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Abstract

The various video applications running over wireless networks face a common set of challenges,
such as inconsistent bandwidth, high network variability, and sudden latency spikes. Considering
such constraints, this thesis explores the possible strategies and design choices for developing
data-intensive video applications such as real-time traffic surveillance, live video streaming, and
cloud-assisted autonomous driving. Our focus is primarily on two techniques across three distinct
video-streaming applications. The first technique is the intelligent use of tiled encoding available
in modern video codecs, where the encoded video has independent rectangular spatial regions
that can be manipulated in real time without re-encoding. The second technique is to develop
data filtering strategies to minimize ingestion costs by pruning extraneous information.

In traffic surveillance, cameras stream video to servers for computer vision algorithms, consum-
ing significant bandwidth. To reduce bandwidth usage, we use tile sampling to select spatial
regions of frames that contain only moving objects, since the rest of the frame mostly has static
backgrounds, such as the sky and buildings. To select such tiles, we propose an adaptive tile
selection algorithm that samples only tiles with moving objects by leveraging their correlation
with tile bitrates. Our evaluations across different lighting, weather, and traffic conditions, both
using benchmark videos and a live deployment, show improved accuracy, reduced bandwidth
usage, and lower overhead than existing systems.

For live streaming, we propose using the network interface of a nearby helper device to get an ag-
gregated bandwidth. To stream videos, we design a tile-level aggregation strategy that partitions
tiles into two subsets and schedules them independently across available network interfaces, based
on their importance. We demonstrate, through extensive experiments, that such an aggregation
strategy provides better QoE than conventional multipath strategies.

Lastly, we address the high data ingestion cost in self-driving cars. Autonomous vehicles rely
on compressed models whose accuracy degrades over time as the distribution of real-world test
data changes, requiring frequent retraining on a server. This necessitates limiting the number
of selected training frames to minimize the end-to-end delay in obtaining the retrained model
without impairing post-training accuracy. We sample only the most useful frames and adaptively
encode them into a video based on the network bandwidth. Our lightweight sampling strategy
seamlessly integrates with the existing workflow, achieving superior accuracy while minimizing
update delay compared to baseline strategies across different network conditions.
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Chapter 1

Introduction

As more of the world gets connected, the need and demand for video applications such as live video
conferencing, online gaming, virtual reality, and video analytics/traffic surveillance have grown
tremendously. All these video applications are bandwidth-hungry in nature and require a real-
time performance guarantee. However, the current wireless infrastructure falls short of meeting
such requirements. For developing countries like India, the situation is even worse. According to
the recent OpenSignal survey [2], although 5G provides at least 6× higher download speeds than
4G, users’ connectivity frequently falls back from 5G to 4G, reaching 38.6% on some network
providers. The problem becomes even more pertinent, as reported by the Telecom Regulatory
Authority of India (TRAI), 45.64% of the user base in India resides in rural areas [3]. Therefore,
it is essential for developers to account for inconsistent bandwidth, latency spikes, and network
disconnections when designing high-traffic video applications for current cellular networks.

Since network characteristics are inherently variable, video applications should employ intelligent
strategies to address this variability. The most straightforward way is to reduce the amount of
data being sent over the network. Albeit promising, this is not trivial because reducing the
streamed data adversely affects the performance of the video applications. For example, in live
video streaming, we can reduce the quality of the streamed frames, which significantly hurts the
user’s QoE. Therefore, the pruning strategy should be intelligent enough to adapt to network
variations while maintaining a high QoE and QoS. Moreover, since these video applications run
on devices with constrained compute and memory resources, the filtering algorithm should be
lightweight to avoid significant overhead in the existing pipeline. This thesis proposes filtering
algorithms and techniques tailored to various applications.

1.1 Background: Bandwidth Conservation for Video Streaming

1
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Across all these applications, videos are typically first encoded using a standard. Such standards,
also known as codecs, such as H.264, H.265, and AV1, use lossy compression techniques to
compress content. However, there are additional parameters specified in the standards, such as
resolution, quantization parameter (QP) and frame rate, which can be tuned depending on the
application. Given the proliferation of video streaming applications, it has become essential to
intelligently utilize these parameters to conserve bandwidth.

A number of prior works have utilized such parameters to counter the problem of high bandwidth
consumption by video streaming applications. [4, 5, 6, 7, 8, 9, 10]. These works use one of the
three techniques: frame pruning, quality pruning, and spatial pruning. Frame pruning refers
to the selective filtering out of frames that do not significantly contribute to the improvement
of the quality of the application. For example, many video conferencing software reduce the
number of frames per second when the content shown is relatively static. Quality pruning refers
to the utilization of QP or resolution to increase the level of quantization or the number of pixels
per unit length of display, respectively. For example, YouTube adjusts both QP and resolution
depending on the bandwidth. Spatial pruning refers to identifying the regions of interest and
assigning fewer bits for the content outside them. These techniques have been extensively studied
over the last 20 years.

A key challenge of these works is that they impose additional overhead on either the sender or
receiver, making the schemes less practical. It hampers the real-time guarantees that modern
applications require. For instance, in traffic surveillance, frame pruning [6] or spatial pruning
[5] requires re-encoding the video on the camera. Similarly, quality pruning requires running an
intensive algorithm to reverse the quality degradation it causes. Moreover, degrading the quality
[4, 7, 11, 12] hurts the end application. In video analytics, it affects object detection accuracy,
whereas in video streaming, it impairs the user experience. Further, since the cellular network
is inconsistent [13], the amount of data to send should be adapted to reduce the streaming
delays. Therefore, it becomes essential to consider these constraints when designing modern
data-intensive video applications. This thesis addresses the shortcomings of prior solutions by
proposing lightweight strategies that integrate easily with the existing pipelines.

1.2 Thesis Contributions

The primary argument of this thesis is that utilizing lightweight under-explored points of opti-
mization in modern video applications has the potential to significantly improve the application
while adding negligible computational overhead. We design and prototype three systems for
three video streaming applications – (i) playing of educational videos using multipath networks,
(ii) traffic surveillance, and (iii) use of cloud-assistance by autonomous vehicles. In the context
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Figure 1.1: Organization and contribution of this thesis.

of educational videos, we identify the fact that the rendering of background and foreground con-
tent can be decoupled without significant degradation of the quality of experience. In traffic
surveillance, we show that the level of compression of videos gives sufficient information about
the presence of moving objects. In the use of cloud-assistance, we show that the confidence levels
of lightweight object-detection models allow us to identify the frames that should be offloaded
for retraining of the model.

Thus, this thesis focuses on devising methods and algorithms that leverage the spatial impor-
tance of content and an appropriate filtering scheme for three video applications: live video an-
alytics/traffic surveillance, live video streaming, and cloud-assisted autonomous driving. These
applications are widely adopted all over the world, including in developing countries like India.
This thesis paves the way for the practical deployment by tackling the challenges and proposing
appropriate solutions:

1.2.1 TileClipper for Real-time Traffic Surveillance

Real-time traffic surveillance has now become imperative for automatically enforcing traffic rules
[14], controlling traffic lights [15], and detecting anomalous events such as accidents [16]. In
surveillance, cameras stream video to a remote server that caters to the server-side application [7],
such as object identification and vehicle tracking. However, a key challenge here is the associated
extensive BW usage. We address this challenge by identifying regions of the frames that contain
objects of interest (OoI) and streaming only those regions to the server. Generally, this requires
running computer vision techniques, which are themselves computationally intensive. The camera
usually lacks sufficient compute capability or power to run any compute-intensive algorithm. We
propose TileClipper to solve this by observing the statistical patterns in the video BR across
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regions containing OoI. This enables us to design a heuristic to identify such regions in real-
time on the camera. TileClipper provides significant bandwidth savings without stressing the
compute on the camera and the server-side.

1.2.2 Live Video Streaming Using COMPACT

The easy access to the internet on handheld smartphones has enabled live streaming, even in
remote areas. Moreover, the number of smartphones is rising rapidly in developing countries.
It is common for each family member to have a smartphone, or even for a single person to
carry multiple smartphones [17]. Each of these smartphones supports both cellular and peer-to-
peer Wi-Fi Direct connectivity. Therefore, we propose COMPACT to aggregate the network
bandwidths of multiple devices at the user end to realize multipath streaming. To enable this,
we reuse the idea of the region with the object of interest from our traffic surveillance work.
Unlike conventional techniques, before streaming we detect the most important region of the
frame for the user and separate it. Afterward, we design a scheduler to send the high-priority
and the relatively low-priority regions over different networks. Using multiple paths increases
the reliability and user QoE.

1.2.3 Pipette for Cloud-assisted Autonomous Driving

The rising adoption of vehicle automation ensures a safer commute. One such automation is
to enable cars to drive completely autonomously. This requires the cars to run neural network
models to observe the surroundings and perform necessary actions. One challenge associated with
such automation is high inference rates. To achieve this, the vehicle typically runs specialized
models that perform well only in limited scenes. Therefore, the model is occasionally retrained
to adapt to changing environments. For this adaptation, the vehicle’s frames are encoded into
a video and streamed over the cellular network to a remote server, where they are used to
retrain/finetune specialized models. Since the vehicles are mobile, the network characteristics
are inconsistent. Ensuring a quick model update thus becomes challenging. We address this
by designing Pipette that utilizes a frame filtering strategy based on the specialized models’
predictions. Before streaming, we estimate the number of training epochs and the video encoding
frame rate based on the current network characteristics. This provides an updated model with
minimum model update delay.

1.3 Organization of This Thesis

This thesis is organized as follows:
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• Chapter 2 gives details of our content-aware multipath approach, COMPACT, for improv-
ing user QoE. We discuss the results for driving and walking cellular network conditions and
compare them with single- and multipath scenarios using different schedulers. A part of this
work has been published in the proceedings of the ACM Multimedia Systems Conference
(MMSys) held in 2025 [18], with an extended version accepted in the ACM Transactions on
Multimedia Computing, Communications, and Applications (TOMM). A practical demon-
stration of this work was done at the International Conference on COMmunication Systems
& NETworkS (COMSNETS) held in 2023.

• Chapter 3 discusses our solution TileClipper’s approach and methodology for traffic
surveillance. It also provides all implementation details, extensive evaluation results con-
ducted in challenging weather and traffic scenarios, and comparisons with state-of-the-art
methods. A full paper based on this work has been published in the proceedings of the
USENIX Annual Technical Conference (USENIX ATC) held in 2024 [19], and an Indian
patent has been granted.

• Chapter 4, provides a detailed overview of our solution, Pipette, for cloud-assisted au-
tonomous driving. We evaluate under both good and constrained BW conditions across
different scenes. We compared our solution with state-of-the-art baselines. An extension of
this work that performs on-vehicle training has been submitted to the 2026 ACM SIGOPS
Annual Technical Conference (ATC).

• Finally, in Chapter 5, we conclude our current work and briefly discuss the possible future
directions to explore.





Chapter 2

COMPACT: Content-aware Multipath Live Video

Streaming for Online Classes using Video Tiles

In recent years, the popularity of online learning has increased [20, 21, 22, 23]. Students prefer
using handheld devices for online learning [24, 25] primarily due to the availability of easier in-
ternet access on smartphones. Mobile learning enables students in even remote areas to listen
to lectures from renowned universities and/or colleges. Live video streaming is the technology
serving online learning [20, 26, 27, 28, 29, 30], supported by platforms such as YouTube and
Twitch. Such services typically provide video content with a latency of the order of 5-10 seconds
[31]. However, this growth in live video streaming for online learning comes with the challenge
of providing students with a good quality of experience (QoE) to enhance their learning. Since
most live-streamed online classes are interactive, where the students can ask questions either
verbally or through chat or Q&A, all the modalities (text, audio, and video) should be in syn-
chrony to maintain the live experience [26, 27]. The current wireless infrastructure falls short
of catering to these bandwidth-hungry video applications. Although the newer generations of
wireless technologies like 5G, 6G, and WiFi-7 promise to offer high bandwidth [32, 33, 34, 35],
live video streaming still suffers from high latency and poor QoE [36, 37, 38, 39].

Several works [40, 41, 42, 43, 44, 45, 46, 47, 48] show the potential of using multiple connections
to address the shortcomings of video streaming. Multipath streaming permits leveraging multiple
available paths in conjunction. In addition, if one path goes down or has poor bandwidth (BW),
the other can compensate, given it has relatively superior network characteristics [49]. Most
students have access to multiple devices in their homes [50, 51, 52, 53, 54]. Live video streaming
can benefit from aggregating all these devices’ bandwidths. We show such a system in Fig.
2.1 where the user has two devices1, a phone and a laptop connected to the Internet through
two different Internet Service Providers (ISPs). Conventional techniques use only one device

1As a proof of concept, this work shows multipath with two devices only, which can be extended beyond. We
leave it for future consideration.

7
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Figure 2.1: A schematic view of COMPACT, indicating in blue the lines for additional connectivity

we intend to add.

(called primary) at a time to retrieve video packets (shown with black arrows). Having another
supporting device (called a helper) in parallel facilitates multipath transmission (shown with blue
arrows). The user’s devices communicate within themselves using WiFi Direct/WiFi Peer-to-
Peer connection. The use case for such a multi-device setup has been utilized and incentivized
by MPBond [55], MicroCast [56], and OASIS [57], but they did not use it for live streaming.

Current multipath live streaming techniques utilize the extra bandwidth by distributing packets
over the paths without considering the video content. Converge [40] used multipath WebRTC to
meliorate video conferencing. Furthermore, they showed that if the current multipath protocols
like MPTCP [58, 59, 60], MPQUIC [61, 62, 63], and MPRTP [64] are used as is for live video
conferencing, they perform worse than single-path due to head-of-line (HoL) blocking caused by
out-of-order packet arrival. TwinStar [41] sends frames in a round-robin fashion on the available
paths, allocating bitrate jointly while encoding. AggDeliv [42] optimizes congestion control of the
multiple paths to adapt them for mobile live video delivery. However, none of these techniques
considers the relevance of spatial content. Therefore, these systems encode the whole content at
a lower bitrate (BR) to accommodate it within the available BW.

The Case for Content-Aware Streaming: We first argue that the content of the video
matters in terms of how packets should be scheduled over a multipath network. To illustrate
this argument, we consider the case of a classroom where an instructor is teaching. The body,
face, and gestures of the instructor are what the students focus on the most, indicated by the
fact that they have the highest saliency [65, 66, 67]. Thus, these portions of the frames/video
should have the highest quality. Therefore, streaming should be content-aware. Note that just
cropping the face or blurring the background is not prudent, as it impairs the QoE. This is
because online classes not only have scenes with the instructor talking, but also slides and
whiteboards. Besides, occasionally, we even see instructors’ videos hovering over the background
(BG) with slides. These use cases make sending and rendering the BG with the foreground (FG)
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indispensable. However, since the frequency of changes in the BG is lower and delays in rendering
the changes in the background are not as significant as those in the instructor’s body, face, and
gestures, rendering an outdated BG suffices. Several works like [68, 69, 70, 71, 72] utilized
content awareness in sports, lectures, gaming, and surgical videos. However, they focused only
on playback speed control based on the content type and not on scheduling over multipath
networks.

Our Solution: To resolve the problem of unreliable cellular networks, we propose COMPACT

system that uses content-aware multipath live video streaming for live online classes, where
we stream spatially segregated video content for transmission over different paths. For example,
considering the case of the classroom, the portion of the video containing the teacher’s face/body,
the foreground (FG), is streamed at high quality through the path with the highest bandwidth
and least latency (referred to as the primary path). The relatively static background (BG)
content can be sent through the path with lower throughput, referred to as the secondary path.
COMPACT reasons rendering the current FG with the previous BG in case the BG gets delayed,
as the changes in BG are less frequent. Since modern smartphones have two interfaces suitable
for video streaming – cellular and WiFi, it is sufficient to consider only a binary choice (FG and
BG) to obtain an efficient solution.

To segregate a video into two different categories, FG and BG, we use the High-Efficiency Video
Codec (HEVC/H.265) [73], as it supports creating spatially independent rectangular blocks in
a video, called tiles (shown in Fig. 2.2(a)). Tiles can be removed, swapped, and/or added
independently in real-time without affecting the rest of the video, provided the initial encoding
uses tiles. Note that segregating only the speaker is computationally intensive, requiring image
segmentation. Due to the changing BG, albeit with less frequency, BG subtraction gives poor
accuracy. Using tiles gives us coarser yet faster FG detection using a face-detection model. We
create two subsets of tiles; one has only the FG, typically containing the face and body of the
speaker, while the other contains only the BG.

Content-aware Scheduler: Choosing the right path for the set of tiles is crucial because a
wrong decision can lead to HoL blocking due to out-of-order delivery of tiles. For instance, if the
BG tiles reach earlier, we would still have to wait for the FG tiles, causing unnecessary stalls.
We found in our experiments that using conventional schedulers like MinRTT and Musher [74],
used in MPQUIC and MPTCP, respectively, does not improve but leads to worse QoE (§2.1.3).
Because the number of tiles to stream should depend on the asymmetric path characteristics. In
cases where the FG set has fewer tiles than the BG set, a few tiles from the BG can be shifted
to the FG if the path over which FG is being streamed has sufficient BW. Since conventional
schedulers lack such knowledge, they fail to leverage the full potential of multiple available
paths. Furthermore, the quality of the two tilesets can be varied independently based on the BW
if streaming at a certain quality level is not possible.
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COMPACT utilizes its own scheduler to fulfill the above requirements. The scheduler keeps
track of the round-trip-time (RTT) and available bandwidth (BW) estimates of each path (we
use two paths in this work). Depending on the RTT and the BW estimates, it either shifts
tiles from BG to FG, varies the quality level, or does both. It finds an appropriate schedule by
maximizing the utility function.

We implement COMPACT at the user level in Java using Stream Control Transmission Protocol
(SCTP) [75, 76] under the hood. We use SCTP due to its in-order packet delivery with con-
figurable retransmissions at the stream level to fix transport-level HoL blocking. Several prior
works [43, 44, 45, 46] used it for video streaming applications. We evaluate COMPACT on
the real network and in different scenarios using traces replayed using Mahimahi [77]. We find
that COMPACT performs superior to the baselines, improving the median stall and E2E lag by
70.6% and 28.57%, and the tail stall and lag by 83.9% and ≈ 80% on a bus trace.

Contributions: Our main contributions are as follows:

1. We propose to leverage the different levels of importance of the spatial regions in streaming
videos for online classes. This helps split the videos into foreground and background categories,
which can be streamed through different network paths. To the best of our knowledge, we are
the first to utilize such spatial segregation for multipath live video streaming.

2. We implement our own content and path-aware scheduler to address the shortcomings of the
past multipath schedulers. COMPACT is open-sourced on GitHub2 to spur further research.

3. We evaluate COMPACT on diverse network conditions, including a live test on the actual
cellular network. It reduces the median stall by 3.4× and the 99th percentile tail stall by 6.2×
compared to the single path. It further improves the median E2E lag by 28.57% and tail lag
by ≈ 80%.

2.1 Background & Motivation

In this section, we first briefly discuss video tiles and their use cases in live video streaming. We
then discuss the challenges of using tiles for multipath live streaming. Lastly, we study the use
of conventional packet-level multipath schedulers at the tile level.

2.1.1 Video Tiles for Streaming

Modern video compression standards like HEVC [73], AV1 [78], and VVC [79] support encoding
videos by splitting them spatially into a grid of rectangular blocks referred to as tiles (Fig.

2https://github.com/shubhamchdhary/COMPACT

https://github.com/shubhamchdhary/COMPACT
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(a) (b) (c)
Figure 2.2: (a) Video with 4×4 tiles. The foreground is highlighted in green and the background in
blue. The video is publicly available under Creative Commons License [1]. (b) The bitrate of the full
video is ≈1.7× and ≈4× the bitrate of foreground and background content, respectively. (c) shows that
shifting tiles from the background (BG) to the foreground (FG) reduces the BG video size proportionally.

2.2(a)). These tiles are treated as independent entities, i.e., they can be manipulated without
affecting the rest of the video. Due to their ease of manipulation and flexibility, tiles are widely
used in 360◦ and VR videos [12, 80, 81, 82]. Tiles also have the advantage that removing them
reduces video filesizes (refer to §). We show this in Fig. 2.2(c), where shifting a certain number of
tiles from BG to FG increases FG filesize while decreasing BG filesize. This allows adjusting the
number of tiles in each path to handle the differences in network bandwidths. Since tiles allow
independent decoding, the FG can be rendered without waiting for the BG to arrive, reducing the
overall latency. Tiles can also be encoded at different quantization levels, thus allowing another
parameter to adjust according to the available network BW.

The separation of spatial content into FG and BG tiles reduces the overall video streaming
bandwidth requirement. We show this in Fig. 2.2(b) where for a total of 400 video segments (a
bunch of frames when encoded is called a video segment), the FG tiles bitrate (BR) is ≈ 1.7×,
and the BG tiles bitrate (BR) is ≈ 4× lesser than the video with all tiles. This reduction in video
bitrate demonstrates the utility of coupling tile-based streaming with multipath networking. This
implies that if streaming a high-quality video over a single path is not viable, resorting to FG and
BG tiles for multipath streaming makes it feasible without losing out on the quality of experience.

2.1.2 Tile-level versus Packet-level Streaming

Relying on tile-level streaming for live video delivery helps eliminate the packet-level HoL-
blocking. We intuitively show this using Fig. 2.3. Consider the case of conventional multipath
streaming at the packet level, where the encoded video segments are bifurcated into smaller
packets, which are distributed across the multiple paths based on the network characteristics. At
the other end (receiver-side), all packets should be received to decode and render the streamed
segment. If any packet gets delayed, lost, or arrives out of order, the whole video reconstruction
is hampered, leading to video stall/freeze. Moreover, if the paths are highly heterogeneous, the
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Figure 2.3: Difference between tile and packet-level multipath streaming. Streaming at the packet
level distributes packets across the paths and mandates the reception of all the video packets for video
reconstruction. While in tile-level streaming, all packets of a tile-set are streamed on a single path,

making it independently receivable and decodable.

packets of the worst path will likely get delayed. Thus, even by reducing video quality and
scheduling fewer packets on the worst path, there is no way to reduce video stalls.

Piggybacking on tile-level streaming helps resolve the packet-level HoL-blocking. This is true
because, unlike distributing packets across multiple paths, in tile-level streaming, all the packets
of a tile are streamed through one single path. This eliminates the possibility of HoL blocking
caused by inter-path packet delay. We show this in Fig. 2.3 where the video is divided into two
tilesets, A and B. Tileset A is streamed over Path 1 while Tileset B is streamed over Path 2.
All the packets of a tileset are sent over a single path. Since tiles are independently decodable,
even if the paths are highly heterogeneous, the tileset reaching first can be rendered without
waiting for the other. Thus, it reduces the video stalls and allows FG and BG to be encoded at
different quality levels.

2.1.3 Limitations of Conventional Schedulers

Fig. 2.4 demonstrates the stall duration and the application-level end-to-end (E2E) lag for differ-
ent packet-level and tile-level schedulers (refer to §4.3 for details on the metrics and schedulers’
implementation). We run the experiment on a 5-minute lecture video. We replayed Pensieve’s
[83] open-sourced bus trace files (bandwidth patterns shown in Fig. 2.10(b)) on both paths.
We note that all the packet-level schedulers, PMin (MinRTT), PBF (Balanced Subflow Comple-
tion), and PMu (Musher), incur the highest median lag and introduce median stall similar to
single-path streaming. This is evident because the path heterogeneity causes HoL blocking due
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Figure 2.4: Median end-to-end (E2E) application-level lag and video stall duration of different packet-
level (PMin, PBF, and PMu) and tile-level (CMin, TBF, and TMu) multipath schedulers compared to

individual single paths (SP1 and SP2).

to out-of-order packet arrivals. Thus, conventional packet-level schedulers fail to fit for live video
streaming.

If these schedulers are modified to work at the tile level, then all of them (CMin, TBF, TMu)
perform better than packet-level schedulers (PMin, PBF, PMu) and single paths (SP1 and SP2)
in terms of both E2E lag and stall. However, this improvement is marginal because of the tile-
level HoL blocking. Although the tiles sent over the better path reach earlier, it has to wait
for the rest to arrive, causing unnecessary lag. This problem persists even if the scheduler is
content-aware, as illustrated by CMin (Content-aware tile-level MinRTT) being worse than TBF
(tile-level balanced subflow). This example shows that being content-aware is not enough. This
is due to the dependence of the FG on the BG. TBF achieves a superior tradeoff among all
conventional schedulers. It manages to do so because it tries to equalize the completion times
(time to send all the tiles of a set) of tiles across paths. TMu (tile-level Musher) behaves similar
to CMin even though it distributes tiles in proportion to the available bandwidths. Therefore,
content-aware schedulers need to distribute the tiles well to minimize the completion time.

2.1.4 Challenges of Using Tiles

While using tiles for multipath live streaming has advantages, three major challenges are associ-
ated with tile-level live streaming.

C1) Content-Obliviousness of Tiles: Tiles themselves do not have any knowledge of their
content. Using an arbitrary splitting technique to get FG and BG sets leads to suboptimal
performance (discussed in §2.4). Since there is no foreground and background, the receiver device
is, therefore, obliged to wait for all the tiles to arrive before stitching. This causes unwanted HoL
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Figure 2.5: Architecture and workflow of COMPACT.

blocking, leading to high E2E lag and stall. Thus, it is imperative to divide tiles depending on
the content so that if only the FG tiles reach, it is renderable with the recently cached BG tiles.

C2) Requirement of Fair Allocation of Tiles: After creating two sets of tiles, the BG can
have more tiles than the FG. Since we stream BG over the low-bandwidth path, it may not fit
within the bandwidth limit. In such cases, instead of encoding the BG tiles with a lower bitrate,
some of its tiles can be allocated to FG because shifting reduces filesize (Fig. 2.2(c)). Such
relocation of tiles gives the opportunity to stream BG tiles at relatively higher video quality as
they are shifted to the FG tileset. It is, therefore, crucial for the system designer to consider
appropriate tile allocation.

C3) Dependencies among FG and BG Tiles: Upon receiving all the tiles, the receiver
stitches them as a single video and renders them on the screen. However, delayed reception of
BG tiles can cause unwanted video stalls and HoL blocking. Although playing only the FG tiles
is possible, it leads to worse QoE. It is important to break the strong dependency between FG
and BG tiles.

2.2 Design of COMPACT

COMPACT’s design is based on the following key observations: (1) at a particular time and
location, all ISPs generally do not suffer equally from poor throughput [84], (2) a significant
number of people often carry multiple smart devices that can be collaborated to leverage their
aggregated bandwidth [50], (3) background in live online classes is mostly static, and changes
are less frequent than the foreground, therefore, FG can be rendered with an outdated BG, (4)
content-aware segregation of tiles allows streaming at a higher bitrate (better quality), and (5)
BG can be encoded at a lower bitrate than FG because people pay more attention to FG [68, 69].
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2.2.1 System Architecture

We show COMPACT’s architecture and workflow in Fig. 4.7. At the streamer side, the camera
sends raw frames to the system where FG Detector identifies the tiles containing any human
face using a DNN (§4.3). Thereafter, the Scheduler uses the marked tiles to create FG and BG
sets with tile indices. Based on the network statistics (RTT and BW), the scheduler decides
what quality/bitrate to keep for the two categories (FG & BG), along with the number of
tile shifts if needed (§2.2.2). Besides, it chooses the path with the minimum completion time
=

(
RTT
2 + Filesize

BW

)
, called the primary path, to stream the FG tiles. The other path is called the

secondary. BG tiles need not be streamed through the helper device only. It can be sent through
the direct path too, depending on the network characteristics.

Finally, Scheduler notifies the Tile Segregator, which passes the raw frames received from the
camera to the FG and BG encoder to generate two tiled video segments, one for FG and another
for BG. These encoded segments are stored in their corresponding sending queues (FG Segment
Queue and BG Segment Queue). Although called FG Tile Encoder, the encoded segments can
also have a few relocated tiles of BG. Subsequently, the Streamer module streams the video
segments from the queues over the network through primary and secondary paths. In addition,
it performs another important task of maintaining the network’s RTT and BW estimates of each
path using separate probe channels discussed in the next subsection. The Helper Device just
relays the received tiles to the Primary Device.

As on the streamer side, the received tiles are first stored in queues on the primary device (where
the user watches the video). The decoders for FG and BG fetch the segments sequentially from
these queues and pass on the decoded frames to the Tile Stitcher. On receiving the FG and BG
frames, the stitcher clubs these two subframes together to play as a single video (shown in Fig.
2.6). At times when the BG segments get delayed, the stitcher uses the last rendered BG stored
in BG Tile Cache for rendering. The Receiver module communicates with the Streamer to echo
back probe packets required for network RTT and BW estimation.

To get the right schedule, having a good enough estimate of network characteristics like RTT and
BW is crucial. We create a total of four probe channels, two for RTT and two for BW. To estimate
the RTT of each path, we send timestamps from the streamer machine to the primary, which is
echoed back. The difference between the receiving time and the sent timestamp is the RTT. We
attach timestamps in the custom headers of the sent video segment tiles to probe the network
BW. The primary device dissects the header and replies with the demarcated timestamp. We
use this timestamp to calculate the total sending time to infer network BW. The instantaneous
RTT and BW are noisy in nature. Similar to prior works [85, 86], we use the harmonic mean
(HM) of the past five values to smoothen the estimates.
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+ =

(a) (b) (c)
Figure 2.6: Tile stitching: (a) background tiles and (b) foreground tiles stitched into a single video in

subfigure (c).

Once the tiles are streamed from the sender based on an appropriate schedule, they might arrive
at different moments in time at the primary device. If the BG tiles are delayed too much (more
than the inter-frame delay), it can lead to stalls because we cannot render the FG tiles alone.
Therefore, we need some way to handle the out-of-order arrival of the two sets of tiles. In online
classes, the background (slides, whiteboard, or texts) is mostly static, and the changes are less
frequent than those of the speaker (foreground). Therefore, the same BG can be rendered for
multiple foregrounds. This opens the possibility of breaking the tight coupling between FG and
BG tiles. In cases where the BG tiles are delayed, the previous BG can be stitched along with
the current FG tiles to render.

2.2.2 Tile Scheduler

We now discuss our content-aware scheduler. Once we get the two sets of tiles for foreground
(FG) and background (BG), respectively, timely delivery of both of them to the player side is
crucial. Any delay caused increases the stall duration between two consecutive segments. For
a video encoded at 25fps, the inter-frame delay δ is 40ms. Any extra time required beyond
40ms is, therefore, considered a stall/freeze. To have the best quality of experience, the quality
(bitrate) of the played video should be the highest with the least stalls and quality switches
within and across the segments. Borrowing from prior works on tiled streaming [87], we define
a utility function to capture users’ QoE as a weighted sum of user-perceived video quality, stall,
inter and intra-segment quality switches.

Let there be total N tiles with m tiles in FG and n tiles in BG set. The variables QFG and QBG

denote the quality defined in terms of the video quantization parameter (QP) of tiles in FG and
BG, respectively. Let the size of each tile in FG and BG be RFG(QFG) and RBG(QBG) for a
certain quality level QFG and QBG of foreground and background.

Filesize of Tiles: We note that our scheduler maps all tiles of FG and a limited number of tiles
of BG to the primary path. Assuming a total of o BG tiles use the primary (i.e., the higher BW)
path, the data FP and FS sent through primary and secondary paths are:

FP = RFG(QFG)×m+RBG(QBG)× o;FS = RBG(QBG)× (n− o) (2.1)
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User-perceived Video Quality: The video quality Qt of a segment t, the user observes,
depends on the quality of the FG and BG tiles rendered. Mathematically, if β1 and β2 denote
the weights given to the quality of FG and BG, respectively, the video quality Qt is:

Qt = β1QFG + β2QBG = β1(m+ o)qt(lFG) + β2(n− o)(1(K)qt(lBG)− p(t)) (2.2)

Here, the function qt(.) returns a normalized quality value for a given quantization level lFG and
lBG for the FG and BG, respectively. In case of delayed delivery of BG tiles beyond a threshold,
the player can choose to render received FG tiles by stitching them with the previous segment’s
BG tiles, caching the current ones. This depends on the completion time captured using the
indicator function 1(K) which is 1 if

((
RTTS

2 + FS
BWS

)
−
(
RTTP

2 + FP
BWP

))
< δ else 0. The path

with the least completion time is referred to as the primary path P where FG tiles are scheduled.
Here, BWP and BWS are the estimated bandwidths, and RTTS and RTTP are the estimated
RTTs of primary and secondary paths, respectively. p(t) = max(Qt) penalizes if the BG tiles of
past segments are rendered. We set β1 and β2 to 0.6 and 0.4, respectively to prioritize FG tiles.

Quality Switches: The quality levels of the tiles on the player side can be different across and
within a segment. There should be a graceful degradation of quality for better QoE. We use I1

and I2 to penalize abrupt changes to control inter-segment and intra-segment quality switches,
respectively. We define these as:

I1 = |Qt −Qt−1| = |qt(lFG+BG)− qt−1(lFG+BG)| (2.3)

I2 = |QFG −QBG| = |qt(lFG)− qt(lBG)| (2.4)

Stall Duration: The stall duration depends on the completion time of a video segment. A stall
occurs when the tiles of the current segment reach after the play time of the previous segment
Pt−1. Therefore, assuming primary path (P ) is the fast path, for a segment t the stall Lt can
defined as:

Kmax = max

(
RTTP

2
+

FP

BWP
,1(K)

(
RTTS

2
+

FS

BWS

))
(2.5)

Lt = max((Kmax − Pt−1 − δ), 0) (2.6)

Here, Kmax is the maximum of the sending times on the primary and secondary paths, the
indicator function 1(K) becomes zero when all BG tiles are shifted to FG, otherwise, it is one.
The objective of the scheduler is to split the total tiles into primary and secondary paths in such
a way as to maximize the utility function below.
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Figure 2.7: Video bitrate reduces with in-
creasing quantization parameter (QP).

Figure 2.8: Increasing the # of frames in
the encoded video segment increases filesize.

Maximize Utility = α1Qt − α2I1 − α3I2 − α4Lt − α5St (2.7)

Here, St is the absolute difference in the number of tiles shifted from the background to the
primary path between the last and the current segment. It refrains from abrupt tile relocations
between two adjacent segments. We borrow the weights assignment strategy of [83, 88] keeping
α1 = max(Qt), α2 to α4 equal to 1, and make α5 = 0.1. We use an exhaustive search over all
possible tile shifts, FG, and BG QP changes to get the right schedule for every segment, which
takes <= 1ms.

Moreover, we need to estimate the filesize of tiles for each QP value while scheduling because
the segment is encoded after getting the right schedule. To estimate the filesize, we rely on Fig.
2.7, which depicts that for a QP reduction of 3, the filesize/bitrate increases by 1.2×. We use
the filesize of the previously streamed segment and a multiplying factor of 1.2 to approximate
the filesize for every QP during the exhaustive search.

2.3 Implementation

We implement the host/streamer and the joinee/viewer side of the COMPACT in Java. We use
a Linux machine as the host device and two other Linux PCs as helper and primary devices. We
now discuss each of the components in detail.

1. Video Encoding: Since COMPACT uses tiled videos for streaming, we use an open-source
HEVC encoder, Kvazaar [89], to encode the raw frames into a grid of 4 × 4 tiles. Other
configurations are also possible. However, we empirically found this configuration works well
for us as it balances encoding overhead and stitching complexities similar to prior works
utilizing tiles [9]. Our encoding pipeline begins by capturing raw frames from the screen
(simulating a camera) using FFmpeg [90]. We then encode these frames into a tiled HEVC
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video. We use GPAC [91] for tile manipulation and packing segments into an mp4 file. This
process repeats for each video segment. We keep the framerate fixed at 25 (used by most
live video streaming works [40, 92]). Each segment contains four frames, balancing encoding
time and compression efficiency. We note from Fig. 2.8 that segments with 4 frames have
approximately the same mean filesize as 2 frames, but it escalates faster from 6.

2. Foreground Detection: We argued in §4.2 that COMPACT is content aware. We use a
pre-trained ResNet model available at [93] for face detection to detect the FG content. Once
we have the coordinates of the bounding boxes of the detected faces, we identify the tiles
containing these boxes as the FG tiles and the rest as the BG tiles. In the case of presentation
slides, the model detects no human face, so we keep a horizontal split with eight tiles in both
FG and BG.

3. Transport Layer: We use Stream Control Transmission Protocol (SCTP) to stream the
video segments because it provides in-order delivery, configurable retransmission, flow, and
congestion control. We use UDP under the hood for all the control channels. Apart from
SCTP, QUIC [94] is another transport protocol that precludes transport-layer HoL-blocking.
QUIC is built on top of UDP, borrowing ideas from SCTP. Since SCTP is a relatively older
protocol, multiple live-streaming techniques [43, 44, 45, 46, 95, 96, 97] have used it. QUIC,
till date, is mostly explored in video-on-demand setups. While we have explored utilization
of QUIC in our concurrent work, we do not discuss it here as the focus of our thesis is on the
decision-making.

4. Helper & Primary Device: The helper’s job is just to relay the received tiles to the primary
device. To keep the overhead minimal, we use the Linux utility socat (SOcket CAT) [98], which
acts as a socket-based bidirectional stream relay running on the helper. The primary device
receives all the tiles, stitches, and plays them. Once the tiles of both paths are synchronized,
we use OpenCV to stitch/join and render the FG and BG tiles.

The different tasks performed on the streamer and the receiver devices are asynchronous. We
use multi-threading to parallelize the tasks. For instance, the video segment encoder can inde-
pendently capture and encode videos, while the sender thread can parallelly stream the encoded
videos. The encoder should not wait for the sender thread to complete sending. We use evicting
queues3 of size two to exchange information between threads.

Baselines: We compare COMPACT with the different conventional schedulers at both the
packet level and tile level. All the tile-level schedulers, except CMin, are unaware of the video
content.

3FIFO queues with auto-dequeuing on exceeding queue size are referred to as evicting queues.
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(a) Video 1 (b) Video 2 (c) Video 3 (d) Video 4

Figure 2.9: Screenshots of the four videos used for evaluations.

1) Single Path: For the single path, we always stream on one of the paths without any scheduler.
We denote as SP1 when using only Path 1 and SP2 when streamed on Path 2 only.

2) MinRTT: This is the default scheduler in MPQUIC and MPTCP. At the packet level (PMin),
it sends all the segments’ chunks (MTU-sized packets) through the path with minimum RTT.
We even make it content-aware at the tile level (CMin) to show that, without tile shifting and
out-of-sync FG and BG playback, it behaves similarly to oblivious tile-level schedulers. CMin
sends FG tiles to the minimum RTT path and BG tiles to the other one.

3) Musher: This is another MPTCP scheduler that allocates packets proportional to paths’
bandwidth (PMu) [74]. At the tile level (TMu), we assign tiles based on the available bandwidth
of the paths.

4) BFlow: We implement balanced subflow completion (DEMS [99]) at both packet (PBF)
and tile level (TBF). The core objective of BFlow is to minimize the difference between the
completion times of the sent data (packet for PBF and tiles for TBF) on both paths.

Dataset: We selected four lecture videos from YouTube [100, 101, 102, 103], each lasting 4-5
minutes. Fig. 2.9 shows screenshots of the videos used for the experiments. The videos have
a mix of scenes, with Video 1 having two speakers delivering a lecture. Video 2 and Video 3
have one speaker in the FG with different BGs. Video 4 is similar to Video 3, with the only
difference being that it has slides showing up frequently. We used these videos as they represent
the typical online class setup and provide us with sufficient diversity to check the robustness of
our technique. For each session, we replay these downloaded videos with a live digital clock to
calculate E2E lag.

Performance Metrics: For extensive evaluations, we employ E2E lag and video stall to
quantify the quality of experience. We do not report the quality of baselines individually in the
evaluation because we kept it identical to COMPACT. This ensures a fair comparison of factors,
such as end-to-end latency and stalls. Thus, we first ran COMPACT, logged its FG and BG
quality for each segment, and then reused it in all other baselines while streaming.

Our application-level E2E lag is defined as the difference between the time a frame appears on
the streamer screen/camera and when it reflects on the viewer’s screen. It depicts the actual lag
that the user perceives. To measure E2E lag, we follow the strategy shown in [104], where we put
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(a) E2E Lag Computation (b) Bus trace

(c) Car trace (d) Walk Trace

Figure 2.10: (a) Screenshot showing both the streamed digital clock and the local one. We record
only the portion inside the yellow box for text detection to calculate lag. (b), (c) and (d) depict the

bandwidth patterns of the replayed trace for the experiments.

a live digital clock on the video we stream. We also run the same clock on the receiver end and
put it on the playing video. Afterward, we use a screen recorder to capture only the portion of
the screen displaying the clocks (yellow box in Fig. 2.10(a)). Thereafter, we extract frames from
the recorded video and run PyTessaract [105] OCR to recover the clocks’ text. The difference in
the detected texts is the E2E lag. While recording the clock texts, we reduced the capture rate
to 10fps to reduce the number of OCR inferences, which is time-intensive. Note that we discard
a few frames where the OCR fails to detect texts (≈ 8% on average). Our stall represents the
inter-segment delay, which is the interval between the render time of the last frame and the first
frame of two consecutive video segments.

2.4 Evaluation

We now discuss the performance of COMPACT under various network conditions and the
overheads of its different components.
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Figure 2.11: Stall with traces while traveling in a bus, traveling in a car, and walking

2.4.1 Trace-driven Results

To extensively evaluate COMPACT under various network conditions, we use trace files [106],
open-sourced by Pensieve [83], collected while traveling in a bus and a car. Besides, we even
collected two walking traces ourselves. We chose these traces to evaluate COMPACT under
challenging network cases with high bandwidth fluctuations and RTTs. Since many countries in
the world still witness poor bandwidth (< 3Mbps) [107, 108], we scale down the bus and car trace
accordingly to the same range to evaluate for such scenarios. We report the bandwidth patterns
in Fig. 2.10. In each case, we replay two traces of the same category on the two available paths
using Mahimahi. If a trace ends early, it gets replayed automatically. We show the video stall
and E2E lag in Fig. 2.12.

Stall: When streaming over a single path, we note that the median stall reaches 180ms on all
traces. The median performance of packet-level schedulers (PMin, PBF, and PMu) is similar
to or slightly worse than single paths. This is due to the HoL blocking caused by the out-of-
order delivery of packets because of path heterogeneity. Therefore, packet-level schedulers fail
to leverage the benefits of multiple paths. The network characteristics of bus and car traces are
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distinct, therefore, the tail values (99th percentile) of single paths differ by ≈ 3× while on the
walk trace, it is almost the same for packet-level schedulers and single paths. Except for the
PMin, the rest of the packet-level baselines experience larger tail stalls. Since PMin picks the
path with the minimum RTT to stream all packets through that path only, it manages to avoid
out-of-order packets.

At the tile level, conventional schedulers reduce the median stall by at least 35% compared to
the best single path (single path with the least stall) and observe a lower stall than packet-
level baselines. Even the basic content-aware tile-level MinRTT (CMin) scheduler shows a trend
similar to oblivious tile-level schedulers on all traces, validating that mere content awareness is
insufficient. Tile-level schedulers are superior to packet-level schedulers because tiles intended
for a path are sent only through that path, thus completely removing inter-path HoL blocking
because only a smaller size BG is scheduled on poorer paths, unlike packet-level schedulers that
do not consider this. However, the tail stall still dominates due to the dependency between FG
and BG tiles.

Compared to all baselines COMPACT induces the least median and tail stall with 48ms and
245ms, respectively, on the bus trace, 59ms and 379ms on the car, and 59ms and 307ms on the
walking trace. On the bus trace, it experiences 3.4× less median stall than the single path best,
3.5× less than the best packet-level scheduler (PBF), and 2× than the best tile-level scheduler
(TBF). Similarly, the reduction is 2.9× (single path best), 2.4× (PBF), and 1.9× (CMin) on
the car trace and ≈ 3× (single path best), 3× (PMin), and 1.9× (CMin) for the walking trace.
In terms of tail stalls, on the bus and car traces, COMPACT manages to reduce it by at least
1.5× compared to the single path best and packet-level best, while 2.6× in contrast to tile-
level best. On walking trace, its tail is 44ms smaller than TBF (best) and 84ms than PMin.
The asynchronous playback of FG and BG tiles of COMPACT helps alleviate the video stalls
dramatically.

E2E Lag: In terms of E2E lag, on all traces COMPACT experiences either the least lag or is
comparable to tile-level schedulers. However, in terms of tail lag, it is always better than TBF
and TMu on all the traces. The lag (median E2E lag) of single paths and packet-level baselines
is almost similar in all the scenarios. Tile-level schedulers are marginally better than packet-level
schedulers in terms of lag. Except for MinRTT (PMin and CMin), the rest of the schedulers
witness large tail lags on the car trace. Since the bandwidth is superior in our collected walking
trace, all the schedulers manage to keep that median lag below 1s and tail lag below 4s.

COMPACT’s median lag is 28% lower than single path best, 23% than the lowest of packet-
level schedulers, and similar to the lowest of tile-level. Compared to TMu and TBF (both
perform almost the same), the 99th percentile lag is 1.7×, 1.1×, and 2.5× less on bus, car,
and walking trace, respectively. We note that all the schedulers are consistently better on the
walking trace due to the higher bandwidth (Fig. 2.10(d)). The evenness vanishes when the paths’
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Figure 2.12: E2E lag with traces while traveling in a bus, traveling in a car, and walking

characteristics differ under the bus and car traces. Due to the same streaming video quality, all
schedulers encounter a similar median E2E lag. All the above observations vouch for using tiles
and multipath-based live-streamed classes.

Out-of-order FG and BG stitching: In the cases where BG gets delayed, COMPACT

stitches the current FG with the cached most recent BG. This helps significantly reduce video
stalls and lag. We quantify in Fig. 2.13 the number of times such out-of-order stitching occurs
while running each of the traces for all four videos. We note that these out-of-sync playbacks
happened 46.8%, 43.6%, and 40.3% on the bus, car, and walk trace, respectively. These events
are fewer on the walking trace due to the more consistent bandwidth compared to the bus and
car traces.

Perceived Video Quality: For all the packet and tile-level schedulers, the player renders
the streamed video without any changes. Therefore, there is no scope for quality degradation
compared to the encoded video streamed from the streamer. However, COMPACT stitches the
previous BG in case it gets delayed. Now, we show that such asynchronous stitching does not
hurt the user experience because the BG remains mostly static. VMAF is known to capture
human-perceived video quality more accurately than PSNR and SSIM. Therefore, we report the



Chapter II: Content-aware Multipath Live Video Streaming for Online Classes 25

Figure 2.13: Out-of-sync Playback: shows
the proportion of time FG and BG tiles played

out-of-sync.

Figure 2.14: Perceived mean video quality
(VMAF score) for all four videos on the bus

trace.

VMAF score. We show the mean video quality of all four videos perceived by the viewer in
terms of VMAF score [109] for the bus trace in Fig. 2.14. We utilize the open source [110]
implementation of VMAF for calculations. We note that compared to the baselines, the VMAF
score of COMPACT drops marginally by 8.15% even though it renders a previous BG 46.8%
(Fig. 2.13) of the time on the bus trace. This implies that although out-of-order FG and BG
stitching theoretically degrades the video quality, it is marginal in practice. Note that the quality
for all the baselines remains the same because we use the same streaming quality for all of them.

2.4.2 Adaptability to Path Fluctuations

To validate COMPACT’s adaptability to drastic and abrupt network fluctuations, we create two
traces for each path. We fixed Path1’s bandwidth to 1.6Mbps and Path2’s to 1.2Mbps with a
standard deviation of 10Kbps. We make the Path2’s bandwidth suddenly dip to 100Kbps. We
replay these traces and run COMPACT for 4 min on a video with only slides. To confirm the
desired trace patterns, we run Iperf to get the bandwidths of both paths in Fig. 2.15.

To capture COMPACT’s response to the abrupt change in the BW, we show the number of tiles
scheduled on each path in Fig. 2.15. We observe that before 135s, our scheduler distributes the
tiles proportionally to the paths’ estimated bandwidths. However, soon after, when Path2 went
down, COMPACT detected the change and adapted accordingly by gradually shifting most of
the tiles to Path1 only, demonstrating robustness to sudden network variations.

2.4.3 Live Experiment

For the live experiment, we run COMPACT on the actual cellular network. As shown in Fig.
2.1, we keep the same setup and use three Linux desktops: one acting as the streamer to live
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Figure 2.15: Number of tiles scheduled on each path when the network changes drastically.

(a) Our Setup (b) (c)

Figure 2.16: (a) shows our live experiment setup. COMPACT observed (b) stall and (c) E2E lag
while streaming over the actual cellular network during the live experiment.

stream videos (with 15th Gen Intel i7 having 16GB RAM), another as the helper (with AMD
Ryzen 5 with 16GB RAM), and the third one as the client playing the video (equipped with
12 Gen Intel i7 with 32GB RAM). All machines access the internet via the cellular network,
using three smartphones via USB tethering. Furthermore, we connect the primary and helper
desktops together using a separate WiFi connection to relay the tiles. In actual deployment, the
application on the primary can be made to discover and connect to an available helper device.
Like trace-driven experiments, we streamed one of the four videos that ran a live digital clock
to measure E2E lag and stall (reported in Fig. 2.16). We utilized the publicly accessible IPv6
addresses from the helper and the client to connect to the streamer. We note from Fig. 2.16
that the experienced median stall is 28ms with a tail of 1055ms. The median lag is close to 1s

with a tail latency of 3.75s. The mean QP for the FG and BG tiles during the streaming was
33. Here, the lag values are worse than trace-driven results due to a poor cellular network, with
a mean BW and RTT in the order of 833.4Kbps and 425ms, respectively.
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Table 2.1: Overheads of different components of COMPACT

Encoding FG Detection Scheduling Stitching
277 ms 56 ms 1 ms 1 ms

Figure 2.17: End-to-end (E2E) application-level lag and video stall duration of the different schedulers
on individual videos used in the large-scale evaluation for the bus trace. COMPACT consistently

performs better than the baseline schedulers

2.4.4 Microbenchmarks

Overheads: We log in Table 2.1 the mean overheads (in ms) of each individual component of
COMPACT. We observe that scheduling and stitching take almost negligible time of 1ms. Tiled
video encoding incurs the greatest latency due to the software-based encoder Kvazaar. We rule
out using a faster preset as it degrades the final video quality. Moreover, screen capture using
FFmpeg also contributes to the encoding overhead.

Our encoding happens in two steps: raw frame capture and HEVC encoding, and FG and BG
generation, where the former takes most of the time (> 85%). On average, the model used for
foreground detection takes 56ms to recognize human faces in the streamed videos. We parallelize
detection with the frame capture thread to amortize this overhead.

Video-wise Results: We show COMPACT’s median lag and stall on individual videos in
Fig. 2.17 for the bus trace to show the effect of different video types. V ideo1 consists of two
speakers with no slides, and the other three videos have only one speaker. Specifically, in V ideo2
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and V ideo3, the instructor uses slides to convey whatever he is teaching. V ideo4 has animation
playing in the video in between.

We note that COMPACT consistently achieves lower lag and stall than the baseline schedulers
across all videos. All the packet-level schedulers incur stalls similar to single-path streaming, thus
failing to benefit from multiple paths. Because inter-path out-of-order packet delivery is absent,
tile-level schedulers are better than packet-level schedulers. Among the tile-level schedulers,
CMin gives the fewest stalls. The out-of-order playback helps COMPACT to have the least
stall. Since only V ideo2, V ideo3, and V ideo4 have frequently changing screens between slides
and the speaker, they are encoded at a higher bitrate than V ideo1. Therefore, the E2E lag and
stall are highest for them for SP2 (the worst path).

2.5 Related Works

Content-aware video streaming: Streaming video with consistent quality over a cellular
network is difficult due to its variable bandwidth, packet loss, and latency. HotDASH [111]
relies on temporal content awareness for adaptive video streaming. They decide the video’s
encoding rate based on the network characteristics. This can lead to poor streaming quality due
to the single path’s limited bandwidth. Works like [11, 80] prioritize content based on the user’s
viewport to adjust quality in 360◦ videos using tiles. ZGaming [72] predicts frames based on
content type to improve cloud gaming. However, none of these works employ multipath.

Multipath Video Streaming: Several works [43, 44, 45, 46, 47, 112] utilized multipath to bol-
ster the video streaming performance. XLINK [48] improved the quality of short video streaming
using MPQUIC. MPDASH [113] employs MPTCP [58, 59, 60] to stream video adaptively across
multiple interfaces. MPRTP [64] creates multiple subflows to deliver media packets over multi-
ple paths. However, live streaming is more challenging than video-on-demand due to its tight
deadline requirement. Converge [40] and TwinStar [41] used multipath WebRTC for live video
conferencing and live cloud gaming, respectively. AggDeliv [42] optimize congestion control in
MPQUIC for mobile live video delivery. Chorus [112] integrates adaptive bitrate streaming with
multipath networks to optimize the quality of experience. However, none of these works utilize
content-awareness to address the packet-level HoL blocking.

Multipath Schedulers: Several multipath schedulers, such as Musher [74], DEMS [99], ECF
[114], and DAMS [115], have been proposed and work at the packet level. Although DEMS and
DAMS consider the deadline requirements, they are unaware of the content of the packets. Thus,
they fail to mitigate inter-path HoL blocking at the application level. Employing these schedulers
in live video streaming worsens the situation (§2.1.3). Therefore, the scheduler tailored for live
streaming should be content-aware to distribute packets well across multiple paths.
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2.6 Discussion and Limitations

Having multiple peers: COMPACT currently supports peer-to-peer video streaming with
only one participant. Extending to a multi-participant setup will require obtaining network
statistics for each attendee for scheduling. This can incur overhead on the streamer side. We
intend to explore possible mitigation strategies to amortize overhead costs.

Catering to diverse applications: Currently, we show results for live online classes. However,
the setup can serve different applications. The major challenge is correct foreground detection,
which depends on the video application. A possible direction is to use a saliency-based FG
segragator. Moreover, COMPACT captures a few frames and encodes them into segments
(similar to HTTP low-latency live streaming), which are streamed over different paths. Although
the encoding is parallelized via pipelining, the overhead of the first segment dominates, resulting
in high latency. One possible mitigation strategy is to stream on a frame basis, as done by
WebRTC. Here, frames are captured, encoded, and streamed continuously. Such an architecture
can make COMPACT suitable for video conferencing-like applications.

Accurate bandwidth estimation: Our scheduling decision relies on bandwidth estimation.
Underestimation leads to poor quality, and overestimation can cause unwanted video stalls.
COMPACT currently uses a relatively simple bandwidth estimation technique, leaving the use
of a more sophisticated, accurate predictor for future work. An accurate predictor can improve
link utilization, albeit at the cost of increased computation.

2.7 Conclusions

In this work, we propose a system COMPACT for live video streaming intended for online classes
over cellular networks. It utilizes multiple devices at the user end to distribute video tiles. We
observe that the conventional packet-level scheduler incurs inter-path HoL blocking. Therefore,
COMPACT utilizes a video content-aware scheduler that splits a video into foreground and
background using tiles and sends these tiles over different network paths. We evaluate COM-

PACT under various network conditions using simulated, controlled, and real setups. On a
bus trace, COMPACT manages to limit the median stall by 3.4× and the tail stall by 6.2×
compared to the single-path case. It also reduces the median E2E lag by 28.57% and tail lag
by ≈ 80%. COMPACT, therefore, is likely to increase access to education in connectivity-
challenged regions. Since tiles can be manipulated in real-time without re-encoding. We envision
its use in traffic surveillance as a natural extension. This is possible because, as in an online
class, the scenes captured by traffic cameras consist of vehicles and other irrelevant regions, such
as trees and buildings. Therefore, tiles can be utilized to filter out these regions. We discuss this
extension of our current strategy in the next chapter.





Chapter 3

TileClipper: Lightweight Selection of Regions of

Interest from Videos for Traffic Surveillance

In recent years, real-time traffic surveillance has become important for automated enforcement of
traffic rules [14], traffic light control [15], and the detection of anomalous events such as accidents
[16]. Cities like Shanghai, New Delhi, and New York have installed hundreds of thousands of
surveillance cameras1.The video feeds from these cameras are either processed locally or sent
to cloud/edge servers for application of computer vision algorithms. These algorithms run deep
neural networks (DNNs), which are inherently compute-intensive. Processing it locally requires
expensive hardware (such as GPUs and NPUs), thereby increasing traffic surveillance costs and
limiting scalability. On the other hand, a major challenge for techniques that send video feeds
to servers is the high data rate, up to 1 Mbps per camera [7], leading to high network bandwidth
consumption. Thus, it is essential to find techniques to reduce bandwidth consumption without
sacrificing the quality of traffic surveillance.

Current techniques of reducing bandwidth typically utilize one or more of two strategies. The
first technique is to intelligently select the objects or frames of interest to be sent to the cloud
server [6, 7, 116]. However, video is usually encoded so that pixels are defined as offsets from
their neighboring pixel values, a compression strategy where the neighbors can be either spatial or
temporal. Thus, only sending the objects or frames of interest would require re-encoding, which
mandates either integrating the algorithm into the camera’s firmware [117] or re-encoding on the
device directly connected to the camera [6, 118]. Adding such a capability to the cameras or
devices attached to them would require a substantial investment. Further, while this technique
can save significant bandwidth during off-peak hours, it is difficult to do so when traffic is
congested. The second technique is to perform additional computation on the cloud server by
either running more powerful models [119] or sending a signal to the camera to send additional
data only when needed [7]. This technique saves bandwidth at the cost of additional GPU usage,

1https://www.comparitech.com/vpn-privacy/the-worlds-most-surveilled-cities/
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Figure 3.1: Illustration of TileClipper. Steps: (a) encoding the video in the form of tiles supported
by the HEVC format, (b) selecting only the relevant tiles by using the statistical pattern of bitrates, (c)

clipping out the unnecessary tiles, and (d) sending this filtered video to the server for surveillance.

which is also expensive and energy-intensive. Thus, a solution that runs without increasing
computational cost and is easy to integrate with existing systems is essential to reducing the cost
of traffic surveillance.

In this work, we focus on traffic surveillance of moving objects, such as vehicles and pedestrians.
To this end, we avoid the re-encoding problem proposed in prior works as follows. Video standards
like HEVC or H.265 [73] allow the videos to be split into tiles (Figure 3.1b). This allows us to
send tiles containing only the objects of interest (moving vehicles or pedestrians) while omitting
the other tiles without re-encoding. Figure 3.1 shows the workflow of our system. The key
advantage of removing tiles is that it runs in real time, even on embedded platforms like the
Jetson Nano, unlike techniques that filter frames or objects of interest and re-encode videos. As
surveillance cameras with native HEVC support become increasingly available [120], removing
tiles is easy to integrate into deployed surveillance systems.

However, identifying tiles containing objects of interest generally requires running DNNs, which
are themselves computationally intensive. The camera usually lacks sufficient compute capability
or even power to run any such algorithm. Thus, the key challenge of selecting tiles with objects
of interest is to avoid any increase in the compute involved either on the camera side or on the
server side. We address the challenge of identifying tiles using a statistical approach grounded
in a few observations. Our first observation is that since our cameras are stationary, only the
objects of interest, such as vehicles and people, are in motion or can change. This implies
that identifying just objects in motion is sufficient to identify objects of interest. Our second
observation is that tile file sizes (or bitrates) increase significantly when there is any motion
in them. These two observations enable us to design a heuristic to identify tiles with objects
of interest. Note that the tile bitrates are also influenced by other factors, such as weather
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conditions, local road conditions, the color of the objects, and the camera’s position. Finally,
we design a system TileClipper that applies a threshold to the past tile bitrates to identify
tiles that contain objects of interest. TileClipper computes this threshold by performing a
grid search on the statistics of tile bitrates during calibration. The grid search shows the correct
percentile values for the tile bitrates, separately for tiles with and without moving objects. It
then uses the midpoint between these identified percentile values as the threshold. This threshold
automatically adapts based on weather and traffic conditions for each tile independently. We
evaluate TileClipper across a variety of videos by running it on embedded platforms such as
the Jetson Nano and Raspberry Pi 4B (RPi). We present results from object detection, as our
system is agnostic to applications such as identification and tracking. Our dataset includes 55
videos from standard benchmarks under various weather, lighting, and traffic density conditions,
as well as our own recorded videos.

Our evaluation shows that TileClipper achieves, on average, over 92% accuracy in identifying
objects while running in real-time, even on RPi and Nano. This accuracy is higher than state-
of-the-art frame filtering techniques like Reducto [6] and comparable to techniques like DDS
[7], and CloudSeg [119] that use additional server computation. It also requires lower compute
for calibration than the baselines, as it requires only one-time calibration instead of periodic
re-calibrations. We summarize our contributions as follows:

• We identify that tiles with moving objects have higher bitrates and envision using them for
traffic surveillance. To the best of our knowledge, this is the first work that uses tile bitrate
to identify mobile objects.

• We utilize the correlation between tile bitrate and moving objects to design a thresholding
strategy that identifies the tiles with moving/changing objects. This strategy is adaptive to
different weather and traffic conditions.

• We evaluate TileClipper on RPi and Jetson Nano and obtain > 92% accuracy. It works
in real time and reduces data sent by up to 40%. We compare it with DDS, Reducto, and
CloudSeg to show that it is less compute-intensive, enabling scalable, cheaper deployment.

• We demonstrate a live deployment of TileClipper on our university campus, with a camera
attached to an embedded board and a 4G connection. It saves over 55% bandwidth while
providing an accuracy of over 87%.

3.1 Background & Motivation

In this section, we provide the background needed for our work and then present the motivation
behind TileClipper.
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3.1.1 Working of Video Encoders

We first discuss the video compression strategies used by video codecs. In general, video codecs
operate at a coarser level than pixel-level dependencies, partitioning frames into spatial blocks
(macroblocks in H.264 and coding tree units (CTUs) in H.265) [121]. Blocks with similar content
(dependencies) can use the same bit allocation for representation, thus reducing the total number
of bits needed. Matching blocks are estimated using motion vector predictor algorithms [73, 122].
Therefore, the objective of video encoders is to minimize the distortion (D) after compression
and the number of bits (b) required to encode block dependencies (also referred to as the rate
R). This is known as R-D minimization. For frames split into K blocks, the objective function
is shown mathematically as [123, 124]

Minimize
K∑
k=1

(D(sk, s
′
k) + λbk), (3.1)

where sk is the original kth uncompressed block, s′k is its decoded version of the compressed
representation, D(sk, s

′
k) is a distortion function that returns the mean squared error (MSE)

between sk and s′k, λ is Lagrange multiplier assigning relative importance to distortion and the
extra bits, and bk is the number of extra bits needed to encode spatial (within frames) and/or
temporal (across frames) dependencies of the kth block in a frame from a reference frame. In
codecs such as HEVC and AV1, blocks in highly dynamic, complex scenes are further subdivided
into smaller sub-blocks for more precise motion prediction [73, 124]. This is shown in Figure 3.2,
where blocks are subdivided into multiple levels to encode the area with a moving car. Thus,
the number of bits bk for a block k and the total number of bits B for a segment with S total
blocks that are subdivided using a single-level quadtree are given by:

bk =

I∑
i=1

bik, and B =

S∑
k=1

bk, (3.2)

where bik is the number of bits required for motion prediction of the ith sub-block of the kth
block and I is the number of sub-blocks2. Note that while decoding the exact content requires
algorithms, it is possible to obtain the total number of bits used in a segment B simply by parsing
the statistics of the segments present in its headers.

Note that tiles are different from macroblocks. A tile consists of multiple blocks. During encoding,
tiles are enforced with the constraint that the spatial and temporal dependencies among blocks
are within the tile boundaries [125]. Therefore, the dependencies are localized and based only on

2The number of sub-blocks depends on the codec used. For example, HEVC and AV1 use a quadtree structure
with four recursive sub-blocks, whereas VVC uses a multi-tree structure.
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Figure 3.2: Video codecs use sub-
blocks to encode complex scenes.
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Figure 3.3: Removing tiles reduces the
filesize of a video linearly.

Figure 3.4: The plots show the correlation between video segment sizes and the number of moving
objects for two different videos. The Spearman correlation values are 0.49 and 0.80, respectively.

the content within a tile. Since tiles are independently encoded, removing them does not impact
the decoder. The decoder can easily play the video by placing empty patches in the places where
tiles are missing (Figure 3.1d). An important advantage of using tiles is that removing them
reduces the video file size, thus saving network bandwidth. We confirm this in Figure 3.3, where
we prune tiles one by one in 45 segments of a tiled video and observe that the average filesize
of the segments reduces linearly. This implies that removing tiles with irrelevant scenes, such as
backgrounds with no objects, sky, trees, or buildings, can reduce unnecessary bandwidth usage.

3.1.2 Correlation Between Number of Objects and Segment Bitrate

In surveillance settings, the camera is fixed in place but must monitor for any movement/changes.
Due to the compression strategy of video codecs (discussed in §3.1.1), any sudden appearance
and/or movement of objects would lead to a corresponding increase in the amount of residual
data. Intuitively, this would lead to an increase in the bitrate (i.e., filesize) of the video segments.

We first explain the intuitive reason behind the possible correlation between the number of
moving objects and segment bitrates. Note from Eq. (3.2) and Figure 3.2 that regions of the
video that have more motion and objects of interest are subdivided into smaller blocks and thus
require a larger number of bits to encode. Therefore, videos with moving objects and dynamic
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Figure 3.5: Amount of possible savings in four sample videos. In (a) and (b), we show that the removal
of the frame background leads to no loss of information. In (c), we quantify the possible data savings.
Each video is 1 minute long and has a resolution of 940×540. For “Full Video", we send the entire video

unchanged. For “Relevant Objects", we remove the background.

content have higher bitrates [126, 127]. Note that motion prediction and the use of smaller
blocks for dynamic scenes are used by almost all modern video standards, such as H.264 [128],
HEVC [129], AV1 [130], and VVC [131]. Such higher bitrates have been observed by prior studies
[126, 127, 132].

We confirm this hypothesis by studying the correlation between video file size and the number of
objects, where videos are segmented into 0.5s segments. Figure 3.4 shows the scatter plots of two
distinct videos in different settings (details of the benchmarks used are in §4.3). We note that the
file size and the number of objects in the segments are moderately correlated, with correlation
values ranging from 0.48 to 0.90. Such an observation motivates us to design a surveillance
system that can use the bitrates to detect the presence of objects of interest, i.e., moving objects.

However, utilizing this observation to skip segments is difficult. This is because, as seen in Figure
3.4, no segment has zero objects, indicating that it is impossible to remove any segment without
hurting the accuracy. Thus, an alternative strategy of pruning unnecessary regions is needed.

3.1.3 Shortcomings of Existing Systems

Recent work has proposed two major strategies to reduce the amount of data sent to servers.
The first strategy, frame-level filtering, involves transmitting only a limited number of frames and
then reconstructing the position of the moving objects from them [116]. The second strategy is to
send only a low-resolution version of the video. The server-side can then compensate for the low
resolution by either running a more computationally intensive DNN [119] or, if needed, sending
queries to the camera to fetch frames/regions of interest at higher resolutions [7]. Figure 3.5
shows the amount of data that can be saved by sending only the relevant portions of the frame.
We observe a reduction of 3.5 − 19× in the file sizes that need to be sent if only the objects
identified (known as regions of interest) are transmitted over the network.
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However, sending only the regions of interest has a couple of challenges. First, traditional object-
detection techniques require some form of DNN. Current techniques, such as DDS [7] and Cross-
ROI [9], can only identify the spatial regions by running these computationally intensive DNNs.
Although a few recent models, such as Yolo-Ret [133], can run in real time on embedded devices
with a GPU, such as the Jetson Nano, their reported accuracy is only comparable to that of the
weakest full models (i.e., the nano version of Yolo5).

While smart cameras with specialized compute capabilities for running DNNs are available on the
market, they are at least 5× as costly as conventional cameras [134]. Thus, current techniques
either depend on server-side calibration heuristics as proposed by DDS [7] or Reducto [6] or utilize
specialized hardware such as FPGA-based boards [135]. Second, pruning unnecessary regions or
frames of interest often requires integrating the logic into the camera’s firmware to avoid the
overhead of re-encoding the video [6]. Both server-side techniques and firmware-integrated logic
increase the system’s complexity and cost.

Next, we present TileClipper, which overcomes the limitations of prior works by leveraging
the key idea that bitrates and the presence of moving objects are correlated.

3.2 TileClipper’s Architecture & Design

3.2.1 Design Choices and Overview

To resolve the challenges discussed earlier, TileClipper selects video tiles for transmission to
the server in real time. Unlike prior works, TileClipper side-steps the problem of integration
with firmware by using the tiled encoding built into the video standard. The main advantage of
tiles is that removing some of them is not computationally intensive and can be done in real time,
even on embedded platforms. TileClipper’s identification of relevant tiles has the following
motivations:

1. Minimal computation requirement on the camera side: The amount of computation
on the camera side should be low enough to allow cheap edge devices like RPi to run the tile
selection technique in real-time. This allows easier integration of the technique into existing
deployments.

2. Substantial bandwidth savings: The number of tiles sent to the cloud server should be
small enough to provide significant bandwidth savings.

3. Sufficient robustness: The selection of tiles should be robust enough so that server-side
object detection accuracy does not suffer by missing out on necessary tiles under different
light and weather conditions. The calibration of the system should not introduce a lot of
additional computation overhead on the cloud/edge server.
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Figure 3.6: Workflow of TileClipper. On the camera side, the camera generates tiled videos and
runs the thresholding strategy to remove unwanted tiles. The server side runs the initial calibration and

the DNN to recognize objects.

TileClipper Overview: The key idea behind TileClipper is that video encoders utilize
a technique of encoding that generates higher bitrates for tiles with moving or complex scenes
than with simpler static scenes. This enables TileClipper to identify regions of interest without
decoding the raw frames (i.e., the video is not decoded for TileClipper’s inference). This makes
TileClipper different from existing state-of-the-art techniques that often rely on optical flow
[5] or low-level frame features [6]. This technique further has the advantage that it is easy
to integrate TileClipper with newer codecs, such as AV1 and VVC, that utilize increasingly
complex encoding and decoding algorithms.

Figure 3.6 shows the workflow of TileClipper. At the camera side, 1 camera hardware
captures frames, 2 provides the HEVC encoded tiled video, 3 we apply TileClipper’s tile
selection heuristic to select the relevant tiles from tiled video using a threshold. TileClipper

depends on a crucial observation to select tiles. We identify the tile bitrate (in kbps) as a key
statistic that can indicate whether a tile contains a moving object. This is feasible because of the
way video encoding schemes work in practice – where any static background material can easily
be inferred via prediction from previous frames, but moving objects need to be encoded with
additional bits [126, 127]. This increases the size of a group of tiled video frames with objects,
as opposed to those with only a static background. 5 TileClipper uses this insight to design
a selection strategy. It calculates each tile’s statistics separately and then individually identifies
the appropriate threshold for each by calibration (discussed in §3.2.3). 4 Any tile that exceeds
the threshold is sent to the server for detailed post-processing for traffic surveillance. 6 At the
server side, we use YOLO-v5 [136] for object detection and calibration. 7 The calibrator uses
the first 30s of videos and runs a DNN to send the right parameters as feedback to the camera.
While we have assumed calibration to run on the server side, it is lightweight and rare enough
to be performed even on edge devices with GPUs such as nVidia Jetson Nano. Furthermore
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(as discussed in §3.4.2), calibration need not be triggered even by changes in weather/lighting
conditions.

3.2.2 Utilization of Tile Bitrate Statistics

Correlation Between Tile Bitrate and Moving Objects: A major challenge of TileClip-

per is to identify the spatial regions of interest. TileClipper focuses on the smaller rectangular
regions (tiles) as opposed to entire segments because there are few segments with no objects of
interest. To utilize tiles, we first divide each segment into a 4×4 tile configuration, as justified by
prior work such as CrossROI [9], since it provides a good balance between accuracy and encoding
overhead. We obtain the bitrate statistics for each tile and use the YOLOv5 computer vision
algorithm to count the number of objects in each tile (illustrated in Figure 3.1). A key point is
that obtaining the bitrates for each tile does not require decoding. Thus, this technique can be
utilized on encoded videos by parsing only metadata.

We then obtain the correlation between the tile bitrates (file sizes) and the number of objects
(shown for two tiles in Figure 3.7) for each individual tile. We find a very strong correlation,
with the Spearman correlation coefficient consistently exceeding 0.75. Figure 3.8 (for a subset
of 32 tiles) shows that only the tiles containing the moving car have higher bitrates. Note that
even though the car is partly present in tiles, all of them show higher bitrates because the car
is moving through them. Therefore, objects split across tiles exhibit a similar signature in all
tiles that contain them. Such a strong correlation can be intuitively explained by the fact that
since each tile is independently encoded, their sizes are affected by even a small number of
moving/changing objects (see Figure 3.2). These changes cannot be as efficiently compressed by
the encoding algorithm, leading to larger tile bitrates (in §3.1.1).

This strong correlation no longer holds if the comparison is performed across tiles with distinct
scenes, even of the same segment (shown in Figure 3.9(a)). This is because the background
encoded in each tile affects the bitrate. We note that the tile bitrates have significantly different
distributions, with median values differing by a factor of 2.5×. Thus, each tile has its own bitrate
characteristic that cannot be directly inferred from its neighbors.

Lighting and Weather Conditions Affect Tile Bitrates: We also note in Figure 3.9(b)
that both lighting and weather conditions affect tile bitrates. Again, this is intuitive since the
background content can affect the tile bitrates. We find that in the rain, the droplets reduce the
intensity of the colors, thus reducing the median tile size by over 30% compared to noon time.
Since light and weather conditions can change periodically, these observations imply that the tile
bitrate can be a good metric only over the short term. Thus, while the tile bitrate can be used
as a metric, the actual threshold should depend on a moving window of the bitrate statistics.
An alternative strategy would be to recalibrate periodically, which incurs additional overhead
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Figure 3.7: The plots show the correlation between video tile filesize and the number of objects for
two different tiles. The Spearman correlation values are 0.78 and 0.90.

Figure 3.8: Relation between the presence of moving objects and the bitrate (in bps) of tiles. Note
that only the tiles where the car is moving have a higher bitrate than the other tiles.

(as shown in Figure 3.17). However, we will show in §3.4.2 that using percentile statistics over a
moving window performs as well as periodic recalibration.

Presence of Noise in Tile Bitrates: We next observe in Figure 3.9(c) that while the bitrates
of a tile are noisy in nature, the amount of noise in general is small. The higher peaks usually
indicate moving objects, while the smaller peaks tend to reflect minor changes, such as shad-
ows or changes in lighting conditions. Therefore, just considering any tile bitrate higher than a
certain arbitrary value does not necessarily imply the presence of an object. Thus, we discard
smaller peaks by considering only the spikes as most probable to have objects with sizes greater
than a threshold. Choosing this threshold via an intelligent strategy is therefore crucial, as it
varies across tiles and directly affects TileClipper’s accuracy and savings. Moving objects of
no interest, such as the movement of foliage, also gives a considerable spike in bitrate distribu-
tion. However, they should be discarded because they are irrelevant to traffic surveillance. Our
calibration phases set the threshold high to reduce false detections in these cases.
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Figure 3.9: (a) and (b) show bitrates of the same video across 600 segments of different tiles and the
same tile under different lighting conditions, respectively. (c) shows the temporal (for 20s) distribution

of video segments of a tile; spikes with high bitrates (in orange) have objects.

3.2.3 Our Thresholding Technique to Filter Tiles

Problem Formulation: The goal of TileClipper is to identify as many tiles with moving
objects as possible while discarding tiles without such objects. The ratio of tiles selected with
moving objects to the total tiles with moving objects is called recall. The ratio of tiles with
objects present to the total tiles sent is called precision3. A high recall ensures that the most
relevant objects are selected, whereas a high precision ensures that substantial bandwidth is
saved. Let the bitrates of tiles Tj(j = 1, . . . , t) of a segment si be denoted as Bi(Tj). Let their
corresponding precision and recall be denoted by Pij and Rij , respectively. TileClipper needs
to identify the right threshold rij on bitrate Bi(Tj) of each < si, Tj > pair to classify if objects
are present. An accurate classification would imply balancing both recall and precision. This
is typically done using Fβ-score, which is the weighted harmonic mean (HM) of precision and
recall [137]4 Mathematically,

Maximize Fβ =
1 + β2

2
HM(Pij ,

1

β2
Rij), ∀si, Tj (3.3)

To assign the value of β, we note that recall is usually given higher priority than precision in
traffic surveillance, as it is often used in safety-critical applications [138]. In such cases, β = 2

is used as it gives 4× higher weight to recall than to precision. We, therefore, maximize the
F2-score. However, to explore the trade-off between accuracy and savings for use cases requiring
higher precision, the value of 2 can be replaced with other commonly used values, such as 1 or
0.5.

Calibrating the Thresholds and Selecting Tiles: During the calibration, we send all the
tiles of the first S segments to the server to run the CALIBRATE procedure. It starts by

3We use precision and recall instead of the absolute numbers of true positives and true negatives, as the data
is often imbalanced [137].

4Harmonic mean gives higher weightage to the term that has the least value. Thus, for the harmonic mean,
unlike in the arithmetic or geometric mean, a higher weightage to a term is given by dividing the term by the
weight.
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running the object classification (using YOLO-v5x) to identify tiles with moving objects inside
by tracking bounding boxes using StrongSORT [139] object tracker in each frame of the segments
(Line 2 of Algorithm 1). We use the intersection over union (IoU) of tracked bounding boxes to
separate tiles into static and mobile object categories. We accordingly classify the tiles of the
segments into two categories: true (with moving objects) and false (without moving objects).
For each category, we compute the 10th, 20th, . . . , 80th percentiles5 of the bitrates for each tile
separately for all S segments, denoted by P true

10 , P true
20 , . . . , P true

80 and P false
10 , P false

20 , . . . , P false
80

respectively. We then consider the threshold as the mean of P true
v1 and P false

v2 for all values of
v1, v2 = 10 to 80. We identify the pair of percentile values v1 and v2 using an exhaustive search
that maximizes the F2-score for thresholding at the camera side (Line 4-8 in Algorithm 1). For
each video, we use the first S=60 segments (30s) for calibration, which worked well for us during
sensitivity tests (in §3.4.4). After calibration, the server returns the best percentiles p_t and
p_f and the clusters Q_t and Q_f , along with the bitrates of the segments in S belonging to
the true and false categories, respectively, for each tile.

With the thresholds now calibrated, we use the SELECT procedure in Algorithm 2 at the
camera to obtain the bitrate threshold. This is called for all the tiles of every segment. The
procedure computes percentile values for the segment bitrates in each cluster (Q_t and Q_f)
of each tile. To adapt the thresholds temporally, we maintain two different clusters of size 10
(sensitivity towards size shown in §3.4.4) for each category. Note that each tile has its own
independent cluster with ten recent bitrate values. We compare the bitrate with the tile-specific
midpoint of < P true

p_t , P
false
p_f > (Lines 8-10 in Algo 2), where the values p_t and p_f are chosen

during the calibration phase. The tile-specific clusters are updated in each call (Lines 12 and 14).
A segment classified with no object is added to cluster Q_f , automatically removing the older
element (because we use evicting queues6 as clusters). A segment with objects is pushed to cluster
Q_t. This update to clusters (an instance of a sliding window) ensures they remain up to date
with the changing bitrate distribution, making them adaptive to scene changes. Note that for
tiles where we encounter no or very few segments with objects (< 10%, i.e., < 6 segments) during
calibration, this technique does not work because the clusters are not populated with enough
values to represent the bitrate distribution. We fall back to an outlier detection approach for
these cases (Lines 3-6).

Fallback to Outlier Detection: In a few tiles (≈ 21% of the total tiles in our dataset), the
calibration phase finds no or too few segments with objects (no object ratio O < 10%) within
the S segments. These cases happen either because the tile focuses on an area outside the roads
or because there is less traffic. We cannot decide to remove these tiles altogether because ≈ 26%

of the 21% (5.72% of the total) tiles start showing objects after calibration. Since these events
5We choose percentiles instead of weighted means due to their lower bias towards outliers, which are introduced

by mistakes in the ground truth [140]. Furthermore, we use statistics rather than absolute values to account for
content drift. We later show that this avoids the need for periodic re-calibration.

6Evicting queues are FIFO queues with auto-dequeuing when enqueue exceeds the queue size.
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Algorithm 1 TileClipper’s strategy for calibration
INPUT: Bitrate of each tile Bi(Tj), list of percentile values V
OUTPUT: percentiles of true cluster and false clusters < p_t, p_f >, tiles in the cluster with
objects Q_t, tiles in cluster with no objects Q_f

1: procedure CALIBRATE(Bi(Tj), V )
2: Q_t,Q_f = Object recognition and tracking on S segments
3: o← [ ] // Empty list of objective values
4: for each value v1 in V do
5: for each value v2 in V do
6: f2← ComputeF2Score(Q_t, Q_f, v1, v2)
7: o.push(< v1, v2, f2 >)

8: < p_t, p_f >← argmax<v1,v2>(o)
9: return < p_t, p_f >, Q_t, Q_f

are rare, we model them as the tail of a Gaussian distribution. To identify these, we compute the
median P50 and the standard distribution σ of the bitrates of the tiles across past S segments,
which is updated at each step (Line 6 of Algo 2). We then utilize P50 + γ × σ as the threshold
(Line 5). To identify the optimal value of γ, we run TileClipper on these tiles to produce
Figure 3.10, which shows how false positives and misses vary with increasing γ. We choose
γ = 1.75 (corresponding to the 96th percentile), which gives a mean miss rate of < 0.05 and a
mean false positive rate of ≈ 0.075. Note that we choose a slightly lower value of γ over the
one that minimizes the total errors in Figure 3.10 for providing higher weightage to recall than
precision.

Time Complexity of Calibration and Thresholding: We note that computing the percentile
statistics of the tiles takes O(S logS), where S is the number of segments used for calibration.
If there are t tiles, then this computation is repeated for each tile. Thus, calibration has a total
time complexity of O(tS logS). For the SELECT procedure, again, we compute the percentiles
of the two queues, which have a time complexity of O(|Q| log |Q|), where |Q| is the maximum
size of the two clusters (10 in our case). We also use enqueue operations, which take constant
time. Since the SELECT procedure is called for all tiles t, this gives a total time complexity
of O(t|Q| log |Q|). Since both t and Q are relatively small in magnitude (< 20 each), the time
complexity is small enough to run in real time on cheap devices.

3.3 Implementation and Dataset

TileClipper’s Implementation: We implement both the camera-side version of Tile-

Clipper and server-side calibration in Python3. We obtain the bitrates of the tiled segments
using the ffprobe tool from the FFmpeg tool suite [90]. We run the camera-side component on
Raspberry Pi 4 and Jetson Nano. Our server uses Ubuntu 18.04 and has an nVidia GeForce RTX
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Algorithm 2 TileClipper’s strategy to estimate the threshold for tiles of segments.
INPUT: Current tile’s Bitrate B, no object ratio O, # used for calibration S, two evicting
queues Q_t and Q_f containing bitrates of the past segments and best percentiles p_t and p_f
to use for true and false clusters respectively, value of γ to use.
OUTPUT: Threshold on a tile.
1: procedure SELECT(Q_t, Q_f,O, S,B, p_t, p_f, γ)
2: // Calculate threshold r
3: if (sizeOf(Q_t)/S) < O then
4: // Not enough objects; use fallback
5: r ← (median(Q_t) + γ ∗ std(Q_t))
6: Q_t.enqueue(B) // Update cluster
7: else
8: u← percentile(Q_t, p_t)
9: l← percentile(Q_f, p_f)

10: r ← 0.5 ∗ (u+ l) // Mean of both percentiles
11: if B > r and (sizeOf(Q_t)/S) >= O then
12: Q_t.enqueue(B)
13: else if B <= r and (sizeOf(Q_t)/S) >= O then
14: Q_f.enqueue(B)

15: return r

2080 Ti GPU. For the experiments, we store the encoded videos on the storage of a Raspberry
Pi or a Jetson Nano, and then run a script to start our workflow. We have made our source code
and datasets available on GitHub at https://github.com/shubhamchdhary/TileClipper to spur
further research.

Video Encoding: While a number of traffic surveillance public datasets are available, they are
typically not encoded in a tiled format. Since TileClipper requires the input video in tiled
form, we first need to encode the videos into tiled format using a system of 4 × 4 tiles. Other
tiling configurations are possible, but we will discuss in §3.4.4 (as have prior works like CrossROI
[9]) that this configuration performs well in practice. We first split the entire video into segments
of 0.5s duration. We choose this duration because a shorter duration wastes more bandwidth due
to poor compression, while a longer one reduces the scope of tile removal because fast-moving
vehicles exit tiles quickly, leaving them mostly empty. We then encode it using the open-source
HEVC encoder Kvazaar [141] at 30fps, and finally pack it into mp4 using the tool GPAC [142].

An encoding parameter that influences video quality is the Quantization Parameter (QP). A high
QP value implies that both the amount of compression and the amount of loss are high. However,
traffic surveillance videos do not require the same level of quality as videos for end consumers
[4, 7]. Thus, we experimentally identify the QP parameter that yields no loss in object detection
accuracy with YOLO-v5s (see Figure 3.11). We observe that a QP parameter of 30 does not lead
to any such loss while also reducing the filesize by almost 4×. Therefore, we encoded all of our
videos at 30 QP.

https://github.com/shubhamchdhary/TileClipper
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Table 3.1: Summary of the dataset used for evaluation.

Dataset # of Videos Resolution Duration Type
AICC21 14 1920× 1080 5 min Benchmark

14 1280× 960

DETRAC 20 960× 540 1-2 min Benchmark
Others 4 1280× 720 6-8 min Chaotic
OurRec 3 1280× 720 13-25 min Flyover
Total 55 - - -

Datasets and Baselines: For large-scale evaluation, we use YOLO-v5s as the ground truth,
as it is widely used in surveillance, and run it on each tiled video segment to identify objects.
As in Reducto and DDS, we utilize publicly available benchmarks and a few of our own videos
(Others and OurRec) in chaotic traffic and at flyovers (summarized in Table 3.1). The dataset
has been carefully selected to include more video hours and a wider range of traffic conditions
than the original studies that proposed the baseline strategies.

As a baseline, we reimplement DDS with a few parameter changes to make its performance
comparable to TileClipper. We recall that DDS first sends the videos at a higher QP of 36
with a lower 0.8× resolution and identifies regions containing objects. The regions where objects
are identified with low confidence are then queried from the camera and sent at a lower QP than
the original video (30 in our case, with 0.8× resolution). Our version of DDS uses HEVC video
encoding and YOLO-v5s as the neural network on the server side (considering its state-of-the-art
performance) [143], with a threshold value of 0.2− 0.25 to fetch an object for the second phase7.
Although DDS always sends the video frames at a resolution 0.8× the original, we still calculate
the savings by comparing them with 1× resolution to retain their setting and make the reported
savings compatible with their implementation.

We use the open-source Reducto implementation as a second baseline, with fixes to address the
low-QP video issue. Reducto’s frame filtering uses a calibration system to first cluster low-level
pixel feature values. We reproduce the technique and then let the calibration run for 120s, as
we observed that this calibration time minimizes the need for future recalibration.

Finally, we include two additional orthogonal baselines – CloudSeg and StaticTileRemoval (STR).
We were able to run the open-sourced version of CloudSeg available at [144] without any changes.
CloudSeg sends the videos at a lower resolution than the original and applies super-resolution
on the server before object detection. We send the videos from the camera end at a resolution
of 0.5× the original and then use super-resolution at the server end for upscaling. In STR, we
annotate the tiles that do not contain any road area and remove them. This allows us to test the

7A larger range of values leads to fewer misses and/or misclassifications, but at the cost of lower saving. We
observed in experiments that increasing this range by as little as 0.05 leads to a large increase in the number of
objects recalled in the second phase, allowing very low or even negative savings compared to sending the whole
video. This also highlights the critical dependency of DDS on DNNs’ confidence score.
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Figure 3.11: Varying video QP vs. file-
size and YOLOv5 inference performance.

YOLOv5 does not lose objects till 30 QP.

utility of TileClipper’s thresholding strategy. We do not compare against AccMPEG [4] as its
implementation requires changes to the codec that are currently not compatible with HEVC.

Performance Metrics: We report the following metrics: (1) Accuracy: Accuracy is the ratio
of objects that are detected after tile pruning to the total number of objects detected without
filtering.

(2) Precision: Precision is the proportion of objects detected that are actually relevant (moving
objects). High precision indicates substantial bandwidth savings.

(3) Recall: Recall is the proportion of objects correctly identified. Having a high recall is
essential to ensure that our system does not miss any moving objects.

(4) Bandwidth saving: The bandwidth saving in percentage is the amount of data reduction
achieved as compared to the original data if the pruned video is sent.

(5) Execution time: We measure the execution time in frames per second on the camera side.
We measure server-side computations as GPU usage time in minutes.

3.4 Evaluation

We evaluate TileClipper’s performance, justify some of its design choices discussed in §3.2.1
across various scenarios, and compare it with DDS, Reducto, and CloudSeg.

3.4.1 Comparison with Baseline Techniques

Accuracy: Figure 3.12(a) compares the accuracy of TileClipper and other baseline techniques
across datasets. We list down our observations as follows: (1) TileClipper is able to achieve
a mean accuracy of over 0.85 on all the datasets. It exceeds 0.90 on AICC21, DETRAC, and
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Figure 3.12: Performance of TileClipper compared to Reducto and DDS in terms of (a) accuracy,
(b) precision, (c) recall, and (d) bandwidth savings. TileClipper provides accuracy, precision, and
recall comparable to DDS, but with larger bandwidth savings. TileClipper provides much higher
accuracy than Reducto (12-15%), though TileClipper’s savings are lower on average by 10%. We
omit Reducto’s precision and recall results because it never produces false positives, and we also omit
its results on the DETRAC dataset because it requires more calibration time than the videos are long.

OurRec. This indicates that very few moving objects are left undetected. (2) TileClipper has
comparable accuracy with DDS. Only on AICC21 videos, DDS performs marginally better than
TileClipper. This happens primarily because, in some cases, the vehicles stop for a while at a
traffic signal or due to other vehicles; these stationary vehicles do not cause a significant bitrate
spike, therefore TileClipper discards the tiles containing these objects. Thus, TileClipper

misses these immobile vehicles, resulting in a marginally lower accuracy than DDS. However, such
misses do not hurt the end traffic surveillance, as the vehicle was detected while still moving.
Furthermore, if needed, the original video without tile pruning can be retrieved from the camera,
which locally stores it for future use. (3) Reducto suffers in terms of accuracy at testing time,
leading to the lowest accuracy on all the datasets. Note that Reducto prepares a hash table of
thresholds, and the camera uses one of them for filtering. Due to high quantization, pixel-level
differences are not captured by the existing clusters, resulting in lower accuracy. We observe that
this does not work well in practice on lower-quality videos, as corroborated by [118]. Further, we
cross-verified Reducto’s performance by running on videos with lower quantization to reproduce
the accuracy originally reported.
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Table 3.2: Comparison with CloudSeg and StaticTileRemoval (STR).

Mean Accuracy (%) Mean Saving (%)
Dataset Tile- Cloud- STR Tile- Cloud- STR

Clipper Seg Clipper Seg
AICC21 94.12 96.77 100 42.23 57.34 17.44

DETRAC 95.48 97.04 100 22.06 61.41 07.05
Others 87.98 90.80 100 09.28 69.89 00.00
OurRec 93.50 95.02 100 12.91 64.13 05.04

Precision and Recall: Figure 3.12(b) and 3.12(c) shows the precision and recall of Tile-

Clipper and DDS. Since Reducto’s frame filtration never produces false positives, we omit its
precision calculation. We observe that TileClipper provides > 0.85 precision and > 0.90 recall,
which is high enough for most safety-critical applications [138]. Both DDS’s recall and precision
are comparable to TileClipper’s, demonstrating that TileClipper’s threshold effectively se-
lects tiles. We further separately check the precision and recall values on the DETRAC dataset,
as it contains such different traffic densities. We find that the fallback approach yields preci-
sion and recall of 92.65% and 96.48%, respectively, which is only 2% lower than when normal
calibration is possible.

Bandwidth Savings: Figure 3.12(d) shows a comparison of the bandwidth saved in percentage
for each technique. We observe that TileClipper provides > 40% savings for AICC21 and
> 20% for DETRAC videos. For OurRec and Others, the saving is close to 10%. This is due
to the nature of the videos: in these datasets, the number of cars and traffic flow is very high,
occupying most of the frame. This leaves less room for saving by removing unnecessary tiles.
Except for OurRec, on all other datasets, TileClipper gives higher bandwidth savings than
DDS.

The savings for DDS are generally lower than TileClipper, even though it uses a higher QP
and a 0.8× video resolution. DDS also shows higher variance than other techniques. This is
attributed to the second phase, which requests a high-resolution video if the confidence is low.
Reducto achieves higher savings than both DDS and TileClipper across all datasets, except
on AICC21, where its savings are slightly lower. This is because Reducto’s heuristic filters out
frames even with dense traffic. These gains in bandwidth, however, come at the cost of accuracy,
as shown in Figure 3.12(a). Note that when TileClipper’s accuracy and saving degrade, the
accuracy of DDS and Reducto also drops. This implies that the accuracy and saving drop are
dataset-specific and are not a shortcoming of TileClipper.

Comparison with Orthogonal Techniques: We also compare TileClipper with the com-
plementary works CloudSeg [119] and StaticTileRemoval (STR) in Table 3.2. STR removes the
off-road tiles. Hence, none of the moving objects are missed, which leads to 100% accuracy
at the cost of poor savings. Such savings even reach 0 on Others videos while TileClipper
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(a) (b)
Figure 3.13: (a) Accuracy and bandwidth saving tradeoffs of TileClipper and baselines across the

entire dataset. (b) GPU usage time and trade-offs across all systems for a video of ≈25 minutes.

provides 9.28% mean savings. Savings of TileClipper is at least 2× that of STR. CloudSeg
delivers the highest accuracy and savings, as expected, by sending videos at half the resolution
at the cost of increased server-side GPU use. TileClipper’s accuracies on AICC21, DETRAC,
and OuRec are comparable to CloudSeg. In the case of the OurRec and Others dataset, due to
occlusions and types of vehicles not present in the training dataset (COCO) of YOLO-v5 (our
server-side DNN is trained on), TileClipper’s calibration misses objects, leading to a drift from
the optimal value. This makes TileClipper filter tiles incorrectly. We leave, utilizing a better
server-side object recognition for future work. The adaptive spatial tile pruning in TileClipper

achieves higher savings than StaticTileRemoval across the datasets.

Tradeoffs: Figure 4.9(b) shows the tradeoffs of all the techniques between accuracy, saving, and
server-side GPU usage. We find that TileClipper provides a better tradeoff between accuracy
and bandwidth saving than the baselines (Figure 3.13(a)). CloudSeg offers the best trade-off
between accuracy and bandwidth savings, at the cost of the highest server-side GPU usage. At
the server, since the majority of the cost comes from energy and GPU usage, we compare server-
side GPU usage to process a ≈ 25 minute video against the savings in Figure 3.13(b). Here,
TileClipper provides the best tradeoff between server-side GPU use and bandwidth savings.
Although Reducto’s savings are slightly better than TileClipper, its GPU usage is 20× higher
and gives the lowest accuracy. This implies that TileClipper can maximize its accuracy and
savings while using the least server-side resources.

Execution Time: We now test TileClipper, Reducto, DDS, and CloudSeg benchmarks on
two distinct edge devices – Jetson Nano and Raspberry Pi 4B (RPi). Figure 3.14(a) shows
TileClipper’s processing speed along with the baselines on each device in terms of frames per
second (fps) on the camera side. We note that TileClipper runs at 22 fps on RPi, ≥ 16 fps
[145], [146], which are needed for most real-time analytics, while on Jetson Nano it runs at 57

fps. The higher speed on Jetson Nano is due to its support for hardware-based HEVC encoding.
CloudSeg performs similar to TileClipper on RPi because it also requires only video encoding.
DDS is slower than TileClipper on each device, as it requires extraction of the spatial portions
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(a) (b)

Figure 3.14: (a) shows mean video segment processing time (in fps) of TileClipper, Reducto, DDS,
and CloudSeg at the camera side on different hardware. (b) shows the server usage time for all systems

for a ≈ 25min video.

from the frames (in its second phase), which is computationally expensive. Reducto runs fastest
because it needs to encode fewer frames.

Cloud Server Cost: Figure 3.14(b) shows the server-side cost in terms of server GPU use time
of each system to process a video of ≈ 25min. We note that the most common object detectors
available today are single-shot detectors, in which the computational cost is independent of the
scene. We observe that TileClipper uses less computation (GPU) on the server side than
others. It requires computation initially only during calibration for 60 video segments (30s). On
the other hand, CloudSeg continuously uses super-resolution to scale up low-resolution videos
from the camera, whereas DDS requires processing all frames through a DNN to recall objects.
Both are computationally intensive and use GPUs to run super-resolution and object detection
algorithms. In our experiments, Reducto required frequent recalibration every 2 minutes using the
server’s GPU. However, note that Reducto’s computation for inference may also reduce slightly
due to fewer frames eventually sent by the server.. In summary, while TileClipper runs in real
time on edge devices and is computationally cheaper, it also uses less power (reducing costs) on
the server side, making it an overall more efficient and scalable system.

3.4.2 Effect of Environment

Varying Traffic Density: Figure 3.15(a) and 3.15(b) show the accuracy and bandwidth savings
achieved under different traffic densities. As expected, we observe in Figure 3.15(b) that videos
with lower traffic density allow more tiles to be removed, resulting in greater bandwidth sav-
ings. TileClipper saves 22% more than DDS in both conditions. Furthermore, Figure 3.15(a)
shows that TileClipper works equally well in low traffic conditions, indicating that its fallback
approach also gives good accuracy in practice.
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Figure 3.15: Performance in different traffic densities and lighting conditions. (a) and (b) shows the
accuracy and bandwidth savings under high traffic (> 10 moving vehicles within a segment) and low
traffic density. (c) and (d) shows the accuracy and bandwidth savings in the rain, at noon, and at dawn.

Varying Lighting Condition: We also have a set of three videos from the AICC21 dataset
from the same camera with different lighting conditions – noon, rain, and dawn. We find that
the accuracy values (shown in Figure 3.15(c)) do not change significantly. They are all more
than 0.92 across all settings and comparable with DDS. Reducto performs worst, achieving
< 0.85 accuracy across all environments. TileClipper’s bandwidth savings (Figure 3.15(d))
are consistently > 30% as compared to DDS in all the conditions, showing its robustness in
all weathers. Reducto achieves the highest savings only at noon, performing poorly in the rain
because raindrops reduce the correlation between pixels in the frames to filter.

Impact and Need for Recalibration: We argued in §3.2.3 that any change in weather and
light conditions can be handled by TileClipper’s cluster-based adaptive threshold without
recalibration. We confirm this in Figure 3.16(a) and 3.16(b). We first calibrate on the noon
videos, then run TileClipper both with and without re-calibration on videos in other conditions,
such as rain and dawn. We note that recalibration has a negligible impact on accuracy and
savings. This shows that TileClipper’s thresholding strategy, which uses percentile statistics of
the clusters, is robust enough to adapt to lighting and/or weather conditions, and that additional
recalibration is unnecessary to maintain consistent performance.
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Figure 3.16: Performance with and without re-calibration (a) shows accuracy and (b) shows bandwidth

savings.
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Figure 3.18: Accuracy and the bandwidth
savings during the live experiment at different

video encoding rates of 30fps and 10fps.

Recalibration Overheads: We now compare in Figure 3.17 the overheads involved in cali-
brating TileClipper and Reducto in terms of data sent to the server during calibration and
the total number of calibrations needed. We omit DDS and CloudSeg as they have no notion
of calibration. We observe that for a 25min video, Reducto sends 15× more data to the server
than TileClipper for calibration. Further, the overall number of calibrations needed is also
10× more in the case of Reducto. This is because Reducto does not inherently adapt to scene
changes and requires frequent recalibration triggers to get updated thresholds from the server.
On the other hand, the adaptive algorithm (discussed in §3.2.3) of TileClipper based on the
clusters of the past 10 video segments can align itself with the temporal changes, making it more
robust to changes in weather and traffic volume changes, imposing lower server overheads.

3.4.3 Live Deployment of TileClipper

We also evaluate TileClipper in a live deployment where the key challenge was that surveillance
cameras available today do not utilize tiled encoding. Live encoding in software, as done by
Kvazaar, requires support for vector instructions that are unavailable on ARM processors. Thus,
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Figure 3.19: Live deployment, (a) Workflow on Odroid H3+, (b) On-site setup with a tripod-mounted
camera connected to the Odroid.

we designed a setup on Odroid H3+ [147], which had an Intel Jasper Lake N6005 x86 processor
clocked at 2.0 GHz frequency. This costs around $130, which is similar to the cost of Jetson
Nano.

Setup: Figure 3.19(a) shows the process of capturing frames, tiling, encoding, and running
TileClipper on top of it. To get 0.5 s of tiled video segments (needed for TileClipper) at an
fps of N , we first capture N/2 raw video frames from the camera using FFmpeg, encode them into
HEVC tiled videos using Kvazaar (with a superfast encoding preset), and finally use GPAC to
package them into tiled mp4. All these tools run in cascade and transfer data via Linux pipes on
the Odroid H3+ board. We run the TileClipper’s thresholding algorithm on the encoded tiled
video segments to discard tiles with no objects. We used a smartphone with 4G connectivity as
a hotspot. After obtaining regulatory and IRB approval, we installed the setup about 4-5 meters
from a two-way road intersection near our campus, having a vehicle speed limit of 30kmph. The
traffic consisted of a mix of vehicles and pedestrians. We use a Logitech C615 1080p webcam
as our camera connected to the Odroid H3+ board (shown in Figure 3.19(b)). Setting a bitrate
filtering threshold in the deployment was similar to the design in §3.2.1. We sent the first 60
segments to our hosted server for calibration over the 4G network. Once the server returns the
feedback, we let the tile filtering run. TileClipper did not require any recalibration during the
entire live experiment.

Results: We run two experiments of 30min and 15min duration at frame rates of 30 and 10

fps, respectively. The accuracy and savings for both scenarios are reported in Figure 3.18. We
observe that in this setup, TileClipper obtains an accuracy > 88% and 90%, and saving > 55%
and ≈ 50% on 30 fps and 10 fps segments, respectively. However, even though the bandwidth
saving in terms of percentage is similar, the amount of data sent is 53% higher when encoded at
30fps than at 10fps. We also observe that the streaming latency of filtered tiles is 50% and 30%

lower after using TileClipper compared to streaming the entire video at 30 fps and 10 fps,
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Figure 3.20: Ablation studies to (a) measure the effect of using fallback, and (b) show the effect of

choosing a single fixed percentile for all tiles vs the grid-searched value of TileClipper..

respectively. This shows that TileClipper’s bandwidth savings also reduce streaming latency,
unlike DDS.

3.4.4 Sensitivity Tests and Ablation Studies

We now justify the decision choices made in TileClipper, including the parameters used during
calibration and in the algorithmic strategies, through sensitivity tests and ablation studies. The
study utilizes the same dataset as in §3.4.4.

Effectiveness of Fallback: To validate the effectiveness of our fallback strategy for outlier
detection (discussed in §3.2.3), we conducted a study with and without the fallback on 43 videos
out of all 55 where the calibration phase identified no or too few segments with objects of
interest (Figure 3.20(a)). Note that the no-fallback approach omits all tiles, assuming none of
them contain objects. Thus, any strategy would show some fall in savings. TileClipper’s
fallback strategy demonstrated a mere 8% reduction in savings compared to the scenario where
it was not employed, as depicted in Figure 3.20(a). Here, we show results for the tiles where
clusters could not be formed during calibration due to the absence of objects. We observe that
more than 65% of the tiles with objects were detected using the fallback strategy, with only 7%
false selections. This implies that using our fallback strategy is more suitable than removing tiles
altogether.

Without Search of Tile Statistics: We first recall that TileClipper uses a search of the
percentile statistics to find out the optimal one. To verify that this search is essential, we perform
our study with a threshold value fixed at 50th percentile for both the clusters across 8 videos,
selecting 2 videos from each of the 4 datasets randomly. This results in more savings (≈ 2×)
at the cost of lower accuracy when compared with the study run on the same dataset but with
calibration as illustrated in Figure 3.20(b). This happens due to the static nature of the threshold
value. The tiles with objects of interest having a lower bitrate than the fixed threshold are missed,
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Figure 3.21: Sensitivity to different parameters of TileClipper on a subset of the videos. (a) shows
the effect of different tile configurations on accuracy and savings, (b) shows the effect of different cluster
sizes on accuracy and savings, and (c) shows the effect of varying calibration duration on TileClipper.

We choose 30s as it gives the best tradeoff between accuracy and savings.

affecting accuracy. Our selection of 50th percentile is deliberate, as opting for any other lower
value would have led to a compromise in accuracy.

Using different tile configurations: We compare the accuracy with 4× 4 tiles, among 2× 2,
4× 4 and 6× 6 configurations in Figure 3.21(a). In each case, the encoder uses constant-bitrate
encoding to ensure that the size of the video does not change with tile configurations. While
the accuracy remains relatively consistent irrespective of the setting used, we obtain substantial
savings (over 30%) only with 4×4 and 6×6 configurations. While selecting 6×6 yields significant
savings, it also escalates calibration complexities and increases the extraction time of bitrates by
3.5× as opposed to 2×2 tiles. Thus, we selected the tile configuration of 4×4 since it strikes the
optimal balance between savings and operational intricacies. A similar configuration was also
chosen by CrossROI, citing an identical reason [9].

Varying cluster sizes: In Figure 3.21(b), we show experimentation with different cluster sizes.
Interestingly, we find that varied cluster sizes do not affect accuracy. However, we observe a
decrease in savings by 3.34% when the cluster size changes from 10 to 15. It is important to
note that we avoid a cluster size of 5 over the choice of 10 as it captures the underlying bitrate
distribution with a mere 7.5% dip in savings. Furthermore, we also note that choosing any size
above the cluster size of 10 leads to a progressive decline in savings.

Varying calibration duration: Figure 3.21(c) demonstrates the calibration phase across differ-
ent time durations, we deliberately chose videos from the dataset where the Tileclipper exhibited
its worst performance. The motivation behind our experiment is to observe the effect of varied
calibration duration. We observe that changing the calibration duration has relatively small ef-
fects on the overall accuracy and savings. Since increasing the calibration time did not contribute
to an improvement in accuracy or savings, instead, we chose to utilize an average calibration of
30s to reduce the incidents of fallback.



Chapter III: Selection of Regions of Interest from Videos for Traffic Surveillance 56

3.5 Related Works

Works on traffic surveillance fall into two categories: optimization of traffic surveillance using a
variety of intelligent strategies and design of lighter DNNs.

Optimization of Traffic Surveillance: Traffic surveillance is increasingly used in practice,
and thus is an important area of research [6, 8, 119, 119, 132, 148, 149]. Chameleon [8] and
Spatula[150] use the traffic correlation from multiple cameras to identify segments to send to
reduce bandwidth consumption. CASVA [132] uses a deep reinforcement learning mechanism to
adapt the video parameters to the changing bandwidth configuration. AccMPEG [4] optimizes
server-side DNN accuracy by tuning video codec-specific parameters to reduce bandwidth usage.
This requires it to rely on the server side to get the right parameters. CloudSeg [119] sends
the video at a low resolution but then uses super-resolution on the server side. Like CloudSeg,
DDS [7] similarly also sends the video at a low resolution but then requests additional parts of
frames separately when the DNN has low confidence. Clownfish [148] and AdaMask [5] extract
the background content from video frames and send only the objects, reducing data volume.
However, identifying the objects requires a lightweight deep neural network, thus requiring a
more expensive device on the camera side. Reducto [6] and SmartFilter [118] use a set of pixel-
level operations to filter out irrelevant frames. MRIM [151] sends mixed-resolution frames with
higher resolution in areas with objects. Unlike TileClipper, these works all work at the frame
level, thus requiring the raw frames. Furthermore, like TileClipper, CoVA [121] analyzes videos
in the compressed domain to identify objects of interest. However, unlike TileClipper, it uses
neural networks on the server side.

Design of Lightweight Neural Networks: A number of works reduce the computation needed
for vision tasks. For example, [152], [133], and [153] all run object detection on smaller edge
devices like Jetson Nano. However, they still require a GPU for computation, and their speeds
come at the cost of accuracy. FastDeepIoT [154] and DeepAdaptor [155] identify and then prune
the nodes in the neural network for pruning to make it light enough for execution on embedded
systems. NoScope [156], RECL [157], and Ekya [158] all design lightweight DNNs based on the
situations observed by the cameras. Such techniques are orthogonal to our work.

3.6 Discussion on Design Choices, Limitations, and Future Work

We discuss a few aspects and limitations of TileClipper:

Missing Tiles with Static and Small Objects: TileClipper relies on the presence of
moving objects to select tiles and, thus, misses static objects. As static objects would not
raise the bitrate, the thresholding strategy would treat small movements as noise. Similarly,
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slow-moving objects could also be missed by TileClipper, as they might not create sufficient
changes in the bitrate. A possible mitigation strategy for slow-moving objects would be to use
techniques like optical flow to interpolate missing frames/regions within videos. Since the changes
in the case of slow-moving or static objects are relatively small, such interpolation can be done
via optical flow estimation followed by pixel synthesis [159].

We also note that there is a slight drop in accuracy on the TileClipper with the Others and
OurRec datasets, as they contain a few such missed cases. Furthermore, small objects (< 1/20th

of the tile dimensions), such as pedestrians or vehicles far from the camera, do not increase the
bitrate sufficiently to get detected by TileClipper. They are considered as noise. However,
missing such objects does not often hurt server-side application accuracy because such smaller
objects (< 1% of the entire frame) are also missed by DNNs at the server.

Choice of Video Codecs in TileClipper: We have evaluated TileClipper on videos
encoded using HEVC at constant bitrate (CBR). We choose HEVC as it is used in today’s
cameras [120, 160, 161], and there is open-source software available to manipulate its tiles easily.
As newer codecs like AV1 and VVC support tiles and utilize similar encoding strategies, we expect
TileClipper to also work with them. Note that H.264 encoders do not support tiled encoding,
so it is difficult to use TileClipper with H.264. Furthermore, we utilize CBR encoding as the
tool used for video encoding, Kvaazar, does not support variable bitrate (VBR) encoding [162].
As VBR allows changes in bitrates of segments depending on the complexity of content, such
changes in the individual tiles (utilized by TileClipper) are even more strongly visible. Recent
prior works on traffic surveillance, such as AdaMask, also utilized another similar technique called
constant rate factor (CRF). Note that we do not consider adaptive bitrate (ABR), since none of
the traffic surveillance systems currently use it. However, we believe that TileClipper can still
function by initially calibrating itself for each of the possible quality levels on the server.

Reduced Precision with Unstable Camera: The DETRAC dataset has a few videos with
unstable cameras, causing movement across the frame, leading to lower precision and savings.
A possible solution (we did not explore) is to use reinforcement learning-based calibration to
handle such problems by studying the correlation across tiles of segments. As the motion of
moving objects on traffic would follow a pattern that leads to a temporal correlation among tiles.
Such reinforcement learning-based camera calibration has shown good results in CamTuner [163].

Applying TileClipper on Other Applications: Our evaluation discusses object recog-
nition, because TileClipper is agnostic to applications. This is unlike the baselines, such as
DDS and Reducto, whose parameters need to change depending on the query sent to the cam-
era. Because TileClipper does not make any changes at the frame level or quality of videos,
it has no direct effect on applications such as object classification, reidentification, or tracking.
TileClipper could also potentially be used to infer the level of congestion on roads since any
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change in the number and/or movement of objects in a tile would trigger TileClipper to send the
content.

3.7 Conclusions

In this work, we present a system TileClipper for traffic surveillance that substantially reduces
bandwidth consumption by selecting spatial regions (tiles) of interest for further analysis at
the server. TileClipper’s tile selection leverages the observation that tile bitrates strongly
correlate with the number of moving objects within a tile. We then implement TileClipper

on inexpensive edge devices and demonstrate that it runs in real-time. We further show that it
outperforms prior systems in accuracy, bandwidth savings, and/or computational cost across a
wide range of scenarios and in live deployment.

Note that TileClipper’s working is only evaluated here to infer the presence of objects. These
techniques are insufficient while deciding which frames to send for re-training. In the next
chapter, we look at a different strategy required when we filter frames for training.



Chapter 4

Pipette: Adaptive Selection of Relevant Samples for

Continual Learning in Autonomous Vehicles

The market size of autonomous vehicles (AV) is drastically increasing, with an estimated increase
of 6× by 2030 [164, 165]. These AVs extensively use deep neural network (DNN) models to analyze
the data from their cameras to make decisions about control and/or predictions. Typically, AVs
come integrated with additional hardware such as GPUs for onboard processing.

Since integrating such onboard processing is expensive, the DNNs used in AVs need to be smaller
in size [156, 157, 158, 166]. Such smaller models, typically achieved either by designing shallow
architecture neural networks [156], pruning [167, 168], and/or quantization [169, 170], exhibit
limited generalizability and thus suffer from data drift [10, 157, 158, 171]. In other words, as
the real-life test data varies from the training dataset in terms of lighting conditions [10, 171],
perspective [172], distribution of objects or type of scenes [157, 158], the accuracy of such smaller
models degrades. This problem is exacerbated by the fact that AVs are mobile, and thus, the
scenario observed often changes. Our experiments show that the mean average precision (mAP)1

of the nano version of the Yolov8 [173] model, on average, varies by 35.72% with time.

Continual learning [174, 175] is one promising technique to address the problem of data drift.
The primary idea behind it is to occasionally retrain or finetune the lightweight compressed
model (also referred to as the student model) on the new samples. Fig. 4.1 shows a typical
retraining pipeline on an AV. Here, the student model continuously performs inference on the
vehicle and stores the frames for future training. When triggered, the frames are offloaded to a
remote cloud/edge server. On the server, a deeper, more accurate model, called a teacher model,
annotates the samples to generate the ground truth required for training. Once retrained, the
updated model is sent back to the vehicle for inference. This strategy of training a student model

1We use mAP with an Intersection over Union (IoU) threshold of 0.5 throughout this Chapter to measure the
object detection accuracy of the models. This is a widely adopted metric by the vision community.
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Figure 4.1: Overview of a typical model retraining pipeline.

using the labels of the teacher is known as knowledge distillation, which has been utilized by
several prior works in the systems community [10, 157, 158, 166, 172, 176, 177, 178].

Challenges of Integrating Continual Learning into AV: Integrating continual learning into
AVs, however, is non-trivial. The primary challenge is the substantial data transfer requirements
for fine-tuning and the update delay associated with the model updates. At the typical sampling
rate used in the context of AV continual learning [158], a vehicle can send a considerably large
volume of data for retraining.

To exemplify, Ekya [158] uses frames of every 200s for retraining, assuming a framerate of 30fps,
it consists of 6000 frames. When encoded into 1080p video using H.264 [179] video compression
standard (codec), it becomes ≈ 270MB of data. Study like [180] shows that the median 5G
uplink speed even goes below 1 MBps. Uploading ≈ 270MB over such a channel will take 270s,
which exceeds the retraining window (200s) even without training. Moreover, since the retraining
triggers are frequent (every 200s in Ekya), the streaming overheads become considerable. This
hampers inference accuracy due to delayed model updates, which critically affects the control
and safety of AVs [157]. This problem is likely to become more acute as the number of sensors
per vehicle and AVs increases. A lower sampling rate, on the other hand, hurts the post-training
accuracy.

Therefore, our goal in this work is to design a dynamic sampling algorithm that (a) reduces the
total model update delay, (b) maintains high accuracy, and (c) adapts to changing bandwidth
(BW) conditions experienced by the AVs.

Our Approach: We propose a system called Pipette that minimizes data ingestion cost and
the model update delay by selecting only the samples relevant to the current training. We first
run the student as usual for inference and pick the frames where the student’s mean confidence
score of all predictions within those frames remains below a certain threshold. Our experiments
depict (in §4.1) that such a confidence score-based frame selection strategy is as good as using
all frames (shown in Fig. 4.3) while reducing the number of training samples by 51.65%. Once
selected, we encode these frames as videos before streaming to the server.
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Furthermore, we design an algorithm that adaptively selects an appropriate encoding frame rate
and training epochs on the AV before streaming, based on the current network characteristics, by
minimizing an objective function (refer to Eq. (4.4)). Employing our adaptive frame sampling
strategy serves three purposes: a) it reduces the network overhead by selecting only relevant
training samples, b) it minimizes the model update delay, and c) it ensures safety by faster
model update.

Since Pipette adapts the number of training epochs on the AV before streaming frames for
training, it needs a profiler that can interpolate to obtain a more accurate estimate. Prior work
on continual learning, such as [10, 158], obtains these estimates via one-time offline profiling.
We find this sub-optimal for AVs, as it does not account for the complexity of the scene, which
continuously changes in AVs. The accuracy improvement after training is a function of the scene
complexity. Therefore, we propose an adaptive online profiler that updates itself after each model
update. Along with the updated model, the server returns the updated profiler to the vehicle.
This happens for each AV independently.

Evaluation & Contributions: We evaluate Pipette across 14 dashcam videos totaling 15.5
hours. We find that, compared to no retraining, Pipette leads to 9.37% improvement in test
accuracy after retraining, while reducing the model update delay by 14% compared to a fixed-
sampling strategy. To put the accuracy gains in perspective, the object detection mAP of the
most accurate large variants of Yolo models has only improved by 6.3% from Yolov5 to Yolov8
in the last five years [181]. Pipette integrates seamlessly with the existing inference pipeline
on the AVs, without adding any extra compute overhead. Furthermore, it does not require any
server-side dependency for frame filtering.

Our contributions are summarized as follows:

1. We design Pipette with a confidence-score-based frame-sampling strategy to select hard
samples relevant for training. It does not add any extra compute overhead to the existing
inference pipeline on the autonomous vehicle.

2. We identify that a fixed encoding frame rate fails to provide a deadline guarantee due to
varying network BW. We design an algorithm that adaptively selects the optimal encoding frame
rate and training epoch by jointly optimizing them.

3. We design an adaptive online profiler that generates estimates for each AV independently and
updates itself over time to adapt to the varying observed scenes of the AVs.
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4.1 Background & Motivation

4.1.1 Effect of Video Parameters

Typically, the frames are streamed after encoding to improve compression efficiency and save
bandwidth, rather than in the raw format. We first explore the possibility of selecting fixed
video parameters for optimal compression. There are three possible knobs to play with to reduce
the filesize of the encoded video: 1) resolution, 2) framerate, and 3) quantization parameter.
Among these, the quantization parameter (QP) offers the most significant size benefits at the
expense of quality. Distortions in the quality affect the model’s inference accuracy as shown by
[4, 7, 182]. During training, such degradations can lead to poor-quality teacher annotations that
impair a student’s learning. Therefore, to reduce the amount of streamed training data, we only
vary the resolution and framerate.

To study the impact of these two parameters, we conduct experiments on a subset of eight videos
(each ≈ 1hr long) from our total dataset. We use the state-of-the-art Yolov8 [173] model. The
model details and videos are provided in §4.3. For each experiment, we use the first 570s of the
video for training2 and the rest for testing. We note from Fig. 4.2(a) that reducing the resolution
of the training frames to half, i.e. 540p, drops the mAP of the trained model only by 2.3% and
1.2% compared to using 1080p and 720p resolution, respectively. This drop becomes insignificant
when we consider the reduction by 3.5× and 1.8× in the streamed training data. Therefore, we
choose to use 540p frames for training.

Video Framerate vs. Model Accuracy: Videos consist of a sequence of highly correlated
frames across the temporal dimension. Video codecs exploit this property for compression. Due
to the high level of similarity, consecutive frames are almost identical. Ideally, training samples
should be independent and identically distributed (i.i.d.) for robust and reliable training. This
implies that when passed for training, the highly correlated frames of videos provide a marginal
gain. We validate this by training on 1080p frames sampled at 1, 5, 15, and 30fps. We report
the mAP, number of samples, and training time in Fig. 4.2(b). We observe the improvement
in mAP saturates after 5fps boosting, it only increases by 0.4% at 15fps in contrast to 5fps

while using 3× more samples. The number of samples increases linearly with an increase in
the sampling rate. Similarly, the training time rises linearly with an increase in frame sampling
rate. Therefore, using a sampling rate of 5fps or less is more efficient and economical. Besides,
training with 1fps sampled frames improves mAP too, though not as much as 5fps. This is
particularly helpful in cases where the network bandwidth (BW) and round-trip time (RTT) are
insufficient to stream at higher frame rates (fps), as this would inadvertently increase the model
update delay.

2Throughout this Chapter, by training we mean finetuning, i.e., reusing the weights of a previously trained
model for retraining.
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Figure 4.2: mAP versus streamed data, training time, and number of samples.
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Figure 4.3: mAP improvement when using different training schemes for continuous retraining.

4.1.2 Benefits of Continuous Training

We report in Fig. 4.3 the mAP with one-time and with continuous retraining. Similar to the
previous subsection, in the one-time scheme, we train the model only once on 570s of the video,
while in the continuous retraining scheme, we periodically retrain the model in every window (i.e.,
every 30s3). We find that compared to no training (None), retraining the model once provides
5.33% better mean object detection accuracy. Furthermore, continuously retraining in every
window with a frame sampling rate of 1fps and 5fps (Cont. 1fps and Cont. 5fps) improves the
mean mAP by 9.43% and 8.45%, respectively. This is approximately 2× improvement compared
to one-time training. This highlights that periodically retraining the model helps it adapt to
adverse, unseen scenarios, thus leading to improved accuracy. We show such a drastic scene
change in Fig. 4.4. We put the snapshots of frames before and after such a change in Fig. 4.4(b)
and Fig. 4.4(c). To show the gradual change in the scene, we use the mean entropy of frames. A
higher entropy represents a larger number of distinct pixels within a frame (e.g., during daylight),
while a low entropy implies a larger number of similar pixels (such as during night). The plot

3We use a fixed retraining window like RECL [157], Ekya [158], and AMS [166]. Dynamic window size selection
is not in the scope of this work.
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(a) The mean entropy of the frames gradually drops as the scene becomes dark at night, necessitating a quick
model update.
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Figure 4.4: (a) The entropy of the frames changes with the change in the video scene, implying a
domain shift from scene in (b) to scene in (c).

in Fig. 4.4(a) depicts the gradual decrease in the entropy of the frames when the scene becomes
dark (Fig. 4.4(c)). This change requires a faster model update to handle the change in the scene.

The last box in Fig. 4.3 shows the mAP when using our confidence-based frame sampling strategy
for continuous training. Compared to None, it achieves 10.27% mean accuracy, which is 21.5%

higher with 51.65% fewer samples in contrast to the Cont. 5fps scheme. These observations imply
that periodic retaining is inevitable. Therefore, it becomes pertinent to leverage a rational frame
selection strategy to minimize the training data sent to the server, where our confidence score-
based frame selection strategy is particularly promising. Note that such optimization strategies
are not possible if we directly borrow techniques used in streaming for applications like video-on-
demand (VoD). This is because such applications are designed to enhance the human experience,
whereas in AVs, the optimizations should focus on training neural networks [183].

4.1.3 Need for Adaptive Frame Sampling

The above discussions validate the idea of streaming at a reduced resolution and frame rate. We
now ask the question, is streaming with a carefully chosen static video parameter enough? To
answer this question, we select a fixed sampling rate of 5fps and encode the frames of 30s as a
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video, resulting in 50MB of streaming data. Assuming that we have to stream the same amount
of data in all windows, we compute the completion time of sending this video over a network with
varying BW as shown in Fig. 4.5. We note that the completion time often exceeds our retraining
window of 30s even without training involved. This emphasizes the need for an adaptive frame
sampling mechanism that can adjust the number of samples according to the available network
bandwidth. Note that the total model update delay depends on both streaming and training
time. Therefore, for minimizing total delay, the joint optimization of both these components is
essential.

4.2 Pipette’s Design and Architecture

The design of Pipette leverages the benefits of both the static and dynamic parameter set-
tings. Static knobs include the video resolution and the filtering threshold of the confidence
score. Pipette streams the video at half resolution (540p) to the server for training and uses
a confidence threshold of τ = 0.8. Fig. 4.6 shows the effect of the different thresholds on the
accuracy (mAP) and the number of training samples for one-time training. We find that τ = 0.8

gives the best tradeoff. It improves the mAP by a similar amount as 0.9, while reducing the
number of samples by 36.17%. Note that we keep the minimum detection confidence score to
0.5. Therefore, the number of samples with confidence scores below 0.6 was zero most of the
time. Hence, we only experimented with thresholds from 0.7 to 0.9. We now discuss Pipette’s
architecture, frame sampling strategy, and its dynamic encoding frame rate selection algorithm.
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Figure 4.7: Pipette’s Architecture and Workflow

4.2.1 Design Choices and Architecture

Pipette’s frame sampling algorithm has the following motivation:

1. Minimal overhead on the vehicle: Since an AV has to continuously detect the objects in
realtime, it is essential to use a lightweight frame selection algorithm.

2. Adapt to the network to speed up model update: The streamed frames and the training
epochs should adapt to the current network conditions to update the model quickly.

3. Accurate but fast retraining: The selected samples should be representative enough to
provide improvements after training, even with reduced training time.

Pipette’s Workflow: Fig. 4.7 depicts the architecture and workflow of the different compo-
nents of Pipette. Both the vehicle and the server-side consist of five independent components.
On the vehicle side, initially, the Vehicle Probe Channel Handler establishes a connection with
the corresponding handler (Server Probe Channel Handler) on the server side. This handler pe-
riodically (every 100s) probes the network to reckon the round-trip-time (RTT) and bandwidth
(BW). We use Iperf3 [184] to get the estimates. Adaptive Encoder uses the estimates from Ve-
hicle Probe Channel Handler to dynamically select the encoding frame rate and the number of
training epochs based on the current RTT and BW of the network.

The Inference Handler continuously fetches frames from the vehicle camera and performs infer-
ence on them for the vehicle to maneuver itself. After inference, it passes the frames and the
prediction results to the Frame Selector, which decides whether to keep or discard the current
frame using our confidence score sampling (§4.2.2). At every retraining window (500s), Frame
Selector passes all the sampled frames to the Adaptive Encoder, which runs the algorithm in
Algo. 4 to get the right frame rate (r) for encoding and the training epochs (e) depending on
the current network RTT and BW. Afterwards, it encodes the selected frames as video using
H.264 [179] video codec at a frame rate of r and sends it to Vehicle Model Update Handler for
streaming. Vehicle Model Update Handler attaches the training epoch (e) in the header of the
streamed video, which the server dissects to get back e. It waits until training finishes. It notifies



Chapter IV: Selection of Relevant Samples for Continual Learning in AVs 67

the Inference Handler to switch the current student model to the updated one once the server
sends the retrained model.

In summary, Pipette has two sequential stages of frame selection before streaming them to the
server: (1) selecting relevant frames for training using the confidence score, and (2) choosing the
right frame rate for encoding, depending on the current BW. We refer to the rate of these two
stages (frame sampling rate and encoding frame rate) combined as the adaptive frame sampling
rate of Pipette.

On the server side, Server Probe Channel Handler manages the Iperf3 server for the vehicle’s
Iperf3 client. The Retraining Request Handler receives the streamed video from the AV and
passes it to the Model Retrainer for training. Model Retrainer first initializes Annotator to
generate the ground truth for training by running the teacher model. Once all the frames of
the video are annotated, the retraining runs for e epochs on the Model Retrainer. Subsequently,
Model Retrainer triggers Online Profiler to fit a new profiling curve for accuracy prediction on
the AV. Ultimately, Retraining Request Handler sends back the retrained model and the new
profiling curve to the AV. The AV receives the updated model to replace the older one and
updates the profiler (§4.2.4).

4.2.2 Hard Sample Selector

Model training updates the weights using the gradient of the difference between the predictions
and the ground truths. Thus, the training is beneficial only if the gradients are large, i.e., the
model’s predictions are significantly different from the ground truths. Using training samples
where the model is already good enough does not improve accuracy, but rather wastes resources.
Therefore, it is imperative to pick relevant training samples. The confidence score associated
with each model prediction represents the model’s confidence in its own predictions. A lower
value represents that the model struggles in detection. We utilize this confidence score to select
frames (SELECT procedure of Algo. 3) where the student model gives poor predictions. We call
such frames hard samples. Training on these hard samples benefits the student model the most.
We define a function to pick the hard samples. Let there be n objects detected in a frame It at
time t. Let the corresponding confidence scores associated with each prediction i be pi(It). Then
the confidence score of each image C(It) is approximated using:

C(It) = mean(pi(It)), ∀i ∈ {1 . . . n} (4.1)

For every frame of a window (Line 3 to Line 8 in Algo. 3), the Frame Selector calculates the
mean confidence score using Eq. (4.1). If C(It) is greater than the threshold τ , it implies that the
model is good enough on those frames, hence they are discarded. Only the frames with C(It) < τ
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Algorithm 3 Pipette’s confidence score-based frame selection.
INPUT: List of frames I, confidence score threshold τ .
OUTPUT: List of selected frames in the current window.

1: procedure SELECT(I, τ)
2: O ← [ ] ▷ Empty list to store selected frames
3: for each frame f in I do
4: P ← [ ] ▷ Empty list to store predictions
5: for each object d in f do
6: p← GetConfScore(d)
7: P .append(p)
8: C ← ComputeMeanConfScore(P )
9: if C < τ then

10: O.append(f) ▷ Store current frame
11: return O

are selected for training (Line 10). A sensitivity study with different metrics to calculate C(It)

is discussed in §4.3.5.

At the end of the current window, Frame Selector passes all the selected frames to Adaptive
Encoder for encoding. Since this sampling strategy does not entail any complex computation,
it has negligible overhead. Moreover, running our confidence score-based sampling strategy on
top of adaptive encoding helps reduce the number of samples, minimizing the model update
delay. This sampling strategy is better than simple frame sampling, which always selects frames
regardless of the model’s current behaviour.

4.2.3 Adaptive Encoding Frame Rate Selection

We argue in §4.1 that the encoding frame rate of the video should be dynamic and depend on
the available network BW. Intuitively, during periods with constrained BW, the encoding frame
rate should be lower compared to relatively higher BW periods. This strategy ensures that the
model update delay remains small. However, the total model update delay is the sum of the
video streaming completion time, the streaming delay, and the training and annotation time.
Therefore, to ensure minimal model update delay, we capture and identify the optimal values for
all these components.

Problem Formulation: We design a utility function to capture the contribution of each and
every component associated with the model update pipeline. Let N and e be the total number
of selected training frames and epochs, respectively. Function S(N, r) returns the filesize (s) and
B(N, r) returns the number of subsampled frames (f) when N frames are encoded at the frame



Chapter IV: Selection of Relevant Samples for Continual Learning in AVs 69

0 5 10 20 40 80
# of Epochs

0.298
0.300
0.302
0.304
0.306
0.308
0.310
0.312
0.314

m
AP

1 fps
5 fps

(a) mAP vs. epochs.

0 5 10 20 40 80
# of Epochs

0

100

200

300

400

500

Tr
ai

ni
ng

 T
im

e 
(s

)

1 fps
5 fps

(b) Training time vs. epochs.

V1 V2 V3 V4 V5 V6 V7 V8
Videos

0.000
0.005
0.010
0.015
0.020
0.025
0.030
0.035
0.040

M
ea

n 
Sq

ua
re

 E
rro

r (
M

SE
)

(c) MSE of fitted curve.

0 100 200 300 400 500 600
Time (s)

0

20

40

60

80

Ba
nd

wi
dt

h 
(M

bp
s)

(d) BW pattern of the trace.

Figure 4.8: (a) and (b) show the variation of mAP and training time with the number of epochs. (c)
shows the mean square error of accuracy prediction when using a single profiler across various videos.

(d) shows the bandwidth (BW) pattern of the network trace used in Mahimahi for experiments.

rate of rfps. Then F (s) calculates the streaming delay of the encoded video with f = B(N, r)

frames as:

F (s) = F (S(N, r)) =
RTT

2
+

S(N, r)

BW
(4.2)

Assuming G(f) denotes the ground truth generation time on f = B(N, r) frames of the video
encoded at rfps. It is a linear function and depends on the teacher model and the server
compute. T (f, e) and M denote the training time and the delay of streaming back the updated
model. Then, mathematically, the total delay ∆ is:

∆ = F (s)+G(f)+T (f, e)+M = F (s)+G(B(N, r))+T (B(N, r), e)+M ; ∀r ∈ R,∀e ∈ E (4.3)

Here, R and E represent the sets containing the total number of possible encoding frame rates
and training epochs. Our objective is now defined as:

Minimizer,e ∆ (4.4)
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s.t. A(f, e)− αF (s) >= δ, r ∈ R, e ∈ E (4.5)

Here, A(f, e) = A(B(N, r), e) denotes the accuracy of the model when trained on B(N, r) frames
for e epochs. We pick r and e which minimizes ∆ where A(f, e)−αF (s) is greater than or equal
to δ. We define δ as the pth percentile of A(f, e) − αF (s). We empirically set α = 0.2 and use
Fig. 4.16 to set 60th percentile for δ.

Solution: To solve the above optimization problem, we use a brute force method. We first
reduce the search space by limiting the range of E and R. From Fig. 4.8(a) and Fig. 4.8(b),
we note that increasing the number of epochs beyond 20 provides diminishing returns in terms
of mAP. Therefore, we restrict the range of epochs within {5, 10, 15, 20}. Similarly, we keep the
encoding frame rate within {1 . . . 5} as discussed in §4.1. Thus, the total combinations become
20, which is small enough for an exhaustive search (SEARCH procedure in Algo. 4) to solve
without much computational overhead.

4.2.4 Design of Profiler to Estimate Performance

Pipette solves the optimization problem on the AV itself before streaming the encoded frames
to the server. Therefore, it necessitates estimating all the components of Eq. (4.3) beforehand.
This implies that Pipette should estimate the improvement in accuracy if it chooses a certain
encoding frame rate and number of training epochs. For this, we design a profiler that can predict
the accuracy, training time, and the filesize of the encoded frames given a certain encoding frame
rate (r) and epoch (e) from R and E. We start by reusing the approach in [10, 158], where the
authors perform an offline profiling over a subset of the dataset to obtain a polynomial fit. Then
the fitted polynomial can be interpolated to get estimates. However, during our experiments,
we observe that such a globally fitted curve fails to generalize across the videos. Fig. 4.8(c)
shows, for a subset of videos, the mean square error (MSE) of the predictions of the globally
fitted curve and a curve fitted individually on every video. We find the MSE to vary by ≈ 40%.
Moreover, the fitted curve should be updated continuously in every window. Therefore, unlike
the prior works, we design a profiler that keeps updating the fitted polynomial in every window
to minimize the error in the predictions. The annotation time is a linear function of the number
of frames and depends on the teacher model and the type of server GPU. We perform an offline
profiling to get the linear function. We use the first training window of Pipette to fit a curve
for the accuracy and training time profilers.

Filesize Predictor: Since the AV has only the frames, it is necessary to estimate the filesize
of the encoded video at different encoding frame rates. Similar to the result in Fig. 2.7, we
perform a small offline experiment to study the relation between the filesize and encoding frame
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Algorithm 4 Pipette’s algorithm to solve Eq. (4.4).
INPUT: List of possible encoding frame rates R and training epochs E, percentile threshold
pth, per frame annotation time λ, uplink bandwidth and RTT Bu and Ru, downlink bandwidth
and RTT Bd and Rd, model size Ω, the coefficients of training time and accuracy prediction
curve Wt and Wa.
OUTPUT: Encoding frame rate r, number of training epochs e.

1: procedure SEARCH(R,E, pth, λ,Ω, Bu, Ru, Bd, Rd,Wa,Wt)
2: U,D, V ← [ ], [ ], [ ]
3: for each rate r in R do
4: f ← N/r ▷ Subsampled frames when rate is r, B(N, r)
5: for each epoch e in E do
6: S ← GetF ileSize(f) ▷ Encoded frames filesize
7: F ← GetFrameStreamingDelay(Bu, Ru, S)
8: G← λ.f ▷ Annotation time
9: T ← GetTrainingT ime(f, e,Wt)

10: M ← GetModelDownloadingDelay(Bd, Rd,Ω)
11: A← GetAccuracy(f, e,Wa)
12: ∆← F +G+ T +M ▷ Total delay
13: u← A− αF ▷ Current utility
14: U .append(u)
15: D.append(∆)

16: for v ← 1 . . . |U | do
17: if U [v] >= percentile(U, pth) then
18: V .append(D[v])

19: m← argmin(V )
20: ii← indexWhere(D,V [m] == D) ▷ index of min(D).
21: r, e← R[ii], E[ii]
22: return r, e

rate. We note that increasing the encoding frame rate from 1fps to 2fps, 3fps, 4fps, and 5fps

increases the filesize by ≈ 30%, ≈ 55%, ≈ 80%, and ≈ 100% respectively. We use this relation
to interpolate the filesize using the size of the video from the previous update window.

Accuracy Predictor: For the accuracy predictor, in the first window, we use an encoding frame
rate of 5 and epochs of 20 for training. On the server, we fit a degree four polynomial using the
output of the first training, which is returned to the AV. In the subsequent windows, we use this
curve for accuracy prediction and keep updating the curve. This procedure happens for every
video individually. During every update window, the coefficients of the polynomial are updated
using the equation:

Vnew = µVcurrent + (1− µ)Vold (4.6)
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Here, Vnew is the updated value, Vcurrent is the actual value fitted in the current window, and
Vold is the previous value. We empirically set µ = 0.1. Note that this update happens on the
server because the new relation between the epoch and the mAP becomes available on the server
after training. Once updated, the values are returned to the AV along with the updated model.

Training Time Predictor: Our training time predictor uses the same approach as the accuracy
predictor, with the only difference being the degree of the fitted polynomial, which is one. Besides,
unlike the accuracy curve, we do not adapt the fitted curve for training time prediction.

4.3 Implementation & Evaluation

We implement both the vehicle and server-side components of Pipette separately in Python3.
We utilize the multiprocessing library to create independent processes for the handlers (§4.2)
running concurrently. The profiler fits the polynomial curves using NumPy.

Testbed: Our server runs on a PC with an AMD Ryzen 9 7950X 16-Core Processor CPU
equipped with 32 GB of RAM and Nvidia GeForce RTX 4080 GPU. The AV side codebase runs
on Nvidia AGX Xavier, which has an 8-core Nvidia Carmel ARMv8.2 CPU with 512 CUDA cores
and 32 GB RAM. Both the server PC and the AGX are connected via Ethernet. To emulate an
actual wireless network, we use Mahimahi [185], which uses a pre-recorded network trace and
replays it to simulate realistic network characteristics. We run our own collected network trace
(shown in Fig. 4.8(d)) inside Mahimahi.

Models: We conduct all the evaluations for the object detection application, which is the most
crucial part of AV. For this, we use the state-of-the-art Yolov8 [173] DNN model pretrained on
the MSCOCO dataset [186]. We then select its smallest model (Yolov8n) and create specialized
student expert predictors by pruning them using Torch-Pruning [168]. Since the compressed
expert models are known to achieve superior accuracy with smaller prediction categories [156,
187, 188], similar to [171], we restrict the number of classes to ten (the first ten classes of the
MSCOCO dataset), which are relevant for AV. Note that new unseen classes can be added during
retraining. On the server, we use Yolov8x (the largest variant of Yolov8) as the teacher model,
which generates the ground truths required for training.

Dataset: To achieve meaningful data drift, the evaluation videos should be sufficiently long.
Therefore, similar to prior works [10, 157, 171], we pick 14 dashcam/driving videos from YouTube
[189]. The videos are captured in various cities across different countries, under diverse environ-
ments, and at different times of day. Thus, these represent a diverse set of environments and
traffic conditions that an AV witnesses. Our included videos have a length of ≈ 30min to
1hr30min. Thus, the total length of the video becomes ≈ 15.5hrs. All videos have a resolution
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of 1080p and a frame rate of 30fps. We finetune the specialized student model on the first 570s

of every video before running experiments to remove any learning discrepancy introduced by the
pruning. This acts as our pretrained baseline and ensures that the model does not benefit from
any specific video. We repeat all experiments on each and every video independently. While
streaming the distilled frames for training in every window, we encoded them into 540p videos
to harness more savings due to reduced resolution (§4.1). However, for inference on the AGX
(acting as our AV), we use the original 1080p videos. We use a retraining window of 500s for all
experiments (sensitivity study in Fig. 4.17).

Baselines: We compare Pipette with the following baselines.

1) No Retraining (NR): For this, we run the model on the videos without any training (except
the finetuning on the first 570s), which behaves similar to our pretrained model.

2) One Time Training (OTT): We finetune the pretrained model once again on the 570s.
The rest of the video is used for testing. This baseline helps illustrate the benefits of continuous
retraining.

3) Continuous Retraining With Fixed Sampling (FS): Works like Ekya [158] and RECL
[157] use a fixed frame sampling strategy and a fixed retraining window. Using it as a baseline
justifies the requirement of having adaptive frame sampling. For training, we fix the sampling
rate to 5fps and the encoding frame rate to 1fps to minimize model update delay and set the
epochs to 20 to maximize accuracy. This can be seen as the best possible case.

4) Continuous Retraining With Content-based Adaptive Sampling (ASR): Prior works
such as AMS [166] and Gecko [176] use content-based adaptive sampling. The idea is to adjust
the frame sampling rate based on the scene’s dynamism. When the AV moves slowly, they
pick a lower sampling rate and increase it when the speed is higher. We borrowed the AMS
implementation from their open-sourced codebase and integrated it into our code. We keep all
parameters the same as in the original paper, including epochs=20, except for the sampling rate
range. Originally, AMS used sampling rates between 0.1 and 1, but we keep it between 1 and 5,
as Pipette does, for a fair comparison. The encoding frame rate varies with the sampling rate.

Note that for all the baselines, to have a fair comparison, we keep the retraining window to 500s

similar to Pipette and encode at 540p4 when streaming to the server for training.
4Note that the original papers streamed at the original video resolution (higher than 540p). This overburdens

the network, significantly increasing the model update delay. However, for a fair comparison, we still use 540 for
the baselines, which reduced their update delay.
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4.3.1 Evaluation Metrics

We now evaluate Pipette to assess its performance and validate the design choices for object de-
tection. However, Pipette can be generalized to other similar tasks like semantic segmentation.
We use the following metrics for Pipette’s evaluations:

(1) Model Update Delay: We define the model update delay as the time taken from the start
of a retraining window to the time a retrained model is received at the AV. Having a smaller
model update delay is optimal. It encompasses the delay (in seconds) introduced by all the
components (encoding, frame streaming, annotation, training time, and model download time)
in the training pipeline.

(2) Accuracy: We test Pipette on the object detection task and assess its accuracy using
mean average precision (mAP) at an intersection over union (IoU) threshold of 0.5. This is a
widely adopted metric for object detection within the computer vision community, as it is known
to be more robust compared to metrics such as the F1 score. A higher mAP implies superior
detection across all classes.

(3) Number of Selected Frames for Training: We showed in Fig. 4.3 that our confidence
score-based frame selection strategy picks relevant frames (hard samples) for training, which is
fewer than the fixed frame selection technique. We log the number of such samples that Pipette

chooses.

(4) Training Time: We log the duration of the training session (in seconds) in each retraining
window. The training time depends on the number of training epochs and the number of training
samples.

4.3.2 Comparison with Baselines

Model Update Delay: Once we get the accuracy, we then quantify how long it takes to get
the updated retrained model back from the server. This is crucial because obtaining the updated
model as quickly as possible enables the AV to take correct actions for improved safety [157].
We report the model update delay associated with each of the baselines in Fig. 4.9(a) on a log
scale. We observe that ASR results in orders of higher delay compared to the other two baselines.
This happens because ASR intermittently (every 10s) sends the sampled frames to the server to
calculate the sampling rate to use for subsequent frames, depending on the content dynamicity.
These frequent streamings introduce delays, which, when aggregated, escalate. Pipette pro-
vides the updated model with the least delay of 86.37s, which is ≈ 14% faster than FS. These
observations imply that Pipette incurs the least overhead in the entire training pipeline. Since
NR and OTT do not rely on the server for training, we skip their results.
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Figure 4.9: Comparison with the baselines across all performance metrics: accuracy (mAP), model
update delay, training time, and number of selected frames in each retraining window. The key takeaway
is that Pipette achieves the best mAP vs delay tradeoff by balancing the total number of training frames

and training time.

Accuracy vs. Model Update Delay Tradeoff: To highlight the benefits of Pipette, we
report the tradeoff between mAP and delay for all the baselines in Fig. 4.9(b). Having a higher
accuracy and smaller update delay is ideal, as this implies superior accuracy using a quick re-
ception of the updated model. We find that Pipette achieves the best tradeoff among all the
baselines. That is, ≈ 14% and ≈ 43× faster model update than FS and ASR, respectively. While
achieving mAP 0.7% better than FS and 1.2% better than ASR across all videos. The improve-
ments of Pipette become much more considerable under extreme conditions: low bandwidth
and severe scene change (Fig. 4.10 and Fig. 4.12). Thus, Pipette is able to balance the number
of samples and the number of training epochs according to the current network characteristics,
achieving an appropriate tradeoff between the two metrics.

Training Time: During our experiments, we note that, although adaptive, ASR always selected
a frame sampling and encoding rate of 1fps. We speculate that this happens because the original
paper [166] was designed for a semantic segmentation task. Therefore, the designed formula may
not generalize to the object detection tasks we evaluate for. Due to the smaller sampling and
encoding frame rates, the total number of samples is less (shown in Fig. 4.9(d)). Having fewer
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Figure 4.10: Mean mAP on all videos (left) and videos with drastic change (right), respectively.

training samples implies smaller training time, as shown in Fig. 4.9(c). Pipette shows the
highest training time 31% more than FS. This happens because Pipette uses a higher encoding
frame rate than FS and ASR. On average, it picks an encoding rate of 1.5fps, which is higher
than the 1fps rate of FS and ASR. However, the smaller number of selected samples in Pipette

amortizes this cost, minimizing the total update delay.

Number of Selected Training Samples: We argued in §4.1 that our confidence score-based
selection strategy picks only relevant samples for training, which is better than a fixed frame
selection scheme. To validate this choice, we log the absolute number of selected training frames
in each window. Fig. 4.9(d) shows the mean number of selected frames by each technique in
each retraining window. We note that ASR samples the least number of frames while incurring
the longest update delay. Pipette picks 35.7% fewer samples than FS while achieving a better
mAP at the same time. Unlike FS and ASR, the samples selected by Pipette are the hard
samples that are more relevant for training. By adaptively balancing the number of samples and
training time, Pipette achieves superior accuracy and update delay.

Accuracy: Fig. 4.10 depicts the mean accuracy of all the baselines, aggregated across all
videos. The percentage values above each bar represent the mean improvement compared to
NR. We note the following observations: (1) training once (OTT) improves the accuracy only by
2.37%, stressing that the one-time adaptation is not sufficient. (2) All the continual retraining
techniques, namely FS, ASR, and Pipette, achieve at least 6% better accuracy compared to
OTT. (3) ASR achieves the worst accuracy improvements among all continual learning strategies.
(4) Pipette is able to attain the highest accuracy, improving it by 9.37% compared to NR
and 6.86% better than OTT. All these four observations necessitate a continual learning-based
strategy. Furthermore, we report the detection accuracies across all classes for Pipette and FS
in Fig. 4.11. We observe that for classes such as “bicycle”, “bus”, “train”, and “boat”, Pipette

outperforms FS. We skip ASR because it incurs an order-of-magnitude higher delay, making it
the worst baseline.
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Figure 4.11: Confusion matrix of Pipette (left) and FS (right).

4.3.3 Impact of Drastic Scene Change on Accuracy

We study the effectiveness of all the baselines under drastic changes in environmental lighting
conditions. For this, we identified five videos (lasting ≈ 5hrs) from our dataset where the scene
changes from light to dark or dark to light (Fig. 4.4).

We report the mAP of all the schemes in the Fig. 4.10. We note that under severe domain
change, all the continual learning schemes (FS, ASR, and Pipette) improve the accuracy by
at least 13%. The mAP of the pretrained models suffers severely under these conditions and
remains around 0.27 on average in contrast to 0.32 on the aggregate level (all videos). The large
improvements (≈ 53% more) imply the benefit of continual learning under such conditions. We
note that Pipette provides the highest accuracy in such scenarios, surpassing FS by 3.6% and
ASR by ≈ 2%. The accuracy benefits of Pipette become considerable when we consider the
fact that the mAP of the most accurate variants of Yolo models has only improved by 6.3%

from Yolov5 to Yolov8 in the last five years [181]. Furthermore, the accuracy gains of Pipette

also come with faster updates, incurring 43× and 7.4% less update delay than ASR and FS,
respectively. This makes Pipette a more suitable system under drastic domain change with
varying bandwidth conditions.

4.3.4 Performance Under Low Bandwidth

We further test Pipette under constrained BW (Fig. 4.12(b)) with a mean BW of 0.9Mbps on
the videos with intense scene change as discussed in §4.3.3. We show the mAP and the model
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Figure 4.12: (a) shows the accuracy and mean update delay of Pipette and FS under low bandwidth
trace depicted in (b)

update delay of both Pipette and FS in Fig. 4.12(a). We discard ASR because its update delay
was orders of magnitude higher, even in high BW (Fig. 4.9(a)). We observe from Fig. 4.12(a)
that, compared to NR, both FS and Pipette improve mAP by 13.5%. However, Pipette

achieves 12.7% lower delay in retrieving the updated model from the server. This happens as
Pipette is designed to balance epochs and encoding frame rate. FS always uses an encoding
frame rate of 1fps and a training epoch of 20. Therefore, during periods of extremely low BW,
it fails to provide the trained model, compromising AV safety quickly. However, in such cases,
Pipette reduces the encoding frame rate (sending less data) to minimize the update delay.

Special Cases: From all the videos in our dataset used for the results shown in the previous
section, we identified two distinct cases to better understand Pipette’s behavior and highlight
specific use cases. Fig. 4.13 depicts the accuracy and model update delay for both cases using
two videos each ≈ 1.11hr long. The first case shows a good BW condition, with a countryside
scene where vehicles appear sparsely. In such cases, as shown in Fig. 4.13(a), in contrast to
FS, Pipette significantly reduces the update delay by 68.8% while still providing a comparable
accuracy. This happens because, regardless of the vehicles’ presence, FS samples unnecessary
frames, whereas the confidence-score-based sampling in Pipette identifies and discards frames
with no objects. Thus, Pipette provides a faster model update.

In the second scenario, the BW is constrained in a challenging scene, i.e., a scene with a varying
number of objects and low visibility. Pipette provides 1.8× faster model updates by selecting a
lower encoding frame rate than FS due to poor BW. However, unlike good network characteristics
in §4.3.3, due to the higher round-trip-time, it uses fewer training epochs to minimize total delay.
This drops the accuracy by 8.4% compared to FS. A possible approach to address this corner
case is to perform local fine-tuning or reuse a previously stored model. We intend to explore
such optimizations in the future.
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Figure 4.13: Accuracy and update delay under two example cases.
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Figure 4.14: mAP and model update de-
lay of Pipette with and without adap-
tive encoding frame rate selection before

streaming.
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Eq. (4.1).

4.3.5 Ablation Study and Sensitivity Tests

Need for Adaptive Encoding Frame Rate: An important part of Pipette is its adaptive
encoding frame rate, which helps it adapt to the fluctuating network bandwidth (BW). To
emphasize its contribution, we perform an ablation study by completely removing the adaptive
encoding and fixing it at 5fps. Thus, Pipette has only one stage, which is confidence score-
based frame selection. We report the result in Fig. 4.14. We note that removing the adaptive
encoding improves the mAP by 11.34% while increasing the update delay by 70%. This implies
that although adaptive encoding reduces the accuracy, it helps limit the model update delay.

Impact of different metrics in C(It): In Fig. 4.15, we justify our design choice of using
the mean of confidence scores of all the detections within a frame in Eq. (4.1) to calculate C(It)

compared to maximum and variance of confidence scores as used in works like [190] and [191].
We note that using the mean (Cont. Mean) for frame selection in continuous training is superior
to using maximum (Cont. Max) and variance (Cont. Var). Using maximum has the least
benefit, improving the mAP by 7.57%. Although Variance seems promising, it misses frames.
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To exemplify, consider two cases with four confidence scores A = {0.84, 0.88, 0.84, 0.88} and
B = {0.44, 0.48, 0.44, 0.48}. Here, both A and B have low variance, implying good detection,
therefore, both will be discarded. But as chosen by mean but not by variance, B should be
considered as a difficult sample, as all its detections have poor confidence scores.

Impact of percentile value in threshold: In Eq. (4.4) and Eq. (4.5), we select only those ∆

values which are greater than the threshold δ that uses pth percentile. We perform a sensitivity
study for three different percentile values (shown in Fig. 4.16). We observe that increasing the
percentile increases the mAP and the model update delay. We select 60 as the optimal percentile,
as it offers the best tradeoff between mAP and update delay.

Impact of retraining window size: Pipette uses a fixed retraining window size. Changing
the window size has a significant impact on the accuracy of the retrained model. We report in
Fig. 4.17 the mean improvement in model accuracy (compared to no-training) after training
when using different window sizes in Pipette. We note that increasing the size increases the
accuracy (mAP) until the size reaches 500s, after which the accuracy drops. Therefore, Pipette

uses a window size of 500s. Note that instead of using fixed time periods as retraining triggers,
the amount of drift can be utilized as a trigger as well. Pipette’s strategy can generalize to
such triggers. We leave such evaluations for future consideration.

4.4 Related Works

Data Ingestion Cost in Video Analytics: The cost of data ingestion for video analytics
has been extensively studied in the systems community. However, most works focus only on
applications that rely on inference. Reducto [6] and SmartFilter [118] use adaptive frame filtering
to prune similar frames. DDS [7], AccMPEG [4], and MRIM [151] encode video with varying
spatial video quality. AdaMask [5] removes the background, keeping only the region of interest.
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CloudSeg [144] utilizes super-resolution to upscale a low-resolution stream sent from the camera.
However, none of these works addresses the high network cost associated with model training.

Continual Learning: There are a myriad of works using continual learning to handle the
problem of data drift in DNNs [10, 157, 158, 166, 171, 172, 176, 178, 192, 193, 194, 195, 196, 197,
198]. RECL, Mocha, and Gecko [157, 171, 176] propose reusing a model from a large model zoo,
which is continually updated. This is complementary to our work. Ekya [158], AdaInf [194], and
ElasticDNN [195] investigate balancing inference and model retraining on the GPU by designing
an appropriate job scheduler. DACAPO [193] designs a specialized hardware for concurrent
execution of inference, labeling, and training. The works [10, 172] retrain the model under
adverse conditions and across different perspectives. Momento [199] and LiveNAS [200] apply
continuous training during video streaming for completion-time prediction and video upscaling,
respectively. Reference [192] leverages camera correlation to train and deploy a single model at
the edge, serving multiple cameras with similar visual scenes. RILOD [196] incrementally trains
a model whenever it encounters a new class. None of these works examines adaptation to varying
network characteristics.

Frame Sampling: A few of the continual learning works propose some form of frame sam-
pling to limit the number of frames for retraining. Works like [166, 176, 178] use content-based
adaptive sampling. EAMU [10] is closest to ours. It picks samples using confidence scores, then
performs frame differencing to discard similar frames when BW is limited. However, they only
experimented on stationary traffic cameras. For AV, the frame differencing struggles because the
entire frame is mobile. The prior work [191] uses the variance of the confidence scores to select
the hard samples. PatchLine [177] and EdgeSync [201] leverage the entropy of predictions to pick
relevant samples. Momento [199] creates batches and then discards high-density batches, i.e.,
batches with more similar samples. AdaptAV [198] employs various sampling strategies, includ-
ing adaptive, density-based, and event-based sampling. SBAD [190] depends on the maximum
of the confidence scores of the predictions to pick frames for retraining. It only selects high-
confidence-score frames, which we find ineffective for continuous retraining. All of these works
overlook the impact of the network dynamicity on their sampling and retraining decisions.

4.5 Discussions & Limitations

Model Reuse: There are works such as Mocha [171], Gecko [176], and RECL [157] that propose
reusing an optimal model from a model zoo. The zoo is updated in the background. This
significantly reduces the model update time by hiding the retraining from the model update
pipeline. Pipette can complement such works during their retraining sessions, which still require
streaming frames.
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Scene Dynamicity-based Sampling Rate Selection: Pipette dynamically selects the en-
coding frame rate based on available network bandwidth and then samples using confidence
scores. Some prior work [166, 176, 178] analyzes consecutive frames to estimate the vehicle’s
speed. Then change the frame sampling rate accordingly. This technique varies the encoding
frame rate based on the vehicle’s speed; when the vehicle is stationary, samples are taken at a
lower rate than when it is mobile. Pipette does not use such a strategy. However, this can
complement Pipette in saving even more bandwidth. The current work does not explore its
feasibility.

Assuming No GPU Contention on Server: While training, our setup assumes no contention
on the server. However, an edge server handles multiple requests concurrently from different
AVs. Therefore, the same GPU resource is typically shared among multiple retraining instances
[194]. In such a case, the annotation time will no longer be linear. Moreover, the training
time depends on the training scheduling policy. Currently, Pipette does not handle this non-
linearity introduced by the contending retraining sessions. However, using the update similar to
the accuracy profiler curve discussed in §4.2.4 Pipette can adapt to such cases.

4.6 Conclusion

In this work, we propose Pipette, a system that leverages an adaptive frame-sampling strategy
for continual learning in autonomous vehicles (AVs). This enables AVs to adapt to unseen adverse
environments by quickly having an updated model available through server-based training. Since
such model retrainings require streaming the training frames from the AV to the server. It requires
an appropriate sampling and encoding frame rate that adapts to current network characteristics.
Pipette adjusts the encoding frame rate to the available bandwidth while also using the student
model’s confidence scores to identify frames most useful for retraining. It also adjusts the number
of training epochs to minimize update delay. Compared to the baseline strategies, Pipette

achieves the best tradeoff between the accuracy of retrained models and the delay in obtaining
the updated model from the server in extreme conditions.



Chapter 5

Conclusion and Future Works

5.1 Conclusion

In this thesis, we discussed our work on real-time traffic surveillance, live video streaming, and
cloud-assisted autonomous driving. All these video applications suffer from the poor, inconsistent
bandwidth and variable latency of the current wireless networks. This thesis proposes novel
lightweight data filtering and content-aware data allocation to improve and better adapt these
modern video applications to the current wireless network infrastructure.

Specifically, in the surveillance setting, we propose a metadata-driven filtering approach that can
run in real-time, even on the camera, to detect regions of video containing moving objects. Our
pruning algorithm leverages the observation that the bitrates of these regions strongly correlate
with the number of moving objects.

To improve the quality of experience in live video streaming, we propose using multiple devices
with internet connections to collaborate synergistically and receive different spatial regions of
the video from the sender on different devices. We further design a content-aware scheduler to
allocate different spatial portions to different paths.

Finally, we address the high model update delay associated with retraining jobs in cloud-assisted
autonomous driving. We design a lightweight frame selection strategy to pick only the frame that
provides meaningful improvement after training. Our strategy adapts to network bandwidth to
minimize update delay while ensuring superior post-training accuracy.

For each application, we implement our proposed adaptive filtering and content-aware solutions
on inexpensive edge devices and demonstrate that they run in real-time and perform well in
practice.

83
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5.2 Future Works

In all the applications of this thesis, we primarily emphasized bandwidth and latency. However,
there are other interesting aspects to explore, such as energy aspects of multi-device streaming,
privacy in video analytics, and local on-device model training in AVs. We now briefly discuss
these potential research ideas.

5.2.1 Designing Energy-aware Scheduler With Better BW Estimation

In live streaming, we observe that our bandwidth estimation technique provide inaccurate results.
One way to address inaccurate bandwidth estimation is to incorporate feedback from the primary
device. Upon receiving a complete video segment, the receiver can report the completion time
and other QoE metrics as part of the feedback, which the streamer can use to offset bandwidth
and scheduling inaccuracies. Such feedback has been shown to work well in works such as
Converge [40] and XLINK [48]. Moreover, for multi-device collaboration in the live streaming
work, introductino of the second device comes at the cost of increased energy consumption. It
would be interesting to study this implication and the possibility to incorporate this energy
constraint into an appropriate utility function. This an make the overall system more energy
efficient.

5.2.2 On-device Training to Remove Cloud-assistance

A major problem associated with cloud-assisted model training in AVs is the high network costs
and long update delays. One way to address this is to train locally on the vehicle itself. However,
such training on AV is a non-trivial problem because the GPU compute is shared. During
training, the GPU is shared between the inference task and the training job. This hampers the
AV’s perception rate, compromising its safety. Since AVs now come with a variety of processors,
including a neural accelerator, inference can be offloaded to these accelerators, with the GPU
largely used for training. However, the modern object detection models are less compatible
with the neural processors and therefore frequently fall back to the GPU, making it essential to
consider such constraints while training.

5.2.3 Privacy-aware Video Analytics

In current deployments, the camera streams the captured video directly to remote cloud/edge
servers. This has the associated risk of leaking private information. For instance, in a locality,
if there is only one yellow car with a black sticker. Given a video, someone can easily identify
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the car’s owner. Therefore, the video should be encoded in such a way before sending it to the
server so that it hides distinguishable features of vehicles or people (as in [202]). One possible
solution is to design a neural codec-based video compression technique that can mask vulnerable
features in frames. However, this transformation should be reversible, allowing recovery of the
original video if needed, given the encoding mask. Auto-encoders are a good candidate for such
an application.

5.2.4 Utilizing Cross-correlation Across Cameras

In real-life deployments, multiple camera points at the same scene, therefore have overlapping
field of view. This provides an opportunity to use cross-correlation among the cameras as shown
by [8, 9]. Such correlation across cameras can be utilized for the reidentification and tracking
of vehicles. This also opens the possibility of more bandwidth saving by sending only the non-
overlapping tiles of a camera because the overlapping objects might already be detected in another
camera’s view.
—————————————————
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