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Abstract

The intensive development of hardware and software tools provides many
opportunities for solving various real-world tasks, such as working with large
data sets. This, in turn, is a powerful incentive and opportunity for the de-
velopment of different approaches and tools for solving them. After discussing
several well-known BigData architectures a model of a BigData architecture
is designed. The architecture is organized in three sections: edge section,
processing-and-storage section and application section. The model will be im-
plemented using FIWARE components.
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1. Introduction. In recent years the research and application area of Big
Data has been developing at an increasingly rapid pace. Several factors contribute
to this:

− the development of hardware and software tools;
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− the development of powerful algorithms enabling the processing of large data
sets;

− mass digitization in modern society.
All this allows nowadays to formulate and solve many new problems requiring

work with large data sets. This, in turn, raises a number of questions about their
storage, processing, analysis, calculation, visualization, security, etc. [1–5].

BigData can be characterized primarily as a collection of large amount of data.
These data can differ in their nature, structure, content, time. The unifying factor
is that these data are of interest in aggregate and they are processed in aggregate.
BigData is well described in terms of “V’s” [6,7]. The first three V’s are: Volume,
Velocity (data generation, data processing), Variety (sources, types, structure,
security, completeness). The next V’s are Veracity (data uncertainty), Value
(appropriate data and appropriate analysis), Valency (data interconnectivity),
Volatility (connected with data retention and first 3 V’s), Validity (data suitability
to particular usage).

BigData constantly poses new challenges to researchers and practitioners.
One of them is how to organize hardware components and particular software
tools in order to handle BigData for different purposes [8,9]. In other words, how
the BigData architecture to be organized.

The goal of this paper is to propose a model of new BigData architecture.
Further the paper is organized as follows. In the next section we discuss the basic
types of BigData architecture with applications. In Section 3 a model of new
BigData architecture is formulated and in Section 4 its components are discussed.

2. Basic types BigData architectures. The composition of BigData ar-
chitecture is closely related with the nature of the organization’s activities now
and in the future. It depends on the type and volume of data, data processing
and analysis neccessary, data usage and storage.

In [8], a generalized model of BigData architecture is presented (see Fig. 1).
It consists of the following components:

− Data sources – one or more;
− Data storage – usually distributed file store (data lake);
− Batch processing;
− Real-time message ingestion (for real-time sources) – a simple data store or

message ingestion store/buffer for messages;
− Stream processing – process the real-time messages (filter, aggregate etc.)

and prepare the data for analysis. Put the stream data into an output sink;
− Analytical data store – prepare data for analysis (structured format) and

then apply analytical tools;
− Analysis and reporting – present the results to users. A data modelling layer

is possible to be used with appropriate visualization;
− Orchestration – to automate repetitive operations in the format of workflows

(source data transformation, data moving, processing, calculation, analysis,
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Fig. 1. A generalized model of BigData architecture according to [8]

visualization etc.).
According to the author most BigData solutions can be fitted into the above

frame.
Over time several specific BigData architectures can be distinguished [8–10].

(1) The Lambda architecture (LA) was first proposed by Marz and Warren
[11]. It is based on three layers: “batch layer” (distributed file system) to
store all data; “speed layer” to process data between two batch views in real
time, and “serving layer” to index batch views for better querying. The LA is
designed to minimize latency updates and maximize accuracy applications.

(2) The Kappa architecture (KA) was developed by Kreps [12] in 2014 as al-
ternative to Lambda architecture in order to simplify its structure. KA is
based on two layers: “serving layer” for all inflow data and “speed layer” com-
plete with reprocessing function. One of organizations using KA is LinkedIn
founded by Kreps. A comparison between LA and KA is done in [13]. The
results show better accuracy for LA with 9% at the expense of 2.2 times
processing time and 10–20% of CPU usage.

(3) Internet of Things architecture (IoTA). A number of IoT architectures are
known today [8,14] (see Fig. 2).
IoT architectures are event-driven and they could have a huge number of
applications and realizations everywhere where smart devices are used such
as smart home, smart city, monitoring, security, etc.

(4) The Microservice architecture (MSA). Such architecture is efficient when a
large number of services relatively weakly interconnected need to be per-
formed. Each (micro)service is processed separately and independently
[15]. Microservice architecture originated from Service oriented architecture
(SOA) and they are often discussed without reason as opposed to each other.
Microservice architecture is used in the activities of large organizations such
as Amazon, eBay, Netflix.
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Fig. 2. An example of generalized Internet-of-Things architecture according to [13]

(5) The Zeta architecture (ZA). ZA is proposed by Scott [16]. It is an archi-
tecture closely related to the activities of an organization. Each activity is
put into separate container where applications can be run separately. In
this way a large number of (different) activities can be supported. As an
example of Zeta architecture application is Gmail service of Google.

3. A model of BigData architecture. First, we formulate the main chal-
lenges that such an architecture must satisfy:

− The main question in the design is how to manage different types of con-
text information in smart cities. These could be for example transport,
information services, entertainment, security, social services, education, etc.

− The contextual information could come from many sources: other existing
systems, users at different levels, through mobile applications and sensor
networks.

− The systems involved in managing city services or third-party applications
(subject to access control rules) can consume and/or produce contextual
information. The entire city management can rely on all available contex-
tual information (real-time and historical) to monitor and perform BigData
analysis.

− A flexible approach is needed with the ability to integrate with existing or
future systems without impacting their architectures.

− Information about the attributes of an object can come from different sys-
tems that act as either context producers or context providers. The source
of information for an object may vary over time.

− Connecting to the Internet of Things: capturing data from or acting on IoT
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Fig. 3. A model of the new BigData architecture

devices as easily as possible using the Context Broker.
− The implementation and use of intelligent components and services to be

easy.
− The architecture to be open source type.
By taking into account the above requirements the following model of BigData

architecture is designed (see Fig. 3).
It consists of several main sections from bottom to top:

− Edge section
− Processing and storage section
− Application section
Each section is discussed in details below.
4. Discussion. The above proposed architecture is intended to be realized

on the base of FIWARE components (see Fig. 3). According to [17] “FIWARE is
an open alternative to existing proprietary Internet platforms”. Another question
is how the proposed architecture itself, apart from the specific components from
which it is constructed, relates to the above types of architectures. It can be said
that the new architecture is a hybrid between the Lambda and Kappa architec-
tures. It has two layers (edge and processing-and-storage) and the processing-
and-storage layer has two sublayers that may operate independently or may be
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interconnected. In the first case we have Lambda architecture, in the second case
we have Kappa architecture.

The proposed model is a fully multi-functional BigData architecture. Our
study shows that other developments based on FIWARE components are pur-
posefully developed in close connection with the specific purpose [18,19].

In more details the components of the architecture are organized as follows.
Edge section itself consists of the following five components:

1. IoT device – any physical or software unit which can submit data or execute
commands.

2. HTTP adapter. The role of adapter is to transfer data and commands
from/to sensors to Ultralight 2.0 HTTP protocol. That protocol is one of
the standard protocols supported by IoT agents.

3. IDAS is an IoT agent which transfers bidirectionally data/command coded in
Ultralight 2.0 HTTP NGSILD protocol, which is standard interface between
generic enablers (GE) included in FIWARE framework. Other adapters may
support different protocols like ETSI M2M, MQTT, etc.

4. Orion is context broker. It is responsible for managing all the application
context information modelled as NGSILD entities. Context information
may be time, place, author, etc. of data gathered by IoT devices. It is
the only Generic Enabler which is mandatory for any application claiming
compatibility with FIWARE.

5. PROTON is a Generic Enabler whose role is to process context information
according to previously created rules. The rules are defined by means of
UX/UI supplemented with PROTON installation. For example, a rule may
define an interval from allowable values of measurements of temperature
sensor. When a measurement is out of the interval a NGSILD message to
Orion context broker or COSMOS GE will be generated.

Processing-and-storage section consists of two separate sub-layers. They
may operate independently or may be interconnected:

1. Process sub section COSMOS GE. Orion GE itself does not support durable
storage. Context data acquired by Orion may be sent either to COSMOS
GE for analytical processing or directly stored in database.
COSMOS GE consists of four main components: Apache Flink, Apache
Spark, Orion Flink and Orion Spark.
1.1. Apache Spark is a unified analytics engine for large-scale data pro-

cessing. It provides high-level APIs in Java, Scala, Python and R,
and an optimized engine that supports general execution graphs. It
also supports a rich set of high-level tools including Spark SQL for
SQL and structured data processing, pandas (Python Data Analysis
Library) API on Spark for pandas workloads, Mllib for machine learn-
ing, GraphX for graph processing, and Structured Streaming for incre-
mental computation and stream processing.
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1.2. Apache Flink ML is a library which provides machine learning (ML)
APIs and infrastructures that simplify the building of ML pipelines.
Users can implement ML algorithms with the standard ML APIs and
further use these infrastructures to build ML pipelines for both training
and inference jobs.
Apache Flink and Apache Spark are both capable to carry out stream
and batch processing.

1.3 Orion Spark – connector.
1.4 Orion Flink – connector.

The processing engines Apache Spark and Apache Flink are connected
to Orion via two connectors – Orion Spark and Orion Flink.

2. Storage sub section is composed of Draco GE and relational and/or NOSQL
databases (Mongo). Draco is a GE allowing data coming from Orion to be
stored on a durable storage. The necessity for using Draco is based on the
fact that Orion does not contain historical data.

Application section. Applications are presented at the highest level. They
communicate with databases, COSMOS or Draco. An application may use Wire-
cloud GE, which consists of a number of widgets called mashups. Mashups facili-
tate the development of operational dashboards which are highly customizable by
end users.

5. Conclusion and future works. The intensive development of hard-
ware and software tools provides many opportunities for solving various real-world
tasks, such as working with large data sets. This, in turn, is a powerful incentive
and opportunity for the development of different approaches for solving them [20].

In this paper a model of a multi-functional BigData architecture is proposed.
This architecture is a hybrid between the Lambda and Kappa architectures. It has
two layers (edge and processing-and-storage) and the processing-and-storage layer
has two sublayers that may operate independently or may be interconnected. The
model is built on the base of FIWARE components. The most important layer is
the processing-and-storage one. The process tools are analytic tool Apache Spark
and a library Apache Flink that are connected. The storage tool is organized
by relational and NOSQL databases which are supplemented with Draco GE to
ensure the ability to work with historical data. An important component of edge
layer is the context broker Orion with the help of which the application context
information is managed.

The future research will be focused in two main directions. The first one is
testing the performance of the proposed architecture after prototype implementa-
tion. The second one is to apply the architecture for solving SmartCity problems.
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