [46], (c) Baseline1 (ours), and (d) DT-
GAN (ours).

Hu et al. [52] recently introduced a channel attention
module for improving the quality of representations.
It explicitly models the interdependencies between the
channels and convolutional features of a deep network. This
module has been extensively used in improving denoising [9],
super-resolution [53], [54], deblurring [8], and dehazing [55].
Hence, we incorporated channel attention in our residual
blocks by observing their efficacy in improving various
computer vision tasks.

III. METHOD

In this section, we will discuss the architectural details
of our proposed model. Our proposed model is inspired by
Li et al. [46]; however, it significantly differs in the following
ways: a) We introduce an array of residual blocks and dense
residual blocks, suitably modified for minimizing atmospheric
turbulence. We add a channel attention module into these
blocks to improve the restoration. b) Next, we propose a
sub-pixel mechanism that removes finer geometrical distor-
tions from a turbulent image and produces a high-quality
restored image. c) Finally, we improve the overall network’s
performance by adding a new loss to the objective function
that minimizes loss between WarpNet output and ground truth
image, acting as additional supervision. Now, we will describe
our proposed method in the following subsections.

A. Residual Blocks

Residual networks perform well on various computer vision
tasks to efficiently carry forward information deep into the
network with residual connections. Figure 4 and 5 shows
the various residual blocks used in our experiments. Ini-
tially, we began our experiment with the residual block of
Li et al. [46] shown in Figure 4(b), that removed distortions
in the turbulent water. We empirically find that replacing
Instance Normalization (IN) [56] layers with Group Normal-
ization (GN) [57] layers shown in Figure 4(c) improved our

Fig. 5. Architectural comparison of varying dense residual blocks:
(a) Zhang et al. [58], (b) Baseline2 (ours), (c) DTD-GAN(pre) (ours), and
(d) DTD-GAN (ours).

performance. This is because GN layers work better on a
broader range of batch sizes and show better training stability
and accuracy. Dense residual block [58] shown in Figure 5(a)
perform better than the residual block as its dense connection
can access all the subsequent layers in a block and pass on
information that needs to be preserved within a block. Hence,
we replace the residual block with a dense residual block
and add Batch Normalization (BN) [59] layers, shown in
Figure 5(b). Adding the BN layers helps stabilize the network
training. We also tried to include GN layers, but it gave slightly
poorer restoration results than the BN layer.

Channel Attention: The above discussed residual blocks do
not focus on convolutional feature’s channel relationships. So,
we incorporate the channel attention module by Hu et al. [52]
into our residual blocks. The channel attention models the
interdependencies between convolutional features and chan-
nels, which improves the network’s quality of representations.
Figure 4(d), 5(c) and (d) show the residual blocks, including
channel attention. In Figure 5(c) and (d), we add the channel
attention mechanism either before or after the concatenation
to empirically explore our network’s performance.

B. Network Architecture

Figure 6 shows our adversarial network’s generator architec-
ture, divided into two sub-networks: WarpNet and ColorNet.
WarpNet removes the geometrical distortion introduced by
atmospheric turbulence by learning a warping field applied to
the input image, resulting in a warped image as output. The
WarpNet output is blurry and lacks high-frequency details due
to atmospheric blur, and one-to-one mapping is not ensured in
the forward mapping of WarpNet. So, ColorNet is appended
after the WarpNet, which restores the perceptual details and
minimizes the image blur. The detailed network architecture
of WarpNet and ColorNet is discussed below.
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Fig. 6. The general architecture of the generator for adversarial training. The generator architecture of DT-GAN and DTD-GAN are formed by using the
modified residual blocks of Figure 4(d) and 5(d) respectively. In Figure, k is the kernel size, n is the number of feature maps, and s is the stride in each
convolutional layer with p as padding.

WarpNet consists of the input convolutional layer, upsam-
pling block, eight residual blocks, downsampling block, and
output convolutional layer. The input convolutional layer
projects the input image to feature space, passed on to
downsampling blocks. The downsampling block consists of
3 convolutional layers, 3 ReLU layers, and 3 Group Normal-
ization layers. Each convolutional layer comprises of filter
size 4 × 4 with the stride of 2 and padding 1. The depth
of the output channel doubles after each convolution layer.
The downsampling block’s output is then passed through
residual blocks and further upsampled using upsampling block.
The structure of the upsampling block is similar to the
downsampling block. It uses a deconvolutional layer with a
bi-linear strategy for upsampling the feature map. The output
channel’s depth decreases from 256 to 32 output channels
across the downsampling block’s deconvolution layers. At last,
we use the output convolutional layer to get the final warping
field. The architecture of ColorNet is slightly different from
WarpNet, as ColorNet has skip-connections [60] which help
in recovering information lost during downsampling.

Sub-pixel mechanism: Accurate motion estimation is made
possible by calculating the pixel’s motion at sub-pixel accu-
racy. We inculcate this idea into the WarpNet, which allows
it to learn smaller geometrical distortions. We introduced
this notion by adding a bilinear-upsampling layer into the
WarpNet. The bilinear-upsampling layer doubles the predicted
warp field’s size, allowing it to predict the smaller pixel
movement caused by the finer atmospheric turbulence. The
warp field is further applied to the input image to remove the
geometrical distortions. The final output is then downsampled
by half and given as an input to the ColorNet. Next, in the
upsampling block of ColorNet, we replace the bi-linear inter-
polation layers, which learn a single filter to upsample the
features with an efficient sub-pixel convolution layer [61] that
learns a collection of upscaling filters to upsample the features.
We call the above-discussed process the sub-pixel mechanism.

Baselines: Figure 4(c) shows our proposed Baseline1.
We add channel attention and sub-pixel mechanism in
Baseline1 to construct De-Turbulence Generative Adversar-
ial Networks (DT-GAN), shown in Figure 4(d). DT-GAN

TABLE I

CONFIGURATIONS OF PROPOSED BASELINES AND THEIR FINAL MODELS

demonstrates the restoration improvement over Li et al. [46]
by using enhanced residual structure along with sub-pixel
mechanism and channel-attention. Next, we create Baseline2
by adding a batch normalization layer to a dense residual
block, as shown in Figure 5(b). We further add channel
attention and sub-pixel mechanism into Baseline2 to con-
struct De-Turbulence Dense Generative Adversarial Networks
(DTD-GAN) in Figure 5(d). In section IV (Experiments),
we empirically find that the post concatenation model: DTD-
GAN shown in Figure 5(d) performs better than the pre
concatenation model: DTD-GAN(pre) shown in Figure 5(c).
We also adopt a self-ensemble strategy [62] to maximize the
performance of our model. In this method, we create multiple
copies of the input image via data augmentation. We then
inverse augment all the corresponding outputs to align with the
input image. The final result is the average of all the aligned
outputs. The self-ensemble models are denoted by adding ′+′
as post-fix to the model name. Table I summarizes all the
above-discussed model configurations.

C. Objective Functions

Our network objective is to minimize the loss between the
original image I and the network output taking corresponding
turbulent image I D as an input image. To achieve the same,
we train the generator consisting of WarpNet (Wr

θ ) parame-
terised by learnable parameters (θ ) and ColorNet (Co

φ) parame-
terised by learnable parameters (φ). We train the network on
two objective functions: lgenerator which minimizes Generator
output with the original image, and lW arpNet minimizing
WarpNet output with the original image. We discuss the two
objective functions in detail below. lgenerator: The loss function
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Fig. 7. Sample images from the synthetically generated turbulent image
dataset. (Best viewed when zoomed).

consists of a linear combination of content loss, perceptual
loss, and adversarial loss. The intuition behind adding adver-
sarial loss into the loss function is to produce images in the
natural image manifold. The architecture of the discriminator
is the same as used for training DCGAN [30]. Instead of train-
ing discriminator with the sigmoid cross-entropy loss function,
we adopted the least square loss function [63] which resulted
in more stable training and high-quality image generation.
The loss function for the generator and discriminator can be
formulated as:

lgenerator = λ2[Dγ (C
o
φ(I

ω))− 1]2

+
N∑

i=1

M∑

j=1

|Ii, j − Co
φ(I

ω)i, j |

+ λ1

w4,3∑

x=1

h4,3∑

y=1

|ψ4,3(I )x,y − ψ4,3(C
o
φ(I

ω))x,y|

(2)

ldiscriminator = [Dγ (C
o
φ(I

ω))2 + (Dγ (I )− 1)2] (3)

where, Dγ represents the discriminator with γ as the trainable
parameter and the values of λ1 and λ2 were empirically found
during training the network.

lWarpNet: The loss between WarpNet output and original
image acts as additional supervision to the network, which is
trained by minimizing the sum of perceptual loss [64] and
content loss. The content loss is formulated by taking the
pixel-wise L1 distance between the original image and the
reconstructed image from WarpNet. We use a perceptual loss
to measure the perceptual similarity between images by taking
the L1 distance between feature representation of Conv4_3 of
VGG16 [24] of the original and restored image by WarpNet.

Fig. 8. Example images from real atmospheric dataset.(Best viewed when
zoomed).

The overall loss function for WarpNet can be described as:

lW arpNet =
N∑

i=1

M∑

j=1

|Ii, j − Iωi, j |

+
w4,3∑

x=1

h4,3∑

y=1

|ψ4,3(I )x,y − ψ4,3(I
ω)x,y| (4)

where ψ4,3 is the feature map and w4,3, h4,3 are the dimen-
sions of the feature map of VGG16 at Conv4_3 layer output. I
and Iω are the original and restored image from the WarpNet
receptively.

IV. EXPERIMENTATION

A. Dataset

Simulated Atmospheric Turbulent Dataset: Rendering
turbulent images using computer graphics utilizes high com-
putational power and time. To overcome this computational
burden, we used an efficient way of rendering turbulent
images derived by [13]. This method bypasses 3D numerical
calculations and relies on a closed-form model for creating
a computationally inexpensive and faster way of simulating
turbulent fields. The virtual camera parameters used for cre-
ating the simulated atmospheric turbulence dataset are focal
distance = 300mm with a lens diameter ≈ 5.357cm and
pixel size of 4e − 3mm. We place the virtual camera at an
elevation of 4m with an object distance of 2km. The value for
structure constant C2

n which expresses the turbulent strength
is 3e − 13m−2/3. The light traveling from an object point is
assumed to be having a spherical wavefront with a wavelength
of 550nm. Using the above parameters, we rendered turbulent
images by applying simulated turbulent fields on the ImageNet
dataset. The synthesized dataset consists of 400,000 turbu-
lent and original image pairs selected from 1000 classes of
ImageNet for training the restoration network. We validate all
the restoration network performance on ImageNet validation
dataset images consisting of 5995 pairs of synthesized turbu-
lent and original images. Figure 7 shows a few examples of
synthesized samples.

Real Atmospheric Turbulent Dataset: To test the restora-
tion model’s generalization ability, we created a test dataset of
images having natural atmospheric turbulence. The images of
the real turbulent dataset were curated from YouTube videos,
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TABLE II

QUANTITATIVE COMPARISON BETWEEN VARIOUS IMAGE-TO-IMAGE TRANSLATION METHODS AND ATMOSPHERIC TURBULENCE
REMOVAL METHODS. TEXT IN GREEN INDICATES THE BEST PERFORMING MODEL

Fig. 9. Visual comparison of various restoration methods. We can notice that our best performing method: DTD-GAN+, indicated in blue, qualitatively
outperforms the compared baselines and image-to-images translation-based restoration method.

which were either taken in deep turbulent environments or
recorded at a distance of several km by long-range video
cameras. The steps to make the dataset is as follows. Firstly,
we searched the videos on YouTube from the keywords
such as “atmospheric turbulent” and “long-range turbulent
videos” and their combinations. We then filtered out the search
results by manually streaming the videos and identifying
those with considerable atmospheric turbulence. Subsequently,

we downloaded and extracted the video’s frames, which
resulted in approximately a thousand images. Next, we manu-
ally selected those frames with significant atmospheric dis-
tortions and resized them into an image size of 256 ×
256. Finally, we had 13 images with significant atmospheric
turbulence and 217 with moderate atmospheric turbulence.
Figure 8 shows the example images of the real atmospheric
dataset.
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TABLE III

QUANTITATIVE PERFORMANCE OF OUR PROPOSED BASELINES AND METHOD. GREEN INDICATES THE BEST PERFORMING MODEL

Application Datasets: We use the restored images got
from various restoration models to show improvement in
different computer vision tasks. We evaluate the restored
images on three levels of datasets: (a) General: consisting
of multiple categories, (b) Categorical: single category having
multiple classes, and (c) Single object instance: single class
instance within a category. For image classification, a subset of
100,000 ImageNet images is chosen for training and evaluated
on 5000 images for the general classification. In categori-
cal classification, the FGCV [65] dataset is used consisting
of 6667 training images of aircraft categories belonging to
70 class instances and validated on 3334 images. We randomly
chose the spitfire class from FGCV datasets to evaluate a
single class instance, comprising 200 training images and
130 validation images. We use the PASCAL3D+ [66] dataset
for keypoint detection, pose, and depth estimation with the
same distribution of training and validation set of images in all
the tasks. The dataset consists of 2D images containing objects
belonging to 12 categories with semantic keypoint annotation.
Each keypoint is mapped to a 3D CAD model giving the
object’s pose and depth in 3D space. We used 15,271 training
images for the general case, and the trained model is validated
on 5991 images. We randomly choose the airplane category of
the PASCAL3D+ dataset, consisting of 1244 training images
and 566 validation images. We selected all the images from the
propeller class of airplane category to evaluate improvement
in a single class instance.

B. Training and Implementation Details

We train our proposed restoration network on 400 thou-
sand pairs of turbulent and original images. Each image is
randomly flipped horizontally and resized for data augmen-
tation, followed by cropping. We normalize each training
batch with a mean of 0.5 and a standard deviation of 0.5.
Real atmospheric turbulent images have a higher image blur
than simulated turbulent images. We also blur the training
images using Gaussian blur with varying sigma [0.5, 2.5]
while testing the restoration model on real atmospheric
turbulent images.

The restoration network is jointly trained end-to-end for six
epochs with an initial learning rate of 1e − 4 and the next
three epochs with a learning rate of 5e −5 with batch size 16.
To optimize the network, we use Adam [68] optimizer with
β1 = 0.5 and β2 = 0.999 for computing running averages
of gradient and its squares. The values of λ1 and λ2 were
empirically found to be 0.5 and 0.2, respectively. For each
iteration, we update the discriminator and the generator only
once. It took 24 hours to train the entire network on a single
Nvidia GeForce GTX 1080 Ti GPU.

Fig. 10. Row 1 shows the turbulent image and Row 2 shows its corresponding
restored image over a range of structure constant. Row 3 display the turbulent
image and Row 4 displays its corresponding restored image over a range of
object distance. (Best viewed when zoomed).

C. Image Quality Metrics

Image quality is an important measure to evaluate the
perceptual and structural information present in an image.
To measure the quality of the restored images, we use Peak
Signal-to-Noise-Ratio (PSNR), Structural Similarity (SSIM),
and Mean Square Error (MSE). These image quality metrics
are applied to the restored and non-turbulent images to com-
pare various restoration models quantitatively.

D. Restoration Results

Table III shows the performance of baselines and our
proposed methods on various image quality metrics. We can
see DTD-GAN performs better DT-GAN as it can remove
finer geometric distortions, which is observed in Figure 9.
In Table III, we can see DTD-GAN(pre) shows lower perfor-
mance than DTD-GAN. In DTD-GAN(pre), we apply channel
attention to all the features, giving higher weights to noisy or
less critical features. Whereas in DTD-GAN, we pass all the
features through the 1×1 convolutional layer, which squashes
out the relevant features and then gives those features to the
channel attention module giving better performance. Adding
self-ensemble models denoted by ′+′ added as a post-fix in
our proposed model gives an additional improvement, making
DTD-GAN+ the best restoration model.

We compare our final model DTD-GAN+ with
Pix2Pix [35], CycleGAN [67], DeblurGAN [38],
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Fig. 11. Shows the restoration of natural turbulent images curated from Youtube. Red and green box contains the turbulent and restored image patch,
respectively. Column 1: Natural turbulent image, and Column 2 shows the corresponding turbulent image patch. Column 3: Restored images by DTD-GAN.
We can observe that DTD-GAN can minimize the geometrical distortion at the finer level. Column 4: Natural turbulent images restored by Li et al. [46].
The restored images suffer from geometrical distortion at the finer lever, which is significant in (b,c) and suffers from image artifacts. Column 5-8: Restored
images by CycleGAN, DeblurGAN, Gao et al. [12] and Pix2Pix. All the restored images significantly suffer from image artifacts and struggle to remove the
geometrical distortions. (Best viewed when zoomed).

Gao et al. [12], and Li et al. [46]. Our final model
DTD-GAN+ shows significant quantitative improvement over
the methods mentioned above, as shown in Table II. Figure 9
shows the qualitative restoration results. We can observe from
the figure that the restored images from Pix2Pix, CycleGAN,
DeblurGAN, and Gao et al. [12] have significant geometric
distortion and suffer from image artifacts. Li et al. [46]
slightly elevates the problem of image artifacts, but it
is unable to minimize finer geometrical distortions. Our
proposed model DTD-GAN+ not only removes the geometric
distortion but also alleviates the problem of image artifacts.
Figure 11 shows the restoration of images having natural
atmospheric turbulence. We find that DTD-GAN performs
the best qualitatively, showing the generalization capability
of our proposed model on a real dataset. Our model also
minimizes image artifacts and finer atmospheric turbulence,
prominent in other baselined methods. We use DTD-GAN
by removing the self-ensemble strategy [62] denoted by ‘+’
because it introduces blurriness in the final output due to the
averaging of the outputs. However, this method gives higher
quantitative results on various image metrics.

E. Ablative Study of Baselines

In this subsection, we perform an ablative investigation
on Baseline1(BS1) and Baseline2(BS2) that consists of the
proposed residual block (Figure 4(c)) and dense residual block
(Figure 5(b)), respectively. Each baseline consists of a two-
stage network: WarpNet and ColorNet. We create multiple
baseline variations: BS1 w/o WN: Baseline1 without WarpNet,
BS1 w/o CN: Baseline1 without ColorNet, BS2 w/o WN:
Baseline2 without WarpNet, and BS2 w/o CN: Baseline2

Fig. 12. Our method is specially designed for atmospheric turbulence.
Figure presents the image-deblurring results obtained from various restoration
networks. The results validate that the proposed network DTD-GAN+ and its
corresponding sub-networks, WarpNet and ColorNet, perform poorly on image
deblurring, as expected. (Best viewed when zoomed).

without ColorNet. Table IV shows the depletion in the per-
formance of baselines by removing WarpNet or ColorNet.
The reason being ColorNet by itself struggles to remove
the geometric distortion caused by atmospheric turbulence.
Whereas WarpNet finds it challenging to remove the image
blur. We observe that the performance of WarpNet is better
than ColorNet as the former restores the structural information
of an image. Furthermore, we notice that the two-stage model
consisting of both ColorNet and WarpNet performs better
than a single-stage model that contains either of the two.
Next, we train the baselines on our proposed loss function.
In Table V, we can observe that adding lW arpNet to the
lgenerator improved the restoration performance of the base-
lines on various image quality metrics.

F. Effects of Channel-Attention and Sub-Pixel Mechanism

This subsection presents improved restoration due to the
addition of channel attention and sub-pixel mechanism into
our Baseline1(BS1) and Baseline2(BS2). We run multiple
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TABLE IV

RESTORATION PERFORMANCE OF BASELINE1(BS1) AND BASELINE2(BS2) EITHER WITHOUT WARPNET(WN) OR COLORNET(CN). WE OBSERVE THAT
THE BASELINES CONSISTING OF THE JOINT MODEL OF BOTH WN AND CN PERFORM THE BEST, INDICATED IN BLUE

TABLE V

PERFORMANCE IMPROVEMENT IN BASELINES BY TRAINING ON NOVEL

LOSS FUNCTION DENOTED BY: lgenerator (lgen )+ lWarpNet (lW N )

variations of baselines to study the effects of channel attention,
and sub-pixel mechanism gives as BS1 w/ SPM: Baseline1
with sub-pixel mechanism, BS1 w/ CA: Baseline1 with
channel attention, BS2 w/ SPM: Baseline2 with sub-pixel
mechanism, and BS2 w/ CA: Baseline2 with channel attention.
Table VI shows that DT-GAN and DTD-GAN, which is the
joint contribution of the sub-pixel mechanism and channel
attention which, gives the highest performance improvement
in our baselines. The performance improvement is due to
channel attention and sub-pixel mechanisms that improve
inter-channel dependency and remove atmospheric turbulence
at the finer level. We also observed that the improvement
in BS1 is more significant than BS2 because dense residual
blocks already carry forward the lower-level information,
which reduces the combined effect of channel-attention and
sub-pixel mechanism.

G. Analysis of Varying Distance and Structure Constant
Restoration

The two major parameters that control atmospheric turbu-
lence are the object distance from the camera and the refrac-
tive fluctuation of an environment characterized by structure
constant C2

n . So, we analyze our proposed restoration model’s
restoration capabilities at various object distances and structure
constant C2

n . In Figure 10(Row 2), we observe that our model
can restore images at various strength of C2

n ranging from
3e − 13m−2/3 to 1e − 12m−2/3 at 2 km object distance.
A high value of C2

n is 8e−13m−2/3 which is usual in summer
daytime, can be easily restored by our model as shown in
Figure 10(Row 2). Figure 10(Row 4) shows that our restoration
model can restore images at a distance ranging from 2−10 Km
keeping the C2

n to be 3e − 13m−2/3. Figure 10(Row 4)
shows that our model struggles to restore turbulent images
at a distance of 10 Km as the image degradation due to
atmospheric turbulence is very high.

H. Limitations of Proposed Architecture

In this subsection, we show that DTD-GAN+ is specifically
intended for removing atmospheric turbulence. We present an

empirical study that shows DTD-GAN+ performs better on
tasks to minimize atmospheric turbulence than DeblurGAN.
Whereas, DeblurGAN gives better results for image deblurring
tasks than DTD-GAN+ and its sub-network: WarpNet and
ColorNet.

Atmospheric Turbulence Minimization: Now, we demon-
strate the performance of DTD-GAN+ and DeblurGAN on
minimizing atmospheric turbulence. We use Wasserstein GAN
with gradient penalty as the GAN variant in DeblurGAN.
We train all the networks on the ImageNet turbulent dataset
consisting of 400, 000 turbulent and non-turbulent image pairs.
All networks use an image patch size of 256×256 as input to
the network with a batch size of 16. The learning rate is set to
1e − 4 for the initial seven epochs and then linearly decayed
to zero for the subsequent seven epochs. Figure 9 shows
the qualitative results obtained from the proposed method
DTD-GAN+ and DeblurGAN. We can observe from the
Figure 9 that images restored from DeblurGAN contain large
geometrical distortions. In contrast, the DTD-GAN+ restora-
tion results given in the Figure 9 shows that DTD-GAN+ has
effectively minimized the atmospheric turbulence present in
the images. Additionally, Table VIIb reflects the performance
of DTD-GAN+ on various image quality metrics, which is
better than DeblurGAN.

Image De-blurring: Now, we will compare the perfor-
mance of DTD-GAN+ and DeblurGAN on image deblurring
tasks. Additionally, we also show the image deblurring results
by the sub-networks of DTD-GAN+ that are WarpNet and
ColorNet. For training and evaluating the networks, we use
the GoPro dataset [69] that consists of 2103 pairs of blurred
and sharp image pairs having 720p image quality. We train
each network for 150 epochs with a batch size of 8 and a
learning rate of 1e − 4.

Table VIIa and Figure 12 show the quantitative and
qualitative image deblurring performance of DeblurGAN,
DTD-GAN+, WarpNet, and ColorNet. We observe that Col-
orNet performs better than WarpNet in the deblurring task
because ColorNet is responsible for minimizing image blur
while minimizing atmospheric turbulence. However, WarpNet
performs poorly among all the methods because it is explicitly
designed to mitigate the geometrical distortions. WarpNet
uses a sub-pixel mechanism to calculate precise motion that
captures the geometrical distortions caused by atmospheric
turbulence, and this does not complement the task of mini-
mizing image blur. It results in sub-optimal performance of
DTD-GAN+. Additionally, we also notice the performance
of ColorNet is close to DeblurGAN as both networks are
designed to minimize image blur.
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TABLE VI

IMPROVEMENT IN THE PERFORMANCE OF BASELINE1(BS1) AND BASELINE2(BS2) BY ADDING CHANNEL ATTENTION(CA) AND SUB-PIXEL MECHA-
NISMS(SPM). BOLD ENTRIES INDICATE THAT INTEGRATING CA AND SPM INTO THE BASELINES GIVES THE BEST PERFORMANCE

TABLE VII

(A) QUANTITATIVE RESULTS COMPARISON FOR IMAGE DEBLURRING TASK. WE SHOW THE DEBLURRING PERFORMANCE OF OUR PROPOSED

FRAMEWORK: DTD-GAN+ AND ITS SUB-NETWORKS: WARPNET AND COLORNET. WE OBSERVE THAT DEBLURGAN PERFORMS WELL ON
IMAGE DEBLURRING TASKS COMPARED TO OUR PROPOSED DTD-GAN+. (B) QUANTITATIVE RESULTS COMPARISON ON THE TASK

OF MINIMIZING ATMOSPHERIC TURBULENCE. WE CAN SEE THAT DTD-GAN+ OUTPERFORMS DEBLURGAN. TEXT IN BOLD

REPRESENTS THE BEST-PERFORMING METHOD

TABLE VIII

QUANTITATIVE RESULTS ON ORIGINAL, TURBULENT AND RESTORED IMAGES IN DOWNSTREAM COMPUTER VISION TASKS WHICH ARE VALIDATED

ON DATASETS CONSISTING OF DIFFERENT NUMBER OF CLASSES. TOP: CLASSIFICATION ACCURACY OF VARIOUS IMAGE SETS ON TRAINED

RESNET-18. MIDDLE: VIEW POINT ESTIMATION ERROR CALCULATED BY CONVEX OPTIMIZATION FRAMEWORK CAPTURING THE
DEVIATION BETWEEN THE PREDICTED AND GROUNDTRUTH POSE IN VARIOUS DATASETS. BOTTOM: KEYPOINTS ESTIMATION

ERROR OBTAINED BY USING THE HEATMAPS OF STACKED HOURGLASS NETWORK ON DIFFERENT IMAGE SETS

V. APPLICATION

In this section, we show improvement in downstream tasks:
image classification, keypoint detection, pose, and depth esti-
mation tasks using restored images. The restoration model’s
performance is evaluated by training a task-specific model with

non-turbulent images and then validating the trained model
performance on turbulent, restored, and original image sets.
For the image classification task, we train a ResNet-18 [25]
model. Table VIII shows more than 10% increase in classifi-
cation accuracy for the restored images by DTD-GAN+ over
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Fig. 13. Column wise: (a) and (e) are the input images to the network. (b) and (f) are the output heatmaps of the hourglass network overlapped on the
input image. (c) and (g) are the CAD models projected on the input image. (d) and (h) are the depth visualization of CAD models. Row wise: (i) and (iv) are
the results of original images. (ii) and (v) are the results of the turbulent images. (iii) and (vi) are the results of the restored images by DTD-GAN+. (Best
viewed when zoomed).

turbulent images across all the validation datasets. We also
find that image artifacts in the restored images from Pix2Pix
results in lower classification accuracy than turbulent images.

We trained Stacked Hourglass Network [70] for cor-
rectly estimating semantic key points in an image degraded
due to atmospheric turbulence. We perform the evaluation
process by taking the square absolute difference of out-
put heatmaps containing probable keypoints area generated
between non-turbulent and turbulent or restored images rel-
ative to the heatmaps predicted by non-turbulent images.
In Figure 13 (column b and column f), we observe that
the restored images by DTD-GAN+ can detect almost all
the semantic key points that are undetected by the network
for turbulent images. Quantitatively, there is more than a
5% decrease in the relative keypoint error for the restored
images by DTD-GAN+ compared to turbulent images shown
in Table VIII. We can observe that restored images from

DeblurGAN, Gao et al. [12], CycleGAN, and Pix2Pix have
higher keypoint estimation errors than turbulent images, as the
geometrical distortions significantly persist in the restored
images.

We use the methodology of Pavlakos et al. [71] to get the
pose and depth of an object in a 2D image. In detail, this
approach uses semantic keypoints locations on the 3D CAD
model along with the key points of a 2D image predicted by an
hourglass network and then employing these correspondences
in a convex optimization framework that estimates the shape
and pose of an object in the 2D image. For measuring the
view estimation error between the poses, we use the geodesic
distance δ(.) between an estimated pose, P1, and ground truth
pose, P2, which is as follows:

δ(P1, P2) = || log(PT
1 P2)||F√
2

(5)
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where F denotes the Frobenius norm. We show the qualitative
results in Table VIII indicates that there is more than an 11%
decrease in median viewpoint estimation error on restored
images over turbulent images across all the datasets. How-
ever, the restored images by Pix2Pix and CycleGAN suffer
from image artifacts that make identifying semantic keypoints
difficult, resulting in higher viewpoint estimation error than
turbulent images. In Figure 13 (column c-d and column
g-h), we can visualize that the restored images pose and
depth estimation by DTD-GAN+ are close to non-turbulent
images. Finally, We conclude that our proposed restoration
model DTD-GAN+ significantly improves computer vision
task performances compared to other restoration models from
all the above experiments.

VI. CONCLUSION

In this paper, we propose a deep adversarial network
to minimize atmospheric turbulence. In comparison to the
traditional restoration methods, our model neither utilizes
any prior knowledge about the turbulence field nor does it
combine multiple images to generate the restored image at
test time. Our proposed restoration architecture achieves state-
of-the-art performance by outperforming the general image-
to-image translation models. We simulate a large dataset to
train our model and show its generalization capabilities by
inferring the trained model on simulated images over a range
of atmospheric turbulence parameters and on images having
natural atmospheric turbulence. Extensive experiments are
also conducted for various tasks such as image classifica-
tion, semantic keypoints detection, pose, and depth estima-
tion, which helped improve various computer vision tasks.
Additionally, the experiments are conducted on datasets from
a thousand classes to a single instance to show that the
restoration model can be generalized for any dataset size. Our
research opens new directions in the relatively new and narrow
area of restoring atmospheric turbulent images. It would be
interesting to examine and extend the applicability of current
methods to atmospheric turbulent videos.
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