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ABSTRACT

Jalapeno is a real-time video streaming platform designed primarily for tele-
operations. The platform uses a traditional video compression approach
(H264) and pairs that with unique networking optimizations and artificial
super-scaling to increase reliability and decrease bandwidth consumption.
Jalapeno assumes the vehicle (client) is running the platform on a device
with low computational capabilities. Conversely, the operator is controlling
the vehicle on a system with very high resources. Additionally, the client
network is assumed to be transmitting over a lossy wireless channel. Real-
time streaming also has tighter constraints than traditional live-streaming,
hence some networking algorithms that rely on introducing artificial stream
delays are infeasible. Jalapeno must alleviate the issues of video streaming
under heavy loss conditions with a low-powered client under the challenging
real-time constraints. The networking layer closely monitors the quality of
the stream and adjusts the parameters of the compression and transmission
dynamically. We leverage the temporal scalable video codec capabilities of
the open-source OpenH264 codec by Cisco to design a reconstruction algo-
rithm that works under real-time constraints to mitigate packet loss. The
prime feature is video super-resolution, a GAN based generator that is able
to upscale a low-resolution stream from the client to high-definition frames
while maintaining temporal consistency. This thesis also outlines an ap-
proach to build a large video dataset for unsupervised video learning and
discusses compression-aware super-resolution to advance the framework to

the next level.
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CHAPTER 1

INTRODUCTION

With the rapid development of autonomous vehicles comes the need for tele-
operations to remotely operate or closely monitor vehicles in areas where
autonomy is uncertain or challenging. Jalapeno explores building a video
streaming platform designed for teleoperations. Real-time video streaming
has tighter constraints than traditional live-streaming applications. For the
human operator to maneuver the vehicle, minimizing the stream latency
becomes essential. Additionally, as the platform scales to support multiple
clients, the bandwidth cost must not become a bottleneck. Jalapeno explores

how to tackle these problems.

The system model for teleoperations is outlined in this paragraph. The ve-
hicle, or client, capabilities are computationally limited. The only onboard
hardware acceleration assumed is for video encoding. Conversely, the oper-
ator has access to a system with very high compute and a dedicated GPU
to accelerate operations. The client(s) are transmitting over a lossy mobile
network. Frequent bursty packet drops are expected and must be handled

by the system.

Chapter 2 discusses the video compression technique used by the platform.
Jalapeno uses the H264 codec for compressing video. H264 is the preferred
codec because of the wide availability of hardware accelerators on embed-
ded platforms. The compressed video packets are transmitted P2P from the
client to the operator using the RTP protocol. Jalapeno constantly monitors
the network to estimate stream quality and adapts the H264 stream to fit
dynamic network conditions. We also explore using temporal SVC to divide

the video stream into layers.

Chapter 3 discusses the networking stack used to transmit the compressed



video stream. We discuss how the network topology of the system is laid
out and how we establish connections between all the devices. We use the
RTP protocol to transmit H264 packets. Additionally, we explore using error
correction techniques and implement a novel reconstruction algorithm that
leverages the temporal SVC feature of H264.

Chapter 4 explores the system model and concurrency design used to en-
gineer the platform. We used an asynchronous runtime developed using the
Boost.Asio library. This environment allows the platform to scale while using

system resources efficiently.

Chapter 5 explores using video super-resolution models to convert a trans-
mitted low-resolution stream to high-definition frames in real-time. Jalapeno
uses the TecoGAN and EGVSR model as the starting point for its video
super-resolution approach. These models achieve 30fps 270p to 1080p con-
version on the GPU used in the experiments. The models are augmented
with a better training objective and trained on a large-scale unsupervised
video dataset. We also explore compression-aware super-resolution in which
the model is trained to additionally alleviate packet loss and compression

artifacts.

Finally, Chapter 6 summarizes the thesis and outlines future work.



CHAPTER 2

VIDEO COMPRESSION

Transferring high-quality video streams is the centerpiece of Jalapeno’s tele-
operations platform. Jalapeno employs the H264 video compression standard
(also called MPEG-4 AVC, Advanced Video Coding) for video compression.
Video data consists of a sequence of images called frames. Each image frame
is a two-dimensional array of pixels. Each pixel has three digitized color
components: red, green, and blue (RGB). Before encoding, the frames are
converted into the YUV color space. In the YUV space, the Y component
is the ‘luma’ which is the grayscale intensity signal of the image. The UV
components of the image impart the color signals. Then, the UV channels
are downsampled to half their original resolution (also known as the YUV
4:2:0 format).

H264 uses a block-based encoding approach. Each macroblock is a sub-
section of the frame (a commonly used configuration is 16x16 Y and 8x8 UV
pixels). For each macroblock in the image, H264 computes a prediction mac-
roblock. The difference between the macroblock in the current frame and the
computed prediction macroblock, i.e., the residual, is easier to compress than
encoding the entire macroblock itself. The residual is first transformed into
the frequency domain using the discrete cosine transform (DCT). From there,
quantization is applied to retain low-frequency information.! Finally, H264

uses entropy encoding to store the data in efficient variable-length codes.

H264 uses two prediction methods for real-time video encoding: intra-frame
prediction and inter-frame prediction. Computing the prediction macroblock
involves exploiting spatial or temporal redundancy in the video stream. For

intra-frame prediction, H264 calculates the prediction macroblock using neigh-

'Human vision is more sensitive to low-frequency signals and less sensitive to high-
frequency ones.



boring blocks in the image (spatial redundancy). For inter-frame prediction,
H264 calculates the prediction macroblock using motion estimation. H264
computes the motion estimation from the previous frame (temporal redun-

dancy). Figure 2.1 shows the procedure to encode a frame in pseudocode.

procedure encode_a_frame (f,, mode)

forI=1,N [/** N: #rows of MBs per frame
forJ=1.M //** M: #columns of MBs per frame
Curr_MB = MB(f.. I, I):
case (mode)
I: Pred_MB = Intra_Pred (.. I, I):
P: Pred MB = ME (f',,, I, J):
B: Pred_MB = ME (£, f',.,, I, I);

Res MB = Curr MB — Pred_MB:
Res_Coef = Quant| Transform({Res_MB)):
Output(Entropy_code(Res_Coef)):

Reconst_res = [Transform(IQuant(Res_Coef)) ;
Reconst_MB = Reconst_res + Pred_MB:
Insert(Reconst_MB, {",) :

end encode_a_frame;

Figure 2.1: Pseudocode for the H264 encoding process from [1].

The H264 video compression standard is ideal for a teleoperations platform
for many reasons. The design of the H264 standard accounts for the use
of lossy network transmission. The H264 specification describes a network
abstraction layer (NAL) which packetizes the compressed data for transmis-
sion. While other video compression standards like H265 (HEVC), VP8, and
VP9 also provide network abstraction design in their specifications, H264
has faster encoding (albeit with lower quality). The faster encoding of H264
makes it possible to use the codec in real-time video-compression applications
on low-powered devices such as drones, small autonomous robots, etc. Addi-
tionally, common embedded devices such as the Nvidia Jetson series and the
TT Jacinto line provide hardware acceleration support which further reduces

the latency and power consumption. H264 also has open-source software
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implementations (OpenH264 by Cisco and x264) which make development
easier. However, H264 (and HEVC) are proprietary codecs; a licensing fee
must be paid for using the H264 compression standard unlike the open-source
VP8 and VP9 codecs.

2.1 OpenH264 by Cisco

Jalapeno uses the OpenH264 codec by Cisco [2] to implement the H264 codec.
OpenH264 is an open-source software (CPU) implementation of the H264
standard written in C++4. It supports encoding video in the YUV 4:2:0 for-
mat and provides numerous options to packetize the compressed data for
transmission. Additionally, the OpenH264 encoder has the ability to dy-
namically change the compression settings, supports four temporal scalabil-
ity layers (SVC), and can insert IDR frames on demand. These settings of
the codec are leveraged to optimize Jalapeno’s approach for real-time video
transmission scenarios such as teleoperations. OpenH264 allows users to de-
fine the bitrate at which the video stream will be compressed.? Jalapefio can
use this setting to adjust the stream based on the available bandwidth of the

network.

2.2 I-frames, P-frames, Packetization, and GoP

H264 can output two types of output frames based on macroblock composi-
tion: I-frames and P-frames. I-frames consist of only intra-frame prediction
macroblocks. I-frames can be encoded and decoded completely indepen-
dently of other frames (since they contain no inter frame dependencies). How-
ever (as seen in Figure 2.2), they are typically larger in size than P-frames.
I-frames are also known as reference frames or key frames. P-frames can be
composed of inter-frame prediction and intra-frame prediction macroblocks.
P-frames are typically smaller than I-frames but depend on previous frames.
P-frames can be thought of as encoding the change in the video from the

previous frame(s). For this reason, P-frames are also known as delta frames.

20penH264 will sometimes skip frames to ensure the bitrate requirement is being met.
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Figure 2.2: Bitrate of I-frames vs P-frames for different compression
settings in OpenH264. The typical I-frame requires much larger bandwidth
than the typical P-frame for all encoder settings.

Each H264 frame is outputted as NALU (network abstraction layer unit)
packets. Each NALU is a chunk of the frame byte-stream. NALUs of the
same frame can be passed to the decoder in arbitrary order. This allows the
network to rearrange the video stream packets without affecting the stream
decoding. In Jalapeno, the size of the NALUs is limited to 1500 bytes (MTU).
Further study on how the change in NALU size impacts the video stream dur-

ing network transmission is required.

Real-time video transmission occurs over lossy channels. OpenH264 provides
error concealment algorithms to handle missing NALU during decoding. As
seen from Figures 2.3 and 2.4, increasing packet loss negatively impacts the
reconstruction quality of the decoded H264 bitstream despite error conceal-

ment.



PSNR vs Packet Drop Rate
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Figure 2.3: PSNR of original vs. decoded frames vs. packet drop rate.
Higher drop rate results in lower stream quality. Dropping I-frames only
results in a much worse quality stream than dropping just P-frames. This
indicates that more essential reconstruction information is encoded in the
I[-frames. Intuitively that makes sense as P-frames encode the (typically
small) delta between video frames while I-frames encode the pixel data
directly.

While transmitting real-time video, the H264 encoder is configured to out-
put a group of pictures (GoP) consisting of a single I-frame followed by a
series of P-frames (as seen in Figure 2.5). If the GoP size is kept large (more
P-frames), then the video stream requires less bandwidth for transmission
(however P-frame bandwidth dominates as seen from Figure 2.6). However,
in a lossy channel, this video stream is more prone to error artifacts due
to lost P-frame packets propagating delta errors. A smaller GoP will pro-
duce a higher bandwidth video stream but will be more resilient to dropped
packets. Note that dropped I-frame packets result in more significant frame
errors than dropped P-frame packets. Hence, sending more frequent I-frame

packets in smaller GoP streams is another way to combat packet loss.
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SSIM vs Packet Drop Rate
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Figure 2.4: Per channel MSSIM of original vs. decoded frames vs. packet
drop rate. SSIM score computes the reconstruction score per channel in
blocks and is another way of interpreting reconstruction quality.

Jalapeno supports variable GoP video streams. The GoP size is dynami-
cally adjusted with the estimated network parameters (packet drop rate in
particular). High packet loss occurs as a result of video stream bandwidth
exceeding stream capacity. Therefore, decreasing GoP to combat packet loss
seems like a counterintuitive idea. Hence, Jalapenio couples the GoP adjust-
ment with dynamic stream resolution, video super-resolution, forward error

correction, and temporal reconstruction.

2.3 Temporal SVC

Another feature in the OpenH264 library is SVC (scalable video coding).
SVC is an extension to the H264 compression standard. In SVC, the com-
pressed video stream is split into multiple layers. The lowest layer (base

layer) functions exactly like a regular compressed video stream. Higher lay-
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Figure 2.5: Visualization of a GoP. The I-frames are interleaved with a
sequence of dependent P-frames. The next I-frame, and the start of the
new GoP), is independent of any previous frames.

ers are dependent on the base layer and lower layers. Decoding the higher
layer bitstream imparts more information into the base layer video stream.
For example, the base layer can be a compressed low-resolution 360p video
stream. A higher order layer (along with the base layer) will decode a higher
resolution 1080p video stream. H264 supports SVC layers for scalable frame-
rate (temporal layers), resolution (spatial layers), and quality (quality layers).
These SVC layers can be combined. For example, a H264 SVC video stream
can have higher order spatial, temporal, and quality layers. Figure 2.7 shows

the packet layers with dependencies in a temporal SVC stream.

OpenH264 supports SVC with upto four temporal layers (including the base
layer). The frame rate of the encoded video stream doubles every temporal
layer.® Jalapefio leverages the temporal scalability in the compressed video
stream to be more resilient to packet loss and dynamic network conditions.
When the available bandwidth of the network is less than the combined
bandwidth requirement of the temporal layers, Jalapeno can either adjust
the bitrate requirement of higher temporal layers or omit transmitting the
higher order temporal layers entirely. Additionally, Jalapenio protects the
tid=0 (lowest temporal layer) packets in the networking layer (temporal re-
construction) as tid=0 packets account for most of the reconstruction quality
(see Figures 2.8 and 2.9). The temporal reconstruction leverages the fact that

there is a large delay between tid=0 frames (around 120 ms) enabling the

30penH264 also supports simulcasting video streams of different resolutions. In simul-
casted streams, the higher spatial resolution bitstream is not dependent on the lower
resolution bitstreams. Hence, this feature is not useful for real-time video encoding.



| vs P Frame Bitrate per 30 Frame GOP

B Average [Frame bitrate per GOP

W Average PFrame bitrate per GOP
500000
400000 4
300000 -
200000
100000 ] I I
04

104857 209715 524288 1048576 2097152 4194304
Compression Bitrate [Bytes)

H2E4 30 Frame GOP Bitrate (Bytes)

Figure 2.6: I-frame vs P-frame bandwidth requirement per 30 frame GoP in
OpenH264. Even though I-frames are much larger (typically) than
P-frames, a GoP consists of multiple P-frames after each I-frame.

use of buffer reconstruction algorithms which normally would be infeasible

for real-time 30 fps video streams.

2.4  Dynamic Stream Control

In addition to I-frames and P-frames, H264 outputs stream parameter infor-
mation packets (also known as SPS/PPS). These packets are output at the
beginning of every I-frame and consist of essential stream parameters (frame
format, picture resolution, SVC settings). The SPS/PPS bitstream must be
decoded before the I-frame bitstream. If the SPS/PPS packets are dropped,
the OpenH264 decoder is unable to decode the remaining bitstream until the
next I-frame parameters. This presents a challenge for real-time streaming
because a loss in the SPS/PPS packets would result in the loss of the stream
for an entire GoP. In order to combat this issue, Jalapeno employs a short
handshake protocol via TCP before starting transmission. The potential

stream settings are predefined (different resolution, temporal layers, etc.).
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Figure 2.7: Representation of a H264 stream with three temporal layers.
The blocks represent frames and the arrows represent dependence relations
while decoding.

Each stream setting is mapped to an 8-bit identifier (256 possible stream
settings). The SPS/PPS packets for each stream configuration are trans-
mitted during the handshake and mapped in the remote decoder (operator).
With the handshake complete, the encoder can attach the 8-bit configuration
identification number with every I-frame packet. The transmission of just
one I-frame packet enables the decoder to retrieve the necessary SPS/PPS

packets for successful decoding.*

4The CONSTANT SPS/PPS setting must be enabled in OpenH64 for this strategy to
work. This ensures that each successive I-frame in the same configuration can be decoded
using the same parameter packets.
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Figure 2.8: Composition of bitrate for video stream using temporal SVC in
OpenH264 using four temporal layers for a 30 frame GOP. The lowest
temporal layer tid = 0 contains I-frame and P-frame data and represents a
3.25 FPS stream. The higher order layers tid = 1, 2, 3 impart information
for a 7.5, 15, 30 fps stream respectively. Tid = 0 can be independently
reconstructed and hence contains a significant piece of information despite

consisting of fewer frames.
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Figure 2.9: The effect of packet loss in an H264 SVC stream for tid = 0 vs.
tid > 0. As seen from the PSNR graphs, the tid=0 information accounts
for most of the reconstruction quality.
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CHAPTER 3

NETWORKING

The networking stack is a critical component of the Jalapeno platform. In
contrast to live-streaming applications (such as Twitch) that can afford to
introduce artificial delays into the stream, the real-time constraints of tele-
operations prioritizes timeliness over reliability. However, leveraging the
temporal SVC feature of OpenH264, Jalapeno borrows ideas from buffer
reconstruction algorithms to improve stream quality while maintaining real-
time constraints. Additionally, Jalapeno measures the parameters (available
bandwidth, latency, jitter) of the network and uses a feedback protocol to
dynamically adjust the H264 stream settings.

3.1 Jalapeno Network Topology

The network topology of the Jalapenio platform (seen in Figure 3.1) consists
of many clients (drones, cars, etc.), a public central server (hosted on AWS),
and operators (fewer than the number of clients). The clients and operators
connect to the server via TCP. The server registers the clients and operators
via a handshake mechanism. In this handshake mechanism, each client and
operator is assigned a 128 bit unique UUID. After the handshake, each client
is assigned to one operator. The server ensures that the load among the
operators is balanced. The server relays the client ID to the operator and
vice-versa. Henceforth, the server can act as a relay to transmit messages

between the client and the assigned operator.?

Transmitting video packets via a relay server is slow; additional delay is being
added to the transmission via the relay, and expensive, additional bandwidth

is required for the server to retransmit the packet. Thus, the server sets up

!The message must contain the destination ID that was communicated earlier.
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Figure 3.1: A depiction of Jalapeno’s network topology and the
corresponding connections.

a P2P connection between the client and the operator. However, unlike the
public server, the client and operator are (likely) behind NAT. To bypass the
NAT (hole punching), Jalapeno implements the ICE (Interactive Connectiv-
ity Establishment) protocol to establish the P2P connection. The candidate
addresses of the client and operator are relayed via the server and the NAT
is bypassed by creating the appropriate mappings in the translation tables

of the routers.?

3.2 Real-time Transport Protocol (RTP)

Jalapeno uses the RTP [4] (Real-time Transport Protocol) to transmit H264
packets (NALUs). RTP defines a packet format that consists of an RTP
header followed by a payload (See Figure 3.2). The H264 extension for RTP
[5] details the payload format when transmitting video streams. Because
OpenH264 can decode out-of-order NALUs of the same frame, Jalapeno uses
the STAP-A extension (see Figure 3.3) format to aggregate NALUs into a
single packet without needing a DON (decoding order number).

Jalapeno transmits RTP video packets over the UDP network layer. UDP
prioritizes timeliness over reliability; packets may be dropped or reordered

but will be delivered with minimum delay (no overhead like TCP).?3

2 Jalapefio uses Libjuice [3], a lightweight ICE implementation written in C to establish
the P2P connections.

3Recall that video streams can handle packet loss because of error concealment. The
error concealment strategies are built into the OpenH264 decoder.
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Figure 3.2: RTP header format. The important fields are the sequence
number (which is used for network parameter estimation, feedback, and
buffer reconstruction algorithms) and the user-defined payload type (PT).
The RTP fields in red are optional.
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Figure 3.3: An example of an RTP packet including an STAP-A payload
containing two NALUs of the same frame.

3.3 Stream Feedback

To deliver efficient real-time teleoperations performance, Jalapeno dynami-
cally adjusts the video stream to fit the network. A network parameter esti-
mation protocol is run in parallel to RTP to compute the estimated available
bandwidth, latency, and jitter. This protocol takes inspiration from the SRT
[6] protocol’s network estimation. The network parameter estimation pro-
tocol periodically sends probe messages from the client to the operator via
the P2P channel. The client probe message p. contains a unique identifier
pe-td generated for each probe run as well as the send timestamp p..send. On
receiving the client probe message p., the operator replies with two succes-
sive replies p,; and p,2 with the same probe identifier, i.e. p..id = po1.id =
Po2-id. The operator also includes the send timestamp of the reply p,i.send

= po2.send. When the client receives the probe reply messages from the
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operator, it can compute the estimated network parameters. The latency
and jitter are computed when the first reply is received while bandwidth is
computed after the second reply in the run is received. For simplicity, we

assume that p,; arrives before p,s at the client.

Latency Estimation: The latency is computed as the round-trip time of the

probe message / 2 i.e. (po1.recv — p..send)/2.

Jitter Estimation: The jitter is computed as the standard deviation of the

latency measurements of the last N runs where N is a configurable window.

Bandwidth Estimation: The bandwidth is estimated by dividing the size
of the second probe reply with the difference in the time to receive both the

timestamps, i.e size(po2)/(Po2.reCcv — poy.1ECV).

An additional layer of reliability is added by median filtering all the param-
eters over a specified window M. The median of the parameter over the last
M runs is calculated. Any data point outside M/F < o < M « F is filtered
away and the average of the remaining points is computed. This makes the

estimates resilient to outliers and prevents large fluctuations between runs.

The client uses the estimated bandwidth to change the bitrate of the en-
coder dynamically. The encoder bitrate is set to the available bandwidth
at the start of every GoP. Additionally, the client may change the spatial
resolution of the stream. For example, if the available bandwidth of the
network drops below certain thresholds, encoding a lower spatial resolution
with higher quality will yield better results than encoding a higher spatial

resolution.*

The operator uses the network parameter estimates to detect dropped video
stream packets. On receiving the first packet for a frame f at time ¢, the
operator NACKs all packets not received by ¢+ j where j is the estimated

jitter and r is a configurable ratio (set between 1.5 and 2 in our case).

4The number of skipped frames will become intolerably large if the bitrate drops too
low for a particular resolution. At this point, it becomes better to encode the video at a
lower spatial resolution.
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Consequently, the client can estimate the health of the video stream at the
operator. A dropped I-frame packet and temporal layer 0 packet is more
significant for stream quality. A fresh IDR frame (GoP restart) is forced
at the client if the estimated stream degradation crosses certain thresholds.
Additionally, the client can omit sending higher temporal layers completely
(for the current GoP) if too many packets are dropped from those layers. For
example, if the client detects that bursty packet loss has resulted in signifi-
cant losses in multiple tid=2 and tid=3 packets, it can omit sending packets
from these layers so the operator may reconstruct tid=0 and tid=1 packets

at higher quality albeit at a lower fps.

3.4 Forward Error Correction

Recall that H264 video information is concentrated in I-frames and temporal
layer 0 packets. Forward error correction is a method to protect packets
by transmitting redundant data in anticipation of packet loss.> The n data
packets are augmented with £ FEC packets. The bitstream consisting of the
n + k packets is able to withstand loss (of certain packets) by reconstructing
lost packets using the FEC data. Jalapeno has the option to enable the
simplest FEC scheme. The I-frame or TID=0 packets are duplicated (see
Figure 3.4). Hence, if one copy of the packet is lost, the other video packet
can be decoded instead. Since network loss tends to be bursty, we send the

FEC packets after the entire sequence of the original packets.

Temporal
Layer2

Temporal
Layer 1

Temporal
Layer 0

Figure 3.4: Visualization of H264 stream with the lowest (TID=0) layer
being protected by FEC. The entire frame contents are duplicated.

5Correcting for bit-errors is not essential since the UDP checksum will detect bit-errors.
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3.5 Buffer Reconstruction

Temporal layer 0 packets encompass the highest information in the video
stream. Successive temporal layer 0 packets are 120 ms apart. The large de-
lay between tid=0 packets enables the use of reconstruction algorithms that
retransmit dropped packets to improve stream quality. Since the stream is
real-time, the retransmitted packet is likely arriving at the decoder when the
frame is already outdated. To make use of the retransmitted packet from
a previous frame, Jalapeno uses a secondary OpenH264 decoder. The sec-
ondary decoder decodes all packets (including received retransmitted pack-
ets) from the previous TID=0 frame. Under successful reconstruction scenar-
ios, the state of the decoder is now more updated than the original decoder
as it contains information from the lost packet(s). The secondary decoder is

decoding packets right before the current TID=0 frame to save computation.

The encoder chooses to retransmit a dropped packet when it receives the
NACK for that packet and if the estimated packet arrival time of the re-
transmitted packet is before the next TID=0 frame. This is to ensure the
decoder has enough time to decode all packets between two successive TID=0
frames.% See Figure 3.5 for a visualization of the buffer reconstruction algo-

rithm.

60ne can have a variation of the algorithm that allows retransmission with more leeway
of estimated arrival time. However, the H264 decoder must be quick enough to decode all
frames from the frame of the reconstructed packet to the frame of the next packet and
still maintain real-time.
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Lost packet is recovered at decoder.
The secondary decoder now
decodes all previous frames

including the reconstructed packet.

This decoder is now in a more
updated than the primary decoder.

NACK MNAC

Estimated arrival time of re-
transmission is AFTER next
temporal layer = 0 frame. So
packet there is no-point re-
transmitting the packet

Estimated arrival time of re-
transmission is BEFORE next
temporal layer = 0 frame. S0

packet is re-transmitted

Figure 3.5: Visualization of Jalapeno’s temporal buffer reconstruction
algorithm. The crossed out packets denote lost TID=0 packets. The client,
after receiving NACKSs, decides whether to retransmit packets. The
secondary decoder can now be updated to a better state after
reconstruction.
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CHAPTER 4

SYSTEM ARCHITECTURE

Minimizing system delays is crucial in I/O bound applications like Jalapeno’s
real-time streaming platform. As the platform scales, the computational re-
sources required should not bottleneck the application. Jalapeno’s runtime
is built using Boost.Asio [7], a C++ library that offers the tools for effi-
cient asynchronous operations. Naively spawning threads for each operation
type will quickly exhaust system resources. Instead, Jalapeno’s runtime pre-
emptively spawns a fixed number of threads on startup that maximize the
concurrency of the system.! The Boost.Asio runtime facilitates sending work
operations, such as asynchronous networking operations or concurrent user
functions, to the thread pool. The fixed thread pool always makes progress

on the growing work queue (little idle time).?

Under the hood, Boost.Asio is using the operating system’s event polling
system calls (epoll on Linux and Kqueue on Windows) to efficiently poll
sockets for completion of networking operations. Boost.Asio provides in-
terfaces for TCP and UDP asynchronous networking calls with completion

handlers being posted as work functions to the thread pool.

Boost.Asio also provides abstractions to simplify synchronization. Strands
are used to send operations to the thread pool that will execute serially.?

Strands effectively remove the need for explicit locks in the Jalapeno code-

!'The number of threads spawned is a small multiple of the number of CPU cores
available in the system.

2In order to remain efficient, the operations posted on the thread pool must be short for
fairness. Additionally, the operations must nonblocking, otherwise the executing thread
will become idle. Perhaps the biggest drawback of this approach is that the developer
must be aware of the negative effect of long-running handlers and blocking operations on
runtime performance.

3Operations on the same strand can be executed on different threads, but never con-
currently.
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base (each atomic operation can be posted as a separate handler in the thread

pool on the same strand).
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CHAPTER 5

VIDEO SUPER-RESOLUTION

Video super-resolution addresses the problem of converting low-resolution
video frames into high-resolution ones. This process is directly analogous
to typical, single image super-resolution, but offers the extra task of pre-
serving temporal and motion consistency across the frames. It combines the
challenges of a number of different generative applications including image
generation, time-series generation, and super-resolution. As such, it offers
many of the same motivations of these individual applications, especially
within fields such as video surveillance, medical imaging, and more. For
teleoperations, video super-resolution can aggressively reduce the bandwidth
required for video transmission. Instead of transmitting the original video,
the platform can stream a video of much lower resolution and upscale the

bitstream at the decoder.

For video super-resolution to be viable in teleoperations, it must be per-
formed in real-time on the decoder. Otherwise, the streamed video will need
to be buffered before upscaling, and will no longer be a real-time representa-
tion of the roadway. The real-time generative constraint limits the complexity

of the model that can be used.!

5.1 TecoGAN and EGVSR

Jalapeno uses the EGVSR [8] video super-resolution framework. The main
points of the TecoGAN [9] and the closely related EGVSR model are sum-
marized in this section. The TecoGAN generator produces a super-resolution

output g; € R3**"*s¥ from the input low-resolution frame a; € R>*"** where

LAll super-resolution experiments were performed on RTX 3080 graphics cards. For
the purposes of this thesis, real-time performance implies a 30fps generative speed on the
aforementioned GPU.
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s is the scale-factor. The generator is a two-part CNN network composed
of the FlowNet and the frame-recurrent generator. The FlowNet is a clas-
sic encoder-decoder CNN model used to predict the dense optical flow be-
tween two consecutive temporal frames v; = F'(a;_1,a;). Next, the frame-
recurrent generator takes the current low-resolution frame a; and the pre-
viously generated high-resolution frame g, ; warped forward in time using
the computed optical flow to produce the current super-resolution frame
gt = G(ay, W(gs—1,v¢)). See Figure 5.1 for a visualization of the generator

and discriminator of the model.

! Conditional LR Triplet I, 1

: .
' )
theey by bryy |
' Original Triplet I, |

Frame-

Recurrent
Generator

Fig. 4. a) The frame-recurrent VSR Generator. b) Conditional VSR Dy ,.

Figure 5.1: The generator and discriminator of EGVSR /TecoGAN.

The warped super-resolution input to the frame-recurrent generator W(g;_1, v¢)
is reshaped R3*shxsw _y R3s*xhxw an( concatenated with the low-resolution
input for a total input shape of R3s*+3xhxw, First, the input is passed through
an initial convolutional layer with output feature f to produce R/*"**_ From
here, the generator employs a series of residual blocks. Finally, an upscal-
ing block transforms the input into Rf/ s*xshxsw and a final convolutional
layer compresses the feature map to produce R3**"*5%  The main difference
between TecoGAN and EGVSR is the upscaling block used in the genera-
tor. TecoGAN uses two stacks of transposed convolutions for upscaling while
EGVSR upscales via PixelShuffle layers which are computationally cheaper
(as can be seen in Table 5.1) but slightly less accurate.
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Table 5.1: Upsample runtime and performance comparison. (B) is
ConvTranspose2d and (C) is Conv2d followed by PixelShuffle.

Up- Total Train Test CPU GPU
sample . .
Method ©A@M# [ PSNR  PSNR SSM  Ume  tme

(ms) (ms)

A 29409  0.0055 22.61 2545 0.72 4158 9.860

B 30,177  0.0048 23.20 26.52 0.76 2534 8.203
23.2

C 29,673  0.0047 28 2650 077 2349  6.234

The discriminator takes in five sets of triplets: original super-resolution

frames g; 1, g, gr+1, warped super-resolution frames W (g;1), g, W,

W' refers to warping backwards in time), original high-resolution frames

+1 (where

bi_1, b, b1, warped high-resolution frames W (b;_1), by, Wb' +1, and the con-
ditional frames a;_1,as, a;41. The architecture of the discriminator consists
of four convolutional blocks followed by an MLP classifier which predicts
whether the input triplet is real or fake. The architecture of the generator

and discriminator can be seen in Figure 5.1.

Table 5.2: Breakdown of the different loss components in EGVSR

'EDS.I for
VSR, Ds,¢ | ~Ep-py(1)[log DS )] — Ea-p,a[log(1 — DA ,))]
UVT, DY, Epp(t)[ DS ;) = 11° + Eqp(a) [ DAL )P
Loss for| VSR, G & F UVT, Gap
LG, F Avo Lyarp + Ap Lop + Aa Lady + Ag Lg + Ac Leontent
Lywarp 2 llar = W(ar-1, F(ar-1, ar))l,
Lpp g —gill,

a—’b
Lagy _]Ea~pa(a)[10g Dy, t(Ig, t )] _Ea~pu(a)[Dg ,(IZ‘ t )]2

o1 -l ) b
Ly | 10-pes |lom@ag ) - ome@az, )|,
Lcontent llg: — be ”2 ||y,"_’b_’“ - ‘11”2 + ”91b_m—>b - b'”z

The total loss used to optimize the GAN is a weighted sum of the DC-

GAN loss, pixel loss, perceptual loss, ping-pong loss, and warp loss which
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are given in Table 5.2. The most obvious component is the standard DC-
GAN objective based on the classifier output of the discriminator. The warp
loss minimizes the MSE error between warped frame and the actual frame.
The pixel loss minimizes the MSE between the generated high-resolution and
the ground-truth high-resolution frames. The perceptual loss minimizes the
cosine distance between feature maps taken from a pretrained VGG-19 net-
work. The final and most innovative component of the loss is the ping-pong
loss. First, the input sequence of frames from a — b is appended with the
reverse of the sequence to get the final sequence a — b — o' during the for-
ward pass. Next, the MSE is minimized between a frame from the appended
reverse sequence with its corresponding frame in the forward sequence. This
process is visualized in Figure 5.2. The testing done by the authors of Teco-
GAN shows that the addition of the ping-pong objective enables training the
network with much higher temporal sequences by reducing temporal incon-

sistencies.

Figure 5.2: PP loss visualization from TecoGAN paper [9].

TecoGAN uses three classes of metrics to evaluate performance of the model.
The first class measures the pixel distortion using PSNR and SSIM between
corresponding super-resolution and high-resolution frames. The LPIPS met-
ric captures perceptual /semantic similarities between frames by comparing
feature maps from pretrained networks. Additionally, the tOF metric mea-

sures L1-loss between the optical flow between corresponding pairs of frames
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in the input video ||OF(a;—1,a;) — OF(gi—1, 9¢)|]1-

5.2 Model Adjustments

The pixel loss (mean squared error) between the original video sequence and
the super-resolution video sequence is not a good metric of reconstruction
quality. Small imperceptible changes in the frames can cause large swings
in pixel loss. Jalapeno adds an additional SSIM loss to optimize. SSIM is
a more perceptual metric that computes degradation in the reconstruction
while taking into account spatial inter-dependencies in the frame. Jalapeno

uses a differentiable multi-scale SSIM metric for optimization.

We experimented with replacing the additional DCGAN loss with the Wasser-
stein GAN metric with gradient penalty [10]. Instead of the discriminator
outputting a sigmoid probability (optimized via cross entropy loss), the critic
now outputs a score for the input sequence. The critic is updated for five
iterations for every generator update. Figure 5.3 shows the algorithm for
the WGAN-GP model. The gradient penalty is computed by evaluating the
critic on an interpolated sequence between the reconstructed and original

sequence.2

5.3 Dataset and Training

Large scale unsupervised video super-resolution models like EGVSR benefit
from an enormous amount of training videos to achieve good performance.
One of the shortcomings of the original models was training on a relatively
small amount of training samples: 180 videos with roughly 100 frames each
scraped from Vimeo. We outline a procedure to generate a video dataset for

unsupervised video learning using the Youtube8M [11] dataset.

Using video IDs in the Youtube8M dataset, we construct a video dataset for

2The gradients of the grid sample operations used in the critic to warp frames based on
computed optical flows are not differentiable. This is an open issue in PyTorch. We use
a custom double differentiable grid sample operation that closely approximates the grid
sample operations from PyTorch to compute the gradient penalty.
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Algorithm 1 WGAN with gradient penalty. We use default values of A = 10, nerige = 5, a0 =
0.0001, 31 =0, F2 = 0.9,

Require: The gradient penalty coefficient A, the number of critic iterations per generator iteration
Neritic. the batch size m, Adam hyperparameters a. 1, Fo.
Require: initial critic parameters wy, initial generator parameters &y,
1: while & has not converged do

2: fort =1..... ngqie do

3: fori=1.....mdo

4 Sample real data © ~ P, latent variable z ~ p(z). a random number e ~ U0, 1].
5: T +— Gg(z)

6: T ex+(l—e)E

7: Lh"l + Du'(-’i:] Du'(-’L‘J } /\{”va|]'(-£‘|”_! 1]_,

8: end for )

9: w 4 Adam("?,,.ﬁ > LY, ex, 5y, Ba)

10: end for

11: Sample a batch of latent variables {2V}, ~ p(z).

12: 6+ Adam(vnﬁ E:"_l D (Go(z)). 0, a0, 81, F2)
13: end while

Figure 5.3: WGAN-GP training algorithm taken from the paper [10].
Instead of sampling latent space for generating fake samples, VSR models
use the low-resolution sequence to generate the super-resolution frames.

unsupervised learning with ~ 165k samples with roughly 30 frames each.?
Additionally, the videos in this newly constructed dataset are all much higher
resolution than the original Vimeo dataset. Partitions of the Youtube8M
dataset contain unique IDs for each video. These IDs can be translated
to Youtube URLs via an API lookup (https://data.yt8m.org). Finally, the
Youtube URL can be used to scrape the videos. We used a cluster of AWS
instances to scrape the Youtube videos and store them in a bucket. During
training, the training videos are randomly cropped to a fixed size (128 x 128
or 192 x 192) spatial resolution with random snippets of 10 frames. We also
apply random flipping and rotational transforms. A batch of these videos is
used for training the EGVSR model.

The training for the EGVSR model happens in two phases. In the first
phase, the generator is pretrained by only optimizing the pixel, warp loss,
feature loss, and the SSIM loss. With the generator having a head-start, we
start additionally optimizing the W-GAN objective.* We compare this to
the original EGVSR model with the second stage training on the DCGAN

3The YoutubeSM dataset contains 6.1 millions video IDs. A much larger dataset for
unsupervised video learning can be constructed using this approach.

4[12] discusses how unbalanced GAN training with a pretrained generator outperforms
balanced training. For our case, we can pretrain generator without a variational autoen-
coder.
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objective. We evaluate the model on a subset of videos from the Youtube8M
dataset for testing. Figures 5.4-5.11 show the various training losses and
testing metrics. Figures 5.12-5.15 show example super-resolution outputs
from the model. Finally Table 5.3 compares the performance of the EGVSR

model vs. a bicubic upscaling approach.

Pixel Loss
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Figure 5.4: Pixel loss vs. training iterations.

Table 5.3: EGVSR performance vs. standard bicubic upscaling

PSMNR LPIPS tOF SSIM
Bicubic 24.033 0.209 0.698 0.935
EGVSR 28.073 0.175 0.549 0.983

5.4 Compression-Aware Super-Resolution

A big shortcoming of video super-resolution in lossy H264 streams is that the

frame artifacts caused by lost packets or compression artifacts are enhanced
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Warp Loss
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Figure 5.5: Warp loss vs. training iterations.

by the model. To overcome this issue, we attempt to train the model on
compressed videos with lost packets. We construct a dataset of lossy low-
resolution frames d; by randomly dropping 0 — 10% H264 packets from the
low-resolution frames a;. The generator now attempts to reconstruct the

super-resolution frames g; using the lossy low-resolution frames da;.
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Feature Loss
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Figure 5.6: Feature loss vs. training iterations.

SSIM loss
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Figure 5.7: SSIM loss vs. training iterations.

31



Test PSNR
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Figure 5.8: Testing PSNR (higher is better).

Test LPIPS
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Figure 5.9: Testing LPIPS (lower is better).
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Test tOF
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Figure 5.10: Testing tOF (lower is better).
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Figure 5.11: Testing SSIM (higher is better).
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Figure 5.12: EGVSR example. Top to bottom: ground truth frame, video
super-resolution frame, and bicubic upsample frame.
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Figure 5.13: EGVSR example. Top to bottom: ground truth frame, video
super-resolution frame, and bicubic upsample frame.
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Figure 5.14: EGVSR example. Top to bottom: ground truth frame, video
super-resolution frame, and bicubic upsample frame.
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Figure 5.15: EGVSR example. Top to bottom: ground truth frame, video
super-resolution frame, and bicubic upsample frame.
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CHAPTER 6

CONCLUSION

The Jalapeno video streaming platform is optimized for real-time teleop-
erations. The combination of a standard H264 video compression that is
adjusted with a networking stack that is constantly probing the state of the
network differentiates Jalapeno from other solutions. Ideas such as the buffer
reconstruction algorithm that leverage temporal SVC features in H264 are
exciting for future work. Finally, the real-time video super-resolution takes
the platform to the next level. Jalapeno can stream a low-resolution video
with much less bandwidth. The decoder can then upscale the video in real-
time without significant loss in quality. With some more experimentation,
compression-aware super-resolution can simultaneously upscale the stream
and alleviate artifacts caused by compression and packet-loss. Jalapeno com-
bines all these techniques to deliver a real-time video streaming solution for

applications such as teleoperations and beyond.
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