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stores using consistent hashing, like Amazon Dynamo [6] and
Apache Cassandra [7], have become a common platform to
store massive amounts of data in the cloud. Their primary
advantage over classic relational data base management systems (RDBMS) is easier scaling by adding more servers to the
storage subsystem, also called horizontal scaling. RDBMS’es
are notoriously hard to scale – vertical scalability typically
being the only option – once demand exceeds the system’s
capacity. Also, many applications do not need the strict consistency guarantees given by RDBMS’es. Relaxing consistency
guarantees gives key-value stores a performance advantage
over RDBMS’es. While different applications require different
guarantees from the storage infrastructure, we focus on keyvalues stores because they are popular and provide the right
performance/consistency trade-off for many Internet services.
Because modern key-value storage systems allow for easy
horizontal scalability, they already incorporate functionality to
add and remove storage nodes. What is missing, however, is to
distinguish between nodes added/removed to increase/decrease
capacity, from the case where nodes are periodically powered
off to save energy. Changing the number of storage nodes
typically triggers some kind of load-balancing to integrate the
new nodes into the storage cluster. For example, nodes which
have almost reached their maximum capacity may transfer data
to new nodes. This ensures that all nodes carry their share of
the total load and prevents imbalances. If nodes, previously
powered off to save energy, re-join the cluster, different actions
are necessary. They already contain copies of certain data
items, i.e., they do not start from scratch. Their state must
only be synchronized again with the state of the other nodes.
In this paper we make the following contributions: Section II
describes the problem space, architectural constraints, and
target properties of our energy-aware key-value store called
PowerCass. We used the popular and actively developed keyvalue store Cassandra [7] as our starting point. The algorithms
underlying the decentralized architecture of Cassandra required extensive modifications to support controlled, periodic
node shutdowns. The details are presented in Section III along
with other design choices and implementation details. We

Abstract—Consistent hash based storage systems are used in
many real world applications for which energy is one of the main
cost factors. However, these systems are typically designed and
deployed without any mechanisms to save energy at times of
low demand. We present an energy conserving implementation
of a consistent hashing based key-value store, called PowerCass,
based on Apache’s Cassandra. In PowerCass, nodes are divided
into three groups: active, dormant, and sleepy. Nodes in the active
group store cover all the data and running continuously. Dormant
nodes are only powered during peak activity time and for replica
synchronization. Sleepy nodes are offline almost all the time
except for replica synchronization and exceptional peak loads.
With this simple and elegant approach we are able to reduce the
energy consumption by up to 66% compared to the unmodified
key-value store Cassandra.

I. I NTRODUCTION
It has been known for some time now, that a single data
center consumes energy equivalent to small towns with 1000s
of inhabitants [1]. Combined with the fact that the number
of data centers is consistently growing, there is a strong urge
to curb or reduce the amount of energy consumed by these
data centers [2]. Data center operators have a strong monetary
incentive to reduce energy consumption as the fraction of
energy-related costs is increasing as part of the total data
center cost of ownership [3]. As environmental agencies also
start to worry about the “greenness” of IT [4], cutting power
consumption will also reflect positively on any company’s
public image.
When looking to increase the data center energy efficiency,
there are many different angles the problem can be approached
from. In this paper we solely focus on the storage components.
Studies have shown [5] that up to 50% of the total energy is
consumed by the storage infrastructure alone. Reducing the
energy consumed as part of the storage, will thus have a large
impact on the overall data center energy consumption.
We are certainly not the first to investigate the storage stack
to increase its energy efficiency. However, to the best of our
knowledge, we are the first to consider powering off entire
storage nodes to reduce the consumption of a consistent hashing based key-value store. Large scale distributed key-value
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fined replication factor N. For example, assuming a replication
factor of three all items stored at node A, see Figure 1, are also
stored at the two nodes immediately following A on the ring,
i.e., B and C. The replica placement is important because it
directly influences how many nodes can be safely deactivated
without making any data items unavailable. The goal is to
design the system in a way such that we are able to power off
nodes while keeping all data items available.
The ideas described in the original Dynamo paper [6] have
been implemented in an open-source clone called Cassandra [7]. Neither the original Dynamo, nor the open-source
clone address the idea of temporarily switching off nodes to
save energy. Our goal is to adapt the implementation to allow
nodes to be offline. For this paper, we want to shut off nodes
in tiers, instead of arbitrarily switching off individual nodes.
We have three tiers, each consisting of 1/3rd of the nodes.
The nodes are classified by their activity pattern, i.e., how
long they are on- or offline. We call them active, dormant,
and sleepy. While active nodes are constantly on, nodes in
the other two tiers are powered off from time to time. The
distinction between dormant and sleepy nodes is that the latter
only are powered on very infrequently, i.e., they sleep most of
the time. We only power them on to synchronize their state
with other replicas or during peak workload activity.
Powering off storage nodes is possible because we expect workloads to have diurnal patterns. Previous work has
shown [3], [10] that, over the course of a day, the workload
exhibits times of high and low activity. Resources must be
provisioned for peak activity. Those resources are idle or have
a low utilization for the non-peak activity times. Hence, any
scheme which does not provision for taking offline unused
resources will necessarily waste power. With our three tier
division of storage nodes, we can potentially power off 2/3rds
of the nodes, saving up to 66% of energy, compared to the
always-on baseline configuration.
For our design we also assume that replicas are stored in
different micro clouds [11]. Micro-clouds consist only of few
servers, for example, 10 or less, and have restricted resources.
Storing copies in multiple, physically distant locations enables
us to cope with outages of entire data centers. We have to adapt
the data placement strategy within the original Cassandra to
ensure this property.
When adapting Cassandra to support the notion of powered
off nodes, many aspects of the distributed protocols underlying
it must be considered. Concepts such as hinted handoff and always writable property must be maintained. We will detail our
architecture, design, and implementation in the next section.
To summarize, we propose an energy efficient key-value
store based on consistent hashing. We partition the storage
nodes into three classes, active, dormant, and sleepy. The
nodes in the dormant and sleepy tiers are powered off at times
of low workload activity. Powering off the nodes has no effect
on data availability, i.e., all the data is still accessible. We
intend to store replicas in different data centers to improve
durability and fault tolerance in the face of failures.
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Fig. 1: The responsibility for the entire key space is divided
among the nodes A through I. Each node keeps copies of items
assigned to its N-1 predecessors, where N is the replication
factor.

evaluated PowerCass using existing and well-known key-value
benchmarks and report the results in Section IV. Section V
puts PowerCass into the context of other power-aware storage
systems and compares them. We draw conclusions and give
an outlook on future work in Section VI.
II. P ROBLEM , M OTIVATION , AND S COPE
Consistent hashing based storage system consists of a set of
nodes. Each node runs the same binary, i.e., delivers the same
identical functionality as every other node in the system. The
set of nodes works without any master, making it a completely
decentralized distributed system.
Systems based on consistent hashing have first been investigated in the context of distributed peer-to-peer (P2P) systems,
such as Chord [8] and Pastry [9]. Using consistent hashing
each data item is assigned a floating point value, its ID, in
the range between zero and one. In addition to the data items,
there are virtual and physical storage nodes. Each virtual node
is responsible for a range of items, based on the virtual node’s
ID. The virtual nodes are then assigned to physical nodes,
to finally determine which physical server is responsible for
which item.
The idea of introducing virtual nodes as an indirection
between mapping items to physical servers was brought forward by the Dynamo [6] system. An extra level of indirection
allows for greater flexibility when mapping items to physical
servers. For example, some items may be more popular
than others or the physical nodes may be a mix of low
and high power servers. Randomly mapping items to servers
will result in an uneven load distribution on the physical
machines. By randomly mapping items to virtual nodes we
gain the flexibility to account for skewed content popularity
and heterogeneous servers. More powerful servers will, for
example, be responsible for a larger number of virtual nodes.
In this paper, for simplicity, we deal only with physical nodes.
Fault tolerance in consistent hash based systems is addressed by replicating each data item according to some prede2
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Fig. 3: Components of PowerCass. New components, not
present in the original Cassandra, required for “green” operation are colored green. The others are previously existing
but modified components.

Fig. 2: Token assignment in PowerCass. We place nodes on
the ring in groups of three. This allows us to switch off two
of three nodes in a group while maintaining availability off all
data items.

the hinted handoffs writes are reconciled in Dynamo too,
the hinted handoff copies still count towards the required
consistency level.
To assess the effect of powerding down nodes, we had
to carefully consider the implications on the hinted handoff
mechanism. As outlined earlier, the power-saving mechanisms
must not change the basic consistency guarantees of Cassandra. If the user requests a replication factor, N, of three, we
must ensure to store N copies when writing. Because we intend
to power off a large fraction, up to 2/3rds, of the nodes, we
had to have a mechanism similar to how hinted handoff works
in Dynamo. That is, if the replicas are not powered on, the
writes have to be re-directed somewhere else.
Hinted handoff would have been of little help here, because
it only stores a single copy, i.e., replaces only a single original
replica. Also, the way Cassandra stores hinted handoffs is not
very performant. This is acceptable for Cassandra, because the
hints are only infrequently accessed, e.g., only during replay.
We, on the other hand, expect to see a lot of re-directed writes
because of powered off nodes.
Hence, we changed the distribution of nodes on the ring as
shown in Figure 2. Three nodes form a group, where the entire
group is responsible for a certain key range. In the example,
nodes A, B, and C each store the keys in the range between
I and A. The nodes are assigned adjacent tokens, i.e., node
A has token T, node B has token T+1, and node C gets the
token T+2. As a result, they are virtually identical copies of
each other. We can then safely power off two out of three
nodes in a group, e.g., B and C, while all the keys in the
range I to A are still available.
The benefit of this grouping is that when B or C wake up
from sleep, there are no hinted handoffs that must be reconciled to yield an up-to-date state. Only offloaded write logs
must be replayed, simplifying the design and implementation
of PowerCass.

III. D ESIGN , A RCHITECTURE , AND I MPLEMENTATION
A. Data partitioning
Each PowerCass node is assigned a unique token to determine the range of keys it is responsible for. For example, in
Figure 1, node A is responsible for all keys between I and A,
i.e., A is the coordinator for this key range. The coordinator
makes sure that the keys are replicated N times, where N is
the replication factor. Assuming a typical replication factor of
3, keys in the range between I and A will also be stored on
nodes B and C.
The first challenge when thinking about powering down
nodes in Cassandra is to maintain the required consistency
levels Cassandra allows the consistency requirements to be
tuned to the workload mix, by varying the number of replicas
involved during read and write operations. The two parameters
in question are commonly denoted R and W, specifying the
number of replicas involved for a read and write operation,
respectively. Consistency is guaranteed as long as:
R+W >N
For example, a system which see a very read-heavy workload may want to set R = 1 and W = 3, meaning that
read requests can be answered as soon as any of the replicas
responded. On the other hand, the occasional write request
must wait for a successful reply from all three replicas before
returning success to the client.
Cassandra employs a technique called hinted handoff to
buffer writes if certain nodes are unreachable or crashed. If
a replica is not available for writing, the node coordinating
the write request locally stores a hint that the write failed
and should be retried at a later time. In this sense, Cassandra
does not consider hinted handoff writes to count towards the
consistency level requirements.
Note that the hinted handoff mechanism in Cassandra is
different from Dynamo. In Dynamo, hinted handoffs are stored
on healthy nodes belonging to the key’s preference list. While

B. PowerCass Components
The implementation of PowerCass is based on the opensource key-value store Cassandra [7]. While originally de3
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Besides powering up nodes based on the time of day, the
power management also considers the system’s current load.
If, independent of the current time of day, the load cannot be
handled by the active nodes only, the power manager wakes
up additional nodes.
The power manager allows to specify flexible strategies to
power on additional nodes. Currently, we use a threshold-based
policy. If an active node load exceeds 90% of its peak capacity,
dormant and sleepy nodes are brought online. Similarly, if the
load drops below a threshold, for example, 70% of peak load,
running dormant nodes are powered off.

sleepy
dormant
active
noon

midnight

Fig. 4: Power management scheduling. The number of running
nodes varies over the course of a day, following the typical
load distribution, i.e., peak activity is during the day. During
peak activity time, all nodes are up and running.

D. Logging/Write offloading
PowerCass uses logging which builds on the concept of
write off-loading for RAID-based storage [12] and the distributed virtual log of Sierra [13]. Logging is necessary to
achieve the defined replication level, N. The original Cassandra
would fail a write, if the necessary number of replicas does not
successfully acknowledge a write. For example, if the dormant
and sleepy node in a peer group are shut off, any write with a
consistency level of more than one will fail. The consistency
level defines the number of replicas which must successfully
respond. But because two out of three replicas are sleeping,
only one replica will report success.
Staying with the Cassandra implementation would mean to
severely reduce the consistency level clients could expect from
the system, in exchange for a reduced energy consumption.
Instead of failing the write, because the required number of
replicas is not online, we redirect the write to other, active
nodes. This is similar to, for example, Dynamo’s preference
lists [6].
For a replication factor of three, we have to find one or two
additional active nodes, depending on whether only the sleepy
node is suspended or both, the sleepy and dormant node. For
a given key K, we find the active logging node by walking the
ring clockwise and picking the first active node in the same
data center as the active replica for the key. Picking a node in
the same data center reduces the overhead when replaying the
log. When the one of the original replicas comes back from
sleep, the offloaded writes are consolidated with the original
replica. Having the replica and the offloaded node in the same
data center, speeds up the replay phase.

veloped at Facebook, Cassandra later became an Apache
Incubator project. Commercial support and development now
lies in the hands of the Datastax company 1 .
Next, we list the most important components added to the
original Cassandra implementation. Figure 3 has a visual representation of the component’s relationship. A brief description
of how each component contributes to our goal of powering
down nodes during off-peak hours follows:
The Power Manager runs periodically, e.g., every ten minutes,
on each node. On active nodes, the Power Manager determines
whether it is time to wake up its corresponding dormant or
sleepy node. Dormant and sleepy nodes must be woken up
periodically to (re-)synchronize their state with their active
peer. Also, dormant and sleepy nodes are woken up during
peak activity time to be able to cope with the increased
workload. On dormant or sleepy nodes the Power Manager
determines when it is time to power the nodes down again.
Either the peak activity period is over and the additional
capacity no longer required. Alternatively, when the node was
woken up to synchronize with the active peer, the node is put
to sleep again when synchronization is over.
The PowerLogs Manager is responsible for writing and replaying logs. Logs are necessary to maintain the specified
replication factor in the face of sleeping nodes. Instead of
writing to the responsible nodes, the write is offloaded to one
of the active nodes in the cluster.
The Power Replication Strategy determines where offloaded
copies are stored. We have to make sure that copies are stored
in different data centers. Writes are offloaded to an active node
in the same data center as the original replica. This ensures
good performance when it is time to replay the log because
the original replica woke up again.

E. Replica placement
The replica placement determines how the nodes, e.g., A
through I in Figure 2, are mapped to different data centers.
The constraints we have for the placement is that the nodes
belonging to a peer group must reside in separate data centers.
Recall, that the nodes of a peer group are responsible for the
same key range. To protect against unavailability of keys, the
replicas must be geographically distributed, i.e., be stored in
different data centers.

The Promoter upgrades dormant and sleepy nodes when their
peered active node permanently fails. To detect permanent
node failures, we rely on the group membership protocol
implemented as part of the original Cassandra. By promoting
nodes, we ensure that for each key-range there is always one
active node.

1 http://www.datastax.com/
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we are keeping the log. In this scenario instead of replicating
the log we wake up the destination node so that the log is
replayed to it.
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we limit the number of switching on/off nodes per day.
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IV. E VALUATION
In this section we answer the following questions. First,
what are the power savings? Second, what is the impact on
performance?
All experiments are executed on a 10 machine cluster. Each
server has two quad-core Intel Xeon E5430 processors, 8GB of
RAM, and a 500 GB SCSI disk for local storage. They all run
Debian Wheezy with a 3.2 kernel. The servers communicate
over Gigabit Ethernet. We configured 9 machines to form
a PowerCass or Cassandra cluster and used one machine to
generate client requests.
The nodes are connected to multiple power distribution
units (PDUs) of the Raritan Dominion PX model. When reporting power measurements, we collected the consumption as
reported by the PDUs. The current power draw can be queried
via the Simple Network Management Protocol (SNMP). The
top-of-rack switches are also connected to the same PDUs,
hence their power consumption is also included in the results.
Our evaluation uses the Yahoo Cloud Serving Benchmark
framework, YCSB for short [14]. YCSB has been used extensively for benchmarking. There are six types of workloads in
YCSB, which we used to compare the performance and power
consumption of PowerCass and Cassandra. Each workload
type models a certain usage pattern observed by the YSCB
developers in large-scale systems at Yahoo. The six workload
types consist of a mix of read and write requests as follows:
• Workload A (Update heavy): consists of 50% read and
50% write. It selects its records based on Zipfian distribution.
• Workload B (Read heavy): consists of 95% read and 5%
write. It selects its records based on Zipfian distribution.
• Workload C (Read only): consists of 100% read. It selects
its records based on Zipfian.
• Workload D (Read Latest): reads latest workloads.
• Workload E (Short ranges): scans short ranges of records.
It selects its records based on Zipfian/Uniform.
• Workload F (Read-Modify-Write): clients read, modify
and finally writes back.
Each YCSB run consists of two phases: the loading phase
and the transaction phase. During the loading phase, we load
data into the storage system, populating the key space. During
the transaction phase a random mix of read, write, scan,
and update operations is performed, the relative frequency of
each operation is determined by the workload type. For our
experiments, we populated the store with 10 million records.

Fig. 5: PowerCass replication strategy. Active, dormant, and
sleepy nodes are load-balanced across the available data centers. The nodes of each peer group, e.g., A, B, and C, all reside
in different data centers to maximize fault tolerance.

Sticking with the example in Figure 2, we see how the
nodes are mapped to different data centers in Figure 5. The
active, dormant, and sleepy nodes are load-balanced across the
different data centers. Taking the peer group consisting of A,
B, and C, node A is mapped to data center 1, B to data center
2, and C to data center 3. The pattern continue for the other
remaining nodes and peer groups.
In large deployments it may be required to map deviate from
the even assignment of nodes to data centers, because some
nodes hold keys that are very popular. This is, of course, also
possible.
F. Promotion for fault tolerance and availability
This section describes PowerCass’s way of tolerating faults
through node group membership changes. Write availability of
nodes in the active group is maintained through the existing
hinted handoff mechanism. That is, if an active node is
unreachable for a short time period and the consistency level
allows for it, the write is handled using the existing hinted
handoff mechanism.
After a permanent node failure in the active group, the active
node’s dormant peer is promoted to become the active node of
this peer group. Similarly, the sleepy becomes this peer group’s
dormant node. After promotion, the new active node receives
offloaded writes and hinted handoffs from other nodes. This
procedure is similar to what happens when a dormant node
wakes up to synchronize its state with that of the active replica.
When a substitute node appears, the failed node data is
replicated in parallel on to new node from the current active
and dormant nodes and the newly integrated node continues as
a sleepy node. Currently it is the administrator responsibility
to configure the substitute node as a sleepy node.
Promoting nodes takes a few seconds which does not
significantly increase the window of vulnerability but still the
system become temporarily unavailable during this transition
time. This can be avoided by having the dormant node run
most of the time, again this increases the power consumption.
5
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Fig. 6: Comparing latency and throughput of PowerCass and
Cassandra with workload A. Both systems behave equally
under increasing load, i.e., with increasing throughput the
latency increases too.

Fig. 7: Power consumption of PowerCass when all nodes are
up. The consumption varies periodically for some workloads
(read only and update heavy), showing periods of high and
low processing demands.

Each key refers to a 1 KiB value. All measurements were
collected during the transaction phase.
To represent heavy, medium and low loads vary the total
number of operations during a benchmark run. For example,
we define heavy load as between 6 to 10 million operations,
medium load as 3 to 6 million requests and less than three
million represents low load. Together with the total number
of requests we also vary the number of client threads. We
use 25 threads to simulate low load, 50 threads for medium
load, and 100 threads for high load. This ensures that the
benchmark runs finish within the same time frame, i.e., that
the operations per second varies between the different load
scenarios. A typical benchmark run is 180 seconds in our case.
By completing 3 million requests for the low load scenario,
this works out to an average of 16.6 thousands requests per
second.
Besides the power consumption, we also measure performance related metrics such as throughput and latency. Using
these parameters, we evaluate PowerCass and Cassandra when
all nodes are powered on, only the sleepy nodes off and both
nodes of a peer group, dormant and sleepy, off. This way we
assess the performance and power consumption for varying
load levels and configurations. We expect that PowerCass
consumes the same power as the original Cassandra when all
nodes are powered on. Further, we expect to see the same
performance, i.e., our modification do not negatively affect
the throughput and other performance metrics. When nodes
are sleeping, PowerCass should consume proportionally less
power and still offer acceptable performance, i.e., cope with
medium or low workloads.

shows latency versus throughput graph for both system for the
update heavy (workload A) workload. As the figure shows, for
both systems, operation latency increased as offered throughput increased. We observed the same latency/throughput comparisons between the two systems for the other workload types
too.
Figure 7 and Figure 8 compares PowerCass and Cassandra
on power consumption during operations from update heavy,
read heavy, read only, read latest, and read-modify-update.
This experiment is run according to the YCSB framework
recommendation: populate the store system with data for
workload A, then run workload A, B, C, F, and D, collecting
the metrics for each workload. This way, we avoid having
to reload the storage engine with different data prior to
each workload. The figures show that both systems consume
equivalent power with very few exceptions over the course of
running the five workload types.
Figure 7 and Figure 8 also show power consumption of
the two systems follow a pattern of highs and lows. The
highs of the graphs occur whenever the systems undergoes
compaction activities which involves disk access to merge
fragmented tables. In general from the two figures, we see
that PowerCass power management has little interference to
the normal operation of the energy unaware Cassandra when
PowerCass is in full mode.
The next section evaluate where PowerCass excels in saving
power during low activity times.
B. Power saving modes
As mentioned in the previous sections, PowerCass is based
on the diurnal usage pattern of real world systems. Over the
course of a day, when the system enters into its low activity
time, PowerCass powers down either the sleepy nodes or the
sleepy and dormant nodes. Experiments are done to find out

A. PowerCass vs Cassandra
The first set of experiments are done to find out whether
PowerCass and Cassandra perform equivalently and consume
comparable amounts of energy when all nodes are up. Figure 6
6
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storage systems. The common main goal that unite all the
works is that to create a system that consumes energy proportional to its work while meeting one or more of its non
functional requirements: availability, consistency, fault tolerance, durability, scalability, load balancing and performance.
However, they differ on many specific aspects and some of
which are the following: whether they are general purpose or
target a specific system, whether they use load prediction or
depend on the workload characterization of the system (diurnal
or not), whether they use data layout policy that lends itself for
energy saving and whether their energy adaptation granularity
is component level (disk, cpu), node level, rack level, cluster
or data center level. In the following paragrahs we will look
into systems that are closely related to PowerCass’s concepts.
A system most related to our work of energy efficient keyvalue store, known to us, is FAWN-KV. It is a clustered keyvalue storage system on top of fast array of ”wimpy” nodes.
It is specifically designed for memory and compute limited
nodes. FAWN uses consistent hash-based datastore (FAWNDS) on the back end nodes. In contrast to Cassandra and
thus to PowerCass, FAWN supports only the simple replication
strategy and strong consistency [15]. Whereas, as an extension
to Cassandra, PowerCass supports tunable consistency and a
variant of network topology strategy called power network
topology strategy which considers sleeping nodes for its data
placement distribution.
Several works done for energy efficient storage systems are
based on the Hadoop Distributed File System (HDFS). Sierra,
Rabbit, and GreenHDFS are works that are energy variants of
of HDFS. So these file systems are based on special central
node called name node which needs special hardware to avoid
becoming a bottleneck; whereas PowerCass is based on the
fully distributed architecture of Apache Cassandra where every
node is equally responsible for the activities.
GreenHDFS [16] statically classifies data based on popularity into a hot and a cold zone. The hot zone consists of
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Fig. 10: PowerCass’s power consumption and throughput when
two thirds of the nodes are sleeping.

power consumption in kwatts

powercass throughput

0
25

180

Fig. 8: Power consumption for Cassandra for various workloads. The power consumption is similar to that of PowerCass
when all nodes are up.
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Fig. 9: PowerCass’s power consumption and throughput when
one third of the nodes are sleeping.

how much energy is saved when PowerCass is in these two
modes.
Figure 9 shows the total consumption during a single run for
workload A. In this configuration, PowerCass has 33% of the
nodes, i.e., all sleepy nodes, turned off. We see that Cassandra,
configured to run with all nodes, consumes about 75 kW
less than PowerCass in this scenario, 250 kW for PowerCass
compared to 325 kW for Cassandra. We also see that, as
expected, PowerCass does not reach the same throughput as
Cassandra does with all the nodes running. Figure 10, which
plots the consumption when two thirds of the nodes are off,
shows PowerCass consuming even less energy than with 33%
of the nodes offline.
V. R ELATED W ORK
In the literature we find several works dealing with energy
efficiency and power proportionality in relation to distributed
7

powered nodes and stores active data. The cold zone stores
old and inactive data that is infrequently accessed and can
be powered down. GreenHDFS does not dynamically change
data classification when popularity changes which may hurt
availability. PowerCass can be used in the same scenario
without decreasing data availability.
Sierra [13] saves power based on gear leveling power on/off
strategy. A gear level corresponds to the number of nodes
that are power-on to meet the current load and availability
requirements. In contrast to Sierra which uses multiple gear
levels, PowerCass is based on a simple three gear level.
Moreover, Sierra ensures data availability through prediction
where as PowerCass avail all data all the time.
Rabbit [17] supports energy efficiency through equal-work
data layout policies and write-offloading. Rabbit causes intentional imbalance in capacity to attain an equal-work layout,
which makes it different from PowerCass which load balances
on all nodes through random partitioning.
Different from all other systems SRCMap [18] proposes
dynamic replica placement model which replicates only the
working data set. The number of replicas for each data set is
variable according to the associated cost and benefit. PowerCass uses a fixed replication factor of three and replicates all
the data.
Write offloading [12] originally proposed by Narayanan and
Donnelly used by all energy efficient systems that maintain
availability for writes when nodes for replicas are power
downed for energy saving. Similar to these systems, PowerCass uses write offloading during low activity. In PowerCass
logs are also used to serve reads during the time of active node
failure.
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VI. C ONCLUSION
We presented the design, architecture, and implementation
of PowerCass, our energy-conserving and elastic key-value
store. PowerCass is based on the well-known Cassandra [7]
key-value store which was not designed with energy efficiency
in mind. We introduced the notion of three different classes of
storage nodes: active, dormant, and sleepy. While active nodes
are always-on, and sleepy node almost always off, dormant
nodes are active during times of increased demand. We adapted
the distributed algorithms and protocols of the original Cassandra to support the notion of these three different storage node
classes. The evaluation showed that PowerCass matches the
performance of unmodified Cassandra implementation, while
it additionally allows to switch off nodes to conserve energy.
As up to two-thirds of the storage nodes may be offline,
without affecting the normal operation of the key-value store,
it is possible to save up to 66% of energy compared to the
always-on Cassandra.
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