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ABSTRACT Video Analytics System has emerged as a promising technology to realize deep neural network
based intelligent applications for video streams. Its objective is to maximize the video analytics performance
of video streams, such as accuracy, while utilizing the limited computing resource capacity efficiently.
Existing video analytics systems attempt to adapt configurations to optimize resource-accuracy tradeoffs
under limited resource capacity. Especially, several works recently propose a configuration adaptation
algorithm based on online profiling to overcome the inefficiency of one-time offline profiling caused by the
dynamics of the configuration’s impact on video analytics accuracy. However, their systems are inefficient or
limited to process the video analytics of multiple video streams in a GPU-enabled edge server. Furthermore,
their online profiling methods still leads to a high profiling cost. In this paper, we design a video analytics
system to adapt configurations for optimizing the resource-accuracy tradeoffs of multiple video streams
with respect to frame rate and resolution fully under limited resource capacity of a GPU-enable edge server.
In addition, we propose a lightweight online profiling method, utilizing the underlying characteristics of
the video objects. Then, based on it, we propose a configuration adaptation algorithm to find the best
configuration of each video stream and minimize accuracy degradation of multiple video streams under
limited resource capacity of a GPU-enable edge server. To evaluate the proposed algorithm, we use a subset
of surveillance videos and annotations from VIRAT 2.0 Ground dataset. The experimental results show that,
in a GPU-enabled edge server, our video analytics system achieves the optimal configuration adaptation
on resource-accuracy tradeoffs and our algorithm reduce the profiling cost of existing systems significantly
while achieving the video analytics performance comparable to them.

INDEX TERMS Video analytics, deep neural networks, object detection.

I. INTRODUCTION
video cameras are pervasively deployed on streets or in build-
ings [1], [2], [6]. In this trend, many cities and companies
demand to utilize the potential of these cameras for various
intelligent applications leading to smart city and company.
Video analytics is a key to achieve this demands, consisting of
a pipeline of computer vision components [15]. Video analyt-
ics systems that analyze multiple video streams individually
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or collectively from large camera deployments at an edge or
cloud environment have been used in many application sce-
narios, (e.g. traffic congestion management such as counting
cars, crime prevention such as reading the license plates) [3],
[14], [17]. A desired video analytics quality (i.e. accuracy)
varies depending on the application to be realized on video
streams [11]. Recently, Deep Neural Network (DNN) has
emerged as a powerful advanced tool due to their innovative
accuracy in visual analyses such as human action recognition,
object detection, scene geometry estimation, face recogni-
tion, etc. Applying DNN to video streams is prohibitively
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expensive [16]. For example, detecting objects in video is a
core function for many application scenarios but the running
time of the best DNN based object detector [4] is 198ms
per image (5fps) on a K40 GPU. Even the running time of
a real-time DNN based object detector [5] is 50ms per image
(20fps) on a Pascal Titan X GPU. Therefore, video analytics
requires a large cost to operate compute hardware (i.e. GPUs)
or edge/cloud resources (i.e. GPU machine time) [14].

Meanwhile, Mobile Edge Computing (MEC) has been
identified as a promising environments for the video analyt-
ics system to support low-latency with reasonable compute
power [12]. In this regards, analyzing multiple video
streams efficiently with limited computing resources of an
edge-server while guaranteeing a desired video analytics
quality has been a challenge issue in the video analytics
system [11]. Unfortunately, what resources will be available
to each video stream is often unknown. Instead, it is assumed
that each video stream is typically analyzed in isolation
with either infinite resources or a predetermined resource
allocation. When the video analytics processes on multiple
video streams are run concurrently, resource competition
forces the video stream to be analyzed at a lower frame rate as
frames are dropped-leading to unsatisfactory video analytics
quality [18].

One of the promising solutions to address this issue is
adapting configurations optimally in the video analytics
system [10], [11]. The video analytics system has several
controllable factors on each video stream, called as knob,
which have an effect on both resource-consumption and
accuracy, such as frame resolution and frame sampling rate.
A configuration is defined as a combination of the knob
values. If the expensive configuration such as high frame
resolution or high frame rate is chosen, it shows high accuracy
but demands high resource-consumption. On the other hand,
if the cheap configuration such as low frame resolution or
low frame rate is chosen, it shows low accuracy but demands
low resource-consumption. Video streams have a variety of
resource-accuracy tradeoff for video analytics depending on
their context. Some video streams can achieve a desired video
analytics quality with only small resources while others can
do it with sufficient resources. Thus, based on this character-
istics, the video analytics systems attempt to minimize the
resource demands of video streams optimally by adapting
their configurations to the best which guarantees a desired
video analytics quality in minimal resources, considering
their resource-accuracy tradeoff. Recently, there have been
several previous works on how to design an efficient video
analytics system based on configuration adaptation. Most of
these previous works search a large space of configurations
by empirically profiling the resource-accuracy tradeoffs of
video streams for video analytics in off-line (one-time) or
on-line (periodic) manner [10], [11].

However, their works have the limitation of existing video
analytics systems which are inefficient or limited to pro-
cess the video analytics of multiple video streams in a
GPU-enabled edge server. They cannot benefit from the

potential to efficiently enhance the video analytics perfor-
mance of video streams based on their resource-accuracy
tradeoffs with respect to frame rate. In addition, their online
profiling methods require a high profiling cost. Especially,
even though Chameleon [10] proposes several techniques
leveraging the spatial/temporal correlations to reduce the pro-
filing cost, its profiling cost is still a few times higher than its
inference cost so that the cost savings gained by its proposed
algorithm is meaningless. The high profiling cost still makes
it difficult for video analytics systems to guarantee real-time
video analytics and scale video analytics to massive camera
deployments. It is necessary to avoid the one-time or periodic
search approach on a large space of configurations.

In order to resolve these problems of previous works,
we propose a video analytics system to achieve the opti-
mization on the resource-accuracy tradeoffs of multiple video
streams with respect to frame rate and resolution fully in a
GPU-enabled edge server by controlling configurations. We
propose a lightweight online profiling method to generalize
the accuracy model on configurations efficiently in real-
time. Utilizing the underlying characteristics of the video
objects (i.e. the velocity on location and size), which can
be extracted in low-cost from the analytics results of the
short-term profiling process, the proposed method estimates
the accuracy model reflecting how the accuracy on configu-
rations is changed depending on the velocity of objects on
location and size in a video stream. We also propose the
lightweight online profiling based configuration adaptation
algorithm to find the best configuration of each video stream
and minimize accuracy degradation of each video stream in
the constrained computing capacity of a GPU-enabled edge
computing.

II. PROBLEM DESCRIPTION FOR EFFICIENT VIDEO
ANALYTICS SYSTEM
In this section, we describe the existing video analytics
system of previous works which optimizes the resource con-
sumption and accuracy/latency of video analytics by adapting
configurations. We also describe the existing profiling meth-
ods of previous works on configurations to find an optimal
resource-accuracy tradeoff. Especially, we describe the exist-
ing online profiling method, in detail, considering the dynam-
ics of the configuration’s impact on video analytics accuracy.
Then, we address the limitation of the existing video analytics
system and the existing profilingmethod, utilized by previous
works, when applied to the limited resource capacity of a
edge-server.

A. LIMITATION OF EXISTING VIDEO ANALYTICS SYSTEMS
Many previous works attempted to optimize the resource-
accuracy tradeoff by adapting the configuration of video
streams for video analytics under limited resource capac-
ity such as MEC or clusters environment. The problem
of optimizing the resource-accuracy tradeoff is first intro-
duced in [6]. VideoStorm [11] processes various video ana-
lytics queries on live video streams, only considering the
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FIGURE 1. An illustration of the existing video analytics systems [20], [21].

CPU resource in a single cluster. VideoEdge [15] consid-
ers network and compute resources or dynamic network
bandwidths in a hierarchy of clusters for video analytics.
DeepDecision [12] focus on client-side analytics scheduling
in edge computing environment, considering the complex
interaction among model accuracy, video quality, battery
constraints, network data usage, and network conditions.
Without modeling the accuracy or latency w.r.t configura-
tions in analytic form, they formulate the video analytics
optimization. Then, they just propose a heuristic algorithm
in which the empirically measured value on the tradeoff is
used as it is. Meanwhile, Edge Network Orchestrator [20],
DARE [21] and the authors of [22] present and use the
analytical models of accuracy and latency w.r.t configurations
in order to formulate the video analytics optimization at the
network edge. Edge Network Orchestrator only considers
resolution as a knob, not considering frame rate (i.e. It use
a fixed sampling rate). DARE and the authors of [22] take
both frame resolution and rate as knobs.

Figure 1 shows the existing video analytics systems of
previous works. There are I multiple clients, each of which
generates a video stream by its camera and transmits frames
manipulated based on a configuration by its pre-processor.
The configuration controller determines the configurations
of I multiple video streams fairly based on the resource-
accuracy tradeoff provided by the profiler under limited
resource capacity. The configuration knobs are usually com-
posed of frame rate and resolution and especially, the frame
resolution knob is simply used to decide the object detec-
tion model of which input size is matched to it. Then, for
each video stream, the configuration controller allocates the
resource which its decided object detection model demands

and loads its decided object detection model. Finally, the sys-
tem provides the video analytics results of identifying and
classifying objects on video streams in high accuracy/latency
under limited resource capacity. Note that it assume the com-
puting resource capacity of an edge server can be divided
and allocated to each video stream depending on its resource
demand. It also assume the allocated resource of each video
stream can independently work for its video analytics in par-
allel. Then, the resource saved by decreasing the frame reso-
lution of a video stream (i.e. deciding a cheap object detection
model) and degrading its performance slightly based on the
resource-accuracy tradeoff can be utilized to enhance the
video analytics performance of other video streams signifi-
cantly. That is, with respect to frame resolution, optimizing
the resource-accuracy tradeoffs of multiple video streams
under limited resource capacity of an edge-server is possible.

However, with respect to frame rate, it is not possible in
this system. Structurally, it cannot utilize and share the non-
use time of a video stream’s resource obtained by decreasing
its frame rate based on the resource-accuracy tradeoff. That
is, it cannot benefit from the potential to enhance the video
analytics performance of other video streams significantly by
decreasing the frame rate of a video stream and degrading
its performance slightly. Furthermore, this system causes
significant inefficiencies within a GPU, which is the dom-
inant resource for DNN processing [10]. A GPU is limited
to load multiple video streams’s DNN based object detetcion
models concurrently, which require high resource demands,
due to its insufficient resource capacity on memory and
computation. That is, extending GPUs is required as the
number of video streams to be processed increases, but is not
suitable to a GPU-enabled edge server which can only have
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a few GPUs. It is necessary to maximize the efficiency of a
GPU for video analytics. Especially, in a GPU, the allocated
resources of video streams cannot independently work each
other in practice due to interference which degrades each
other’s performance. In addition, this system requires the
reload of DNN-based object detection model to a GPU with
configuration adaptation, which causes high overhead and
degrades the video analytics performance significantly.

Resolving the limitation of previous works, we propose a
video analytics system to divide and allocate the usage time
of a GPU, as a resource, to each video stream in each time
slot. A GPU is entirely occupied by a video stream at a
time [24], so is sequentially used by video streams based on
their allocated usage time. In this structure, the non-use time
of a GPU, saved by decreasing the frame rate and resolution
of a video stream and degrading its performance based on
the resource-accuracy tradeoff, can be utilized to enhance
the video analytics performance of other video streams sig-
nificantly. As a result, it makes it possible to achieve the
optimization on the resource-accuracy tradeoffs of multiple
video streams with respect to frame rate and resolution fully.

B. LIMITATION OF EXISTING PROFILING METHODS
Most of previous works [11], [12], [15], [20]–[22] profile
the resource-accuracy tradeoff with respect to each knob for
video analytics in off-line. They exhaustively profile all or
part of possible configurations on video queries only once
at the beginning of the video stream in offline. Then, based
on the profiles, they chooses and adjusts the optimal con-
figuration for the whole duration of the video. However,
they do not consider and handle the dynamics of the con-
figuration’s impact on video analytics accuracy. Even in a
identical video, the accuracy characteristics can be changed
in real-time depending on how video stream content represent
(e.g. objects in a video is moving fast or slow). Its configu-
ration adjusted by offline profiling cannot be optimal in the
entire duration.

Meanwhile, several previous works [10], [22] address the
dynamics of the configuration’s impact on video analytics
accuracy. The video analytics system in [22] profiles several
accuracy models with respect to frame rate and resolution
under three different conditions (i.e. the speed and size of
objects at different three levels) in off-line and periodically
update the accuracy model at the beginning of each time
slot according to the current video content (i.e. the size and
the velocities of targets). However, this heuristic approach
cannot generalize the accuracy model varying depending on
the underlying characteristics of the video objects and may
cause an error that cannot be ignored, in many scenarios. The
reason is that the accuracy model of a video stream cannot
be determined only by the size and the velocities of objects.
A lot of factors, such as the type of object within a class, how
object look like, the number of objects and so on, also affect
the accurcy model besides the size and velocity of objects.
For two different times in the same video stream, the accuracy

model w.r.t resolution may not be same even if they have the
same object size.

Chameleon [10] also propose an efficient real-time
re-profiling technique to adapt its configuration optimally,
considering the dynamics of the configuration’s impact on
video analytics accuracy. Figure 2 shows how Chameleon
works. Chameleon operates periodically based onw segments
(by default, w = 4), each of which is a contiguous set of
frames spanning a T second interval (by default, T = 4).
Chameleon observes that the underlying characteristics of
the video objects that affect accuracy tend to be consistent
temporally, called temporal correlation. Based on it, in each
segment, Chameleon profiles the accuracy on possible con-
figurations for the first tp seconds (by default, tp = 1) and
does inference with the best configuration for the remaining
ta = T − tp seconds. It profiles the accuracy of every possible
configurations only in the first segment and then, profiles the
accuracy of the first segment’s top-k ranked configurations
(cheapest k configurations with accuracy above the desired
threshold, by default, k = 5) over the remained segments.
However, this solution is still so expensive and cannot guar-
antee real-time processing. Since its profilingmethod is based
on direct measurement, it is required to perform a signifi-
cant number of video analytics executions to profile at the
beginning of each segment. The profiling cost of Chameleon
is even much higher than its inference cost. We conduct an
experiment to measure the profiling and inference cost of
Chameleon for video analytics on VIRAT 2.0 ground dataset.
We construct four video streams for our experiments using
the fully-annotated 20 videos of VIRAT 2.0 Ground dataset,
captured by four video cameras deployed in different area,
of which frame resolution and rate are 30 fps and 1920 ×
1080p (for 3 video streams) or 1280 × 720p (for 1 video
stream). Each video stream is composed of 10800 frames
and its objects mainly consist of car and person. We use
pre-trained object detectionmodels, Yolov3-320, 416, 608 [5]
of which input size are 320× 320, 416× 416 and 608× 608,
on our workstation with GTX 1080 GPU. We use the sets
of selectable values on frame resolution knob and rate knob:
{608, 416, 320}p and {30, 15, 10, 6, 5, 3, 2, 1}fps. The cost is
measured by GPU processing time. As shown in Figure 3,
the results shows that the profiling cost of Chameleon is more
than about seven times bigger than its inference cost.

FIGURE 2. Configuration adaptation of Chameleon [10].

In order to resolve these problems of previous works,
we propose a lightweight online profiling method to gen-
eralize the accuracy model on configurations efficiently in
real-time. The proposed method handles profiling process in
analytics process concurrently by allocating the short-term
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FIGURE 3. Comparison of inference cost and profiling cost in Chameleon.

profiling process to each segment in the analytics process,
while Chameleon handles profiling process and analytics
process separately. Utilizing the underlying characteristics of
the video objects (i.e. the velocity on location and size), which
can be extracted in low-cost from the analytics results of the
short-term profiling process, the proposed method estimates
how the objects change in a segment. Based on it, leveraging
the temporal correlations, the proposed method estimates the
accuracy model on configurations in subsequent segments,
while Chameleon directly measures it. The estimated accu-
racy model reflects how the accuracy on configurations is
changed depending on the velocity of objects on location and
size in a video stream.

III. PROPOSED VIDEO ANALYTICS SYSTEM FOR A
GPU-ENABLED EDGE SERVER
In this section, we describe our target edge computing envi-
ronment and video analytics systemwith several assumptions

and conditions. Then, we define and resolve the problem
with an objective function to maximize the video analytics
performance of multiple video streams in a GPU-enabled
edge server by controlling configurations.

A. SYSTEM MODEL AND ENVIRONMENT
Figure 4 shows our target edge computing environment and
video analytics systemwhich supports multiple video streams
efficiently in a GPU-enabled edge server. There are I multiple
clients, each of which generates a video stream by its cam-
era in the default frame rate and resolution. Let dfs, dfr are
the default frame rate and resolution of all video streams.1

In the same way as Chameleon, each video stream is split
into smaller segments, each of which is a contiguous set of
frames spanning a T -second interval (by default, T = 4). Let
Si = {Si,1, Si,2, . . . , Si,j, . . . , Si,J } denote the segments of i-th
video stream of which size is J . The frames of Si,j are denoted
as Si,j = {f 1i,j, f

2
i,j, . . . , f

ls
i,j}, where the number of frames in Si,j

is ls = T ∗dfs. In each segment of i-th video stream, we define
the sub-segments, each of which is a contiguous set of
dfs frames.

In a client, the pre-processor samples the frames of each
segment with a certain frame rate and resizes each sampled
frame in a certain frame resolution. These frame rate and
resolution are considered as main configuration knobs and
controlled by the configuration controller. Let fri,j and fsi,j
denote the frame resolution and rate of i-th video stream

1We assume that the default frame rate and resolution of all video streams
are same

FIGURE 4. An illustration of the proposed video analytics system for a GPU-enabled edge server.
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for j-th segment. There are the sets of selectable values on
frame rate knob and resolution knob which the configura-
tion controller can choose. They are denoted as R and S,
respectively, and are sorted in a descending order (e.g. R =
{608, 416, 320}p and S = {30, 15, 10, 6, 5, 3, 2, 1}fps). For
simplicity, dfr and dfS are defined as the maximum value of
R and S, respectively. We use the divisors of dfs for S. The
input sizes of available object detection models in a GPU are
set as R, so the frame resolution knob is simply used to decide
the object detectionmodel of which input size ismatched to it.
The manipulated frames of j-th segment in each video stream
are transferred to our video analytics system via wireless link.

Our video analytics system consists of an analyzer, a pro-
filer and a configuration controller [10]. It is deployed on an
GPU-enabled edge server directly connected to a small cell
base station via a high speed link. We assume the edge server
has a single GPU, so the scheduling for multi-GPUs is out of
the scope of this paper. Let [n] = 1, . . . , n denote the set of
integer numbers which has a cardinality of n.
The manipulated frames of j-th segment in each video

stream are fed into the queue and processed for video ana-
lytics by the analyzer. The analyzer is a GPU loading all of
available object detection models, which provide different
accuracy and processing time with different input size and
network structure. We utilize the fact that only a few object
detection models are used in an edge based video analytics
system and are enough to be loaded to a single GPU. The
analyzer is shared bymultiple video streams in a unit of usage
time. In this paper, we do not consider the parallelism of
different object detectionmodels loaded in a GPU. Therefore,
it is entirely occupied by a video stream at a time, so is
sequentially used by video streams based on their allocated
usage time. Then, in each time slot, we allocate the usage time
of the analyzer as a resource to each video stream depending
on its configuration. In each time slot, the total usage time
of video streams have not to exceed a time slot, which acts
as a limited resource capacity, to guarantee the real-time
processing without accumulating lag.

The resolution of each frame waiting in the queue is
matched to the input size of one of the object detection
models and it is fed into its matched model. Lastly, the model
recognizes objects such as car or person and draws bounding
boxes around them in the frame. The frames can be processed
in a batch but we do not consider the batch processing in this
paper (i.e. batch size is 1).2 Thus, each manipulated frame is
processed as a task sequentially [25].

The configuration controller periodically decides the con-
figurations of video streams on each segment, based on the
configuration adaptation algorithm. The configuration of i-th
video stream for j-th segment is defined as ci,j = {fsi,j, fri,j}.
Let Cj = {c1,j, c2,j, . . . , cI ,j} denote the configurations of I
video streams for j-th segment, decided by the configuration

2In this paper, the goal is to deliver the analytics result of each frame as
soon as possible to guarantee real-time requirement. Batching leads to higher
processing latency in the inference phase [24]

controller. The profiler profiles the video analytics accuracy
and latency of configurations and provides them to the con-
figuration adaptation algorithm. Let ai,j(ci,j) and li,j(ci,j) are
the accuracy and latency model of i-th video stream for j-th
segment depending on ci,j.

B. ANALYTICS ACCURACY MODEL
For analytics accuracy model, we measure how frame res-
olution and rate affect the video analytics performance on
analytics accuracy. The points in a line represents the mea-
sured accuracy on a knob over its available values while
fixing the other knob to its most expensive value. For this
measurement, we use the experimental setting of section II-B.
We use average F1 score per frame as the metric of accu-
racy. F1 score is the harmonic mean of precision and recall.
We identify true positives for the F1 score by checking if
the bounding box has the same label and the spatial overlap
above ηo = 0.5 with ground truth boxes [10]. In order to
measure the average F1 score per frame, we measure the
average F1 score of each segment depending on a configura-
tion c = {fs, fr}, which is calculated as follows. To simplify
notations, we omit the mention of the video stream index i.
Let B′frj,q = {b

′1, b′2, . . . , b′h, . . .} denote the bounding boxes
of objects detected in the q-th frame of j-th segment which
is manipulated (i.e. sampled and resized) by frame rate fs and
frame resolution fr . b′h is the h-th object’s bounding box. The
bounding box b′h is composed of the 4-dim coordinates, left,
top, width and height, denoted as {x ′h, y

′
h,w
′
h, h
′
h}. Based on

the detection results ofmanipulated frames for j-th segment of
a video stream, the detection result of objects for all frames of
j-th segment including frames not sampled are predicted and
finalized. Let Bj,q denote the final bounding boxes of objects
on q-th frame of j-th segment in a video stream. To predict the
detection results of frames not sampled, we use the bounding
boxes of objects detected from the latest manipulated frame
as follows:

Bj,q = B′frj,(d−1)δ+1 ∀ (d − 1)δ < q ≤ dδ, ∀d ∈ [T ∗ fs],

where δ =
[
dfs
fs

]
. (1)

Here, δ is the interval between manipulated frames in j-th
segment and d is the index of the interval in j-th segment.

In addition, we use the detection results of the golden
configuration cmax = {dfs, dfr} (i.e. the most expensive
configuration) for j-th segment as ‘‘ground truth’’, following
prior works [10], [11].

Gj,q = B′dfrj,(d−1)δ+1 ∀ (d − 1)δ < q ≤ dδ, ∀d ∈ [T ∗ dfs],

where δ = 1. (2)

We calculate the average F1 score of j-th segment on c in
a video stream with Bj,q and Gj,q, defined as follows:

a†j (c) =
1
ls

ls∑
q=1

f 1(Bj,q,Gj,q). (3)
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FIGURE 5. Impact of configuration knobs on the video analytics accuracy and latency according to frame resolution and rate.

Finally, we calculate the average F1 score per frame on c
in a video stream, defined as follows:

a†(c) =
1
J

J∑
j=1

a†j (c) . (4)

Figure 5(a)-(b) shows the accuracy results on frame reso-
lution and rate over R and S for three video streams among
four video streams. In Figure 5(a), the points of a line rep-
resent a†(c),∀fr ∈ R, fs = dfs in a video stream. Fitting
the measured accuracy points of i-th video stream on frame
resolution, the function εi(fr) is empirically formulated as a
concave exponential function of three coefficients to repre-
sent the accuracy function with a continuous variable fr of
frame resolution for i-th video stream [22]. It reflects the
fact that a higher frame resolution produces a better analytics
accuracy and the analytics accuracy gain decreases at a high
frame resolution.

εi(fr) = αi,1 − αi,2 ∗ e−fr/αi,3 . (5)

Here, {αi,1, αi,2, αi,3} are known constant coefficients of i-th
video stream.

In Figure 5(b), the points of a line represent a†(c),
∀fs ∈ S, fr = dfr in a video stream. Fitting the measured
accuracy points of i-th video stream on frame rate, the func-
tion φi(fs) is also empirically formulated as a concave expo-
nential function of three coefficients to represent the accuracy
function with a continuous variable fs of frame rate for
i-th video stream [22]. It reflects the fact that a higher frame
rate provides a better analytics accuracy and the analytics
accuracy gain decreases at a high frame rate.

φi(fs) = βi,1 − βi,2 ∗ e−fs/βi,3 . (6)

Here, {βi,1, βi,2, βi,3} are known constant coefficients of
i-th video stream.

We obtain the constant coeffcients of four video streams in
the experimental setting with less than 0.03 root mean square
error (RMSE), as listed in Table 1.
Using εi(fr) and φi(fs), we derive the analytics accuracy

model of each video stream with the configuration c of
continuous variables on frame resolution fr and rate fs. As
experimentally observed in [10], [22], we confirm that frame

TABLE 1. Constant Coeffcients used in Equation 7.

resolution and rate independently impact accuracy. Based on
the observation, the analytics accuracy model of i-th video
stream can be defined as

ai(c) = εi(fr) · φi(fs). (7)

C. SERVICE LATENCY MODEL
The service latency consists of three parts: transmission
latency, computation latency and static latency. On each part
in the service latency, we use average latency per frame.

The transmission latency is the average latency per frame
to transfer the data generated and manipulated from a video
stream to the video analytics system. The transmission
latency of i-th video stream with the configuration c of con-
tinuous variables on frame resolution fr and rate fs is defined
as follows:

lTi (c) =
S(c)
bwi
=

σ

bwi
∗
fr2 ∗ fs
dfs

. (8)

Here, Si(c) is the average data size per frame generated
and manipulated from i-th video stream. bwi denotes the
bandwidth (Mbits/s) allocated to i-th video stream. σ is the
number of bits required to represent the information carried
by one pixel (Mb).

The computation latency is the average latency per frame
to process the video analytics on the data transferred from
a video stream in the analyzer. For the computation latency,
we measure how frame resolution affect the video analytics
performance on latency in the measurement of III-A. We use
GPU processing time per frame as the metric of latency.
A GPU tend to be stable and static for processing each
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operation of an object detection model and the number of
operations to be processed is fixedly determined with the
frame resolution and the object detection model. Figure 5(c)
shows the latency results on frame resolution over R for a
video stream (i.e. The latency results of four video streams are
same). In Figure 5(c), the points of a line represent the GPU
processing time over R and fs = dfs in a video stream. Fitting
the measured latency points of each video stream on frame
resolution, the function P(fr) is empirically formulated as a
convex polynomial function of three coefficients to represent
the latency function with a continuous variable fr of frame
resolution. It reflect the fact that the latency increases as the
video frame resolution becomes higher.

P(fr) = p1 ∗ fr2 + p2 ∗ fr + p3. (9)

Here, {p1, p2, p3} are known constant coefficients of a video
stream.

We obtain the constant coeffcients of a video streams
in Figure 5(c) with about 0 RMSE, as listed in Table 1.

Besides, the frame rate’s impact on latency can be easily
reflected by multiplying the frame rate and P(fr). The com-
putation latency of i-th video stream with the configuration c
of continuous variables on frame resolution fr and rate fs is
defined as follows:

lPi (c) =
fs ∗ P(fr)

dfs
. (10)

Here, dfs means the number of generated frames from i-
th video stream in a second and fs means the number of
manipulated frames among dfs.

The static latency lC is the static latency per frame to
process the communication link establishment, image prepro-
cessing in a video stream.

Finally, the service latency experienced by i-th video
stream with the configuration c of continuous variables on
frame resolution fr and rate fs is defined as follows:

li(c) = lTi (c)+ l
P
i (c)+ l

C . (11)

D. SYSTEM OBJECTIVES
In this subsection, we formulate the video analytics sys-
tem problem to minimize the total service latency and
maximize the total analytics accuracy for analyzing video
streams generated from cameras under limited resource
capacity of a GPU by controlling configurations over the
time horizon. We decouple the continuous-time problem to
the discrete-time problem with discrete time slots. For con-
venience, the one time slot length is defined as the segment
length T and the j-th time slot is defined as the time at which
the j-th segment, which has generated during (j − 1)-th time
slot, have to be processed. Then, in the j-th time slot, the prob-
lem is to process the j-th segments of video streams, denoted
as {Si,j|∀i ∈ [I ]}. The configuration decision vectors to be
decided for {Si,j|∀i ∈ [I ]} are defined as Cj = {ci,j|∀i ∈ [I ]}.
The configuration decision vector ci,j decides the frame rate
knob fsi,j to sample Si,j and the frame resolution knob fri,j to

resize the sampled frames of Si,j, denoted as ci,j = {fsi,j, fri,j}.
fri,j and fsi,j are determined among selectable discrete val-
ues of R and S. respectively, as mentioned in section III-A.
In addition, the set of configuration candidates for each video
stream, which is comprised of all possible combination of the
knob values in R and S, is defined as Cv = {(fr, fs)|∀fr ∈ R,
fs ∈ S}. We relax the discrete variables, ci,j = {fsi,j, fri,j}
and Cj, into the continuous variables, c̄i,j = {f̄si,j, f̄r i,j} and
C̄j, to efficiently solve the video analytics system problem.
f̄si,j is constrained by the minimum and maximum value of S,
denoted as [smin smax]. f̄r i,j is constrained by the minimum
and maximum value of R, denoted as [rmin rmax]. Based on
Equation 7, the analytics accuracy and of i-th video stream
with c̄i,j for Si,j is defined as ai,j(c̄i,j) = ai(c̄i,j), since the
accuracy of j-th segment is same with the average accuracy
per frame in i-th video stream. Based on Equation 11 and
Equation 10, the service latency of i-th video stream with c̄i,j
for Si,j is defined as li,j(c̄i,j) = li(c̄i,j) ∗ ls with bwi,j which is
the bandwidth allocated to i-th video stream for j-th segment.
The computation latency of i-th video stream with c̄i,j for Si,j
is the resource allocated to i-th video stream (i.e. the usage
time of the analyzer), defined as lPi,j(c̄i,j) = lPi (c̄i,j) ∗ ls.

In order to characterize the tradeoff between the service
latency and analytics accuracy, we define the utility of i-th
video stream on j-th segment with a positive weight param-
eter γ which reflects the preference between the latency and
the accuracy for analyzing j-th segment of i-th video stream.
It is denoted as fi,j(c̄i,j) = li,j(c̄i,j)− γ ai,j(c̄i,j). Then, the total
utility Fj is defined as Fj(C̄j) = 1

I

∑
i∈[I ] fi,j(c̄i.j). Our video

analytics system problem P0 aims to make an configuration
decision C̄j to optimize the utility Fj.

P0 : minimize
C̄j

Fj(C̄j) =
1
I

∑
i∈[I ]

fi,j(c̄i.j) (12)

=
1
I

(∑
i∈[I ]

li,j(c̄i,j)− γ
∑
i∈[I ]

ai,j(c̄i.j)
)

(13)

subject to C1 : li,j(c̄i,j) ≤ lmaxi , i ∈ I ; (14)

C2 :
∑
i∈[I ]

lPi,j(c̄i,j) ≤ T ; (15)

C3 : smin ≤ f̄si,j ≤ smax , i ∈ I ; (16)

C4 : rmin ≤ f̄r i,j ≤ rmax , i ∈ I ; (17)

where lmaxi is the maximum tolerable latency of the i-th video
stream, and T is the one time slot length, in which the total
processing time should be finished on the edge server. The
constraints C1 means that the service latency of users does
not exceed their maximum tolerable latency; the constraint
C2 means that the allocated computation resources, the usage
times of video streams on the analyzer, do not exceed the
total computation resource, a time slot, on the edge server,
as mentioned in section III-A. The constraints C3 and C4 are
the constraints of the frame rate and resolution.

We utilize the Lagrange duality method to solve the above
problem. We define the dual variables λ = {λi|∀i ∈ [I ]} and
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µ associated with the constraints in (14)–(15), respectively.
We also define the dual variables ζ = {ζi|∀i ∈ [I ]}, η =
{ηi|∀i ∈ [I ]}, n = {ni|∀i ∈ [I ]} and m = {mi|∀i ∈ [I ]}
associated with the constraints in (16)–(17), respectively. The
Lagrange function of P1 is follows:

P1 : minimize
C̄j

L(C̄j, λ, µ, ζ, η, n,m)

= Fj(C̄j)−
∑
i∈[I ]

λi ∗ (li,j(c̄i,j)− lmaxi )

−µ(
∑
i∈[I ]

lPi (c̄i,j)− T )

−

∑
i∈[I ]

ζi(smin − f̄si,j)−
∑
i∈[I ]

ηi(f̄si,j − smax)

−

∑
i∈[I ]

ni(rmin − f̄r i,j)−
∑
i∈[I ]

mi(f̄r i,j − rmax), (18)

where λi, ζi, ηi, ni,mi and µ are non-negative Lagrange mul-
tipliers. Through P2, the dual problem P3 is defined as
follows:

P2 : ψ(λ,µ, ζ, η, n,m)

= minimize
C̄j

L(C̄j, λ, µ, ζ, η, n,m)

P3 : maximize
λ,µ,ζ,η,n,m

ψ(λ,µ, ζ, η, n,m) (19)

It can be readily proved thatP0 is convex and satisfies Slater’s
condition. Thus, strong duality holds between the primal
and dual problems, which means solving P0 is equivalent to
solving the dual problem P3.

ψ(λ∗, µ∗, ζ ∗, η∗, n∗,m∗)

= L(C̄∗j , λ
∗, µ∗, ζ ∗, η∗, n∗,m∗)

= F(C̄∗j ) (20)

Here, C̄∗j and λ∗, µ∗, ζ ∗, η∗, n∗,m∗ are the primal optimal
solution of P0 and the dual optimal solution of P3, which
satisfy the Karush-Kuhn-Tucker(KKT) condition. To obtain
C̄∗j and λ

∗, µ∗, ζ ∗, η∗, n∗,m∗, we resolveP2 andP3 based on
the inexact block coordinate descent (BCD)method (a variant
of BCD method), described in section IV-A in detail. Finally,
the solution of Cj is decided to the configuration candidate
close to C̄∗j among Cv.

E. LIGHTWEIGHT ONLINE PROFILING BASED
CONFIGURATION ADAPTATION ALGORITHM IN A
GPU-ENABLED EDGE SERVER
In practice, the configuration’s impact on accuracy is sig-
nificantly dynamic, as mentioned in II-B. To find the best
configuration which varies over time, the accuracy model
on configurations have to be profiled periodically in online.
The online profiling, which profiles possible configurations
periodically by the direct measurement, requires a high profil-
ing cost. Furthermore, practically, the accuracy model cannot
be expressed completely in analytic form like Equation 7
in III-B, with the lack of analytic understanding on theoret-
ical properties of the object detection models. The accuracy

model defined in III-B is not applicable in some cases which
violate a concave function and causes a significant error.
In the extension of the experiment in II-B, we measure the
accuracies on the different values of each knob over the whole
duration of a video stream as shown in Figure 6. We use the
frame resolution of 320p and 608p and the frame rate of 1fps,
30fps, respectively. The results show that the accuracy on
each value is so fluctuated, as expected. Especially, the best
configuration is not consistent. For example, in Figure 6(a),
in the early part of a video stream, 608p is the best config-
uration to guarantee a desired accuracy threshold, but in the
latter part of a video stream, the best configuration is changed
to 320p. In Figure 6(b), in the early part of a video stream,
the best configuration is 1fps enough to guarantee a desired
accuracy threshold, but in the latter part of a video stream,
the best configuration is changed to 30fps.

Since the accuracy model ai,j(c) only can be formulated
as a discrete function with a configuration c of Cv in this
case, we reformulate the video analytics system problem to
find the configuration decision vector Cj = {c1,j, c2,j, . . . ,
ci,j, . . . cI ,j} optimizing the utility Fj for j-th segment,
as follows:

P4 : minimize
Cj

Fj(Cj) =
1
I

∑
i∈[I ]

fi,j(ci,j) (21)

=
1
I

(∑
i∈[I ]

li,j(ci,j)− γ
∑
i∈[I ]

ai,j(ci.j)
)

(22)

subject to C1, C2, (23)

C3 : ci,j ∈ Cv,∀i ∈ [I ]; (24)

where Cv = {fr, fs|∀fr ∈ R, fs ∈ S}; (25)

Here, Cv is the set of configuration candidates for each
video stream which is comprised of all possible combination
of the knob values in R and S. The constraints C3 mean that
each configuration is determined among the items of Cv.

The video analytics system problem is a multiple-choice
knapsack problem (MCKP), where the items of each class
are the configuration candidates of each video stream. The
item’s profit and weight in each class are the utility and
processing time of its configuration in each video stream.
In a form of MCKP, the problem is to decide exactly one
configuration (item) of each video stream (class) in order
to maximize the utility sum (profit sum) without exceeding
the processing capability (capacity) in the processing time
sum (weight sum). However the problem is proven to be
NP-complete, so no polynomial time algorithm exists for it.
A brute-force solution to the video analytics system problem
would take a running time of O

(
I · |S| · |R|

)
. Obviously,

it is impractical to search an optimal configuration decision
in fine granularity for j-th segment and proceed the new
decisions periodically over the subsequent segments.

In order to resolve these problems, we propose the
lightweight online profiling method to obtain the accuracy
model ai,j for P4. The proposed method overcomes the high
profiling cost problem of the existing online profiling systems
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FIGURE 6. Dynamics of video analytics accuracy in a video according to frame resolution and rate.

such as Chameleon [10] and AWStream [13], as mentioned
in II-B. Finally, we propose the new configuration adaptation
algorithm based on the lightweight online profiling method
to find the best configuration of each video stream and
minimize accuracy degradation of each video stream in the
constrained computing capacity of a GPU-enabled edge com-
puting. Figure 7 shows the entire structure and procedure of
our video analytics system with the components based on the
proposed methods, described in subsection III-E1 and III-E2:
Lightweight Online Profiler and Lightweight Online Profil-
ing based Configuration Controller.

1) LIGHTWEIGHT ONLINE PROFILING METHOD
The existing video analytics systems based on online profil-
ing, such as Chameleon [10] and AWStream [13], execute a
profiling process and an analyzing process in parallel sepa-
rately with additional computing resources, which cause high
profiling cost. Avoiding this high profiling cost, we allocate
the short-term profiling process to be executed concurrently
in the analyzing process. Since the short-term profiling
process is not enough to measure the accuracy model on
configurations like previous works, we try to estimate it with
some error. Before starting to analyze j-th segment, we profile
the accuracy model on configurations, ai,j(c),∀c ∈ Cv,
to determine a configuration ci,j for j-th segment in i-th video
stream. In this procedure, we consider (lp + 1) frames as a
short-term profiling period consisting of the last lp frames
of j − 1-th segment and the first frame of j-th segment,
denoted as {f

(ls−lp+1)
i,j−1 , . . . , f (ls−1)i,j−1 , f

ls
i,j−1, f

1
i,j}. To simplify the

notations, hereinafter we will omit the mention of the index
i, j, as pf = {f(ls−lp+1), . . . , f(ls−1), fls , f1}. We profile the
short-term profiling period in the most expensive configu-
ration, called golden configuration and utilize its results to
estimate the accuracy model for j-th segment.

The first step is to find all of objects that are expected
to exist in j-th segment and extract the velocity and size
characteristics of them in the short-term profiling period.
We assume that the objects and their characteristics are
maintained over j-th segment, based on the temporal cor-
relations [10]. Firstly, we profile the profiling period in
the golden configuration. As a result, all frames in the
short-term profiling period are sampled and the bound-
ing boxes of objects are detected in each frame of pf =
{f(ls−lp+1), . . . , f(ls−1), fls , f1} with the highest resolution. Let
{B′dfr(−lp+1)

, . . . ,B′dfr
−1 ,B

′dfr
0 ,B′dfr1 } denote the bounding boxes

of objects detected in pf , respectively. They are finalized
as the detection result {B(−lp+1), . . . ,B−1,B0,B1}, without
the additional manipulation, Bq = B′dfrq , q = (−lp +
1), . . . ,−1, 0, 1. Secondly, we extract K tracks of objects
on f1 over the short-term profiling period, denoted as
{trk |∀k ∈ [K ]}, using a simple online and real-time tracking
method on {B(−lp+1), . . . ,B−1,B0,B1} [19]. Each track rep-
resents the linear velocity model (i.e. the representation and
motion model used to propagate a target’s identity into the
next frame), solved optimally via a Kalman filter framework
[9], [19]. The state of object k is modelled as:

trk = [xk , yk , lk , hk , vxk , vyk , vlk , vhk ], (26)
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FIGURE 7. The proposed video analytics system with lightweight online profiling-based configuration adaptation algorithm in a GPU-enabled edge server.

where position, size, and velocity are represented by (x, y),
(l, h) and (vx , vy, vl, vh).

The second step is to estimate the ground truth boxes
of frames on the first sub-segment, {f1, f2, . . . , fq, . . . , fdfs},
in j-th segment, denoted as {Ĝ1, Ĝ2, . . . , Ĝq, . . . , Ĝdfs},
leveraging the tracks {tr1, tr2, . . . , trK } extracted in the first
step. Firstly, we extract the bounding boxes and veloci-
ties of objects in f1 from {tr1, tr2, . . . , trK }. Let TB1 =
{tb11, tb

2
1, . . . , tb

K
1 } and V1 = (v11, v

2
1, . . . , v

K
1 ) denote the

bounding boxes and velocities of objects in f1. Let tbk1 and v
k
1

denote the bounding box and velocity of k-th track in f1. Since
derived from the detection results of the golden configuration
on the short-term profiling period, the tracks can provide the
approximated ground truth boxes and velocities for the first
frame f1 of j-th segment.

TB1 = (tb11, tb
2
1, . . . , tb

K
1 )

= ({x1, y1, l1, h1}, {x2, y2, l2, h2}, . . . , {xK , yK , lK , hK })

= Ĝ1 ≈ G1

V1 = (v11, v
2
1, . . . , v

K
1 )

= ({vx1 , vy1 , vl1 , vh1}, {vx2 , vy2 , vl2 , vh2},

. . . , {vxK , vyK , vlK , vhK }) (27)

Here, Ĝ1 denote the predicted ground truth boxes of f1.
The bounding boxes TB1 can approximate the ground truth
boxes G1 so that TB1 = Ĝ1. Secondly, we predict the ground
truth boxes of the remained frames {f2, . . . , fq, . . . , fdfs} by
shifting TB1 based on their velocity of V1. The tracks can be
also utilized to estimate how the approximated ground truth
boxes of objects in f1 change with respect to location and size
over j-th segment, leveraging V1. In such a short-term time
period like a segment, the simple linear velocity models of the
tracks can be effectively used with a reasonable error, based
on temporal correlation. Let TB1→q denote the shifted boxes
of TB1 to fq. Let tbk1→q denote the shifted bounding box of
tbk1 to fq.

TB1→q = (tb11→q, tb
2
1→q, . . . , tb

K
1→q)

= Ĝq = (ĝ1q, ĝ
2
q, . . . , ĝ

K
q )

≈ Gq (28)

Here, Ĝq denote the predicted ground truth boxes of
fq and ĝkq denote the predicted ground truth box of k-th track
for fq. In the same way with (27), the bounding boxes TBq can
approximate the ground truth boxesGq so that TBq = Ĝq. It is
performed by shifting the coordinates of tbk1 based on v

k
q and

VOLUME 8, 2020 116891



W.-J. Kim, C.-H. Youn: Lightweight Online Profiling-Based Configuration Adaptation

FIGURE 8. Procedure of the proposed lightweight online profiling method.

predicting those of ĝkq, as defined as follows:

ĝkq = tbk1→q =
(
xk + (q− 1) ∗ vxk , yk + (q− 1) ∗ vyk ,

lk + (q− 1) ∗ vlk , hk + (q− 1) ∗ vhk
)
,

∀k ∈ [K ]. (29)

The third step is to estimate the accuracy model on con-
figurations, ai,j(c),∀c ∈ Cv, for j-th segment. Using
the predicted ground truth boxes of the first sub-segment,
{Ĝ1, . . . , Ĝq, . . . , Ĝdfs}, and the detected bounding boxes
of the first frame for all available frame resolutions,
{B
′fr
j,1|fr ∈ R}, we can measure the accuracy on a configu-

ration c of Cv for the small part of j-th segment based on
Equation (30). The small part of j-th segment is defined as
the 1-th interval of j-th segment and its finalized bounding
boxes are defined based on Equation 1, as follows:

Bj,q = B′frj,1, ∀ 0 < q ≤ δ,where δ =
[
dfs
fs

]
, {fr, fs} ∈ Cv.

(30)

The measured accuracies are used to estimate the accuracy
model ai,j, denoted as follows:

âi,j(c) =
1
δ
∗

δ∑
q=1

f 1(Bj,q, Ĝq), ∀c ∈ Cv (31)

We assume that âi,j can approximate the accuracy model ai,j
based on temporal correlation. Accuracy characteristics tend
to be relatively stable over time in short-term time period like

a segment.

âi,j(c) ≈ ai,j(c) =
1
ls
∗

ls∑
q=1

f 1(Bj,q,Gj,q), ∀ c ∈ Cv. (32)

Avoiding that the short-term profiling period fails to reflect
the whole context of a segment fully and cause some error,
the weighted moving average method is applied to the esti-
mated accuracy models of several consecutive segments. The
estimated accuracy of j-th segment is finalized as follows:

â∗i,j(c) = wj ∗ âi,j(c)+ wj−1 ∗ âi,j−1(c)

+ . . .+ wj−lm ∗ âi,j−lm (c),∀ c ∈ Cv. (33)

Here, lm is the weighted moving average length and wx is
the weight of âi,x . Finally, we can determine the best config-
uration c∗i,j of j-th segment for i-th video stream, defined as
follows:
Definition 1 (Best Configuration): the one with the lowest

latency of which accuracy is over a desired threshold ηa.

c∗i,j = argmin(lPi,j(ci,j)|â
∗
i.j(ci,j) > ηa), ci,j ∈ Cv (34)

Figure 8 shows the entire procedure of the proposed ligh-
weight online profiling method.

2) LIGHTWEIGHT ONLINE PROFILING BASED
CONFIGURATION ADAPTATION ALGORITHM
Based on the estimated accuracy model â∗i,j(ci,j), we pro-
pose an algorithm to resolve the problem P4. It deter-
mines the configurations of video streams for j-th segment,
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Cj = {c1,j, c2,j, . . . , ci,j, . . . cI ,j}, in order to maximize the
utility for analyzing the j-th segments of video streams under
limited resource capacity. Cj is adapted by reducing the total
latency in a greedy way while minimizing the total utility
degradation.

Each video stream has a set of configuration candidates
which can be chosen, Cv. The configuration candidates Cv
of i-th video stream is filtered based on Definition 2 and the
constraint C1 of (23) with the given bwi,j.
Definition 2: If two configurations j and k for i-th video

stream satisfy

lPi,j(j) ≤ l
P
i,j(k) and fi,j(j) ≤ fi,j(k), j, k ∈ Cv, (35)

then we say that configuration j is dominated by
configuration k .

The set of the filtered configuration candidates for i-th
video stream is sorted in decreasing order on the estimated
accuracy of each item and is denoted as Ni.

For ∀i, ci,j is initially set with the first item of Ni
(i.e. a configuration for the highest accuracy). The initial
configurations of video streams are denoted as C0

j = {c
0
1,j,

c02,j, . . . , c
0
i,j, . . . , c

0
I ,j}. However, if

∑
i∈[I ] l

P
i (c

0
i,j) exceeds T ,

we have to additionally adapt and decide the new configu-
ration for video streams among {N1,N2, . . . ,Ni, . . . ,NI } to
finish the total latency ofCj within T and keep the input queue
stable. That is, in order to remove the total exceeded time
ET =

∑
i∈[I ] l

P
i (c

0
i,j) − T , the configuration C0

j is adapted
to be cheaper.

The adaptation is conducted for C0
j iteratively in a greedy

way in order to maximize the total latency reduction while
minimizing the total utility degradation until ET ≤ 0. In each
iteration, one of configurations is adapted to be cheaper. If an
item of Ni is chosen for adapting ci,j in an iteration, the item
is removed from Ni. Let cdi,j denote the configuration for j-th
segment of i-th video stream, updated via d iterations. Each
adaptation derives the total latency reduction from reducing
the data size to be processed, although causing the accuracy
degradation. Then, in (d − 1)-iteration for i-th video stream,
the efficiency of the next adaptation candidate ĉdi,j to realize
the latency reduction and minimize the utility degradation
is measured with the estimated latency lPi,j(ĉ

d
i,j) and accuracy

â∗i,j(ĉ
d
i,j), defined as follows:

edi,j =
lPi,j(c

d−1
i,j )− lPi,j(ĉ

d
i,j)

fi,j(c
d−1
i,j )− fi,j(ĉdi,j)

, (36)

where

ĉdi,j = argmax(â∗i,j(x)),∀x ∈ Ni (37)

Here, in (d − 1)-th iteration, the available adaptation can-
didates and their efficiencies are denoted as ĉdi,j, ∀i and e

d
i,j, ∀i

for d-th iteration.
The highest efficiency adaptation candidate is determined

among edi,j,∀i for updating c
d
i,j.

cdi,j = ĉdi,j (38)

where

i = argmax(edx,j), ∀x ∈ [I ] (39)

In the same way, updating the configurations are proceeded
until d∗-th iteration satisfying

∑
i∈[I ] l

P
i (c

d∗
i,j ) ≤ T . As a

result, for ∀i, cd
∗

i,j is decided as the best configuration of i-th
video stream for j-th segment, ci,j = cd

∗

i,j .

Algorithm 1: Lightweight Online Profiling based Con-
figuration Adaptation Algorithm in a GPU-enabled Edge
Computing
Input: For ∀i, bandwidth bwi,j, estimated accuracy

model â∗i,j.
Result: Decided configurations Cj = {ci,j|i ∈ [I ]}.
For ∀i, find Ni by filtering Cv based on Definition 2 and
the constraint C1 of (23) with the given bwi,j;
For ∀i, sort Ni in decreasing order on accuracy;
For ∀i, pull the first item of Ni and set c0i,j with it;
Calculate the total exceeded time
ET ⇐

∑
i∈[I ] l

P
i (c

0
i,j)− T ;

while ET > 0 do
For ∀i, extract the configuration candidate of d-th
iteration from Ni, ĉdi,j;
ĉdi,j = argmax(ai,j(x)),∀x ∈ Ni

For ∀i, calculate the efficiency of the configuration
candidate, edi,j;
The highest efficiency adaptation candidate is
determined and updated as follows: cdi,j ⇐ ĉdim,j,
where im = argmax(edx,j),∀x ∈ [I ];
Pull the decided item of Nim ;
ET ⇐

∑
i∈[I ] l

P
i (c

d
i,j)− T ;

d∗ ⇐ d ;
end
For ∀i, ci,j ⇐ cd

∗

i,j ;

IV. EVALUATION
In our experiment, we deployed the video analytics system on
the physical machine equipped with CPU, Intel(R) Core(TM)
i7-6700 CPU @ 3.40GHz, GPU, GeForce GTX 1080(8GB),
memory 16GB in order to process all analysis tasks on video
streams. The analysis task is an DNN based object detection.
We use CUDA 9.0 and cuDNN 7.0 [26] to accelerate the
DNN inference speed based on GPU.We use Keras 2.2.4 [27]
APIs with Tensorflow framework 1.12 [28] to execute an
DNN model for object detection. We use a pre-trained
object-detection model, Yolo [5],3 and use three types
of Yolo, Yolov3-320, 416, 608, of which input size are
320 × 320, 416 × 416 and 608 × 608 respectively. Its non
maximum suppression IoU and score threshold are 0.45 and
0.3. All models are pre-trained on a COCO image dataset and
can detect 80 object classes [30].

3Our algorithm can also be adapted to other popular DNN models such as
faster R-CNN
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To evaluate the performance of the proposed algorithms in
our video analytics system, we use a subset of surveillance
videos and annotations from VIRAT 2.0 Ground dataset [29],
captured by real-world static cameras from various scenes
of roads and parking lots. Its objects are small compared
to frame size, tightly packed together with occlusions and
viewed from a distance. We construct four video streams
for our experiments using the fully-annotated 20 videos of
VIRAT 2.0 Ground dataset, captured by four video cameras
deployed in different area, of which frame resolution and
rate are 30 fps and 1920 × 1080p (for 3 video streams) or
1280 × 720p (for 1 video stream). Each video stream is
composed of 10800 frames and its objects mainly consist of
car and person.

With this experimental environment, the default frame
rate and resolution of the video streams, dfr and dfs, are
set as 30 and 608 which are the original frame rate of
VIRAT 2.0 Ground dataset and the highest input size of
available object-detection models, respectively. Then, the set
of selectable values on frame rate knob and resolution
knob, R and S, are set as {608, 416, 320}p and {30, 15, 10,
6, 5, 3, 2, 1}fps. Table 2 presents the associated parameters of
these experiments.

TABLE 2. Experiment Setting of Our Video Analytics System.

A. EXPERIMENTAL RESULTS AND ANALYSIS OF VIDEO
ANALYTICS OPTIMIZATION ALGORITHM IN A
GPU-ENABLED EDGE COMPUTING
In this experiment, we evaluated the performance of the
proposed video analytics optimization algorithm to resolve
the problemP0. We assume that bwi,j is known by prediction.
For convenience, T is set to 1, but it can be longer as long as
bandwidth is predictable in each time slot. Since a segment
of each video stream is basically given a time slot, which is
the time until the next segment is created, lmaxi is also set to 1.
lC is set to 0.04.

We compared the performance of the proposed algorithm
with two baseline policies:Max Accuracy policy, which uses
the most expensive configuration to maximize the video ana-
lytics accuracy of video streams, and Min Latency policy,
which uses the most cheap configuration to minimize the
service latency experienced by video streams.

Figure 9 shows the results of video analytics performance
for Max Accuracy, Min Latency and the proposed algorithm.

Figure 9(a)-(c) shows the analytics accuracy, service latency
and total GPU processing time of the proposed algorithm
under different weight γ . The values of γ are set as [0, 1,
2, 3, 4, 5, 6]. In this experiment, the bandwidth bwi,j and
the number of video streams I are set to 25(Mbits/s) and 4,
respectively. As γ increases, the proposed algorithm prefers
the accuracy performancemore than the latency performance.
In other words, γ trades the latency for the accuracy. As a
result, as shown in Figure 9(a)-(b), the accuracy of the
proposed algorithm increases over γ = 0, 1, 2, 3 while
increasing the latency. The proposed algorithm optimizes the
configurations and provides the optimized resource-accuracy
tradeoffs over the values of γ . On the other hand, the accuracy
of the proposed algorithm does not increase anymore over
γ = 4, 5, 6. The reason is that the total GPU processing
time of video streams is limited by T = 1, as shown in
Figure 9(c). Obviously,Max Accuracy andMin Latency can-
not optimize the resource-accuracy tradeoffs, regardless of β.
Especially, Min Latency violates a certain desired accuracy
and Max Accuracy violates the maximum tolerable latency
lmaxi = 1 and the one time slot length T = 1, as shown
in Figure 9(a)-(c). These results also show that the proposed
algorithm reduce the service latency about 2.359s compared
to Max Accuracy at γ = 3 while the accuracy only drops
about 7% and enhance the accuracy about 30% compared to
Min Latency at γ = 1while the service latency only increases
about 0.0947s.

Figure 9(d)-(f) shows the analytics accuracy, service
latency and total GPU processing time of the proposed
algorithm under different bandwidth bwi,j. The values of
bandwidth bwi,j are set as [0.5, 1, 5, 10, 15, 20, 25] (Mbits/s),
according to the experimental measurements in [21]. In this
experiment, the weight γ and the number of video streams are
set to 4 and 4, respectively. As bwi,j decreases, the proposed
algorithm adapts the configuration cheaper and trades the
accuracy for the service latency in order to maintain the ser-
vice latency less than lmaxi = 1. As shown in Figure 9(d)-(f),
over bwi,j = 5, 1, 0.5, the proposed algorithm decreases
the accuracy and the service latency and the total GPU pro-
cessing time is not fully utilized. Since a higher bandwidth,
bwi,j = 10, 15, 20, 25, can support the more expensive
configuration, the total GPU processing time is fully utilized
to enhance the accuracy. In this case, Max Accuracy and
Min Latency are sensitively affected by insufficient band-
width and increase the service latency while the proposed
algorithm try to relax it.

Figure 9(g)-(i) shows the analytics accuracy, service
latency and total GPU processing time of the proposed algo-
rithm under different number of video streams I . The values
of I are set as [4, 8, 12, 16, 20, 24]. We duplicate the
four video streams to realize I = 8, 12, 16, 20, 24. In this
experiment, the weight γ and the bandwidth bwi,j are set to
4 and 25 (Mbits/s), respectively. As I increases, the allocated
usage time of GPU is insufficient to each video stream so,
the proposed algorithm adapts the configuration cheaper to
reduce the processing latency. As shown in Figure 9(g)-(i),
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FIGURE 9. Comparision results of the proposed video analytics system in terms of accuracy (%), service latency (sec) and total GPU processing
time (sec) with weight γ , bandwidth bwi,j and number of users I .

the proposed algorithm decreases the accuracy and the service
latency continuously and the total GPU processing time is
fully utilized over I = 4, 8, 12, 16, 20, 24. In this case,
Max Accuracy and Min Latency are sensitively affected by
many video streams with high workload and increase the total
GPU processing time while the proposed algorithm keep it
within the one time-slot length T .

B. EXPERIMENTAL RESULTS AND ANALYSIS OF
LIGHTWEIGHT ONLINE PROFILING BASED
CONFIGURATION ADAPTATION ALGORITHM IN A
GPU-ENABLED EDGE COMPUTING
In this experiment, we evaluated the performance of the
lightweight online profiling based configuration adaptation

algorithm to resolve the problemP9. The proposed algorithm
is compared with the aforementioned existing well-known
algorithms of Chameleon and VideoStorm, which are based
on on-line profiling and off-line profiling respectively. For
these existing algorithms, we use the original parameters
and configurations described in their paper. For the proposed
algorithm, its segment interval T , the number of frames in
its profiling period, lp + 1, and its weighted moving average
length lm are set as 4(sec), 5(#) and 4. For Chameleon, its
segment interval T , the number of segments in its profiling
window, w,and its profiling interval t are 4(sec), 4(#) and
1(sec). For VideoStorm, its profiling interval x is 10.

Before doing this, we evaluated the prediction performance
of lightweight online profiling based accuracy model first.
In this experiment, the lightweight online profiling based
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accuracy model predicts the accuracy of possible configura-
tions on each segment and filters the configurations expected
to be above a desired threshold ηa. Then, we check whether
the real accuracy of each filtered configuration is more
than a desired threshold or not and calculate its F1 score.
In this way, we measure how accurately the model predicts.
Actually, rather than predicting the exact value of accuracy on
a configuration, it predicts the approximate value enough to
distinguish the relative accuracy difference between configu-
rations. We conduct the experiment based on the four video
streams from VIRAT Dataset 2.0. Figure 10 shows the results
of lightweight online profiling based accuracy model on
prediction performance for three different desired accuracy
threshold (i.e. 0.7, 0.8, 0.9) under the four video streams.
It achieves more than about 0.8 on F1 score entirely. Then,
the model is applicable to predict the accuracy of possible
configurations in on-line.

FIGURE 10. Prediction accuracy of the proposed lightweight online
profiling method with desired threshold ηa = 0.7,0.8,0.9.

With these results, we evaluated the video analytics perfor-
mance of the lightweight online profiling based configuration
adaptation algorithm on a single video stream in terms of
accuracy, total GPU processing time (for inference and pro-
filing) compared to VideoStorm and Chameleon. Figure 11
shows the results of video analytics performance on a single
video stream for VideoStorm, Chameleon and the proposed
algorithm. We use each of the four video streams as a sin-
gle video stream. The desired accuracy threshold ηa is set
to 0.8. The proposed algorithm runs based on Definition 1
with the lightweight online profiling based accuracy model.
In this experiment, without considering an edge based video
analytics system, we measure how long it takes to process a
single video stream for inference and profiling to ensure the
desired accuracy based on each algorithm.

In Figure 11(a), the proposed algorithm guarantees the
desired accuracy threshold and achieves almost similar or
slightly lower performance on accuracy entirely in compar-
ison of Chameleon, as follows: {−0.0078, −0.027, −0.014,
−0.039}. It means that the prediction of the proposed accu-
racy model is comparable with the direct measurement of
Chameleon. On the other hand, VideoStorm cannot achieve
even the desired accuracy threshold performance due to
the dynamics of video analytics accuracy which makes its
one-time offline profiles invalid. In Figure 11(b), the pro-

FIGURE 11. Comparision results of the proposed lightweight online
profiling based configuraiton adaptation algorithm on single video
stream in terms of accuracy (%), total GPU processing time for inference
and profiling (sec) with several scenes from VIRAT Dataset 2.0.

posed algorithm achieve better performance on total GPU
processing time for inference entirely in comparison of
Chameleon, as follows: {−0.657457352, −3.233877659,
−1.281781197, −13.2078526}. As the accuracy of the pro-
posed algorithm is slightly lower than those of Chameleon,
its total GPU processing time for inference is lower than
Chameleon’s. On the other hand, VideoStorm does not use
the sufficient GPU processing time for inference to ensure
the desired accuracy threshold. In Figure 11(c), the proposed
algorithm reduces the total GPU processing time for profiling
more than seven times entirely in comparison of Chameleon.
The total GPU processing time of the proposed algorithm
for profiling is three times smaller than even those of
VideoStorm. As a result, the proposed algorithm outperforms
Chameleon and VideoStorm on the total GPU processing
time (i.e. Inference + Profiling) while ensuring the accuracy
similar to Chameleon. Furthermore, the performance of the
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proposed algorithm can achieve real-time processing in video
analytics, since a profiling process is executed concurrently
in an inferencing process, as mentioned in III-E.

Figure 12 shows the results of video analytics performance
on multiple video streams for VideoStorm, Chameleon and
the proposed algorithm. The values of I are set as [3, 5, 7].
We pick and duplicate several video streams among the
four video streams to realize I = 3, 5, 7. The desired
accuracy threshold ηa is set to 0.8. The proposed algorithm
runs based on the lightweight online profiling based con-
figuration adaptation algorithm, described in Algorithm 1.
In this experiment, we consider an edge based video analytics
system. Especially, we focus on its limited resource capacity

FIGURE 12. Comparision results of the proposed lightweight online
profiling based configuraiton adaptation algorithm on multiple video
streams in terms of accuracy (%), total GPU processing time for inference
and profiling (sec) with several scenes from VIRAT Dataset 2.0.

of GPU. The variation of bandwidth bwi,j is not considered.
We assume that the radio access capacity are sufficient to
handle all video streams with high bandwidth. Since a time
slot, which is the time until the next segment is created,
is given to process the current segment in each video stream,
the maximum tolerable latency of each video stream lmaxi
is basically set to the one time-slot length T . In addition,
the variation of weight γ is not considered. The weight γ is
set to a sufficiently large value in order to simplify the objec-
tive ofP9 to maximize the average accuracy of video streams.
With these setup, we measure how much accuracy degrada-
tion can be minimized under the limited resource capacity of
GPU, based on each algorithm. Since Chameleon only con-
sider a single video stream without considering the limited
resource capacity, we simplify Chameleon to PeriodicUpdate
for comparison, which profiles all possible configurations
periodically by the direct measurement. The configuration
decision of PeriodicUpdate is made based on Algorithm 1.
PeriodicUpdate(4 Seg) and PeriodicUpdate(1 Seg) mean that
the profiles are updated every 4 segments and 1 segment,
respectively. Note that PeriodicUpdate(4 Seg) is the version
without the top-k operation in the chameleon. For the config-
uration decision of VideoStorm, its scheduling heuristics to
maximize sum of utilities is used.

In Figure 12(a)-(b), the proposed algorithm achieves
almost similar performance on accuracy and total GPU pro-
cessing time for inference entirely in comparison of Period-
icUpdate (1 Seg) and PeriodicUpdate (4 Seg). The results
show that the prediction approach of the proposed accuracy
model is comparable with the direct measurement approach
even for multiple video streams under the limited resource
capacity. On the other hand, VideoStorm shows considerable
accuracy degradation relatively, but it consumes the GPU
processing time similar to Chameleon for inference. That is,
its GPU processing time is wasted and is not contributed to
enhance the accuracy enough. In Figure 12(c), the proposed
algorithm reduces considerable GPU processing time for pro-
filing entirely in comparison of PeriodicUpdate (1 Seg) and
PeriodicUpdate (4 Seg). Obviously, PeriodicUpdate (1 Seg),
which update the profiles on every segment, consume the
highest profiling cost and PeriodicUpdate (4 Seg) consume
the quarter of PeriodicUpdate (1 Seg)’s profiling cost due to
the high profiling cost problem of the direct measurement.
The proposed algorithm reduces PeriodicUpdate (4 Seg)’s
profiling cost more than about five times. The profiling cost
of the proposed algorithm is about three times better than
even those of VideoStorm which updates the profiles in
one-time offline. As a result, the proposed method shows
the low profiling cost enough to realize real-time processing
while achieving the performance comparable to Chameleon
for minimizing the accuracy degradation in multiple video
streams scenario.

V. CONCLUSION
In this paper, we address the limitation of existing video
analytics systems which are inefficient or limited to process
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the video analytics of multiple video streams in a
GPU-enabled edge server. In addition, their online profiling
methods require a high profiling cost. In order to resolve
these problems, we design a video analytics system to
adapt configurations for optimizing the resource-accuracy
tradeoffs of multiple video streams with respect to frame
rate and resolution fully under limited resource capacity of
a GPU-enable edge server. Utilizing the underlying char-
acteristics of the video objects (i.e. the velocity on loca-
tion and size), we propose a lightweight online profiling
based configuration adaptation algorithm to find the best
configuration of each video stream and minimize accuracy
degradation of multiple video streams under limited resource
capacity of a GPU-enable edge server. We implemented
our video analytics system and lightweight online profiling
based configuration adaptation algorithm and conducted real
video analytics experiments with a subset of surveillance
videos and annotations from VIRAT 2.0 Ground dataset.
In these experiments, the results showed that our proposed
system optimizes configurations and provides the optimized
resource-accuracy tradeoffs with respect to frame resolu-
tion and rate over the values of weight γ , bandwidth bwi,j
and number of users I . Our proposed algorithm reduces
the profiling cost of existing video analytics systems more
than 3∼7 times while achieving the video analytics perfor-
mance comparable to them in a single video stream scenario.
It also reduces the profiling cost of existing video analytics
systems more than 3∼5 times while achieving the video
analytics performance comparable to them for minimizing
the accuracy degradation in multiple video streams sce-
nario. Our video analtycis system shows several directions
for future works. First, the spatio-temporal GPU resource
management can be considered to maximize the throughput
of real-time DNN tasks, regarding system-level optimiza-
tions. Second, other types of hardware accelerators, such as
FPGAs, can be applicable to CPUs andGPUs for accelerating
DNN tasks.
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