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Abstract—Mobile devices collect a large amount of visual data that are useful formany applications. Searching for an object of interest over

a network of mobile devices can aid human analysts in a variety of situations. However, processing the information on these devices is a

challenge owing to the high computational complexity of the state-of-the-art computer vision algorithms that primarily rely onConvolutional

Neural Networks (CNNs). Thus, this paper builds PicSys, a system that enables answering visual search queries on amobile network. The

objective of the system is tominimize themaximumcompletion time over all devices while taking into account the energy consumption of

mobile devices aswell. First, PicSys carefully divides the computation intomultiple filtering stages, such that only a small percentage of

images need to run the entireCNN pipeline. Splitting such CNN computation intomultiple stages requires understanding the intermediate

CNN features and systematically trading off accuracy for the computation speed. Second, PicSys determines where to run each of the

stages of themulti-stage pipeline to fully utilize the available resources. Finally, through extensive experimentation, system implementation,

and simulation, we show that PicSys performance is close to optimal and significantly outperforms other standard algorithms.

Index Terms—Distributed systems, deep learning, crowdsourcing, energy
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1 INTRODUCTION

THE wide spread use of camera-enabledmobile devices has
led to the generation of large amounts of images and vid-

eos that are rich sources of information for critical applications
like surveillance and monitoring [1], [2]. The computer vision
community has made headway in developing algorithms to
extract information from visual data. Deep Neural Networks
(DNN), specifically Multi-layer CNNs, have been shown to
achieve high accuracy in visual analytics tasks such as image
classification, detection, segmentation and activity detection
[3], [4], [5]. However, this comes at a high computational com-
plexity – often these algorithms push the limits of what can be
achieved on current generation ofmobile devices.

In this paper, we focus on the specific problem of searching
for objects of interest on a distributed network of mobile devi-
ces and a server in the cloud, in response to a query, which is
issued in a centralized fashion. Images that contain the object
of interest are gathered in a central server.1 Responding to

such queries requires: (i) identifying all mobile devices that
are likely to contain the images of interest, (ii) sending queries,
(iii) searching for the objects within the images taken by these
devices and finally, (iv) uploading the images of interest to
the central server. In this paper, we propose PicSys to address
steps (iii) and (iv).2

PicSys consists of a number of mobile devices that have
stored images, and a more powerful server machine, which
we call the cloud, to which the mobile devices communicate
over awireless link.When a query is issued, it is expected that
the issuer (analyst) will receive all the positively identified
images that match the query description. The mobile device
makes decisions as to where the image processing should
take place, on the device or the cloud, in a distributed fashion.
The goal of the system is to process all images as fast as possi-
ble, including uploading all images that contain the object of
interest to the central server. The structure of PicSys and the
decision algorithms used by the mobile devices meet this goal
while respecting energy constraints of themobile devices. The
energy constraints are put in place by the users to control how
much of their energy they are willing to expend for this
crowd-processing application.

To help mitigate the low processing power and highly
constrained energy resources of mobile devices, we intro-
duce a processing pipeline on the mobile device which
includes what we call an accelerated CNN. The accelerated
CNN is a simple CNN that is faster, requires less energy,
and is less accurate than a more complex CNN. It is used by
the mobile device as a filter to remove images that likely do
not have the object of interest from the processing pipeline.
This reduces the burden on the mobile device of either
offloading images for processing, or processing the full
complex CNN locally.
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1. The public has shown an increasing willingness to share images
and videos with law enforcement in circumstances such as terrorist
attacks and missing people. We assume voluntary participation, with
mobile devices taking appropriate privacy measures [6].

2. In our system, we consider only processing images from mobile
devices, i.e., those images that are not already stored in the cloud.
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The main contributions of our work are:

� We design the PicSys system which has the structure,
via itsmulti-stageCNNpipeline, to support the design
of algorithms that minimize query completion times
with energy constraints.

� We perform extensive experimentation to determine
processing times, performance and energy consump-
tion for various CNNs and pre-processing tasks to
select the best set tomeet our objectives.

� We formulate and solve an optimization problem to
decide where to run each of the stages of the computa-
tion, so that we utilize the available computational
resources optimally. We do this for two cases: with
andwithout energy constraints onmobile devices.

� We design heuristics to solve the problem. The heu-
ristic has one component that is not energy sensitive,
which is used as a building block for the energy-
sensitive heuristic.

� We present a detailed implementation of our system
in a real testbed and illustrate experimental and sim-
ulation results for both a small case network as well
as on large networks.

After implementing our system and using the task-level
measurements to run a large scale simulation, the obtained
results show that PicSys outperforms existing schemes, and
that using the filtering stage in the mobile devices yields a
35 percent in time savings as opposed to when no-filtering
stage is available.

The remaining part of the paper is organized as follows.
Section 2 provides an overview of image processing. Section 3
gives an overviewof themodel. In Section 4we present experi-
mental results that help in designing and evaluating the
system performance. The optimization and algorithms are
presented in Section 5, followed by the performance evalua-
tion relying on both simulation and experimental results in
Section 6. Section 7 reviews some related work. Finally, the
paper is concluded in Section 8.

2 OVERVIEW OF IMAGE PROCESSING

In this section we present some background on image proc-
essing as it is required to understand this paper.

Object classification refers to recognizing the objects appear-
ing within images. Specifically, object classification algorithms
return a probability distribution of certain objects being con-
tained within an image. The higher the probability for an
object, the more likely that object is in the image. The objects
that may be searched for in an image are predefined by train-
ing the object classifier to recognize features of the objects of
interest.

There are two main performance metrics considered with
object classification: recall and false positives. Recall measures
the number of images containing an object of interest that are
returned considering the ground truth of total number of
images that contain the object. Formally, it is expressed as
R ¼ TP

FNþTP , where TP andFN are true positives and false neg-

atives of the object classification, respectively. False positives
are the number of images that are positively classified that in
fact do not contain the object of interest. The rate at which true
positives are returned is also called the hit-rate.

We refer to the CNN as a classifier. It consists of a set of
layers, starting with an input layer and endingwith an output
layer. Layers vary depending on the CNN architecture; some
common layers are convolutions, max pooling, dropout, data
augmentation, ReLU activations, etc. Wemainly use GoogLe-
Net [7] and Squeezenet [8] in our experimentation. We refer
the interested reader to [7] and [8] for more details about each
layer in those architectures.

Because the classifier only returns a probability that an
object is within an image, a threshold k is often definedwhich
is used to label whether an image contains an object, or not. If
the probability that an object is present in the image is kth
highest or better out of all the objects detected, the image is
labeled as containing the object. By setting a small value of k,
only images that contain the object with high certainty will be
labeled. This may miss some images that contain the object
and will result in a lower recall and a lower false positive. By
setting a large value of k, the results will be more inclusive
and will lead to a higher recall, but also to a higher false
positive.

State-of-the-art classification algorithms are based on deep
CNNs, such as Alexnet [3], GoogLeNet [7], VGGNet [9] and
ResNet [10]. Many CNNs, designed for classification, end
with a Softmax layer. The Softmax layer assigns a probability
for each class the CNN was trained on (with total sum being
equal to 1). That probability is the likelihood of an image con-
taining an object that belongs to that particular class. We use
the term top-k to refer to the top k predictions that have the
highest probabilities. In general, the best results are achieved
when the full CNN is processed, but tradeoffs can be made to
allow lower classification performance with lower processing
times by processing fewer layers of the CNN.

3 PICSYS OVERVIEW

In PicSys, operation starts when mobile devices receive a
query from a centralized source requesting images contain-
ing an object of interest. This can be done in a similar way to
subscription alert services.

Images can be processed on mobile devices or the cloud.
The cloud has high computational power and a persistent
power supply, and as such enables the use of more accurate
models that complete processing in a shorter time period.
Mobile devices are constrained by their computational power
and battery capacity. PicSys uses a multi-stage decision tech-
nique to reduce the overall processing time while meeting a
specific recall requirement and energy constraints.

Fig. 1 illustrates the mobile device’s three-stage decision
process. In the first stage, the Initial Stage, the mobile device
makes a decision to either (i) process the image locally, or (ii)
offload it for processing on the cloud. That decision is based
on the network conditions, energy state of the mobile device,
cloud backlog and the hit-rate estimate. The hit-rate estimate
is continuously updated based on recent historical data. If the
hit-rate is very high, it may be better to offload the picture to
the cloud for processing as, ultimately, images of interest
need to be uploaded anyway. This is not only faster, but more
energy efficient as there is no processing cost on the mobile
device. However, note that even if the hit-rate is high, not all
images will be uploaded as that may overwhelm the cloud which
serves multiple mobile devices simultaneously. If images are
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uploaded to the cloud, the remainder of the processing takes
place there.

If local processing is chosen in the first stage, then the Fil-
tering Stage is executed on the mobile device. The Filtering
Stage involves a computationally efficient, but less accurate
algorithm, which we refer to as the accelerated CNN. It
extracts coarse-grained features from the images, based on
which a decision is made as to if the image likely contains
the object of interest. depending on whether the top-k1
requirement is met or not. If not, the image is discarded. If
so, the mobile device decides to (i) complete processing
locally by executing the Selection Stage, or (ii) offload the
image to the cloud for further accurate processing.

In the Selection Stage on the mobile device, a more com-
plex and accurate CNN is executed which achieves more
accurate results albeit at a higher energy cost. After process-
ing, one of two decisions is made: (i) upload the image to
the requester if the image is likely to contain the object, or
(ii) discard the image.

From an energy perspective, devices with high hit rates
should offload their images because it saves the energy of
performing the object classification processing on the device
when images will eventually be uploaded anyway. For
devices with low hit rates, the decision is more complex. If
the accelerated CNN is less expensive from an energy
standpoint than offloading the image over the wireless
interface, local processing will be preferable. Whether this
may be the case or not depends on the wireless technology
and the quality of the wireless signal.

Further, the system enables the interaction between
mobile devices and the cloud. In order to avoid increased
communication complexity, there is no interaction between
the mobile devices.

Most crowdsourcing applications, such as law enforce-
ment or intelligence gathering require a person to inspect a
photo, and virtually all military applications require a per-
son to verify an image, so a full high quality image is
needed. We choose to upload the image with its original
size for the requester to have access to it in case further
processing or analysis needs to be performed. When off-
loading the image to the cloud for processing we also
choose to send the original sized image to avoid the need to
re-transmit the original image if the object of interest ends
up being present. Offloading the scaled version of the image
and then re-transmitting it would result in a different prob-
lem setup, and is beyond the scope of this work.

It should bementioned that PicSys tunes the parameters of
the different stages of the pipeline based on the recall

requirement of the application. In PicSys we have to pick two
k values - namely k1 and k2 (as explained in Section 4.3) for Fil-
tering and Selection Stages, respectively.

4 EXPERIMENTS AND DESIGN DECISIONS

This section elaborates the PicSys design choices backed by
extensive experimentation. We use the experimental results
to drive the simulations. In the following experiments we
use Caffe [11], a deep learning framework, to train and test
our CNNs. The gpu flag is used to run the models on NVI-
DIA GTX TITAN X 12 GB, modeling the cloud. For imple-
mentation on mobile devices we use the caffe-android-lib [12]
on Samsung Galaxy S9. The two labeled data sets we use for
classification are ImageNet [13], ILSVRC2012, with 1000
classes, and VOC2012 [14], with 20 classes.

To get the processing times, we used a small set of 100
images, captured from a Galaxy S9. For the ImageNet data
set we used the trained models from Model Zoo [15]. For
VOC2012, we fine-tune the CNN to classify the 20 classes.

4.1 Image Pre-Processing

To use Caffe, images must be scaled to the particular di-
mensions required by the CNN. This scaling may be done
internally by Caffe, or by pre-processing. We find that pre-
processing the image for scaling using FFmpeg [16] instead
of Caffe has two benefits: (i) the scaling time is a linear func-
tion of image size as shown in Fig. 2, and the processing
time after scaling is constant, as shown in Fig. 3; (ii) more
importantly, scaling using FFmpeg and then processing the
image is faster than pre-scaling on Caffe, as shown in Fig. 3.

Fig. 1. Overview of the system on the mobile device.

Fig. 2. Scaling time using FFmpeg.

Fig. 3. Processing time for images.
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These realizations help make the offloading decisions in
Section 5, and serve as the argument to choose pre-processing
the images using FFmpeg.

4.2 Choosing the Deep Learning Models and Model
Partitioning

Three factors need to be considered when choosing the deep
learning models: recall, processing time and energy con-
sumption. The requirement for the accelerated CNN is to
have a faster processing time with lower energy expendi-
ture than the expensive CNN. In this section we study the
three factors in more detail as we explore our two choices
for the accelerated CNN: a truncated version of the expen-
sive CNN, i.e., terminate the processing after only a subset
of layers are complete, or a separate, simpler full CNN such
as SqueezeNet.

In the first set of experiments, we compare the recall of
GoogLeNet, SqueezeNet and a compressed version of Goo-
gLeNet. We use the publicly available Caffe models of Goo-
gLeNet and SqeezeNet trained on ILSVRC2012 [15]. We
leverage the original design of GoogLeNet and use the exist-
ing Softmax layer available in an early stage after a layer
called inception_4a; we use this subset of the network and
call it ‘GoogLeNet_i4’.

Fig. 4 shows the recall versus top-k, where top-k is the high-
est k probabilities (classes) from the classifier, as explained in
Section 2. The results are obtained using 25k images from the
ILSVRC2012 validation set. We see that running the complete
GoogLeNet model yields higher recall than running a subset
of it or a more compressed model, such as SqueezeNet. We
also observe that choosing either SqueezeNet or GoogLe-
Net_i4will give approximately the same recall.

Note that with the recent development in compressed CNN
models and the large amount of research on deploying these mod-
els on mobile devices [17], [18], [19] , the accelerated model and
the expensive model can be exchanged with other models as the
user sees fit. If using a deep learning framework that enables
dynamic computation on CNNs, choosing the accelerated
CNN as a subset of the expensive CNN is beneficial, and
enables the download of a single model on the device.

In the second set of experiments we show more details on
partitioning complex CNNs. The work in [20] shows process-
ing times for full CNNs as well as for individual layers. For
our work, in addition to the processing time for each layer, we
require the addition of a classifier after the layer where parti-
tioning takes place. To get more insights, we fine-tuned Goo-
gLeNet on VOC2012 by adding various classifiers after
inception layers. We add Pooling, Dropout, Classifier, and

Softmax layers after each inception “Concat” layer, summing
up to nine classifiers.

Fig. 5 shows the recall after each classifier. The processing
time on the mobile device increases from 0.3 to 0.4 sec as the
number of layers increases. The higher the number of layers
used in the forward pass, the higher the recall. However, the
increase is not linear and the difference gets smaller the fur-
ther into the networkwe process. The choice of the classifier is
based on a tradeoff between accuracy and computation cost.

In another set of comparisons, we measure the energy
cost for processing images using the three CNNs: Squeeze-
net, GoogLeNet and the accelerated CNN at Classifier-2.
The measurements were taken by profiling battery usage
using Battery Historian [21]. We represent the energy as the
percentage of battery consumed per image. We find that
Classifier-2 CNN and Squeezenet have almost the same
energy cost, which is 64 percent lower than that of the com-
plete GoogLeNet. In Section 6 we use Squeezenet as the
accelerated CNN, and GoogLeNet as the expensive CNN.

4.3 Choosing the k1 and k2 Values

The two processing phases may be filtered using different k
values. k1 is used for the accelerated CNN and k2 is used for
the expensive CNN. The expensive CNN only receives and
processes images that pass the accelerated CNN’s top-k1
requirement. Thus, the loss in recall from the Filtering Stage
cannot be regained regardless of how high k2 is set. However,
setting the value of k1 too high may result in unnecessary
uploads or expensive CNN processing for the mobile device
because the accelerated CNN will not filter out some of the
images that do not contain the object. Fig. 6 shows the recall
on VOC2012 with 20 classes. We see that a higher recall is
reached as the values of k1 and k2 increase. Using Fig. 6, we
pick k1 and k2 values based on the recall requirement of the
application. In Section 6we choose k1 ¼ 5 and k2 ¼ 3.

Fig. 4. Recall-ILSVRC2012.

Fig. 5. Recall-per classifier.

Fig. 6. Aggregate recall on VOC2012.
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5 PICSYS OPTIMIZATION

In this section we present formal optimization problems for
allocating resources in PicSys, and heuristics for algorithms
that come close to achieving optimal performance. Ulti-
mately, the goal is to process all images and have those with
objects of interest uploaded to the cloud as fast as possible
while respecting the energy constraints imposed by users of
devices. The energy constraints are the budget for howmuch
energy each user is willing to spend on the image processing
application.

We first formulate the problem when there are no con-
straints on the energy consumption and show that the prob-
lem is a nonlinear optimization. We then propose heuristics
to solve the problem, which result into near optimal run-
ning times. We then formulate the problem where the
energy consumption of mobile devices is taken into account,
which is followed by the corresponding heuristics.

5.1 Mathematical Formulation: No-Energy
Constraints

We assume that initially every image is stored in one of the
devices in the system. Devices process images in series, i.e.,
they perform scaling and local processing consecutively.
However, scaling and local processing can take place while
other images are being transmitted or arewaiting in the trans-
mission queue. In the following, we useM to represent the set
of mobile devices in the system (m 2 M), and I to denote the
set of images in the system, i.e., I ¼ fI1; I2; . . . ; IjMjg.

We assume that the transmission rate rm, and the top-k
values are given, and that k1 and k2 are set to meet the recall
requirement. We also assume that the mobile devices may
be heterogeneous, and after an image is scaled, the process-
ing time for that image on any mobile device is cpi;m, whereas
the processing time on the cloud is cpu.

Let q be the queried class; we define two binary variables:
z
k1
i;m and z

k2
i;m. z

k1
i;m is 1 if q is in the top-k1 classes after acceler-

ated processing, and 0 otherwise. Similarly, zk2i;m is 1 if q is in
the top-k2 classes after expensive processing, and 0 other-
wise. Table 1 summarizes the notation used throughout this
paper.

5.1.1 Components of Delay

In our problem formulation, we are accounting for the fol-
lowing delay components:

Scaling delay, csi;m, is the time required for the input image
i on devicem to be scaled to the input size of the CNN.

Processing delay, cpi;m, is the sum of processing times for
image i that take place on device m. Since we have two
stages where local processing can take place, namely, accel-
erated CNN and expensive CNN, we need to account for
both delays when considering processing delay. Therefore,
cpi;m ¼ aam þ bbm, where a 2 f0; 1g, b 2 f0; 1g, whereas am is
the processing time for the accelerated CNN on device m,
and bm is the processing time for the expensive CNN on the
same device (m).

Note. An image that is uploaded to the cloud can only
start processing after it has been completely uploaded, and
when a server is free. Both the cloud and mobile devices can
start processing while sending or receiving images.

Transmission delay, cti;m, is the time for the image to com-
plete transmission. For simplicity, we assume that each
mobile device has a dedicated channel, hence devices are able
to transmit simultaneously. This assumption is realistic in
many situations where participants are geographically dis-
persed or access the network via Wifi, which is likely in cases
in which a large number of images would be uploaded. The
study of the impact of congestion on the wireless links is left
for future work. The cloud receives images from many sour-
ces, as multiple devices may be uploading images concur-
rently. However, a single mobile device transmits images
sequentially. Thus, the transmission delay of image i from

device m to the cloud is calculated as cti;m ¼ Bi;m

rm
, where rm

and Bi;m represent the transmission rate and image size,
respectively.

Transmission queueing delay, lti;m, is the time image i
spends on device’s m transmission queue after it is sched-
uled to be offloaded/uploaded until it starts transmission.

Cloud queueing delay, lqi;m, is the time the offloaded image i
(originating from device m) spends in the cloud queue from
the moment it arrives until a server is available to process it.
Note that both lti;m and lqi;m depend on the decisions that

TABLE 1
Nomenclature and Notation

csi;m scaling time of image i on devicem

cpu processing delay of an image on the cloud

cpi;m processing delay of image i on devicem

cti;m transmission delay of image i on devicem
am processing time for accelerated CNN on devicem
bm processing time for expensiveCNNondevicem
rm transmission rate for devicem
Bi;m size of image i on devicem

z
k1
i;m truth value of image i, stored on devicem, after

accelerated processing
z
k2
i;m truth value of image i, stored on devicem, after

expensive processing
cost1i;m cost of direct offload
cost2i;m cost of accelerated processing followed by offload
cost3i;m cost of accelerated processing followed by

discard
cost4i;m cost of accelerated processing, then expensive

processing followed by upload
cost5i;m cost of accelerated processing, then expensive

processing followed by a discard
Tmax completion time for all images (makespan)

tcompletion
i;m completion time of image i that is on devicem

tstarti;m start time of image i on devicem

x1i;m; . . . ; x5i;m decision variables
lti;m transmission queueing delay of image i on device

m
lqi;m cloud queueing delay for image i fromdevicem
am % of battery devicem dedicates to

crowdsourcing
Ei;m energy consumed for image i ondevicem (in %)
Er

m residual energy in the budget of devicem (in %)
esi;m scaling energy of image i on devicem (in %)

eti;m transmission energy of image i on devicem (in
%)

eam processing energy for accelerated CNN of device
m (in %)

ebm processing energy for expensive CNN of device
m (in %)
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have been made at previous time slots, and on the number
of images in the queue.

5.1.2 Formulation

The goal is to minimize the system completion time given a
minimum recall requirement. A system is said to have com-
pleted its tasks when all the images in it have been proc-
essed, and all images that are positively classified by the
CNNs reach the cloud. Therefore, the completion time of the
system is the maximum of completion times of all the images in
the system. Thus, we have the following problem:

minimize Tmax

subject to:

Tmax � tcompletion
i;m ; 8i 2 I; 8m 2 M;

(1)

x2i;m þ x3i;m þ x4i;m þ x5i;m � 1; 8i 2 I; 8m 2 M;

(2)
X5

j¼2

xji;m � x1i;m ¼ 0; 8i 2 I; 8m 2 M; (3)

x2i;m � z
k1
i;mx1i;m � 0; 8i 2 I; 8m 2 M; (4)

x3i;m � ð1� z
k1
i;mÞx1i;m � 0; 8i 2 I; 8m 2 M; (5)

x4i;m � z
k2
i;mx1i;m � 0; 8i 2 I; 8m 2 M; (6)

x5i;m � z
k1
i;mð1� z

k2
i;mÞx1i;m � 0; 8i 2 I; 8m 2 M; (7)

xji;m 2 f0; 1g; 8j 2 f1; 2; 3; 4; 5g; 8i 2 I; 8m 2 M;

(8)

where tcompletion
i;m is the completion time of image i that is on

device m, and is a function of the decision variables. It can
be calculated as tcompletion

i;m ¼ tstarti;m þ costi;m. In this equation,
tstarti;m and costi;m are start time for image i on device m and
the total cost for processing image i, respectively. We have

tstarti;m ¼ tstarti�1;m þ x1i�1;mðcsi�1;m þ amÞ þ x4i�1;mbm þ x5i�1;mbm;

(9)

and

costi;m ¼ ð1� x1i;mÞcost1i;m þ x2i;mcost2i;m

þ x3i;mcost3i;m þ x4i;mcost4i;m þ x5i;mcost5i;m:

(10)

The binary decision variables x1i;m, x2i;m, x3i;m, x4i;m,
x5i;m are defined as follows. x1i;m is equal to 0 if image i on
device m is offloaded in the first stage, and 1 otherwise.
x2i;m is equal to 1 if image i on device m is passing through
accelerated CNN and then offloaded to the cloud, and 0 oth-
erwise. x3i;m is 1 if image i on device m passes accelerated
CNN and is discarded, and is 0 otherwise. x4i;m is 1 if image
i on device m passes expensive (after it has passed through
accelerated) CNN, and is uploaded to the cloud afterwards,
and 0 otherwise. x5i;m is 1 if image i on device m is dis-
carded after passing expensive CNN, and 0 otherwise.

Note. To reduce the number of equations required to con-
vey the constraints of the system, the decision variable x1i;m
is defined differently when compared to x2i;m; . . . ; x5i;m.
The cost of each decision is defined as:

cost1i;m ¼ lti;m þ cti;m þ lqi;m þ cpu;

cost2i;m ¼ csi;m þ am þ lti;m þ cti;m þ lqi;m þ cpu;

cost3i;m ¼ csi;m þ am;

cost4i;m ¼ csi;m þ am þ bm þ lti;m þ cti;m;

cost5i;m ¼ csi;m þ am þ bm:

Constraint (1) shows that the completion timeof the system
is greater or equal to the completion time of every image in
every device (be it processed on the device or the cloud). Con-
straint (2) ensures that only one of the decision variables
x2i;m; . . . ; x5i;m could have value 1 at a time. Constraint (3)
ensures that if an image is not offloaded in the first stage, it
will be processed locally, and if it is offloaded in the first stage,
there will be no local processing. Constraints (4), (5), (6), and
(7) represent the requirements for accelerated CNN and off-
load, accelerated CNN and discard, expensive CNN and
upload, and expensive CNN and discard, respectively. Con-
straint (8) shows that the decision variables are binary.

As can be seen, the problem formulation is representing a
nonlinear optimization problem, since the objective is a func-
tion of costs multiplied by decision variables x1i;m; . . . ; x5i;m,
where the costs are also functions of lti;m and lqi;m. Ifwe simplify
the problem by assuming a powerful cloud with infinite serv-
ers (no cloud queueing delay), and the transmission times for
each device are constant, still the transmission queueing delay
remains, introducing thus non-linearity. Relaxing this delay
component is not possible because it yields to the unrealistic
assumption of infinite bandwidth. Therefore, the transmission
queueing delay is non-avoidable and is the cause to the non-
linearity of the problem. As a result, the problem cannot be
formulated as an integer linear program, which could be
solved by the CPLEX optimizer. In the following section, we
propose a heuristic to solve our scheduling problem with no
energy constraints.

NP-Hardness of the Problem.We prove the NP-hardness of
our problem by reducing the well-known NP-hard job-shop
scheduling problem [22] to our problem. In the original ver-
sion of job-shop scheduling problem, we have n jobs
j1; j2; . . . ; jn of varying processing times, which need to be
scheduled on M machines with varying processing power
while trying to minimize the makespan (the total length of
the schedule or total time taken to complete all jobs). We
will show next that the job-shop scheduling problem is a
special case of our problem.

Considering the special case where the communication
delay of images is zero and the truth values of processing
times on every machine are known a priori, the data collec-
tion scheduling problem can be seen as a generalization of
job-shop scheduling with the following assumptions. The
set of all possible images to be processed represents the set
of jobs, and each decision variable x1i;m; x2i;m; . . . ; x5i;m in
our problem represents one machine in the job-shop sched-
uling problem. Therefore, the total of 5 � I �M machines
exist in the job-shop scheduling problem given these
assumptions, as for each image i 2 I there exist 5 different
ways of processing it on a machine, and each way could be
seen as a separate machine in the context of the job-shop
scheduling problem. Also, assuming that the constraints on
decision variables correlation in our problem are relaxed,
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then the problem defined in Eqs. (1), (2), (3), (4), (5), (6), (7),
and (8) can be seen as a simple job-shop scheduling prob-
lem, and thus, our problem is more general than the stan-
dard job-shop scheduling problem. Thus, data collection
scheduling problem is NP-hard.

5.2 Proposed Heuristic: No-Energy Constraints

Given that the optimization problem presented earlier is
NP-hard, we resort to heuristic algorithms in order to be
able to find a solution to this problem.

As mentioned in Section 3, PicSys consists of multiple
stages. Initially, a decision is made to either offload the image
immediately to the cloud, or go through the Filtering Stage,
where accelerated processing takes place. At the end of this
stage, the device decides either to offload the image to the
cloud or to complete the processing locally. If the latter is the
case, the image undergoes the Selection Stage with expensive
processing. There are two possible outcomes from the last
stage: (i) upload the image to the cloud, with no further proc-
essing needed there, or (ii) discard the image.

5.2.1 Estimating the Cloud Completion Time

First, the device sends a request packet to the cloud and in
response gets the cloud queue size, qc. The device has knowl-
edge of the number of images in its local transmission queue,
qt, and can accordingly calculate image i’s transmission
queueing delay lti;m. Based on these values, the device esti-
mates the completion time of the head-of-the-queue image if
it is offloaded to the cloud. This estimate is given by:

ec ¼ lti;m þ cti;m þ ðqt þ qc þ 1Þ � cpu: (11)

Note that the term qc is the source of uncertainty in ec. Its value
can change from the moment the device sends the request
packet to the moment when the image arrives at the head of
the transmission queue, e.g., other images from other mobile
devices have arrived in the meantime and/or the cloud has
already processed the images that have been there.

5.2.2 Estimating the Device Completion Time

The device estimates its completion time based on both its
hit-rate and the number of images remaining in its decision
queue. A device is said to have completed its processing
when the last image in the decision queue is processed or
when the last positive image is offloaded/uploaded.

Let the number of images in the device’s queue be qm, and
let the hit-rate of the queried object in the given device be hm.
Assuming k1 and k2 are chosen such that the difference in
recall between the two stages is not high, the estimated com-
pletion time of the devicemwhen ctm > csm þ am þ bm can be
calculated as follows:

em ¼ ð1� hmÞ � qm � ðcsm þ amÞ þ csm þ am þ bm þ hm � qm � ctm:
(12)

If for the average transmission time of images it holds
that ctm � csm þ am þ bm, then

em ¼ ð1� hmÞ � qm � ðcsm þ amÞ þ hm � qm � ðcsm þ am þ bmÞ þ ctm:

(13)

In both aforementioned estimates, we account for the
worst case where the hits appear at the end of the local
queue. Since in Eq. (12) the transmission delay is the largest
delay component, the term csm þ am þ bm is not multiplied
by the number of images with hits, but appears only once
(corresponding to the first image with a hit). Likewise, in
Eq. (13), ctm is not multiplied by the number of images with
hits because the largest delay component is csm þ am þ bm.

When processing everything on the mobile device, the
worst case scenario is when the decision, for every image,
occurs only after the second stage. There are two extreme
cases corresponding to this scenario. In the first one, the trans-
mission time ctm is much higher than csm þ am þ bm, in which
case the completion time is approximately hm � qm � ctm, simi-
larly to Eq. (13). In the second extreme case, the values of
csm þ am þ bm are much higher than ctm, and the completion
time would have as the dominant component the term
qm � ðcsm þ am þ bmÞ, similarly to Eq. (12).

For all the more common non-extreme cases correspond-
ing to this scenario, we propose the following approxima-
tion for the completion time:

em ¼ qm � ðcsm þ am þ bmÞ þ wm � hm � qm � ctm; (14)

where wm is a “correction factor”, whose value is a function
of ctm, c

s
m, am, and bm. In almost all cases the value of wm is 0

or very small. Only when ctm > > csm þ am þ bm, the value
of wm is 1.

Note. In Eqs. (13) and (14), we drop the i index for csi;m, as
it represents the average scaling delay of an image on that
device. Similarly, ctm represents the average transmission
time of an image from devicem to the cloud.

5.2.3 Heuristic

We define the heuristic as follows:

� For each image in a device’s local queue, the Initial
stage and the Filtering stage perform the following:
1) The device calculates the estimated completion

time of the cloud ec, based on the value of qc it
receives, using Eq. (11).

2) The device calculates its local estimated comple-
tion time em using Eq. (12) or Eq. (13).

3) The device calculates the speedup ratio h ¼ ec
em
. If

h < 1 the image is offloaded to the cloud, else it
is processed locally.

4) Every image that reaches the Selection stage and
is labeled as a hit is uploaded to the cloud.

The logic for each stage is described in Algorithms 1 and
2. The complete heuristic is outlined in Algorithm 3. In the
remainder of the paper we refer to this as the time-heuristic.

Algorithm 1. INITIAL_STAGE_DECISION ()

1 calculate h ;
2 if h < 1 then
3 offload image;
4 else
5 accelerated-local processing;
6: FILTERING_ STAGE_DECISION ();
7 end
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Algorithm 2. FILTERING_ STAGE_DECISION()

1 if class of interest in top-k1 then
2 calculate h ;
3 if h < 1 then
4 offload image;
5 else
6 expensive-local processing;
7 SELECTION_ STAGE_DECISION ();

// if the class of interest in top-k2 then

upload image, else discard it

8 end
9 else
10 discard image;
11 end

Algorithm 3. Decision Process on Mobile Device

1 while there are images in the decision queue do
2 if lti;m � csi;m þ am then
3 accelerated-local processing;
4 if class of interest in top-k1 then
5 if lti;m � bm then
6 expensive-local processing;
7 if class of interest in top-k2 then
8 upload to cloud;
9 else
10 discard image;
11 end
12 else
13 FILTERING_STAGE_DECISION ðÞ;
14 end
15 else
16 discard image;
17 end
18 else
19 INITIAL_STAGE_DECISION ðÞ;
20 end
21 end

Note. Hit-rate is used to estimate the completion times,
and the completion times are used to make the decision on
the steps to follow in the system by each mobile user. When
it comes to using the hit-rate feedback, how often the system
sends a feedback to a user depends on how stable that pre-
diction is. In this paper, we use an average for the hit-rate.

5.3 Mathematical Formulation: Energy Constraints

In Section 5.1we have considered the problem ofminimizing
the completion time where the mobile devices are willing to
help without any conditioning on energy consumption.
However, there may be users who would be willing to help
but would like to limit their battery consumption for that
purpose. In this section we consider the problem where
every user has a finite amount of energy they are willing to
allocate for crowd-sourcing. To this end, we adapt the previ-
ous optimization problem, but adding the energy consump-
tion constraint.

Let am denote the percentage of battery the mobile device
m would be willing to spend on image detection. The per-
centage of energy consumed for image i on device m is
denoted as Ei;m. The new optimization problem becomes

minimize Tmax

subject to: ð1Þ; ð2Þ; ð3Þ; ð4Þ; ð5Þ; ð6Þ; ð7Þ; ð8Þ;
X

i2Im
Ei;m � am; 8m 2 M:

(15)

In Eq. (15), for Ei;m we have

Ei;m ¼ ð1� x1i;mÞcost1ðeÞi;m þ x2i;mcost2
ðeÞ
i;m þ x3i;mcost3

ðeÞ
i;m

þ x4i;mcost4
ðeÞ
i;m þ x5i;mcost5

ðeÞ
i;m:

(16)

Note that Eq. (16) is the energy counterpart of Eq. (10), and
because of that x1i;m; . . . ; x5i;m have the same meaning as in
the first optimization problem, whereas cost1

ðeÞ
i;m; . . . ; cost5

ðeÞ
i;m

represent the cost in terms of energy, corresponding to the
same stages as (time) costs cost1i;m; . . . ; cost5i;m in Eq. (10),
and are given as:

cost1
ðeÞ
i;m ¼ eti;m;

cost2
ðeÞ
i;m ¼ esi;m þ eam þ eti;m;

cost3
ðeÞ
i;m ¼ esi;m þ eam;

cost4
ðeÞ
i;m ¼ esi;m þ eam þ ebm þ eti;m;

cost5
ðeÞ
i;m ¼ esi;m þ eam þ ebm;

where esi;m is the energy cost (in %) of scaling image i on
device m, eam is the energy cost (in %) of the accelerated
CNN for device m, ebm is the energy cost (in %) of the
expensive CNN for device m, whereas eti;m (again in %) is
the cost of uploading image i from devicem.

Since the optimization problem with the energy con-
straints is essentially the extended version of the first opti-
mization problem, and we have proved that the latter is
NP-hard, adding a new constraint to it does not change the
NP-hardness. Hence, the new optimization problem is also
NP-hard. As a result, similarly to the first case, we will
resort to using heuristics for this case as well.

5.4 Proposed Heuristic: Energy Constraints

The overall goal of the energy-heuristic is the same as the
time-heuristic, but the energy-heuristic tries to ensure that
the largest amount of images on a device will be processed
before the battery budget is exhausted. At specific intervals
the device probes for remaining energy budget. Based on
the outcome, the device determines if it needs to choose
low-energy processing options, or can be more aggressive
and choose processing options that are of higher rate.

At each battery probe the heuristic works as follows:

� The mobile device checks to see if it has enough
remaining energy in its budget to process all unpro-
cessed images locally; this is the worst case energy
processing scenario. If so, the device can run the time-
heuristic without concern for energy because it has
sufficient energy to complete the task regardless of the
processing decisions.

� If there is not enough energy to process all images
locally, in lines 2� 8 of Algorithm 4, the device checks
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to determine if there is enough energy to offload all
unprocessed images. If not, the devicemay not be able
to process all images before exhausting its budget. In
this case it checks to see the energy required to offload
all remaining images, or execute the accelerated CNN
only on all images, and chooses the cheapest option
which will likely result in the most images being proc-
essed. This will depend on the type of wireless inter-
face being used.

� If the device does have enough energy to offload all
the images, the algorithm is more aggressive. The
device first determines how many images can be
fully processed locally using its remaining energy,
which is the worst case energy scenario, and if it can
process at least one, it sets the probe window to this
size and runs the time-heuristic. If it does not have
enough energy to process a single image locally, it
determines the number of images it can process
using only the accelerated CNN. If it can process at
least one, it sets this value to the next probe window
and runs the time-heuristic. If there is not enough
energy to perform the accelerated CNN on a single
image, then all images are offloaded.

Algorithm 4 shows the logic at each energy probe. Simi-
lar to Section 5.2, we drop the index i for the costs, as it rep-
resents the average values. In the remainder of the paper we
call this the energy-heuristic.3

Algorithm 4. ENERGY_ PROBE()

1 if Er
m < num_imgs �ðesm þ eam þ ebmÞ then

2 if Er
m < num_imgs �etm then

3 if num_imgs�etm < num_imgs�ðesm þ eamÞþnum_hits�etm
then

4 ALL OFFLOAD;
5 else
6 ALL ACCELERATED ;
7 end
8 next_probe=window_size;
9 else
10 if

Er
m

esmþeamþebm
> 1 then

11 next_probe=maxð Er
m

esmþeamþebm
,window_size);

12 TIME_HEURISTIC();
13 else
14: if

Er
m

esmþeam
> 1 then

15: next_probe=maxð Er
m

esmþeamþebm
,window_size);

16: restrict local processing to accelerated only;
17: TIME_HEURISTIC()
18 else
19: ALL OFFLOAD;
20 end
21 end
22 end
23 else
24: TIME_HEURISTIC();
25 end

5.5 Design Considerations

We consider next the design related issues of energy prob-
ing and the number of cloud tokens.

5.5.1 Energy Probing

In our heuristic the algorithm probes the device for the
remaining energy. Since battery percentages are represented
in integer values, we choose our probing window accord-
ingly. We estimate the amount of images a device can locally
process using 1 percent energy and set that to be the window
size:

window size ¼ 1

esm þ eam þ ebm þ etm
: (17)

5.5.2 Cloud Tokens

When evaluating the performance of PicSys it becomes
apparent that at the start of a query every device views the
cloud as being unloaded, i.e., has a snapshot of a small qc,
and starts by offloading too many images. This leads to
overloading the server, especially in cases where the num-
ber of devices is large, and the number of images on each
device is small.4 To prevent this, at the beginning of the pro-
cess we calculate a number of tokens and assign them to
each device to control their upload rate. The device will
only make the decision to offload if there is an available
token, otherwise it will do local processing. If jImj is the total
number of images in device m, the number of tokens is cal-
culated as

num tokens ¼ maxm2M jImjam

cpu
: (18)

The usefulness of tokens in practice is elucidated later in
Section 6.2.3.

5.6 Complexity

The running time of the algorithm on each device increases
linearly with the number of images, i.e., it is OðnÞ, where n
is the number of images on the device. The reason for this is
that in every step of Algorithms 1, 2, and 3 only constant
number of operations are performed. The energy-aware
algorithm has the same complexity, i.e., OðnÞ, as it follows
the time-heuristic with additional energy comparisons and
restrictions, all of which induce constant number of opera-
tions in each step.

6 EXPERIMENTAL EVALUATION

We evaluate our algorithm using both experiments and sim-
ulations. Due to the complexity, we are only able to find the
optimal solution for cases with a small number of users.

In order to evaluate our heuristics, we introduce an ideal-
ized look-ahead algorithm, which has future knowledge of
the truth values for every image as well as exact processing

3. The energy-heuristic tends to follow the decisions of the time-heu-
ristic whenever there is enough residual enrgy for crowdsourcing in the
smartphone.

4. Since distributing the tokens makes sense only for a small number
of images on each device (for a large number of devices), the energy
consumption on every device is negligible in these scenarios. As a
result, this approach is oblivious to the residual energy left on devices
for crowdsourcing.
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and scaling times. We assume the look-ahead algorithm acts
as an oracle, which is able to correctly predict the overall out-
come of all the images. Note that the performance of the
look-ahead algorithm is not achievable in practice. Unless
stated otherwise, we will be using the same CNNs as those
described in Section 4. In this section, all processing times
and energy costs are based on our experimental results.

6.1 Baselines

We compare our heuristic with the optimal, the look-ahead
algorithm, and the following three standard algorithms:

� All-device: All images are processed locally on the
mobile device where they are originally stored. Then,
every image that is positively classified is uploaded to
the cloud.

� All-cloud: All images are immediately offloaded to
the cloud for processing.

� Greedy: Every mobile device makes a greedy choice of
whether to process the image at the head of its queue
locally, or offload it based on the device’s estimated
completion time, and the completion time of the image
if offloaded, assuming the image does not incur any
queueing delay on the cloud.

6.2 Simulation Results

In this subsection, first, the performance of the time-heuris-
tic is compared to the optimal solution for a small system.
To do this in a controlled environment, we use a simulation.
Then, we present the details of the testbed implementation,
which is succeeded by results on a larger system via simula-
tion, using values obtained from our experiments. We then
proceed with comparisons to the case where the system is
heterogeneous. After that we compare to no-filtering stage
algorithms. Finally, we show some results when energy
consumption is considered.

As a final note, unless stated otherwise, we assume a sys-
tem of homogeneous devices in the scenarios to follow in
this section. Hence, in those cases, we will mostly skip using
the indexm to simplify the notation.

6.2.1 Comparison to Optimal

We start by comparing our heuristic to the optimal solution
for a small system of three devices. Because this is a simula-
tion of a small number of devices and images, we only use
the time-heuristic and do not consider energy. The system
parameters are as follows: jMj ¼ 3, jIj ¼ 10; 4; 6f g, and
h ¼ 0:2; 0; 0:5f g for each device, respectively. The other
parameters are �Bi ¼ 800 kB, rm ¼ 20 Mbps, a ¼ 0:3 sec/
img, b ¼ 0:6 sec/img, cpu ¼ 0:01 sec/img, and csi ¼ 0:05 sec/
img. Assuming 0 is a miss and 1 is a hit, an example of truth
values for each device are: Dev-1: {0,0,0,0,1,0,0,0,1,0}, Dev-2:

{0,0,0,0}, Dev-3: {0,0,0,1,1,1}. Table 2 illustrates the comple-
tion time for all the algorithms.

To get more insights, we look at the decisions made by
our heuristic and see why it deviates from the optimal.
Table 3 shows the decisions each device makes in both the
optimal and heuristic. We note that the optimal can be
reached using various decision sequences; we only show
one of them.

The decisions in the table correspond to stage-decision,
where i refers to the Initial stage, f is the Filtering stage, and
s is the Selection stage. The possible decisions are to offload
-off-, upload -up-, or discard -disc-. This notation will be
used throughout the remaining of the paper.

For the heuristic, as the cloud is initially empty, and there
are available tokens, all devices start by offloading. When
the devices reach the third image in their local queues, the
local transmission queue starts to grow, pushing devices to
start processing locally. Taking a closer look at Dev-3, which
is the slowest device in the system, the main cause of the
delay is the choice made for image5. When the initial deci-
sion is made, the transmission cost is greater than the accel-
erated processing time, and the device chooses to start local
processing. However, given that image5 is a hit, it will not
be discarded after the Filtering stage. After that, the trans-
mission queueing delay gets lower and image5 is offloaded
to the cloud for further processing. In this scenario, image5
still incurs the transmission delay, causing an unnecessary
delay in the process initiation of image6.

6.2.2 Testbed Implementation

We implemented PicSys on a testbed of three Samsung Gal-
axy S9 mobile devices and a server with NVIDIA GTX
TITAN X. The devices are connected to the cloud through
Wifi. All devices and the cloud are using Caffe models. The
expensive CNN is GoogLeNet, and for the accelerated CNN
we use SqueezeNet. The Caffe models are pre-installed on
the devices and their size is 25 MB and 3 MB, respectively.
We queried for all images containing cars. Every device has
112 images, with a total of jIj ¼ 336 images in the system.
The hit-rate is h ¼ 0:25, and the false positive rate
FPR ¼ 0:166. The transmission rate is 8 Mbps. We run the
all-device, all-cloud and the time-heuristic and observe that
our proposed heuristic outperforms the other approaches.
Namely, our heuristic is 3:4� faster than all-cloud and 2:3�
faster than all-device. In the case of all-cloud all 336 images
are initially offloaded to the server and processed there,

TABLE 2
Completion Time [sec]

opt look-ahead heuristic greedy all-device all-cloud

1.74 1.74 1.83 1.98 4.5 2.86

TABLE 3
Decision Trace
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giving an average system completion time of 51.015 sec. For
all-device, all images are processed locally on the device
and 42 images are uploaded to the server as positive images,
with an average completion time of 35.7 sec. The time-heu-
ristic has the smallest average completion time of 14.99 sec.

The number of images in each stage, for the time-heuris-
tic, is shown in Fig. 7a.

In the previous scenario the total number of images in the
systemwas fixed (336). Next, we consider how the makespan
of the system changes as a function of the total number
of images in the system. The other parameters remain
unchanged. Fig. 7b illustrates that dependency for the three
possible approaches. By varying the number of images in the
system we can see that, as expected, with the increase in the
number of images the completion time increases as well.
From Fig. 7b it is clear that our heuristic outperforms both all-
cloud and all-device. All-cloud has the largest completion
time. As the number of images increases, there is a significant
increase in the savings provided by the time-heuristic.

It is important to note that the code used in the system
implementation is similar to the code used for the experi-
mentation results shown in Section 4.

6.2.3 Larger Systems

In this section we use the measurements from the testbed to
simulate a large-scale system in a controlled environment.
We first consider the time-heuristic. We generate images
with various sizes following a normal distribution Nðm; sÞ.
Based on the results of Section 4.1, we use the following
equation to calculate the scaling time of the images:
csi ¼ 0:033 �Bi þ 0:031. The transmission rates between the
mobile devices and the cloud are set using a uniform distri-
bution in the range [grm; rm], where g < 1. The processing
rates using accelerated processing and expensive processing

are set uniformly and randomly in the range [ga;a] and
[gb;b], respectively. The processing rate on the cloud is also
subject to a uniform distribution in the range [gcpu; c

p
u].

To match our implementation in Section 6.2.2, we choose
Squeezenet as the accelerated CNN, and GoogLeNet as the
expensive CNN.

We consider one cloud. Unless stated otherwise, the sys-
tem parameters for the simulation are: jMj ¼ 20, h ¼ 0:25,
m ¼ 1 MB, s ¼ 800 kB, rm ¼ 10 Mbps, a ¼ 0:2 sec/img,
b ¼ 0:4 sec/img, cpu ¼ 0:01 sec/img, g ¼ 0:6. For a choice of
k1 ¼ 5, k2 ¼ 3, the corresponding true positive rates are
TPRa ¼ 0:81, TPRb ¼ 0:82, whereas the false positive rates
are FPRa ¼ 0:0035 and FPRb ¼ 0:0017, respectively. It is
worth mentioning that the processing times, FPR and TPR,
are based on experimental results. The results of the simula-
tion are obtained by averaging over 100 independent runs.
In the following, we will get more insights by varying dif-
ferent system parameters.

Fig. 8a shows the comparison among all the algorithms.
We can see that as the number of images in the system
increases, the completion time increases, too. However, all-
cloud has a higher growth rate caused by the larger queue-
ing delays at the cloud. The heuristic has the slowest growth
rate and is closest to the look-ahead algorithm.

All-cloud and all-device never do better than the heuris-
tic. When the optimal solution is to perform all-cloud or all-
device, the heuristic does so. For better visualization, we
exclude these two algorithms from the remainder of the
figures.

Interestingly, even at very high transmission rates, the heu-
ristic still results in some images being locally processed on
the device. Fig. 8b shows that even at higher transmission
rates, the processing rate of the cloud is not high enough to
eliminate the cloud from being a bottleneck. On the other
hand, at very low transmission rates, the best solution is for
the majority of the images stored on mobile devices to be
locally processed, and that is what our heuristic does.
Although the heuristic and look-ahead curves look the same
in the low rate region, they are not. E.g., at 8 Mbps the delay
for the former is 32.7 sec, whereas for the latter it is 27.5 sec.

When varying the hit-rate in the system, all-cloud remains
constant as all images are initially offloaded regardless of their
truth values. All-device increases linearly since there is ini-
tially a constant cost of accelerated local processing that takes
place regardless of the hit-rate. As the hit-rate increases, the
number of images that go to expensive processing and are
uploaded to the cloud increases. Since the heuristic integrates
the hit-rate into its decision making process, it reaches look-

Fig. 7. Implementation results.

Fig. 8. Simulation results: Time-heuristic.
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ahead in both extreme cases of a hit-rate of 0 and 1, as illus-
trated in Fig. 8c, whereas other algorithms fail to do so.

In general, we see that our heuristic outperforms the base-
lines and reaches the look-ahead in different cases. The number
of devices used for the evaluation in this section was chosen
to depict clearly the performance differences. Nevertheless,
we have also run simulations with larger number of devices
with similar conclusions drawn. E.g., in a system with 200
devices PicSys performs better than the other algorithms, and
is only 3 percent worse than the look-ahead algorithm. In gen-
eral, the system is aimed for a large number of users.

Finally, to demonstrate a case of the usefulness of tokens,
we use the same setting as before in this section. For 100
devices, each of which contains 4 images, the cloud calcu-
lates that there should be around 75 tokens (according to
Eq. (18)). The devices with the highest bandwidth receive
these tokens (since they can utilize them faster than the
other devices). As the tokens limit the initial offload, we
obtain a completion time of approximately 4 sec. In the
absence of tokens, devices initially see an empty cloud and
offload immediately, increasing the completion time on the
cloud. In that case, the system completion time is about 6
sec, which shows that in this case using tokens reduces the
system completion time by 33 percent.

6.2.4 Heterogeneous Systems

Next, to show that our algorithm is resilient to heterogeneity
of devices and variations in parameters, we ran a simulation
similar to that of Section 6.2.3 using 20 heterogeneous devi-
ces. These devices are grouped into four groups of five devi-
ces with the same characteristics. Different groups differ in
processing rate and network bandwidth. Table 4 illustrates
the results of our simulation. To highlight the differences,
we assume a network with new devices and old devices,
that are half as fast, as the clock speed for phones has almost
doubled in the past years [23], [24]. We assume devices are
in different locations, hence a variation in bandwidth. For
illustration purposes, we use a factor of two i.e., alow ¼ 2a,
blow ¼ 2b, rlow ¼ rm

2 , and ahigh ¼ a, bhigh ¼ b, rhigh ¼ rm.
Table 4 shows the average number of images processed

at different stages for each device in the four different clas-
ses.Devices with higher bandwidth tend to offload more
than other devices. Devices with high processing capabili-
ties process more images locally than devices with lower
processing rates and similar bandwidth. The devices with
low bandwidth and low processing rates become the bot-
tleneck, even as the heuristic reduces their completion
times, compared to other algorithms. The completion time
of the cloud in the system is 54.57, 64.51 and 160.17 sec for
the heuristic, all-device and all-cloud, respectively.

6.2.5 Comparison to no-Filtering Stage

One of our main contributions is the addition of an interme-
diate, accelerated-processing, stage that acts as a filtering
stage. In this set of simulations, we study the difference in
completion times between our three-stage model and a
“normal” two stage model, where there is no Filtering stage.
In the second case, a mobile device initially makes the deci-
sion based on the network conditions, cloud backlog and
hit-rate, and that decision is to either offload the image or
process it locally. An image, if locally processed, has to go
through all the layers of the CNN, since there is no acceler-
ated CNN. To study the benefits of adding a Filtering stage,
we run the same set of simulations by varying the system
parameters. Our model outperforms the standard two-stage
model in all cases.

Fig. 9 shows that when using three-stages the completion
time reduces by 35 percent; that decrease comes at a cost of
less than 1 percent in recall. The gap between the two mod-
els increases as the hit-rate decreases. At low hit-rates, more
images are processed locally. Many images are discarded in
the Filtering stage and do not go through the expensive
CNN, which results in time savings, as well as leads to the
small decrease in recall.

Similarly, when the number of images in the system
increases, given a fixed hit-rate, the number of negative
images is going to increase. As a result, those images can be
discarded after the Filtering Stage, leading to an increase in
savings when using our three-stage model. From these
results, we can clearly see the advantage of adding an intermedi-
ate decision stage, and having the option to offload later if the
network or cloud conditions change.

The system in [25] has goals similar to ours but is geared
towards video processing. It proposes an adaptive algorithm
that attempts to reduce the completion time of processing vid-
eos across devices by assigning some videos to be processed
in a cloud, and others locally on the devices. We adapted this
system to process images instead of videos to provide a fair
comparison. The key idea in the algorithm in [25] is to deter-
mine which devices have the longest expected completion

TABLE 4
Heterogeneous System

bandwidth r processing a; b images per stage device completion time [sec]

i-off f-off f-disc s heuristic all-device all-cloud

high high 19 5 66 10 27.748 35.424 80.07
high low 31 12 56 1 35.8 63.16 80.07
low high 4 1 76 19 37.83 42.964 160.07
low low 15 4 68 13 51.802 63.542 160.07

Fig. 9. Three versus two stage.
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time, and assign these to the cloud to reduce the overall sys-
tem completion time. Unlike PicSys, the system in [25] does
not consider the hit rate, the fact that images that have the
object of interest must be uploaded to the cloud even if they
are processed locally on the mobile device, or energy. From
Fig. 10, it can be seen that PicSys does 44 percent better than
[25]. This reduction in completion time is due to accounting
for the hit-rate and the introduction of a higher speed filtering
stage. We also show that even in the absence of a filtering
stage the two-stage algorithm of PicSys still performs better
than [25] by about 15 percent.

6.2.6 Simulation Results - Energy

In this set of simulationswe analyze our energy-heuristic algo-
rithm and highlight the important results. We consider user
thresholds of 1, 2 and 3 percent of total energy to be used for
this application. Unless stated otherwise, the distributions and
parameters for the simulations are similar to Section 6.2.3. The
new parameters are: es ¼ 0:00016%/img, et ¼ 0:0006%/img
for a 12 Mbps Wifi connection, et ¼ 0:0032%/img for LTE
with the same throughput, ea ¼ 0:0037%/img and eb ¼
0:0103%/img. There are ten devices (jMj ¼ 10), and jIj ¼
10; 000.

Fig. 11 illustrates the completion times for the energy-
heuristic in three different cases: Wifi network with devices
using 1 percent of the total battery for crowd-sourcing each,
Wifi network with devices using 3 percent battery for
crowd-sourcing, and an LTE network with devices using
3 percent battery for the same purpose. From Fig. 11 it
can be observed that in the Wifi scenario of 3 percent for

crowd-sourcing the energy is sufficient and the devices
follow the time-heuristic.

Having considered the effect of the maximum energy for
crowd-sourcing, we proceed with looking at the distribution
of stages at which the decisions are being made. In that direc-
tion, Fig. 12 depicts the number of images that go through
each of the system’s decision stages. The stages in the x-axis
are as follows: 1:Initial-offload, 2:Filtering-discard, 3:Filtering-
offload, 4:Selection-discard, 5:Selection-upload, 6:Image-not-
processed.

As expected, the time-heuristic with no power budget has
the shortest completion time. The higher the available energy,
the closer the energy-heuristic is to the time-heuristic. When
using Wifi, the stricter the energy constraint, the more initial-
offloading, as shown in Fig. 12. With the strict energy con-
straint (1 percent), the system completes 86 percent of the
images. When using the time-heuristic with the 1 percent
energy constraint, only 51 percent of the images are processed,
because the time-heuristic does not consider the energy bud-
get. This illustrates the effectiveness of the energy-heuristic.
We have also observed that in the 2 percent-case (not shown
in Fig. 12), the device is able to process all the images, but is
1:3� slower than the time-heuristic.

On the other hand, when using LTE, the cost of offloading
becomes expensive and a 3 percent energy constraint is not
sufficient to follow the time-heuristic, as in the case ofWifi. In
Fig. 12 we see that at a restrictive energy constraint, LTE does
more local processing than initial-offload, as opposed toWifi.

To summarize, in energy-constrained cases, there is a
tradeoff between completion time and the amount of images
processed.

7 RELATED WORK

Systems and techniques for computation offload have been
long researched due to their promise in minimizing either
mobile power consumption, or total computation time, or
both. In that direction, Hermes [26] formulates an NP-hard
problem to minimize the application latency while meeting
prescribed resource utilization constraints and proposes a
novel fully polynomial-time approximation scheme. In [27],
authors optimize computation offload via distributing
workload among multiple servers in a cloud. Glimpse [28]
is a real-time object recognition system; it does local track-
ing and video labeling, and only sends frames that are likely
to have new information to the server for object recognition.

Fig. 10. Comparison of PicSys to [25].

Fig. 11. Energy-heuristic: varying am.

Fig. 12. Decision stage distribution.
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Some video and image distributed crowd-sourcing sys-
tems have been proposed. Vigil [29] builds a video surveil-
lance system that analyzes images from a number of cameras,
leverages edge computing and only uploads a fraction of non-
redundant videos, thereby optimizing bandwidth consump-
tion. SmartEye [30] does image search and mines images to
find image similarities and only uploads unique images via
in-network deduplication. Neurosurgeon [31] dynamically
partitions DNNs to move part of the processing to the edge,
aiming to achieve low latency or energy consumption. The
minimization is done for a single device only. A similar setting
as ours is considered in [25] and [32], but the choices of proc-
essing is restricted to either local processing or offloading.

In [33] and [34], the block mining process in exchange for
monetary rewards is considered, where different incentive
mechanisms that preserve privacy in crowdsensing applica-
tions are proposed. We assume voluntary participation in
our work, but we can capture the case with incentives as
well. This is beyond the scope of our work.

Early classification was studied in previous work such as
Branchynet [35], where the authors propose using dynamic
graphs with the addition of side branches to a linear CNN to
allow early exit, based on a confidence metric to reduce infer-
ence cost. In [36], the system named Blockdrop is proposed to
speed up ResNet by dynamically choosing which blocks to
execute, while maintaining similar accuracy to the original
ResNet CNN. Techniques such as pruning are also proposed
to reduce network sizes and enabling them to run faster and
lighter on mobile devices. In [37], there is a layer-by-layer
pruning, which reduces the network size, using energy esti-
mation. Energy estimation is performed based on data move-
ment in the memory and the number of multiply and
accumulate (MAC) operations, aswell as data sparsity.

It is not straightforward to compare these systems in a
unified network setup. Our system is not built for a specific
CNN to be used, and as more research is developed, new
techniques such as [8], [35], [36] and [37] to save on both
energy and time are suitable for use. In our paper we chose
to use GoogLeNet [7] and partition it, as an example of early
exit and Squeezenet [8] as an example of a compressed
model. Similar to BranchyNet [35], we utilize the early
learned features to get a prediction from early stages. As
GoogLenet is a well-developed CNN, by using the caffe [11]
framework it is easy for us to control our experiments and
deploy the models on different platforms. We also show the
effects of choosing the top-k values at each stage, and how
that choice affects both accuracy and latency of the system.

More related works to ours are MAUI [38], Odessa [39],
CloneCloud [40], ThinkAir [41], which perform fine-grained
partitioning and code offload to minimize energy consump-
tion and total execution time. Their primary focus is on
enabling code-offloadwithminimal changes to applications.

The principal goal in [38] is to minimize energy consump-
tion of mobile applications subject to latency constraints. The
authors have shown thatwhen there is a goodnetwork connec-
tion, there is an improvement in execution time. However, the
system incurs a large overhead in 3G. The main feature of the
algorithm is that the programmer marks the portions of the
code that can be run remotely. The server has a MAUI coordi-
nator, themobile device and the server both have a proxy, pro-
filer and solver. The profiler calculates the runtime and energy

cost for each method, as well as the other network parameters.
The main limitation of [38] is that it aims to optimize for a sin-
gle mobile device only. As opposed to [38], PicSys is run on a
large number of deviceswhere bothWifi and 4G interfaces can
be used to send the images to the server. The other difference is
in the objective function; the objective in [38] is to minimize
energy consumption, while in PicSys we minimize the system
completion time, given energy constraints.

Another work similar to ours is [39]. It uses code offload-
ing, pipelining, and data parallelism to optimize for themake-
span (execution time for a frame) and throughput (the rate at
which frames are processed). This system operates in the fol-
lowing way: It divides tasks into the compute stage or net-
work stage. In the former, the system calculates the estimated
cost of offloading the stage or the estimated cost of spawning
more works. In the latter, the estimated cost of offloading the
source stage and the estimated cost of offloading the destina-
tion stage are calculated. The evaluation is performed on a
netbook, laptop and a server, and the evaluation algorithms
used are all-offload, domain specific (where the application spec-
ifications and developer’s input are used to identify compute-
intensive stages that can be offloaded to the server), and an off-
line optimizer (this is an oracle similar to our look-ahead algo-
rithm). The objective in [39] is to minimize the completion
time of a single device with no energy consideration. As
opposed to [39], which does not consider energy consump-
tion, PicSys is energy-aware, and minimizes the completion
time of the entire system.

CloneCloud [40], built on [38], uses application VM clones
at the server and partitions applications automatically. The
objective is to minimize the completion time of the device.
The main difference with PicSys is that this system focuses
only on minimizing the completion time of only one device,
whereas PicSys considers the entire system.

The system in [41], named ThinkAir, is used for similar
applications. The main objective is to improve the perfor-
mance through cloud computing, and dynamic scaling of
computational power. The experiments were run based on an
execution time policy with a boundary input value, which is
theminimumvalue for input parameters forwhich offloading
would be beneficial. The scenarios used are local processing
on the phone, and sending to the cloud through Wifi and 3G.
The evaluation is performed on a single device and on a single
cloud. Again, as in the other related works, this system is run
on a single mobile phone and optimizes the completion time
of that single phone, as opposed to PicSys in which even large
systems (with hundreds of phones) can be used and the over-
all performance optimized.

While PicSys uses offloading for crowdsourcing applica-
tions, as several of the other references, there are some key dif-
ferences. Most importantly, PicSys considers the entire
system, not a single device. It also collects all positively identi-
fied data, as opposed to simply labeling or processing data.
PicSys optimizes for latency subject to energy constraints. If
we were to optimize for a single device in a setting where the
offload incurs a large cost, the results would lean towards
processing all or most data locally. However, since in PicSys
the positively classified data have to be uploaded to the cloud,
PicSys finds better solutions, which are not found by other
systems mentioned here. Similarly, in cases where devices
have high bandwidth, systems optimizing for a single mobile
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device result in all-offload ; we have shown that such choice is
not always optimal, given the backlog created on the server.

8 CONCLUSION

This paper presents the design of PicSys, a system for effi-
ciently searching for images over a set of mobile cameras. We
formulate two problems: one that is energy-oblivious and the
other that is energy-aware. Since the problems are NP-hard,
we propose low-complexity distributed online heuristics to
optimize for the makespan. We show using experiments and
simulations that the performance of the heuristics approaches
that of a look-ahead oracle and performs better than other
standard algorithms. In future, we plan to consider the system
design when user mobility is involved. Potential future work
includes the incorporation of caching mechanisms and CNNs
that are not pre-trained.
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