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ABSTRACT
This paper evaluates a new video surveillance platform pre-
sented in a previous study, through an abandoned object
detection task. The proposed platform has a function of au-
tomated detection and alerting, which is still a big challenge
for a machine algorithm due to its recall-precision tradeoff
problem. To achieve both high recall and high precision
simultaneously, a hybrid approach using crowdsourcing af-
ter image analysis is proposed. This approach, however, is
still not clear about what extent it can improve detection
accuracy and raise quicker alerts. In this paper, the experi-
ment is conducted for abandoned object detection, as one of
the most common surveillance tasks. The results show that
detection accuracy was improved from 50% (without crowd-
sourcing) to stable 95-100% (with crowdsourcing) by major-
ity vote of 7 crowdworkers for each task. In contrast, alert
time issue still remains open to further discussion since at
least 7+ minutes are required to get the best performance.

CCS Concepts
•Human-centered computing→Computer supported
cooperative work;
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video surveillance; open platform; automated detection and
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1. INTRODUCTION
In recent years, video surveillance has been highly im-

portant worldwide. Along with the growth of the market,
one of the most demanded functions for surveillance systems
has been to achieve more accurate automated detection and
alerting. Despite various kinds of image analyzers have been
developed as a major technique by many researchers, there
is only a few of them being practically utilized in real situ-
ations due to demand of its high performance criteria. To
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Figure 1: Collaborative surveillance flow.

provide an environment that can push forward with devel-
opment of those technologies applicable to automated de-
tection and alerting, a new video surveillance platform has
been proposed by the authors [8]. The platform allows im-
age analyzers to be easily incorporated and utilized in it, so
that parameter settings of the algorithms can be configured
iteratively by real surveillance data as feedback.

In automated detection and alerting on video surveillance
systems, both numbers of missed alerts and false alerts have
to be minimized. Not only a lot of missed alerts may lead
to overlooking a serious incident, it is also known that users
of video surveillance systems feel disturbed by getting false
alerts very often [2]. Therefore, the proposed platform needs
to be able to perform high-recall and high-precision auto-
mated detection and alerting, with any kind of image an-
alyzers being utilized on demand. To achieve this, a new
system architecture is needed since achieving high perfor-
mance on both recall and precision is typically very difficult
for image analysis algorithms due to their tradeoff problem
[9].

Meanwhile, in order to solve problems which are not easy
for machine algorithms, many researchers have developed
crowd-powered applications which take advantage of human
intelligence instead. For instance, Bigham et al. proposed
a smartphone application for blind people, named VizWiz
[1], to make crowdworkers read or describe the picture the



user took by a smartphone; the task is generally too diffi-
cult for automated machine algorithms. Nabeling et al. pro-
posed a smartwatch-based application named WearWrite [6]
to orchestrate crowdworkers to make them write a technical
paper collaboratively. Generally, many crowd-powered sys-
tems are based on crowdsourcing service platforms such as
Amazon Mechanical Turk 1 and Upwork 2, which make it
much simpler to develop human-power based applications.

The proposed platform tries to realize high recall and high
precision also by taking advantage of crowdsourcing in col-
laboration with image analyzers, as briefly shown in Figure
1. Image analyzers, are basically designed to get high recall
rate to minimize the number of missed alerts. The detec-
tion results are then taken over by crowdworkers to eliminate
the false alerts, verifying if each of them is correct or not,
through a little survey form called ”microtask.” Addition-
ally, this collaborative approach enables image analyzers to
receive online feedback of the labeled data to reconfigure
parameter settings of their algorithms during its operation.
A prototype of crowd-powered human detection system has
been already developed and demonstrated at the poster ses-
sion of CSCW 2016. However, it is still not clear whether
actual performance of crowd-powered surveillance system is
acceptable to developers and users in terms of accuracy and
delay.

In this paper, experimental results and discussions are
presented to demonstrate characteristics and performance
of an experimental prototype based on the proposed collab-
orative architecture. The performance of the prototype is
measured in two different aspects: 1) the detection accu-
racy improvement, and 2) the total time required for the
final alert. The prototype is implemented using a simple
image analyzer and a commericial crowdsourcing platform.
For the image analyzer, an abandoned object detection algo-
rithm based on a simple and conventional method is imple-
mented from scratch by the authors. The crowdsourcing ver-
ification module uses Amazon Mechanical Turk, the largest
crowdsourcing platform that provides many options of APIs
to developers. The organization of the rest of the paper is
as follows. In Section 2, the architecture of the collabora-
tive video surveillance platform is described. In Section 3,
the implementation of the image analyzer (abandoned ob-
ject detector) and crowdsourcing microtask generation for
the experiment is explained. In Section 4, experimental set,
results, and discussions are shown. In Section 5, the conclu-
sion and future work are mentioned.

2. ARCHITECTURE

2.1 Collaborative Platform
A collaborative video surveillance platform presented in

a previous work[8] has multiple meanings for the term ”col-
laboration.” Firstly, as mentioned above, image analyzers
”collaborate” with crowdsourcing, employing both machine
and human intelligence to improve detection performance.
Furthermore, the platform enables technologies — not only
image analyzers but also camera devices, data stores, and
crowdsourcing platform services — to easily join and to be
utilized in a surveillance process so they can commit to the
platform as plug-ins. This idea enables them to ”collaborate”

1https://www.mturk.com/
2https://www.upwork.com/

Figure 2: System overview. (1)A camera device
takes surveillance footage & detects a simple trigger
(predetection) and (2)saves footage data or features
in a data store. (3)An image analyzer detects an im-
portant event (main detection) and (4)sends a signal
to the collaboration service server. (5)A predeter-
mined number of crowdworkers verify the result by
microtask submission. (6)The collaboration service
server aggregates the submissions, (7)raise the final
alert, and (8)sends feedback to the image analyzer.

with each other and offer various patterns of surveillance so-
lutions to users.

Figure 2 shows an overview of the proposed platform ar-
chitecture. The camera device first takes surveillance footage
and executes predetection (simple detection such as frame
difference detection). When an event is detected by pre-
detection, an image sequence or a video clip is temporally
sent to the data store followed by an image analyzer’s main
detection. If an event is detected here again, the analyzer
sends a signal to the collaboration service server. As soon
as the signal is received, the collaboration service server
executes commands to generate microtasks on the crowd-
sourcing platform. The microtasks are broadcasted to all
crowdworkers on the crowdsourcing platform and the sys-
tem waits for a predetermined number of task completions
for every task. Crowdworkers are expected to be non-experts
of video surveillance who will be asked just a simple verifica-
tion question and submit a simple answer like ”yes” or ”no”
choices. While waiting for their submissions, the collabora-
tion service server monitors the progress and finally decides
whether to raise a final alert on camera owner’s management
device or not. Verification results can be sent to image ana-
lyzers as online feedback to update their algorithm, such as
parameter reconfiguration or reinforcement learning.

2.2 Automated Detection and Alerting using
Collaborative Approach

2.2.1 Recall-Precision Improvement
Generally, an automated approach such as image analy-

sis by a machine causes a recall-presicion problem. For in-
stance in video surveillance, when the number of miss detec-
tions is minimized, the number of false detections increases.
This makes the camera owners frustrated by disturbing them
many times; with few false detections, some of the impor-
tant events may be overlooked. Such a tradeoff is inevitable
but critical for automated detection and alerting. In auto-
mated detection and alerting, on the other hand, guaranteed
accuracy and robustness in real surveillance situation is es-



sential for image analyzers. Thus this leads to the necessity
of the new architecture for automated detection and alert-
ing, which does not fully depend on the image analyzer.

The proposed collaborative approach expects that crowd-
sourcing can fill in the gap between what machine algorithms
can detect and what they cannot. For example, detecting
a hooded individual in surveillance footage is widely known
as a challenging task for image analysis and its possibility of
raising false alerts is not very low. In this case, crowdsourc-
ing can eliminate the false alerts and even give feedback for
model training so that the image analyzer does not make the
same mistake again. As another example, abandoned object
detection generally needs to deal with quite many problems
such as human tracking and illumination control, as well as
background subtraction. This case is also a good example
where an image analyzer can replace the background frame
by a new one to update parameters of the algorithm, in ad-
dition to less false alerts and feedback.

2.2.2 Online Feedback
Another aspect of the proposed collaborative approach is

online feedback. Assuming that the crowdsourcing verifi-
cation can successfully filter out all false alerts, the system
knows right answers for each detected event and is ready
to give feedback to an analyzer. This makes it possible for
the image analyzer to keep itself updated to improve the
detection accuracy during operation. This process builds
up an ecosystem between image analyzers and crowdsourc-
ing platforms, benefitting both the image analyzer and the
total surveillance process. For untrained analyzers, the feed-
back helps to improve its accuracy. Furthermore, as less false
alerts are raised by the analyzers, the number of crowdsourc-
ing task decreases, making the surveillance solution become
less expensive.

2.2.3 Collaboration Design for Crowdworkers
Performance of crowd-powered application generally de-

pends on how crowdsourcing tasks can be easy enough for
workers to answer. Since the collaborative video surveil-
lance cannot be achieved without solving this matter, the
level and the scale of crowdsourcing ”microtasks” need to be
discussed.

On many crowdsourcing platforms, crowdworkers first search
some keywords from a task list and find a task they would
like to work on. A description of a task is usually shown to
the workers before starting it and they can choose whether
to accept or to quit the task, taking into account its level,
amount of reward, volume, and so on. A crowdsourcing ser-
vice used for video surveillance with automated detection
and alerting function is desired to employ trusted workers
because correctness and speed of task submission are of ma-
jor importance. The total amount of money paid to workers
has to be optimized, too. In order to get the task to be
finished in a short time and correctly, the level of the task
cannot be specialized and it needs to be simple enough to
be done without thinking too much. Considering above,
microtasks are designed considering following points: 1) no
requirement of expertise so that any worker can give a cor-
rect answer, 2) simple answer choices to get the task done
quickly.

2.3 Demo System
The implementation of the previous demo system is briefly

explained in this subsection, since the experiment conducted
in this paper also uses a part of this demo system. A we-
bcam connected to Raspberry Pi 2 Model B (microcom-
puter) is used for the camera device and it takes an image
of surveillance footage every 1 second. The data store is
substituted by a MySQL database on a Ubuntu OS server
machine. The detection algorithm is one of the OpenCV
functions, a simple face detection algorithm. The crowd-
sourcing module is prepared using Amazon Mechanical Turk
(AMT), the largest crowdsourcing platform where 500,000+
tasks are posted as of April 2016. AMT is considered to
be a good choice to use for the prototype because already
hundreds of thousands of crowdworkers are registered, which
helps the system get into operation quickly. Also, the API
is open to developers to make system implementation eas-
ier. Server programs, such as crowdsourcing task generation
using API and aggregation of crowdworkers’ submissions
are implemented in Node.js3 (server-side JavaScript envi-
ronment) and Firebase4 (BaaS providing a realtime JSON
database). Programs for camera control, camera-data store
connection, image analyzer-crowdsourcing connection, and
final alerting have been implemented as well.

3. ABANDONED OBJECT DETECTION
Abandoned object detection is considered to be a good

target for the first experiment since it is a common surveil-
lance scenario that many researchers have been working on.
In addition, it is a reasonable algorithm to get online feed-
back. Possible false cases of abandoned object detection
are objects moved/removed from the initial position, for in-
stance. The background information needs to be updated
when this happens, otherwise the objects keep being de-
tected and the detector may not work properly. Therefore
the background frame needs to be kept being updated, by
receiving a new frame which crowdworkers regarded as noth-
ing to be alerted.

3.1 Algorithm Implementation
The abandoned object detection algorithm is uniquely im-

plemented by the authors. This algorithm uses a very simple
approach of background subtraction, a method commonly
used in conventional work [5, 7].

Firstly an image frame is extracted from a video clip of
surveillance footage per second, getting an image sequence
X = [x1, x2, · · · , xl]

T and the frames are converted to gray-
scale. Assuming the first frame to be the background of the
footage, all the other frames are subtracted by it to get a
set of the difference images D = [d1, d2, · · · , d(l− 1)]T . The
difference images are then binarized, filtering by threshold
value Thdiff . To avoid false detection caused by noises,
erosion-dilation technique is applied to the frames. After-
wards, AND operation is applied to all the groups of t con-
secutive binary frames, getting another set of binary frames
B = [b1, b2, · · · , b(l − D)]T . This operation enables to de-
tect new objects that are staying at the same position for t
seconds, which means that they are possibly the abandoned
objects. Subsequently, the bounding boxes of each object
are determined by contour tracing. Each bounding box has
the minimum size of area but big enough to surround the
whole shape of the object. If there is at least one bounding

3https://nodejs.org/
4https://www.firebase.com



Figure 3: HIT interface shown to crowdworkers (image sequence).

box of its area bigger than Thbox the frame gets alerted to
generate a crowdsourcing task for verification, otherwise it
is considered as not suspicious.

This algorithm in itself definitely has a lot of false de-
tection. Not only objects but also humans are detected as
abandoned objects when the humans stay still at the same
position for a while. Moved or removed objects, which are
initially regarded as a part of the background, are also pos-
sible to be alerted. Change of illumination can be a trigger,
too. Nonetheless, this algorithm is still expected to be work-
ing fine in the proposed hybrid approach taking advantage
of crowdsourcing.

3.2 Crowdsourcing Task Design
Two types of user interfaces are designed for AMT crowd-

crowdsourcing tasks: an image sequence task and a video
clip task. The former displays an image sequence of surveil-
lance footage. As shown in Figure 3, the first frame as a
background is on the left and the final frame where an aban-
doned object was detected is set on the right. In the center
are six frames before the final frame in every 2 seconds, so
the workers can guess what happened at that time in the
time series. Image sequence tasks are expected to be able to
get more quick but less accurate answers from crowdwork-
ers, since the footage can be checked just at a glance. On the
other hand, a video clip task has an embedded video file on
the user interface, as shown in Figure 4. For this task, more
accurate but less quick answers are expected because crowd-
workers will see actual scene in videos. A question sentence
is preliminarily set by the authors and displayed underneath,
says ”Is there a new object explicitly abandoned by a per-
son?” Asking in this way, false alerts such as a standing
person, a moved object, and illumination changes are pos-
sible to be eliminated from the candidates of the final alert
to camera owners. The answer choices are easily selected
by clicking either ”yes” or ”no” button. According to the
aggregated verification results collected from an odd num-
ber of workers who worked on the same task, the final alert
candidates are determined by majority vote.

Figure 4: HIT interface shown to crowdworkers
(video clip).

AMT allows workers to look at a user interface of the task
before the user accepts. Since measuring the time of submis-
sion after accepting the task is thought to be an important
factor in the evaluation, an image sequence or a video clip
is replaced by dummy images to avoid workers from seeing
them ahead.

4. EXPERIMENT
The purpose of the experiment in this paper is to evalu-

ate performance of the proposed video surveillance platform.
The performance is measured from two kinds of different as-
pects: detection accuracy and a total time required for the
final alert.

The experimental prototype is newly built by custormiz-
ing the previously implemented demo system described in
Section 2.3. The camera device is substituted by a smart-



Table 1: Time zone chart
1 1 2 3

San Francisco (PDT) 8 a.m. 4 p.m. 12 a.m.
New York (EDT) 11 a.m. 7 p.m. 3 a.m.

India (IST) 8.30 p.m. 4.30 a.m. 12.30 p.m.

phone and it records multiple videos in the laboratory build-
ing. The videos are then analyzed by abandoned object de-
tector described in Section 3.1. For all the events where the
abandoned objects are possibly detected, two types of HITs
(tasks called in AMT) — one shows an image sequence and
the other shows a short video clip — are generated by man-
ually executing a batch program, at each scheduled time on
Thursday to Friday. Each task receives answers from mul-
tiple workers and judgements for the final alerts are made
by majority vote. The goal of the evaluation can be set
as to determine the optimum values for the three variables
following:

• HIT creation time: 11a.m. / 7p.m. / 3a.m. EDT

• Number of workers: 1, 3, 5, 7, 9, 11

• Media type: image sequence / video clip

Due to the fact that the workers in AMT are mostly people
from the United States and India[4], the choices of HIT cre-
ation time was set considering time zone differences of the
two countries as shown in Table 1. Setting these 3 differ-
ent periods of time, the difference of number, country ratio,
and characteristics of active workers is expected to affect the
system performance. Each HIT expects 11 submissions from
workers and determine if the final alert is needed or not by
majority vote. In addition, the cases of the first 1, 3, 5, 7,
and 9 workers are also calculated from the result, to explore
the minimum required number of workers to make true final
alerts.

4.1 Experimental Design

4.1.1 Dataset
A dataset used in the experiment was created by the au-

thors. It consists of 14 videos in total, 12 short videos
(around 30 seconds) and 2 long videos (around 80 seconds).
The videos are either 640x360 or 640x428 in resolution and
30 fps, and are recorded in the laboratory building using a
smartphone. The smartphone was placed at a fixed loca-
tion and monitored on the floor near the elevator hall, for
instance. They were designed so that detection algorithm
detects respectively 10 true cases and 10 false cases of ob-
ject abandonment. Each of the short videos had either 1 true
case or 1 false case, which resulted in 8 trues and 4 falses in
total. In each of the two long videos, 3 falses were detected
followed by 1 true detection. To give some examples of the
cases, true cases included a person throwing a book on the
counter and leaving, a person forgetting his wallet on the
desk after randomly browsing a book, etc. False cases are
just changing the position of a chair, illumination change
after opening a blind, etc.

4.1.2 Detection Algorithm Parameters
Parameters described in Section 3.1 are fixed to single

values but fine-tuned by test runs. The threshold value for
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Figure 5: Precision rate comparison by number of
crowdworkers per task.

difference image binarization is set Thdiff = 30, since it was
a good value in gray-scale (0-255) correctly detecting the
moving objects but not affected by noises and accidental
illumination changes. The threshold value for the area of
bounding boxes is set Thbox = 80. If the value was below
80, a lot of noises were also possible to be detected, which
makes the alert triggered too early. For t, the time to regard
the moved object as abandoned, was set t=10.

4.1.3 Crowdsourcing Task Parameters
For every group of frames in which one or more abandoned

object was detected by the image analyzer, two types of
crowdsourcing tasks (called HITs in AMT) are generated:
one shows the event by an image sequence and the other
shows by a video clip. Following below are the parameters
for each HIT:

• Rewards: 0.05 USD

• Keywords: easy; simple; quick; fast; data; image.

The amount of the rewards are set to the most common
value based on the data in AMT market analysis by Ipeirotis
et al.[4]. The keywords of the HITs are decided according to
the research by Difallah et al.[3] to indicate that the tasks
are not at all special which do not require expertise in video
surveillance, so that the HITs are likely to be found by more
workers.

4.2 Experimental Results

4.2.1 Detection Accuracy
Figure 5 shows change of the detection accuracy, measured

by precision rate, for all the combinations of HIT creation
time and media types shown by each of 6 lines. Noting that
the rate is 50% without crowdsourcing verification, the result
demonstrates that the precision rate dramatically improved
after crowdsourcing verification, and increases as the number
of workers is larger. The rate becomes steadily 95-100% if
the number of workers is 7 or more, which means assigning
only 7 workers for each task is enough for correct alerts.
When fewer workers are assigned, video tasks rather than
image tasks can get better results. The differences of the
HIT generation time did not affect the precision rate.
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Figure 6: Comparison of required time for the final
alert by number of crowdworkers per task.

Since some of the lines are going down to 95% inspite of
that they could get 100% at first, it can be speculated that
there are tasks which is difficult to give correct answers.
After studying individual submission results of each task, it
could be found that two of the tasks had got almost fifty-fifty
results of ”yes” and ”no.” One of them is an image task: a
person puts a black box on a messy table, where the correct
answer is ”yes.” For this task, it is assumed that half of
the workers were working on each task just by a glance and
they failed to recognize the difference among the images.
To avoid this to happen on other tasks, drawing a bounding
box around the detected object may be helpful. The other
one was a video task, a soccer ball on left by two people
on the floor. Although the correct answer was considered
to be ”yes” at first, the workers who answered ”no” perhaps
thought the soccer ball was not abandoned by ”a person”
but ”two people.” This proved that some of the workers put
much effort on completing tasks correctly. However, at the
same time, it is found that the sentence for description needs
to be obvious enough for all the workers. An effective way
to make camera owners create a questionless description is
planned to be shown as future work.

4.2.2 Required Time for Crowdsourcing
As Figure 6 shows, the required time increased on both

image and video tasks as more workers are assigned to the
task. No difference could be seen between image tasks and
video tasks in the same time of period. This result demon-
strates that the time from task generation time to crowd-
worker’s microtask acception is the most dominant factor
for required times for microtasks. The differences between
hours were distinct. The fastest time to get 11 submission
was 9.1 minutes of the image tasks at 11 a.m. EDT. On the
other hand, the slowest time was 110.8 minutes of the video
tasks at 7 p.m. EDT. It can be guessed that the difference
was caused by how many workers are awake at that time.
According to the Table 1, 11 a.m. in New York (EDT) is
8.30 p.m. in India. In this case, both are the times people
are generally awake. In contrast, either New York or India
is in the midnight at 7 p.m. and 3 a.m. EDT. Neverthe-
less, the required time needs to be further improved since
even the fastest time at 11 a.m. EDT is not sufficient for
automated detection and alerting.

5. CONCLUSION AND FUTURE WORK
This paper evaluated the performance of the collabora-

tive video surveillance platform using crowdsourcing, based
on the sample task of abandoned object detection. The de-
tection algorithm had been implemented for the experiment
by a simple and conventional method. For the crowdsourc-
ing platform, Amazon Mechanical Turk was utilized because
of its large number of registered workers. The experimen-
tal result was discussed from two different aspects of the
detection accuracy and the total time required for the final
alert, by changing variables of HIT creation time, the num-
ber of workers, and media types. It showed that verification
of the detected events by crowdsourcing could significantly
improve the precision rate if the number of workers are suf-
ficient enough. However, the total times required for the
final alerts had a large gap between each period of time,
which could get comparably quick answer in the morning
and in the midnight EDT, but the responses were very slow
in the afternoon. Yet, the minimum time required for the
task completion by 7 workers was over 7 minutes, which in-
dicates the response time needs to be further improved in
future work. Analyzing and applying the toolkit proposed
in the previous work by Bigham et al. [1], the proposed
platform is expected to improve the time issue and be able
to provide more effective automated detection and alerting
function.
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