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1 OVERVIEW

Advanced driver assistance systems (ADAS) and their application in autonomous vehicles are
evolving day by day. One of the main factors in focus is the availability of real-world or realistic
datasets for training the deep-learning autonomous driving models. The quality, quantity and
diversity of these datasets are important while training, testing, and validating deep learning
models. Training any model corresponding to different conditions is a big challenge, as it is
difficult to have a dataset that includes multiple geographies, weather conditions, surroundings,
and road conditions.

According to the RAND Corporation report?, autonomous vehicles must be driven billions of miles
for reliability in terms of safety and security, so it requires almost 10 years to collect all the
necessary datasets. This manual driving approach to collect datasets would also require a
workforce and proper sensor configurations, which will eventually be expensive. Simulators like
CARLA? can reduce the reality gap and generate huge trainable datasets, but the rendered
scenarios appear unrealistic compared to real-world scenarios. Deep neural networks can help
us generate realistic data specific to the ADAS applications under consideration.

Our proposed system is based on Generative Adversarial Networks (GANs), which use Semantic
Region-Adaptive Normalization (SEAN)® based Image Generator. The article explores the
possibilities of generating semantic inputs for GANs. It also explores pre-processing of sematic
inputs and post-processing for generator outputs using Image processing. We propose an
evaluation metric that can reduce human intervention. It also employs ideas from existing video
synthesis solutions®,>.

The Video-to-video synthesis® method takes semantic labels as input and produces higher-quality
photorealistic videos by considering previous frames and flow maps. It uses a cascaded approach
to generate higher-quality outputs. Common issues of long-term temporal coherence has been
addressed in our solution taking cues from world-consistent video-to-video synthesis[4]. This
approach solves long-term temporal coherence problems by taking Spatially Adaptive
Normalization (SPADE). Adding depth’ and guidance image along with semantic® and flow inputs
further refines output.

1 https://www.rand.org/pubs/research_reports/RR1478.html|
2 https.//scholar.uwindsor.ca/etd/8305/

3 https://arxiv.org/abs/1911.12861

4 https://arxiv.org/abs/2007.08509

> https.//arxiv.org/abs/1808.06601

6 https://arxiv.org/abs/1910.12713

7 https://arxiv.org/abs/2007.08854

8 https.//arxiv.org/abs/1911.10194
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Based on approaches from previous works, their advantages and limitations, we propose a novel
approach which suggests fusion of Generative Adversarial Neural Network, Deep Learning, and
Image processing. The proposed system aims to build an environment that will provide a one-
stop solution for different Al (Artificial Intelligence) rendering, scenario generation and future
video prediction. We also propose various possibilities® through which an end-user can generate
realistic data from our system. For the testing of generated outputs, we have taken evaluation
scores based on Fréchet Inception Distance (FID)'° and Kanade-Lucas-Tomasi (KLT)! scores to
reduce human intervention.

The organization of this report is as follows: Chapter 2 includes a survey, Chapter 3 includes
proposals and contributions, Chapter 4 includes methodology, and Chapter 5 includes results and
conclusions.

2 MOTIVATION

2.1  SURVEY

Research was conducted previously for image-to-image translation!?,3,'4, Video-to-video
synthesis aspects have also been explored in the recent past [4]-[6], but have not been observed
to be highly effective. Our work aims to explore the different possibilities from an end-user
perspective of the application. It also aims to improve the performance of the latest work done
in this area to develop a system that can help in the faster development of advanced driver
assistance systems (ADAS).

K. K. Patel [2] explores the possibilities of reducing the reality gap in autonomous vehicles
development, for which simulator-based environments are used to generate multiple scenarios
of different environments. CARLAY, an open-source simulation environment for autonomous
driving research, aims to support the development, training, and validation of various
autonomous driving modes.

S https://arxiv.org/abs/1609.01326

10 https.//arxiv.org/abs/1706.08500

11 https.//ieeexplore.ieee.org/document/323794
12 https://arxiv.org/abs/1711.11585

13 https.//arxiv.org/abs/1903.07291

14 https://arxiv.org/abs/1611.07004

15 https.//arxiv.org/abs/1711.03938
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Figure 2-1: Different environmental conditions clockwise from top-left daylight, rain scene, sunlight,
evening. [15]

CARLA provides different layouts and modes related to buildings, vehicles, and urban layouts,
which is quite useful as it is an open-source platform without any cost. The simulation
environment is user-friendly, and documentation integrating various sensors, environmental
conditions, static and dynamic parameters control, scenario, and map generation are readily
available at CARLA's official website and blogs [15].

Figure 2-1 shows scenes corresponding to environmental conditions e.g., daylight, rainy seasons,
just after rain (sunny) and evening scenes. The limitations of generating datasets with this
approach are that it tends to generate a not very realistic game-like environment. However, it
does help in reducing the reality gap to an extent. One of the features we will use from CARLA is
to generate inputs corresponding to our proposed system.

Figure 2-2: Depth and segmentation output from CARLA simulator. [15]

Figure 2-2 describes the different sensors (RGB (Red, Green, Blue), Depth) and their outputs
corresponding to a scenario, which will help us create a user-centric approach to generate inputs
to our proposed model.

6 January 2024
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Video-to-video synthesis proposed by T. C. Wang et al. [5] discusses an approach using
Generative Adversarial Networks (GANs)!®. The study employs sequential generator architecture
to achieve spatial-temporal coherence. It converts input-segmented video to realistic video. For
lower-resolution images, inputs are previously generated output frames and semantic images.
The label maps are combined to form intermediate high-level features that are processed from
various residual blocks, as shown in Figure 2-3. It applies similar residual-based processing for the
previous images. Then, after combining intermediate layers, it is again processed by two different
residual networks, which gives an output as the intermediate image, the mask, and the flow map.

Residual blocks Residual blocks
—- =~
Semantic Intermediate
maps . image
Residual blocks Residual blocks
s o ] s —"=

Previous Flow map
images : Mask

Figure 2-3: Architecture for low resolution outputs. [5]

As explained earlier, it uses similar configurations above the low-resolution network for higher-
resolution results. It first down-samples the inputs and feeds them into the low-resolution

network.
ST
G:‘ i
i

G;

] Residual blocks

4

Figure 2-4: Architecture for high resolution outputs G1 corresponds to lower architecture network and
G2 corresponds to higher resolution network. [5]

16 https://arxiv.org/abs/1406.2661
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Then, it integrates with the intermediate feature layer and extracts features from the last feature
layer. These integrated features are then processed with various residual blocks to provide
higher-resolution images. This approach was the first of its kind of detailed approach to video-
to-video translation problems. The limitation of this approach is that it fails to solve issues like
long-term temporal consistency, different Al rendering, and user perspective solutions.

World-Consistent Video-to-Video Synthesis proposed by A. Mallya, T. C. Wang et al. [4] discuss a
new video synthesis framework that uses all previously generated frames. This is done by
projecting structure from motion of all the previous frames to the existing frame. It uses a
generator that corresponds to SPADE architecture and a discriminator that is like that of video-
to-video synthesis [5].

Label /Flow Embedding Metwork Image Encoder Segmentation Encoder
- | N )

[ Comdx3lin, 16) | | Can3x3(6, 32) | [ Linear(16°16, 128*16°16) |

[ Convaesite, 32, stride=2) fdu | SPADE Rl:'slﬁll-c{lii?. 64) | [ SPADE ResBIk{1024, 1024) , Upsample(2]} |
| Convand| 32 lE|-1 stride=21 I | sPaDE F'-EsEEIk(E-d. 128) | [ SPADE Fh:sUIkilEl24.11EI24] . Upsample(2] |
| Comdx3(64, 128, stride=2) f—oq— | SPADE ResBlk{128, 256} |

| Conv3x3(128, l255. stride=2) |__ | SPADE ResBIk(256, 512) |

I Convix31256, 512, stride=2) |__ | SPADE ResBlk(512, 1024) |

[ ConvTransposedx3(512, 256, stride=2) | | SPADE ResBik{1024, 102¢) |

[
| ConvTranspose3x3(256, 128, stride=2) I

1
| ConvTransposeSxd( 126, 64, stride=2) J'

[ SPADE ResBlk(1024, 1024) |

| SPADE ResBl(1024, 1024) |

h. "y

|
| ConvTranspose3=3(64, 32, stride=2) ]——

I
| ConvTranspese3x3(32, 16, stride=2) ]__

- /

Figure 2-5: Architecture of label/flow embedding, image and segmentation used in world-consistent
video-to-video synthesis. [4]

The overall network architecture consists of Label Embedding, Flow Embedding, an Image
Encoder, and an Image Generator, as given in Figure 2-5 and Figure 2-6, respectively. Label
encoding uses an encoder-decoder style to embed input labels to distinctive features, which acts
as one of the inputs to Multi SPADE in the Image generator. Flow Embedding deals with optical
flow outputs of the previous frame, that is fed through the Multi SPADE block of Image
generators. Image and Segmentation generators encode Image and segmented frames,
respectively. The image encoder uses previously generated frames, while the segmentation
encoder uses first-frame semantics. This helps to generate inputs for the Image Generator.
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Flow Label Image Generator

amb, ek

| M-SPADE ResBIk{1024, 1024), Upsample(2}

M-SPADE ResBlk{1024, 512), Upsample(2)

I

M-5PADE ResBIk[512, 256) l_lpaamplr.[z}

M-SPADE ResBIk(256, 128), Upsample(2)

M-SPADE ResBIk{128, 64), Upsample(2)

I

M-SPADE ResBlk(6d, 32]. Upsample(2)

I

Convixd[32, 31, Tanh

|

Figure 2-6: Architecture of generator used in world-consistent video-to-video synthesis. [4]

Image Generator, as shown in Figure 2-7, consists of Multi SPADE Residual blocks that input
Guidance Images, Masks, Flow, and Label Embedding.

Flew Latsl ; Floa Lakel :
. A i M-SPADE ResBlk (in, out . emb. p—y Multi-5PADE

Mudsi-5PADE

LeakyRelL{0.2) [kl etk i

huhi-SPALE +
Camdedin = out)

] I
i 1

1 i

] I

: LeakyfeLU(0.2) ||

Muki-SPADE ! i

v | Comndxd{in x aut) :

] I

i

Figure 2-7: Architecture of multi SPADE residual block used in
world-consistent video-to-video synthesis. [4]
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The Multi SPADE residual block is explained in detail in Figure 2.7. Each block is subdivided into
multiple SPADE Residual blocks (3 in this case).

A. Mallya et al. [4] significantly improves spatial and temporal consistency, but it lacks various
user perspective applications, scenario generation and different Al rendering aspects.

High-Resolution Image Synthesis and Semantic Manipulation with Conditional GANs proposed by
T. C. Wang et al. [12] present an image-to-image translation method that uses a conditional GAN-
based approach to generate high-resolution, realistic images from semantic labels. This study
helps understand various scenario-changing possibilities, high-quality outputs, and an interactive
environment, which would be helpful from the user's perspective. It uses instance and label
mapping both as input to get sharper as well as easily distinguisable outputs.

Image generation &
network G

Instance-wise average pooling

-

5

Feature encoder network F

Figure 2-8: Instance as well as label used for encoding. [12]

We will use a similar approach for our video synthesis approach, along with previous work on
video-to-video synthesis.

Park et.al. [13] proposed a method also known as GauGAN, which shows how Spatially Adaptive
Normalization (SPADE), with the help of GAN, can help us remove the ‘wash away’ problem in
normalization layers and finally help us to reduce the problems in dealing with morph images
and consistency with respect to images.

10 January 2024
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Ec“?gf‘ B
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» —_— . T T
' Ix::{.- '--r.--'I
Eatch element-wise
Ml

Figure 2-9: SPADE normalization. [13]

The ‘wash away’ problem is losing semantic information after the normalization layer. Figure 2-9
defines how segmented mask is not directly fed to batch normalization; instead, it is convolved
and gives modulation parameters to save semantic information. The problem with this approach
is that it lacks different styling information. Thus, we have used a modified version of SPADE in
our proposed method.

Zhu et al. [3] describes different styling aspects and the shortcomings of GauGAN [13] which is a
Generative Adversarial Networks having spatially adaptive normalization layer. It is mainly
related to the quality of output image and styling corresponding to region of interest. SEAN helps
us to improve the quality of synthesized images and region-based style encoding. We will use
Semantic Region Adaptive Normalization (SEAN) based approach, as shown in Figure 2-10, to get
region-based styling information in our proposed solution. SEAN seems to be a prime solution to
use it on our proposed method. We are using its style feature to get diverse quality outputs.

Journal of Innovation 11
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atybe Matrix Per-style Style Map g +
Cony

N
B clemant-wise addition & welghted sum orm

IEI alemrenl-wise multiplication i, ¥4 leamable parametar
Figure 2-10: SEAN normalization. [3]

UnrealCV: Connecting computer vision to unreal engine proposed by Qiu et al. [9]. It is an open-
source plugin that helps us deal with Game Engine outputs (Unreal Engine 4)* . We will see the
different possibilities of generating inputs (Segmented, depth) for user perspective.

UnrealCV is one of the approaches along with CARLA. It is an open Source simulator powered by
Unreal Engine. The generation of test inputs to our proposed system is done using various
approaches which includes Unreal Engine integration with ROS Bridge, CarSim?®, and MATLAB *°.

Liao et al. [7] and Cheng et al. [8] discussed methods for generating inputs that will be useful to
our proposed model. We will use these approaches to get the required data, which are advanced
methods for generating corresponding outputs. Preprocessing while training any deep neural
network is an important aspect.

In this study, we use similar configurations of inputs (image and semantic segmented) as
proposed in video-to-video synthesis. It employs ideas from image-to-image translation methods
for understanding different scenario generation and higher-quality image generation. SEAN
seems to be a prime solution in our proposed system (to use its style feature in multiple ways)
rather than existing SPADE with respect to quality, diversity, and styling aspects.

17 https://www.unrealengine.com/en-US
18 https.//www.carsim.com/products/carsim/index.php
19 https://www.mathworks.com/help/matlab/release-notes-R2020a.html
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3 PROPOSALS AND CONTRIBUTIONS

The survey of the state-of-the-art indicates the necessity of the video-to-video synthesis
solutions, which should consist of different key aspects as mentioned below in the realistic data
generation process:

1. Scenario generation.

2. Label changing.

3. Adding different realistic objects.
4. Avoiding morphs.
5

Reduce flickering/distortion.

Our solution should focus on these key aspects and create an interactive environment to provide
a one-stop solution for different Al rendering, scenario generation, and future video prediction
problems. Our approach is to generate realistic data, which aims to provide a one-stop solution
for all these aspects and explore how an end user can eventually use our system.

Having the right contextual information is vital to have meaningful datasets for autonomous
driving. There may be requirements to convert the legacy data captured with smaller Field of
View (FOV) cameras to larger FOV cameras, or there could be a need to generate larger datasets
from limited data available from a specific geography.

On the other hand, in certain areas, there may also be limitations in sharing personal information
such as human faces, vehicle number plates, etc. (for example, GDPR in the EU). Such personal
information needs to be anonymized. This data must also be augmented with synthetic data for
training or validation. These requirements can differ depending on the context, region, and
scenarios. It would be challenging to have a simulation platform to generalize these different
parameters.

The proposed model provides flexibility to add the limited unique real data in already available
datasets with limited training. Existing Simulator based approaches are not so cost effective. 3D
asset creation with these simulators is a complex process. Also generated output seems to be far
from reality.

In this approach, the proposed methodology provides a fusion of generative Al, deep learning,
and image processing techniques. It explores the possibilities of generating data from simulated,
real, or fused environments. The proposed approach is a panoptic segmentation-based approach
to create semantic labels. Introducing a flow map-based methodology taking cues from a
sequence of frames helps address long-term temporal coherence, which is a key issue in
generated data. This input to the Generative Al network is a novel methodology to handle
dynamic objects, scene changes, and environment variations.

Journal of Innovation 13
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4 METHODOLOGY

Our methodology to generate realistic data is a GAN (Generative Adversarial Networks)-based
approach in which, given an input image, the generator first synthesizes a fake image. Then, the
fake image is combined with the input image and put into the discriminator, which should be
able to determine that it’s fake. On the other hand, when a real image is used, the discriminator
should be able to give output as it is real. So, during generator training, the generator’s goal is to
fool the discriminator and make its output real.

4.1 GENERATIVE ADVERSARIAL NETWORKS

Generative adversarial networks (GANs) are the models that generate new data instances, which
is like a GAN-based approach to generating synthetic outputs; that is why we call these models
‘generative.” For example, GANs can create fake outputs that are like the real world, even when
these outputs do not belong to any real-world scenario. GANs reduce the reality gap by
combining a generator, that trains the model to produce an output, with a discriminator, that
trains that model to differentiate real data from the generator’s fake output. The generator trains
to fool discriminators, and the discriminator tries to discriminate as much as possible to not be
fooled.

e Generative models can generate new data instances by taking joint probability.
e Discriminative models discriminate distinct kinds of data instances by using conditional
probability.

4.2 TRAINING OF GENERATIVE ADVERSARIAL NETWORKS
GANs training requires both generator and discriminator training simultaneously over every
epoch. It follows a below pattern:

1. Training of discriminator for n epochs.

2. Training of generator for n epochs.

3. Repeat the training process asin 1 and 2.
We usually keep the generator constant during the training of the discriminator and vice versa.
4.3  OBJECTIVE FUNCTIONS IN COMMONLY USED GANS

The objective function in GANs consists of the commonly used Loss function known as Minimax
Loss. The generator tries to minimize the objective function value and the discriminator tries to
maximize it.

minmax L(G,D) = EX[log(D(x))] +E, [log (1 - D(G(z)))]

(1)
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e Exis the expected value of real input.
e Ezisthe expected value of generated fake instance.
e D(x) is the expected estimate of the discriminator for the real instance to be fake.

e D(G(z)) is the expected estimate of the discriminator for the fake instance to be real.
4.4 GENERATOR ARCHITECTURE

The generator consists of a Multi SEAN-based image generator in which inputs are segmented as
Image embedding, Flow and Level embedding as well previous frames outputs. Figure 4-1 and
Figure 4-2 give an overview of our generator architecture. The generator comprises a series of
Multi SEAN residual blocks and up-sampling layers. The structure of each Multi SEAN residual
block is shown in Figure 4-2, which replaces the SEAN layers in the original SEAN residual blocks
with Multi SEAN layers.

Realallmage Seneratar

mMulti-SEANM Residual Block{1 024, 1024), Upsampled2) -

4

mMulti-SEAR Residual Block{1024, 5123, Upsampled2)

mMulti-SEAM Residual Blocki{a1 2, 256, Upsample(2)

Flowe, Label
ulti-SEARM Residual Block(2a6, 1283, Upsample(2) R and lmage
embedding

multi-SEARM Residual Block(128, 64), Upsample(2)

Multi-SEAMN Residual Blockigd, 22, Upsamplad?) R

4

Zony 3x3 (32,3 Tanh

A

A

A

A

Figure 4-1: Multi SEAN-based image generator.
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Multi SEAN Residual
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v

Multi SEAM

T

Multi SEAN
v : Batch Mormalization
LeakyReluil.2) v N
} Multi SEAN :: b SEAN
Cony 3x3 (inx out \L N .L
v LeakyRelu(d.2) SEAN
Flow, Label .
and Image > Multi SEAN : ¥
embedding N
v Cony 3x3 (in % out) : SEAN
LeakyRelu(0.2) : l :

Cony 3x3 {out x ouf)

Figure 4-2: Multi SEAN residual block.

The inputs to these SEAN blocks are Flow, Image, and Label embeddings based on encoder-
decoder architecture. Label encoding uses an encoder-decoder style?® to embed input labels to
distinctive features, which acts as one of the inputs to Multi SEAN in the Image generator. Flow
embedding deals with optical flow outputs of the previous frame and is again fed through the
Multi SEAN block of the image generator. Image and segmentation generator encodes image and
segmented frames, respectively. Image encoder uses previously generated frames while
segmentation encoder uses first frame semantics.

Figure 4-3 describes our system's Flow or Label embedding, Image, and Segmentation decoder.
This helps to generate inputs for the image generator.

20 https://ieeexplore.ieee.org/document/9076374
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Figure 4-3: Architecture of label/flow embedding, image and segmentation.

4.5

DISCRIMINATOR ARCHITECTURE

The Discriminator Architecture uses PatchGAN architecture [14], as shown in Figure 4-4 in which
we will first take a different real and synthesized image of distinct resolution. Each one is fed to
a different discriminator based on 70x70 PatchGAN to get a consistent output both locally and

globally.
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Figure 4-4: Architecture of PatchGAN.
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4.6 OBIJECTIVE FUNCTIONS USED IN PROPOSED GAN

The objective functions in GANs consist of commonly used Loss functions known as Hinge Loss,
feature extractor loss, and flow loss, like what was used in existing video-to-video synthesis
methods [4]-[6]. Hinge loss is calculated as in (2). The generator tries to minimize, and the
discriminator tries to maximize the objective function.

Liinge(G,D) = E_ [max(0,(1 - D(@)] + E, [max (0, (1+ D(G(z)))]

(2)

Here Ex, Ez are expected value real inputs and random inputs, respectively, D(x) and D (G (z)) are
the expected estimate of discriminator for real instance to be real and fake instance to be real,
respectively.

Feature extractor loss, as in (3), is discriminator feature based on VGG19 Loss, which is calculated
using the below formula. @;(G) , @;(R) are features of VGG19 layers of generated and real
images.

ngg = |®L(G) - ®L(R)|
(3)

Flow loss is based on Flownet2.0%! architecture which contains:
e Flow L1 loss: L1 loss with respect to ground truth flow.
o Flow warp loss: L1 loss between warped and target image.

e Flow mask loss: Loss of occlusion mask.
Calculation of each flow loss is done by as by changing respective input values x and y in (4).
L, y) = {Ly, Ly L}, Ly = x5 — ¥l
(4)

Combining all these objective functions, the generator aims to minimize, and the discriminator
maximizes the function value to get a model with good generative capability.

21 https://arxiv.org/abs/1612.01925

18 January 2024


https://arxiv.org/abs/1612.01925

Advancements in Synthetic Video Generation for Autonomous Driving

Testing Training Evaluation

KLT Score

Image i

Label E ; Generator Flow
Embedding : r B Embedding

Preprocessing

A

Concatenation

v

Y i v
) H Discriminator -
Post processing | : : (Real/Fake) P FID Score

Figure 4-5: Overall system architecture.

Figure 4-5 describes the overall project architecture in which our input labels, optical flow
outputs, and guidance images are fed to Multi SEAN-based architecture, for which we will take
care of the styling part in our proposed model. We will use the cascading approach to improve
the quality of produced output and start training on lower-resolution images first, then shift to
higher-resolution images. The detailed description of generator and discriminator architecture
and Generative Adversarial Networks (GANs) have already been described in the above sections.

4.7 TRAINING AND VALIDATION

Our proposed model is trained and validated on Google Collaboratory??> . ADAMZ optimizer at a
learning rate of 0.00008 is used for the encoder and generator networks, while a learning rate of
0.0005 is used for the discriminators described above. This study uses the Cityscapes?* dataset
for training. The dataset has been resized to 384x768 pixels and 512x1024 pixels and trained on
a single GPU environment, which takes approximately 100 hours for training. This study adopted
a cascading approach to train with 384x768 pixels first and then with 512x1024 pixels on the
same network. Our model is tested on the CamVid?> with the data generated from CARLA, Carla
ROS Bridge, CarSim, Matlab, and Unreal CV (Computer Vision). For the segmentation data

22 https://colab.research.google.com/

2 https://arxiv.org/abs/1412.6980

24 https://arxiv.org/abs/1604.01685

25 https://www.sciencedirect.com/science/article/abs/pii/S0167865508001220
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generation, we used pre-trained network DeeplLabV3+26. We use FlowNet 2.0 [21] architecture
to extract the optical flow as the ground truth flow. For measuring the closeness of output to the
real world, we will be using the following:

e Fréchet Inception Distance (FID) -Inception-v3 network?’

¢ Kanade-Lucas-Tomasi (KLT)-Based Score.

5 RESULTS AND CONCLUSIONS

The outputs of scenario generation which include changing environment, extended road and
adding realistic objects (like pedestrians, car, bike etc.) are shown in Figure 5-1. This is achieved
by converting color maps (semantic maps) as required. In extended road scenario generation,
the proposed system will read color map for road and map the same into surroundings to
generate corresponding semantic map and thus generate output. Similarly, for adding the objects
as required, a masked area with the right flow and contextual information is added to the color
map to get required scenarios.

5.1 SAampLE FRAME OUTPUT

26 https://arxiv.org/abs/1706.05587
27 https://arxiv.org/abs/1512.00567
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Figure 5-1: Scenario generation outputs.

5.2  KPI(Key PERFORMANCE INDICATORS) EVALUATION

KPI evaluation of our proposed system is done using two ways. In the KPI Evaluation A (Table
5-1), we have calculated the model performance over the same scenarios using two different
training strategies. While in the KPI Evaluation B (Table 5-2), the synthetic data generation
approach was leveraged to create training data for object detection tasks to improve the KPls of
automated labelling. Below is the improvement in KPI achieved by leveraging the synthetic data
generated for training the automated algorithm (Refer to Table 5-2).
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Parameters Approach A Approach B

FID (Fréchet inception distance) Score 180 115.4

KLT (Kanade Lucas Tomasi) Score 0.2154 0.0300

Table 5-1: KPI Evaluation A.

Approach A mentioned in Table 5.1 is trained with 4 input frames at start and doubling it after
every 25th Epoch up to a maximum of 32 frames. That is training will start with batch of
continuous 4 frames and subsequently after every 25th epoch the batch of input frame will
change to 8, 16 and 32.

Similarly in Approach B training started with giving 2 frames and start and doubling after every
25th epoch up to a maximum of 32 frames.

Parameters Approach 1 Approach 2

(No generated data used (With generated + original
for training) data)

% of accurate detection 75% 91%

Table 5-2: KPI Evaluation B.

FID is a commonly used evaluation score to measure the closeness of two images (here, in our
case, the original image and the generated image). The lower the FID value, the better the output
image/video quality. FID value O signifies there is no difference between input and generated
image/video.

FID score is calculated by taking the mean (1, , i,) and covariance (C1, C2) of feature vectors by
considering the pre-trained Inception-v3 model.

FID = ||y - pall 2+ Tr(Cy + G- 2%4/(C1# Cy))

Similarly, our proposed KLT score further reduces human intervention and gives a score to
measure output quality based on temporal coherence between consecutive frames. The Lower
KLT score signifies there is consistency between successive frames. Like FID score, “0” KLT score
is the ideal case which means all frames are consistent.

KLT Score is calculated using the degree of similarity between consecutive frames of selected
optical flow-based features.
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The mean score to compute relative distance is calculated using the given formula where

U and p, are optical feature vector distances for real and generated frames respectively.

5.3

DIZ{LT = ||P-$ - H§;||
CONCLUSION

The proposed model could generate realistic scenarios if given different segmented
inputs. It would perform better with increasing frames and cascading layers.

FID and KLT score-based proposed metrics will help us evaluate any video synthesis
models and eventually reduce human intervention (as shown in Table 5-1).

The proposed model helps us generate adversarial data (as shown in Figure 5.1), which
eventually helps improve object detection capabilities (as shown in Table 5-2).
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