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Abstract

Stream-Processing Systems (SPS) has become a crucial
model in scientific and industrial domains in recent years.
In this context, Multi Geo-spatial Environments are com-
munally to host real time applications. It incurs in substan-
tial communication costs, becoming a dominant operational
expenditure factor. This work aims to evaluate the appli-
cation slow-down impact in geographically distributed en-
vironments over different architecture models. The experi-
ments were performed using a real scenario deployed on
Microsoft Azure, where models are introduced and com-
pared. Some of those models present up to 33% perfor-
mance enhancement using batch-sized strategies.

1. Introduction

The most different technologies are converging to ex-
change data, as a consequence Internet of Things (IoT) is
taking a vital place on the Big Data Analytics. Googles
MapReduce (MR) has introduced a simple and scalable data
processing technique that deals with the massive amount of
data generated by all the things. Since the time of its in-
troduction, Big Data Analytics has attracted a good amount
of attention from both industry and academia. According
to IDG, in the period 2014-2015 there was an increase
of 125% in the number of organizations that implemented
or deployed data-driven projects. Also, IDG estimates that
companies will spend approximately 13.8 million dollars
per annum on them in the next few years. Moreover, 58%
of business investments are related to Big Data Analytics.
Most of the initial use cases were in batch analytics (i.e.,
Batch-Processing), which meant that data was stored on a
disk and then periodically processed by walking through
it. However, Batch-Processing was not structured to have
low latencies in the processing of the batches. Thus, a new
model was introduced - Stream-Processing.

In recent years, this subclass of Big Data called fast data
(i.e., high-speed real-time and near-real-time data streams)
has also witnessed a vast increase in volume and availabil-
ity. These specific data, (often denoted as events), are usu-
ally characterized by a small unit size (in the order of kilo-
bytes) but have overwhelming collection rates. As a result
of this continuous flow of data a Stream-Processing ap-
proach has emerged (Apache Storm [12], Apache Spark
[15], Apache Flink [1], S4 [10], Apache Samza [16], and
so on).

According to [13], Stream-Processing have been applied
on multi-geospatial (i.e. multi-cloud) environments and it
has pulled off for scientific discovery. Stream-processing al-
lows to perform most of the processing independently on

the data partitions across different sites and then to ag-
gregate the results in a final phase. In some of the largest
scenarios, the data sets are already partitioned for storage
across multiple sites, which simplifies the task of preparing
and launching a geographical-distributed processing. These
scenarios include exponentially expanding data, and ac-
cording to IDC by 2020 there will be around 44 Zettabytes
of data that will require processing. Multi-Cloud (MC)
has characteristics as heterogeneity and variety of network
bandwidth. The use of MC is inevitable since a single site
will not be enough to handle the high volume of data. As
pointed out by Smartinsights, since 2013 the growth of data
generated per minute in the main companies has been expo-
nential.

Therefore, this article intends to overcome environmen-
tal limitations, proposing a model that is followed by a
technique. From this assumption we assume that problems
will arise with this kind of environment as network latency
and data placement causing slow down in applications. A
technique is mandatory to improve the throughput of event
streams between distributed environments.

To address this challenge the data clustering and a small
batches strategy will be used to obtain low latency for the
stream-based processing ([3] and [14]). Finally, the evalu-
ation is conducted by a comparative study of batch sizes,
looking for particular approaches to batch the streams (i.e.,
time-based, event-based or hybrid form). In contemplation
of determine which is the more adequate technique for the
Stream-Processing in this scenario.

2. Background
This work will seek to reach a geographically distributed

environment that has its decoupled functions as shown in
Figure 1. The components mentioned here are related to the
role of computing resources. Figure 1 presents a Geograph-
ically Distributed decoupled Environment composed by a
Data Source which represents the data producer, Message
Broker that handles message queues, and also by a Stream-
processing engine as the core for data analysis.

Still, by the adoption of this architecture model is possi-
ble to raise the resource processing pool (e.g., stream pro-
cessing clusters) at any time. The structure will guarantee
the fittable in and out of the resources in the network.

The adopted kind of architecture is due to the possibil-
ity to get over the elasticity problem. In this scenario, they
have created different execution clusters and therefore al-
lowing the insertion of computational resources at any time.
The structure will fit the in and out of the resources in the
network.

Moreover, the distributed infrastructure for such process-
ing model should not have restrictions on some online re-
sources (i.e., environments should automatically adapt to



the requests, scalability). The growth of the Internet of
Things (IoT) supports that point, where more and more sen-
sors and ”things” that are data sources are present in our ap-
plications.

Figure 1. Geographically Distributed decou-
pled Environment

2.1. Multi Geo-Spatial Environments

The volume and velocity of data generation have been
evolved in these last years. Consequently, it leads to the
physical capacity constraint problems (i.e., single data cen-
ter - Figure 2) [6].

Figure 2. Single Data Center

Such restrictions related with Single Data Center can be
seen as follows:

• Memory: Applications in Stream-processing usually
make use of memory, and the data is growing expo-
nentially. Through situations where there are enormous
amount of data, the applications will have to decrease
the size of the evaluation windows, and it will be able
to affect negatively at the final application result;

• Storage: Data storage is one of the most important
challenges of Big Data. It is the point that has been get-
ting the attraction of researchers in recent years, espe-
cially in the batch-processing area [5, 2]. It involves
the data placement and movement, especially prob-
lems with security. Although, both have impacts on the
latency of execution;

• CPU: Clouds usually are environments that share the
computational resource and also have limitations be-
tween the users (e.g., 300 cores in Microsoft Azure)
[13]. These conditions will influence in the creation of
the flows on the Stream-processing;

The structuring of a geographically distributed environ-
ment will assist in decreasing the restrictions given in a sin-
gle site. Although, problems will arise related to data place-

ment and data movement. The main one is the use of the In-
ternet for the communication. In this scenario, it is not pos-
sible to define the time for the data transfer since the band-
width and latency have wide fluctuations.

Therefore, methods and techniques should be evaluated
to address the barriers of infrastructure. In the Stream-
processing environments, there is a strong constraint related
to the processing time. The result should be obtained in sec-
onds or milliseconds (i.e., real-time or near real-time).

2.2. Stream-Processing Models
An important point that will influence the running time

is the way the application will handle the data. Furthermore,
as presented studies ([3] and [14]), an opportunity to over-
come it is through the accumulation of the events and trans-
fer them in data blocks (i.e., considering the time constraints
given by the application). So, the latency cost of the trans-
fer will be lower and the throughput of the events by time
will be higher.

So within the options of Stream-Processing mod-
els, there are the following strategies of event aggrega-
tions: One-at-a-time, most of it is used to the real-time
constraint. The events are transmitted directly to the Mes-
sage Broker as are generated; Batch-sized used to the near
real-time constraint. Events are retained in the source and
sent to the Broker in batches.

Based on the mentioned techniques, it is important to se-
lect one that may improve the performance in proposed en-
vironment. So, we evaluate those approaches in a cloud in-
frastructure.

The accumulation of events will be viable in the pro-
cess since it is intended to work with near real-time envi-
ronments. By using batched-size model is expected to iden-
tify the best amount to accumulate or even check the inter-
ference the Internet in the environment. For the One-at-a-
time approach each event will be added the network latency
since it will be added only once in a Batch-sized approach.

In this study, the ”mini-batch” size will vary primarily
to verify the accumulation time and the impact caused by
the application. To assess these impacts will use a fully dis-
tributed environment as shown in Figure 1 and seek to be
identify the interference in the application run-time.

3. Decoupled Scenarios Performance Analysis

This section describes the evaluation and methodology
to demonstrate the impacts of Stream-Processing Model on
Multi Geo-spatial Environment. Moreover, we present the
utilized tools, collected metrics and a performance analy-
sis.

3.1. Methodology
We aims to measure all points within the decoupled sce-

nario to be able to identify possibles bottleneck. The mea-
sured metrics were the completion time and the total num-
ber of events to verify each approach and, also we assessed
the following points: events per seconds; Flink’s events
throughput; duration of each event;

The experiments comprise empirical evaluation per-
formed on the Microsoft Azure cloud, at the PaaS level, us-
ing a VM on West of US as the Data Source, a VM on
North of EU as the Message Broker and three VMs on East
of Japan as the Stream-processing set. The system runs on
A10 instances (processor Intel Xeon E5-2670 @ 2.6 GHz,
8 cores, 56GB DDR3-1600 MHz RAM and 120 GB stor-
age) with Ubuntu Server. Each VM instance synchronizes



its time with the NTP Server. Experiments were de-
signed based on the methodology proposed by [8] with a
replication factor equal to 20 and 7 batch sizes. The experi-
ments were performed as the following tools: Data Source:
A Java implementation to produce parallel events; Mes-
sage Broker: Apache Kafka 0.10.0; Stream-processing
Engine: Apache Flink.

The stream-processing models evaluated were One-at-
a-time: one event at a time and the Batch-based: batches
with 2, 10, 150, 250, 500 and 1000 events. In order to eval-
uate the proposed environments the following tools were
used: Iperf to measure the throughput and the bandwidth
among the evaluated regions; Dstat-monitor was used for
measuring resource consumption, CPU utilization, memory
usage, disk and network I/O; Hping was used to obtain in-
formation regarding the network latency between the test
environments; Ganglia has been used to monitor the recep-
tion and sending messages time through Apache Kafka and
Flink.

For our experiments, we used a sentimental analysis ap-
plication, as our Stream Processing Motor, where tweets
were classified. The application derivates from a Natu-
ral Processing Language algorithm, based on a dictionary.
Tests were performed in 140 runs, where the size of the
tweet was ≈ 2KB. In each run were sent 1.000,000 tweets
where the experiment time took ≈ 12 hours.
3.2. Results

Figure 3 shows the entire execution over the decoupled
environment, over the complete execution over all proposed
scenarios, i.e., batch sizes. We noticed a significant varia-
tion in sending smaller batches. Most of it, caused by the
substantial number of messages sent over the network, be-
ing more susceptible to failures and high latency that is
caused mainly by the cloud services or the network links.
Although, bigger batches performed less variation and
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Figure 3. Execution time over the entire
model

lower execution time. We can observe that in bigger batches
there is fewer event consumption but with smaller process-
ing time. Showing that for that type of environment is viable
to send bigger messages than send more amounts of smaller
messages. Batch sizes of 250 to 1000 shown promising re-
sults, providing stability and a shorter run time.

Since we adopt the use of a synthetic uniform data set,
it has expected that the execution time may increase pro-

portionally. However, it does not occur. The warm-up and
cool-down execution of Apache Flink explain that behav-
ior, which is the time of deployment of a new job and re-
fresh of the framework.

Obviously, we also need to consider as well the charac-
teristics of the evaluated application, that may benefit the
approach. For this reason, the chosen application is I/O
bound. It is because most of the Big Data Stream applica-
tions are considered I/O bound [7] the strategy may benefit
most of the applications.

Moreover, it is possible to conclude that the aggrega-
tion is feasible since there is no further increase in execu-
tion time inside Flink. It also may prove, that there is an
improvement of exploitation from the available resources
since the throughput increased, but it needs further and
deeply evaluations.

As seen in Figure 3 the batch sizes of 1 to 10 are signif-
icantly inferior in execution time, since the involved logis-
tics to send plenty of messages besides using a bigger batch
with multiples streams. At this point, Figure 4 reinforces
that idea, considering that it presents the entire throughput
time to prepare, send and process a batch-sized.
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Figure 4. Event time

The Figure 4 shows the mean time of an event per each
batch size. From the batch of size one to ten there’s a time
decrease of 66% that is a quite promising result. From the
batch size of 10 to 500 it is possible to notice an increase
in time. From this point we can see that the strategy is
no longer efficient. Whatsoever, this is not a considerable
growth since the amount messages almost doubles, com-
paring directly with the batch size of one message at a time.
Conclusively, it is also possible to notice the degradation
caused by the strategy of 1000 events in a batch. It is caused
mostly by the overhead to aggregate that amount of events
in memory.

4. Related Work
JetStream [14] is a set of strategies for efficient trans-

fers of events between cloud data-centers. JetStream can
self-adapt to the streams conditions by modeling and to
monitor a set of context parameters. It further aggregates
the available bandwidth by enabling multi-route streaming
across the cloud sites. The research focus on events trans-
fers between inter and intra-nodes. They propose an adap-
tive Cloud batching; the algorithm aggregates the streams



in batches in latency reduction. The main idea of JetStream
is interesting. However, it just considers the latency and
not the volatility. The proposal target environment where
computational resources can leave unexpectedly and the
scheduling policies must adapt to it.

In [9] are introduced solutions to enable elasticity over
shared clusters. Mainly focused on the demand where the
input rate of streams may vary drastically from each loca-
tion. A monitor is proposed that discover bottlenecks in the
stream data flow. Rescales are done in the capacity of pro-
cessing seeking to solve the found bottlenecks. It concen-
trates principally on the capacity of processing, not the data
itself, as proposed in this work.

SMART [4] is a framework to offer an efficient develop-
ment of Big Data analysis for small and medium-sized orga-
nizations. SMART consider heterogeneous data sources and
the data analysis focus on Geo-Distributed data, consider
cost, failure probability, network overhead, I/O throughput
and minimize the transfers between the computational re-
sources. These parameters are not enough to work with
Stream-processing and heterogeneity. To overcome the en-
vironment limitations, it is necessary to input information
from the devices, such as memory, CPU speed, and stor-
age.

Similarly, [11] purpose a generic, extensible, scalable,
fine-grained re-configurable deployment and multi-cloud
framework. It is based on a lightweight kernel and provides
a hierarchical DSL (Domain Specific Language). DSL al-
lows it to achieve a fine-grained level of administration.
Counterpart the solution does not control the workload at
the nodes and the possible failures, the Deployment Man-
ager is just an interface to set the devices and the Virtual
Machines.

5. Conclusions
Our findings demonstrate that it is necessary to evalu-

ate the environment and the techniques used for sending
batches, since it may vary according to network latency
and environmental characteristics. Results proved that with
small batches there is a wide variation in the time of the
messages and possibly a high time within the duration of
the event. In contrast to larger batches the number of mes-
sages is smaller, with less variability and preventing possi-
ble failures, thus may have a slight variation in time of the
messages with relatively smaller durations.

Therefore, methods and techniques should be evaluated
to address the barriers of infrastructure. In the Stream-
processing environments, there is a strong constraint related
to the processing time. The result should be in seconds or
milliseconds (i.e., real-time or near real-time). As future
work, a proposal of self-adaptative strategy may be made,
to dynamic define size to the batching approach based on
the constraints seen in those environments and following
the necessity of each application.
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