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ABSTRACT
Photos obtained via crowdsourcing can be used in image sensing
for disaster management. Due to the weak communication environ-
ment after a disaster, it is difficult to transfer the huge amount of
crowdsourced photos. To address this problem, we propose COCO,
a content-aware crowdsourcing system that leverages edge com-
puting to support real-time image sensing in disaster environment.
COCO filters the crowdsourced images at the data source and only
uploads the images that contain relevant objects which the applica-
tion is interested in. We use a machine-learning based computer
vision detector to understand the content of images. Considering
the resource constraints of mobile devices, we implement the com-
puter vision detector at the edge server which located in the close
proximity to data source. As the unstable network bandwidth is nor-
mal in disaster environment, we propose an adaptive mechanism
to further improve the sensing performance. We have implemented
the COCO prototype which is evaluated via a real-world dataset.
The experimental results demonstrate the effectiveness of COCO.
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1 INTRODUCTION
During times of disaster, people often take photos to document
and make sense of these events. The photos are full of sensing
information, such as the surroundings and individuals, road condi-
tions, that present the real situations and provide vivid description
of in-situ objects[7]. So, crowdsourcing for image sensing is im-
portant and helpful to support disaster recovery and emergency
management[1]. For example, crowdsourcing has been applied in
the Haiti earthquake to collect images of disaster scenes, and the
images are stitched into a zoomable panorama as a new map in the
disaster areas[4].

Although the image-based information is beneficial for disaster
management, the image sensing via crowdsourcing fails to effi-
ciently support the disaster management due to twomain limitation.
1) Strict Bandwidth Constraint. The network bandwidth becomes
very limited in capacity, which is caused by the destruction of com-
munication infrastructure. Though there are some schemes[2, 5]
to remedy the network communication, the bandwidth bottleneck
still remains. 2) Slower Uploading Speed. Under the limited net-
work bandwidth, users will spend more time on uploading images.
The slower uploading speed makes the real-time image analytics
difficult to realize. Moreover, the longer transmission time will cost
higher energy which is the most precious resources for mobile
devices in disaster environmen [9].

A large number of crowd-sourced images provide no useful infor-
mation for the applications of image sensing. For example, People
Locator[14], a face recognition based Lost People Find application,
collected 15,000 crowd-sourced images of survivors during Haiti
earthquake. The image uploading of this application is no con-
straints, so many images of survivors contain zero face, or contain
partially occluded, turned-away, damaged faces. Human is hard to
identify the people in these images, let alone the face recognition
algorithm. Image crowdsourcing mainly aims to provide sensing
information for a certain application. Collecting the images contain
no useful information consumes the limited resources and is not
helpful to the application. Hence, the applications of image sensing
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require a system to provide crowdsourced images which contain
relevant objects that the application is interested in. For example,
if there is a system which guarantees the crowdsourced images
uploaded to the People Locator must contain one or more faces,
many images will not be transmitted through the weak network.
However, to achieve the goals of the content-aware system, there
are several challenges to address.

• The computing resources of mobile deviced is limited. We
should use machine learning based computer vision detec-
tors, such as object detection, to understanding the con-
tent of each image rather than relying on humans. Most of
computer vision detectors are based on a deep neural net-
work which is known for pushing traditional computing
systems to their limits and requires the GPU acceleration to
get the best performance. Smartphones are often resource
constrained in terms of processor and memory capacity. Pro-
cessing computation-intensive tasks need to be assisted by
external computing resources.
• The network bandwidth is not stable in disaster environ-
ment. With the begin and end of the network congestion,
the bandwidth varies a lot. In this environment, improving
the performance efficiency of COCO needs a careful design.
The computer vision detectors may become the bottleneck
of our processing pipeline when the network is idle. The net-
work might also become the bottleneck during the network
congestion.
• The computer vision detectors are not entirely accurate.
Some images may meet the content constraints, but not
be uploaded to the cloud. This is caused by the fault judg-
ment of the computer vision detectors and leads to some
degree information loss. Though the content constraints can
improve the uploading speed, the side effect of information
loss should not be ignored.

To address these challenges, we propose a content-aware system,
called COCO, to collect images in disaster environment. COCO can
constrain the content of crowdsourced images, and images which
not satisfy the constraints will not be uploaded to the application
in the cloud. Moreover, by monitoring the changes of bandwidth,
COCO adaptively adjust its behaviors to obtain the fastest uploading
speed. COCO also limited the upper bound of information loss when
optimizing the uploading speed. To achieve these design goals, we
have the following contribution.

• To solve the resource constraint in mobile devices, COCO
proposes an edge-based model to constrain the content of
images uploaded. This model uses the Mobile Edge Comput-
ing technologies to provide powerful computing resources
at the proximity of the data source.
• To optimize the uploading speed under different bandwidth,
we find the optimal processing speed of the computer vision
detectors under a fixed bandwidth and propose an adaptive
mechanism to make the process speed optimal with band-
width variation.
• We have implemented the COCO prototype and evaluated
its performance by using a real-world image set. The exper-
iment demonstrates that COCO can constrain the content

Figure 1: Emergency Communication System in Disaster

of images uploaded to the cloud and control the informa-
tion loss within the limit. Moreover, the adaptive mechanism
speeds up the image uploading by 21% ∼ 35%, compared with
the system without the adaptive mechanism.

The rest of this paper is organized as follows. Section 2 and 3
respectively describes the background and architecture of COCO.
The design details of COCO are described in Section 4. We evaluate
the performance in Section 5. Section 6 discusses the related work
and Section 7 concludes this paper.

2 BACKGROUND
Ground infrastructures are often damaged and rendered useless
during natural disasters, and it could be many days or weeks before
these can be repaired. In this environment, emergency commu-
nication is widely used to keep the communication running[8].
The emergency communication system in disaster environment
is shown in Fig 1. Emergency communication devices, such as
emergency communication vehicle (ECV), can provide the radio
access network(RAN) for user access, and the backend network
(BN) between the ECV and cloud usually uses satellite communi-
cation or microwave communication which is not affected by any
localized condition. Supported by the state-of-the-art radio inter-
face technologies, the bandwidth of RAN can easily achieve high
bandwidth[13]. However, the BN should transmit data over a long
distance, so the bandwidth of BN is hard to improve[10]. The BN is
the bottleneck of the emergency communication.

Mobile Edge Computing[6] is a new technology and has got fast
development during this year. Mobile Edge Computing provides
an IT service environment and cloud-computing capabilities at the
edge of the mobile network, within the RAN and in close proximity
to mobile subscribers. Supported by the mobile edge computing
technology, the ECV can be changed to include computation mod-
ules such as localized processing and content storage. So, with the
help of Mobile Edge Computing, mobile devices in disaster envi-
ronment can use the powerful computing resources in the ECV to
process the computation-intensive tasks.



3 EDGE-BASED DATA COLLECTION
ARCHITECTURE

Wepropose a novel system architecture to collect the crowd-sourced
images that contain specific contents from the smartphones. The
architecture is based on the mobile edge computing technologies,
so the computer vision detectors can be implemented in the ECV
and the images that not contain the specific contents will not be
delivered to the cloud through the backend network.

The architecture is shown in Figure 2. The smartphones com-
press the images and upload the images through the ECV. In the
ECV, every network connection between smartphones and ECV has
a queue to buffer the uploaded images. The Device Comm receives
the images and sends them to the queue. When the queue is full,
the Device Comm will stop receiving images until the queue has
free space again. The Detector is the computer vision detectors
to classify the images based on whether the images contain the
specific contents. The images that contain the specific contents
will send to the Comm Module for delivering to the cloud through
backend network. COCO sets a buffer between the Detector and
Communication Module in order to overlap the communication
with computation. Many users may simultaneously upload images
through the ECV, so a polling mechanism is used to allocate pro-
cessing time in each image queue and every queue will be allocated
the same time slice. The emergency communication devices provide
public network access, so the Comm Module shares the bandwidth
of backend network with other applications. The saved bandwidth
of COCO can be provided for other applications, and the available
bandwidth is also influenced by other applications in a period of
peak demand.

The controller, listener, and detector set make up the adaptive
mechanism in COCO. This mechanism aims to make the system
get the best image uploading speed under the changes of network
bandwidth. We will introduce the mechanism in detail in the next
section.

4 DESIGN DETAIL
The network bandwidth between the ECV and cloud is unstable in
the disaster environment, which hardly influences the performance
of COCO. For further improving the performance, we optimize the
system from details and propose an adaptive mechanism to adjust
our system to changes of bandwidth.

4.1 Detector Set
As described in Section 3, the available bandwidth of our system is
influenced by other applications that communicate with the outside
through the ECV. In a period of peak demand, the backend network
will be congested and the available bandwidth drops significantly.
Similarly, in the idle time, the available network bandwidth will
also increase.

Under different bandwidth, the bottleneck of the processing
pipeline may different. When the network congestion occurred and
bandwidth significantly dropped, the bottleneck of the processing
pipeline is the network bandwidth. However, when the networkwas
idle and the bandwidth increased, detection speed of detector may
become the bottleneck. If the bottleneck is the network bandwidth,
reducing the size of data transmitted can improve the uploading

speed. If the detection speed is the bottleneck, speeding up the
detector can improve the uploading speed.

Increasing the threshold of the detector can reduce the size of
data transmitted, but sacrifice the recall. Lower recall means more
information loss, so it is not a good method. Instead, increasing the
accuracy of the detector also can reduce the size of data transmit-
ted without reducing the recall, because more accurate detector
achieves higher precision when getting the same recall. So, COCO
needs methods to increase the detection accuracy and speed.

COCO uses a speed-accuracy trade off as the method to increase
the detection accuracy and speed because COCO does not simul-
taneously need both high detection accuracy and high detection
speed. When the network congestion occurs, the system needs
the high detection accuracy rather than the high detection speed,
appropriate sacrificing the detection speed will not influence the
uploading speed. When the network is idle and the bandwidth in-
creases, the system needs high detection speed rather than high
detection accuracy, sacrificing the accuracy increases the size of
data transmitted but the network bandwidth is not the bottleneck
in this time.

There can be some tradeoff between detection speed and accu-
racy. For example, using more complicated neural network model
(improve the number of layers and number of neurons in each
layer) can improve the accuracy of the detector, but slow down the
detection process. Moreover, some detector has the parameter to
make the tradeoff between speed and accuracy, such as the scale
factor of image pyramid and scan step size.

Using the speed-accuracy tradeoff, we can get several detectors
which have different detection speed and accuracy. These detectors
are composed of the detector set in COCO. These detectors can
get the same recall with carefully adjusting the threshold of each
detector. So, we can set an appropriate recall rate according to
the acceptable information loss. Using different detectors do not
increase the information loss.

4.2 Optimal Detector
Based on the detector set, COCO can switch detectors with the
changes of network bandwidth. So, we need to select the optimal
detector under the current bandwidth to get the fastest images
uploading speed. An appreciate detection speed can improve the
image uploading speed, but higher detection speed is not always the
better. We formulate the image uploading speed as follows. Assume
that the image queues totally contain N images to upload, the radio
of images contain faces is β , and the average image size is S. To sim-
plify the formulation, we assume that the buffer between detector
and communication module is unlimited. The image detection and
communication have high parallel efficiency with high overlapping
ratio between two parts. So, the overall uploading time T can be
estimated as the major of the processing time of each part, and be
expressed as

T =max (
N ∗ S

V
,
N ∗ β ∗ α ∗ S

B
) (1)

where V is the detection speed and B is the available network
bandwidth. The number of images delivered to the cloud is N ∗β ∗α
rather than N ∗ β because the detector is not entirely accurate. we
can estimate the value of α by the ratio of recall to precision. We



Figure 2: System Architecture

can formulate the image uploading speed as

UploadinдSpeed =




V V < B
β∗α

B
β∗α V ≥ B

β∗α

(2)

The speed higher than B
β∗α can not improve the uploading speed

but send more images to the buffer. The uploading speed reaches a
maximum when the detection speed is B

β∗α . Though the value of β
and α changes significantly based on image set, it can be regarded as
constant in the long run. So, the best detection speed is determined
by the available network bandwidth. Based on the best detection
speed, we can select the optimal detector.

4.3 Adaptive mechanism
With the begin and end of the network congestion, the network
bandwidth varies a lot and the optimal detector also changes. In
this section, we propose an adaptive mechanism to automatically
select the optimal detector with changes of the bandwidth. The
adaptive mechanism is composed of two parts, namely listener and
controller. The Listener detects the changes of network bandwidth
which are caused by the network congestion, and the controller
judges which is the optimal detector.

4.3.1 Listener. The network bandwidth can not remain con-
stant, and the bandwidth fluctuation is normal. Fortunately, not all
changes need to signal the controller. The controller is only inter-
ested in the great changes which are caused by network congestion
rather than the normal bandwidth fluctuation.

The algorithm of bandwidth change detection is shown in Al-
gorithm 1. The algorithm distinguishes the changes of bandwidth
caused by network congestion through the variance of the last k
bandwidth records. If the variance is larger than a threshold T , the
Listener judges the bandwidth variation caused by the network
congestion, and signals the controller to make the speed-accuracy
tradeoff.

4.3.2 Controller. Through the Listener, COCO can determine
when tomake the speed-accuracy tradeoff. The role of the controller
is to judge which is the optimal detector. From the formula 2, the
detector is optimal when the speed of images entered the buffer

Algorithm 1 Network Congestion Detection

Parameters: currentQueueLen,T ,B,k
procedure BandwidthDetection(bwArray, len)
// bwArray: The array that records the bandwidth.
// len: The current length of bwArray.
1: bwArray[len] = дetCurrentBandwidth()
2: len = len + 1
3: variance = calculateVariance (bwArray,k ) //Calculate the

variance of last n records.
4: if variance > T then
5: //Send signal to Controller to start the speed-accuracy trade

off
end procedure

(SIEB, V ∗ β ∗ α ) is equal to the network bandwidth (B). So, we
choose the detector which makes the SIEB equal to the network
bandwidth.

The SIEB of a single image varies greatly, and the network trans-
mission speed is also the same. So, COCO compares the average
speed of N images instead of a single image. Moreover, COCO
relaxes the condition of equality. The two speeds are considered
equal when the speed difference is smaller than a threshold T .

5 EVALUATION
5.1 Experiment Setup
To evaluate the performance of COCO, we implement COCO pro-
totype which collects the images that contain one or more faces
from the smartphones. The prototype is composed of three parts,
namely the client application, edge server and cloud storage ser-
vice. The client application is programmed in Java and installed into
the Android-based smartphones for evaluation. The smartphone is
equipped with Snapdragon 835 8-core CPU at 2.45GHz, a 128GB
ROM and a 6GB RAM. The edge server is programmed in C++ and
uses the OpenCV library to process images. We use the Multi-task
Cascaded Convolutional Network (MTCNN)[17], a real-time face
detector that uses a deep neural network, as the detector in our sys-
tem. The edge server is implemented in the Ubuntu 16.04 operating
system running on an 8-core CPU each at 3.40GHz and a NVIDIA



Algorithm 2 Selecting the Optimal Detector

Parameters: N ,T , interval , scaleFactor
procedure SelectDetector (currentDetector )

1: averaдeNTS = дetNetTransSpeed (N ) //record the average
network transmission speed of each image in the next N images

2: averaдeSIEB = дetSIEB (N ) //record the average SIEB of the
next N images

3: speedDi f f = averaдeNTS − averaдeSIEB
4: if −T < speedDi f f < T then
5: break //Two speeds are equal, currentDetector is optimal
6: else if speedDi f f > T then
7: SelectDetector ( f asterDetector ) //test the faster, but less

accurate detector
8: else
9: SelectDetector (slowerDetector )//test the more accurate,

but slower detector
end procedure

Figure 3: Detection Speed [KB/s] for different trade-off pa-
rameters.

GTX 1080 GPU. We use the object storage service of Alibaba Cloud
as the cloud storage service.

The smartphones are connected via a high-speed 5GHz 802.11n
network to the edge server, and the network between the edge
server and cloud is aWAN network. We use theWonder Shaper[16],
a tool to limit the bandwidth of network adapters, to simulate the
low bandwidth. As for the experimental data set, we collected 500
images from the Flickr, and all the images were taken in the real
disaster environment, such as China 512 earthquake and Nepal
earthquake. The average frame size is 1MB.

5.2 Efficiency of the Speed-Accuracy Trade Off
The MTCNN has a parameter to do the tradeoff between detection
speed and accuracy. We used this trade-off parameter to do the
speed-accuracy tradeoff in our system.

We manually classified the experiment image set and find that
only 229 images contain completed faces. 271 images contain zero
face or the hardly damaged faces. Using the classification results
as ground truth, we set the trade-off parameter of the detector and
used the detector to classify the images. We change the trade-off
parameter of the detector from 0.3 to 0.9 with the interval of 0.2.
The experiment results are as follows.

Figure 4: Detection performance of detector with different
trade-off parameters.

Figure 5: Average uploading speed under different condi-
tions.

The detection speed is measured by the size of images processed
per second. As shown in Figure 3, the detection speed drops from
3300 KB/s to 1200 KB/s with the scale factor growing. Figure 4
shows the relationship between recall and precision under each
trade-off parameter. Getting the same recall, the detector with larger
parameter has higher precision. So, the detector with larger trade-
off parameter is more accurate.

The experiment results show that the trade-off parameter can
make an effective tradeoff between detection speed and accuracy.
Table 1 is shown the precision of the detector with different parame-
ter when the recall is adjusted to 0.8. We regarded the detectors with
different parameter as different detectors and used the 4 detectors
in Table 1 to make up the detector set in the next experiment.

Table 1: The precision of detectors when the recall is ad-
justed to 0.8

Trade-off Parameter Precision

0.3 53.3%
0.5 66.7%
0.7 80.3%
0.9 88.1%



Figure 6: The constituent of collected images in the cloud.

5.3 Effectiveness of Optimal Detector
We used the experiment in this section to prove that the bottleneck
of our system changes with the network bandwidth, and the speed-
accuracy tradeoff can improve the uploading speed.

In this experiment, 5 smartphones simultaneously uploaded im-
ages through the edge server, and each smartphone uploaded 100
different images. We did 5 sets of experiments under 5 different
bandwidth (from 500KB/s to 2500KB/s). In each set of experiments,
we tested the performance of the system which uses the detector in
detector set, and we did an experiment with every detector in detec-
tor set. Our detector set has 4 different detectors as described in 5.2,
so we totally did 20 experiments under different conditions. Figure
5 shows the average uploading speed of the 5 smartphones under
different conditions. The uploading speed of each smartphone is
the ratio of the size of 100 images to total uploading time. Figure
6 shows the constituent of collected images in each experiment.
There are only 4 results because the network bandwidth does not
influence the results.

From the results, we can find that the optimal detector is different
under different bandwidth. When the bandwidth is low, the detector
that has the lower detection speed is optimal. This is because the
detector that has the lower detection speed is more accurate that
makes the low bandwidth network transmits fewer data to the
cloud. As shown in Figure 6, the true positive image numbers of
each detector are roughly the same because each detector has the
same recall, but the lower speed detector significantly decreases the
false positive image numbers. So, when the bandwidth is low, the
network bandwidth is the bottleneck of our system and improving
the accuracy of the detector can speed up the uploading.

For the system that uses one fixed detector, the uploading speed
will not increase with the rising bandwidth after the bandwidth
exceeded a certain value because the detection speed has become
the bottleneck of the processing pipeline. So, we should change a
faster detector in order to increase the uploading speed. Though
the faster detector uploads more false positive images to the cloud,
but the higher bandwidth counteract this side effect.

5.4 Performance of COCO
In this section, we did experiment to test the performance of our
system under the changes of network bandwidth. To prove the
effectiveness of the adaptive mechanism, we also tested the perfor-
mance of the systems that use the fixed detector. In this experiment,
the systems have the same processing time (150 seconds) and are

Figure 7: The network bandwidth changes over time.

Figure 8: The performance of each system.

under the same network environment. We emulated the changes
of network bandwidth during network congestion. That the net-
work bandwidth changes over time is shown in Figure 7. During
the processing time, 5 smartphones used the system continuously
upload images to the cloud. We compared the uploading results of
the systems.

We compared the performance of each system by the number of
images processed during the 150 seconds .The experiment results
are shown in Figure 8. Our detector set includes 4 detectors, so
there are 4 different systems that use the fixed detector. The first
set of results is the number of images the edge server received
from the smartphones (ESR for short), which determines the image
uploading speed. Within the same amount of time, the system with
adaptivemechanism uploaded 21%∼ 35%more images than systems
that use the fixed detector.

The second set of results is the number of images edge server
delivered to the cloud (ESD for short). Though the systems are
under the same network condition, there are still some gaps in the
ESD of different systems. This is because the detection speed is the
bottleneck of some systems.

The third set of results is the number of true positive images
the cloud received (TP for short). The detector can not have 100%
precision, so there are some false positive images in the ESD. The
TP is determined by the ESD and precision of the detector. The
detector with 0.9 trade-off parameter has the highest precision but
the ESD of the system uses the detector is low. The system which
uses the fixed detector with 0.3 trade-off parameter has a high value
of ESD, but the precision of the detector is low. The system with
adaptive mechanism can have the advantage of both, so it got the
highest TP.



The fourth set of results is the number of false negative images
(FN for short). The false negative images are the images that meet
the content requirement but not delivered to the cloud because
of the fault judgment of detector. The FN is determined by the
recall of detector and the ESR. In our system, the recall rates of
all the detectors in detector set are set to the same value (0.8 in
this experiment) according to the upper bound of information loss.
Hence, the adaptive mechanism does not influence the recall. The
system with adaptive mechanism has the highest ESR, so the FN is
also the highest. The FN can be further decreased by setting higher
recall but that may sacrifice the image uploading speed.

6 RELATEDWORK
Eyewitness photo is increasingly playing a more significant role
in disaster response and recovery efforts. Caltech[3], a community
sense and response systems, gather and share images from Internet-
enabled devices for real-time awareness of dangerous earthquakes.
BEES[11] is also an image sharing system to offer real-time situation
awareness in the disaster environment, which uses the content-
based redundancy elimination to improve the bandwidth and en-
ergy efficiency. These crowdsourcing systems collect images for
the general image sharing and do not have a specific requirement
for the content of images. However, COCO collected crowdsourced
images for a specific application which has a clear requirement to
the content of images, such as Lost People Find.

Closest in spirit to COCO is a computer vision system called
SAPPHIRE[15] allows client devices to continually analyze streams
of video and distil out frames that contain objects of interest. More-
over, Vigil[18] is also a wireless video surveillance system that only
uploads significant associated video frames to the cloud. However,
these systems are not designed for disaster environment, they can
not get their best performance under the unstable network environ-
ment. COCO uses the mobile edge computing technologies assist
the smartphones to process the computer vision algorithm and the
adaptive mechanism ensure the performance efficiency under the
unstable network environment.

Mobile edge computing is new and poised for rapid growth along
with the growth in mobile devices and cloud technology[6]. This
technology pushes the frontier of cloud service to the edge of the
network. The edge server located in close proximity to associated
mobile devices can overcome many particular problems caused by
the disaster[12], such as the weak network environment.

7 CONCLUSION
In this paper, we proposed a content-aware system for continuous
collection of crowd-sourced images from smartphones in disaster
environment. COCO can constrain the content of crowdsourced
images, and only upload the images that meet the content require-
ment of the application to the cloud. COCO uses the computer
vision detector to understand the content of images, and imple-
ments the detector in the edge computing server which located
on the emergency communication vehicle. We also propose an

adaptive mechanism to improve the performance efficiency of our
system under the unstable network bandwidth. Using the adaptive
mechanism, the image uploading speed is improved by around 21%
∼ 35%.
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