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Video Cameras in IoT
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Traffic	monitoring,
surveillance	
in	smart	cities

Connected	cars
Industrial	Internet



Edge Computing for video analytics
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§ Analytics:	
§ objects	relevant	to	queries,	summaries,	anomalies

§ Motivation:	
§ Efficient	bandwidth	use
§ Energy	savings	in	transmission
§ Low	latency	response



Video analytics: Challenges

§ Bandwidth	constraints:	detect	relevant	objects	
(MobiCom’15)

§ Energy	tradeoffs:	save	transmit	energy	by	local	
processing	(SECON’17)	

§ Low-latency	response:	adaptive	streaming	
(HotWireless’17)

§ Querying	video	cameras	at	scale:	Optasia (SoCC’16)
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Prior work

§ Content-delivery	networks

§ Adaptive	video	streaming

§ Mobile	app	offloading	to	cloud
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Video analytics: Challenges

§ Bandwidth	constraints:	Vigil	(MobiCom’15)
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Edge	Computing	Node	detects	queried	objects

(a) Input frame (b) Filtered frame



Video analytics: Challenges

§ Energy	tradeoffs: save	transmit	energy	by	local	
processing	(SECON’17)	
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Table I
AVERAGE ENERGY CONSUMPTION, BANDWIDTH VIOLATIONS AND BANDWIDTH SLACK PER FRAME FOR THE ADAPTIVE FILTERING STRATEGY USING

TWO CLASSIFIERS FOR DIFFERENT NETWORK LOADS VERSUS THE TRIVIAL STRATEGIES OF NO FILTERING AND FULL-TIME FILTERING

Filtering Processing energy (mJ) Streaming energy (mJ) Bandwidth violations (%) Bandwidth slack (%)
Net. load Classifier A Classifier B Classifier A Classifier B Classifier A Classifier B Classifier A Classifier B

None
Low 36 41 94 97 14 14 19 19
Medium " " " " 30 30 4 4
High " " " " 54 54 �7 �7

Adaptive
Low 358 99 81 76 2 2 37 42
Medium 629 158 69 60 3 2 37 53
High 922 210 57 46 3 2 47 69

Full-time
Low 1227 268 45 28 0 0 69 90
Medium " " " " 0 0 63 89
High " " " " 1 0 59 88

V. EVALUATION

The proposed system architecture was evaluated on the
hardware described in Section IV-A, for the sensor control
procedure introduced in Section III with the weighting param-
eter ↵ set to 0.95, pedestrian filtering at up to 15 frames per
second using Classifiers A and B implemented as discussed
in Section IV-B, and three classes of simulated network load
at the low, medium, and high filtering stress levels of 25%,
50%, and 75%, generated as explained in Section IV-C. The
sequence of 21790 video frames comprising the test portion
of the Daimler Pedestrian Detection Benchmark Dataset [6]
played the role of the evaluation video stream observed and
transmitted by the sensor.

Fig. 4 shows how the sizes of all compressed frames in the
evaluation video are distributed as functions of their object
density. The 95%-quantiles for different density values are
shown with black lines. Fig. 4(a) and 4(b) display the distri-
butions for the full input frames as they appear in the original
video. For this reason, the y-coordinates of the points in these
two plots are identical. The x-coordinates, though, differ as
they correspond to the frames’ object density estimated from
the output of filtering with Classifiers A and B, respectively.

As we can see from the quantile line, the sizes of unfiltered
frames in both cases do not exhibit a significant dependence
on the object density. In other words, the visual complexity
of the objects (pedestrians) in this video is close to that of
the background (trees, cars, city streets). The flatness of this
quantile line means that the number of density regions D used
in the control procedure from Section III can be small, which
makes the subsamples for each D more representative and the
corresponding estimations ✓D more statistically significant.

Fig. 4(c) and 4(d) show the distributions for the same frames
but filtered with both Classifier A and B. Comparing the pairs
of plots 4(a), 4(c) and as 4(b), 4(d), we see the confirmation
of our expectations: The fewer pedestrians there are in a frame
and, therefore, the bigger is the blacked out part of it, the larger
are the savings in the compressed frame after filtration. The
difference in scale between 4(c) and 4(d) is explained by the

higher efficacy of Classifier B as compared to Classifier A due
to a greater number of features used in the former, making the
latter more conservative. Fig. 3 shows an example of a frame
from the evaluation video filtered with Classifier B.

Table I summarizes the numerical results obtained through-
out all of our experiments. In addition to the evaluation
results for the proposed adaptive strategy, results for the two
baseline strategies are also presented: when the filtering is
always disabled (None) and, conversely, when the filtering is
always enabled (Full-time). These baselines represent the two
extremes of the spectrum of possible sensor behaviors. In the
former strategy, frame processing consumes almost no energy
due to the pedestrian filtering being inactive, but makes the
sensor suffer from high frame loss due to frequent violations
of the bandwidth constraint (in more than half of the cases
under high network loads). In the latter strategy, the processing
energy for each frame raises by an order of magnitude (or
more for less efficient single-threaded Classifier A), and the
energy required for compression and transmission of the
stream drops by more than a half, while the frequency of
bandwidth violations plummets towards zero.

The proposed adaptive strategy, resulting from the control
procedure introduced in Section III, manages to balance the
extremes of the baselines in all three measures: As expected,
the energy for both processing and streaming of the frame in
the adaptive case is smaller than the corresponding maximums
achieved in the cases of no filtering and full-time filtering. Fur-
ther, the processing energy increases together with the network
load as it imposes higher filtering pressure levels on the sensor.
The streaming energy, to the contrary, decreases as the filtering
pressure strengthens due to reducing computational cost of
compressing frames consisting of more and more blacked
out regions. In both cases, the relation between the energy
and filtering pressure is close to linear. Most importantly,
regardless of the network load, the sensor is able to achieve
guaranteed frame delivery for the vast majority of the frames,
violating the bandwidth constraints in less than 3% of the
stream duration (for the tolerance of 1� ↵ = 5%).



Video analytics: Challenges

§ Low-latency	response:	adaptive	streaming	(HotWireless’17)
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Video analytics: Challenges

§ Low-latency	response:	adaptive	streaming(HotWireless’17)
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26.67%	
freezing	time

No
freezing	time

SkyEyes:	higher	video	rate,	no	freezing	screen



Conclusions

§ Video	analytics	– inefficient	to	ship	all	streams	to	cloud
§ Limited	bandwidth	constraints	require	content-aware	
compression.

§ Edge	processing	needs	to	strike	a	tradeoff	between	
energy	spent	on	processing	versus	transmitting
§ Algorithms	that	adapt	processing	to	video	workloads	strike	
better	energy-bandwidth	tradeoffs

§ Low-latency	response	&	mobility	requires	predictive	
analytics	at	the	edge	to	meet	the	constraints
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