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Abstract. Machine vision applications at the IoT Edge have bandwdith
and latency constraints due to large sizes of video data. In this paper we
propose approximate computing, that trades off inference accuracy with
video frame size, as a potential solution. We present a number of low
compute overhead video frame modifications that can reduce the video
frame size, while achieving acceptable levels of inference accuracy. We
present, a heuristic based design space pruning, and a Categorical boost
based machine learning model as two approaches to achieve scalable per-
formance in determining the appropriate video frame modifications that
satisfy design constraints. Experimental results on an object detection
application on the Microsoft COCO 2017 data set, indicates that pro-
posed methods were able to reduce the video frame size by upto 71.3%
while achieving an inference accuracy of 80.9% of that of the unmodified
video frames. The machine learning model has a high training cost, but
has a lower inference time, and is scalable and flexible compared to the
heuristic design space pruning algorithm.

Keywords: Edge computing · IoT · Approximate computing ·
Machine learning · Machine vision

1 Introduction

Internet-of-Things (IoT) applications increasingly utilize machine vision for a
variety of challenging tasks including autonomous driving, pedestrian safety,
public security, and occupational health and safety. Such machine vision appli-
cations require continuous stream of video data generated by multiple cameras
deployed in the field of operation. Due to latency and bandwidth constraints, the
machine vision applications that process these video frames operate at the Edge
of the network (Edge computing [3,4,19,28,29]). Transferring large amount of
data generated by the cameras at the Edge in real-time results in high demand
on the network bandwidth. Additionally many of these vision applications are
latency sensitive - that is timely recognition of objects and their activity is
important since events need to be responded within tight deadline constraints.
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Due to cost and ease of installation reasons, IoT devices deployed at the
Edge make use of wireless technologies (WiFi (802.11ac) and Bluetooth (BLE))
as communication medium to transfer large amount of real-time video data.
Data transmitted in the wireless channel (operating in the unlicensed bands) is
prone to large variations in the latency due to interference, both from peer video
cameras and unrelated external sources. The interference causes the data trans-
fer network latency to exceed real-time response times and hence application
set real-time bounds. Achieving a bounded latency in the face of unpredictable
latency variations will require the ability to vary the information content trans-
mitted from the cameras so as to match the channel conditions. However, varying
the information content in the data (video frames in case of machine vision appli-
cations) will impact the application object/event detection accuracy as well.

In this paper we propose the use of approximate computing to meet dynamic
network latency and bandwidth constraints at the Edge. Approximate comput-
ing is based on the idea that in some applications, selective inaccuracies in com-
putation can be tolerated to achieve gains in efficiency [24]. Machine vision
applications can potentially make use of approximate computing since they can
tolerate compromises on object/event detection accuracy resulting from selec-
tive loss of video frame quality. We use this observation to investigate multiple
video frame quality modification techniques (tuning knobs) so that the result-
ing reduction in data size satisfies latency and bandwidth constraints. Further
we present two algorithms - the first based on a heuristic pruning of the large
search space, and the second based on machine learning, to determine the settings
of the tuning knob that simultaneously satisfy video frame size, and detection
accuracy requirements. Experimental results indicate that for object detection
vision application based on EfficientNet [31,32] Deep Learning architecture on
the Microsoft COCO 2017 [20] dataset, we obtain an average video size reduc-
tion of 71.33% with an inference accuracy of 80.93% of that of the unmodified
video frames.

This paper makes the following contributions -

– Investigates the applicability of approximate computing by characterizing the
impact of video frame quality on machine vision accuracy.

– Identifies multiple video frame quality modification techniques (tuning knobs)
that reduce video frame size.

– Presents pruning heuristic and machine learning based approaches to rapidly
determine the settings of the tuning knob that simultaneously satisfy video
frame size, and detection accuracy requirements.

– Presents extensive experimental evaluation of the approaches presented for
object detection machine vision application using the EfficientNet Deep learn-
ing architecture on the Microsoft COCO 2017 dataset.

The rest of the paper is organized as follows - Sect. 2 provides a brief overview
of related work in approximated computing, machine learning and video filter-
ing at the Edge. In Sect. 3 we present the study of impact of video frame size
on network latency. Section 4 lists multiple video frame quality tuning knobs
and characterizes their impact on machine vision application inference accuracy.
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Section 5 describes two scalable algorithms to identify tuning knobs that satisfy
video frame size and application inference accuracy constraints. Section 6 exper-
imentally evaluates the algorithms using publicly available dataset and machine
vision application. Section 7 discusses the applicability of these algorithms in
light of a representative Edge computing system. Section 8 concludes the paper.

2 Related Work

In this Section, we present the state of the art work done on application of
machine learning, video filtering at the Edge and application of approximate
computing.

In [25], Pakha et al. introduce the idea of control knobs such as frame selection
and area cropping to parametrize a custom video protocol that streams videos
from cameras to Cloud servers to perform neural-network-based video analytics.
They developed a server driven video transmission protocol called SimpleProto
that utilizes the tradeoffs between bandwidth usage and inference accuracy. In
[6] Canel et al. proposes a new edge-to-cloud system called FilterForward that
backhauls only relevant video frames from cameras to datacenter applications
with the help of lightweight edge filters. However, unlike our approach, they
perform computationally expensive Deep neural network based object detection
at the client node.

Machine learning has been widely used at the wireless Edge for various appli-
cations such as resource management, networking, mobility management and
localization [8,11,21,30,34]. In [34] Zhu et al. introduces a set of new machine
learning-driven communication techniques. In [21] Mao et al. presents a taxon-
omy of applications of Deep Learning at different layers of wireless networks.
Some of them include channel resource allocation, traffic prediction and link
evaluation in data link layer and session scheduling and OS resource manage-
ment for upper layers in the network stack. In contrast to these works where
machine learning is applied at the lower layers of the network stack, our focus is
on the application of machine learning at the application layer.

In [24], Mittal provides a survey of approximate computing techniques.
Strategies for approximation at the code level such as loop perforation, and at
the architecture level such as reduced precision operations are discussed. Regard-
ing applications of approximate computing to Deep Learning, Chen et al. [7] use
approximate computing to accelerate network training, while Ibrahim et al. [16]
explore the use of approximate computing to realize Deep Learning networks
on resource constrained embedded platforms. While our focus is on the use of
approximate computing to satisfy network latency, and bandwidth constraints,
in these works approximate computing is targeted towards reducing the compu-
tational load.
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3 Impact of Video Frame Size on Network Latency

Size of video frames varies depending on the information content present in them.
We initially explored the latency experienced by video frames with different sizes
in the Wi-Fi channel using an IoT Edge testbed.

Edge server

WiFi (802.11ac)
router

IoT 
camera nodesNode 1

Node 2
Node 3

Node 4
Node 5

Fig. 1. IoT Edge test bed. IoT nodes equipped with cameras record and transmit
video frames to an Edge server through a WiFi (802.11ac) wireless router. The Edge
server runs machine vision algorithms on the received video frames for object detection,
tracking and event prediction.

Figure 1 shows the IoT Edge test bed set up for Wi-Fi latency characteriza-
tion purpose. The test bed consists of low power embedded boards (with 8-core
ARMv8.2 based CPU) equipped with cameras, and a workstation furnished with
an Nvidia GeForce 1060 GPU. The embedded boards and the workstation are
termed as IoT camera nodes and Edge server respectively. Both IoT camera
nodes and Edge server run Linux. The wireless link consists of a NETGEAR
Nighthawk XR700 access point that uses 802.11ac (5 GHz) Wi-Fi standard. The
Edge server is connected to the access point through Ethernet, while the IoT
camera nodes connect to the access point through the 802.11ac Wi-Fi link. The
IoT camera nodes are placed at 6m from the access point.
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We characterized the Wi-Fi latency of video frames when they are transmit-
ted from a test camera node to the Edge server. We use the term network latency
to denote the latency experienced by video frames over the Wi-Fi channel when
they are transmitted from IoT cameras nodes to the Edge server. This setup emu-
lates an operational scenario where cameras produce variable size video frames
depending on the scene dynamics in the area of observation.

Figure 2 shows the variation in network latency at different video frame
sizes. The video frames of different sizes are chosen from publicly available vision
dataset [26] and each measurement is taken as the average of 10 measurements.
From this measurements, we note that the network latency shows an approxi-
mately linear variation with video frame size. Video frames with reduced size
can be potentially transmitted with reduced network latency. Similar reductions
in bandwidth requirements are possible by reducing the video frame size.
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Fig. 2. Characterization of the impact of video frame size on video frame transfer
network latency.

We note that the latency and bandwidth requirements are specified by the
application, the wireless technology used, and cost constraints. Additionally,
dynamically varying channel conditions due to interference, results in further
constraint on bandwidth availability.

4 Video Frame Quality Tuning Knobs

As seen in Sect. 3, latency and bandwidth constraints can be satisfied by chang-
ing the video frame size. In this section we explore multiple video frame qual-
ity modification techniques which when applied on video frames reduce the
frame size. Further, we investigate the impact of the reduced frame size on
the machine vision application inference accuracy. The techniques, referred to
as tuning knobs, are described below.
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1. Knob1 - Colorspace modifications: Video frames can be converted
from one colorspace to another resulting in total size reduction. We select
8 such colorspace modifications which are BGR↔ Gray, BGR↔ XYZ,
BGR ↔ HSV, BGR↔ HLS, BGR ↔ LAB, BGR ↔ LUV, BGR ↔ YUV and
BGR ↔ CrCb. Our choice of color space modifications can reduce the video
frame size by as much as 60%.

2. Knob2 - Blurring: Video frames can be blurred by passing them through
various low pass filters. We chose the filter kernel sizes of 5, 8, 10, 15 and
20 as possible knob settings. Blurring the video frames can reduce the video
frame size by as much as 75%.

3. Knob3 - Denoising: Noise content in video frames can be removed by
passing them through denoising filters. The 5 knob settings selected for this
knob are denoising filter strengths of 3, 10, 15, 20 and 30. Denoising knob
can reduce the frame size upto 67%.

4. Knob4 - Contrast stretching: Contrast stretching can be done on video
frames by performing range normalization over the frame pixel array. The
norm values for range normalization are chosen from 0.3 to 0.9 with intervals
of 0.1. Contrast stretching using these knob settings can achieve upto 70%
size reduction.

5. Knob5 - 2D filtering: The 2D filtering approach convolves a video frame
with a kernel and removes the noise in the frame. This knob could reduce
the frame size as much as 68% when filter kernel sizes of 5, 6, 7 and 8 are
applied on the video frames.

6. Knob6 - Gaussian filtering: A video frame can be convolved with a Gaus-
sian kernel to remove Gaussian noise from the video frame. Selected kernel
sizes are 5, 11, 21, 31 and 51 and achieved size reduction is 79%.

7. Knob7 - Median filtering: The median filtering technique computes the
median of all the pixels under a kernel window and the central pixel is
replaced with this median value. This technique is highly effective in remov-
ing salt-and-pepper noise from video frames. By choosing the knob settings
as 5, 9, 11, 13 and 19, frame size reduced upto 72%.

8. Knob8 - Bilateral Filtering: Bilateral filtering removes noise in video
frames while preserving the sharp edges in them. For this knob the filter
sizes are chosen to be 10, 30 and 50 and filter sigma values are chosen as 70,
150 and 200. Upon application of this knob video frames reduced in its size
by 64%.

9. Knob9 - Erosion: Erosion is a type of morphological transformation that
erodes away the boundaries of objects in video frames and is useful in remov-
ing small white noises. Choosing erosion filter kernel sizes to be 5, 10 and 15
we could achieve size reduction of 62%.

10. Knob10 - Dilation: Dilation is another type of morphological transforma-
tion which is the opposite of erosion. This knob dilates video frames using a
kernel structure. The kernel structure sizes chosen are 5, 8 and 10 with size
reductions of upto 52%.

Note that each of these knobs can be set independent of the other knobs poten-
tially resulting in a large (≈22 million) search space.
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4.1 Impact of Tuning Knobs on Application Inference Accuracy

Reducing the information content by applying these tuning knobs on video
frames could impact the object/event detection inference accuracy of machine
vision applications consuming these video frames. In general, the impact is
dependent on the particular machine vision application. We choose object detec-
tion as the machine vision application since it is widely used, and is a basis
of other computer vision tasks such as object tracking, and activity detection.
The object detector EfficientDet [31] is based on EfficientNet [32], a deep learn-
ing neural network developed by Google brain team. It achieves state-of-the-art
accuracy while being up to 9x smaller than competing models and using sig-
nificantly less computation. Microsoft COCO [20] is a publicly available vision
dataset consisting of 91 object categories (classes) with a total of 2.5 million
labeled instances in 328K images. We input the original and modified video
frames from COCO 2017 dataset to EfficientDet to generate object detections
on video frames with bounding boxes drawn around the objects.

In order to evaluate these detections, each ground truth bounding box for that
frame (publicly available) is matched exclusively to the outputted bounding box
based on highest Intersection over Union (IoU) overlap. Positive matches with
an IoU greater than a threshold are considered True Positives; result bounding
boxes without ground truth matches are considered False Positives; and each
unmatched ground truth box is considered a False Negative. These records are
utilized for mAP (Mean Average Precision) calculation.

For object detection, we utilize the mAP metric with an Intersection-over-
Union (IoU) threshold of 0.5. Equation 1 defines the calculation for mAP. Preci-
sion is TP

(TP+FP ) and Recall is TP
(TP+FN) , where TP , FP , and FN are the number

of True Positives, False Positives, and False Negatives respectively. Average Pre-
cision calculated at a single IoU threshold (0.5 in our case) for a single object
class is denoted as, AP IoU=.5. Finally, mAP is obtained by averaging AP IoU=.5

over different classes in the chosen dataset.

mAP =
1

#classes

∑

class∈classes

AP IoU=.5[class] (1)

where #classes represents number of classes of objects in the video frames and
AP IoU=.5[class] represents AP IoU=.5 for a specific object class.

Figures 3 and 4 show the impact of application of tuning knobs, blurring
and denoising (Knobs 2 and 3) on and video frame size and mAP. The mAP of
unmodified (without the application of any tuning knob) video frame is consid-
ered as the baseline mAP. The mAP values obtained after applying tuning knobs
on video frames are normalized with respect to the baseline mAP. This charac-
terization corresponds to mAP generated (using EfficientDet-D0 [2] model) on
300 images chosen from COCO 2017 dataset.

Figures 3 and 4 demonstrate that the application of these tuning knobs can
reduce the video frame size 75% and application inference accuracy as much as
47%. A similar trend for video frame size reduction and accuracy degradation
can be observed for other tuning knobs (Knobs 1 and 4–10) as well.
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(a) (b)

Fig. 3. Characterization of the impact of application of tuning knobs, (a) blurring
(knob 2) and (b) denoising (knob 3) on video frame size.

(a) (b)

Fig. 4. Characterization of the impact of application of tuning knobs, (a) blurring
(knob 2) and (b) denoising (knob 3) on mAP (application inference accuracy).

From Fig. 4, note that setting 1 of knob 2 reduced the mAP to 90.8% of
the baseline and setting 2 of knob 3 reduced mAP to 93.5% of baseline. Figure
5 shows the visual impact of application of setting 1 of knob 2 and setting 2
of knob 3 on object detections. Because of the effect of quality modification,
both the video frames have missed detections for a few objects. But note that
both the modified video frames (Figs. 5b and 5c) still preserve most of the true
detections for object categories such as person and bicycle.

This observation can be used to exploit the trade off between video frame size
and video frame quality (approximate computing) inherent in machine vision
applications. Approximate computing exploits the gap between the extent of
accuracy needed by the applications and provided by the computing system for
achieving various optimizations [24]. A lower quality video frame has a smaller
size, and hence can be transferred with lower network latency and bandwidth
requirements. If a lower quality frame can provide acceptable machine vision
application inference accuracy, then a lower quality frame could be transferred
from the IoT camera node to the Edge server satisfying network performance
constraints.
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(a) (b) (c)

Fig. 5. Visual impact on object detections before and after the application of tuning
knobs. (a) Unmodified video frame, video frame after applying (b) blurring knob with
a kernel size of 5 and (c) denoising knob with a kernel size of 10.

5 Scalable Approximate Computing Algorithms

5.1 Knob Search Space

The observations from previous section indicate that tuning knobs provide a
mechanism to send reduced size video frames with acceptable inference accuracy.
It should be noted that the network determines the size of the video frame
that needs to be transmitted, while the machine vision application decides the
inference accuracy metric (for e.g. mAP for object detection). To select the knob
settings that constitute the targeted frame size and target inference accuracy
metrics, all combinations of settings of identified knobs need to be characterized.
However, combining the knob settings for different tuning knobs results in a
combinatorial explosion of the design space as seen in Eq. 2. For tuning knobs
from 1 to n, this number can be represented using the equation,

ktotal = k1 × k2 × . . . × ki × . . . × kn (2)

where ktotal represents the total number of knob combinations and ki represents
number of knob settings for the ith knob. For the 10 tuning knobs identified in
Sect. 4 this results in a total number of 22,394,880 knob combinations. Comput-
ing and storing the resulting frame size (by applying knob combinations sequen-
tially on video frames) and the machine vision inference metric (by feeding the
modified video frames to the machine vision application) become prohibitively
expensive.

We therefore explore two scalable algorithms to solve the combinatorial explo-
sion problem - a design space pruning heuristic algorithm, and a machine learning
based algorithm.

5.2 Pruning Heuristic Algorithm for Knob Selection

We use pruning heuristic algorithm to successively filter out knob combinations
that result in lower performance on the inference metric. In this algorithm we
consider the ktotal knob combinations of Eq. 2 as the heuristic decision space



Approximate Computing Techniques for IoT Edge 283

of the problem. The algorithm works as follows. The search space consists of n
tuning knobs with each tuning knob i consisting of ki tuning knob settings. In
the first step of this algorithm we change the knob setting for a single tuning
knob (while keeping settings of other knobs at their defaults) and calculate the
frame size and inference metric. We repeat this process for all the knob settings
independently for each knob. We then filter out knob settings that results in
a low performance on the inference metric (lower than a application specified
threshold). This completes the first step of the algorithm. In the second step,
we choose pairs of knob combinations from distinct knob combinations obtained
from the first step. A filtering step similar to the first step is then applied to
weed out knob combinations with lower performance on the inference metric.
This completes the second step of the algorithm. The process is repeated next
considering 3 distinct knob combinations from the knob setting obtained from
step 2. The algorithm terminates when all n distinct knob combinations are
considered in the n-th step. Each step i, prunes the design space by eliminating
low performing knob combinations.

The algorithm for the pruning heuristic knob selection is outlined in the
pseudo code shown in Listing 1.

Algorithm 1: Pruning heuristic algorithm
Result: Video frame quality knob settings
InferenceAccuracy = Iacc ;
InferenceAccuracyThreshold = IaccThres ;
numKnobs = n ;
stepi = 1;
while stepi <= n do

from n knobs, choose i settings = nCi ;
for each setting ki in nCi do

apply setting ki on video frame;
calculate video frame size;
calculate Iacc on video frame;
if Iacc < IaccThres then

discard setting ki;

end
increment stepi by 1

end

5.3 Machine Learning Algorithm for Knob Selection

In contrast to pruning the entire knob space to identify useful knobs using the
pruning heuristic algorithm, a machine learning algorithmic approach can be
used predict video frame size and inference accuracy. To build the model, we first
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collect the input data required to train the model. We sample a small subset of
knob combinations from the total possible set of knob combinations, and evaluate
the video frame size and machine vision application inference accuracy for the
sampled knob combinations. We then develop a machine learning model and
train it using the sampled knob data to predict the size and inference accuracy for
remaining knob combinations. The detailed steps of the algorithm are described
below.

The first step of the algorithm is the data collection process. Here the data
represents tuning knob combinations identified using Eq. 2, the resulting video
frame size after applying tuning knobs, and the associated inference accuracy
of machine vision application. Since the knob sample space is large calculating
the frame size and inference accuracy for all the knob combinations is a time
consuming process. Therefore we select a representative set of samples from the
knob search space using a sampling method. A Latin Hypercube Sampling (LHS)
[22,23] method can be used to generate near-random samples from the multi-
dimensional search space of knobs. LHS with a ‘maximun’ criteria is specifically
chosen to avoid the correlation between samples by maximizing the minimum
distance between samples [17].

The next step is to modify the video frames by applying the sampled knob
combinations, and recording the resulting video frame sizes. The modified video
frames are fed to the machine vision application to generate the inference accu-
racy for each knob combination. At the end of this step for each knob combina-
tion we have a frame size and inference accuracy value.

We aim to two build two models - one to predict frame size and another to
predict inference accuracy values; we consider the knob combinations as com-
mon input features to both models. We note that all the input features (knob
combinations) have their dependent variable values (frame size and inference
accuracy) labeled. Hence we conclude that a supervised learning method needs
to be used for this kind of labeled data samples. Another observation is that
both the dependent variables are real-valued quantities that need to be pre-
dicted. Therefore a regression model would be best suited for this type of data.
Also we observed that knobs have a non-linear dependence on both frame size
and inference accuracy. Additionally, video frames with same size map to dif-
ferent inference accuracy values. Due to the complex dependence of knobs on
frame size and inference accuracy, we chose to proceed with a non-linear machine
learning model to estimate the dependent variables.

We experimented with multiple non-linear models such as polynomial regres-
sion, Support vector machine [13], Random forest regression [5] and Decision tree
regression [27]. But none of the models could provide sufficient level of prediction
accuracy. Then we explored a recently proposed model called CatBoostRegressor
[12] from open source gradient boosting library CatBoost [1] because of the cate-
gorical nature of the input features (knob combinations). Models from CatBoost
library outperforms state of the art gradient boosting libraries such as XGBoost
[9] and LightBGM [18] in terms of model quality and training speed. CatBoost
is a decision tree based library that uses two phases to predict the next tree.
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In CatBoost the second phase is performed using traditional Gradient Boosting
Decision Tree (GBDT) [14] scheme and for the first phase a modified version of
GDBT is used.

6 Implementation and Results

In this section we present the experimental evaluation of the scalable approxi-
mate computing algorithms described in Sect. 5.

6.1 Pruning Heuristic Algorithm

We implemented all the knobs identified in Sect. 4 using open source computer
vision library OpenCV [33]. The video frames were chosen from Microsoft COCO
2017 dataset. A set of 300 video frames belonging to object classes person, bicy-
cle, car and traffic light were selected for the experimental evaluation. We chose
the object detector model EfficientDet [31] (based on EfficientNet [32]) as the
machine vision application to evaluate its inference metric (mAP) on modified
video frames. EfficientDet model D0 was chosen among models D0 to D7 because
it is least complex model (has low number of model parameters and low compu-
tation latency) and is suited for resource constrained Edge devices.

A set of 146 knob combinations was identified using the pruning heuristic
algorithm from the 22 million knob search space explained in Sect. 5.1. To iden-
tify these knob combinations we set the inference accuracy threshold (mAP) of
the EfficientDet object detector to be >80% of the baseline mAP. Note that
the application of all 146 combinations of the knobs identified above result in
different sizes of video frames, all lower than the original.

Figure 6 shows the plot of the normalized mAP expressed as a percentage
vs. video frame size for video frames (from COCO dataset) modified using the
filtered knob combinations. The video frame size buckets in Fig. 6 corresponds
to different combinations of the knob settings with different resulting mAP.
Note that higher mAP indicates higher inference accuracy for EfficeintDet. (The
reason for size bucket 100–120 showing a max normalized mAP greater than
100% is because of the effect of knob setting 1 of knob3-denoising, which actually
caused the mAP to become slightly higher than baseline mAP.)

Using the pruning heuristic algorithm we could identify knob settings that
achieved 71.33% video frame size reduction with mAP score of as much as 82.37%
of the baseline mAP. This key observation enables transmission of smaller sized
images with less mAP from the IoT camera nodes to the Edge server when
subjected to network latency and bandwidth constraints.

Figure 7 shows the visual impact of application of tuning knobs (colorspace
modification, denoising, contrast stretching and gaussian filtering) resulting in a
normalized mAP of 82.37% and size reduction of 71.33%. We note that the object
detections in Fig. 7b contains most of the true detections (from unmodified video
frame) except a few missed detections such as a bicycle, a parking meter, one car
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Fig. 6. Normalized mAP expressed as a percentage for EfficientDet mAP for video
frames from COCO dataset. Note that each video frame bucket corresponds to different
combinations of the knob settings with different resulting mAP.

and two traffic lights. Two wrong detections resulting here are a bicycle detected
as vase, and a person detected as car.

Using Eq. 2 we estimate the total number of knobs need to be evaluated
to be 354 by executing the pruning heuristic algorithm (Listing 1) for steps
from 1 to 4 and using the 10 knobs and their settings identified in Sect. 4. The
application set inference accuracy threshold was set to be >80% of the baseline
mAP. The computation time taken to evaluate mAP scores (using EfficientDet-
D0 on an Nvidia GeForce 1060 GPU) for 354 combinations for 300 video frames
from COCO dataset is 10.03 h. The total time taken for evaluations escalates
substantially when number of knobs and/or settings for each knob increase.

(a) (b)

Fig. 7. Visual impact on object detections before and after the application of tuning
knobs. (a) unmodified video frame and (b) video frame after applying knobs - colorspace
modification, denoising, contrast stretching and gaussian filtering.
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6.2 Machine Learning Algorithm

We sampled 1000 knob combinations (using Latin Hypercube Sampling) from the
knob sample space to generate the input data for the model. Next, the sampled
knob combinations are applied to video frames to calculate the video frame size.
All the knob settings are represented as categorical features before feeding into
the model. We then divided the samples into train and test samples using an
80–20% split. As explained in Sect. 5.3, we chose the machine learning model
CatBoostRegressor [12] model from open source library for gradient boosting
library catboost [1]. We trained the model and predicted the frame sizes for the
knob combinations from the test sample set. We obtained train and test Root
Mean Square Errors (RMSEs) for this model as 0.74 KB and 1.5 KB respectively.

Next we take knob settings along with their video frame sizes as input fea-
tures to construct a model to predict the machine vision application inference
accuracy. The inference accuracy metric chosen for EfficientDet is mAP. With
knob settings represented as categorical features, we use the CatBoostRegressor
model to predict mAP scores for test knob combinations. For this model we
achieved train and test RMSEs as 0.51% and 1.6% (normalized mAP) respec-
tively.

Using the machine learning algorithm we could identify knob settings that
achieved 71.37% video frame size reduction with mAP score of as much as 80.93%
of the baseline mAP.

Fig. 8. Histogram showing the distribution of error between actual and predicted mAP
scores for percentage of knob combinations chosen to test the mAP ML model. 82.19%
of the knob combinations have predicted mAP error variation of only ±3% of actual
mAP.

Figures 8 and 9 show the percentage variation of actual and predicted mAP
and video frame size with respect to percentage of knob combinations in test
sample. Video frame size histogram (Fig. 9) shows 78.08% of the knob combi-
nations fall within ±10% of video frame size error. The mAP histogram (Fig. 8)
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shows that 82.19% of knob combinations fall within ±3% of mAP error. Since we
could predict accurately (with less than 10% error) most of the knob combina-
tions’ video frame size and inference accuracy using the constructed models, we
conclude that the models are sufficiently accurate. The computation time taken
to evaluate mAP scores (using EfficientDet-D0 on an Nvidia GeForce 1060 GPU)
for 1000 knob combinations (used for training and testing the models) for 300
video frames from COCO dataset is 28.33 h.

Fig. 9. Histogram showing the distribution of variation between actual and predicted
video frame size for percentage knob combinations chosen to test the video frame size
ML model. 78.08% of the knob combinations have predicted frame size error variation
of only ±10% of actual frame size.

Comparing the two scalable approximate computing algorithms, the Categor-
ical boost machine learning model based algorithm achieves comparable accu-
racies to the pruning heuristic algorithm (within ±3% error for mAP model,
and ±10% for video frame size model). The machine learning approach is more
scalable both in terms of the number of knobs, and the number of settings for
each knob, since it only has a one time training cost.

7 System Integration

In the previous section we described how pruning heuristic and machine learning
algorithms can be used to characterize video frame size and machine vision
application inference accuracy for different combinations of video frame quality
modifications. In this section we describe the applicability of these algorithms
in a IoT Edge vision system.

Consider a multi-camera Edge vision system similar to the one shown in
Fig. 1 deployed in a public space such as a traffic intersection for detecting
pedestrians. The IoT nodes equipped with cameras stream live videos of the area
under observation to the Edge server through a wireless network (for example
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Wi-Fi). The Edge server aggregates the individual video streams from multiple
cameras and run machine vision application to detect pedestrians to ensure road
safety. The pedestrian detection application is latency sensitive and requires
video frames from the cameras to be processed with in a short time window
to meet the real time deadlines. The application informs real time latency and
inference accuracy requirements to the IoT camera nodes. The camera nodes
monitor current Wi-Fi channel conditions by sensing latency (varies depending
on the channel interference) of video frame transmission in the channel. If the
current latency exceeds the latency target set by the application video frames
have to be modified by applying the tuning knobs describe in Sect. 4, hence
reducing their size to meet target latency.

Latency vs.
size linear

model

Video frame
modifier

Network latency
monitor

Inference accuracy 
target

Video frame
 size

Knobs

Unmodified 
video frame

Modified 
video frame

Target 
latency

Current 
latency

Lookup table

Size KnobsAccuracy

Latency controller

Fig. 10. Design of a latency controller for the Edge that uses knob selection algorithms
explained in Sect. 5 to construct frame size, inference accuracy, knobs lookup table.

Video frame size that satisfy a latency value can be calculated from the
latency characterization of Sect. 3. While reducing the size, the inference accu-
racy demand from the application also needs to be met. To facilitate the size
reduction process in real time the IoT camera nodes can store the candidate
knob combinations resulting from the algorithms described in Sect. 5 in a simple
lookup table. The lookup table entries will be the frame size, inference accuracy
value and the settings of the individual image modification knobs. The entries
in the lookup table can then be used to search for the tuning knob combina-
tion that satisfy both the latency and inference accuracy demands. A controller
operating at the camera node can potentially perform latency control of video
frames in real time [15]. Figure 10 shows the block diagram of a possible closed
loop control.

Alternately, the machine learning model could be evaluated in real-time to
predict the inference accuracy, and frame size resulting from a given knob com-
bination. In this case the machine learning models act as objective functions
that need to be minimized or maximized in a multi-objective optimization space
[10]. The goal would be to find a set of solutions (knob combinations) as close
as possible to the conflicting objectives. The resulting knob combinations can
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then be used to populate the lookup table when the controller is operated in
the real time. For instance the objectives can be video frame size upper bound
that need to be minimized and inference accuracy lower bound that need to
be maximized. Note that the network conditions determines the video frame
size constraint whereas the machine vision application determines the inference
accuracy constraint.

8 Conclusion

In this work we explored the problem of latency and bandwidth constrained
operation at the IoT Edge for machine vision applications through the tech-
nique of approximate computing. We observe that despite reducing video frame
sizes, acceptable inference accuracies are possible. We identified a number of
video frame transformation techniques, that can result in reduced frame size, and
effectively acts as latency/bandwidth tuning knobs for the application. Since the
design space suffers from a combinatorial explosion problem precluding exhaus-
tive characterization of knob combinations, we investigated scalable algorithms
to facilitate our approximate computing approach. We experimentally evaluated
two approaches - a heuristic based pruning algorithm of the design space, and
a Categorical boost machine learning model based algorithm. Both approaches
were able to reduce the video frame size by upto 71.3% while achieving a inference
accuracy of 80.9% of the inference accuracy of the unmodified video frames. The
lower frame size can facilitate operation in a bandwdith constrained environment,
as well as results in a lower communication latency. The machine learning model
has a fixed training cost compared to the heuristic based pruning algorithm,
while being inherently more scalable. We also briefly discuss how the tuning
knobs resulting from the two algorithms could be integrated in a latency con-
troller in an autonomous system targeted at latency sensitive IoT Edge machine
vision applications.

Among future work directions, we could incorporate the approximate com-
puting based algorithms proposed in the paper in latency and bandwidth con-
strained Edge and Cloud computing systems. We have targeted object detection
in this work, since it is a basic kernel in many machine vision tasks. We could
also explore the use of the proposed techniques on other machine vision tasks
such as object tracking, image segmentation, and activity detection.
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