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REINFORCEMENT-LEARNING BASED SYSTEM FOR CAMERA PARAMETER
TUNING TO IMPROVE ANALYTICS

RELATED APPLICATION INFORMATION
[0001] This application claims priority to Provisional Application No. 63/196,399 filed on
June 3, 2021, and U.S. Patent Application No. 17/825,519, filed on May 26, 2022, both of

which are incorporated herein by reference herein o their entivety.

BACKGROUND
Technical Field
[0002] The present nvention relates to video analytics and, more particularly, to a

reinforcement-learning based system for camera parameter funing to improve analytics,

Description of the Related Art
[0003] Video analytics has become popular in the past decade due to advancements in
computer vision algorithms, deep learning, edge computing, 5G, etc. This market has gained
even more traction during the COVID-19 era because authorities are seeing value in performing
analytics on video feeds to handle emerging COVID- 19 specific applications such as limiting
crowd, enforcing social distancing, contact tracing, etc. City-wide, ubiquitous edge-camera
deployment enables a variety of analytics tasks to be performed on video feeds. These video
teeds, however, are directly affected by the environment {which keeps changing) in which they
are deployed in. Without accounting for the change and adapting to i, the accuracy of avalytics

tasks may degrade.
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SUMMARY

[0004] A method for automatically adjusting camera parameters to improve video analytics
accuracy during continuously changing environmental conditions 1s presented. The method
includes capturing a video stream from a plurality of cameras, performing video analytics tasks
on the video stream, the video analytics tasks defined as analytics units (AU3), applying image
processing to the video stream to obtain processed frames, filtering the processed frames
through a filter to discard low-quality frames and dynamically fine-tuning parameters of the
plurality of cameras. The five-tuning includes passing the filtered frames to an AU-specific
proxy quality evaluator, employing State-Action-Reward-State-Action  {SARSA)
reinforcement learning computations to automatically fine-tune the parameters of the plurality
of cameras, and based on the reinforcement computations, applying a new policy for an agent
to take actions and leamn to maximize a reward.

[0005] A non-transitory computer-readable storage medium comprising a computer-
readable program for automatically adjusting camera parameters to tmprove video analytics
accuracy during continuously changing environmental conditions is presented. The computer-
readable program when executed on a computer causes the computer to perform the steps of
capturing a video stream from a plurality of cameras, performing video analytics tasks on the
video stream, the video analytics tasks defined as analvtics units (AUs), applying image
processing to the video siream to obtain processed frames, filtering the processed frames
through a filter to discard low-quality frames and dynamically fine-tuning parameters of the
plurality of cameras. The fine-tuning includes passing the filtered frames to an AlU-specific
proxy quality evaluator, employving State-Action-Reward-State-Action  (SARSA)
reinforcement learning computations to automatically fine-tune the parameters of the plurality
of cameras, and based on the reinforcement computations, applying a new policy for an agent

to take actions and learn t0 maxamize a reward.
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[0006] A system for automatically adjusting camera parameters to improve video analytics
accuracy during continuously changing environmental conditions is presented. The system
includes a memory and one or more processors in communication with the memory configured
to capture a video stream from a plurality of cameras, perform video analytics tasks on the
video stream, the video analytics tasks defined as analytics units (AUs), apply image processing
to the video stream to obtain processed frames, filter the processed frames through a filter to
discard low-quality frames and dynamically fine-tune parameters of the plurality of cameras.
The fine-tuning includes passing the filtered frames to an AU-specific proxy quality evaluator,
employing State-Action-Reward-State-Action (SARSA) reinforcement fearning computations
to automatically fine-tune the parameters of the plurality of cameras, and based on the
reinforcement computations, applying a new policy for an agent to take actions and learn to
maximize a reward.

[0007] These and other features and advantages will become apparent from the following
detailed description of iHlustrative erabodiments thereof, which 1s to be read in connection with

the accompanying drawings.

BRIEF DESCRIPTION OF DRAWINGS

[0008] The disclosure will provide details 1in the following description of preferred
embodiments with reference to the following figures whereiu:

[0009] FIG. 1 is a block/flow diagram of an exemplary control loop to modify camera
parameters, in accordance with embodiments of the present invention;

[00010] FIG. 2 is a block/flow diagram of an exemplary control loop to modify virtual camera

parameters, in accordance with embodiments of the present invention,
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[00011] FIG. 3 is an exemplary practical application for automatically adjusting camera
parameters to improve video analytics accuracy during continuously changing environmental
conditions, in accordance with embodiments of the present invention;

[00012] FIG. 4 is an exemplary processing system for automatically adjusting camera
parameters to improve video analytics accuracy during continuously changing environmental
conditions, in accordance with embodiments of the present invention; and

[00013] FIG. 5 15 a block/flow diagram of an exemplary method for automatically adjusting
camera parameters to improve video analytics accuracy during continuously changing

environmential conditions, in accordance with embodiments of the present invention.

DETAILED DESCRIPTION OF PREFERRED EMBODIMENTS

[00014] Video analytics has become very popular and widespread in the past decade due to
advancements in computer vision algorithms, artificial intelligence, deep learning and machine
learning, growth in Internet of Things (10T} and edge computing, coupled with the availability
of SG, thereby enabling low latency and high bandwidth communications. These factors were
already fueling the growth in overall video analytics market size in various sectors including
surveillance, traffic monitoring, retail analvtics, healthcare, banking, etc, but COVID-19
accelerated the growth even turther.

[00015] Specifically, enforcing social distancing, administering government lockdowns and
containment zones, temperature screening, limiting crowds and total sumber of people at any
given point within a facility, recognizing individuals even with face masks, identifying
demographics of people, enabling contactless transactions, payments, boarding, etc., have
turned out to be vew demands and video analytics is playing a major role in assisting the
authorities in their day-to-day operations in handling these new and emerging COVID-19

spectfic scenarios.
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[00016] Cameras are being deployed at city-scale throughout the world and different types of
video analytics tasks are being performed on these video feeds. These video analytics tasks are
referred to as Analytics Units (AUs). Depending on the requirements of the AUs, cameras may
be deployed either indoors or outdoors e g., for traffic analytics, video cameras are deployed
outdoors pointing towards roads or highways, whereas for contactless boarding, cameras are
deployed indoors pointing toward entrances of boarding gates. For the same task e.g., video
surveillance, cameras may be deployed indoors {e.g., inside the building at hallways) as well
as outdoors (e.g., parking lots). Thus, different AUs need different placement of video cameras
and each of these cameras view different scenes. Particularly, the conditions may provide
natural lighting from the sun, artificial lighting or a combination thereof. This leads to bright
or dark scenes and varies over time e.g., for outdoor conditions, 1t varies based on the weather
conditions {cloudy, sunny, rainy, foggy, etc.}, time of the day {dawn, morming, afternoon,
evening, dusk, twilight, night etc) and for indoor conditions it varies depending on the
placement in the indoor location and arnount of artificial and natural light in that area.

[00017] The particular direction of lighting also changes the way the sceune 15 viewed by the
camera because this changes the direction of shadows being projected. Al these dynamically
changing environmental conditions affect the accuracy of Alls. For a real-time response, the
accuracy depends on the most recently observed video frames, which is directly impacted by
the conditions betng observed by the camera at that time.

[00018] The final image produced by any camera depends on the type of camera lenses,
camera modules and sensors, and the overall Image Signal Processing (ISP} pipeline being
used within the camera system. ISP plays an important role in this and transforms the captured
raw data into final compressed images. As part of this, several configuration parameters,
referred to as knobs, are exposed to tune the final image quality. The exemplary methods focus

on a subset of these knobs. Camera vendors provide a default setting for various knobs,
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however, these defanlt settings do not work ocut-of-the-box in providing good image quality for
different deployment conditions. They provide some guidance in manually tuning these knobs
and calibrating for specific deployment condition as per the location. However, this manual
tuning and calibration assumes that the conditions would remain more or less the same tn that
specific location. As mentioned before, conditions keep changing, and initial calibration may
not work well in new conditions.

[00019] Thus, there 1s a need to continuously tune these camera parameters so that high
quality tmages can be produced by the ISP pipeline, which works well for video analytics tasks.
Moreover, this needs to be done for each camera at a city-wide deployment scale, which is not
practical tor humans to do. CamTuner, proposed herein, addresses this need and automatically
adjusis camera parameters to improve video analytics accuracy (for city-wide deployment
scale}. The exemplary methods leverage the fact that environmental changes are not sudden
and happen gradually over a period of time, which enables CamTuner to constantly monitor
the conditions and adjust and fine-tune dyvnamically as conditions change gradually.

[00020] The exemplary embodiments of the present invention empirically show that if camera
parameters are not adjusted, then different AUs suffer with different levels of deterioration. The
exemplary methods then show that there exists a better camera parameter setting that can
improve AUs performance. The exemplary embodiments of the present invention introduce a
new mechanism to find digital equivalence for physical camera parameters, called digital twin,
which enables the performance of AUs under different camera settings to be analyzed. The
exemplary embodiments of the present invention validate that for an AU, the best camera
setting is different for different environmental conditions, thereby motivating the need ftor
automatic and dynamic adjustment. The exemplary embodiments of the present invention
introduce a State-Action-Reward-State-Action (SARSA) Reinforcement Learning (RL)

algorithm (or computations) to dynamically adapt to changing environmental conditions and
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as part of this, the exemplary methods introduce a new policy for the agent to take actions and
learn to maximize the reward.

[00021] The exemplary embodiments of the present invention propose a virtual-camera (V)
sitnulator, which enables the systero to apply various environmental characteristics and study
the impact of various camera settings on the exact same scene, and also allows for training and
testing of RL algorithms for automatic camera parameter tuning. During runtime, RL needs
continuous and automatic rewards for every action it takes. It 15 observed that the SOTA AQuA
filter can’t provide tine~grained quality evaluation for ditferent AUs. AQuA stands for Analytic
Quality Assessment. AQuA protects application accuracy against distorted frames by scoring
the level of distortion in the frames. AQuA takes into account the analytical quality of frames,
not the visual quality, by learning a novel metric, that is, the classifier opinion score, and uses
a lightweight, CNN-based, object independent feature extractor. A{QuA accurately scores
distortion levels of frames and generalizes to multiple different deep learning applications.
[00022] To address this, the exemplary methods define an Analytic Quality (AQ) metric,
specific for each AU, and using that metric, the exemplary wethods train an AU-specific
AQuA-classifier, which provides quality rewards for every RL action. The exemplary
embodiments of the present invention conduct multiple evaluations that show efficacy of
different components used within CamTuner. CamTuner is the first system that adapts to
changing environmental conditions by automatically tuning camera parameters based on the
need of the specific AU and improves the accuracy of the AUs,

[00023] While CamTuner focuses on camera knobs, the high-level idea applies to any sensor,
where there are multiple knobs to be tuned, to adapt and adjust to continuously changing
environmental conditions. Oune such example 1s a thermal camera, which exposes knobs like
“Object Emisstvity,” “Atmospheric Transmission,” “Ambient Temperature” etc. for

“Temperature Compensation.” These parameters need to be continuously adjusted based on
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the

actual environmental conditions for accurate temperature measurement. Also, for PTZ
cameras, knobs like “Pan,” “Tilt)” and “Zoom” need to be continuously adjusted based on
analytics requirements, as the object of interest moves in the scene.

[00024] Environmental changes over the entire day induce various distortions in the frame
during acquisition {(e.g., over-exposure in presence of sunlight, low-light noise and under-
exposure during night-time, etc.). These distortions, in turn, affect and most of the time,
deteriorate different AU performance, it no changes are dovne o camera settings as conditions
change. Due to the lack of publicly available video datasets capturing daylong environmental
variations from the same camera location, the exemplary methods used proprietary videos,
which are taken outside, e.g., of a baseball stadium by a single camera from morning to
evening.

[00025] Under default camera settings, the AU accuracy for the same camera feed varies
throughout the day due to the presence of different environmental conditions. Specitically,
during noon (in-presence of glaring sunlight), the captured faces wnside the frame, get over-
exposed, hence result in lower accuracy than the AU performance for the moming-time video.
However, evening-time video suffers trom low-light noise, which also results in accuracy
degradation. Although faces in intermediate afternoon video-frames get shightly occluded
which makes detection difficult for the face-detector, but due to better highting conditions
during the afternoon, the person-detector AU can accurately predict the bounding boxes, thus
resulting in the best mAP performance.

[00026] Regarding the impact of camera settings on the AU, since there exists at least a best-
possible camera setting that can improve the AU accuracy observed under default setting, the
exemplary methods study how different combinations of camera parameters can impact distinct

irnages and video-snippets captured under various environmental conditions differently.
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[00027] Regarding virtual knobs, to have repeatability and consistency, the exemplary
methods need to be able to capture one particular scene and be able to apply different camera
settings on the same scene. As the scene continues to change and a camera can have only a
single setting for various knobs, 1t becomes important to find a digital equivalent for the actual
physical settings on the camera. This digital equivalent should faithfully produce the image as
if it was captured by changing the physical settings on the camera itself. This digital equivalent
is referred to as a digital twin of the camera. Following algorithm 1, reproduced below, it was
found that the camera-digital twin for four tuning parameters (brighiness, contrast, color-

saturation, sharpness} for an AXIS Q1615 network camera to be:

Algorithm T Digital Twin Algorithm
Input  Digital Koob Values doad) st

E}\k rotevas
SIVRICAL

€8 i}t}isg” e

1 Ofstadn farowith de >:§m§t pi} Bl i ky mi‘s value pualye pagre (Ley 50)
for g in poaly,, do

3 Ohtain i g from the camera changing camerg parameler o o

Yor d in doaly, do

4 m;{m s dugment {{md);

5 ssimn-valid) o SSIM (g dm :§ "™

3 ganed

¥ Rpaprn © argmax; ssim-val{d)

% return (s en )

s end

[00028] This digital twin helps find the equivalent search-space n the digiial domain which
can also be achieved by traversing the entire physical camera settings space. The knob value
in the digital domain is only treated as the faithful representation of a physical knob value when
irnages obtained n both domains with respective knob values provide the maximourn SSIM,

which 1s at least greater than 0.90. The equivalent search-space in the digital domain is
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dependent on the image transformation algorithm being used and the full-reference Image-
Cuality assessment {(FR-/0A4) method like structural similanity (SSIAN), multiscale-structural
similarity {(M5-5500), MSE and PSNR, cte. used to test the similarity between digitally
transtformed and actual physical camera frames. These various equivalent search-space ranges

in the digital domain are listed in Table 1.

Tuning-param | Phy-Knob Digital-Knob -\ymu
. Space | MSE/PSNRTUSSIMTTTRS
Brightness = [10,100] [0.6,1.5] (0712
Contrast - [10,100] 0.6, 401 | {08, 18]
Color-Saturation | {10,108} 165,021 [L5,1.0
Shay E} T = [10,100] {01,201 [0.1,1.0]

Table 1: Calibration of F%ﬁwi‘}%imi Knobs

[00029] Finally, the union of these different ranges obtained for different FR-IQA methods

for a particular tuning parameter is taken as the equivalent digital search-space, listed in Table

2.
Tuning-param | Range of g-value
Brightness 0.5, 1.6]
Contrast 0.6, 4.6]
Color-Saturation 0.1, 2.0
Sharpness 1.5, 1.6]

Table 2: Augmentation factor range in Digital Knob Space

[00030] Regarding the wumpact of varying virtual kuobs, with the equivalent range of
parameters in the digital domain, it 1s next determined how AU accuracy vartes while changing
one of the four tuning parameters at a time for all the images or trames. The exemplary methods
took into the best-possible impact on AU accuracy by changing a single parameter once.

[00031] Changing the color-saturation impacts analytical accuracy for face-detection (ie,

mAP) by 5% for 100 random images from the FiveK raw-image dataset. While varying a single

10
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tuning knob, the face-recognition AU also recognizes 10 more images out of the 1150 celebrity
images randomly selected from the celebA dataset than the baseline. The Liveness-Detection
AU detects whether an image is real or fake (i.e, plays significant role for cashless
transactions), improves binary classification accuracy by 6.8% while changing the contrast
tuning knob, leads to 20 more timages out of 280 images from the MSU-MFSD dataset being
correctly classified as real or fake.

[00032] The variation in the color-saturation tuning knob {(i.¢., keeping other knobs tixed)
iroproves the mAPR by 7% for the face-detection AU on a proprietary vight-time video. Ou the
Olympics action-dataset video snippets, while varying contrast improves the mAP of the person
detector AU by 9%, mAP of the face-detector AU improves by varying the color-saturation.
[00033] Even a coarse-gratned way of tuning a single parameter independently on all the
tmages present in a dataset can provide better analytical results. But since the impact of each
camera tuning knob on the analvtics accuracy is non-monotonic in nature and each image or
video-segment 1s captured under different environmental conditions and camera-seftings, the
joint tuning of those four fmage appearavce tuning knobs 18 considered for each static-image
and video-snippet.

[00034] Regarding static images, each image available in the public-datasets (e.g., FiveK
RAW dataset, celebA, etc.) 1s a proxy for g video snippet that would have been taken around
the time the image was taken. Hence, each image s captured under a different environment and
using vartous camera settings. The best parameter setting at a camera corresponds fo the
configuration that provides the best AU-specific analytic quality.

[00035] Regarding the detection AU, the exemplary methods use Efficientdet-v0 as a person-
detector and RetinalNet as a face-detector on randomly selected 100 FiveK raw images. Firsi,
person and corresponding face bounding boxes are manually annotated for those 100 raw

irnages. Then Algorithm 2, reproduced below, presents the best-tuple search algorithm for

11
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either the face or the person detection AU considering mAP and true-positive Iol jointly as an
analytical quality metric.

[00036] The exemplary methods first use the parameter range shown in Table 2, but it was
observed that the best configuration is towards the upper-limit of those parameter ranges
obtained through digital-twin. Hence, the exemplary methods extended the configuration space
to make sure another possible best configuration is not missed.

[00037] The face-detector AU can detect faces in 39 more images after tuning with the best-
configuration than the base-coufiguration, while for person-detection, best-configuration
tuning provides mAP improvement of 2.8% on average and an ol improvement of 6.7%.
Hence, higher improvement after tuning for finer-grained analytics like face-detection is

observed, while compared to the persou-detection for same set of umages.

Algorithm 2: Find Best Configuration for Detection

Input hmage fm and ground-trath gf; ConBigurations confs
Output: Fiod confbrightcontrasteoloy hat provides best
AQ for detection

1 foridsconts do

3
2 | im, sug T dugment {Emih

3 defs o A ss?ai;ml;.};

3 mAP, frue-positive Toll o ndP {dess, gf b with 003 fou-threshokd;
5 end

¢ First Sort con 5 using covrespondding mal,;

7 Thear fon same mpmi AP confy sort wsing rue-positive Toll;

[00038] Regarding the face-recognition AU, the exemplary methods consider the face-
recognition AU pipeline. Given a database of a person with at least one face image associated
with the person, the AU either recognizes the faces i the input-image as known persons

{already present in the database) with a match-score, or it classifies 1t as unknown. Une image

12
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for each person from the CelebA dataset is used to build the database while various augmented
versions of another randomly selected image of the same person are used as query images.
Analytical Quality (AQ) for the face-recognition AU 13 defined as the true-positive match-
score for any given frnage.

[00039] Tuning four knobs jointly helps recognize faces in 41 (13.67%) more images
correctly than the base-configuration (i.e., without any augmentation} out of 300 non-enrolled
images. Even the match score for the true-positive recognition is irproved by an average of
3.6% {e.g., maximum analytical gquality improvement 11.6%). Changing mwinEyeDistance
configuration from 20 to 40 provides a drastic tmprovement in recognition with 20.67% more
images being recognized with the best-configuration augmentation compared to the base-
configuration.

[00040] Regarding the facial-keypoint detection AU, the facial keypoint detector AU detects
68 facial landmarks over the faces present in images from the 300W dataset. Analytical OQuality
of this AU is defined as the root-mean-square {(RMS) distance between the predicted and actual
tandmarks.

[00041] Compared to the base-contiguration, facial landmarks are being detected in 11 more
tmages out of 230 person images after tuning is performed with the best-configuration. For the
detected images, analyvtical quality 1s improved by an average of 31.1% under best-
configuration tuning than stmply using the base-configuration.

[00042] The dispersion of the best-parameters throughout the configuration space establishes
that each image taken in a different environment with a different camera setting requires
different attention (i.¢, different best-configurations).

[00043] Regarding video-snippets, each video-snippet includes not more than a few hundred
contimious frames, thus exhibiting simular environmental conditions and camera-settings

throughout the capture. The best-configuration for a video-snippet must provide optimal

13
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analytical quality across all frames throughout the video-snippet. The exemplary methods use
the detection AU (e g, face and person detection AU} on 19 video snippets from the HMDB
dataset and 11 video snippets from the Olympics dataset after manually annotating the face and
person bounding boxes using the cvat-tool.

[00044] Table 3 below shows the maximum and average analytical quality improvement that

can be achieved after tuning each video-snippet differently.

Video-Dataset mAF
mmprovement

3
&

[00045] Each video-segment in the Olympics and HMDR datasets are heavily compressed.
Thus, the person-detection AU, which is more coarse-grained, locks for a much larger space,
that 1s, more pixels in the frame to detect a person, and can tolerate such compression better
than the fine-grained tace-detection AU. However, the fine-grained face detection, which
generally looks for much smaller spaces in the frame, that is, fewer pixels to detect faces,
provides less improvement in detection of smaller faces with severe compression artifacts
rather than the person-detection AU, also shown in Table 3.

[00046] For each static-image or video-snippet exhibiting a different environmental condition
with a distinct camera setting {embedded with different contents} in coalition with different
AlUs, there exists a unique set of parameters that provides the highest AU accuracy. These
parameters are not possible for a human to wdentify. Moreover, a human cannot keep adjusting

these parameters as the environment changes. Hence, automatic tuning of these knobs is

14
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required to obtain the optimal AU performance under various environments and camera
settings.

[00047] The countrol loop to modity the tuning knobs in a network camera and to improve the
analytic quality for a given AU is shown in sysiemn 100 of FIG 1. Live-video feeds are
continuously being captured by the image sensor 102 at the network camera from the external
environment, and then various image-processing techniques 104 are applied through the ISP
pipeline to obtain the final processed frame. Before offioading it to edge-server or remote-
cloud for further analytics using a wireless network (4G or 5G), these processed frames are
filtered by a lightweight AQuA-fiffer 106 that aids to discard the low-guality frames that might
lead to lugh-confidence errors (not suitable for the AU). This also helps to reduce the wireless
network bandwidth requirement through early-discard of frames that do not contribute to AU
accuracy improvement or camera-parameter tuning for better analytics.

[00048] On the edge server, filtered and offloaded frames are paralielly passed through a
different analytic pipeline and a fine-grained AU-specific analytic quality evaluator 110. The
exemplary methods can eroploy the analytic quality evaluator with jownt mAP and an [oU
metric for any detection AU, match-score for face-recognition AU, and RMS distance between
predicted and actual keypoints in the case of keypoint detection. But all these evaluators require
ground-truths (or labelled data), that is not possible during runtime unless a human is kept in
the control loop that continuously labels the incoming frames for several analytics, which i3
not practical.

[00049] As a substitute to generating the ground-truth {(not possible in an actual deployment),
which can be used for determining the AU guality, the exemplary methods introduce a fine-
grained proxy quality evaluator 110, The proxy quality evaluator 110 is AU-specific and
provides a quality estimate that can be used to determine the quality of oftfloaded frames. Based

on the AU quality, determined from the proxy quality evaluator 110, the camera parameters
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are tuned auwtomatically, 10 improve the AU guality further. Camera vendors provide APIs
through which camera parameters can be changed programmatically. It usually takes a very
short time (around 150 to 200 nulliseconds) to change the parameters, so this approach is
feasible i dynamically tuning camera parameters. This tuning process countinues over the
lifetime of the AU. Specifically, the exemplary methods use Rewnforcement Leaming (RL)
techniques to tune the parameters.

[00050] Regarding camera-parameter tuning, to automatically tune the camera parameters,
the exemplary methods employ RL techniques for each individual AU 108, Particularly, the
exemplary methods use a State-Action-Reward-State-Action {(SARSA) RU algorithm 115 or
RL computations. In this setup, there is an agent, which interacts with the environment, that s,
the siare 1118 1n, by taking different actions. As the agent takes actions, it lands into a new and
different environment. For each action, there 1s an associated reward or penalty, depending on
whether the newly achieved state is desired or not, that is, whether it is guiding the agent
towards a positive direction or a negative direction. Over time, as the agent continues taking
actions and receives rewards and penalties, the agent learns {0 maximize the rewards by taking
the right actions, which ultimately leads the agent towards a positive direction,

[00051] SARSA 115 does not require any labelled data or a pre-trained model, rather SARSA
115 learns and updates its policy based on the action it takes. Therefore, SARSA 115 is an on-
policy learning algorithm and needs clear definition of the environment, that is, siafe, action
and reward. For the purpose of automatic camera-parameter tuning, the following is defined:
[00052] Regarding the sfafe, this is a vector including the current brighiness, contrast,
sharpness and color parameter values of the camera and the measure of brightness, contrast,

sharpness and color.
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[00053] Regarding the action, the set of actions that the agent can take are increase or decrease
one of the brightness, contrast, sharpness or color parameter values or not take any action at
all.

[00054] Regarding the reward, the exemplary methods use the proxy guality evaluator 110
for each AU 108 as the reward function for the SARSA 115, If the guality estimate improves,
then it is considered as a reward, whereas if it decreases, then 1t 1s considered as a penalty.
[00055] The reward obtained using the proxy quality evaluator 11015 termed as the immediate
reward. Along with cousidening the imroediate reward, the agent also factors 1n a future reward
that may accrue as a result of the current actions. Based on this, a value, termed as @-value is
calculated for taking an action a when 1n state s This 1s denoted as @(s, ). The value for
@1{s,a) is calculated as per the equation below. Here, o 1s a constant with a value between 0
and 1. This can be used to control how much importance is to be given to new information
obtained by the agent. A value of 1 will give high importance to the new information, while a
value of O will stop the learning phase for the agent. During the woitial phase, a higher value
e.2., (1.9 can be assigned by the operator, which will belp the agent quickly learn and understand
the new environment by giving higher importance to the most recent information. After the
agent has learnt and assimilated the information from the new environment, the value of o can
be lowered e.¢., 0.1 by the operator so that the agent now starts using the gathered information
about the new environment.

o

&

g’

o,

soa) e s al+ @ Es +y -7, 8"y - Qs ss]

[00056] Similar to a, there 13 another constant ¥ in the above equation, which has a value
between 0 and 1. This constant 1s called the discount factor and can be used to control the
importance given by the agent to any long-term rewards. A value of 1 will give bigh importance
to long term rewards while a value of O will make the agent ignore any long-term rewards and

focus only on the immediate rewards. If the conditions change very frequently, then a lower
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value e.g., 0.1 can be assigned to v to prioritize immediate rewards, while if the conditions do
not change frequently, then a higher value e.g, 0.9 can be assigned to prioritize long term
rewards.

[00057] The algorithm followed by the agent in the SARSA algorithm 115 is Algorithm 3

below.

Algorithm 3: State-Action-Reward-State-Action loop

1 s+ Observe~Environment{)
2 a & Choose-Action{{}, s}
3 while Still~Frocessing() deo

N Perfora-Action{a}

5 ¢ e Compute-Reward()

s 5" e Observe~Environment ()

5 | a e Choose-Action{Q,s")

3 Qs a) e Q{sa) +alpha X {r+ gamma X Q{5 2}~ Q
9 § A §
W a e g
11 end

[00058] Here, the agent first cbserves the environment, that is, state s and chooses an
appropriate action a to be performed in state 5. After performing the action «, the agent receives
an immediate reward {or penalty) » and is now in a new state 5°. In this new state, the action
chosen by the agent is @ and the associated Q-value is Q(s', a’), which the agent uses to
compute the curnulative reward Q(s, a) as per the equation above. The agent then updates this
computed cumulative Q-value and is now in the new state s'. This process continues for the

lifetime of the AU as the agent continuously learns and adapts to the environment.
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[00059] While algorithm 3 provides the steps followed by the agent in SARSA 115, it does
not provide the exact method used by the agent to choose the action a to be performed.

[00060] For this, the exemplary methods devise a new policy for the agent to decide the action
to be performed. This policy 1s shown in algonithm 4 below. Tn this, a constant called epsilon

is defined, which has a value between 0 and 1, and can be tweaked by the operator.

Algorithm & Policy for choosing the action to perform

Input: Q5.8
v if rand{8.1} > epsilon then

return Random-Action!}

2

&

end
g iFr < Dthen

5 return Revert{a)
s end

7oA e Max-Action{Q, )
s i r> (0 (sa ) then

s | refurna
1 end

11 veturn a’

[00061] Initially, the agent generates a random number between O and 1. It the random
number is greater than the set value of epsilon, then a random action 15 chosen. A lower value
of epsifon will trigger more randorn actions to be generated while a higher value of epsilon will
trigger less random actions. Therefore, during the initial phase of the deployment, when the
agent explores various actions, usually the value of epsifon is setlower e ¢, 0.1, while after the
agent has explored enough, the value of epsifor 1s set higher e.g., 0.9, so that the agent staris
using the leared wnformation from the earlier exploration phase and starts explotting it. If the
random number is lower than the set value of epsifon then the reward r is checked. If the reward

is less than 0, that 1s, if the action resulis in a penalty, then the action 1s reverted immediately.
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However, if the reward 1s positive but less than the predicted reward for the action, then the
same action is repeated. Thus, this is a greedy policy where the actions leading in a positive
direction are repeated while the actions leading in a negative direction are immediately
reverted.

[00062] Regarding the AU-specific quality evaluator design, the AU-agnostic SOTA AQuA-
filter provides a nominal spearman correlation (= -0.03) between predicted quality and the
different analytical quality. Although, this AU-agnostic AQuA filter is able to filter out inferior-
quality frames on which the AU provides a high-confidence error, 1t fails to differentiate among
good-quality oftloaded frames through fine-grained quality value prediction. Hence, during
runtime, to get the continuous guality measure {e.g., reward function for the RL algorithm) for
any given offloaded frame passed by the AQuA-filter, the exeraplary wethods design AU-
specific fine-grained proxy guality evaluator models. These quality evaluator models are
defined and trained for different AUs, as follows:

[00063] For the face-recognition AU, for 300 randomly sampled celebrities from the celebA
dataset, two images are selected, one as a reference image to build the database and another as
a non-enrolled image and tts multiple augmented variants {e.g., obtained by changing 4 knob-
values) are used as query images. These query images {= 4M) constitute a training dataset for
the quality evaluator model. Each of these query images when sent to the face-recognition
model, provide a celebrity nare with a match score between [0,1]. For every correct face-
recognition, the exemplary methods use the corresponding rounded value of matchScore * 100
as the class-label. A total of 101 classes can be there in the training dataset. Hence, the existing
AQuA model can be trained with 101 output nodes.

[00064] For the person and face detector AU, to design a quality evaluator specific to these
detector AUs, the exemplary methods train the AQuA classifier model with 201 output nodes

on the Olyrmpics and HMDB training video trames and their augmented variants (= 7.5M}.
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While training, each frame 1s associated with a class label based on the joint-metric of mAP
and the IoU for true-positive detections as shown in the equation below. Hence, the higher the

clasgs label, the better the analvtic quality.

classiabel + maAP + fi}{_wmm;‘wsf‘w « 100

[00065] To study the effectiveness of CamTuner, one approach is to work with real cameras
and show the impact of the approach by comparing the AU accuracy in two cases, e.g., first
case where the exemplary technique is not applied and static camera parameters are present,
and in the second case, the exemplary methods apply the technique and dynamically tune the
camera parameters. However, the problem with this approach is that the camera can have only
one set of parameters at any given point in time and both conditions (with and without the
exemplary technique) cannot be run at the same time using a single camera. I performed at
separate times, then the environmental {e.g ., sunny, cloudy, etc.} as well as the scene conditions
{e.g., faces seen in the field of view) will be different, and therefore, 1t will not be a fair
COMparison.

[00066] An alternate approach could be that the exemplary methods use two cameras, where
the AU 1s run on a first camera feed and the technique is not applied, and let the camera
parameters be the same and measure AU accuracy, while on the other camera feed, the same
Al 1s run but the exemplary technique is applied to tune the camera parameters dynamically.
The measured accuracy in these two cases is then compared. In this scenario, the environmental
conditions seen by the two cameras will be similar, however, the scene conditions, although
simifar, won’t be exact. Some AUs can be very sensitive and may not give the same result on
similar images, e.g., the result depends on very fine characteristics in the frame and may
produce different results with slight variations in the image. Thus, even this will not be a fair
comparison. Besides, even if the AU is tolerant to slight variations in images, since changes in

environmental conditions are not determinstic, it will take very long to perform various
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experiments, including trying out different configurations, training and testing RL algorithms,
trying different reward functions for RL, etc.

[00067] Because of the issues discussed above in using real camera feeds, the exemplary
methods study the effectiveness of the exemplary approach by using pre~-recorded videos, as in
the system 200 of FIG. 2. These videos are recorded with a single camera 210 setting tn a broad
daylight condition. By doing so, good quality original video feed can be obtained, which has
certain environmental conditions {daylight, in this case) and certain scene conditions {e.g.,
faces of people), and the exemplary methods can also obtain the ground truth on these videos,
Two cameras are then simulated, which are referred to as virtual cameras, such that they expose
the same parameters as the real cameras, and these parameters can be changed through APIs.
By dotng so, experiments can be conducted with various configurations being apphied to the
exact same scene, which enables repeatability and reproducibility in the experiments, which is
not possible with a real camera. Further, the experiments can run faster than real-time, that is,
run through frames at a higher frame-per-second (FPS), as desired, and be able to
independently test and train RL algonthms, various reward functions used for RL, ete.
[00068] These virtual cameras need to emulate the same daylong environmental vanation
starting from sunrise, to noon, afternoon, dusk, night etc. The virtual-camera simulator design
includes two phases, that is, an offline profiling phase and an online phase. During the offline
profiling phase, first following algorithm 5 below, the exemplary methods generate a virtual-
camera (V) table and a mapping function that maps a particular time v a day to s
corresponding <brightness, contrast, color-saturation, sharpness> feature values observed

during that time.
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Table Generation

mg&'&;&iz sday iumg hour-wise video-segments Vi) sampling-rate Sg;

X

1 for howr in range(0dd) do

3 for wideo with simestam

3 frames & Deoo

& for framein .‘k, mes &.53

5 split ench &

& files o 5

T tor fie in

LA fea for, sharpl

Eo f‘ safurelis

B »zmé.

I gnid
13 end
E5: Compute Mean Value ¢3‘= mi«ws”;*‘
13 Compute Standard Dey mtmm Featurel ﬁ&fi:::”

14 end

15 return 12 tables corvesponding to each tile interpolating the Mean
T S s ROUT fie srads T s fecs S f o
FeaturelistlN50 for vach 18 mins interval
A e 2

[00069] As different parts of the frare lit up differently (e g., presence of obstacle, shadows,
different color light-sources etc.}, instead of computing these feature values for the entire
frame, the exemplary methods obtain the feature-values for each of, e.g. 12 tiles in a frame.

[00070] Each video captures the content as well as the environment for that acquisition-time,
Singe, the observed content needs to be kept the same by the virtual cameras, only
environmental conditions throughout the day affect the captured frame. Through the camera
parameter tuning RL approach, the exemplary methods endeavor to minimize the adverse
environmental effect on AU performance. Keeping the content the same, to augment the video
for different times of the day, the exemplary methods need to generate another mapping table

that maps the <brightness, contrast, color-saturation, sharpness™> change between two times to
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corresponding virtual camera koob configurations 1o achieve that change. In the offline phase,

the exemplary methods generate this delta change-to-Configuration mapping table by

following algorithm 6, reproduced below.

Algorithm 6: Della-change to Configuration mapping Ta-
ble Generation
Input daviong hour-wise video-segments V! sampling-rate S
P DCans Pl By are ranges for four koobs obtained
froms Table &
1 For randaemd *g selected Frame from each hour do
> | For file in ranye(l, h}ﬁn
£ Featwreliste~<brightness  contrasi  color  sharpresss
3 o ExtractFeaturss AR i)
F e
S
&£ mm;}me \‘iaim changss afler sugnentation
deltafo] = foRmrelist e 0]
Featurelds *xn
8 compute deltal 1], delta{2], delta{3] for 3 other knobs
& Store <delias corresponding to gugFactor
19 wnd
11 gnd
12 e
w3 Compate Median <deltas for same augFaector across sampled
frammey for a specific tile
1 return 2 configuration-vs-«deltas Mapping tables for each tile

[00071] During the online phase, to siraulate a frame for a different environmental condition

correspounding to a time of the day other than its capture time, following algorithm

exemplary methods first split the input frame into 12 tiles.
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Algorithm 7: Runtime VO Simulator
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[00072] MNow for each tile, the exemplary methods need to extract the 4 different image
features, and also based on the desired time (other than the capture time) and using the VC
table {output of algorithm 5}, the exemplary methods can get the tile-specific desired values of

the image features. The fractional delta-change between the current feature values and the

desired feature values will be mapped to a virtual camera

delta change-to-Configuration mapping table (output of algorithm 6). The exemplary methods
obtain different knob configurations for each tile, however, 1o eliminate the tiling-tssue

(separation of tiles is explicit) in the output frame, the exemplary methods compute the median
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configuration across all 12 configurations corresponding to each tite. With the modified median
knch configuration, the exemplary methods can get the video-frame for the desired time.
[00073] In conclusion, CamTuner uses reinforcement learning techniques to continuously
adapt to changing environmental conditions. CamTuner tunes specific camera pararueters, 50
that the video feed produced by the camera 1s suitable for the analytics task at hand and
improves its accuracy. CamTuner is designed in such a way that it can be applied to any video
analytics task and can handie any set of complex camera parameters. To have repeatability and
reproducibility of the evaluation (using the same scene to evaluate the performance before and
after applying CamTuner), the exemplary methods use a virtual camera and ipop-through
prerecorded proprietary videos taken at different time-segments of day (FIG. 2). With the help
of the VC, the exemplary methods can run experiments faster in real-time, that is, run through
frames at a higher FPS, as desired, and be able to independently test and train RL algorithms,
various reward functions used for RL, etc. The virtual camera (V) 1s the same as actual RGB
camera, where depending on the capture time of the day, scene characteristics adapt to that
time without changing the frame content. VT continuously extracts frames from the input video
and applies transformations to change its capture time to emulate different time-segments of
the day. Before offlcading to the edge-server, frames are passed through AU-agnostic SOTA
AQuA filter.

[00074] FIG. 3 is a block/flow diagram 800 of a practical application for autorvatically
adjusting camera parameters to improve video analytics accuracy during continuously
changing environmental conditions, in accordance with embodiments of the present invention.
[00075] In one practical application, video feed from camera 802 is decoded by “Video
Sensor” 804 and trames are made available to “Face Detection” component 806, which detects
faces 808 (objects) and makes them available to the “Feature Extraction” component 810.

Unique tace templates, such as features are then extracted and made available to the “Face
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Matching” component 812, which compares and matches these features with a gallery of face
features. The environmental changes can be detected by the CamTuner 950 employing the AU-
specific quality evaluator 110 and the SARSA 115 to fine-tune camera parameters, such as,
brightuess 820, contrast 822, color-saturation 824, and sharpness 826,

[00076] FIG. 4 is an exemplary processing system for automatically adjusting camera
parameters to improve video analytics accuracy during continuously changing environmental
conditions, in accordance with embodiments of the present invention.

[00077] The processing system includes at least one processor (CPU) 904 operatively coupled
to other components via a system bus 902. A GPU 905, a cache 906, a Read Only Memaory
(ROM) 908, a Random Access Memory (RAM) 210, an input/output (VO) adapter 920, a
network adapter 930, a user interface adapter 940, and a display adapter 950, are operatively
coupled to the system bus 902 Additionally, the CamTuner 950 includes an AU-specific
quality evaluator 110 and SARSA 115

[00078] A storage device 922 is operatively coupled to system bus 902 by the VO adapter
920. The storage device 922 can be any of a disk storage device (e.g., a magnetic or optical
disk storage device), a solid-state magnetic device, and so forth.

[00079] A transceiver 932 is operatively coupled to system bus 902 by network adapter 930.
[00080] User input devices 942 are operatively coupled to system bus 902 by user interface
adapter 940. The user input devices 942 can be any of a keyboard, a mouse, a keypad, an image
capture device, a motion sensing device, a microphong, a device incorporating the functionality
of at least two of the preceding devices, and so forth. Of course, other types of input devices
can also be used, while maintaining the spirit of the present invention. The user input devices

o0

input devices 942 are used to input and output information to and from the processing system.
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[00081] A display device 952 1s operatively coupled to system bus 902 by display adapter
G50,

[00082] Of course, the processing systermn may also include other elements (not shown), as
readily contemplated by one of skill in the art, as well as omit certain elements. For example,
varipus other wput devices and/or cutput devices can be included in the system, depending
upon the particular implementation of the same, as readily understood by one of ordinary skill
in the art. For example, various types of wireless and/or wired input and/or output devices can
be used. Moreover, additional processors, controllers, memories, and so forth, in various
configurations can also be utilized as readily appreciated by one of ordinary skill in the art.
These and other variations of the processing system are readily contemplated by one of
ordinary skill in the art given the teachings of the present invention provided herein.

[00083] FIG. 5 is a block/flow diagram of an exemplary method for automatically adjusting
camera parameters to improve video analytics accuracy during continuously changing
environmental conditions, in accordance with embodiments of the present invention,

[00084] Atbiock 1001, capture a video stream from a plurality of cameras.

[00085] At block 1003, perform video analytics tasks on the video stream, the video analytics
tasks defined as analytics units {AUs}.

[00086] At block 100S, apply image processing to the video stream to obtain processed
frames.

[00087] At block 1007, filter the processed frames through a filter to discard low-quality
frames.

[00088] At block 1009, dynamically fine-tune parameters of the plurality of cameras by
passing the filiered frames to an AU-specific proxy quality evaluator, employing State-Action-

Reward-State-Action (SARSA) reinforcement learning computations to automatically fine-
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tung the parameters of the plurality of cameras, and based on the reinforcement computations,
applying a new policy for an agent to take actions and learn to maximize a reward.

[00089] As used herein, the terms “data,” “content,” “information” and similar terms can be
used interchangeably to refer to data capable of being captured, transmitied, received, displayed
and/or stored 1n accordance with various example embodiments. Thus, use of any such terms
shouid not be taken to limit the spirit and scope of the disclosure. Further, where a computing
device is described herein to receive data from another computing device, the data can be
received directly from the another computing device or can be received ndirectly via one or
more intermediary computing devices, such as, for example, one or more servers, relays,
routers, network access points, base stations, and/or the like. Similarly, where a computing
device 18 described herein to send data to ancther computing device, the data can be sent
directly to the another computing device or can be sent indirectly via one or more intermediary
computing devices, such as, for example, one or more servers, relays, routers, network access
points, base stations, and/or the like

[00090] As will be appreciated by one skilled in the art, aspects of the present wnvention roay
be embodied as a system, method or computer program product. Accordingly, aspects of the
present invention may take the form of an entirely hardware embodiment, an entirely software
embodiment (including firmware, resident software, micro-code, etc} or an embodiment
combining software and hardware aspects that may all geverally be referred to herein as a

2% 6

“circwit,” “module,” “calculator,” “device,” or “system.” Furthermore, aspects of the present
invention may take the form of a computer program product embodied in one or more computer
readable medium(s) having computer readable program code embodied thereon.

[00091] Any combination of one or more computer readable medium(s} may be utilized. The

computer readable medium may be a computer readable signal medium or a computer readable

storage medium. A computer readable storage medium may be, for example, but not limited
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to, an electronic, magnetic, optical, electromagnetic, infrared, or semiconductior system,
apparatus, or device, or any suitable combination of the foregoing. More specific examples {a
non-¢xhaustive list) of the computer readable storage medium would include the following: an
electrical convection having one or more wires, a portable computer diskette, a hard disk, a
random access menmory (RAM), a read-only memory (ROM]}, an erasable programmable read-
only memeory (EPROM or Flash memory), an optical fiber, a portable compact disc read-only
memory {(CD-ROM), an optical data storage device, a magnetic data storage device, or any
suttable combination of the foregoing. Tu the context of this document, a computer readable
storage medium may be any tangible medium that can include, or store a program for use by
or in connection with an mstruction execution system, apparatus, or device.

[00092] A computer readable signal medum may include a propagated data sigoal with
computer readable program code embodied therein, for example, in baseband or as part of a
carrier wave. Such a propagated signal may take any of a variety of forms, including, but not
limited to, electro-magnetic, optical, or any suitable combination thereof. A computer readable
signal medium may be any computer readable mediurn that 1s not a computer readable storage
medium and that can communicate, propagate, or transport a program for use by or in
connection with an instruction execution system, apparatus, or device.

[00093] Program code embodied on a computer readable medium may be transmitted using
any appropriate medium, including but vot nuted to wireless, wireline, optical fiber cable, RF,
eic., or any suitable combination of the foregoing.

[00094] Computer program code for carrying out operations for aspects of the present
invention may be written in any combination of one or more programming languages, including
an object oriented programming language such as Java, Smalltalk, C++ or the like and
conventional procedural programming languages, such as the “C” programming language or

similar programming languages. The program code may execute entirely on the user's
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computer, partly on the user's computer, as a stand-alone software package, partly on the user's
computer and partly on a remote computer or entirely on the remote computer or server. In the
latter scenario, the remote computer may be connected to the user's computer through any type
of network, wcluding a local area network (LAN) or a wide area network (WAN), or the
connection may be made to an external computer (for example, through the Internet using an
Internet Service Provider).

[00095] Aspects of the present invention are described below with reference to flowchart
ilfustrations and/or block diagrams of methods, apparatus {systems) and computer program
products according to embodiments of the present invention. It will be understood that each
block of the flowchart iHustrations and/or block diagrams, and combinations of blocks in the
flowchart illustrations and/or block diagrams, can be implemented by computer program
instructions. These computer program instructions may be provided to a processor of a general
purpose computer, special purpose computer, or other programmable data processing apparatus
to produce a machine, such that the instructions, which execute via the processor of the
computer or other prograramable data processing apparatus, create means for implementing
the functions/acts specified in the flowchart and/or block diagram block or blocks or modules.
[00096] These computer program instructions may also be stored in a computer readable
medium that can direct a computer, other programmable data processing apparatus, or other
devices to function in a particular manver, such that the nstructions stored in the computer
readable medium produce an article of manufacture inchuding instructions which implement
the function/act specified in the flowchart and/or block diagram block or blocks or modules.
[00097] The computer program instructions may also be loaded ounto a computer, other
programmable data processing apparatus, or other devices to cause a series of operational steps
to be performed on the computer, other programmable apparatus or other devices to produce a

computer implemented process such that the instructions which execute on the computer or
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other programmable apparatus provide processes for implementing the functions/acts specified
in the flowchart and/or block diagram block or blocks or modules.

[00098] It isto be appreciated that the term “processor” as used herein is intended to include
any processing device, such as, for example, one that includes a CPU {(central processing unit)
and/or other processing circuitry. It is also to be understood that the term “processor’” may refer
to more than one processing device and that various elements associated with a processing
device may be shared by other processing devices.

[00099] The term “memory” as used herein is intended to include memory associated with a
processor or CPU, such as, for example, RAM, ROM, a fixed memory device (e.g., hard drive),
a removable memory device (eg., diskette), flash memory, etc. Such memory may be
considered a cornputer readable storage medium.

[000100] In addition, the phrase “input/output devices” or “V{ devices” as used herein is
intended to include, for example, one or more input devices (e.g., keyboard, mouse, scanner,
etc ) for entering data to the processing unit, and/or one or more output devices {e.g., speaker,
display, printer, etc.) for presenting results associated with the processing umit.

[000101] The foregoing is to be understood as being in every respect tllustrative and
exemplary, but not restrictive, and the scope of the invention disclosed herein is not to be
determined from the Detailed Description, but rather from the claims as interpreted according
to the full breadth permitted by the patent laws. It is to be understood that the embodiments
shown and described herein are only tlhustrative of the principles of the present invention and
that those skilled in the art may implement varicus modifications without departing from the
scope and spirit of the invention. Those skilled in the art could implement various other feature
combinations without departing from the scope and spirit of the invention. Having thus
described aspects of the invention, with the details and particularity required by the patent laws,

what 1s claimed and desired protected by Letters Patent 1s set forth in the appended claims.
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WHAT IS CLAIMED IS:

1. A method for automatically adjusting camera parameters to improve video analytics
accuracy during continuously changing environmental conditions, the method comprising:
capturing {1001) a video stream from a plurality of cameras;
performing (1003} video analytics tasks on the video stream, the video analyties tasks
defined as analytics units (AUs);
applying (1005} image processing to the video stream to obtain processed tframes;
filtering (1007) the processed frames through a filter to discard low-quality frames;
and
dynamically (1009} fine-tuning parameters of the plurality of cameras by:
passing the filtered frames to an AU-specitic proxy quality evaluator;
employing State-Action-Reward-State-Action (SARSA) reinforcement
learning (RL) computations to automatically fine-tune the parameters of the plurality
of cameras; and
based on the reinforcement computations, applying a new policy for an agent

io take actions and learn to maximize a reward.

2. The method of claima 1, wherein a virtual-camera (VC) 15 employed to:

apply different environruental characteristics and evaluate different camera settings on
an exact same scene captured from the video stream; and

rapidly and independently train and test RL algorithms, and various reward functions

used for RL.

3. The method of claim 2, whergin the VC includes an offline profiling phase and an

online phase.
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4. The method of claim 3, wherein, during the offline profiling phase, 2 VC-camera
table and a mapping function are generated, the mapping function mapping a particular time
in & day to its corresponding brighiness, contrast, color-saturation, and sharpuoess feature

values observed during that time.

5. The method of claim 3, wherein, during the online phase, a frame for a ditferent
environmental condition corresponding to a time of day other than its capture ime 1s

simulated.

6. The method of claim 1, wherein an analytic quality {AQ) wetric specific for each

of the AUs is employed to train an AU-specific quality evaluator.

7. The method of claim 6, wherein, in the absence of ground truth in real-world

deployments, the AU-specific quality evaluator is used as a proxy to evaluate the AUs.

8. The method of claim 1, wherein the SARSA RU computations include a state, an
action, and a reward, the state being a vector including current brightness, contrast, sharpness
and color parameter values of a camera of the plurality of cameras and a measure of
brightness, contrast, sharpness and color, the action is an increase or decrease of one of the
brightness, contrast, sharpness or color parameter values or taking no action at all, and the

reward is a AU-specific quality evaluator’s output.

9. A non-transitory computer-readable storage medium comprising a computer-

readable program tor antomatically adjusting camera parameters to improve video analytics
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accuracy during continuously changing environmental conditions, wherein the computer-
readable program when executed on a computer causes the computer to perform the steps of:
capturing {1001) a video stream from a plurality of cameras;
performing (1003) video analytics tasks on the video stream, the video analytics tasks
defined as analytics units {Als);
applying (1005) image processing to the video stream to obtain processed frames;
filtering (1007) the processed frames through a filter to discard low-quality frames;
and
dynamically (1009} fine-tuning parameters of the plurality of cameras by:
passing the filtered frames to an AU-specitic proxy quality evaluator;
employing State-Action-Reward-State-Action (SARSA) reinforcement
learning (RL) computations to automatically fine-tune the parameters of the plurality
of cameras; and
based on the reinforcement computations, applying a new policy for an agent

to take actions and leamn to maximize a reward.

10. The non-transitory computer-readable storage medium of claim 9, wherein a
virtual-camera (VC) is employed to:

apply different environmental charactenistics and evaluate different camera settings on
an exact same scene capiured from the video siream,; and

rapidly and independently train and test RL algorithms, and various reward functions

used for RL.

11, The non-transitory computer-readable storage medium of claim 10, wherein the

YV includes an offline profiling phase and an online phase.
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12, The non-transitory computer-readable storage medium of claim 11, wherein,
during the offline profiling phase, a VC-camera table and a mapping function are generated,
the mapping function mapping a particular tume 0 a day to i3 corresponding brighiness,

contrast, color-saturation, and sharpness feature vahues observed during that time.

13, The non-transitory computer-readable storage medium of claim 11, wherein,
during the online phase, a frame for a different environmental condition corresponding to a

time of day other than its capture time is simulated.

14, The non-transitory computer-readable storage medium of claim 9, wherein an
analytic quality (A(}} metric specific for each of the AUs is emploved to train an AlU-specific

quality evaluator.

15. The non-travsitory computer-readable storage medium of claim 14, wherein, in
the absence of ground truth in real-world deployments, the AU-specific quality evaluator is

used as a proxy to evaluate the AUs.

16, A system for automatically adjusting camera parameters to improve video
analytics accuracy during continuously changing environmental conditions, the system
comprising:

a mermory; and

One OF WIOTE Processors in communication with the memory configured to:

capture (1001} a video stream from a plurality of cameras;

36



WO 2022/256246 PCT/US2022/031279

perform (1003) video analytics tasks on the video stream, the video analytics
tasks defined as analytics units (AUs);
apply (1005} image processing to the video stream to obtain processed frames;
filter (1007} the processed frames through a filter to discard fow-~quality
frames; and
dynamically {1009) fine-tune parameters of the plurality of cameras by:
passing the filtered frames to an AU-specific proxy quality evaluator;
employing State-Action-Reward-State-Action (SARSA) reinforcement
learning (RL) computations to automatically fine-tune the parameters of the
plurality of cameras; and
based on the reinforcement computations, applying a new policy for an

agent to take actions and learn to maximize a reward.

17. The system of claim 16, wherein a virtual-camera (V) 1s employed to:

apply different environruental characteristics and evaluate different camera settings on
an exact same scene captured from the video stream; and

rapidly and independently train and test RL algorithms, and various reward functions

used for RL.

18. The system of claim 17, wherein the VT includes an offline profiling phase and

an online phase.

19. The system of claim 18, wherein, during the offline profiling phase, a VC-camera

table and a mapping function are generated, the mapping function mapping a particular time
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inn a day o its corresponding brightness, contrast, color-saturation, and sharpness feature

values observed during that time.

20. The system of claim 18, wherein, during the online phase, a frame for a different

environmental condition corresponding to a time of day other than s capture time 18

simulated.
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