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Abstract

Real-world images often suffer from variation in weather conditions such as rain, fog, snow, and
temperature. These variations in the atmosphere adversely affect the performance of computer vision
models in real-world scenarios. This problem can be bypassed by collecting and annotating images for
each weather. However, collecting and annotating images in such conditions is an extremely tedious
task, which is time-consuming as well as expensive. So, in this work, we address the forementioned
problems. Among all the weather conditions, we focus on the distortions in the image caused by high
temperature, also known as atmospheric turbulence. These distortions introduce geometrical deforma-
tion around the boundaries of an object in an image which causes a vision algorithm to perform poorly
and pose a major concern. Hence, in this thesis, we address the problem of artificially generating atmo-
spheric turbulence and restoring the images from it.

In the first part of our work, we attempt to model atmospheric turbulence. Since such models are
critical to extending computer vision solutions developed in the laboratory to real-world use cases.
And, simulating atmospheric turbulence by using statistical models or by computer graphics is often
computationally expensive. To overcome this problem, we train a generative adversarial network(GAN)
which outputs an atmospheric turbulent image by utilizing less computational resources than traditional
methods. We propose a novel loss function to efficiently learn the atmospheric turbulence at the finer
level. Experiments show that by using the proposed loss function, our network outperforms the existing
state-of-the-art image to image translation network in turbulent image generation.

In the second part of the thesis, we address the ill-posed problem of restoring images degraded due
to atmospheric turbulence. We propose a deep adversarial network to recover the images which are
distorted due to atmospheric turbulence and show the applicability of restored images in several tasks.
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.
To train our models, we synthesized turbulent images by following a series of efficient 2D operations.
Thereafter, using our trained models we run inference on real and synthesized turbulent images. Our
final restoration models DT-GAN+ and DTD-GAN+ qualitatively and quantitatively outperforms the
general state-of-the-art image-to-image translation models. The improved performance of our model is
due to the use of optimized residual structures along with channel attention and sub-pixel mechanism
which exploits the information between the channels and removes atmospheric turbulence at the finer
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level. We also perform extensive experiments on restored images by utilizing them for downstream
tasks such as classification, pose estimation, semantic keypoint estimation, and depth estimation.

In the third part of our work, we study the problem of the semantic segmentation model in adapting
to hot climate cities. This issue can be circumvented by collecting and annotating images in such
weather conditions and training segmentation models on those images. But, the task of semantically
annotating images for every environment is painstaking and expensive. Hence, we propose a framework
that improves the performance of semantic segmentation models without explicitly creating an annotated
dataset for such adverse weather variations. Our framework consists of two parts, a restoration network
to remove the geometrical distortions caused by hot weather and an adaptive segmentation network that
is trained on an additional loss to adapt to the statistics of the ground-truth segmentation map. We
train our framework on the Cityscapes dataset, which showed a total IoU gain of 12.707 over standard
segmentation models.

In the last part of our work, we improve the performance of our joint restoration and segmentation
network via a feedback mechanism. In, the previous approach the restoration network does not learn
directly from the errors of the segmentation network. In other words, the restoration network is not task
aware. Hence, we propose a semantic feedback learning approach, which improves the task of semantic
segmentation giving a feedback response into the restoration network. This response works as an attend
and fix mechanism by focusing on those areas of an image where restoration needs improvement. Also,
we proposed loss functions: Iterative Focal Loss (iFL) and Class-Balanced Iterative Focal Loss (CB-
iFL), which are specifically designed to improve the performance of the feedback network. These
losses focus more on those samples that are continuously miss-classified over successive iterations. Our
approach gives a gain of 17.41 mIoU over the standard segmentation model, including the additional
gain of 1.9 mIoU with CB-iFL on the Cityscapes dataset.
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Chapter 1

Introduction

Figure 1.1: Real world images in different weather conditions. [Image Credits: Google]

Weather conditions dramatically change when we move from one geographic location to another.
These changes occur due to the variation in atmospheric parameters such as temperature, humidity, and
precipitation. Standard datasets like ImageNet used for training vision models usually have images
taken in a clean environment that do not capture these real-world variabilities. As a result, computer
vision models trained on such datasets give poor generalization results. For instance, consider an object
detection model trained on a dataset that contains images captured in a clean environment. Now, we
deploy the trained model in a foggy climate. Then, the test image given to the model will have blurriness
injected by the fog, which might result in object detection failure.

Solving problems caused by variations in weather conditions could improve real-world computer
vision systems. It has immense potential applications in long-range video surveillance, defense systems,
and drone imaging. These systems can capture images of an object at a distance measured in the order
of several kilometers. The ability to view through bad weather will enable us to track and detect such
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Figure 1.2: Symbolic illustration of restoration model and its application in various spectrum of prob-
lems. [Image Credits: Google]

objects accurately. Trains running late due to dense fog or rain is a huge problem in countries like India.
Deploying vision systems that can provide additional supervision while driving could be a possible
approach to address this problem. Lastly, improving Advanced Driver Assistance Systems(ADAS)
during turbulent weather shows vast promise. ADAS uses Light Detection and Ranging (LIDAR) and
cameras to create maps of a vehicle’s surroundings. However, during bad weather, this information can
be interrupted and thereby adversely impact the maps created and the safety level of a self-driving car.

Among all-weather conditions, in this thesis, we choose to address the problems of image distortion
that occurs in hot weather conditions. We begin our work by generating distortions caused by a hot
climate and injecting them into an image. Then, we moved towards the problem of restoring image
deteriorated by high temperature. Further, we used the restored images to show improvement in vision
tasks such as recognition, segmentation, etc.

1.1 Motivation

Slight perturbations in atmospheric conditions can trigger significant changes in the image’s geomet-
rical and perceptual information. Capturing images in areas with extremely high temperatures such as
desert introduces such geometric distortions, which is also termed as atmospheric temperature. We will
interchangeably use hot temperature and atmospheric turbulence further in the thesis.
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DISPLAY HEATING UNIT

CAMERA

Figure 1.3: Experimental setup for generating turbulent images.

Geometrical distortions caused by high temperature disturbs the overall orientation of an object
present in the image. These distortions lead to a change in the image features. As a result, when a
computer vision model trained on standard dataset is deployed in such weather conditions gives poor re-
sults. Hence, we need to have a restoration model to remove the geometrical distortions from an image.
Adding a restoration model can help in improving a spectrum of tasks, as shown in Figure 1.2.

A data-centric approach to address the problem is to train a restoration network on those images that
are collected in hot weather conditions. But, collecting and annotating data in such harsh conditions is a
costly and time-consuming task. Hence, we use simulation-based methods to generate images intended
for hot weather conditions and bypass the cumbersome task of data collection and annotation.

1.2 Problem Context

It is essential to consider that there are many problems related to restoring images in adverse weather
conditions such as rain and fog, but we realized there hadn’t been much prior work done on restoring
images in a hot weather. Hence, we move our focus on a spectrum of problems related to atmospheric
turbulence.

Restoring images in atmospheric turbulence is an ill-posed inverse problem. Hence, this problem
poses a challenge for us to find the exact solution. Thus, we use a deep network to approximate results
that are closest to the exact answer. On the other hand, we also tried to generate atmospheric turbulent
images using an experimental setup shown in Figure 1.3. There were other factors involved, like - the
illumination of the display, the lighting condition of the environment, and regulating the temperature
that needed focus, which made us drop the idea of using an experimental setup. Then, we switched to
the physics-based simulation method to generate a turbulent image.

We validated the efficacy of our restoration method using traditional methods like- Peak Signal-to-
Noise Ratio (PSNR), Structural Similarity Index (SSIM), etc. But, these evaluation methods do not
ensure the performance of our model in real-world applications. Hence, we restore the turbulent images
and then pass those restored images into a task-specific network like- pose estimation, classification, or
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semantic segmentation to get performance evaluation of our restoration network. Further, we focus on
improving semantic segmentation in a turbulent environment as semantic segmentation has its extensive
use in autonomous navigation systems.

1.3 Background

1.3.1 Restoring images in atmospheric turbulence

The initial methods of removing atmospheric turbulence from the images can be broadly catego-
rized as a) Adaptive Optics b) Lucky Imaging. Adaptive optics requires expensive and huge instruments
for removing atmospheric turbulence. These methods were mainly used for astronomical applications
[56, 4]. On the other hand, Lucky Imaging algorithms take a set of short exposed distorted images from
which lucky regions are selected and then fused to get the final image. Some of the preliminary work in
lucky imaging [13] uses probabilistic analysis to restore the degraded images. Various methods [1, 88]
have been proposed for enhancing images and videos which have been degraded due to atmospheric
turbulence using lucky imaging. In image enhancement, these methods use a multi-frame image re-
construction 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 [26, 82] were also attempted to remove atmospheric
turbulence.

Recent methods for recovering images from atmospheric turbulence rely more on machine learning.
Zhu et al.[89] proposed a 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, which 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. But, the method suffered from several limitations; for example,
the method uses the temporal mean to calculate the reference image, which results in poor registration.
Xie et al.[80] proposed an improved method that first constructs a high-quality reference image from
the set of observed frames using low-rank matrix decomposition. Further, to improve the registered
sequence, the reference image is iteratively optimized using a variational framework containing a new
spatiotemporal regularization.

1.3.2 Dataset Simulation

Rendering turbulent images using computer graphics utilizes high computational power and time.
To overcome this computational burden, an efficient way of rendering turbulent images was derived by
Schwartzman et al.[65]. 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 in imaging process are: focal distance = 300mm with lens diameter ≈
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Figure 1.4: Examples of simulated turbulent images [65]. Image patches in red boxes show the geomet-
rical distortions caused by atmospheric turbulence.

5.357cm and pixel size of 4e − 3mm. The virtual camera is placed at an elevation of 4m with object
distance of 2km. Structure constant C2

n is an important variable for measuring atmospheric turbulence.
Higher the value of C2

n stronger the turbulence. C2
n = 0 indicates a medium free of turbulence. 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. Figure 1.4 shows the simulated atmospheric turbulent images.

1.4 Contribution

The major contributions of our thesis are in three folds:
A. Generation:

1. We attempt to model atmospheric turbulence via a generative adversarial network. Our method
outputs an atmospheric turbulent image by utilizing less computational resources than traditional
methods.

2. We propose a novel loss function to learn the atmospheric turbulence at the finer level efficiently.

B. Restoration:

1. We propose a deep adversarial network to recover the images distorted due to atmospheric turbu-
lence and show the applicability of restored images in several tasks.

2. Unlike previous methods, our approach neither uses any prior knowledge about atmospheric tur-
bulence conditions at inference time nor requires the fusion of multiple images to get a single
restored image.
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3. We find that our restored images outperform turbulent images in downstream tasks by a significant
margin qualitatively and quantitatively, showing the applicability of the restoration model in real-
world problems.

C. Application:

1. We propose a framework that improves the performance of semantic segmentation models without
explicitly creating an annotated dataset for turbulent weather.

2. Our framework consists of a restoration network that removes the geometrical distortions caused
by hot weather and an adaptive segmentation network that is trained on an additional loss to adapt
to the statistics of the ground-truth segmentation map.

3. We train our framework on the Cityscapes dataset, which resulted in a total IoU gain of 12.707
over standard segmentation models.

4. We improve the performance of our joint restoration and segmentation network via a feedback
mechanism. The semantic feedback learning approach improves the task of semantic segmenta-
tion, giving a feedback response into the restoration network.

5. Also, we proposed an additional two loss functions: Iterative Focal Loss (iFL) and Class-Balanced
Iterative Focal Loss (CB-iFL), which are specifically designed to improve the performance of the
feedback network. These losses focus more on those samples that are continuously miss-classified
over successive iterations.

6. Our approach gives 17.41 mIoU over the standard segmentation model, including the additional
gain of 1.9 mIoU with CB-iFL on the Cityscapes dataset.

1.5 Thesis Organisation

We now give a brief description of the structure of the thesis. In Chapter 2, we propose a gener-
ative model that models the atmospheric turbulence, which utilizes less computational resources than
traditional methods. In Chapter 3, we address the ill-posed problem of restoring images degraded due
to atmospheric turbulence by proposing a generative adversarial network and applying the restored im-
ages to improve computer vision tasks. Further, in Chapter 4, we propose a framework that enhances
the semantic segmentation model in hot weather conditions. We also introduced a Channel Attentive
Multi-Scale Residual Block (CA-MSRB) block that was particularly designed for removing geometrical
distortions caused by atmospheric turbulence. Chapter 5 further improves our restoration network by
proposing a feedback framework where the restoration network learns directly from the segmentation
network’s errors. In Conclusion, we summarise our finding along with the possible future directions.
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Chapter 2

Learning To Generate Atmospheric Turbulent Images

In this chapter, we train a generative adversarial network, which outputs an atmospheric turbulent
image by utilizing less computational resources than traditional methods. We propose a novel loss
function to learn the atmospheric turbulence at the finer level efficiently. Experiments show that by
using the proposed loss function, our network outperforms the existing state-of-the-art image to image
translation network in turbulent image generation. We also perform extensive ablation studies on the
loss function to demonstrate the improvement in the perceptual quality of turbulent images.

2.1 Introduction

The performance of computer vision algorithms drastically decreases when deployed in changing
weather conditions [49, 54]. Especially in applications like autonomous navigation and aerial imag-
ing, the atmospheric condition adversely affects the performance of the underlying vision algorithm.
Computer vision models adapting to changing weather could be solved by collecting data for all the
weather conditions and training vision algorithms on them. But, collecting data for each weather con-
dition would require a considerable cost and time. Hence, we propose a deep learning-based approach
that models hot weather conditions among all weather conditions. We also show that our method’s com-
putational time to generate hot weather images was less than the traditional methods. The phenomena
of geometrical distortion caused by hot weather is termed as atmospheric turbulence.

The primary cause of atmospheric turbulence is the heterogeneous nature of the atmosphere between
the camera and the object. The heterogeneity in the medium is caused by the time-space varying in tem-
perature, air pressure, wind speed, and humidity, resulting in the introduction of geometrical distortion
and a decrease in perceptual information of an imaged object. Several methods have been proposed to
model the nature of atmospheric turbulence and render images with the help of these models. Turbu-
lence modeling methods can be divided into two major approaches: Ray tracing in computer graphics
[19, 66] and image distortion simulation [34, 65]. Initial approaches in computer graphics either used
curved ray tracing [66] or solved physically-based differential equations [19, 60] to estimate the parame-
ters of atmospheric turbulence based on real turbulent images, which help in describing the trajectory of
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Figure 2.1: Illustration of our overall pipeline to generate a turbulent image. Stage I: In this stage, we
create a turbulent dataset using [65] method to train our network. Stage II: Training of our generative
adversarial network using the created turbulent dataset. After training, turbulent images can be generated
by simply passing the corresponding non-turbulent image through the network.

light. Another approach to model atmospheric turbulence is to model the turbulence and distort images
using those models statistically. Earlier methods used light propagation through multiple phase screens
[34] for this purpose. Later methods model turbulence as a simple Gaussian function [89] or derived a
physics-based method [65] by which turbulent fields were generated efficiently. However, these meth-
ods are computationally expensive, which requires a large amount of computational time to generate a
large dataset. Recently, Deep learning [36] has become a powerful framework to generate complex non-
linear data such as images, speech, and videos. In particular, Generative Adversarial Networks(GANs)
are widely used for the generation of images as it directly learns the empirical data distribution from the
data samples. Application of GANs include images-to-image translation tasks such as super-resolution
[37], style transfer [2], and synthetic data generation [72].

Leveraging the advantages of GANs, we train a deep adversarial network that takes an input image
and gives out the corresponding turbulent image. While training, our GAN tries to learn the natural
image distribution of the turbulent image. GANs provides the flexibility of sampling infinite samples
from the learned distribution by simply feed-forwarding input samples into the network. Hence after
training, using our trained GAN, we can generate large datasets of turbulent images at inference, which
would take few milliseconds to generate a turbulent image on an average GPU enabled device. Hence,
we solve the problem of high computational issues encountered with traditional methods by using GAN.
Additionally, we introduce a novel loss function specifically intended to improve the quality of output
turbulent images. To train the adversarial network, we require a substantial number of turbulent and
non-turbulent image pairs. Since there was no public dataset available for training, we build a dataset
by generating turbulent fields using [65], method. Then we randomly placed the turbulent field onto the
non-turbulent images to generate the corresponding turbulent image. Figure 2.1 illustrates the overall
pipeline of our approach for generating turbulent images. We quantitatively and qualitatively show that
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   (a)                                                                                        (b)

Figure 2.2: (a) and (b) are the samples turbulent images generated by our network. Red boxes show the
magnified patches of the input image and green boxes shows the turbulent patches.

the turbulent images generated by our network are close to natural turbulent images. Figure 2.2 shows
the sample turbulent image generated by our model. These generated turbulent images can be further
used as turbulent datasets in building restoration networks. It also increases the accuracy of various
computer vision algorithms such as classification and semantic segmentation in a turbulent environment.

2.2 Proposed Model

Generative models are widely used for generating samples from a data distribution. GAN is one of
the models among all the generative models. Consider, two differential function generator Gα and Dβ

where α and β are learnable parameters. The generator creates fake samples that are intended to be
closer to the training data distribution. The discriminator is a classifier where it examines whether the
given samples belong to training data distribution or not. The generator tries to generate fake samples
by adjusting its α to fool the discriminator. On the other hand, the discriminator learns to discriminate
between real and fake samples. In this way, the generator and discriminator learn their parameters α
and β. This framework can be viewed as a mini-max game where the generator tries to minimize the
probability of its samples being fake, whereas discriminator tries to maximize it. Formally, we assume
Gα and Dβ to be a deep neural network.

In our problem setting, we train a generative adversarial network that aims to estimate a turbulent
image ÎTR from a non-turbulent image I . Here, ITR is the turbulent image corresponding to a non-
turbulent image I . Our goal is to train a generator Gα with learnable parameter α, which can generate
turbulent images by minimizing loss function and can fool the discriminator Dβ . Here, Dβ is a classi-
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Figure 2.3: Overview of our proposed generative adversarial network. While training the network,
a non-turbulent image I is passed through generator Gα with learnable parameter α which gives the
estimated turbulent image ÎTR. ITR and ÎTR are passed through loss optimization block to minimize
the L1 loss, MS-SSIM loss and adversarial loss between them.

fication network which classifies between estimated non-turbulent turbulent and non-turbulent images
with learnable parameter β. Figure 2.3 shows the overall outline of our proposed network architecture.
In the subsequent subsections, we describe the architecture of our generative adversarial network along
with the new loss function, which is particularly formulated to improve the quality of the turbulent
image generation process.

2.2.1 Network Architecture

The generative adversarial network is divided into two networks: generator and discriminator. Our
generator mainly follows the architecture of U-Net [64]. The architecture of our generator is divided
into two paths: contracting path and expanding path. The contracting path downsamples the input
image into the feature space. It consists of four contracting blocks, where, each block contains two 4×4
convolutional layer of stride 2 and padding 1. Each convolutional layer is followed by a Leaky Rectified
Linear activation unit(LeakyReLU) layer and a batch normalization layer. After, each contracting block,
we double the depth of the feature maps. For each contracting block, we have a corresponding expanding
block in the expanding path. An expanding block contains two 4×4 transpose convolutional layer of
stride 2 and padding 1. Each transpose convolutional layer is followed by a ReLU layer and a batch
normalization layer. Each expanding block concatenates the cropped feature from its contracting block.
The depth of the feature map decreases to half after each contracting block. The activation function of
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the outer most convolution layer in the expanding path is tanh as our input image pixel value ranges
from -1 to 1. The contracting path and expanding path are joined by a bottleneck. The bottleneck
consists of a convolution layer with LeakyReLU as activation and a transpose convolution layer with
ReLu as activation. The discriminator follows the standard architecture of [55] which is used in most of
the GANs architecture.

2.2.2 Loss Functions

Least absolute deviations (L1 loss) is widely used as a loss function for many deep networks. How-
ever, the minimization of L1 loss for generation tasks results in blurry output images lacking in high-
frequency details. Hence, we add adversarial loss to our generator encourages it to produce images that
lie in natural image manifold with sharp textures. We use LS-GAN [46] over vanilla GAN for better
stability and faster convergence. We also use Multi-Scale Structural Similarity (MS-SSIM) loss [85] to
improve the generation of turbulence at the finer level. The final loss function of our generator network
is a weighted linear combination of L1 loss, MS-SSIM loss and adversarial loss which is:

Lgenerator = λ1L1 + λ2LAdverserial + λ3LMS−SSIM (2.1)

Lgenerator=λ1|ITR−Gα(I)|1+λ2[Dβ(Gα(I))−1]2+λ3(1−MS-SSIM(ITR,Gα(I))) (2.2)

where, λ1, λ2 and λ3 are the hyper-parameter of the generator loss function. Similarly, the loss of our
discriminator network would be:

Ldiscriminator = Dβ(Gα(I))
2 + (Dβ(I

TR)− 1)2 (2.3)

2.2.3 Training Description

We train our network end-to-end by following the training methodology from Mao et al. [47] and
Ledig et al. [37]. The dataset consists of 100,000 of turbulent and non-turbulent image pairs for training
and the validation is performed on ImageNet validation dataset. Figure 2.4 shows sample turbulent
images. To optimize our network, we use Adam [31] optimizer with β1 = 0.5 and β2 = 0.999 for
computing running average of gradient and its squares. The value of λ1, λ2, and λ3 were found to be
100, 1, and 5, respectively. We first train our network for 10,000 iterations with a learning rate of 1e− 4

and then decrease the learning rate to 5e − 5 for another 15,000 iterations with a batch size of 16. For
each iteration, the discriminator and the generator are updated only once.

2.3 Experimentation

2.3.1 Evaluation Metrics

To measure the structural and perceptual similarity between the estimated turbulent image and ground-
truth turbulent image, we use Peak-Signal-To-Noise-Ratio (PSNR), Structural Similarity [76] (SSIM)
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         (a) (b)   (c)    (d)

Figure 2.4: (a) and (c) show the sample turbulent images of the training dataset. (b) and (d) shows the
enlarged patches in red boxes.

Methods PSNR SSIM MSE
Encoder-Decoder (L1 loss) [3] 12.1040 0.1071 461.8092

Encoder-Decoder (MSE loss) [3] 14.9994 0.2423 333.6431
CycleGAN [87] 14.0471 0.2803 402.6070

Pix2Pix [28] 17.8422 0.4412 254.0445
Encoder-Decoder with skip connections (L1-loss) [47] 15.4503 0.2905 320.6347

Encoder-Decoder with skip connections (MSE loss) [47] 15.5124 0.2925 318.4140
Ours 18.2321 0.5211 234.9368

Table 2.1: Quantitative results of various turbulence models. Our method outperforms baseline methods
by using the proposed loss function.

and Mean Squared Error (MSE). These evaluation metrics are applied to various generated turbulent
images and ground-truth turbulent images to give a qualitative comparison.

2.3.2 Results

We compare our results of final turbulence generation model with the image-to-image translation
networks: Pix2Pix [28], CycleGAN [87], Encoder-Decoder [3], and Encoder-Decoder with skip con-
nections [47]. Our final turbulence generation model shows significant quantitative improvement over
the other aforementioned methods as shown in Table 2.1. In Table 2.1, we observe that methods with
MSE loss as a loss function give better results on evaluation metrics over the L1 loss. The quantitative
performance of Pix2Pix is better than CycleGAN as Pix2Pix learns from paired images whereas Cycle-
GAN learns from unpaired images, which makes the generation of turbulent images difficult. Qualitative
results of turbulent image generation on ImageNet images by various methods are shown in Figure 2.5.
In Figure 2.5, we infer that CycleGAN and Pix2Pix struggle to generate larger geometrical distortion
compared to our method. Moreover, Pix2Pix suffers from color artifacts which could be seen in Figure
2.5 (column e)(iii)(iv). Encoder-Decoder and Encoder-Decoder with skip connections failed to generate
turbulent images with sharp details. Although encoder-decoder suffers from the checkerboard effect
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     (a)                 (b)             (c)                (d)                (e)                 (f)              (g)
Input Img          ED        ED-Skip     CycleGAN      Pix2Pix         Ours      Turbulent    

           (i)                         (ii)                        (iii)                      (iv)                 

Figure 2.5: Qualitative results of various turbulence models. Row a: Input Img is the non-turbulent
input image to the network. Row b: ED is the Encoder-Decoder network output. Row c: ED-Skip is the
Encoder-Decoder with a skip-connections network output. Row d: CycleGAN network output. Row e:
Pix2Pix network output. Row f: Our network output. Row g: Turbulent is the Ground-truth turbulent
image. (Best view when zoomed)

which is eliminated by skip connections. Table 2.2 shows the comparison between the computational
time taken by Schwartzman et al. [65] and our method to generate atmospheric turbulent images. We
can observe from the table that our approach requires a small fraction of computational time to generate
turbulent images.

2.3.3 Ablation Study

We perform an ablation study on our loss function to show its advantages qualitatively and quanti-
tatively. The ablative study is performed by training our generator architecture individually on L1 loss,
MSE loss, L1 loss + Adversarial Loss, and L1 loss + Adversarial loss + MS-SSIM loss. We use L1 loss
instead of MSE loss as it leads to sharper images. All the networks were trained for 10,000 iterations
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Number of Images 1 100 500 1000
Schwartzman et al. [65] 184.367 197.357 280.472 389.559

Ours 0.018 0.979 5.243 10.646

Table 2.2: Computational resource time comparison between the turbulent image generation methods
on different number of turbulence images to be generated. (All time values reported in seconds.)

Loss Function PSNR SSIM MSE
L1 loss 16.7413 0.3523 293.5724

MSE loss 17.0215 0.3915 273.3178
L1 loss + Adversarial loss 17.5243 0.4215 259.2911

L1 loss + MS-SSIM loss + Adversarial Loss 17.6515 0.4402 256.5432

Table 2.3: Ablation study results of our loss function.

with the learning rate of 1e− 4 and batch size of 16. From Table 2.3, we observe that adding MS-SSIM
loss into the total loss leads to higher PSNR and SSIM which implies that it improves the structural as
well as perceptual information of the generated image. Figure 2.6 shows the qualitative results of the
ablation where we can observe in Figure 2.6(row 5) the output generated by our proposed method looks
more realistic. Although in Figure 2.6(row 4) the output looks more promising when zoomed, it looks
more like a uniform artifact.

2.4 Summary

We proposed a turbulent image generation model by training a deep adversarial network. Unlike
traditional turbulent image generation methods that rely on a statistical model, our approach uses data to
learn the parameters of the generative adversarial network, which transforms a non-turbulent image into
a turbulent image. We proposed a novel loss function that encourages the learning of finer turbulence
fields. To support our claim, we performed extensive ablation studies on the loss function.
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       Input Image                   MSE                           L1                       L1 + Adv           L1+Adv+MS-SSIM     Turbulent Image    

Figure 2.6: Qualitative results of the ablative study on the various loss function. Row 1: Input image
to the network. Row 2: MSE loss output. Row 3: L1 loss output. Row 4: L1 + Adv is the output of
the combined output of L1 loss and adversarial loss. Row 5: L1 + Adv + MS-SSIM is the output of
the combined output of L1 loss, MS-SSIM, and adversarial loss. Row 6: Ground-truth turbulent image.
Red boxes show the zoomed image patch. (Best viewed when zoomed)
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Chapter 3

Removing Turbulence via Deep Adversarial Learning

In this chapter, we address the problem of restoring images degraded due to atmospheric turbulence.
We propose a deep adversarial network to recover the images distorted due to atmospheric turbulence
and show the applicability of restored images in several tasks. To train our models, we synthesized
turbulent images by following a series of efficient 2D operations. After that, using our trained models,
we run inference on real and synthesized turbulent images. Our final restoration models De-Turbulence
Generative Adversarial Networks (DT-GAN+) and De-Turbulence Dense Generative Adversarial Net-
works (DTD-GAN+) qualitatively and quantitatively outperforms the general state-of-the-art image-to-
image translation models. We also perform extensive experiments on restored images by utilizing them
for downstream tasks such as classification, pose estimation, semantic keypoint estimation, and depth
estimation.

3.1 Introduction

Imaging through atmospheric turbulence has been a well-researched subject over the past few decades.
Preliminary works in this topic were focused on astronomical applications [11]. Image restoration from
atmospheric turbulence has tremendous potential applications in long-range video surveillance, defense
systems, and drone imaging. These systems capture images of an object at a distance measured in the or-
der of several kilometers. Slight perturbations in atmospheric conditions can trigger significant changes
in the image’s geometrical and perceptual information. Optical setups used to remove turbulence from
images require huge investments and a high maintenance cost. Leveraging the recent developments in
deep learning, we attempt to solve the problem of restoring images under air turbulence, as shown in
Figure 3.1.

The phenomenon of turbulence [62] occurs when there is a slight perturbation in air pressure, tem-
perature, and gaseous levels in the atmosphere. Near the earth’s surface, temperature change acts as a
major component in atmospheric turbulence. A slight change in temperature can cause random fluctua-
tions in the refractive index along the optical path resulting in the perceptual degradation of the imaged
object. Also, deep atmospheric turbulence introduces geometrical distortion [35] similar to the shearing
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Figure 3.1: Top: An example of image restoration by the network along with magnified image patches of
the turbulent image in red color and restored image in green color. Bottom: Improvement in qualitative
results of restored image over the turbulent image in several computer vision tasks. (Best viewed when
zoomed)

effect, which is unevenly distributed into different parts of the image. These effects are commonly ob-
served in the sandy desert and rocket exhaust. Mathematically, atmospheric turbulence in an image can
be modeled[21] as:

T = HI + ε (3.1)

T is the turbulent image, I is the original image, H is a transformation matrix, and ε includes other
noises like camera sensor noise. From equation 3.1, we can infer 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 results closest to the exact solution.

Neural networks have proven to have sufficient capabilities to approximate [23, 22, 52] complex
non-linear functions. The recent success of deep neural networks have drastically improved the perfor-
mance for image classification [33, 69, 20], object detection [59, 58] and object segmentation [43].These
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Figure 3.2: Conceptual illustration of the overall methodology. Top: Restoration pipeline for the tur-
bulent images. Bottom left to bottom right: Application of restored images indicating improvements in
tasks such as classification, keypoints detection, pose, and depth estimation.

networks are employed for generating natural images using Deep generative networks, such as Gener-
ative Adversarial Network [16, 55], VAE [32, 17], PixelRNN [51] and PixelCNN [74] which involves
mapping from a highly non-linear manifold to another. Among the generative networks, Generative
Adversarial Networks are more successful than other models due to their photo realistic output quality
and applicability in computer vision tasks such as image super-resolution [37], image in-painting [81]
and image-to-image translation [28]. Apart from generating realistic images, deep neural network ar-
chitectures are also capable of manipulating geometric structures. These architectures have been used
in gaze manipulation [15], image matching [61], image registration [9] and spatial transformation [29]
of an image. Hence, utilizing the recent advancements in deep learning, it becomes possible to learn a
mapping from a turbulent image to an original image.

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 [65] to inject atmospheric turbulence into images by a series of efficient 2D
operations.

Our proposed model is an optimized architecture of Li et al. [39], achieved by analyzing the perfor-
mance of the network architecture with various residual blocks along with a modified training strategy,
which experimentally showed better results. We also add channel attention and sub-pixel mechanism to
utilize the information between the channels and learn smaller warps to remove atmospheric turbulence
at the finer level. The restoration model performance is investigated over images having diverse levels of
simulated atmospheric turbulence. Our final model DTD-GAN+ quantitatively and qualitatively outper-
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forms the state-of-the-art general image-to-image translation methods. We also used our final model to
restore images with natural atmospheric turbulence, which were curated from YouTube. These restored
images had impressive image quality, which demonstrates the generalization ability of our model.

In the subsequent sections, we also explain the use of restored images in vision applications such as
semantic keypoints detection, depth estimation, classification, and pose estimation, which outperform
results on turbulent images. Additionally, we demonstrate the performance of restored images among
datasets with various number of classes. Figure 3.2 illustrates the overall methodology. Non-turbulent
and original images terms are used interchangeably to represent the ground-truth images.

3.2 Method

In this section, we describe the proposed model for restoring images degraded due to atmospheric
turbulence. Our proposed deep adversarial network removes the geometric distortions introduced by
atmospheric turbulence and restores the perceptual information lost in an image. In the following sub-
sections, we describe the generator’s architecture of the adversarial network along with the objective
function and improved training methodology.

3.2.1 Channel Attention Blocks

In this subsection, we describe the various architectures of residual structures used in the generator
of the deep adversarial network.

• Residual Blocks: Residual networks perform extremely well on various computer vision tasks
as they efficiently carry forward information deep into the network with the help of residual con-
nections. However, these networks do not focus on the channel relationships within the residual
block. Using the channel attention mechanism of [24], we introduce the channel attention in our
residual architecture, Figure 3.4(d), which adaptively recalibrates the responses of channel re-
lationships by modeling the inter-channel dependencies between the channels. Also, instead of
using Batch Normalization(BN) [27] or Instance Normalization(IN) [73], we used Group Normal-
ization(GN) [78] as it has lower training error on a smaller batch size. In Figure 3.4, we compare
the architectural building blocks of each network from He et al. [20], Li et al. [39], Baseline1,
and DT-GAN.

• Dense Blocks: Recently, densenet [25] has become the state-of-the-art network by giving the
best performance on computer vision tasks like - image classification, etc. We use residual dense
block [84] to construct our Baseline2 by adding the ReLU layer shown in Figure 3.3(b). Adding
the ReLU layer increases the ability of dense residual blocks to learn non-linearity efficiently. We
also add channel attention mechanism to Baseline2 similar to residual blocks, as shown in Figure
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Figure 3.4: Architectural comparison of vary-
ing residual blocks: (a) He et al. [20], (b) Li et
al. [39], (c) Baseline1 (ours), and (d) DT-GAN
(ours).

3.3(c)&(d). We add the channel attention mechanism either before or after the concatenation
to empirically explore our network’s performance. In Figure 3.3, we compare the architectural
blocks of each network from Zhang et al. [84], Baseline2, DTD-GAN(Pre), and DTD-GAN.

3.2.2 Network Architecture

Figure 3.5 shows the generator architecture of our adversarial network, which is further divided
into two sub-networks, namely, WarpNet and ColorNet. WarpNet removes the geometrical distortion
introduced by atmospheric turbulence by learning a warping field, which is then applied to the input
image resulting in a warped image as output. The WarpNet output is blurry and lacks high-frequency
details since one-to-one mapping is not ensured in forward mapping. So, ColorNet is appended after the
WarpNet, which restores the perceptual details of an image lost due to forward warping. The detailed
network architecture of WarpNet and ColorNet, along with the refinement in residual structures, are
discussed below.

WarpNet consists of the Input Convolutional layer, Upsampling Block, 8 Residual Blocks, Down-
sampling Block, and Output Convolutional layer. The Input Convolutional layer projects input image to
feature space, which is then passed to Downsampling Blocks. The Downsampling Block consists of 3
convolutional layers, 3 ReLU layers, and 3 Group Normalization layers. Each Convolutional layer com-
prises of filter size of 4×4 with the stride of 2 and padding 1. The depth of the output channel doubles
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Figure 3.5: The general architecture of the generator for adversarial training. The generator architec-
ture of DT-GAN and DTD-GAN are formed by using the modified residual blocks of Figure 3.4(d)
and 3.3(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.

after each convolution layer. The output of the Downsampling Block is then passed through residual
blocks. The variation in residual blocks is discussed later. The output of residual blocks is then upsam-
pled 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
depth of the output channel decreases from 256 to 32 output channels across the deconvolution layers
in Upsampling Block. At last, we use the output Convolutional layer to get the final warping field. In
our final restoration model, to enable the network to learn smaller geometric distortion, the last warping
field of WarpNet is bi-linearly upsampled twice, as shown in Figure 3.5.

The architecture of ColorNet is slightly different from WarpNet, as ColorNet has skip-connections [64],
which help in recovering information that is lost during downsampling. In our final restoration model,
the Upsampling Block of ColorNet replaces bi-linear interpolation with an efficient sub-pixel convolu-
tional [68] layer enabling the network to learn complex upsampling filters.

We construct Baseline1 using our proposed residual structure in generator architecture, as shown in
Figure 3.4(c). The structure of our residual block is similar to Figure 3.4(b), but our residual block
has group normalization, and the last ReLU layer is omitted out. In our final restoration model DT-
GAN of Baseline1, we use the residual structure as depicted in Figure 3.4(d) with sub-pixel layers
added to generator architecture as shown in Figure 3.5. The dense residual architecture for Baseline2 is
constructed by adding a batch normalization layer to the residual dense block of the generator, as shown
in Figure 3.3(b). The final model of Baseline2 is DTD-GAN, which has a channel attention mechanism
post concatenation layer as shown in Figure 3.3(d). Later in the experiment section, we empirically
show that the post concatenation model is better than the pre concatenation model. We also adopt a
self-ensemble strategy [71] to maximize the performance of our model. The self-ensemble models are
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denoted by adding ′+′ as postfix to the model name, which denotes the use of a self-ensemble strategy
in that model.

3.2.3 Objective Functions

The network’s objective is to estimate the original image I from an image of ID, which is degraded
due to atmospheric turbulence. In order to achieve the same, we train the generator consisting of Warp-
Net (W r

θ ) parameterised by learnable parameters (θ) and ColorNet (Coφ) parameterised by learnable
parameters (φ). While training the network, we tend to minimize the loss between the original image
with generator output and WarpNet output.

The optimization of loss between WarpNet output and original image acts as additional supervision
to the network, which is trained by minimizing the sum of perceptual loss [30] and content loss. The
content loss is formulated by taking the pixel-wise L1 distance between the original image and recon-
structed 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 [69] of the
original and restored image by WarpNet. The overall loss function for WarpNet can be described as:

lWarpNet =

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| (3.2)

where, ψ4,3 is the feature map and w4,3, h4,3 are the dimensions of the feature map of VGG16 at
Conv4 3 layer output. I and Iω are the original and restored image from the WarpNet receptively. The
generator is trained by minimizing the loss between the generator output and the original image. The
loss function consists of a linear combination of content loss, perceptual loss and adversarial loss. The
intuition behind adding adversarial loss into the loss function is to produce images that lie in natural
image manifold. The architecture of discriminator is the same as used for training DCGAN [55]. In-
stead of training discriminator with the sigmoid cross entropy loss function, we adopted least square
loss function [46] 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−Coφ(Iω)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|

(3.3)

ldiscriminator = [Dγ(C
o
φ(I

ω))2 + (Dγ(I)− 1)2] (3.4)

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.
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         Original Image                                         Turbulent Images

Figure 3.6: Sample images from the generated turbulent image dataset via simulation. (Best viewed
when zoomed)

3.3 Experimentation

3.3.1 Dataset

The simulated dataset consists of 400,000 of turbulent and original image pairs which are selected
from 1000 classes of ImageNet for training the restoration network. For validation of the network, all
the images of the ImageNet validation dataset are used for creating a validation dataset consisting of
5995 pairs of turbulent and original images. Figure 3.6 shows a few examples of synthesized samples.
To test our restoration model on natural turbulent images, we constructed a small dataset of images
with natural atmospheric turbulence which were curated from YouTube videos. The YouTube videos
containing atmospheric turbulence were either taken in deep turbulent environments or objects were
recorded at a distance of several km by long-range video cameras.

The application of the restoration model is verified on different computer vision tasks, trained on
various datasets. The restored images for each task are evaluated on three levels of datasets: (a) General
(multiple categories) (b) Categorical (single category) (c) Single object instance (single class instance
within a category) to show the generality of our restoration model. For image classification, a subset
of 100,000 ImageNet images is selected for training and evaluated on 5000 images for the general
classification. In the case of categorical classification, the FGCV [45] dataset is used consisting of 6667
training images of aircraft belonging to 70 categories and validated on 3334 images. For evaluating a
single instance, we randomly choose spitfire class from FGCV datasets as one class and randomly collect
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Pix2Pix [28] CycleGAN [87] Li et al. [39] Baseline1 DT-GAN DT-GAN+ Baseline2 DTD-GAN(pre) DTD-GAN DTD-GAN+

PSNR 17.4403 18.8531 20.4092 21.1302 21.4483 21.8652 21.6801 21.7324 21.8960 22.1382

SSIM 0.4445 0.5392 0.6508 0.6936 0.7076 0.7145 0.7127 0.7134 0.7226 0.7316

MSE 1.4373 1.4549 0.3527 0.3272 0.3168 0.3010 0.3033 0.3019 0.2964 0.2876

Table 3.1: Quantitative analysis of various restoration architecture. Bold text shows the best performing
models consisting of residual block and dense residual block, respectively.

other aircraft images for another class. The training set is comprised of 200 training images and 130
validation images. We use PASCAL3D+ [79] 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 that have semantic keypoint annotation, and
each keypoint is mapped to a 3D CAD model giving pose and depth of the object in 3D space. For
the general case, 15,271 training images are used, and the trained model is validated on 5991 images.
We randomly choose the airplane category of the PASCAL3D+ dataset, which consists of 1244 training
images and 566 validation images. For evaluating improvement in a single instance, all the images from
the propeller sub-class of airplane class are selected.

3.3.2 Training and Implementation Details

The restoration network is trained on 400 thousand pairs of turbulent and original images. For data
augmentation, each image is randomly flipped horizontally and resized, followed by cropping. Also,
each batch is normalized with a mean of 0.5 and a standard deviation of 0.5. The restoration network is
jointly trained end-to-end for 6 epochs with an initial learning rate of 1e − 4 for 3 epochs and the rest
learning rate 5e − 5 with batch size 16. To optimize the network, we use Adam [31] 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, the discriminator and the
generator are updated only once. The additional flow of gradients with respect to WarpNet output acts
as additional supervision to the network resulting in faster training and higher quality of output image.
It took 24 hours to train the entire network on a single Nvidia GeForce GTX 1080 Ti GPU.

3.3.3 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 PSNR, SSIM and MSE. These
image quality metrics are applied to the restored images and non-turbulent images to show a quantitative
comparison of various restoration models.
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Figure 3.7: Qualitative comparison of our methods with other works in the task of image restoration.

3.3.4 Restoration Results

We compare our final restoration models(DT-GAN+, DTD-GAN+) with state-of-the-art image-to-
image translation methods: Pix2Pix [28] and CycleGAN [87] along with Li et al. [39] which is the
best performing model for removing water turbulence in images. The quality of the restored images
is quantitatively analyzed using image quality metrics. Our final model DTD-GAN shows significant
quantitative improvement over the other state-of-the-art-method as shown in Table 3.1. The results are
further improved when the self-ensemble version of our final model i.e DTD-GAN+ is used.

Qualitative restoration results of different restoration models on ImageNet images are visualized in
Figure 3.7 from which we can infer that CycleGAN, Pix2Pix struggle to remove the geometric distor-
tion introduced by atmospheric turbulence. In contrast, our DTD-GAN+ model not only removes the
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Turbulent Image(Real)               Pix2Pix                            CycleGAN                             Li et al.                     DTD-GAN+(Ours)
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Figure 3.8: 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 cu-
rated from YouTube. Column 2: Restored images from Pix2Pix. The restored images highly suffer from
image artifacts and color disparity. Column 3: Restoration by CycleGAN. The restored image struggles
to produce the true color as shown in (b, c). Column 4: Natural turbulent images restored by Li et al.
The restored images have partially elevated the problem of geometrical distortion but suffers from color
artifacts shown in (b, d). Column 5: Restored images by DTD-GAN+. The restored images remove the
geometrical distortion at the finer level shown in (a, b) and produce true color output observed in (b, c,
d). (Best viewed when zoomed)

geometric distortion but also alleviates the artifacts. Another observation can be drawn from Figure 3.7.
Our DT-GAN struggles to remove finer distortion, which is drastically reduced by DTD-GAN.

Figure 3.8 shows the restoration of images having natural atmospheric turbulence. We can observe
Pix2Pix and CycleGAN is unable to remove geometrical distortion caused due to atmospheric turbu-
lence. Moreover, CycleGAN struggles to regain the textural colors of the image. Li et al. [39] removes
the geometrical distortions at courser image level, but, it fails to remove the geometric distortion in
Figure 3.8 (a, b) and color artifacts in Figure 3.8 (b, d) at finer image level. Our best restoration model
DTD-GAN+ can remove the geometric distortion caused by atmospheric turbulence and not suffer from
image artifacts at the finer image level. However, we find the results of Li et al. [39] to be more percep-
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Figure 3.9: Row 1 shows 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 shows its corresponding
restored image over a range of object distance. (Best viewed when zoomed)

tually pleasant in Figure 3.8 (c) than our restored images, but, they fail to maintain the color consistency
when observed at the granular level.

We also perform an ablative investigation on Baseline1 and Baseline2 showing the effects of adding
WarpNet and ColorNet. From Table 3.2, we find that, if the baseline consists of only either WarpNet or
ColorNet, then the restoration performance of these models is inferior compared to baselines consisting
of both WarpNet and ColorNet. This is because of ColorNet alone struggles to remove the geometric
distortion caused by atmospheric turbulence whereas WarpNet finds it difficult to retain the information
lost due to forward warping. Another inference can also be drawn from Table 3.2, the restoration
performance of WarpNet is better than ColorNet as WarpNet restores the structural information of an
image.

27



Baseline1 Baseline2
WarpNet 7 3 3 7 3 3

ColorNet 3 7 3 3 7 3

PSNR 20.943 21.075 21.130 21.730 21.817 21.896
SSIM 0.6761 0.6854 0.6936 0.7051 0.7127 0.7226
MSE 0.3321 0.3292 0.3272 0.2984 0.2977 0.2964

Table 3.2: Ablation investigation of WarpNet and ColorNet. We observe in Baseline1 and Baseline2,
the joint model consisting of WarpNet and ColorNet performs the best which is indicated in bold.

Baseline1 Baseline2
Channel Attention 7 7 3 3 7 7 3 3

Sub-Pixel Mechanism 7 3 7 3 7 3 7 3

PSNR 21.130 21.293 21.405 21.448 21.681 21.730 21.840 21.896
SSIM 0.6936 0.7014 0.7057 0.7076 0.7156 0.7206 0.7217 0.7226
MSE 0.3272 0.3217 0.3173 0.3168 0.3033 0.2997 0.2989 0.2964

Table 3.3: Effects in the performance of the baselines by adding channel attention and sub-pixel mech-
anisms to the baselines. Bold entries indicate the best performing model achieved by attaching both.

3.3.5 Effects of Channel-Attention and Sub-Pixel Mechanism

In this subsection, we show the improvement in restoration obtained by adding channel attention
and sub-pixel mechanism in our Baseline1 and Baseline2. From Table 3.3, we observe that there is a
significant decrease in the performance of Baseline1 and Baseline2 without the addition of these mod-
ules. This is because of the channel attention and sub-pixel mechanisms that improve the learning of
inter-channel dependency and remove atmospheric turbulence at the finer level. In Table 3.3, we show
the contribution of an individual module in efficiently improving the performance of baselines. We ob-
serve a more noticeable improvement in Baseline1 than Baseline2 because dense residual blocks already
carry forward the lower-level information, which reduces the combined effect of channel-attention and
sub-pixel mechanism.

3.3.6 Analysis of Varying Distance and Structure Constant on Restoration

The major cause in atmospheric changes that introduces turbulence into the images are: a) Distance
from an object, b) refractive fluctuation of an environment is characterized by structure constant C2

n. In
Figure 3.9(Row 1), we can see that our model is able to recover images at various strength ofC2

n ranging
from 3e − 13m−2/3 to 1e − 12m−2/3 at 2km 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 3.9(Row 1).
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Figure 3.10: Columns wise: (a) and (e) are the input images to the network. (b) and (f) is the output
heatmaps of the hourglass network overlapped on the input image. (c) and (g) is the CAD models
projected on the input image. (d) and (h) is 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)

Another factor that controls the atmospheric turbulence is the distance, analyzed in Figure 3.9(Row
2), showing that our restoration model can recover images at a distance ranging from 2−10Km keeping
the C2

n to be 3e − 13m−2/3. We can also see in Figure 3.9(Row 2) that our model struggles to restore
turbulent images at a distance of 10Km as the image degradation due to atmospheric turbulence is very
high.

3.4 Application

This section shows the improvement in image classification, keypoint detection, pose, and depth
estimation tasks using restored images. The restoration model’s performance in improving a task is
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Classification Accuracy

ResNet-18

Original
(%)

Turbulent
(%)

Pix2Pix [28]
(%)

CycleGAN [87]
(%)

Lietal. [39]
(%)

BaseL1
(%)

DT-GAN
(%)

DT-GAN+
(%)

BaseL2
(%)

DTD-GAN
(%)

DTD-GAN+
(%)

General 52.68 35.02 23.46 35.12 36.88 44.58 44.96 45.66 45.11 45.46 45.81

Categorical 67.53 27.48 26.74 28.03 32.52 39.75 40.91 42.78 40.39 41.58 42.94

Instance 91.53 77.69 76.15 79.23 80.77 83.08 84.62 87.69 85.38 86.92 88.46

View Point Estimation Error

Convex Optimization Framework

Original
(degrees)

Turbulent
(degrees)

Pix2Pix [28]
(degrees)

CycleGAN [87]
(degrees)

Lietal. [39]
(degrees)

BaseL1
(degrees)

DT-GAN
(degrees)

DT-GAN+
(degrees)

BaseL2
(degrees)

DTD-GAN
(degrees)

DTD-GAN+
(degrees)

General 11.231 25.351 29.032 28.931 25.457 25.035 23.573 23.201 22.734 22.470 22.392

Categorical 9.671 16.365 22.233 21.011 16.715 15.801 14.792 14.519 15.598 14.717 14.223

Instance 11.445 27.124 31.391 29.732 25.567 23.541 18.082 17.814 20.122 17.668 16.962

Keypoints Estimation Error

Stacked Hourglass Network

Original
(relative
error)

Turbulent
(relative
error)

Pix2Pix [28]
(relative
error)

CycleGAN [87]
(relative er-
ror)

Lietal. [39]
(relative
error)

BaseL1
(relative
error)

DT-GAN
(relative
error)

DT-GAN+
(relative
error)

BaseL2
(relative
error)

DTD-GAN
(relative
error)

DTD-GAN+
(relative
error)

General 0.000 341.249 366.657 352.945 338.374 324.316 323.075 321.157 323.624 322.168 319.894

Categorical 0.000 282.992 321.212 309.814 261.586 250.732 245.653 240.454 246.189 242.166 239.284

Instance 0.000 311.657 342.543 322.674 308.890 291.728 270.969 264.787 281.664 262.594 256.561

Table 3.4: 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. BaseL1 and BaseL2 are abbreviated form of Baseline1 and
Baseline2.

evaluated by training a task-specific model with non-turbulent images and validating the performance
of the model by turbulent, restored, and original image sets.

For image classification task, we train a ResNet-18 [20] model. From Table 3.4, we can observe
that across all the validation datasets, there is a more than 10% increase in classification accuracy for
the restored images by DTD-GAN+ over turbulent images. Restored images by Pix2Pix suffered from
images artifacts which results in lower classification accuracy than turbulent images.

Stacked Hourglass Network [50] is trained for correctly estimating semantic keypoints in an image
degraded due to atmospheric turbulence. The evaluation process is performed by taking the absolute
square difference of output heatmaps containing probable keypoints area generated by non-turbulent
and turbulent or restored images, relative to the heatmaps predicted by non-turbulent images. In Figure
3.10(column 2 and column 6), we can observe that the restored images by DTD-GAN+ can detect
all the semantic keypoints left undetected by the network for turbulent images. Quantitatively, there
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is more than a 5% decrease in the relative error for the restored images by DTD-GAN+ compared to
turbulent images, as shown in Table 3.4. Restored images by CycleGAN and Pix2Pix have higher
keypoint estimation errors than turbulent images as they are unable to remove geometrical distortion
from the turbulent images completely. Moreover, the restored images suffer from image artifacts during
reconstruction.

We use the methodology of Pavlakos et al. [53] 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
keypoints of a 2D image predicted by hourglass network and then employing these correspondences in
a convex optimization framework which estimates the shape and pose of an object in the 2D image. For
measuring the view estimation error between the poses, geodesic distance is used between an estimated
pose, P1, and ground truth pose, P2, which is as follows:

δ(P1, P2) =
|| log(P T1 P2)||F√

2
(3.5)

where, F denotes the Frobenius norm.
Quantitatively, results shown in Table 3.4 indicate that across all the datasets, there is more than 11%

decrease in median viewpoint estimation error on restored images over turbulent images. However,
the restored images by Pix2Pix and CycleGAN suffer from image artifacts that cause difficulties in
identifying semantic keypoints, resulting in higher viewpoint estimation error than turbulent images. In
Figure 3.10(column 3-4 and column 7-8), we can visualize that pose and depth estimation of restored
images by DTD-GAN+ are close to non-turbulent images. Inferring from all the above experiments, we
show qualitatively and quantitatively the restoration model’s application in improving computer vision
tasks.

3.5 Summary

In this chapter, we propose a deep adversarial network to remove atmospheric turbulence. Com-
pared to the traditional restoration methods, our model neither utilizes any prior knowledge about the
turbulence field, nor does it combines multiple images to generate the restored image at test time. Our
proposed restoration architecture achieves state-of-the-art performance by surpassing the general image-
to-image translation models. To train our model, we simulate a large dataset and show its generalization
by testing 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 vari-
ous tasks such as image classification, semantic keypoints detection, pose and depth estimation which
shows quantitatively and qualitatively the applicability of our restoration model in improving 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 size of the dataset.
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Chapter 4

Improving Segmentation in Atmospheric Turbulence

In this chapter, we focus on the problem of the semantic segmentation model in adapting to hot
climate cities. We propose a framework that improves the performance of semantic segmentation models
without explicitly creating an annotated dataset for such adverse weather variations. The framework
consists of two parts, a restoration network to remove the geometrical distortions caused by hot weather
and an adaptive segmentation network trained on an additional loss to adapt to the statistics of the
ground-truth segmentation map. Our framework showed a total IoU gain of 12.707 on the Cityscapes
dataset over standard segmentation models.

4.1 Introduction

In computer vision literature, understanding the semantics of the scene is achieved by semantic
segmentation. Formally, we define semantic segmentation as a method of classifying each pixel into its
object category. Cityscapes [7] is one of the widely used datasets for training semantic segmentation
models in autonomous navigation-based settings. The images of Cityscapes have been captured from
road scenes from different Germany cities, which have relatively colder and clear weather. Now, for
instance, if we train a semantic segmentation model on the Cityscapes dataset and deploy it in places
having extremely hot weather conditions such as Dubai, then the trained model finds hard to keep its
optimal performance and give poor segmentation results, as shown in Figure 4.1(c) (even though the
roads may look similar). This phenomenon happens due to the geometrical distortion caused by hot
weather into the input image shown in Figure 4.1(a). Hence, it becomes necessary for us to ponder upon
the problem of adapting semantic segmentation models in such weather variations due to the change
in geographical location. This condition, especially variations caused by hot weather, is also referred
to as atmospheric turbulence [89] as it affects the atmospheric parameters such as the refractive index
between an object and a camera. The problem of semantic segmentation model to generalize for hot
weather can be bypassed by collected data, especially in such weather conditions, and training a model
on the collected images. However, collecting and annotating images for such atmospheric conditions is
extremely tedious, which is time-consuming and very expensive.
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  (d) Ours
(c) DeepLab V3 

(b) Turbulent Image
(a) Natural Turbulent Image  

Figure 4.1: (a) Natural atmospheric turbulent images curated from the internet. The zoomed patches
show the geometrical distortion caused by atmospheric turbulence. (b) A simulated atmospheric turbu-
lent image of the Cityscapes dataset. (c)-(d) Performance of DeepLabV3 [6] and our proposed method
on the turbulent image.

In this chapter, we propose a solution to improve semantic segmentation model performance in hot
weather without explicitly creating an annotated dataset. The proposed framework consists of two net-
works: Restoration network and Segmentation network. The restoration network is specifically intended
to minimize the geometrical distortion caused by atmospheric turbulence in an image. We could have
used existing machine learning methods [56, 80] for restoring images from atmospheric turbulence.
But, these methods suffer from two significant limitations: (i) none of the methods works for single im-
age restoration, and (ii) considerable variation in an atmospheric parameter cannot be handled by these
methods. To overcome these issues, we trained our restoration model on a large scale dataset, having
images with varying atmospheric parameters for better generalization. At inference time, the trained
restoration network can perform single image restoration. The architecture of our restoration network
is adapted from the widely used image-to-image translation network [28]. Additionally, we introduce
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Figure 4.2: Overview of our framework: Our restoration network Gθ takes the input turbulent images
It and gives the restored images Ir. To train the parameters of restoration network θ, a linear com-
bination of losses is minimized between the restored and non-turbulent images. The restored images
are further fed into the segmentation network Sβ1, which predicts the segmentation colormap Cr. The
parameters of segmentation network β1 is trained by calculating multi-class cross-entropy loss between
Cr and ground-truth segmentation colormap Cgt. Additionally, we take the logarithm of CORAL loss
between Cr and the predicted segmentation colormap C, which acts as an additional loss to train β1.
The segmentation colormap C is obtained by passing non-turbulent images I into pre-trained segmen-
tation network Sβ2, with fixed parameters β2.

Channel Attentive Multi-Scale Residual Block (CA-MSRB), which learns local multi-scale features and
the inter-dependencies between residual channels using an attention mechanism.

The restored images obtained from the restoration network are passed to the segmentation network.
The segmentation network consists of a DeepLabV3 [6] model, which is trained on multi-class cross-
entropy loss between segmentation colormap of the restored image and ground-truth segmentation col-
ormap. To make our semantic segmentation model more adaptive to the turbulent environment, we
additionally use CORAL loss [70] between the reconstructed image segmentation colormap and the
non-turbulent image segmentation colormap got from pre-trained DeepLabV3 model. By using the ad-
ditional loss, there is further improvement in segmentation results, and the domain gap between restored
and non-turbulent segmentation colormap reduces. Our method shows significant improvement in seg-
mentation results on the Cityscapes dataset, particularly for small classes (Figure 4.1) like poles, person,
and, rider which are essential and valuable classes in autonomous navigation.

4.2 Our Approach

In this section, we describe the formalization of our proposed restoration model, followed by an
improved segmentation model. The formalization of our restoration framework begins with a dataset
consisting of turbulent images It = {Iit : i = 1...n} and their corresponding non-turbulent images
I = {Ii : i = 1...n}, where Ii ∈ RN×M and n is the total number of samples in the dataset. Then,
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Figure 4.3: (a) Shows network architecture of our restoration network. The network takes the turbulent
image and outputs the corresponding restored image. In the 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. (b) Architectural
details of proposed Channel Attentive Multi-Scale Residual Block (CA-MSRB) used in the restoration
network.

Iit is passed through the restoration network Gθ having learnable parameters θ. The output of Gθ is the
restored image Iir of corresponding turbulent image Iit . The loss between Iir and Ii is used to train the
restoration network parameters. After the restoration of turbulent images, we pass the restored images to
the segmentation framework. The segmentation framework consists of two input heads. The first input
head takes the restored image Iir, which is passed through trainable semantic segmentation network Sβ1
with trainable parameters β1. Another input head takes the corresponding non-turbulent image Ii of Iir,
which is passed through a pre-trained network Sβ2 with fixed parameters β2. Thereafter, we minimize
the second-order statistics between the predicted segmentation map Cir of Sβ1 and Ci of Sβ2 which
makes the Cir to adapt the domain statistics of Ci. Figure 4.2 shows an overview of our approach.
In subsequent subsections, we describe our restoration and segmentation networks emphasizing the
architectural details and losses used in training the network.

4.2.1 Restoration Network

The architecture of our restoration network is motivated by, Ledig et al. [37] and Li et al. [39] with
some significant architectural changes for better adaptation to our problem, which is discussed below in
detail along with the loss functions.

Network Architecture: Our restoration network architecture consists of an input convolutional
layer, upsampling block, Channel Attentive Multi-Scale Residual Block (CA-MSRB), downsampling
block, and output convolutional layer. The input image is projected via input convolutional layer to fea-
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ture space and then passed to the downsampling blocks. The downsampling blocks are comprised of 3
Group Normalization layer [78], 3 ReLU layer, and 3 convolutional layers. We perform Group Normal-
ization rather than other normalization techniques as it gives lower training loss on smaller batch sizes.
The configuration of each convolutional layer has a filter size of 4×4 with padding 1 and stride 2. In the
downsampling block, the number of features doubles after each convolutional layer. The downsampled
features obtained from the downsampled block are passed through 8 CA-MSRB blocks.

The architecture of CA-MSRB is inspired by Hu et al. [24] and Li et al. [38]. The CA-MSRB con-
sists of three parts: multi-scale atmospheric distortion learning, channel attention, and local residual
learning. The multi-scale atmospheric distortion learning comprises two bypass networks with convo-
lutional kernel sizes of 5× 5 and 3× 3. The information between bypass networks is shared to facilitate
the learning of atmospheric distortion at multiple scales. A 1 × 1 convolutional layer fuses the output
of the bypass networks. After fusion, we apply channel attention on the output of a 1 × 1 convolu-
tional layer to capture channel-wise inter-dependencies. After that, the learned weights are used to scale
channel features learned by the 1 × 1 convolutional layer. At last, we perform local residual learning
by adding input of CA-MSRB block to the channel attention output, so that the atmospheric distortion
learned from the previous layers is effectively passed deeper into the network. Figure 4.3(b) shows the
architectural details of a CA-MSRB.

The downsampled features obtained are upscaled via upsampling block. The upsampling block’s
architecture is similar to downsampling blocks, instead of the convolutional layer, it uses transpose
convolution to upsample the features. The number of output features decreases from 256 to 32 across
the upsampling block. Finally, we use the output convolutional layer to get the final warping field,
which contains the flow movement of pixels displaced from its original position due to atmospheric
turbulence. The field is warped bi-linearly applied to the input image to get the restored image and also
add skip-connection [64] to our restoration network to recover information lost during downsampling.

Restoration Loss Function: Our restoration network can be trained only on L1 loss (content loss),
however, it results in overly smooth output images. To overcome this problem, we train our restoration
network by minimizing a loss function consisting of a linear combination of content loss, perceptual
loss [30], and adversarial loss [16]. Perceptual loss is used to add perceptually relevant characteristics
into the output image. This loss is calculated by taking the L1 distance between the restored and
non-turbulent images feature representation of Conv4 3 of VGG16 [69]. Lastly, we add adversarial
loss to our loss function, so that, the output image lies in the natural image manifold. Our restoration
network Gθ is used as the generator for our adversarial training. The architecture of the discriminator
is adopted from DCGAN [55]. Also, we use spectral normalization [48] which stabilizes the training of
discriminator networks. We use least-square loss function [46] in training the network which results in
high-quality output image generation. The overall loss function of our restoration or generator network
is:

lgen = λ1||I −Gθ(It)||1 + λ2[Dβ(Gθ(It))− 1]2 + λ3||ψ4,3(I)− ψ4,3(Gθ(It))||1 (4.1)
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where, ψ4,3 is the feature map of VGG16 at Conv4 3 layer output and λ1, λ2, and λ2 are hyper-
parameters that empirically estimated during training the network.The loss for discriminator is formu-
lated as:

ldisc = [Dβ(Gθ(It))
2 + (Dβ(I)− 1)2] (4.2)

also, we apply spectral normalization on each layer of discriminator, so that ||Dβ||Lip ≤ 1.

4.2.2 Segmentation Network

The restored images Iir obtained as output from the restoration network are passed into Sβ1. The
output of Sβ1 network is Cir = Sβ1(I

i
r), which is the predicted colormap of restored image. The

parameters β1 of Sβ1 is trained by using multi-class cross-entropy loss function. Ideally, our predicted
colormap of restored images Cir from Sβ1 should be equal to Ci = Sβ2(I

i), the predicted colormap of
non-turbulent image on pre-trained network. Hence, we use CORAL [70] as an additional loss function
to further minimize the gap between Cir and Ci. CORAL loss is widely used in domain adaptation to
match the second-order statistics of source and target distribution. In this problem, Cir can be considered
as a sample from the source domain andCi sample from the target domain. We took natural logarithm of
the output of CORAL loss for better stability. The overall segmentation loss function can be formulated
as:

Ls = lcross−entopy(C
i
r, C

i
gt) + γlcoral(C

i
r, Ci) (4.3)

where, Cigt is the ground-truth segmentation colormap of input image Ii and γ is the hyper-parameter
of Ls. For all our semantic segmentation experimentation, we use DeepLabV3 [6] as our semantic
segmentation network to get predicted colormap of an image.

4.3 Experimentation

4.3.1 Experimental Settings

Dataset: Turbulent images can be simulated by using computer graphics [19]. But, these methods
use high computational power for rendering. So, we use a physics-based method [65], which efficiently
renders turbulent images by following a few simple 2D operations. We use pixel-level Cityscapes dataset
to create our turbulent dataset, which was used in the experiments of our proposed framework. The
synthesized dataset consists of 2975 training image pairs and 500 validation image pairs of turbulent
and non-turbulent image pairs. We follow the evaluation method for semantic segmentation used in
the Cityscapes dataset, where 19 semantic labels were used for evaluation without the void labels.
Implementation Details: We train our restoration network on the Cityscapes training image pairs of
turbulent and non-turbulent images. The restoration network was trained for 15 epochs with a learning
rate of 1e−4 and batch size 8. For another 10 epochs, the restoration network was trained for a learning
rate of 1e − 5. We use Adam [31] as the network optimizer with beta1 = 0.5 and beta2 = 0.999 for
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Method PSNR SSIM MS-SSIM MSE

CycleGAN [87] 22.3450 0.6597 0.9010 203.6862
Pix2Pix [28] 25.1881 0.7934 0.9563 146.6870
UNet [64] 25.9149 0.8042 0.9611 134.6829
Li et al. [39] 26.1525 0.8095 0.9631 131.7664
Ours 26.6137 0.8120 0.9655 125.7047

Table 4.1: Quantitative comparison of our restoration model with state-of-the-art image-to-image trans-
lation models. All the models were trained on the Cityscapes dataset. We can observe that our model
outperforms the other general image-to-image translation models over all the image quality metrics.

         Turbulent Image                              CycleGAN                                       UNet                                          Pix2Pix                                       Li et al.                                         Ours                              Non-Turbulent Image

Figure 4.4: Qualitative comparison of our restoration network with other general image-to-image trans-
lation methods.

computing, running average of gradients and its squares. The value of λ1, λ2, and λ3 in equation 4.1
are empirically found to be 100, 1 and 5, respectively. To train all the segmentation models, we largely
employ the training protocol followed in DeepLabV3 [6]. The value of γ in equation 4.3 is empirically
found to be 0.002.

Evaluation Metrics: We measure the structural and perceptual quality between images by Peak
Signal-to-Noise-Ratio (PSNR), Structural Similarity (SSIM) [76], and Mean Square Error (MSE). Ad-
ditionally, we use Multi-Scale Structural Similarity (MS-SSIM) [77] to measure the structural similarity
between images at various resolutions. For semantic segmentation tasks, we use Intersection over Union
(IoU) [7], which is a common evaluation metric among semantic segmentation methods.

4.3.2 Experimental Results

We compare our image restoration results with CycleGAN [87], Pix2Pix [28], UNet [64] and Li
et al. [39] on Cityscapes test dataset. Table 4.1 and Figure 4.4 shows the qualitative and quantitative
comparison of our model output with the other model. From the qualitative results observed in Figure
4.4, we notice that our model removes geometrical distortion caused by atmospheric turbulence as well
as recovers the perceptual information. We can also see CycleGAN and Pix2Pix struggle to remove the
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Method Dataset road swalk build. wall fence pole tlight sign veg. terrain sky person rider car truck bus train mbike bicycle mIoU

DeepLabV3 [6] Non-
Turbulent

97.34 82.94 91.24 65.36 69.53 41.58 56.01 66.03 89.47 70.63 91.57 74.94 58.68 91.20 81.71 86.89 88.19 66.89 68.99 75.746

DeepLabV3 [6] Turbulent 94.22 66.13 71.98 25.77 18.27 23.14 30.39 37.51 71.15 46.99 86.87 44.06 15.43 64.26 32.93 47.57 19.79 15.65 29.41 44.291

DeepLabV3 [6] Restored 95.07 69.5 81.65 26.92 26.59 32.04 39.21 42.42 85.07 53.47 87.94 58.03 36.45 85.47 54.61 64.03 24.21 33.79 48.65 55.006

MMD-DLV3 Restored 95.24 69.12 83.43 29.56 28.29 31.24 38.04 44.23 85.56 53.57 87.42 56.27 38.86 86.03 54.65 64.78 23.96 32.61 50.11 55.419

Coral-DLV3 Restored 95.25 69.30 82.92 29.17 26.04 31.61 39.80 44.63 85.79 53.79 87.99 57.76 38.28 85.95 55.96 63.79 26.45 33.82 50.75 55.739

Joint Coral-DLV3 Restored 95.76 71.81 83.86 30.72 30.55 33.28 39.29 43.59 86.06 55.19 88.61 60.73 39.21 87.41 54.54 63.09 30.02 36.41 52.79 57.011

IoU Gain 1.54 5.68 11.88 4.95 12.28 10.15 8.90 6.08 14.92 8.20 1.74 16.67 23.78 23.15 21.61 15.53 10.23 20.76 23.39 12.707

Table 4.2: Quantitative comparison of various semantic segmentation methods on the Cityscapes
dataset. We compare the performance of DeepLabV3 on non-turbulent, turbulent, and restored (out-
put images from our restoration method) dataset of Cityscapes. We see significant gain in IoU by using
the restored images over turbulent images. The performance is further improved by using the Joint
Coral-DLV3 model, which is a DeeplabV3 network jointly trained on CORAL loss and multi-class
cross-entropy. We compare our Joint Coral-DLV3 model with MMD-DLV3 and Coral-DLV3, which
are the DeepLabV3 model trained on MMD and CORAL as a loss function, respectively. Finally, we
show the IoU gain by the Joint Coral-DLV3 method on restored images over the DeepLabV3 model
trained on turbulent images.

geometrical distortion caused by turbulence. However, UNet and Liet al. [39] eliminate the geometrical
distortions to some extent but suffers from overly-smooth textures and color artifacts.

Table 4.2 shows the semantic segmentation results on non-turbulent, turbulent, and restored im-
ages of the Cityscapes validation dataset. MMD-DLV3 is the DeepLabV3 model trained on Maximum
Mean Discrepancy (MMD) [44, 18] as a loss function. In the experiments, we used linear time MMD
with a linear kernel. Coral-DLV3 and Joint Coral-DLV3 are the DeepLabV3 model trained on only
CORAL and jointly by CORAL and multi-class cross-entropy as the loss function, respectively. From
Table 4.2, we notice that the segmentation performance of the MMD-DLV3 was marginally inferior to
Coral-DLV3, which shows that CORAL loss is better able to adapt the statistics of the ground-truth
segmentation map.

We can observe our Joint Coral-DLV3 model on restored images making a total IoU gain of 12.707
over the results of the DeepLabV3, which is trained and validated on turbulent images. We also observe
that the IoU gain is significant in classes such as bicycle, person, car, rider, and fence, which are more
important and valuable classes than other classes like, sky for self-driving cars. Joint Coral-DLV3 gives
a marginal improvement over individually training the network on CORAL loss or multi-class cross-
entropy, which can be seen in Table 4.2. Figure 4.5 shows the semantic segmentation result of our
model and DeepLabV3. We can notice that in the segmentation colormap, small object classes such as
poles and pedestrians are segmented out using our model on restored images.
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Figure 4.5: Shows the qualitative comparison of semantic segmentation results between DeepLabV3
and Joint Coral-DLV3. Row 1: The input turbulent image passed into the segmentation network. Row
2: Ground-truth segmentation colormap of the corresponding input image. Row 3&4: Predicted
segmentation colormap by DeepLabV3 and its corresponding segmentation error from ground-truth.
Row 5&6: Predicted segmentation colormap by Joint Coral-DLV3 and its corresponding segmentation
error from ground-truth.

4.3.3 Ablation Study

We perform our first ablation study on our restoration model by demonstrating the effectiveness of
our residual block CA-MSRB, which is split into MSRB and channel attention block for ablative study.
Additionally, we also show the effectiveness of spectral normalization in the discriminator. We train
all our models on the Cityscapes dataset for 10 epochs. The ablation investigation on the effects of
using spectral normalization, MSRB, and channel attention block is shown in Table 4.3. We find that
using MSRB of residual block improves the quality of output, which shows the advantage of multi-scale
learning in MSRB. Then, we use CA-MSRB by combining MSRB and channel attention block showing
further improvement. Lastly, we include the spectral normalization technique into our discriminator
network and CA-MSRB into the restoration model resulting in the best combination for the restoration
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Multi-scale residual block 7 7 3 7 3 3 7 3

Spectral Normalization 7 3 7 7 3 7 3 3

Channel Attention 7 7 7 3 7 3 3 3

PSNR 20.1793 20.5455 21.7452 21.2314 22.0432 21.9523 21.8170 22.1411

SSIM 0.5765 0.5935 0.6319 0.6153 0.6495 0.6487 0.6473 0.6517

MS-SSIM 0.8057 0.8317 0.8759 0.8592 0.8889 0.8861 0.8836 0.8910

MSE 258.592 247.758 223.105 239.311 217.121 219.653 220.897 214.686

Table 4.3: Ablation investigation of multi-scale residual block, spectral normalization, and channel
attention on our proposed restoration network. We find that combining all three components gave the
best performance on all the image quality metrics. In the ablative investigation, we train all the models
for 10 epochs.

Loss PSNR SSIM MS-SSIM MSE

lcon 18.438 0.4226 0.7312 299.024

lcon + ladv 24.245 0.7725 0.9404 153.970

lcon + ladv + lper 25.914 0.8042 0.9611 134.682

Table 4.4: Shows the performance of our restoration network, when trained on different components of
lgen. We can see by removing perceptual loss and adversarial loss from lgen, there is a drastic decrease in
the restoration performance observed in the all image quality metric, whereas, the addition of perceptual
loss to lgen improves the restoration marginally. lcon, ladv, and lper are the content loss, adversarial loss,
and perceptual loss respectively.

model. We also show the effect of varying structure constant (Cn2) [12] on semantic segmentation.
Cn2 is an important parameter for atmospheric turbulence, which measures the atmospheric refractive
index and directly depends on atmospheric temperature. To get a wide variety of turbulent images, we
change the Cn2 while stimulating turbulent images using [65] method. Figure 4.6 shows the semantic
segmentation results by Joint Coral-DLV3. We observe that as the value of Cn2 increases, it becomes
difficult to segment smaller classes such as poles.

Loss Function: We perform an ablative study on the loss function lgen (equation 4.1), which is used
to train our restoration network. We train all our models for 15 epochs with a learning rate of 1e− 4 on
the Cityscapes dataset. Table 4.4 shows the performance of our restoration model when it is trained on
different loss components of lgen. We find that removing adversarial loss from lgen drastically reduces
the performance of the restoration network. Whereas, the addition of perceptual loss in lgen gives a
marginal improvement in the restoration. We also show the effectiveness of using a natural logarithm
on the CORAL loss, a loss component of the joint segmentation loss (equation 4.3). lcoral (CORAL loss
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Figure 4.6: Semantic segmentation output of turbulent images on varying structure constant C2
n. We can

observe that there is a small degradation in the segmentation performance as the value of C2
n increases.

(Best viewed when zoomed.)

component in equation 4.3) is the natural logarithm of CORAL loss. The idea for applying a logarithm
on top of the CORAL loss was to handle the overshooting values of CORAL loss, which made the
training of the segmentation network more stable. From Table 4.5, we see a marginal improvement in
segmentation results on the Cityscapes dataset by using lcoral.

mIoU vs Structure Constant: Structure Constant C2
n [12] is an important parameter to measure

the atmospheric turbulence as it is directly proportional to the atmospheric temperature. Hot cities like
Dubai normally have C2

n values which are in the order of 10−14m−2/3 which increases to 10−13m−2/3

in extremely hot days. Hence, to show the effect of increasing C2
n on our segmentation model, we vary

the value of C2
n from 3e − 14m−2/3 to 9e − 14m−2/3 and show segmentation result at different C2

n.
Figure 4.8 shows the mIoU for turbulent and restored images on Munster city frames present in the
Cityscapes dataset. We can see, as the value of C2

n increases the mIoU for turbulent and restored images
decreases. Figure 4.9 shows the qualitative analysis on different values of C2

n.
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Figure 4.7: Shows the simulated turbulent images of the Cityscapes dataset. The green boxes show the
enlarged patches of the turbulent image. It is evident that the linear structure of objects such as poles is
lost due to the geometrical distortion caused by atmospheric turbulence.

Loss mIoU

Coral Loss 56.831

lcoral 57.011

Table 4.5: Improvement in segmentation results by applying logarithm to the CORAL loss component
of joint segmentation loss (equation 3). lcoral is the natural logarithm of CORAL loss.

Channel Attentive Multi-scale Residual Block: Next, we perform an ablation study on our pro-
posed CA-MSRB block. The CA-MSRB block consists of channel-attention, the interconnection be-
tween the convolution layers, and has multi-scale convolutional layers. Table 4.6 shows the performance
of each component of CA-MSRB.

4.4 Performance on Small and Important Objects

Small classes of the Cityscapes dataset, such as poles, traffic lights, or person, are severely affected by
atmospheric turbulence, as shown in Figure 4.7. The reason behind such cause is that small objects like
poles lose their linear shape and become geometrically distorted, whereas, for large classes like sky and
road, the impact of turbulence is not so prominent. These small classes are much more importance [5]
when trained semantic segmentation models are applied to the autonomous driving system. For instance,
rider or person class as these classes are more vulnerable and valuable than the sky in the case of self-
driving cars. Hence, by using our proposed framework, we analyze the improvement in segmentation
accuracy for the small objects grouped according to their importance. Table 4.7 shows the improvement
in semantic segmentation accuracy for small object categories of Joint Coral-DLV3, compared against
DeepLabV3.
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Figure 4.8: mIoU vs structure constant(C2
n). Comparison of the performance of the semantic seg-

mentation model on the set of turbulent and restored images of Cityscapes. The plot shows that the
performance of DeepLabV3 on turbulent images and Joint Coral-DLV3 on restored images decreases as
the turbulence in the environment increases, measured by C2

n.

Channel Attention Inter-connection Multi-scale PSNR SSIM MS-SSIM MSE

7 7 7 20.9341 0.6013 0.8477 244.04

7 7 3 21.6617 0.6249 0.8615 235.33

7 3 3 22.0432 0.6495 0.8889 217.12

3 3 3 22.1411 0.6517 0.8910 214.68

Table 4.6: Ablation of our proposed CA-MSRB block. We empirically find that combining all the
component gave the best performance

4.5 Summary

We propose a semantic segmentation framework that adapts to hot weather conditions and gives im-
proved segmentation results over standard semantic segmentation network. Our framework circumvents
the painstaking tasks of semantic annotation on turbulent images. The proposed framework works in two
stages. In the first stage, we propose a restoration network specifically intended to remove geometrical
distortion from turbulent images. Additionally, to improve the performance of our restoration network,
we propose CA-MSRB block, which learns local residual at multi-scale along with inter-dependencies
between the residual channels. In the next stage, the restored images were passed through an adaptive
semantic segmentation model to give segmentation colormap. The segmentation results showed by our
framework gave a significant improvement in small classes such as poles, person, and rider, which are
more important and valuable classes for autonomous applications. Our work opens the possibility of

44



   Structure Constant = 3e - 14m-⅔            Structure Constant = 5e - 14m-⅔           Structure Constant = 7e - 14m-⅔            Structure Constant = 9e - 14m-⅔  

   Turbulent Patch          Segmentation Colormap    Turbulent Patch          Segmentation Colormap   Turbulent Patch          Segmentation Colormap   Turbulent Patch          Segmentation Colormap

   Restored  Patch         Segmentation Colormap    Restored  Patch         Segmentation Colormap   Restored  Patch          Segmentation Colormap   Restored  Patch          Segmentation Colormap

        (a)                          (b)                         (c)

Figure 4.9: The figure shows the segmentation results on the restored and turbulent image at different
values of structure constant C2

n. We can notice as the value of C2
n increases. The segmentation results

start to degrade (observe the segmentation result of the white signboard in the magnified patch). (a)
Turbulent images at different values of C2

n. (b) Magnified turbulent image patch (red box) and its
corresponding segmentation colormap by DeepLabV3. (c) Restored image patch and corresponding
segmentation colormap obtained from our framework.

Group 2 Group 3 Group 4
Method pole tlight tsign person rider mbike bicycle mIoU
DeepLabV3 [6] 23.14 30.39 37.51 44.06 15.43 15.65 29.41 27.941
Joint Coral-DLV3 33.28 39.29 43.59 60.73 39.21 36.41 52.79 43.614
IoU Gain 10.15 8.90 6.08 16.67 23.78 20.76 23.39 15.675

Table 4.7: Shows the segmentation improvement for the small object classes, which are grouped accord-
ing to their importance [5] in the autonomous navigation system. The classes become more valuable
with the increase in the group number.

improving semantic segmentation in other weather conditions such as rain, snow, and fog, which could
be the next possible extension of this work.
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Chapter 5

Spatial Feedback Learning in Hot Weather

In this chapter, we propose a semantic feedback learning approach, which improves the task of se-
mantic segmentation, giving a feedback response to the restoration network. This response works as
an attend and fix mechanism by focusing on those areas of an image where restoration needs improve-
ment. We also proposed loss functions: Iterative Focal Loss (iFL) and Class-Balanced Iterative Focal
Loss (CB-iFL), which are specifically designed to improve the feedback network’s performance. These
losses focus more on those samples that are continuously miss-classified over successive iterations. Our
approach gives a gain of 17.41 mIoU over the standard segmentation model, including the additional
increase of 1.9 mIoU with CB-iFL on the Cityscapes dataset.

5.1 Introduction

Standard image datasets such as ImageNet [10], Cityscapes [7], and IDD [75] are often taken in
a clear and well-illuminated environment. However, real-world images often suffer from variations
in weather conditions such as rain, fog, snow, and temperature. Computer vision models trained on
standard datasets to perform tasks such as segmentation, detection, and classification often struggle
to overcome performance degradation when tested on such real-world images with weather variations.
Hence, to overcome such problems, restoration networks [86, 14, 42, 57] can be added before the vision
models, to minimize the domain shift caused by different weather conditions to improve performance.

In this work, we focus on improving the semantic segmentation model’s performance in hot weather
conditions, such as in certain areas of the Middle East, Africa, Asia, or even other places. We choose
semantic segmentation because it is highly sensitive to a slight domain shift due to dense labeling and
its wide application in autonomous driving systems. Hot weather conditions also termed atmospheric
turbulence [89], introducing geometrical distortions into images, leading to incorrect perceptions of con-
cepts and erroneous semantic segmentation. We address this problem by adding a restoration network
before the semantic segmentation model removes the geometrical distortions. The problem with such
a two-stage framework is that the restoration network does not directly learn from the semantic seg-
mentation network’s errors. In other words, the restoration model is not task-aware. To overcome this
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problem, we introduce a feedback module that uses the information obtained from image regions with
incorrect segmentation predictions while training the restoration network. The additional information
through the feedback module helps the restoration network focus on image regions where restoration
needs to be improved, thus resulting in better segmentation. We repeat this process for several iterations
to refine the final result. In summary, the feedback module provides the restoration network with an
attend-and-fix mechanism through which it progressively improves the segmentation results. Previously
used loss functions [40] in feedback frameworks gave constant weights to all samples in an iteration
and did not focus on those that are consistently misclassified across training iterations. This can, how-
ever, be achieved by using the idea of focal loss [41], which gives more focus on highly misclassified
samples and less focus on well-classified samples. In this work, we hence propose Iterative Focal Loss
(iFL) that progressively focuses on those samples that are consistently misclassified over the iterations.
Also, to handle class imbalance, we propose Class-Balanced Iterative Focal Loss (CB-iFL). We per-
form extensive experiments on the Cityscapes dataset showing the efficacy of our feedback module and
loss functions. Our ablation study shows that our feedback can remove noisy predictions and improve
the semantic segmentation in atmospheric turbulence. We also demonstrate that our method can cor-
rectly segment classes occupying small areas such as ‘rider’ and ‘poles’, which are important classes
for autonomous driving systems. In summary, our key contributions are:

5.2 Semantic Feedback Learning: Methodology

5.2.1 Problem Formulation

We begin our formulation with a set of turbulent images: IT = {IiT : i = 1, 2, . . . , n} and a corre-
sponding non-turbulent image set: INT = {IiNT : i = 1, 2, . . . , n} and semantic segmentation annota-
tion set: IS = {IiS : i = 1, 2, . . . , n}, where n is the total number of images. Our network architecture
consists of three modules: a restoration network R, a semantic segmentation network S, and a feedback
network F . The restoration network R follows an encoder-decoder architecture, and hence is further
divided into an encoder Re and a decoder Rd, which outputs the restored image IiR. The restored im-
age is provided as input to the segmentation module S, whose output is in turn input to the feedback
module F . This is summarized in Figure 5.1. Consider an input turbulent image IiT , which is passed
through Re giving the latent representation hi of the input image. hi is further decoded by Rd to give
the corresponding restored image IiR. The restoration process can be formalized as:

hi = Re(I
i
T ) and IiR = Rd(h

i) (5.1)

IiR is then passed into the semantic segmentation network S to give semantic segmentation output ÎiS .

47



SRe Rd

✱α F

Restoration Network Segmentation Network

Turbulent Image ( IiT ) Restored Image ( IitR )

IitF

Feedback Network

            Îit
S       I

i
S

            Îit-1
S       I

i
S

            Îit-2
S       I

i
S

  Abs ✱

Feedback Input (IitF)

 Iit-1
R  Iit-1

SP 

 Iit-2
SP  Iit

F 

Figure 5.1: Semantic feedback learning framework: Our architecture consists of 3 networks: a
restoration network R, a segmentation network S, and a feedback network F . An input image IiT is
passed through encoder Re of R, whose output is modified by F for better restoration in areas where
outputs of S in a previous iteration were incorrect. The modified output of Re is then passed through
Rd to give IitR , at iteration t. IitR is further passed into S to give ÎitS and IitSP . The feedback input IitF
given to F is the absolute difference of Iit−1

SP and Iit−2

SP , which is multiplied to Iit−1

R to focus on regions
where restoration needs to be improved.

5.2.2 Semantic Feedback Learning

We now explain the semantic feedback learning framework, where the semantic feedback informa-
tion from S is passed on to the restoration network. The restoration task can be formulated as a recurrent
process. It learns to fix the mistakes of its previous output by leveraging the difference of output prob-
ability response map of S. This probability response map acts as a spatial attention mechanism for the
restoration network enabling it to focus on regions that need to be restored. Now, we introduce the
notion of feedback into our framework. We denote the current training iteration as t. The hidden output
of Re is then given by hit, when IiT is given as the input turbulent image at the tth iteration. Similarly,
IitR and ÎitS denote the restored image and segmentation output, respectively, at iteration t. Now, to lever-
age the previous restored image Iit−1

R and its previous consecutive probability response map: Iit−1

SP and
I
it−2

SP , we propose a feedback network F to introduce feedback information into the hidden representa-
tion hit . We now explain how the above inputs are combined to provide a feedback input to the network
F . Firstly, we take the absolute difference between Iit−1

SP and Iit−2

SP , which gives us a weighted region,
where regions with higher weights need to have better restoration. This information is subsequently
merged with the previous restored image via element-wise multiplication. Our formulations at time t
can hence be written as:

Feedback Input : IitF = I
it−1

R � (abs(Iit−1

SP − I
it−2

SP )) (5.2)

Restoration Network : hit = Re(I
i
T ) + α(F (IitF )) (5.3)
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IitR = Rd(h
it) (5.4)

Segmentation Network : IitSP = S(IitR) (5.5)

ÎitS = argmax(IitSP ) (5.6)

where α controls the amount of feedback given to the network. Figure 5.1 also shows the visual pipeline
of our overall framework described above.

5.2.3 Iterative Focal Loss

Since it was proposed, Focal loss (FL) [41] is widely used as a loss function in object detection.
This loss reduces the relative loss for well-classified examples and focuses on hard examples that help
improve learning. Formally, the focal loss is defined as:

FL(pj) = −δ(1− pj)γ log(pj) (5.7)

where pj is the model’s estimated probability of being in class j, γ is the focusing parameter, and δ
is a scalar for balancing the loss. Now, in Equation 5.7, we change the γ to an iteration-dependent
monotonically increasing function, γ(t). This shows that as the iteration t increases, the value of γ(t)
also increases. This will result in more focus on those examples that are misclassified across consecutive
iterations. We include this iterative Focal Loss (iFL) in our feedback framework, and this is formally
defined as:

iFL(pj) = −δ(1− pj)γ(t)log(pj) (5.8)

To further address class imbalance issues (which are common in semantic segmentation datasets), we
use a recent idea proposed by Cui et al. [8], which suggests normalizing the loss in a manner based on
the sample density of each class. We hence propose a Class-Balanced Iterative Focal Loss (CB-iFL),
which is given as below:

CB - iFL(pj) = −
1− β

1− βmj
(1− pj)γ(t)log(pj) (5.9)

where β is a smoothing factor, and mj is the class frequency of class j. The additional multiplicative
term in CB-iFL forces the network to focus as much on small classes such as ‘rider’ as on large classes
such as ‘sky’. This is useful in scenarios, especially when an important class (rider in this case) occupies
less area in an image than others. In the next subsequent sections, we perform extensive experiments to
show the effectiveness of our proposed feedback framework and losses.

5.3 Experiments

5.3.1 Experimental Setup

Dataset:We use a physics-based method proposed by Schwartzman et al. [65] to generate atmo-
spheric turbulent images. This method efficiently injects atmospheric turbulence into images by a series
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of 2D image transformations. Using the above method, we synthesized an image dataset consisting of
2975 training image pairs and 500 validation image pairs. Each image pair consists of a turbulent image
and a corresponding non-turbulent image from the Cityscapes [7] dataset. Each non-turbulent image has
a semantic segmentation label map that divides the image into 19 semantic labels, excluding the void
labels.

Network Details: Our restoration framework consists of a UNet [64], which predicts the warping
field. The warping field is then bi-linearly applied on the input turbulent image to remove the geomet-
rical distortions. We use ERFNet [63] as our semantic segmentation network because of its small size
and efficacy, which makes the entire framework end-to-end trainable. The feedback network consists of
2 average pooling layers, 2 convolutional layers, 2 batch normalization [27] layers, and a ReLU layer.
The average pooling layers are at the start and end of the network. The middle layers consist of a
convolutional layer followed by a batch normalization layer and a ReLU layer as an activation layer.

Training Details: We train our restoration network with L1 loss and the segmentation network is
trained on our proposed loss function CB-iFL. The learning rates for R, F and S are 2e − 4, 2e − 4

and 5e − 4 respectively, with Adam [31] as the optimizer. The learning rate of R and F decays by a
factor of 0.5 at every 30 epochs and for S, the learning rate decays by a factor of 0.99 at every epoch.
For feedback inputs, at iteration t = 1, Ii1R and Ii1SP are computed by feeding zero tensors into F . At
t = 2, Iit−2

SP = Ii0SP , we feed Iit−2

SP as Ii1SP into F. The focusing parameter γ(t) for iFL was chosen to be:
γ(t) = {0, if t = 1; 0.1t, if t > 1}.

Baselines: We used UNet and ERFNet for the restoration and segmentation networks respectively,
each of which is simpler architectures than those used in Rai et al. [57]. These chosen architectures for
this work occupy only 16.9% of the parameters in Rai et al. [57], thus making it easier for end-to-end
training, and improve the performance on their work, despite this reduction in parameters. The work
of Rai et al. [57] with these architectures was chosen as the baseline for a fair comparison. Now, we
use the feedback method proposed by Zamir et al. [83] and Shama et al. [67] in our framework, to
compare the performance with our proposed feedback method. We train all the feedback framework for
3 iterations(t) for fair comparison.

5.3.2 Results

Sanity Check: We perform two experiments to check whether our feedback framework provides
useful feedback information into the restoration network. In the first experiment, we pass as input into
F an image whose pixel values are randomly sampled from a normal distribution having mean 0 and
standard deviation 1. In the second experiment, the input image into F is the image obtained from the
multiplication of Iit−1

R and normally distributed image having the same statistics of experiment 1. The
results obtained from the first and second experiments have mIoUs of 45.03 and 51.29, respectively -
which is far less than our method. This helped us infer that our restoration network indeed benefited
from the semantic feedback given into the network, which was better than randomly feeding input.
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Figure 5.2: Qualitative Results: Visual comparison of segmentation outputs when feedback and non-
feedback methods are applied to an input turbulent image. We can observe that our proposed feedback
framework correctly segments finer structures such as poles and signs.

Result Discussion: We compare our proposed feedback method with previously proposed feedback
methods Zamir et al. [83] and Shama et al. [67] and non-feedback methods Rai et al. [57], which is
also the current state-of-the-art for semantic segmentation in atmospheric turbulence shown in Table
5.1. Using the feedback model of Zamir et al. [83] and Shama et al. [67] into our framework did
not provide adequate semantic feedback information into the restoration network, which resulted in
reduced performance when compared with our method. Our method can correctly segment even small
classes such as ‘poles’, ‘traffic signs’ as shown in Figure 5.2. This encouraged us to analyze further the
improvement in those classes that are most important for an autonomous driving system that belongs to
Group 4, according to Chen et al. [5]. Table 5.2 shows that our method gives a significant improvement
of 23.56 mIoU for Group 4 classes over ERFNet itself. Our proposed loss function iFL and CB-iFL
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Method road swalk build. wall fence pole tlight sign veg. terrain sky person rider car truck bus train mbike bicycle mIoU

ERFNet [63] (NT.) 97.55 81.52 91.34 54.56 54.21 60.15 63.53 72.68 91.49 63.97 93.24 77.14 56.33 92.98 68.73 77.43 60.10 43.45 68.87 72.067

ERFNet [63] 94.12 65.17 81.84 14.43 20.13 27.01 10.66 31.67 84.28 50.13 87.80 44.44 13.21 82.39 24.85 14.93 12.29 7.42 36.77 42.291

Rai et al. [57] 94.81 68.72 85.37 35.49 32.07 35.34 33.17 44.46 86.71 52.37 89.89 57.30 26.98 86.71 43.33 46.70 29.26 13.56 50.59 53.306

Zamir et al. [83] 95.43 69.79 85.24 36.01 33.04 34.98 33.47 46.24 86.59 53.56 89.91 57.34 31.30 85.53 52.97 55.01 31.78 17.35 51.10 55.086

Shama et al. [67] 95.19 69.43 85.49 37.11 37.12 34.33 35.51 45.77 86.68 54.63 90.04 57.45 32.64 86.94 52.36 56.90 39.40 18.80 51.02 56.147

Ours 95.99 71.24 85.69 42.76 35.34 39.54 35.74 47.20 86.95 54.97 90.22 57.82 30.34 87.44 53.83 57.72 42.58 23.33 52.74 57.446

Ours (iFL) 95.85 71.24 85.99 44.14 32.95 36.34 35.41 48.15 86.97 53.57 90.22 58.94 35.28 87.30 52.55 60.79 51.26 19.57 51.69 57.801

Ours (CB-iFL) 96.27 72.59 85.80 44.30 35.03 40.99 38.31 50.86 86.87 55.97 90.12 60.04 35.14 88.01 59.46 67.50 48.43 24.16 54.62 59.709

Table 5.1: Classwise semantic segmentation results of various methods on the Cityscapes dataset. Our
proposed feedback method outperforms other methods with and without feedback modules. We train all
the feedback models for 3 iterations(t). NT. shows the method is trained and validated on non-turbulent
dataset whereas all other methods are trained and validated on turbulent dataset. Best results are in bold.

Classes ERFNet [63] Ours IoU Gain
Person 44.44 60.04 15.60
Rider 13.21 35.14 21.93
Car 82.39 88.01 05.62
Truck 24.85 59.46 34.61
Bus 14.93 67.50 52.57
Motorcycle 07.42 24.16 16.74
Bicycle 36.77 54.62 17.85
mIoU 32.001 55.561 23.560

Table 5.2: mIoU gain in important classes:
Segmentation performance improvement in Group
4 [5] classes, which are the most important for
the autonomous driving system using our feedback
restoration method.

Loss mIoU
Cross-Entropy Loss (CE Loss) 57.45
CE Loss + Li et al. [40] 57.53
Ours (iFL) 57.80
Weighted CE Loss 59.11
Ours (CB-iFL) 59.71

Table 5.3: Performance comparison of loss
functions for feedback networks: We train all
losses on our feedback framework. Our proposed
iFL and CB-iFL outperforms prior losses for the
feedback framework.

further improve our framework’s performance shown in Table 5.3 and Figure 5.3. The key advantage we
get from using our loss function is that it progressively improves the segmentation results via feedback
network by increasing focus on those pixels that are continuously misclassified, unlike giving a constant
weight to all the pixels at every iteration as proposed in Li et al. [40]. We train our feedback framework
over a range of iterations(1-7) and validate the mIoU at each iteration, as shown in Figure 5.5. We find
the optimal performance at 3rd iteration, after which performance saturates for higher iterations with
slightly lower mIoU. Similarly, we tune α over a range of values, shown in Figure 5.6. We empirically
find the optimal performance at α = 0.001. Now, to visually analyze the performance of our feedback
framework across the iterations, we show the semantic segmentation results for 3 iterations in Figure 5.4.
The improvement in semantic segmentation across iterations by removing the false segmentation output
shows its efficacy.

Ablation Study: To show the effectiveness of our semantic feedback learning, we choose Rai et
al. [57] as our baseline, and run multiple studies. Method 1: Train the baseline for twice the number
of epochs. Method 2: Doubled the size of the hidden representation of the restoration network in
the baseline. Method 3: Double the size of the segmentation network in the baseline. Method 4:
Combine Methods 2 and 3. Method 5: Combined Methods 1-3. Our method is adding only semantic
feedback with a single iteration into the baseline in these experiments. Table 5.7 shows the resultant
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Figure 5.4: Contribution of semantic feedback:
We can observe that in example (a), our feedback
module progressively improves the segmentation
results, whereas, in (b), it tries to remove the false
segmentation output.

mIoU of all setups, among which our feedback method performs the best. To provide further insight
into our feedback module and demonstrate how the feedback response improves semantic segmentation
in atmospheric turbulence, we visualize the feedback response in the form of a response map and show
the improvement in semantic segmentation over the iteration. Both examples in Figure 5.8 show that
as the number of iterations increases, some regions with the high response in response map decreases,
reflecting improvement in semantic segmentation in those areas. We also perform an analysis between
the feedback input and the mIoU of the semantic segmentation network.

Feedback Input I
it−1

R I
it−1

SP − I
it−2

SP C(I
it−1

R , I
it−1

SP − I
it−2

SP ) M(I
it−1

R , I
it−1

SP − I
it−2

SP ) M(I
it−1

R , abs(I
it−1

SP − I
it−2

SP ))

mIoU 56.57 56.91 57.16 57.30 57.45

Table 5.4: Feedback Input Analysis: mIoU over various feedback inputs. We find that the multipli-
cation of previously restored image with the absolute difference of output segmentation probabilities
performs better than concatenation. M and C denote the multiplication and concatenation of inputs.

We show how the appropriate semantic input to the feedback network improves its performance.
Table 5.4 shows that the performance of the feedback network in restoring turbulent images. We find
that the multiplication of previously restored image Iit−1

R with the absolute difference of output semantic
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Figure 5.8: Feedback response visualization: We
visualize input response given to the feedback net-
work which improves the segmentation across the
iteration. Also, the feedback response improves the
segmentation results with correct prediction across
the iterations.
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Figure 5.9: Shows various feedback architecture and its mIoU used in feedback framework. Conv. and
C represent a convolutional layer with C output channels. AvgPool and K is an average pooling layer
with kernel size K. BN stands for Batch normalization.

segmentation probability prediction abs(Iit−1

SP − I
it−2

SP ) gives better mIoU over concatenation. Also, we
can observe individually Iit−1

R or Iit−1

SP − I
it−2

SP do not give adequate input to the feedback network. We
propose 3 feedback architectures: M1,M2, andM3, which takes the feedback input and adds its output
in the restoration network. Among all the models, M3 performed the best because it gradually averages
the feature by adding average pooling layers at the head and tail of the feedback network instead of
adding only an average pooling at the tail of the network showed in M1 and M2. We also observe
that adding a ReLU layer before average pooling in M2 reduces the performance of the network as it
increases sparsity in the output due to which sufficient feedback information is not passed.

5.4 Summary

In this work, we demonstrated semantic feedback learning ability to improve semantic segmentation
models in hot weather conditions. We propose a feedback framework that consists of a restoration
network, a segmentation network, and a feedback network. The feedback network gives a feedback
response to the restoration network, which attends those areas and fixes regions that need to be restored.
We further boosted the performance of our model by new loss functions: iFL and CB-iFL. We proved
the effectiveness of our proposed feedback model and losses through extensive experiments and ablation
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studies. Our work unlocks doors for further potential application of the feedback mechanism in other
weather conditions such as snow, rain, and fog.
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Chapter 6

Conclusions and Future Directions

In this thesis, we proposed methods designed to improve the performance of computer vision models
in hot weather conditions, also known as atmospheric turbulence. We began our dissertation with an
inverse problem of generating atmospheric turbulence. Unlike the traditional turbulent image generation
methods that rely on a statistical model, we used a data-driven approach to learn the generative network’s
parameters that transform a non-turbulent image into a turbulent image.

Next, we proposed a deep adversarial network to remove atmospheric turbulence. Compared to the
traditional restoration methods, our model neither utilizes any prior knowledge about the turbulence
field nor combines multiple images to generate the restored image at test time. Our proposed restoration
architecture achieves state-of-the-art performance by surpassing the general image-to-image translation
models. We use the restored images in various tasks such as image classification, semantic keypoints
detection, pose, and depth estimation to see the performance gain over the turbulent image.

Further, we specifically chose to improve semantic segmentation in hot weather because of its broad
applicability in autonomous navigation systems. Our restoration framework circumvents the painstaking
tasks of semantic annotation on turbulent images. The proposed framework worked in two stages. In
the first stage, we proposed a restoration network specifically intended to remove geometrical distortion
from turbulent images. Additionally, to improve our restoration network’s performance, we introduced a
CA-MSRB block, which learns local residuals at multi-scale and interdependencies between the residual
channels. In the next stage, the restored images were passed through an adaptive semantic segmentation
model to give segmentation colormap. The segmentation results showed by our framework gave a
significant improvement in small classes such as poles, person, and rider, which are more important and
valuable classes for autonomous applications. Further, we proposed a feedback framework that consists
of a restoration network, a segmentation network, and a feedback network. The feedback network gives
a feedback response to the restoration network, which attends those areas and fixes regions that needed
restoration. We further boosted the performance of our model by new loss functions: iFL and CB-iFL.

Our work unlocks doors for further potential application of the proposed frameworks in other weather
conditions such as snow, rain, and fog. Mainly, the feedback mechanism’s application has not been
applied in the contexts designed for improving computer vision model performance in other weather
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conditions. Another future direction for the current work is to consider restoring images in all weather
conditions as a holistic problem, which could be addressed by multi-source domain adaptation kind of
settings.
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