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ABSTRACT
The increasing volumes of data being produced, curated and made
available by research infrastructure (RI) initiatives in the environ-
mental science domain require services to optimise the delivery
and staging of data on behalf of investigators and other users of
scientific data. Specialised data services for managing data lifecycle,
for creating and delivering data products, and for customised data
processing, play a crucial role in RIs to serve their user communities.

We describe our experiences identifying the time-critical re-
quirements of environmental scientists making use of ICT research
support infrastructure. We present a microservice based infrastruc-
ture optimisation suite called the Dynamic Real-time Infrastructure
Planner (DRIP). We provide a case study whereby DRIP is used
to optimise runtime service quality for a data subscription service
provided by the Euro-Argo RI using EGI FedCloud and EUDAT’s
B2SAFE service.
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1 INTRODUCTION
Data-centric approaches play an increasingly important role in
scientific investigations such as climate modelling and the study
of global warming in the environmental and earth science do-
mains [14]. Large-scale observations over extended periods of time
are necessary for constructing and validating models of the environ-
ment, and so it is also necessary to provide advanced computational
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networked infrastructure for transporting large datasets and per-
forming data-intensive processing. However, to make optimal use
of the infrastructures, researchers need advanced research support
environments that enable efficient discovery of data, tools, etc. and
provide a platform for integrating resources into cohesive experi-
mental investigations with replicable workflows.

Examining current initiatives in Europe and beyond, three main
types of research support environments are identified that must be
tightly integrated to support data-centric research: 1) unified com-
puting, storage and network e-infrastructures (e-Is) provided via
initiatives such as EGI1 and EUDAT2; 2) research infrastructures
(RIs) combining scientific data collections with integrated services
for accessing, searching and processing research data within spe-
cific scientific domains such as ICOS3, EPOS4 and Euro-Argo5;
and 3) Virtual Research Environments (VREs) [9] for providing user-
centric support for discovering and selecting data and software
services from different sources, and composing and executing ap-
plication workflows, also referred to as Virtual Laboratories [6]
or Science Gateways [25]. As support environments, e-Is focus on
generic ICT resources (e.g. computing or networking), RIs man-
age data and services focused on specific scientific domains, and
VREs support the life cycle of specific research activities. Although
the boundaries between these environments is not always entirely
clear (often sharing services for infrastructure and data manage-
ment [20]), collectively they represent an important trend in many
international research and development projects. Figure 1 shows
an abstract logical relation among e-Is, RIs and VREs.

Performance is a crucial factor for many scenarios involving
research support environments. An example is an early warning
system where real-time sensor data have to be analysed quickly
enough in order to provide adequate time for an appropriate re-
sponse. Even in non-emergency contexts, there are many cases
where RIs collect real-time data from sensors continuously for
swift processing in order to provide ‘nearly real-time’ services to
researchers.

To deliver performance, time-critical applications rely not only
on the infrastructure for parallel computing or fast communication
between components, but also on optimisation of system-level ap-
plication behaviour [15, 43]. The customisation of the infrastructure

1http://www.egi.eu/
2http://www.eudat.eu/
3https://www.icos-ri.eu/
4https://www.epos-ip.org/
5http://www.euro-argo.eu/

https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://doi.org/10.1145/nnnnnnn.nnnnnnn


DataCloud 2017, Denver, CO, USA,
S. Koulouzis et al.

Figure 1: A layered view of the different kinds of research
support environments.

must consider performance constraints on applications at runtime
as well as the utilisation and cost of the underlying resources across
applications [20, 41].

In this paper we present a smart infrastructure optimisation
engine, called the Dynamic Real-time Infrastructure Planner (DRIP),
to bridge the gap between application requirements and service
delivery on the part of research support environments to optimise
quality of service at all levels. A use case from the Euro-Argo RI
will be used to demonstrate how DRIP can automatically select
and provision virtual resources, deploy services, and optimise the
delivery of observation data to a number of destinations in the
Cloud.

In the next section we examine the scientific and technical back-
ground of this work in more detail. We describe our implemented
system in Section 3 and our specific use case in more detail in Sec-
tion 4. We evaluate our experiments in Section 5 and finally discuss
our conclusions in Section 6.

2 REQUIREMENTS AND TECHNOLOGY
REVIEW

In this section, we analyse the requirements for service performance
optimisation in different research support environments, and then
review the technological state-of-the-art and current challenges.

2.1 Requirements
Within RIs, services are often developed with time constraints im-
posed on the acquisition, processing and publishing of real-time
observations, in scenarios such as disaster early warning [30]. For
VREs and RIs, performance factors are strongly influenced by the
time needed to customise the runtime environment and to schedule
the workflow applications [42]. Steering of applications during com-
plex experiments is also temporally bounded [13]. Computing tasks
and services provided by e-Is are managed and offered to clients
based on Service Level Agreements (SLAs). Time constraints are
also imposed on the scheduling and execution of tasks that require
High Performance or High Throughput Computing. The overhead
introduced by the customisation, reservation and provisioning of
suitable infrastructure, the monitoring of runtime behaviour for in-
frastructure, and the support for runtime controllable also needs to
be reduced and maintained with minimum levels. Failure recovery
for deployed services and applications in real time is also important
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Figure 2: Terminology related to time-critical applications.

when supporting time-critical applications; time constraints are
not only imposed on failure detection, but also on decision-making
and recovery.

Figure 2 defines a simple taxonomy for classifying temporal re-
quirements. Speed-critical applications simply need to minimise
the completion time, while true real-time applications are char-
acterised by bounded response time constraints on inputs, with
certain consequences upon failure to meet deadlines [23]. Based
on those consequences, real-time applications are referred to as
hard real-time if any missed deadline leads to immediate failure
of the application, soft real-time if missing deadlines merely leads
to degradation of user experience, and firm real-time if failure is
brought about by too many missed deadlines in succession. Nearly
real-time (NRT) applications are those with an intrinsic yet bounded
delay introduced by data processing or transmission. Note that this
does not make all NRT applications ‘soft’—such applications can
still impose a hard requirement for processing to fall within the
permitted bounds.

Most processes in research support environments are ‘soft’ in
that failure to meet deadlines is usually not immediately disastrous.
However, processes that are continuously run in tandem with data
acquisition can be seen to be ‘firm’ due to the cascading impact
of repeated failure to process their inputs on time. Hard real-time
constraints are rare but may emerge in safety critical applications
such as disaster prediction and response.

2.2 Technology Review
The fulfilment of most time-critical requirements for research sup-
port environments relies on optimal execution of tasks on e-Is, as
well as efficient movement of data across networks. We identify
several categories of time-critical application.

2.2.1 Time-critical Information Search andQuery. Querying data
and services becomes time-critical when the information being ex-
tracted is required for some urgent task. Typical technologies model
the search activities of users, and their projected needs, predicting
future queries [11], optimising catalogues [2] or prioritising urgent
tasks [26], as well as optimising the presentation of contextual
information [19].

2.2.2 Time-criticalWorkflow Execution. Time-critical constraints
on workflows are typically expressed as deadlines for complet-
ing (part of) the workflow, or for responding to invocations or
events within a certain time window. Scheduling the execution
of such workflows requires consideration of not only individual
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task deadlines, but also cost and occupation of resources [40]. Al-
gorithms based on partial critical paths can be used to solve such
problems [1, 37], applying meta-heuristic approaches e.g. particle
swarm optimisation [31].

2.2.3 Real-time Modelling and Simulation. Simulating physical
systems does not always require the simulation to run at wall clock
rates [3], but executing such simulations on distributed infrastruc-
ture does impose requirements onmanaging the simulation times of
different sub-components, e.g. to control the casual relation among
events and time [45].

2.2.4 Real-time Computational Steering. Real-time steering of
a computing system requires monitoring of the runtime status of
both application and infrastructure. Infrastructure-level monitor-
ing takes place at network level and on computing and storage
nodes [7, 33]. Monitoring service quality of cloud environments
allows providers or users to evaluate compliance with SLAs [27].
At application level monitoring often requires embedded probes
within application components [34]. Logging and provenance sub-
systems often captures the runtime status of the overall system as
well [10].

2.2.5 Real-time Data Acquisition. Acquiring real-time observa-
tions is important for many RIs. The quality of communication
between sensors and data processing units is crucial for timely
acquisition. Software-defined sensor networks can be used to op-
timise communication between sensors [4], as can applying edge
computing solutions to tightly couple sensors with data process-
ing [29]. To make sensor data available to users in near real-time,
partially automating data quality control and annotation is impor-
tant [17], but currently, most data quality control is performed
manually. Standardising this process and exploiting scalable virtu-
alised infrastructure are recurring requirements for environmental
RIs [24].

2.2.6 Real-time Data Transfer. Real-time data transfer between
components occurs frequently within e-Is. At network level, real-
time data protocols [32], multi-path TCP and other protocols are
used to optimise data streaming throughput. Software defined net-
working (SDN) [42] technologies are used to dynamically adapt
network flows between data nodes, and traffic programmingmodels
such as co-flow [16] are used to re-schedule runtime data transfer.
At transfer service level, dynamic schedule data transfer work-
ers are used in the Large OBject Cloud Data storagE fedeRation
(LOBCDER) service to handle the balance of downloads [21].

2.2.7 Infrastructure Provisioning for Time-critical Applications.
Fast provisioning of virtualised infrastructure opens the possibility
of runtime adaptation to meet time-critical requirements. Opti-
mising virtual machine (VM) image size [35], or directly forking
runtime images from memory [22, 47] can reduce provisioning
time. Using peer-to-peer (P2P) or SDN technology to optimise im-
age transfer among data centres [38] is also possible. [46] describes
a transparent networked virtual infrastructure (VI) graph partition-
ing and parallel provisioning approach to map infrastructure across
data centres.

2.2.8 Real-time Service Level Agreement. SLAs for real-time ap-
plications and their negotiation at runtime will be crucial for sup-
porting real-time applications in Cloud. Most approaches are based
on graph mapping using key quality parameters such as execution

time; improving themapping procedure can be done by parallelising
the search procedure for matching resources and applications [28],
pre-processing the resource information by clustering the resource
information based on the SLA request, and multi-objective optimi-
sation for searching out alternative solutions [5].

2.3 Challenges and gap analysis
As we can see from the above analysis, time-critical services are
clearly needed for various research support activities. The reali-
sation of this is still difficult however, because: 1) to meet time
requirements for searching data and software services in VREs,
access/storage services and VIs from different RIs are all required to
meet certain time-critical constraints; 2) to develop a time-critical
application in a VRE, the developer not only needs to describe
constraints at application level, but also compose an application
workflow by choosing suitable services from RIs, and customise the
runtime VIs for the application, provisioning it in an optimal e-I;
and 3) during the execution of time-critical applications in VREs,
data sources, software components, and the execution engines of
some parts of the application will have to be handled by different
underlying infrastructures.

To help address these concerns, we have developed a set of au-
tonomous services that assist with the optimisation of runtime
services from infrastructure customisation and provisioning to run-
time control. In doing so, we demonstrate how such services used
together provide a pathway for the kind of optimisation needed
to support time-critical scenarios within research support environ-
ments.

3 DYNAMIC REAL-TIME INFRASTRUCTURE
PLANNER

The Dynamic Real-time Infrastructure Planner (DRIP) is a ser-
vice suite for planning and provisioning network virtual machines,
namely virtual infrastructures (VIs), for deploying application com-
ponents, and for managing runtime infrastructures based on time-
critical constraints [44], developed in the context of EU H2020
projects SWITCH6 and ENVRIPLUS7. The DRIP service provides
an engine for automating all these procedures. This approach en-
ables a more holistic approach to the optimisation of resources
and meeting application-level constraints such as deadlines or Ser-
vice Level Agreements (SLAs). It allows application developers to
seamlessly plan a customised VI based on constraints on quality
of service (QoS), time-critical constraints or constraints on bud-
get. Based on such a plan DRIP can provision a VI across several
cloud providers. On top of the VI, DRIP can be used for deploying
application components and starting execution on demand.

3.1 Architecture and functional components
The DRIP services include: 1) an infrastructure planner, 2) an
infrastructure provisioner, 3) a deployment agent, 4) infrastructure
control agents, 5) a knowledge base, 6) the DRIP manager, and 7) an
internal message broker, as shown in Figure 3.

The infrastructure planner uses an adapted partial critical path
algorithm to produce efficient infrastructure topologies based on

6www.switchproject.eu
7www.envriplus.eu
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Figure 3: Functional components provided in DRIP.

application workflows and constraints by selecting cost-effective
virtual machines [37], customising the network topology among
virtual machines (VMs), and placing network controllers for the
networked VMs [36]. The infrastructure provisioner can automate
the provisioning of infrastructure plans produced by the planner
onto underlying infrastructure. The provisioner can decompose the
infrastructure description and provision it across multiple data cen-
tres (possibly from different providers) with transparent network
configuration [46]. The deployment agent installs application com-
ponents onto provisioned infrastructure. The deployment agent is
able to schedule the deployment sequence based on network bottle-
necks, and maximise the fulfillment of deployment deadlines [18].
The infrastructure control agents are sets of APIs that DRIP provides
to applications to control the scaling of containers or VMs and
for adapting network flows. The DRIP manager is a Web service
that allows DRIP functions to be invoked by external clients. Each
request is directed to the appropriate component by the manager,
which coordinates the individual components and scales them up
if necessary. Resource information, credentials, performance pro-
files and application workflows are all internally managed via a
knowledge base.

The prototype of DRIP adopts industrial and community stan-
dards. The infrastructure planner uses the Topology and Orchestra-
tion Specification for Cloud Applications (TOSCA) specification8
to get descriptions of applications and their constraints. The in-
frastructure provisioner uses the Open Cloud Computing Interface
(OCCI) as its default provisioning interface, and currently supports
the Amazon EC29, EGI FedCloud10 and ExoGeni11 Clouds. The de-
ployment agent can deploy overlay Docker clusters such as Docker
Swarm or Kubernetes. It may also deploy any type of customised
application based on Ansible playbooks12. The infrastructure control
agents are a set of APIs that DRIP provides to applications to allow
for scaling of containers or VMs and for adapting network flows.
The manager provides a RESTful interface to allow integrated in-
teraction with all components and uses RabbitMQ as its internal
message broker to direct requests appropriately. All DRIP software
is open source13.

8https://www.oasis-open.org/committees/tosca/
9https://aws.amazon.com/cn/ec2
10https://www.egi.eu/federation/egi-federated-cloud/
11http://www.exogeni.net/
12https://www.ansible.com/
13https://github.com/QCAPI-DRIP/

3.2 How DRIP Works
To function, DRIP requires: 1) an application description from the
developer, identifying the specific components to be deployed on
the provisioned infrastructure and defining the dependencies be-
tween components that describe the application workflow and the
time-critical constraints that apply to it; and 2) information about
the infrastructure resources (e.g. VM types and network bandwidth)
obtained from the cloud providers, and their performance hosting
specific applications [12]. Such information can also be stored in
the knowledge base.

The application topology is currently described using TOSCA
and must be part of the request made to DRIP. When a planning
request comes, the manager will direct the request to the infras-
tructure planner to generate a plan, which can be sent back to user
for further confirmation. If the constrains can not be satisfied the
planner informs the user that a plan cannot be generated. The DRIP
manager stores necessary cloud credentials on behalf of the user.
The provisioning agent can provision the VI via interfaces offered
by the Cloud providers. Once this has finished, the deployment
agent will deploy all necessary components onto the provisioned
VI from designated repositories and set up the control interfaces
needed for runtime control of application and infrastructure.

4 A CASE STUDY IN EURO-ARGO RESEARCH
INFRASTRUCTURE

Environmental research infrastructures (RIs) support their respec-
tive communities by acting as data hubs and publishers of scientific
data. The Euro-Argo RI is a typical example, being the European con-
tribution to the Argo program. Argo monitors the world’s oceans
measuring temperature, salinity, pressure, etc. via the distributed
deployment of robotic floats. These floats periodically send data
back via satellite to data assembly centres, which provide integrated,
cleaned data products to various regional centres, archives and re-
search teams; all data is made publicly available via a common
portal within 24 hours of acquisition. In contrast to simply provid-
ing collected data freely for download and frequent inspection for
changes in analysis results, researchers are allowed to subscribe
to specific subsets of Argo data and have updates pushed to their
own cloud storage, thus streamlining data delivery and accelerating
workflows.

4.1 A data subscription service
In a data subscription scenario in Euro-Argo, investigators subscribe
to customised views on the Argo data using a Data Subscription
Service (DSS), selecting specific regions and time-spans, and choos-
ing the frequency of updates. Tailored updates are then provided
on schedule to investigators’ private storage; Euro-Argo provides
the infrastructure services needed for computing data products to
match each subscription.

A typical subscription task ismade up of a set of inputs: a) an area
expressed as a bounding box; b) a time range; c) a list of parameters
required in data products (e.g. temperature); and d) optionally, a
deadline.

Such a DSS serves both end-users and application workflows for
which the retrieval of subscribed data is a key input. Often these
workflows require specific data to be delivered within a specific
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Figure 4: The architecture of the Euro-Argo DSS.

time window and often have firm or soft real-time requirements.
The type of real-time requirement is specified by the developer.

4.2 Service prototype
We prototyped a DSS architecture as depicted in Figure 4. Currently,
the resources from e-infrastructures (e-Is) such as EUDAT and EGI
FedCloud are used. Figure 4 shows the use case scenario of the
DSS using EUDAT and EGI services. EUDAT provides services for
storage and data transfer, while EGI FedCloud provides the services
for computing data products for each subscription.

The DSS scenario involves the following basic components: 1) a
data selection portal as front end, 2) the Global Data Assembly
Center (GDAC) of Euro-Argo[39], 3) EUDAT B2SAFE storage [8],
4) DRIP, 5) EGI FedCloud resources, and 6) a subscription service.

Users interact with the DSS via a portal, registering to receive
updates for specific areas and time ranges for selected parameters
such as temperature, salinity, and oxygen levels. The GDAC re-
ceives new datasets from regional centres and pushes them to the
B2SAFE data service. The DSS maintains records of subscriptions
including selected parameters and associated actions. DRIP plans,
provisions, deploys, scales and controls the data filtering applica-
tion. EGI FedCloud provides cloud resources to host the application.
The application itself is composed of a master node and a set of
worker nodes.

The master node uses a monitoring process that tracks specified
metrics and interacts with the DRIP controller, which can scale out
workers on demand. The master is also responsible for partitioning
input parameters and distributing them to workers for parallel exe-
cution then re-combination. Partitioning input parameters should
provide faster execution due to increased speed-up. The workers
perform the actual query on the dataset based on the partitioned
input parameters provided by the master node.

When new data is available to the GDAC, it pushes them to
the B2SAFE service, triggering a notification to the DSS, which
consequently initiates actions on the new data. If the application
is not deployed to FedCloud then DRIP provisions the necessary
VMs and network so that the application may be deployed. Next,
the deployment agent installs all the necessary dependencies along
with the application including configurations to access on the Argo
data. The DSS signals to the application master node the availability
of the input parameters to be processed whereupon it partitions the
input tasks into sub-tasks and distributes them to the workers. If the

input parameters include deadlines then the master will prioritise
them accordingly. The monitoring process keeps track of each
running task and passes that information to the DRIP controller.
If the programmed threshold is passed, then the controller will
request more resources from the provisioner. Finally, the results
of each task are pushed back to the B2SAFE service triggering a
notification to the subscription service, after which it notifies the
user14.

4.3 Infrastructure Customisation and
Performance Optimisation

To meet the time-critical constraints of the DSS, data products
for all subscriptions should be processed and distributed within a
certain time window. Resources need to be elastic to support all
tasks. To this end, DRIP provides an auto-scaling option to ensure
on-time delivery of the requested data, based on total budget for
resources. However, simply adding resources is not always enough
to provide the best possible performance for an application—to fully
take advantage of the available resources it is often necessary to
change the invocation parameters of an application and partition
them in a manner that will achieve good scalability and efficiency.

Different optimisation strategies have been investigated for par-
titioning and scheduling subscription tasks in order to minimise
resource usage while meeting all necessary deadlines.

4.3.1 Input partitioning. We investigated two types of input par-
titioning: linear and logarithmic. With Linear partitioning we divide
the input range into equal parts. With logarithmic partitioning we
split the range into larger sections at the beginning of the range
(accounting for the sparser data recorded early in the Euro-Argo
dataset) and smaller sections towards the end (when observations
become more detailed).

4.3.2 Deadline-aware auto-scaling. As mentioned in Section 4.2,
the user has the option to specify a deadline for obtaining the
requested data. To ensure on-time data delivery the application
master calculates the ‘importance’ of each task based on its deadline
and input parameters:

Imp(task) = ( |P | ·wp ) + (ttd ·wd ) + (tr ·wt ) + (a ·wa ) (1)

In Equation 1, P is the parameter list, ttd is the time-to-deadline, tr
is the time range, a is the area andwp ,wd ,wt ,wa are the respective
weights that determine each parameter’s importance.

Ascertaining the prioritisation of tasks allows for smarter scaling
behaviour on the part of provisioning system by determining on
which parameters thresholds should be placed to trigger scaling.

5 EXPERIMENTAL RESULTS
In this section we present the results of the experiments described
in the previous section.

5.1 Input partitioning
Before attempting to partition input parameters and distribute them
to worker nodes, we must first identify which parameter requires
the most computing time when generating the data products. To do
this we generated a set of tasks on a region of randomly selected

14The use case is also demonstrated online at
https://www.youtube.com/watch?v=PKU_JcmSskw&t=12s.
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raw data requiring computing of all parameters. We performed
550 tasks spanning the Mediterranean sea while requesting data
in a time window from 1999 to 2007 and covering more than 400
possible parameters in the data products. We executed these tasks
on identical VMs and measured their execution time to determine
the correlation between area, time range and number of parameters
with execution time. Additionally we investigated the effect of end
date on execution time, e.g, whether execution time changes for
processing three months of data up to 1999 rather than 2007. We
use this correlation analysis to select suitable partitioning strategy.
For our experiments we used EGI FedCloud as our test-bed; all VMs
in these experiments were identical, with two cores and two GBs
of RAM.

We tested the logarithmic partitioning strategy under the as-
sumption that input data are not always equally distributed, and
therefore the load balance on the worker nodes would not be the
same. For both strategies we applied the same task with the follow-
ing input parameters: a) the Mediterranean as area, b) a time range
from 01/01/99 to 01/01/07, and c) 412 different parameters. We mea-
sured the speed-up and efficiency using 1, 2, 4, and 8 VMs with one
worker node per VM for both strategies. We also looked at speed-
up and efficiency as we added more tasks per worker node. With
speed-up we measured how much faster an application becomes
when adding more VMs compared with using only one VM—the
ratio of the sequential execution time to the parallel execution time
(S = Ts/Tp ). For efficiency we measured the fraction of time in
which a node is utilised such that E = S/p.

In Table 1 we provide the correlation coefficients between exe-
cution time and each of time coverage, area, number of parameters
and the end time stamp (of the coverage range). According to these
results, the time coverage has a strong positive relation (0.93) with
the execution time followed by end time (0.65). This means that the
more dates we request to process, the more time it takes to finish
the execution, while the rest of the variables do not indicate any
relationship with the execution time.

Correlations Execution time
Execution Time 1.00
Time Coverage 0.93
Area 0.03
Num. of Parameters 0.02
End Time stamp 0.65

Table 1: Input correlations against execution time.

Figures 5 and 6 show the speed-up and efficiency results. The
lines indicated as ‘log1’ and ‘log4’ indicate speed-up for logarithmic
partitioning while assigning 1 and 4 tasks per worker respectively.
The lines indicated as ‘lin1’ and ‘lin4’ represent linear partitioning
with the same assignments. These results indicate that the loga-
rithmic partitioning with 4 tasks per worker performs best (log4),
which aligns with Table 1.

5.2 Deadline-aware auto-scaling
Using Equation 1 we ranked 100 tasks each with the same deadline
but varying areas and time ranges. After ranking these tasks we set

Figure 5: Speed-up for linear and logarithmic partitioning
strategies assigning 1 and 4 tasks/worker.

Figure 6: Efficiency for linear and logarithmic partitioning
strategies assigning 1 and 4 tasks/worker.

Figure 7: Process 100 tasks with no scaling.

the time-to-deadline as a metric for a monitoring process. When the
time-to-deadline dropped below a certain threshold, a signal was
sent to the controller to scale up the application. In this particular
setup the controller started a new VM each time it received a signal
until a specified VM limit was reached, after which the controller
would start a new worker on each VM in a round-robin fashion.
We examined three different cases: a) no scaling, b) scaling with a
static threshold, and c) scaling with a dynamic threshold.

In the case of static scaling the controller takes no action when
the time-to-deadline drops bellow the threshold. In the second case
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Figure 8: Process 100 tasks with static threshold.

Figure 9: Process 100 tasks with dynamic threshold.

the threshold was set to a static value (chosen after an empirical
study). In the third case the threshold was initially set to a specific
value, but as soon as the time-to-deadline dropped below the thresh-
old a signal was sent to the controller to scale the application, and
the new threshold value was set to the current time-to-deadline
minus a factor. For the third case we tried to avoid aggressive scal-
ing in an attempt to provision only as many VMs as necessary so
that we could finish all tasks in time. For this experimental setup
we specified a limit to the number of VMs to 8 with 2 workers per
VMs meaning that the maximum number of workers at any time
was 16—this represented the budget limit that might be imposed
by the application developer.

Figures 7, 8 and 9 show the results for each of the cases described
in Section 4.3. In all figures the x-axis represents the task number,
the right-side y-axis the time to deadline in seconds and the right-
side y-axis the number of nodes used for each execution. Also, in
Figures 8 and 9 we show the threshold for triggering the addition of
more resources. In Figure 7, although the cost of the application is
minimal (only one VM) after approximately 22 tasks are initiated, all
deadlines are missed. In Figure 8 we observe all tasks are processed
within their deadline. However, the controller over-provisions VMs,
reaching the specified limit of 16 workers (2 workers per VM)
quickly. Finally in Figure 9, we see that the controller provisions
just enoughworkers to complete all tasks in time with the exception
of the last, which overshoots its deadline by 2 seconds.

5.3 Discussion
The results presented here demonstrated that the linear partition-
ing strategy showed non-linear speed-up and efficiency. This can
be attributed to the unequal load distribution where some work-
ers were assigned far smaller loads than others. This is because
more recent data samples in the Euro-Argo data-set contain more
data than older samples, which explains why the logarithmic parti-
tioning performed better. However, the recorded speed-up can be
improved if the scale of division was calibrated based on the actual
end date. Moreover, a more linear speed-up could be achieved if
the partitioning was performed on all input dimensions.

6 CONCLUSION AND FUTUREWORK
We have presented our DRIP microservice suite for optimising
run-time quality of data service, in particular for applications with
time-critical constraints. We demonstrated howDRIP can be used to
automatically select and provision infrastructure resources, deploy
services, and optimise the run-time quality for a data subscription
study case involving the Euro-Argo RI. We demonstrated how to
select an optimal strategy for partitioning the input tasks into
workers using a modicum of knowledge concerning the specifics
of an application. The results clearly show the value of integrated
systems such as DRIP for dynamic optimisation of data services in
research support systems.

An important future work will be deploying DRIP as an optimi-
sation engine for a broader range of services provided on behalf
of environmental RIs—by doing this, we will be able to explore a
wider range of usage scenarios and so identify new optimisation
strategies for input partitioning and dynamic provisioning of in-
frastructure. For example DRIP will consider resource failures that
would have an impact on deadlines. Moreover, integrating DRIP
with data processing frameworks from specific research domains
will also be an important step, allowing us to work in complement
with established and new frameworks for scientific data handling.
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