
Smart Surveillance Framework: A Versatile Tool for Video Analysis

Antonio C. Nazare Jr., Cassio E. dos Santos Jr., Renato Ferreira, William Robson Schwartz
Department of Computer Science,Universidade Federal de Minas Gerais, Belo Horizonte, Brazil

{antonio.nazare,cass,renato,william}@dcc.ufmg.br

Abstract

Computer Vision problems applied to visual surveillance
have been studied for several years aiming at finding ac-
curate and efficient solutions, required to allow the execu-
tion of surveillance systems in real environments. The main
goal of such systems is to analyze the scene focusing on
the detection and recognition of suspicious activities per-
formed by humans in the scene, so that the security per-
sonnel can pay closer attention to these preselected activi-
ties. To accomplish that, several problems have to be solved
first, for instance background subtraction, person detection,
tracking and re-identification, face recognition, and action
recognition. Even though each of these problems have been
researched in the past decades, they are hardly considered
in a sequence, each one is usually solved individually. How-
ever, in a real surveillance scenarios, the aforementioned
problems have to be solved in sequence considering only
videos as the input. Aiming at the direction of evaluat-
ing approaches in more realistic scenarios, this work pro-
poses a framework called Smart Surveillance Framework
(SSF), to allow researchers to implement their solutions to
the above problems as a sequence of processing modules
that communicate through a shared memory.

1. Introduction
The increasing availability of visual data provided by

surveillance cameras placed in several locations of large
cities provides a secure environment to people circulating
on those areas. In the last few years, public authorities have
increased significantly the number of camera installed in
large cities over the world, having London as an important
instance. If on one hand, a distributed camera network pro-
vides visual information in real time covering large areas
within a city, on the other hand, the number of images ac-
quired in a large city in a single day can be easily in the
order of billions, which, besides the difficult of storing all
the data, also prevents their manual processing, posing a
problem to the monitoring of the areas.

Due to the large amount of visual data and the difficulty

to perform manual processing, the automatic understanding
of human activities performed in videos is relevant so that
the security personnel can be aided by automated systems
to perform their duties. For instance, instead of a security
agent constantly checking about 50 screens with live secu-
rity video feed (task which humans do not present high per-
formance due to the lack of important events during most
of the time [6]), the automated system might perform a fil-
tering in the videos and indicate only those video segments
that are more likely to contain interesting activities, such as
suspicious activities that might lead to a crime.

Humans are the main focus in the monitoring since they
are the agents that perform actions that change states of the
scene. For instance, a person may interact with objects in
the scene to accomplish some goal, such as the removal of
an object from a vehicle, or interact with other people to
accomplish a goal, which may be characterized as a suspi-
cious activity. Therefore, the design of processing methods
focusing on humans is extremely important to being able
to determine what is the role of each person in the scene
so that responsibilities can be set to each agent, such as to
determine which subjects are involved in a specific activity.

A sequence of problems have to be solved before one
is able to analyze activities being performed in a video.
Among them, are the background subtraction, person de-
tection, tracking and re-identification, face recognition, and
action recognition. All these problems present several so-
lutions in the literature (see Section 2 for further readings
on such problems), but in general, they are treated individ-
ually, which is not suitable for applying in real scenarios
where only video data are presented as input.

To allow researchers to evaluate their methods in more
realistic scenarios, this work proposes a framework called
Smart Surveillance Framework (SSF)1. This framework is
composed of a shared memory structure and a set of in-
dependent processing modules that communicate through
data written and read from the shared memory. One mod-
ule is fed with data provided by another module in a syn-
chronous or asynchronous way, allowing the establishment
of a sequence of execution. Therefore, one can use already

1The SSF is available for download at http://www.ssig.dcc.ufmg.br/ssf/
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Figure 1: Diagram showing the main problems considered in visual surveillance applications, and their dependencies. Visual information
is captured by the feature extraction which feeds several modules. The results obtained by each module are employed to perform scene
analysis and understanding.

implemented modules to solve some of the problems and
implement his/her own module to solve a specific problem.

The main contributions provided by the development of
the SSF are the following. 1) A novel framework to allow
the processing of large amounts of data provided by multi-
ple surveillance cameras; 2) A platform to compare and ex-
change research results in which researchers can contribute
with modules to solve specific problems; 3) A framework
to allow fast development of new video analysis techniques
once one can focus only on his/her specific task; 4) Cre-
ation of a high level semantic representation of the scene
using data extracted by low level modules to allow activity
recognition; and 5) A testbed to allow further development
on activity understanding since one can focus directly on
that using real data, instead of annotated data that may pre-
vent the method from working on real environments.

2. Related Work
This section presents an overview of surveillance based

on computer vision techniques. Section 2.1 presents the
most common problems tackled in visual surveillance.
Then, surveillance systems developed by the research com-
munity and by companies are discussed (Section 2.2).

2.1. Video Surveillance

Since interactions among humans provide relevant infor-
mation for activity understanding, the analysis of images
and videos involving humans presents large interest of the
research community. In this scope, solving Computer Vi-
sion problems such as feature extraction [7], background
subtraction [10], pedestrian detection [4], face recogni-
tion [26], person tracking [25], person re-identification [5],
gesture recognition [8], pose estimation [11], action recog-
nition [12], and activity recognition [1] is fundamental to
model interactions among agents to understand high-level
activities performed in a scene under surveillance.

The problems above might be divided in three groups:
regions of interest location, tracking and identification, and
knowledge extraction. Figure 1 shows these groups and

the relationship among the problems. While modules lo-
cated at the top of the diagram define low level problems,
in the sense that their present low dependency to solutions
obtained by other problems, e.g., background subtraction
and human detection, modules at the bottom comprise high
level problems because they depend on the results of other
problems, e.g., action and activity recognition.

The vertical arrows in Figure 1 represent the dependen-
cies among the problems. For example, to solve the action
recognition, one first needs to correctly detect and track
the person who is executing an action. Problems com-
posing this process might be affected by errors propagated
along the problem chain (e.g., detection errors will affect
the tracking of a person, which will prevent the recognition
of the action executed by this person). Therefore, it is nec-
essary to solve them in an accurate manner to be able to
making inferences regarding the activities being executed
in a scene (e.g., loitering or carjacking).

The goal of the Regions of Interest Location is to narrow
down efficiently the locations of the scene where informa-
tion regarding activities taking place can be extracted. A
motivation for locating regions of interest is to reduce the
computational cost so that more expensive processing can
be performed by the higher level processing tasks. Among
the tasks in this category are the image filtering (salience
detection), background subtraction and person detection.

Once the tasks in the previous category have located the
agents and important objects in the scene for each frame, the
problems in the Tracking and Identification category will
estimate their trajectories and identify the agents based ei-
ther on their appearance or on their faces. Such informa-
tion will be necessary later for recognizing which actions
an agent has performed over the time, for instance.

The last category, referred to as Knowledge Extraction,
deals with problems responsible for extracting high level
knowledge from the scene. Therefore, once the objects and
agents have been located, identified and their trajectories
have been estimated, their actions will be recognized so that
collaborations among agents characterizing suspicious ac-
tivities can be recognized.
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Besides the three aforementioned categories, Feature Ex-
traction and the Knowledge Representation are other im-
portant components in a surveillance system. The former
comprehends tasks aiming at representing the information
contained in the visual data, e.g., converting the pixel infor-
mation to a feature space which is more robust to noise and
transformations taking place in the video. The latter cate-
gory is responsible for building a scene representation based
on the results of each problem so that one can use such in-
formation to make inferences and perform scene analysis.

The framework developed in this work has been de-
signed to allow researches to tackle the problems shown in
Figure 1 in such a way that the results achieved by solving
these problems feed an inference system and such knowl-
edge can be used to understand the scene and the activities
performed by the agents (persons).

2.2. Surveillance Systems

There are three generations of surveillance systems. The
first generation consists of analogue Closed-Circuit Televi-
sion (CCTV) which are composed of cameras distributed in
the scene and connected to monitors by switches. Process-
ing in CCTV require analog to digital conversion, which
may cause degradation in quality. The second generation
is characterized by high performance computers and digital
cameras, allowing the development of computer vision al-
gorithms to assist humans in many surveillance tasks [13].
The third generation deals with wide-area scenes and large
amount of data acquired by several different types of sen-
sors, leading to more challenging scenarios which require
improved solutions [21].

In this work, we propose a third generation surveillance
system designed to leverage the development of algorithms
for scene understanding and to cope with some lacks in oth-
ers systems. Several surveillance systems of the third gener-
ation have been designed and developed both in the industry
and in the academia. These systems can be classified into
two groups: general purpose and specialized in a certain
function. Most works in the literature describe systems in
the latter group.

Among specialized approaches, the works of Xia et
al. [24] focus on wide-area traffic monitoring for highway
roads. Odobez et al. [9] designed a metro station monitor-
ing system that aims at automatically detecting dangerous
situations which may lead to accidents or violence. The sys-
tem proposed by Thornton et al. [19] allows an operator to
search through large volumes of airport surveillance video
data to find persons that match a particular attribute profile.
A framework for people searching, where the user can spec-
ify personal attributes through queries such as “Show me
the bald people who entered a given building last Saturday
wearing a red shirt”, was proposed by Vaquero et al. [22].

Differently from the aforementioned specialized sys-

tems, the SSF is classified as a general purpose system
since its allows different configurations to solve specific
surveillance tasks such as those mentioned in the last para-
graph. Examples of others known general purpose systems
are given in the following paragraphs.

Knight [15] is a fully automated with multiple surveil-
lance cameras and monitoring system that detects, catego-
rizes and tracks moving objects in the scene using computer
vision techniques. Although it can be used in various types
of surveillance environments, the Knight is a closed frame-
work that does not allow the implementation of new meth-
ods to replace or add to existing ones. In addition, it is a
commercial system hindering its use in academia.

Another system is the IBM Smart Surveillance System
(S3) [20], which is among the most advanced surveillance
systems nowadays. It provides the following capabilities:
automatic monitoring of a scene, manage the surveillance
data, perform event based retrieval and receive real time
event alerts. In the S3, the computer vision routines are
not implemented directly into the system, but as plugins. A
disadvantage of it is the need of using other technologies
from IBM, such as IBM DB2 and IBM WebSphere, which
reduces its applicability for research purposes.

Miguel et al. [14] and Suvonvorn [18] proposed two
general-purpose frameworks for processing and analyzing
surveillance videos. Similarly to the SSF, they enable the
development of modules for processing images and videos.
However, they have adopted a different approach for data
communication between the modules. In [14], the com-
munication between modules is mapped through a database
system, while in [18], the modules communicate directly,
where a buffer is used the as an exchange zone. On the
other hand, modules do not communicate directly in the
SSF, but through a shared memory, which allows modules
to be launched in an asynchronous way and the dependency
among them can be defined as parameters, making the SSF
versatile and flexible.

Another aspect that differentiates the SSF from others
systems is that SSF implements a Feature Extraction Server
(FES), described in Section 3.3. Feature extraction is criti-
cal for surveillance systems since several computer vision
algorithms require feature descriptors as input instead of
raw images. However, many feature extraction algorithms
are highly time consuming and improper for real time appli-
cations. This way, the FES copes with some of the problems
regarding processing time by centralizing feature extraction
and thus, allowing features to be extracted by multiple CPU
and GPU cores to maximize the system performance and
they can then be shared among different system modules.

3. Smart Surveillance Framework (SSF)
The Smart Surveillance Framework is a C/C++ library

built using the OpenCV and the C++ Standard Template Li-
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Figure 2: Architecture of the Smart Surveillance Framework.

brary to provide a set of functionalities to aid researchers not
only on the development of surveillance systems but also on
the creation of novel solutions for problems related to video
surveillance, as those described in Section 2.1.

One of its main goals is to provide a set of data structures
to describe the scene to allow researches to focus only on
their problems of interest and use these information with-
out creating such infrastructure to every problem that will
be tackled, as it is done in the majority of case nowadays.
For instance, if a researcher is working on individual action
recognition, he/she would need the first capture the data,
detect and track people, and only then recognize their ac-
tions. By using the SSF, one just need to launch detection
and tracking modules to provide the people’s location and
can concentrate only on the problem at hand, action recog-
nition without worrying about how the data representation,
storage and communication has to be designed.

The SSF was designed to provide features for a third
generation surveillance system [13, 21], such as good scene
understanding, scalability, real-time operation, multi-sensor
environment, usage of low cost standard components, run-
time re-configuration, and communication control. The
next sections describe the design choices of the SSF to pro-
vide such desirable features.

3.1. Architecture

Figure 2 presents the architecture of the proposed frame-
work containing its main components. Such components
can be divided into two classes: kernel and modules.
The first class is composed by the core of the SSF that
can be configured and the components in this class allow
the researcher (user) to develop his/her applications and
surveillance-related methods focusing only on the computer
vision algorithms, without concerning with data communi-
cation, storage, search and module synchronization.

The SSF kernel is composed of three main components:
(i) The Shared Memory (SM), described in Section 3.2, is
the backbone of the SSF being responsible for allowing the
communication among all other components of the frame-
work once they do not communicate directly to each other
to increase the flexibility; (ii) The Feature Extraction Server

(FES), described in Section 3.3, allows the user to imple-
ment and develop feature extraction methods that will be
executed in an asynchronous manner aiming at the fully us-
age of the computational resources available in the system;
iii) The Complex Query Server (CQS), described in Sec-
tion 3.4, allows modules to search for specific data in the
shared memory by taking advantage of Prolog, queries in
SQL databases, among others.

The modules, described in Section 3.5, are components
written by the user. Such components are independent and
do not direct communication, only through the shared mem-
ory. Such design allows the reuse of modules as compo-
nents of applications with different goals and increases the
flexibility of the framework once the modules with the same
purpose are interchangeable.

3.2. Shared Memory

To allow modules to be designed and implemented inde-
pendently from each other, it is necessary preventing direct
data transmission among them. To address this constraint,
the SSF provides a resource centralization for storage and
control of the data communication between the user mod-
ules. This feature, referred to as Shared Memory (SM), de-
fine an interface to modules write and read data items.

The SM allows the communication between modules in
an indirect manner - a module M1 writes a data item to
the shared memory, then other modules, say M2 and M3

can require this data item by setting the data type and the
module that has generated it, as illustrated in Figure 2. The
producer (module M1) writes data that can be read by any
other consumer modules (modules M2 and M3 in the ex-
ample), which makes the framework more flexible in the
sense that only the consumer modules have to indicate from
which modules the will receive a given data type, the pro-
ducer only writes its outputs to the SM.

Focusing on surveillance, the SM stores the scene infor-
mation in a hierarchy to avoid data redundancy, as presented
in Figure 3. All data structures are stored in lists and only
their unique identifiers pointing to positions on the lists are
stored in the elements of the hierarchy.

The following data structures and attributes are used in
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Figure 3: Hierarchical structure stored in the shared memory to store information regarding the scene under surveillance.

the shared memory to represent the scene under surveil-
lance. A feed is a sequence of frames that can be obtained
from a video file, a set of image files or a surveillance cam-
era. A frame contains an image of the feed and the attributes
associated to it. Its attributes contain feature descriptors ex-
tracted from the frame, masks provided by the background
subtraction and filtering methods, sliding windows gener-
ated by an object detector and samples with possible object
locations in the frame. A sample represents the region of
a frame containing an object. As attributes, a sample has
feature descriptors, reference to the frame, sample location,
possibly the gesture and pose when the sample belongs to a
person. A tracklet contains a set of samples from consecu-
tive frames that contain a single object. As attributes it con-
tains feature descriptors extracted from the tracklet (usually
temporal features) and the actions performed by the person
during the tracklet duration. An object is defined as being
a set of tracklets of a single individual associated with an
identifier (for instance, the person’s name).

Besides the standard structures in the SSF, it is also pos-
sible to create new data structures by heritage of a prototype
data, referred as user data. The user data allows specific
data definition such as sensors output (audio, temperature,
multi-spectral images) or exchange of specific data types
between modules, such as classification models.

Even though the hierarchical design chosen for the SM
allows low memory consumption because there are no data
duplication, the amount of data generated during processing
can still be very large. To handle that, the SSF has a man-
agement mechanism that detects when the amount of mem-
ory allocated is close to the maximum available and trans-
fer to the secondary memory (hard disk) the least-requested
data items. If any data stored on disk is requested again, it is
transferred back the main memory. This mechanism assures
memory availability for processing, thereby contributing to
the scalability of the system and allowing the use of low
costs computers with limited memory.

Another feature of the shared memory is that its is incre-
mental in the sense that when a new data item is stored, it
receives an new and unique identifier together with a cre-
ation time stamp. With that information, one can trace back
the entire execution of the system. For instance, one could

verify when tracklets were merged and when new objects
were created, which might be useful in the development of
novel object tracking and recognition approaches.

3.3. Feature Extraction

Feature extraction is required to solving most of the
problems in video surveillance, such as pedestrian detec-
tion, face recognition, person re-identification and action
recognition. Although optimized local feature extraction
methods have been proposed [3, 23], it is still one of the
most time consuming tasks, even more when the visual data
is captured by multiple cameras. Therefore, to be able to
reduce the computation time and use the processing power
of nowadays computers with multiple cores and GPUs, the
SSF provides a module called Feature Extraction Server
(FES) to optimize the feature extraction process.

The feature extraction server relies on an asynchronous
approach to receive requests, process them and return fea-
ture vectors to modules to maximize the occupancy of the
processing units available. An illustration of the FES is
shown in Figure 4. First, a module sends requests for ex-
traction by passing the image regions from which the fea-
tures will be extracted by a given method and receives an
unique identifier. Such requests are pushed in an input
queue, which allows the module to push all requests for an
image and continue its processing while the features are be-
ing extracted. Then, when the FES detects elements in the
input queue, it launches independent feature extraction pro-
cessing units according to the user preferences and the sys-
tem capabilities. Once a feature vector has been extracted,
it is pushed to an output queue. Finally, the module requests
the feature vectors already extracted, which are returned to-
gether with the identifiers, so that the module can match
them with the requests.

The employed design allows maximum occupancy of the
processing power available since the module does not need
to wait while the feature are been extracted and the feature
extraction module also does not need to wait until while the
feature vector is being processed by the requesting mod-
ule. For instance, a module performing pedestrian detec-
tion based on sliding windows can request feature extrac-
tion for all detection windows and as soon as the feature
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Figure 4: Diagram illustrating the Feature Extraction Server (FES)
and its interface with a module.

vectors start becoming available, they can be presented to
the classification method while, at the same time, other fea-
ture vectors are being generated by the FES. It is important
to note that currently the FES uses CPU cores and GPUs
present in the system, but it can be easily extended to allow
remote processing without any change in the interface with
the modules, providing higher scalability to the SSF.

The advantages provided by the FES include the follow-
ing. Besides of using methods already implemented, the
user can implement his/her own feature extraction methods
that the FES will distribute the processing according to the
computational power at hand or according to the parameter
setting chosen by the user. In addition, it allows users to
develop novel feature descriptors and evaluate them easily
on problems such as detection and recognition. Finally, this
centralize approach based on a server to extract features al-
lows the caching of features vectors so that several modules
might share the same vectors for different purposes.

3.4. Complex Query Server

To search for specific data, such as actions being per-
formed in a given time interval or tracklets intersection of
two given subjects, one may retrieve data from the SM by
implementing the query in a module. However, such ap-
proach may be inefficient since the architecture of the SM
is optimized for simple write and read requests. Our idea
is to provide a module, referred as Complex Query Server
(CQS), to allow user modules to search efficiently for spe-
cific data in the shared memory. By using the CQS, our ap-
proach becomes compatible with others approaches, such as
in [17] and [16] that employ the SQL database and Prolog
inference, respectively, to perform scene understanding.

Approaches in the literature are commonly used to match
activities in a high level scene description [21] and, there-
fore, are used as a final step of recognition, tracking, de-
tection, among others. The CQS, however, allow queries
to be performed by modules in any level, enabling low level
modules such as pedestrian detectors to use high level scene
description to enhance its results.

CQS is independent of the underlying solution (Re-
lational or Big Data Databases, Prolog, among others).

fighting(P1,P2,T) :-

[punching(P1,T), punching(P2,T)],

Facing(P1,P2,T),

Close(P1,P2,T).

SELECT timestamp FROM

tracklet AS T1 JOIN

tracklet AS T2 ON

TimeIntersect(T1,T2) AND

Facing(T1,T2) AND Close(T1,T2)

JOIN action ON action.tracklets IN (T1.id,T2.id)

WHERE action.id = PUNCHING

CQSQuery T1 = GetCQSQuery(TRACKLET);

CQSQuery T2 = GetCQSQuery(TRACKLET);

T1.Intersection(T_INI,T_END,T2);

T1.NotIn(ID,T2);T2 = T1.Equal(ACTION,PUNCHING);

T1.Facing(T2);

T1.Close(T2);

CQSResult R = T1.RetrieveData();

1

2

Fighting

SubjectActivityActionTracklet

Punching Walking

Punching

TIME

Figure 5: The table shows examples of queries in Prolog, SQL and
CQS to identify the fighting activity by analyzing the output of a
module that recognizes tracklets of subjects and another module
that perform action recognition.

Therefore, the user modules are not required to know how
to query in a specific solution. To achieve this indepen-
dence, the CQS defines a common interface with modules
so that each complex query solution underlying must im-
plement this CQS common interface. The CQS interface
may be simplified to allow easily integration with as many
underlying solutions as possible but may also be complete
enough to easily allow complex queries. Therefore,

An advantage of implementing a common CQS inter-
face is that we can easily swap underlying solutions with-
out changing how modules communicate with CQS. This
way, researches can test different configurations of CQS and
compare them for different tasks.

As an example, suppose that one is interested in recog-
nizing a fighting activity between two subjects by analyzing
the output of an identity recognition module and an action
recognition module. The fighting activity is characterized
by two subjects, close together, facing each other, and at
least one of them is performing punching actions. Exam-
ples of queries to identify this fighting activity is given in
Prolog, SQL and in CQS query format2 in Figure 5.

3.5. User Modules

The user modules are designed to allow the development
of typical routines of a surveillance system, such as person

2The syntax of the CQS queries is not detailed due to the lack of space.
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Number of Pipelines 1 2 3 4
Computational Cost 1.00 1.08 1.26 1.47

Miss Rate (%) 20.0 18.0 17.5 16.0
Memory Cost 1.00 1.26 1.51 1.77

Table 1: Results in terms of miss rate, computation and memory
cost of pedestrian detection pipelines. Computation and memory
costs are relative to the execution of one pipeline (first column).

detection, background subtraction, face recognition, person
tracking and re-identification, and action and activity recog-
nition. Every module follows the same standard interface,
in which the user (researcher) defines its input and out-
put data types and its parameters, without specifying which
module will provide or receive them. This is done later, in
execution time by reading the dependencies from a param-
eter file, which makes the framework highly flexible and
versatile. Once the module is launched, an execution rou-
tine, where the user implement his/her method, is called.
This routine reads from and writes to the shared memory,
also using a standard interface provided by the framework.

As mentioned in Section 3.2, the modules work indepen-
dently, in other words, a running module is not aware of the
existence of the other. This allows the exchange of modules
of the same type without affecting the operation of the sys-
tem. Moreover, modules are executed in different threads,
which increases the performance of the system, enabling
real-time processing.

Another important feature is the creation of execution
pipelines – collections of user modules behaving as a sin-
gle module. A pipeline allows grouping several modules of
individual methods in a sequence. After defined, multiple
instances of the pipeline can be launched just by changing
their inputs. For instance, one pipeline can be launched to
process data from each surveillance camera attached to the
system. Such a feature makes the framework more scalable.

Table 1 shows results from an pipeline experiment for a
pedestrian detector using a PC Intel i7-860 processor (2.8
GHz) with 8 GB of RAM memory. Each pedestrian de-
tector pipeline is fed with a different model, learned con-
sidering different samples. The results of all pipelines are
combined to generate miss rate measures at the same false
positive per image. The results were obtained by using a
subset of the INRIA Pedestrian dataset [2]. It is possible to
note a drop in the miss rate when additional pipelines are
running in Table 1. However, the relevant results for this
work are given in terms of computation and memory cost,
exemplifying the scalability and the usage of multi-core re-
source by the SSF. The additional pipelines are distributed
between cores of the processor, without critical impact in
the processing time required (1.47 times higher than using
one pipeline). A similar result can be seen in memory cost,
since structures such as sliding windows and images, are
shared among the pipelines.
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Figure 6: Example of the SSF module synchronization approach.

Since the modules are executed asynchronously, it is
the responsibility of shared memory to perform data syn-
chronization because a module might consume information
faster than another module can provide. Figure 6 illustrates
an example of synchronization between two modules (M1

and M2) and the Shared Memory (SM ). In the first instant
of time (t1), M1 writes a new data item to the SM while M2

reads and processes the current data item in the memory.
At time t2, the module M1 is processing, while M2 reads
and processes the only available data item. Since there is
no more data to read in t3, M2 is locked until a new infor-
mation is made available, which occurs in t4. Finally, at
t5, M2 is unlocked and performs a new reading. Therefore,
by using locking mechanisms in the data reading, the SM is
able to synchronize dependencies among modules without
compromising the performance of independent modules.

In real scenarios, it might be relevant that the surveil-
lance system is able to process different types of sources
besides images, such as audio and proximity sensors. To
achieve that, users can implement specific data definitions
for sensor readings and process them inside the modules.
Another advantage of using user data and user modules for
data acquisition is that one can take advantage of specific
sensor hardware, such as camera built-in filters, PTZ control
and sensor alarms. Indeed, the SSF implements a PTZ cam-
era control module that allows other modules to send com-
mand to the cameras, allowing operations such as zooming
in to the face region for proper face recognition, or moving
a camera around to track a suspicious individual.

4. Discussion and Future Works
This work proposed a novel framework to allow fur-

ther development on computer vision methods and surveil-
lance applications. The architecture of the SSF allows the
simultaneous execution of multiple user modules that can
be developed independently since they have communica-
tion and synchronization through a shared memory, which
contributes to the scalability and flexibility. The framework
also provides two important components, the feature extrac-
tion server and the complex query server that maximize the
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computational resource usage and facilitate the scene un-
derstanding, respectively.

The proposed framework will be made publicly avail-
able and besides of making surveillance research using real
data and in real-time processing easier, it will also allow
researchers to provide their methods (implemented as mod-
ules) to be used by other researchers to compare results.
Nowadays, it is difficult to compare results to previously
published works since the code is not always available or it
is necessary to adapt the code to work in new data sets. By
using the SSF, one can provide the source-code of the mod-
ule to solve a computer vision problem (or just its compiled
version) and when another researcher proposes a novel so-
lution, he/she can use that module to compare the results in
different data sets or to compare the computational cost in
the same machine. Therefore, the SSF might also contribute
to a more accurate validation of computer vision methods,
mainly those related to surveillance.

As future works, we will propose extensions of the SSF
to provide new features including the distribution of the pro-
cessing and the data to multiple computers to make it even
more scalable; the development of a graphical user inter-
face to facilitate the system configuration and data process-
ing visualization, which currently is not focus of much re-
search but is very useful to provide a better understanding of
the behavior computer vision methods, mainly when large
amounts of data are used and the processing is done in paral-
lel; and, finally, the incorporation of security and privacy to
the framework by adding data encryption and user permis-
sion levels to preserve person’s identities, which will allow
the SSF to be employed in real surveillance applications.
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