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410
Receiving, at a processor-based device, video data from J
at least one remote video capture device. |

Determining, at the processor-based device, based on
multiple portions of the video data received from the at
least one video capture device, a particular video 420
capture configuration, selected from a plurality of pre-
determined video-capture configurations, that optimizes
an adaptation objective function derived based on a
machine learning detection accuracy score achieved
using the particular video capture configuration and on a
processing and networking latency score resulting from
the particular video configuration.

Adapting the at least one remote video capture device to 430
transmit video data according to the determined J

particular video configuration for a particular period of
time.

FIG. 4
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SYSTEMS AND METHODS FOR ADAPTIVE
STREAMING FOR REAL-TIME VIDEO
ANALYTICS (ASTRA)

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims priority to, and the benefit
of, U.S. Provisional Application No. 63/633,989, entitled
“Systems and Methods for Adaptive Streaming for Real-
Time Video Analytics (ASTRA)” and filed Apr. 15, 2024,
the content of which is incorporated herein by reference in
its entirety.

STATEMENT REGARDING FEDERALLY
SPONSORED RESEARCH

[0002] This invention was made with government support
under grants 2038984 and 1827923 awarded by the National
Science  Foundation (NSF), and wunder grant
WOI11NF1910379 awarded by the Army Research Office
(ARO). The government has certain rights in the invention.

BACKGROUND

[0003] Real-time video analytics is crucial for smart city
applications and cloud-connected vehicle control. In order to
improve analytics accuracy, it is desirable to process the
video at the highest resolution and frame rate. However, due
to limited compute, memory, and network resources, stream-
ing and processing video at the highest resolution and frame
rate from all the cameras is not feasible and adversely affects
the analytics latency.

SUMMARY

[0004] Described herein is a proposed framework for
efficiently executing online adaptation processes for large-
scale video analytics optimization. The proposed frame-
work, referred to as ASTRA ((Adaptive STreaming for
Real-time video Analytics) was uniquely evaluated in a
real-world environment in the COSMOS testbed and in
Google Cloud (that can emulate larger deployment), using
an extensive dataset of videos collected from the testbed. It
was shown that the framework maintains robust perfor-
mance in dynamic environments, achieving over 90% reli-
ability in satisfying accuracy and latency requirements. The
proposed framework incurs around 2% average GPU utili-
zation overhead per camera compared to offline optimal. In
some embodiments, the proposed framework can leverage
multi-camera video stream correlations similar to single
stream configuration performance correlations, examine
adaptive time window lengths to address sudden content or
network fluctuations, and/or extend ASTRA for geo-distrib-
uted edge/cloud analytics with dynamic resource allocation
and more configuration parameters.

[0005] Insome variations, a method for real-time adaptive
video analytics generation is disclosed that includes receiv-
ing, at a processor-based device, video data from at least one
remote video capture device, and determining, at the pro-
cessor-based device, based on multiple portions of the video
data received from the at least one video capture device, a
particular video capture configuration, selected from a plu-
rality of pre-determined video-capture configurations, that
optimizes an adaptation objective function derived based on
a machine learning detection accuracy score achieved using
the particular video capture configuration and on a process-
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ing and networking latency score resulting from the particu-
lar video configuration. The method additionally includes
adapting the at least one remote video capture device to
transmit video data according to the determined particular
video configuration for a particular period of time.

[0006] In some variations, a surveillance system with
real-time adaptive video analytics generation is provided
that includes at least one remote video capture device, and
at least one processor-based device in communication with
the at least one remote video capture device. The at least one
processor-based device is configured to receive video data
from at least one video remote capture device, and determine
based on multiple portions of the video data received from
the at least one remote video capture device, a particular
video capture configuration, selected from a plurality of
pre-determined video-capture configurations, that optimizes
an adaptation objective function derived based on a machine
learning detection accuracy score achieved using the par-
ticular video capture configuration and on a processing and
networking latency score resulting from the particular video
configuration. The at least one processor-based device is
configured to adapt the at least one remote video capture
device to transmit video data according to the determined
particular video configuration for a particular period of time.
[0007] Insome variations, a non-transitory computer read-
able media is provided that includes computer instructions
executable on a processor-based device to receive video data
from at least one remote video capture device, and determine
based on multiple portions of the video data received from
the at least one video capture device, a particular video
capture configuration, selected from a plurality of pre-
determined video-capture configurations, that optimizes an
adaptation objective function derived based on a machine
learning detection accuracy score achieved using the par-
ticular video capture configuration and on a processing and
networking latency score resulting from the particular video
configuration. The computer instructions further cause the
processor-based device to adapt the at least one remote video
capture device to transmit video data according to the
determined particular video configuration for a particular
period of time.

[0008] Embodiments of the method, system, and the com-
puter readable media may include at least one or more of the
features described in the present disclosure.

[0009] Other features and advantages of the invention are
apparent from the following description, and from the
claims.

BRIEF DESCRIPTION OF THE DRAWINGS

[0010] These and other aspects will now be described in
detail with reference to the following drawings.

[0011] FIG. 1 is a diagram illustrating an overview of an
example ASTRA framework.

[0012] FIG. 2 is a diagram illustrating an example of an
allocation of adaptation periods for three cameras in two
successive time windows under the ASTRA framework.
[0013] FIG. 3 is a diagram of an example modular adap-
tation implementation that may be used with the ASTRA
framework.

[0014] FIG. 4 is a flowchart of an example procedure for
real-time adaptive video analytics generation.

[0015] Like reference symbols in the various drawings
indicate like elements.
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DESCRIPTION

[0016] Described herein is a proposed low-overheard
framework, referred to as ASTRA (Adaptive STreaming for
Real-time video Analytics), configured for online adaptation
of video analytics in multi-camera/edge-cloud settings. The
proposed framework can execute online adaptation algo-
rithms, rooted in reinforcement learning, as a black box. The
framework includes a procedure (GP-UCB-C) that acceler-
ates adaptation by leveraging configuration correlations. The
proposed framework was deployed in the NSF COSMOS
testbed and had its performance uniquely assessed in real-
time using street-level cameras. The framework was evalu-
ated with up to eight emulated cameras by streaming a
comprehensive video dataset under real-world network con-
ditions. The results indicate that when integrated with the
proposed GP-UCB-C algorithm, the ASTRA framework
ensures system reliability (i.e., probability of meeting the
accuracy and latency requirements) of more than 90% while
maintaining performance within less than 10% deviation
from the offline optimal performance with average GPU
utilization overhead of around 2% per camera. The primary
goal of online adaptation is to maximize performance with
constrained resources. Therefore, it is important that the
adaptation system incurs minimal overhead in executing the
online adaptation algorithms, is flexible enough to accom-
modate different types of applications (e.g., latency-sensi-
tive and accuracy-sensitive) and DNN models, and, given
the rapid evolution of online adaptation processes, allows
for easy integration of new processes/algorithms, requiring
minimal changes.

[0017] The proposed framework can be used to analyze
large volume of video data, collected potentially from a vast
number of video cameras, to determine, for example, secu-
rity data for a geographic area covered by the video cameras.
The proposed framework leverages memory and GPU man-
agement techniques (in terms of timing and capacity) to
derive the security data (security analytics). When used to
determine security data, the proposed framework is config-
ured to perform real-time detection of indicators of security
threats, including intrusion, altercation, firearms, bullying,
and other anomalies, and is capable of automatically search-
ing through hours of recorded videos for a specific incident
in a short period of time (minutes or less). The proposed
framework can also be used in other applications and use
cases requiring real-time video analytics, e.g., in situations
requiring real-time context assessment for detecting warning
signs and anomalies (for example, situations involving traf-
fic and transportations, anomalies occurring in fast-moving
assembly lines, etc.)

[0018] Real-time processing of video streams using DNNs
is computationally demanding. For instance, the execution
of a conventional object detection model on a single video
stream with 8322 resolution and 30 fps can consume most of
the processing capacity of a T4 GPU. In such a case,
processing additional 30 fps 8322 streams leads to increased
inference latency unless the resolution or frame rate of at
least one of the video streams or the DNN complexity is
reduced. Depending on the density level and movements in
the monitored scene. different resolutions, frame rates, and
DNN complexities are required to achieve sufficient accu-
racy. For example, for cameras viewing urban streets, when
vehicles are moving slowly—e.g., at a red traffic light or
during heavy traffic—the frame rate can be reduced without
losing accuracy. Similarly, when the pedestrians’ density is
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low, or they are close to the camera, the resolution can be
reduced without affecting the accuracy. Therefore, optimiz-
ing parameters such as resolution and frame rate when
feasible, can significantly save on bandwidth and computa-
tional power. The proposed framework focuses on dynami-
cally identifying video streams’ configuration characteris-
tics, such as resolutions and frame rates, that maximize the
overall performance—a function of accuracy and end-to-end
latency—under limited computation and network capacity
while meeting application-specific constraints on accuracy
and end-to-end latency. A specific combination of resolution
and frame rate for a stream (and optionally other parameters
and characteristics of a video stream) is referred to as a
configuration.

[0019] Thus, with reference to FIG. 1, a diagram illustrat-
ing an overview of an ASTRA framework 100 is provided.
The framework (system) 100 includes a multi-camera setup,
comprising cameras 110a-» connected to edge servers (such
as edge servers 120 and 122) via communication networks
such edge network 130 (such networks may be wired
networks, for example, packet-based networks, or wireless
networks). The ASTRA framework 100 includes an ASTRA
controller 150 that is adapted to update the configuration of
the framework (system) 100 periodically in response to
changes in the environment.

[0020] More particularly, consider a setting where real-
time video streams from several cameras, such as the
cameras 110a-» depicted in FIG. 1, are transmitted to edge
servers to derive video analytics (such as object detection)
using machine learning models (DNN models, or other types
of machine learning models and architectures). The key
performance metrics of such a system are accuracy and
(end-to-end) latency. Accuracy and latency are time-vary-
ing, unknown functions of system’s configurations (e.g.,
resolution and frame rate of cameras). The characteristics of
these functions depend on dynamic parameters such as video
content, DNN model complexity, encoding scheme, network
conditions, and the computational resources available.
[0021] The objective is to dynamically find the configu-
rations that maximize a weighted sum (or any other func-
tion) of accuracy and latency subject to constraints on
maximum latency and minimum accuracy. The unpredict-
able and dynamic nature of the problem limits the effec-
tiveness of empirical modeling and deterministic optimiza-
tion in identifying near-optimal configurations. Decision
making in such dynamic unknown settings falls within the
paradigm of Reinforcement Learning (RL), which can use,
for example, Multi-Armed Bandit (MAB) processes. At each
iteration t of an MAB process, for each camera, one con-
figuration x, is sampled. Here, x,€X, where X is a discrete
set comprising a finite number of supported resolutions and
frame rates. Then, x,’s achieved accuracy, A,(x,), and
latency, L,(x,) on a short slot (t seconds) of a camera’s video
stream, referred to as a video chunk—denoted by s,—is
evaluated. The results up to iteration t are used to decide on
the subsequent configuration x,,, to be evaluated. This
process can be executed indefinitely or terminated upon
identification of a near-optimal configuration. Such pro-
cesses or algorithms are referred to as online adaptation
processes/algorithms.

[0022] Accuracy, A(x,) can be calculated by comparing
the obtained video analytics results (such as, for example,
object detection results, e.g., bounding boxes and labels)
using configuration x, on video chunk s, against the ground
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truth. In some embodiments, the detection Fl-score (har-
monic mean of precision and recall) can be used. The
detection F1-score is computed by verifying if a bounding
box shares the same label and has sufficient spatial overlap
with the associated ground truth. To account for the impact
of frame rate on the accuracy, the location of objects from
the previous sampled frame can be used for a frame that is
not sampled by the configuration. Latency, L (x,) is defined
as the sum of the encoding latency of s, by the camera, the
network latency to transfer s, from the camera to the server,
the decoding latency of s, on the server, and the inference
latency to run video analytics on it with configuration x,.
[0023] The precise ground truth required for calculating
A (x,) can generally be obtained through manual annotation,
but is infeasible in real-time. Moreover, replacing the manu-
ally obtained ground truth with analytical approximation or
confidence scores generated by the DNN introduces uncer-
tain errors in accuracy measurements. Imprecise accuracy
measurement can lead to choosing configurations far from
optimal. It is apparent that the highest accuracy that the
DNN can achieve is under the most resource-intensive
configuration, e.g., the highest resolution and frame rate.
This configuration is referred to as the golden configuration.
Consequently, the DNN’s accuracy under the golden con-
figuration can be considered as a benchmark for assessing its
accuracy when using less resource-intensive configurations.
Therefore, ASTRA uses a proxy ground truth defined as the
output of a DNN under golden configuration. This proxy
ground truth is referred to as the proxy.

[0024] Each iteration of an online adaptation process
incurs substantial overhead. In particular, generating proxies
(by definition) and sequentially switching between configu-
rations and video chunks incur network, computational, and
temporal overhead. Thus, to enable efficient execution of
such online adaptation processes, these overheads should be
mitigated An effective adaptation framework should ensure
that the system uses a near-optimal configuration majority of
the time while it incurs low overhead. To facilitate these, the
adaptation framework should identify a near-optimal con-
figuration within a limited time. However, due to unpredict-
able variations in network condition and video content, the
optimal configuration significantly changes over time. Con-
sequently, the adaptation needs to be performed repeatedly.
[0025] To account for unknown dynamics and avoid long
adaptation time, two architectural choices are made in the
ASTRA framework: periodic adaptation and round-robin
adaptation. The ASTRA performs adaptation periodically.
The adaptation frequency depends on environmental vola-
tility. One adaptation cycle is referred to as a time window.
A, the onset of each time window, the ASTRA framework
resumes the process until a near-optimal configuration is
found by the adaptation process. Then, the system’s con-
figuration is updated accordingly and is used for the remain-
ing of the time window. To keep the adaptation overhead
low, the adaptation period should remain small relative to
the time window length (e.g., less than 10%).

[0026] As noted, another architectural choice is the use of
a round-robin camera adaptation in which adaptations are
executed for individual cameras sequentially, adopting a
round-robin approach. This strategy prevents (inhibits) the
configuration space from growing exponentially with the
addition of more cameras. Since the cameras might share
network and computational resources, this design decision
could yield suboptimal results. Further, global adaptation for
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all cameras aggravates the issue due to the rising adaptation
time with the exponential increase in the number of con-
figurations. An extended adaptation time will result in higher
overhead and an overall decline in average performance. A
round-robin approach, on the other hand, facilitates distrib-
uted adaptation for geo-distributed cameras. However,
depending on the resources available for adaptation, this
approach can be adjusted to accommodate the adaptation of
a batch of cameras simultaneously as long as the adaptation
time of each batch remains small relative to the time
window’s length.

[0027] FIG. 2, is a diagram 200 illustrating an example of
an allocation of adaptation periods for three cameras in two
successive time windows under the ASTRA framework. As
illustrated, time is divided into small slots of length t (e.g.,
0.2 s) which is equal to the length of a video chunk. Each
video chunk or time slot corresponds to one iteration of the
online adaptation algorithm. The adaptation cycle (time
window) includes T slots. The segment of the camera i’s
video stream corresponding to its adaptation period is
referred to as the adaptation video segment. The adaptation
video segment, which should be much shorter than a single
time window, is used to identify a (near-) optimal configu-
ration for that specific time window. The total adaptation
period for all cameras should not exceed the duration of a
time window.

[0028] ASTRA’s adaptation process includes several
simultaneous tasks including real-time video stream chunki-
fication, video chunk decoding, proxy generation, F1-score
calculation, latency measurement, and iterative online adap-
tation process. To ensure low overhead and fast adaptation,
these tasks should be executed smoothly in parallel, with
minimal idle time for each one. However, the main chal-
lenge in doing so is that these tasks are (i) interdependent
and (ii) have very different computational complexities. For
example, F1-score calculation requires proxies and detection
output of sampled configuration. Meanwhile, the adaptation
algorithm requires the achieved latency and accuracy to
select the subsequent configuration. Moreover, proxy gen-
eration is much more computationally expensive than video
stream chunkification, which, in turn, incurs a higher com-
putational cost than F1-score calculation and the adaptation
process/algorithm.

[0029] Additionally, the architecture should be designed to
facilitate easy updates to different components from latency
calculation to the online adaptation algorithm. To address
these challenges, ASTRA’s architecture employs two key
strategies: (i) a modular design for enhanced flexibility, and
(ii) asynchronous programming for efficient operation.
Under the modular design approach, the ASTRA architec-
ture may be subdivided into, for example, four main mod-
ules: analytics executor, accuracy calculator, latency calcu-
lator, and configuration adaptor. These modules and their
communications are designed to support edge/cloud-distrib-
uted deployment, making large-scale deployments feasible.
Specifically, each module can be deployed on an individual
edge/cloud server. Experiment results indicate that accuracy
calculator, latency calculator, and the configuration adaptor
are lightweight and incur low GPU utilization. Therefore,
exclusive server allocation for these modules is not manda-
tory and they can be effectively deployed in shared servers.
[0030] FIG. 3 is a diagram of an example modular adap-
tation implementation 300 that may be used in the ASTRA
framework. The modular adaptation implementations 300
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includes, for example an analytics executor 310, an accuracy
calculator 320, a latency calculator 330, and a configuration
adaptor 340.

[0031] The analytics executor 310 executes real-time
object detection on video streams from the connected cam-
eras using DNN models. During adaptation the analytics
executors is configured to performs four main tasks. The first
such task is to periodically trigger the adaptation for each
connected camera. This ensures adaptation cycles align
precisely with the defined time window, eliminating the need
for accurate server time synchronization which is challeng-
ing. The second task splits the video stream with golden
configuration to video chunks and sends them to the accu-
racy calculator and configuration adaptor modules upon
creation. The third task measures (e.g., frequently) the
network latency associated with video chunks and forwards
them to the latency calculator module immediately upon
measurement (network latency measurements are discussed
in greater detail below). The fourth example task the ana-
Iytics executor 310 performed is to adjust, at the end of each
camera’s adaptation period, the configuration of the video
stream and the corresponding DNN in response to the output
of the adaptation algorithm.

[0032] The configuration adaptor 340 also performs four
main tasks during adaptation. Particularly, the adaptor 340
runs the abstract online adaptation process/algorithm as a
black box. The adaptor 340 also iteratively runs the object
detection DNNs on video chunks with the selected configu-
rations by the adaptation algorithm. Another task performed
by the configuration adaptor 340 is to measure the decoding
and inference latency corresponding to the select configu-
rations at each iteration. The adaptor 340 also computes the
achieved accuracy (F1l-score) by comparing the detection
output of a selected configuration against the corresponding
proxy. The achieved accuracy and end-to-end latency (cal-
culated by latency calculator 330) are used to determine the
next configuration to be sampled. Once adaptation is com-
pleted, it sends the obtained optimal (or near-optimal) con-
figuration to the corresponding analytics executor 310,
which subsequently updates the configuration of the video
stream and the corresponding DNN accordingly.

[0033] With continued reference to FIG. 3, the accuracy
calculator 320 is configured to generate corresponding prox-
ies to video chunks used to determine the achieved accuracy
of the chosen configurations at each iteration. The F1-score
calculator component is intentionally placed in the configu-
ration adaptor module to reduce the communication over-
head among the modules that might be deployed on different
servers. Specifically, if the Fl-score calculator was inside
the accuracy calculator module, there would be a need for
more data exchange. The detection output had to be trans-
mitted from the configuration adaptor module to the accu-
racy calculator module, and the obtained F1-score had to be
sent back to the configuration adaptor module. As will
become apparent below, even minor delays, when recurrent,
can impact the overall performance of the architecture. The
latency calculator 330 depicted in FIG. 3 derives the end-
to-end latency at each iteration, which, in some example
embodiments, is a sum of the decoding and inference latency
of the sampled configuration, and the network latency asso-
ciated with each video chunk measured by the analytics
executor.

[0034] The architecture depicted in FIG. 3 (and also in
FIG. 1) should also manage the differences in computational
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and time requirements among concurrent adaptation tasks to
reduce their waiting (idle) time and ensure efficient resource
utilization. In this regard, the ASTRA framework architec-
ture executes the concurrent adaptation tasks asynchro-
nously using techniques such as futures and promises.
Leveraging asynchronous programming, these tasks can
operate seamlessly without being bottlenecked by the slower
tasks. For example, by employing futures and promises
techniques, ASTRA handles the results of those tasks that
are not immediately available. A future represents a result of
an operation that is yet to be computed, such as proxies,
video chunks, sample configurations, and latency values. A
promise is the corresponding operation through which the
value of a future is set once the result is available. Addi-
tionally, queuing can be utilized to help orchestrate, sched-
ule, and decouple the asynchronous tasks.

[0035] In various embodiments, the adaptation process is
initiated when the analytics executor sends a start notifica-
tion to the accuracy calculator 320, the latency calculator
330, and the configuration adaptor 340 to trigger adaptation.
Upon initiation of the adaptation process, the analytics
executor starts streaming the encoded video with the golden
configuration from the camera, splitting it into small chunks
as the stream arrives and forwards them to accuracy calcu-
lator and configuration adaptor modules as they are gener-
ated. It is important to note that to avoid idle times for other
modules and their sub-components, the video chunkification
and forwarding process is done in an online manner without
having to store the whole adaptation video segment first. The
created chunks are stored in a first-in-first-out (FIFO) queue
in the accuracy calculator and configuration adaptor mod-
ules.

[0036] In the accuracy calculator 320, the chunks are
processed with the golden configuration sequentially, and
the generated proxies are forwarded to the configuration
adaptor upon creation. Similar to video chunks, the proxies
are also stored in an FIFO queue. In the configuration
adaptor module, each video chunk corresponds to a single
iteration of the algorithm. A, iteration t, the adaptation
algorithm selects a sample configuration x,. The configura-
tion adaptor 340 retrieves a video chunk from its video
chunks queue and applies the object detection model with
configuration x, on it. This process yields two critical obser-
vations: (i) X,’s accuracy relative to the corresponding proxy
read from the proxy queue, and (ii) x,’s latency computed by
the latency calculator 330. Based on these quantities, the
configuration for the next iteration X,,, is determined by the
adaptation process. This process continues until the online
adaptation algorithm stops with a near-optimal configura-
tion, which is then communicated to the analytics executor
310. The analytics executor 310 then adjusts the configura-
tion of the video stream and the DNN accordingly.

[0037] Measuring network latency with sufficient preci-
sion with no programmable computational unit on the cam-
era side presents some challenges. Network latency is the
time that it takes a video chunk with a specified length t and
configuration to be delivered from the camera to the ana-
Iytics executor. To measure this latency reasonably accu-
rately, every t seconds the analytics executor 310 may be
configured to request a video stream with a different con-
figuration from the cameras. This, in turn, requires a new
connection to be established. Experimentation results
showed that this incurs a delay of up to hundreds of
milliseconds, depending on the camera’s hardware. There-



US 2026/0163998 A1

fore, even for ten iterations, this can incur up to a few
seconds of cumulative start-up delay that increases the
adaptation time. Another challenge is that typical traffic
cameras use NTP (Network Time Protocol) to record time
stamps. However, experimentational measurements show
that NTP synchronization, especially in asymmetric routes,
leads to time discrepancies of up to a hundred milliseconds.
As the network latency of each chunk usually does not
exceed a few hundred milliseconds, NTP time stamps are not
sufficient for precise measurement. Aa further challenge is
that cameras’ compression rates determines the size of
encoded video chunks. A camera’s compression rate
depends on the video content and network condition, and so
does the video chunk size. Due to the absence of a program-
mable computational unit in the cameras, size of video
chunks is unknown to the latency calculator 330. Therefore,
it cannot accurately measure the network latency for each
video chunk in real-time. Due to the above challenges, in
example implementations of the ASTRA framework the
network latency measurement component estimates network
latency by sending periodic ping requests to the camera.
Particularly, the network latency measurement measures
RTT from cameras to the edge server several times during
the time that one chunk of video is transmitted, computes the
average RTT/2, and sends the results to the latency calcu-
lator 330. However, the ASTRA framework’s modular
design allows for the substitution of the network latency
measurement component with alternative approaches, par-
ticularly in a setting with more advanced cameras equipped
with processors that can be programmed to communicate the
details of encoding and accurate time stamps in run-time.

[0038] A noted above, consecutive performance measure-
ment on small video chunks requires the following: (i)
transmitting video stream encoded in golden configuration
for generating proxies, (ii) splitting the encoded video
streams into short video chunks (e.g., 0.2 s) without (or with
minimal) buffering, (iii) transferring the video chunks to
configuration adaptor and accuracy calculator modules, (iv)
decoding the video chunks and apply two DNNs—one for
the chosen configuration and one for the proxy—on them.
Switching between configurations and video chunks at each
time slot must happen seamlessly to avoid extra delay
overhead.

[0039] To enable low-latency switching, it is important to
understand switching inherent delays and overheads. There-
fore, a thorough profiling of the run-time computational and
memory overhead of the operations was conducted. The
results of the profiling reveal several overhead components/
factors contributing to switching delay.

[0040] One such component is pre-processing overheads.
Prior to input into the object detection model, the video
chunks must be decoded and converted according to the
selected configuration. Depending on the video codec, such
pre-processing with standard tools such as FFmpeg—with-
out further optimization-incurs up to tens of milliseconds
delay per frame. For each video chunk (0.2 s, equivalent to
6 frames at 30 fps) this delay can exceed a hundred milli-
seconds. Another factor contributing to the delay is the
pipeline reconfiguration overheads. Processing video
chunks with different resolutions and frame rates requires
re-compiling the pipeline elements including the decoder,
pre-processor, and/or DNN model. This re-compilation
incurs a delay that, without further optimization, could
extend to hundreds of milliseconds.
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[0041] Data transfer overheads represent another source of
delays. Executing DNNs on GPU necessitates frequent
transfer of decoded video frames to GPU memory and
subsequently transfer of the obtained bounding box infor-
mation back to the CPU for F1-score calculation. These data
transfers incur delays of up to tens of milliseconds per
chunk, especially when invoked frequently and when the
GPU is busy with processing frames. Another source of
delay is the model loading and initialization overheads.
Loading a DNN model into memory incurs I/O and initial-
ization delays (up to a few seconds). Moreover, different
configurations necessitate different models or model ver-
sions, making this overhead recurrent.

[0042] A further source of delay involves the memory
allocation and deallocation overheads. Processing a
sequence of video chunks with different configurations
requires frequent memory allocation/deallocation that intro-
duces associated delays. Another delay source involves
cache inefficiencies, namely, switching between video
chunks and configurations can disturb cache continuity,
resulting in increased cache misses. Given that GPU per-
formance is highly contingent on memory hierarchy, cache
misses can lead to inefficiencies in memory access that incur
extra delays. Synchronization overheads also add to latency
issues. Ensuring different components of the pipeline (such
as decoding, pre-processing, and inference) work in syn-
chronization can introduce unpredictable waiting times.
Overhead due to interrupts and system calls is a further
source of delay. Here, frequent system calls or handling
interrupts, especially in a multitasking environment, can
introduce unpredictable delays.

[0043] The above-described delays, even though small—
mostly ranging from tens of milliseconds to hundreds of
milliseconds—could nevertheless severely impact large-
scale online adaptation. Consider an adaptation algorithm
that can determine a near-optimal configuration in only ten
iterations. With a switching delay of even a few hundred
milliseconds per iteration, this totals a few seconds solely for
switching, exclusive of the time needed for processing and
generating the chunks and proxies. Optimizing these delays
often requires a combination of hardware and software
strategies. Hardware acceleration (e.g., using dedicated
video decoding chips and GPUs), efficient memory man-
agement techniques, and asynchronous programming are
some of the common methods employed to mitigate these
inherent overheads.

[0044] To mitigate the various network delays discussed
above, various ASTRA-based strategies have been devel-
oped to handle the switching overhead. Standard high-level
frameworks used for video analytics, e.g., based on PyTorch
and OpenCV, are limited in mitigating the overheads dis-
cussed above. Implementing an end-to-end video analytics
pipeline by integrating various high-level libraries for dif-
ferent tasks (e.g., parsing, decoding, inference), causes inef-
ficiencies through data conversion, frequent memory copy-
ing, and synchronization, and, therefore, does not offer the
low-level control and optimization needed to mitigate the
switching overheads. Therefore, a GStreamer, which is a
low-level multimedia framework in C, was used to develop
a video analytics pipeline with low latency switching capa-
bility (this pipeline is referred to as GST-pipeline, examples
of which are illustrated in FIG. 3). GST-pipeline reduces
switching latency of hundreds of milliseconds to 10-20
milliseconds.
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[0045] The main features of GST-pipeline that allow low-
latency switching include efficient buffer management. Par-
ticularly, since video chunks are small, there is no need to
have large buffers in between the successive elements in the
pipeline (e.g., parser, decoder, and inference). Therefore, the
buffer sizes can be used to reduce one frame to eliminate the
buffering delay. Additionally, the GST-pipeline incorporate
zero-copy memory. Such zero-copy memory, provided by
CUDA, allows the CPU to directly access the GPU’s
memory, eliminating the need for frequent copying of data
such as video frames and output bounding boxes. This
approach can significantly reduce the overhead in data
transfer, especially for small or frequently accessed data.
[0046] Another approach for mitigating switching over-
head is through dynamic pipeline reconfiguration. Particu-
larly, GST-pipeline is implemented to support dynamic
pipeline reconfiguration. This allows for changing the pipe-
line configuration parameters and input video chunks during
run-time without being recompiled and restarted. This
reduces the switching delay from hundreds of milliseconds
to around ten milliseconds. In order to do this, several
possible techniques were used to develop responsive
dynamic pipelines:

[0047] 1) Dynamic memory allocation: Dynamic
memory allocation is used to manage GST-pipeline
resources including pipeline configuration and state,
input video chunk, and detection output. Dynamic
memory allocation, as opposed to static memory allo-
cation, allows GST-pipeline to allocate, resize, and
deallocate memory at run-time. This allows the pipe-
line to modify resolution, frame rate, version of the
DNN model, input video chunk, and, where the output
bounding boxes are stored in an online manner, to
eliminate the need for transferring in between memo-
ries and re-compilation delay.

[0048] 2) Pre-loading the DNN model into GPU
memory: To eliminate the start-up delay associated
with loading and initiating the DNN models, the sup-
ported versions of the DNN models are pre-loaded into
GPU memory. When these DNN models (loaded in
GPU) are idle, they incur zero computational overhead.

[0049] 3) Asynchronous event-driven operations: To
ensure that GST-pipeline parameters change on
demand with minimal delay, the signals and callbacks
technique was widely used. Signals serve as events that
notify the pipeline of the need to change its parameters.
Examples of such signals include the determination of
the next sampled configuration, availability of the next
video chunk, and completion of the current chunk’s
processing. These signals are linked to specific callback
functions, which are triggered upon the emission of
their associated signals. These callback functions are
responsible for adjusting the pipeline’s parameters at
run-time.

[0050] Yet another switching overhead mitigation
approach is the TensorRT integration approach. Under this
approach, TensorRT is used to optimize the DNN models to
achieve speed up in inference, reduction in GPU computa-
tion, and memory utilization on commonly-used NVIDIA
GPUs. TensorRT optimizes DNN models using techniques
such as layer fusion, tensor fusion, kernel autotuning, and
quantization. For example, DNN, models typically have
tensors representing weights and tensors, representing the
bias terms. These tensors should be separated during the
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training and back-propagation. However, back-propagation
is not needed during inference. Therefore, to save compu-
tation and memory overhead, TensorRT combines these
tensors.

[0051] Beside an efficient architecture, in various embodi-
ments, the online adaptation process also impacts the overall
performance of the system. Specifically, the adaptation
process has to identify near-optimal configurations within a
small number of iterations to avoid prolonged adaptation
time. The GP-UCB-C process/algorithm discussed below
reduces, on average, the time required to perform the
adaptation process discussed. As noted above, the objective
is to find a configuration x for each camera that maximizes
a weighted sum of accuracy A(x) and latency L(x) subject to
constraints on maximum latency and minimum accuracy,
e.g., the goal of the adaptation process is to find, in some
embodiments:

Maxyey cad(x)— CiL(x) P

subject to @ = 4(x), L(x) = B,

where o and P are application-specific bounds on accuracy
and latency, and ¢,20 and c,>0 are weights associated with
latency and accuracy.

[0052] The performance of different configurations in
video analytics applications is highly correlated. For
instance, in object detection, a configuration with a higher
resolution should achieve higher accuracy. This suggests
that observing the performance of one configuration can be
leveraged to update our estimate of other configurations’
performance, and therefore, accelerate the identification of a
near-optimal configuration. Hence, problem (P1) can be
seen as an instance of a Multi-Armed Bandit problem with
correlated arms with arms being the configurations.

[0053] To account for the unknown correlation among
different configurations, the Gaussian Process (GP) model is
used. Specifically, A(x) and L(x), for xe X can each be
modeled as a sample from a GP. The UCB algorithm/process
for iterative arm (configuration) selection can be used.
However, the standard GP-UCB has been designed for
unconstrained optimization. Thus, to solve (P1), a CONFIG
algorithm/process is adopted that extends the standard GP-
UCB process to constrained optimization as in (P1). How-
ever, similar to standard GP-UCB processing, CONFIG
does not have any mechanism for terminating the process/
algorithm after identifying a near-optimal configuration. To
address this issue, the GP-UCB-C incorporates a stopping
condition into CONFIG. Table 1, below, provides pseudo-
code implementation for the GP-UCB process with Con-
straints (GP-UCB-C):

Procedure 1: GP-UCB with Constraints (GP-UCB-C)
1: Input: A1 =7, GP kernel function, o, B, c,, c, € R,
2:fort=1,2,3...,Tdo
3:  Choose x; = argmaxc, U2 (x) = ¢, Li(x), where x € A,.

4:  Measure A(x,) and L(xt).
5:  Perform GP update.
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-continued

6:  Update feasibility set Ay ={re X |a = UL, (x), L}, (x) < B
7: B 1= argmaxca iy (x) — c,,uf(x), where x € A1
8 1= argmaxc, Uz (x) — C1L£+1 (x), where x € Ay — hry.

9: if oLy (1) —ct U;[+1 (Bev1) > caUfy (Fe41) — CIL£+1(”1+1) then

10: Stop with h,.

[0054] It can be proven that for any €>0, the following
holds with high probability, where x* is a solution to (P1):

lor lor
T2 Cailarn) — el =23 cadilh) = eiLi(h) < e

[0055] With reference next to FIG. 4, a flowchart of an
example procedure 400 for real-time adaptive video analyt-
ics generation is disclosed. The procedure 400 includes
receiving 410, at a processor-based device, video data from
at least one remote video capture device, and determining
420, at the processor-based device, based on multiple por-
tions of the video data received from the at least one video
capture device, a particular video capture configuration,
selected from a plurality of pre-determined video-capture
configurations, that optimizes an adaptation objective func-
tion derived based on a machine learning detection accuracy
score achieved using the particular video capture configu-
ration and on a processing and networking latency score
resulting from the particular video configuration. The pro-
cedure 400 further includes adapting 430 the at least one
remote video capture device to transmit video data accord-
ing to the determined particular video configuration for a
particular period of time.

[0056] In various examples, the method can further
include repeating the receiving, determining, and adapting
for the at least one remote video capture device at regular or
irregular time intervals. In some examples, each of the
plurality of video capture configurations can include a
different combination of video capture parameters that
includes at least a video capture resolution and a video
capture frame rate.

[0057] The receiving, determining, and adapting can sepa-
rately be performed in sequence for a plurality of video
capture devices according to a round robin schedule. In
some embodiments, receiving the video data from the at
least one remote video capture device can include receiving
a sequence of video data sets, each of the video data sets
captured by the at least one remote video capture device
using at least some of the plurality of video capture con-
figurations. Determining the particular video capture con-
figuration that optimizes the adaptation objective function
can include computing a respective latency score and ML
accuracy score for a first data set in the sequence of video
data sets relating the ML detection accuracy, achieved when
an ML detection model is applied to the first data set, to a
maximum accuracy achieved when the ML detection model
is applied to a proxy video data set obtained using a
designated optimal video configuration. The method may

Jun. 11, 2026

further include determining, based on the respective latency
score and ML accuracy score computed for at least the first
data set, a subsequent video capture configuration from the
plurality of video capture configurations, and capturing a
subsequent data set in the sequence of video data sets with
the determined subsequent video capture configuration.
Determining the subsequent video capture configuration can
include applying a multi-armed bandit process to the respec-
tive latency score and ML accuracy score computed for the
at least the first data set to determine the subsequent video
configuration.

[0058] In various examples, determining the respective
latency score may include deriving the latency score as a
function of one or more of, for example, an encoding latency
to encode the first data set, a network latency to transmit the
first data set to the processor-based device, and/or an infer-
ence latency to generate detection data by the ML detection
model executing on an ML system. In some examples, the
method can further include applying the ML detection model
to the proxy video data set obtained using a designated
optimal video configuration. Computing the respective
latency score, computing the ML accuracy score, and apply-
ing the ML detection model to the proxy video data set can
be performed as asynchronous parallel computing-system
tasks. In various embodiments, the procedure may further
include applying the ML detection model to receive video
data to perform real-time context and capability assessment
for detecting warning signs and anomalies within the video
data.

[0059] Implementing the proposed framework and per-
forming the various techniques and operations described
herein may be facilitated by a controller device(s) (e.g., a
processor-based computing device). Such a controller
device may include a processor-based device such as a
computing device, and so forth, that typically includes a
central processor unit or a processing core. The device may
also include one or more dedicated learning machines (e.g.,
neural networks) that may be part of the CPU or processing
core. In addition to the CPU, the system includes main
memory, cache memory and bus interface circuits. The
controller device may include a mass storage element, such
as a hard drive (solid state hard drive, or other types of hard
drive), or flash drive associated with the computer system.
The controller device may further include a keyboard, or
keypad, or some other user input interface, and a monitor,
e.g., an LCD (liquid crystal display) monitor, that may be
placed where a user can access them.

[0060] The controller device is configured to facilitate, for
example, efficient online adaptation processes for large-
scale video analytics optimization. The storage device may
thus include a computer program product that when
executed on the controller device (which, as noted, may be
a processor-based device) causes the processor-based device
to perform operations to facilitate the implementation of
procedures and operations described herein. The controller
device may further include peripheral devices to enable
input/output functionality. Such peripheral devices may
include, for example, flash drive (e.g., a removable flash
drive), or a network connection (e.g., implemented using a
USB port and/or a wireless transceiver), for downloading
related content to the connected system. Such peripheral
devices may also be used for downloading software con-
taining computer instructions to enable general operation of
the respective system/device. Alternatively and/or addition-
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ally, in some embodiments, special purpose logic circuitry,
e.g., an FPGA (field programmable gate array), an ASIC
(application-specific integrated circuit), a DSP processor, a
graphics processing unit (GPU), application processing unit
(APU), etc., may be used in the implementations of the
controller device. Other modules that may be included with
the controller device may include a user interface to provide
or receive input and output data. The controller device may
include an operating system.

[0061] In implementations based on learning machines,
different types of learning architectures, configurations, and/
or implementation approaches may be used. Examples of
learning machines include neural networks, including con-
volutional neural network (CNN), feed-forward neural net-
works, recurrent neural networks (RNN), etc. Feed-forward
networks include one or more layers of nodes (“neurons” or
“learning elements”) with connections to one or more por-
tions of the input data. In a feedforward network, the
connectivity of the inputs and layers of nodes is such that
input data and intermediate data propagate in a forward
direction towards the network’s output. There are typically
no feedback loops or cycles in the configuration/structure of
the feed-forward network. Convolutional layers allow a
network to efficiently learn features by applying the same
learned transformation(s) to subsections of the data. Other
examples of learning engine approaches/architectures that
may be used include generating an auto-encoder and using
a dense layer of the network to correlate with probability for
a future event through a support vector machine, construct-
ing a regression or classification neural network model that
indicates a specific output from data (based on training
reflective of correlation between similar records and the
output that is to be identified), etc. Further examples of
learning architectures that may be used to implement the
framework described herein include language models archi-
tectures, large language model (LLM) learning architec-
tures, auto-regressive learning approaches, etc. In some
embodiments, encoder-only architectures, decoder-only
architectures, encoder-decoder architecture, etc.

[0062] The neural networks (and other network configu-
rations and implementations for realizing the various pro-
cedures and operations described herein) can be imple-
mented on any computing platform, including computing
platforms that include one or more microprocessors, micro-
controllers, and/or digital signal processors that provide
processing functionality, as well as other computation and
control functionality. The computing platform can include
one or more CPU’s, one or more graphics processing units
(GPU’s, such as NVIDIA GPU’s, which can be programmed
according to, for example, a CUDA C platform), and may
also include special purpose logic circuitry, e.g., an FPGA
(field programmable gate array), an ASIC (application-
specific integrated circuit), a DSP processor, an accelerated
processing unit (APU), an application processor, customized
dedicated circuitry, etc., to implement, at least in part, the
processes and functionality for the neural network, pro-
cesses, and methods described herein. The computing plat-
forms used to implement the neural networks typically also
include memory for storing data and software instructions
for executing programmed functionality within the device.
Generally speaking, a computer accessible storage medium
may include any non-transitory storage media accessible by
a computer during use to provide instructions and/or data to
the computer. For example, a computer accessible storage
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medium may include storage media such as magnetic or
optical disks and semiconductor (solid-state) memories,
DRAM, SRAM, etc.
[0063] The wvarious learning processes implemented
through use of the machine-learning architectures described
herein may be configured or programmed using TensorFlow
(an open-source software library used for machine learning
applications such as neural networks). Other programming
platforms that can be employed include keras (an open-
source neural network library) building blocks, NumPy (an
open-source programming library useful for realizing mod-
ules to process arrays) building blocks, PyTorch, JAX, and
other popular machine learning frameworks.
[0064] Computer programs (also known as programs, soft-
ware, software applications or code) include machine
instructions for a programmable processor, and may be
implemented in a high-level procedural and/or object-ori-
ented programming language, and/or in assembly/machine
language. As used herein, the term “machine-readable
medium” refers to any non-transitory computer program
product, apparatus and/or device (e.g., magnetic discs, opti-
cal disks, memory, Programmable Logic Devices (PLDs))
used to provide machine instructions and/or data to a pro-
grammable processor, including a non-transitory machine-
readable medium that receives machine instructions as a
machine-readable signal.
[0065] Insome embodiments, any suitable computer read-
able media can be used for storing instructions for perform-
ing the processes/operations/procedures described herein.
For example, in some embodiments computer readable
media can be transitory or non-transitory. For example,
non-transitory computer readable media can include media
such as magnetic media (such as hard disks, floppy disks,
etc.), optical media (such as compact discs, digital video
discs, Blu-ray discs, etc.), semiconductor media (such as
flash memory, electrically programmable read only memory
(EPROM), clectrically erasable programmable read only
Memory (EEPROM), etc.), any suitable media that is not
fleeting or not devoid of any semblance of permanence
during transmission, and/or any suitable tangible media. As
another example, transitory computer readable media can
include signals on networks, in wires, conductors, optical
fibers, circuits, any suitable media that is fleeting and devoid
of any semblance of permanence during transmission, and/
or any suitable intangible media.
[0066] Although particular embodiments have been dis-
closed herein in detail, this has been done by way of example
for purposes of illustration only, and is not intended to be
limiting with respect to the scope of the appended claims,
which follow. Features of the disclosed embodiments can be
combined, rearranged, etc., within the scope of the invention
to produce more embodiments. Some other aspects, advan-
tages, and modifications are considered to be within the
scope of the claims provided below. The claims presented
are representative of at least some of the embodiments and
features disclosed herein. Other unclaimed embodiments
and features are also contemplated.

What is claimed is:

1. A method for real-time adaptive video analytics gen-
eration, the method comprising:

receiving, at a processor-based device, video data from at

least one remote video capture device;
determining, at the processor-based device, based on
multiple portions of the video data received from the at
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least one video capture device, a particular video cap-
ture configuration, selected from a plurality of pre-
determined video-capture configurations, that opti-
mizes an adaptation objective function derived based
on a machine learning detection accuracy score
achieved using the particular video capture configura-
tion and on a processing and networking latency score
resulting from the particular video configuration; and

adapting the at least one remote video capture device to
transmit video data according to the determined par-
ticular video configuration for a particular period of
time.

2. The method of claim 1, further comprising:

repeating the receiving, determining, and adapting for the

at least one remote video capture device at regular or
irregular time intervals.

3. The method of claim 1, wherein the receiving, deter-
mining, and adapting are separately performed in sequence
for a plurality of video capture devices according to a round
robin schedule.

4. The method of claim 1, wherein receiving the video
data from the at least one remote video capture device
comprises:

receiving a sequence of video data sets, each of the video

data sets captured by the at least one remote video
capture device using at least some of the plurality of
video capture configurations.
5. The method of claim 4, wherein determining the
particular video capture configuration that optimizes the
adaptation objective function comprises:
computing a respective latency score and ML accuracy
score for a first data set in the sequence of video data
sets relating the ML detection accuracy, achieved when
an ML detection model is applied to the first data set,
to a maximum accuracy achieved when the ML detec-
tion model is applied to a proxy video data set obtained
using a designated optimal video configuration.
6. The method of claim 5, further comprising:
determining, based on the respective latency score and
ML accuracy score computed for at least the first data
set, a subsequent video capture configuration from the
plurality of video capture configurations; and

capturing a subsequent data set in the sequence of video
data sets with the determined subsequent video capture
configuration.

7. The method of claim 6, wherein determining the
subsequent video capture configuration comprises:

applying a multi-armed bandit process to the respective

latency score and ML accuracy score computed for the
at least the first data set to determine the subsequent
video configuration.

8. The method of claim 5, wherein determining the
respective latency score comprises:

deriving the latency score as a function of one or more of:

an encoding latency to encode the first data set, a
network latency to transmit the first data set to the
processor-based device, and an inference latency to
generate detection data by the ML detection model
executing on an ML system.

9. The method of claim 5, further comprising:

applying the ML detection model to the proxy video data

set obtained using a designated optimal video configu-
ration;
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wherein computing the respective latency score, comput-
ing the ML accuracy score, and applying the ML
detection model to the proxy video data set are per-
formed as asynchronous parallel computing-system
tasks.

10. The method of claim 1, wherein each of the plurality
of video capture configurations comprises a different com-
bination of video capture parameters that includes at least a
video capture resolution and a video capture frame rate.

11. The method of claim 1, further comprising:

applying the ML detection model to the received video

data to perform real-time context and capability assess-
ment for detecting warning signs and anomalies within
the video data.

12. A surveillance system with real-time adaptive video
analytics generation, the system comprising:

at least one remote video capture device; and

at least one processor-based device in communication

with the at least one remote video capture device, the

at least one processor-based device configured to:

receive video data from at least one video remote
capture device;

determine based on multiple portions of the video data
received from the at least one remote video capture
device, a particular video capture configuration,
selected from a plurality of pre-determined video-
capture configurations, that optimizes an adaptation
objective function derived based on a machine learn-
ing detection accuracy score achieved using the
particular video capture configuration and on a pro-
cessing and networking latency score resulting from
the particular video configuration; and

adapt the at least one remote video capture device to
transmit video data according to the determined
particular video configuration for a particular period
of time.

13. The surveillance system of claim 12, wherein the at
least one processor-based device is further configured to:

repeat the receiving, determining, and adapting for the at

least one remote video capture device at regular or
irregular time intervals.

14. The surveillance system of claim 12, wherein the at
least one processor-based device configured to receive,
determine, and adapt is configured to separately perform in
sequence the receive, determine, and adapt for a plurality of
video capture devices according to a round robin schedule.

15. The surveillance system of claim 12, wherein the at
least one processor-based device configured to receive the
video data from the at least one remote video capture device
is configured to:

receive a sequence of video data sets, each of the video

data sets captured by the at least one remote video
capture device using at least some of the plurality of
video capture configurations.

16. The surveillance system of claim 15, wherein the at
least one processor-based device configured to determine the
particular video capture configuration that optimizes the
adaptation objective function is configured to:

compute a respective latency score and ML accuracy

score for a first data set in the sequence of video data
sets relating the ML detection accuracy, achieved when
an ML detection model is applied to the first data set,
to a maximum accuracy achieved when the ML detec-
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tion model is applied to a proxy video data set obtained
using a designated optimal video configuration.

17. The surveillance system of claim 16, wherein the at
least one processor-based device is further configured to:

determine, based on the respective latency score and ML

accuracy score computed for at least the first data set,
a subsequent video capture configuration from the
plurality of video capture configurations; and

capture a subsequent data set in the sequence of video data

sets with the determined subsequent video capture
configuration.

18. The surveillance system of claim 17, wherein the at
least one processor-based device configured to determine the
subsequent video capture configuration is configured:

apply a multi-armed bandit process to the respective

latency score and ML accuracy score computed for the
at least the first data set to determine the subsequent
video configuration.

19. The surveillance system of claim 16, wherein the at
least one processor-based device is further configured to:

apply the ML detection model to the proxy video data set

obtained using a designated optimal video configura-
tion;

wherein the at least one processor-based device config-

ured to compute the respective latency score, compute
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the ML accuracy score, and apply the ML detection
model to the proxy video is configured to perform the
operations as asynchronous parallel computing-system
tasks.

20. Non-transitory computer readable media comprising
computer instructions executable on a processor-based
device to:

receive video data from at least one remote video capture

device;

determine based on multiple portions of the video data

received from the at least one video capture device, a
particular video capture configuration, selected from a
plurality of pre-determined video-capture configura-
tions, that optimizes an adaptation objective function
derived based on a machine learning detection accuracy
score achieved using the particular video capture con-
figuration and on a processing and networking latency
score resulting from the particular video configuration;
and

adapt the at least one remote video capture device to

transmit video data according to the determined par-
ticular video configuration for a particular period of
time.
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