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Abstract—Responsible, efficient and well-planned power con-
sumption is becoming a necessity for monetary returns and
scalability of computing infrastructures. While there is a variety
of sources from which power data can be obtained, analyzing this
data is an intrinsically hard task. In this paper, we propose a
data analysis pipeline that can handle the large-scale collection of
energy consumption logs, apply sophisticated modeling to enable
accurate prediction, and evaluate the efficiency of the analysis
approach. We present the analysis of a power consumption
data set collected over a 6-month period from two clusters of
the Grid’5000 experimentation platform used in production. To
solve the large data challenge, we used Hadoop with Pig data
processing to generate a summary of the data that provides basic
statistical aggregations, over different time scales. The aggregate
data is then analyzed as a time series using sophisticated
modeling methods with R statistical software. Energy models
from such large dataset can help in understanding the evolution
of consumption patterns, predicting future energy trends, and
providing basis for generalizing the energy models to similar
large-scale systems.

I. INTRODUCTION

Responsible, efficient and well-planned power consumption
is becoming a necessity, if not for ethical reasons, for pure
monetary returns and scalability of computing infrastructure
projects. Green computing is increasingly becoming the focus
of many recent studies. The planning, analysis, and design
of power-aware systems is an essential part of all current
and future large scale computing infrastructure projects. While
there are a variety of sources from which power data can
be obtained, there are several ongoing projects that deal
with coalescing and enriching the available measurements.
Analyzing this data is an intrinsically hard task due to the
heterogeneity of the sources, and lack of proper models.

This paper analyzes energy consumption data collected over
six months of operation from two clusters of an experi-
mentation platform used in production. Energy models from
such large dataset can help in understanding the evolution
of consumption patterns, predicting future energy trends, and
providing basis for generalizing the energy models to similar
large-scale systems. The analysis performed on this dataset
needs to be efficient, accurate, and easily adaptable to new
data. For achieving those goals, we provide a data analysis
pipeline that can handle the large-scale collection of energy
consumption logs, apply sophisticated modeling to enable ac-
curate prediction, and evaluate the efficiency of the approach.

For the large data challenge, we used Hadoop with Pig data
processing to generate a summary of the data that provides

basic statistical aggregations, over different time scales. The
aggregated energy data includes basic statistics and outliers
detection. The aggregate data is then analyzed as a time
series using sophisticated modeling methods with R statistical
software. This analysis process provides high-level visualiza-
tions of the consumption trends and outliers. The process
also provides time series models with predictions of future
samples. The performance of the Hadoop data processing and
aggregation pipeline is evaluated on a 55 node cluster.

The remainder of this paper is organized as follows. In
Section II, we present the Grid’5000 computing infrastructure
from where the dataset analyzed was collected. We then
introduce in Section III our approach for analyzing the power
consumption dataset and background on time series modeling.
The results and models and predictions derived from them are
described in Section IV. We provide performance results in
Section V. Related work is discussed in Section VI. In Section
VII we summarize the lessons learnt from this study and give
future work directions.

II. BACKGROUND

A. Grid’5000 Testbed

Grid’5000 is a scientific instrument designed to support
experiment-driven research in all areas of computer science
related to parallel, large-scale or distributed computing and
networking [6]. It aims at providing a highly reconfigurable,
controlable and monitorable experimental platform to its users.
It currently comprises of 9 sites in France and one in Luxem-
bourg [1]. Grid’5000 platform features almost 8000 cores (in
more than 2200 AMD Opteron and Intel Xeon processors) in
clusters located on the different sites. Grid’5000 features both
Myrinet and Infiniband network infrastructures in its clusters
as well as Gigabit Ethernet. Sites are interconnected through a
dedicated 10 Gb/s wide area network operated by RENATER.
The platform is available to researchers through the OAR
advanced reservation system [7]. A reservation consists of a
list of cluster nodes that can be located on one or several sites
for a given amount of time. OAR attributes a unique identifier
to each reservation and records the time when it was submitted,
when it will start and when it will finish. When the reservation
expires, it records its final status that can be either terminated
or error. Once a user gets its reserved nodes, she has their
exclusive usage and she can deploy the whole software stack of
her choice on the nodes from the network to application layers
through the operating system, middleware, application runtime
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Fig. 1. Overview of Grid’5000 Data Model.

Nodes Reservations Failures

Capricorne 56 90521 6815
Sagittaire 79 91159 16592

TABLE I
DATA SUMMARY.

and programming environment layers using the Kadeploy tool
[14]. OAR maintains a log recording individual node failures
that is to say periods during which nodes are unavailable
to user requests. For each node failure, a failure type is
recorded along with the failure starting and end times and
node identifier.

B. Dataset

In this paper, we are focusing on energy consumption for
the Grid’5000 testbed. The energy consumption data used in
our analysis are collected from the Lyon site of the Grid’5000
testbed. This site consists of two main clusters: Capricorne
and Sagittaire with 56 and 79 nodes respectively. Capricorne
machines have 2 AMD Opteron CPUs and 2GB of RAM
each. Sagittaire machines are 2 AMD Opteron CPUs and
16GB RAM each. All nodes are equipped with SCSI disks.
The data spans a period of 6 months, from September’09 to
March’10. Power consumption is measured every second using
wattmeters manufactured by the OMEGAWATT company, the
precision being 0.125W [12].

Figure 1 shows a high-level view of the available data. The
structure is abstracted to show basic relationships between
each data entity. In this work, we are interested in the
Consumption data, where timestamped logs are available for
each node. The original data includes an ASCII file for each
node, where file name indicates the node ID. The consumption
raw logs contain only two fields: timestamp and consumption
in watts. To enable the analyses to only process file contents,
not the metadata (file name), we appended the node ID to each
line in the raw log file.

Table I summarizes the available data that is used in our
modeling. Each cluster consists of a number of nodes that can
be individually reserved by users. The total number of node
reservations in the dataset is shown, along with the number of
recorded node failures.
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Fig. 2. Overview of analysis framework.

III. ANALYSIS APPROACH

In this section, we present explain our analysis approach
and the tools and infrastructure used to generate the results.

A. Infrastructure

An overview of our analysis framework is shown in
Figure 2. It uses two components of Apache’s Hadoop –
MapReduce and Hadoop Distributed File System (HDFS) – as
the underlying distributed processing infrastructure [23], [3].
Hadoop MapReduce and HDFS are open source implementa-
tions of the MapReduce programming model [9] and Google
File System [15] respectively. Hadoop provides scalability by
automatically parallelizing MapReduce programs on clusters
of machines, transparently handling host and application fail-
ures. At the analysis level, Apache Pig [4] was chosen as
the platform for aggregating and summarizing the Grid’5000
dataset. Apache Pig has a high-level language, Pig Latin [17],
that allows an analyst to easily write parallelized data analysis
programs against very large datasets. The Pig programs are
compiled into one or more sequenced MapReduce tasks which
run on the underlying distributed processing infrastructure of
HDFS and Hadoop MapReduce.

The first step is loading the Grid’5000 data into HDFS.
We maintain the same directory structure and file formats
available from the online repository. Once the data is available
from HDFS, Pig Latin scripts can be executed on the Hadoop
cluster. The results are stored back to HDFS. The range of
analyses that can be performed at this step is limited by the
supported built-in functions from Pig Latin. For our analysis,
the main purpose of this step is to generate an aggregated view
of the data that is more suitable for advanced analysis.

The output of the MapReduce phase is loaded into a
desktop-scale analysis tool, which can perform advanced in-
teractive visualization and further analysis. For this step, we
used the popular R [2], [16] statistical analysis environment.
The available results can now fit in memory for R to perform
more comprehensive investigations.

B. Data Summarization

This section describes the methods used to perform basic
statistical functions with Pig Latin scripts running on a Hadoop



x = LOAD ’$in’ USING PigStorage(’,’)
y = FILTER x BY watts>=0;
z = FOREACH y GENERATE

node, watts;
g = GROUP z BY (node_ID);
s = FOREACH g GENERATE flatten(group),

COUNT(z), MIN(z.watts),
MAX(z.watts), AVG(z.watts),

STORE s INTO ’$out’ USING PigStorage(’,’);

Fig. 3. Example Pig Latin script. The variable names were omitted from the
LOAD statement.

cluster. The results of the Pig Latin analysis phase will be
fed to R statistical tools for more advanced, interactive data
exploration; results from this detailed analysis are presented
in the following section IV.

Computing Basic Statistics. A typical Pig Latin script
describes a series of data transformations, or a data pipeline.
Scripts begin with one or more LOAD operations that read
the data from HDFS into a table-like structure where basic
data types are supported. The loaded data can be processed
by a FILTER operator. A GENERATE operator is available
to select only a subset of the table columns. Statistics can be
computed for the entire dataset, or the GROUP operator can be
used in a similar fashion to the SQL GROUP BY operator. The
example in Figure 3 groups the data by node, and computes the
minimum, maximum and average energy consumption values
in watts. Finally, the script uses the STORE operation to save
the results to HDFS.

Pig Latin supports a limited set of aggregation operators,
e.g. count, average, minimum and maximum. These do not
include such common statistical measures as variance and
correlation. Therefore, we wrote our own Pig Latin scripts for
these functions. We show the variance computation here, as
it was essential for our analysis. The correlation computation
was done, but not applied to the energy consumption data, so
it will not be presented here.

Variance. In our analysis, we used the variance calculation
formula that is more parallel in nature, s2 = 1

n

∑n
i=1 x

2
i −

( 1
n

∑n
i=1 xi)

2, as opposed to s2 = 1
n−1

∑n
i=1(xi− x̄)2, which

first computes the population mean, x̄ = 1
n

∑n
i=1 xi, then

applies the difference and summation for the entire dataset.
This can be performed by modifying the GENERATE statement
in the original script where the projection will first generate
watts and watts × watts, then after grouping, the equation
will be added to the final GENERATE statement to compute
the variance.

Time-series aggregation. The energy consumption data
is collected every second by energy monitors at each node,
resulting in a massive number of records. It is impractical to
model the entire dataset at that granularity, especially that not
every data point would be of interest to administrators or users.

When the time-series consists of consecutive fixed time
intervals, an efficient and easily parallelized technique for this
is called time masking. In time masking, given a certain time
precision (minutes, seconds, milliseconds), each time stamp

will be rounded to the nearest value for that precision. The
masked time stamp can then be used as part of the key
in the GROUP statement, allowing different measurements to
fall in the bucket of the specific time stamp. Time masking,
sometimes called binning, is not a novel mechanism. What our
framework offers is the ability to efficiently reduce the data
and aggregate over multiple time scales for further analysis.
Masking here is used as the means to exploit the parallelism.

We applied the statistical functions described above to
perform the following analyses on the Grid’5000 dataset:

• Stats: This includes minimum, maximum, average and
standard deviation.

• Outliers: Each measured value is compared to the mean
and marked as positive (negative) outlier if it is higher or
(lower) than two standard deviations from the mean.

• Histogram: To approximate the real value of consumption
(which could generate infinite number of values), the
value is approximated to a certain precision by the same
masking as the time variable.

Each analysis was expressed as a Pig Latin script, and executed
on the entire dataset. Different levels of aggregations over time
were performed (1 minute, 5 minutes, 1 hour, and 1 day). The
results of those scripts are saved to HDFS, and retrieved for
additional analysis using R.

C. Time Series Modeling

The goal of this work is to compute models for predicting
energy consumption at the Grid’5000. We investigate here pos-
sible time series approaches to model the energy consumption
over time. Time series analysis comes natural to the raw data,
as a consumption value is measured every second. It is also
applicable to data summarization and aggregation results from
Pig analysis, as it is also following the format of time stamped
measures with different periods.

Given a dataset of N samples over time X1, X2, . . . XN , the
goal of time series modeling is to predict or forecast future
samples by learning model from X series. Some regression
techniques can be applied using the entire series, but the
modeling step in this case will be extremely costly, and
the resulting model cannot be generalized to other datasets.
General time series analysis aims at finding the model that can
approximate an observation Xt at time t using the minimum
number of previous observations, Xi where i < t. Model
identification is the process of finding out how many historical
samples are sufficient to accurately predict future values. For
this, a number of diagnostic functions are available and can
identify what is called model order.

Our analysis will use an ARMA (AutoRegressive Moving
Average) process. An ARMA(p, q) process is used to model
the series, where a sample at time t can be calculated using
two components: Auto Regressive and Moving Average com-
ponents.

Xt =

p∑
1

αiXt−i +

q∑
0

βjεt−j
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Fig. 4. Mean power consumption for each cluster, aggregated over different
time scales.

Model identification is used to find the model order (p, q),
and the available data is used to compute the coefficient.
The first component uses previous samples to compute the
summation, while the second component incorporates some
random process reflecting noise in the data. The diagnostic
step to compute (p, q) uses autocorrelation for the entire series,
as will be seen in the next section with the results.

IV. MODELS AND PREDICTIONS

This section presents the detailed analysis of energy con-
sumption data, after basic aggregations have been computed
using Hadoop and Pig. The results in the following subsections
are computed using R.

A. Preliminary Results

We first start by inspecting the overall energy consumption
trend for the two clusters. This step produces visual repre-
sentations for the summary statistics across all nodes. The
summaries enable quick exploration of the data, to detect areas
of interest for further analysis.

Figure 4 shows the mean energy consumption of Capricorne
and Sagittaire clusters for the period of 6 months. Each panel
of the figure corresponds to different aggregation scales; 1-
minute, 5-minute, hour, or day. We can see that the trends are
very similar, where peaks and valleys are consistent across
different time scales. Also, for the period after December’09,
the measurements seem to have a stable trend. This might be
attributed to overcoming any transient configuration problems
related to monitoring and data collection. Also, many of
the drops might reflect node failures, or missing data from
the energy monitoring equipment failures. For example, the
drop around December’09 for 1-minute, 5-minute and hour

aggregation was diluted at the daily aggregations. This might
indicate that only a subset of the nodes have low consumption,
or did not report the consumption. The consistent drops may
correlate with system failures.

We now proceed with showing the outliers computed for
each individual node for each cluster. We only show the results
for hourly and daily aggregation, as the minutes aggregation
was over-detecting many values. Figure 5 shows an overview
of the detected outliers for Capricorne and Sagittaire clusters.
The time is shown on the x-axis, and each node name on the
y-axis. The positive outliers (high energy consumption with
respect to the mean) are marked with red flags. The green
flags show negative outliers (low consumption values). For
high consumption, we wish to identify the cause, and possibly
build models that can automatically flag the outliers in real-
time. For low consumption, in many cases, the value is lower
than the consumption of the machine in idle state. For this
case, we wish to identify if the consumption prior to the outlier
correlates with failure events on the node.

Upon identifying outliers, detailed analysis can be trig-
gered at the specific nodes. For exmaple, detailed analy-
sis should be performed for nodes with high consumption;
capricorne-21, capricorne-22, capricorne-23,
capricorne-25, sagittaire-1, sagittaire-10,
and sagittaire-73.

B. Overall Energy Model

We first start by modeling the average energy consumption
for the entire cluster for both Capricorne and Sagittaire. We
perform the analysis first on the daily aggregation, correspond-
ing to the least level of granularity, where samples are grouped
daily, and the final series contains the fewest samples. Accurate
prediction of future samples from the daily level will save
a lot of processing time, but cannot provide near-real-time
prediction.

The model identification process starts by plotting the auto-
correlation function (ACF) and partial autocorrelation (PACF)
for the dataset. Those autocorrelation measures reflect the
correlation between samples of the time series, and the same
series when shifted back in time (lagged). By looking at
the correlation values at each lag value (how many steps
back in time), the series can be modeled by an order where
this correlation disappears. In other words, the correlation
vanishes when the specific historical sample no longer affect
the prediction. For the Auto Regressive part of the model p, the
autocorrelation is used. The partial autocorrelation can identify
the order of the Moving Average component q.

Figure 6a shows the autocorrelation plot of the average daily
energy consumption for Capricorne. The blue dashed lines
show the confidence window, where the correlation can be
considered as zero value. The first lag step where the ACF
almost vanishes is 10. For the PACF in Figure 6b, the first lag
where the PACF vanishes, or start cycling around zero is 5.
Therefore, the series can be modeled as an ARMA(10, 5) pro-
cess. This means 10 historical samples are needed to forecast
new daily consumption levels on Capricorne. Figure 6c shows
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Fig. 5. Detected energy consumption outliers for Capricorne and Sagittaire. The red points show positive outliers (high consumption in watts), while the
green show negative outliers (potential failures).

the prediction results from the fitted model. Note here that the
time on the x-axis is shown as a time step, not the actual
time. The right-most 7 samples are the model prediction, and
the figure shows that they fall inside the confidence envelop
(orange window). The dashed red line across the entire series
shows a single prediction at each time step using the resulting
model. This shows the accuracy of the model, where the
predictions match the original data.

We proceed by inspecting the models of the average hourly
consumption levels for Capricorne. For this, mores samples
are used in the modeling step, and the prediction can be made
for hourly steps. Figure 7 shows the ACF, PACF, and the final
forecast from the model. The ACF plot shows a different result
from the daily aggregation. In the hourly aggregation, the ACF
does not reach zero, which suggests that an Auto Regressive
process cannot produce accurate model for the series. On the
other hand, the PACF reaches zero at 5 as the daily aggregation
PACF. We fitted a similar ARMA model for comparison,
and predicted the future 7 days (7 × 24 steps for the hourly
model). From Figure 7c, we can see that the dashed fitted line
accurately captures the series, and the predictions of the future
7 days are within the confidence envelop. We notice also that
the dashed line fits the series better than the daily predictions
from Figure 6c.

It is worth mentioning that each lag value for the daily
aggregation reflects 24 steps in the hourly aggregation. We
inspected the ACF for the hourly aggregation with maximum
lag of 300, which showed to have converged. This reflects
the nature of the data, but unfortunately would be extremely
inefficient to model. As the forecast plot showed, the low order

can fit the data reasonably well, without the the extreme fitting.

Similar results are shown for Sagittaire, where the ARMA
model is able to accurately predict both daily and hourly
consumption. Figure 8 shows the results (ACF and PACF plots
are omitted for space considerations). We notice that the red-
dashed line on both daily and hourly models accurately fits the
original series. The forecasts are also within the confidence
envelops.

C. Per node Energy Model

The next step in the analysis is zooming in on nodes where
outliers have been detected. In this section, we only show
the results for Capricorne-21. A time series model was
computed for the average energy consumption for that node
using both daily and hourly aggregation. We used an ARMA
model, and performed the same diagnosis; ACF, PACF, and
forecast. The forecast/prediction results are shown in Figure 9.
We can see that the hourly series has significantly more
variations than the daily series, and the red dashed predictions
does not fit the original series as well as the daily prediction.
It seems in this case that the outliers are affecting the model
accuracy, where smoothing them helps the daily case. To better
understand the outliers, more analysis should be performed. It
is clear that the applied time series model does not accurately
describe single node consumption, especially with outliers.

V. PERFORMANCE

In our analysis, we relied on Hadoop to perform the large-
scale data aggregation, then used R to do the advanced
modeling and visualization. The most expensive step in the
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Fig. 6. Time series analysis for energy consumption on Capricorne,
aggregated daily.
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Fig. 7. Time series analysis for energy consumption on Capricorne,
aggregated hourly.
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Fig. 8. Model evaluation and forecast for Sagittaire, both daily and hourly
aggregations.
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Fig. 9. Model evaluation and forecast for Capricorne-21, both daily and
hourly aggregations.

process is data summarization using Hadoop. Once the data
is summarized, analysis with R takes seconds to finish. This
section shows the performance of Pig on Hadoop for the
summarization described in Section III-B. We performed the
analysis on NERSC Hadoop [22] cluster with 55 active nodes.
The total data size used in the analysis consists of 41GB. This
consists of a total of 135 energy consumption files.

The analysis scripts were run on the data for each cluster
(Capricorne or Sagittaire) separately. We provide here the
running time of the different evaluation scripts (statistics,
outliers, and histograms) at different time scales (1-min, 5-
min, hour, and day). It was expected that operations on the
Sagittaire dataset would take more time, as the number of
nodes are larger. This is due to the way the energy monitors
recorded data, where each monitor saves a measure every
second, resulting in each node recording almost the same
number of samples. Figure 10 confirms the expectations. It
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also shows that high-level aggregations takes less time. This
shows that the dominant factor in the Hadoop process is not
the computation, rather the storing and moving of the results
according to the keys. For example, one minute aggregation
will result in more samples in the outcome, but performs less
computations. The histogram operation on Sagittaire takes
a significant amount of time compared to other operations.
Recall that the histogram computation is performed by binning
on the consumption values, which means that if there is high
variation in the results, more values will be processed.

It is also important to evaluate the effect of performing the
computation with respect to individual nodes. Figure 11 shows
the resulting numbers, where the total time almost doubles
over the time to average for the entire dataset. Again, Sagittaire
dataset take more time, as there are more nodes. It is also
evident that outlier detection takes more time, as a result
of computing the statistics then performing a comparison to
flag the outlier for each sample. An interesting observation is
shown at the daily aggregation, where it was expected for it to
be the fastest. In our analysis, we ran each script with the time
scale as a parameter. It might be the case that while the script
was running computing the daily aggregation, the Hadoop
cluster was running other jobs. This needs to be verified. It is
not affecting the analysis here, as this step is performed once
for the entire dataset. When the statistics are available, models
are built and optimized in R, which is much more efficient.

VI. RELATED WORK

The instrumentation of energy consumption on the
Grid’5000 testbed has inspired work in modeling energy
consumption on different aspects. Some work focused on
developing the framework to enable basic correlations and
predictions for consumptions and user reservations for better
resource utilization. The Energy-Aware Reservation Infrastruc-
ture EARI [18] provides a decision system for the users to act
on predictions performed using the Grid5000 infrastructure.
The average value is used in the prediction, along with esti-
mated reservation time, and the current utilization of resources.
Different modes of operations are proposed that enable switch-
ing on and off resources, or explicitly asking for user input.
EARI was integrated with GREEN-NET framework [8] to
provide a more comprehensive set of options for the user in
managing energy consumptions for grids and clouds.

In [5], the same dataset was used to investigate the relation-
ship between energy consumption on servers and user reserva-
tion. The work found a small correlation between power and
resource utilization, while idle periods of servers consumed a
significant amount of energy. Another study focused on com-
paring different checkpointing and fault tolerance mechanisms,
in terms of energy consumption [13]. The approach used the
Grid’5000 data at the Lyon site. Comparisons of RAM and
HDD checkpointing showed that RAM consume more energy,
but HDD takes more time to log, making HDD less efficient.

Our work on the Grid’5000 dataset models the entire
collection of data as a time series process, which enables
higher granularity modeling and more flexibility in fitting
model parameters, in contrast to previous work that focused
more on the platform and used basic models. The pipeline can
be used to model new dataset, and the models can be compared
for similar systems.

Another category of work on the energy modeling problem
compared different platforms in terms of energy efficiency.
The work in [20] compared energy efficiency of data centers
with two different processors architecture; ARM and Intel
workstations. In [10] a system of hierarchical measurements is
proposed to perform real-time scheduling of virtual machines
to optimize energy. The testbed was implemented and vari-
ous workloads were investigated. In [21] a control-theoretic
approach was used to enable coordinated power management
for data centers. This provided a general framework to model
multiple architectures and incorporate multiple components.

For the purpose of predicting power consumption, Gaussian
Mixture Models (GMM) were used in [11]. The approach
models power while the system is utilized. Several architec-
tural metrics are collected at the physical resource level, where
different workloads are evaluated. A central server learns a
model for each physical machine, and predicts consumption
for the resource when certain workloads are running.

The study in [19] answers some basic questions and ad-
dresses assumptions and misconceptions in energy consump-
tion modeling for large-scale grids and clouds. Many assump-
tions were proved wrong (linear CPU consumption versus



load, constant consumption for homogeneous nodes, among
others...). OS versions have different impact on energy, while
virtualization has negligible cost for most cases. Switching
on/off nodes was shown to be very energy-efficient.

As opposed to the previous work focusing on small testbeds
and workstations, our large-scale analysis framework enables
extending the work to handle large systems.

VII. CONCLUSION

In this paper we described a generic approach to analyze
large power consumption datasets collected from computing
infrastructures. For an accurate and efficient analysis, the
first step of the proposed data analysis pipeline consists of
computing basic statistics and aggregating data at different
time-scales using Pig data processing on Hadoop. In the
second step, using the R framework, we exploit aggregated
data seen as time-series to detect outliers and derive hourly and
daily power consumption predictive models. We have applied
our approach to the analysis of the power consumption of two
clusters of the Grid’5000 experimentation platform used in
production. We demonstrated the accuracy of the predictive
models and the efficiency of the data processing performed
on a 55-node cluster at NERSC.

Our future plan for this work will start by applying the
analysis to datasets from other sites on the testbed, and
comparing the time series models from different sites for
possible generalizations. We will also investigate the corre-
lation between energy consumption and failures both from
nodes and energy equipments. Outlier detection combined with
failure analysis might provide accurate root-cause analysis for
both failures and high energy consumption. User information
and reservation will be considered and correlated with energy
models as well.
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