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Abstract

The demand for real-time data services in embedded sys-
tems is increasing. In these new computing platforms, us-
ing traditional buffer management schemes, whose goal is
to minimize the number of I/O operations, is problematic
since they do not consider the constraints of those platforms
such as limited energy and distinctive underlying storage.
In particular, due to asymmetric read/write characteristic
of flash memory, minimum buffer misses neither coincide
with minimum power consumption nor minimum I/O dead-
line miss ratio. In this paper we propose a power-aware
buffer cache management scheme for real-time databases
whose secondary storage is a flash memory. We focus on
the problem of guaranteeing the performance goal in terms
of both I/O power consumption and I/O deadline miss ratio.
To address this problem, we propose logical partitioning of
the global buffer pool into read and write buffer pools, and
dynamic feedback control of read/write buffer pool sizes to
satisfy both performance goals. We have shown through an
extensive evaluation that our approach satisfies both perfor-
mance goals in a variety of workloads and access patterns
with considerably smaller size of buffer pools compared to
baseline approaches.

1 Introduction

A number of emerging applications require real-time data
services to handle large amounts of data in a timely fash-
ion. With continued miniaturization and increasing computa-
tional power, we see ever growing demand for real-time data
services in embedded systems that run sophisticated and in-
telligent control software. Running real-time data services in
these embedded systems pose different challenges because of
distinctive characteristics of embedded systems, both in H/W
and S/W.

One major challenge is resource constraints of embedded
systems. In particular, power consumption is a major concern
for embedded systems. The availability of data services in
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battery-powered embedded systems is clearly limited by the
amount of available energy. For instance, we may consider a
real-time database running on a mobile computer carried by
a firefighter in a burning building [1]. It collects data from
nearby sensors and responds to queries on the burning build-
ing while the firefighter tries to find a pathway to save people
inside the building. In this situation, the real-time database
should not only provide responses to the queries within their
deadlines but it also needs to control its power consump-
tion to satisfy the dynamically changing power constraints.
As another example, we may consider a habitat monitoring
system with a wireless sensor network [20]. The gateway
mote of the system, which is powered by rechargeable bat-
tery with solar panels, collects data from sensor nodes and
provides real-time data service to remote monitoring author-
ities; this system should consume less power than that can be
scavenged from the solar panels. As shown in these exam-
ples, many real-time embedded systems need predicted and
bounded behavior not only in timely processing of data, but
also in resource consumption, power consumption in partic-
ular. Unfortunately, traditional real-time database systems
(RTDBS) have guaranteed only timely processing of data
[2][10], ignoring resource constraints of embedded systems.

Read Write

NAND Flash [19] 15µs 0.74µJ 200µs 9.9µJ

Table 1. The response time and energy con-
sumption of a read and a write operation in
flash memory

Another problem of applying existing RTDBS technolo-
gies to real-time embedded systems comes from the peculiar
properties of underlying H/W of embedded systems. Above
all, the secondary storage for embedded database is quite dif-
ferent. In most modern real-time embedded systems, data
is stored in high capacity NAND-type flash memory. Un-
like disks, the access time to flash memory is not affected
by mechanical parts, thus highly predictable. These desir-
able characteristics make flash memory more suitable for RT-
EDBS. However, flash memory has very distinctive opera-
tional properties such as asymmetrical read/write response



time and power consumption as shown in Table 1. Due to
these distinctive properties of flash memory, using existing
storage management techniques such as data buffer cache
management designed for high buffer hit ratio should be re-
considered. Until now, most research on data buffer man-
agement is centered around how to minimize the number of
I/Os between the buffer and the secondary persistent storage
by maximizing buffer hit ratio. However, as explained above,
real-time embedded systems have different performance met-
rics such as deadline miss ratio and power consumption. Sat-
isfying these performance objectives is more important than
achieving maximum buffer hit ratio. Optimizing buffer hit ra-
tio neither guarantees minimum I/O power consumption nor
minimum I/O deadline miss ratio.

In our earlier work [11], we presented an I/O-aware dead-
line miss ratio management scheme in flash memory-based
embedded systems, which showed that adjusting buffer size
was very effective in controlling the I/O deadline miss ra-
tio and preventing I/O overload. While our initial work was
encouraging, it did not consider power issues in buffer man-
agement.

In this paper, we propose a power-aware buffer cache
management scheme for RTEDBS whose secondary storage
is flash memory. In our approach, the performance objec-
tives for I/O, which includes both power consumption and
deadline miss ratio, are set by an application, and these objec-
tives are achieved by dynamically tuning the sizes of buffers
with a feedback control loop. For effective control of I/O
workloads, the global buffer pool is logically partitionedinto
buffer pools for updated and non-updated pages. By parti-
tioning the buffer space according to the type of pages, we
can accurately assess the impact of a type of page on the sys-
tem performance, and how much buffer space is required to
meet the performance goals for each type of page. The in-
teraction between the two performance metrics is captured
by applyingmultiple-input/multiple-output(MIMO) model-
ing and control technique.

The evaluation results demonstrate that our approach
gives robust and controlled behavior in terms of guarantee-
ing both the power consumption and the miss ratio in I/O
under a variety of workloads, access patterns, and even in the
presence of transient overloads. In addition, the performance
goals are achieved with significantly smaller consumption of
the buffer space than the baseline approaches, in which only
either I/O deadline miss ratio or I/O power consumption is
considered.

The rest of this paper is organized as follows. In Section 2,
we place our approach in context by examining relevant work
in related areas. In Section 3, the system model for RTEDBS
is presented. The details of our buffer management scheme
is described in Section 4. Section 5 shows our simulation
settings and presents evaluation results, which quantifiesthe
benefits of our buffer management scheme. Finally, Section
7 concludes the paper.

2 Related Work

The work of this paper is based on two distinctive but re-
lated fields; flash memory-based DBMS and goal-oriented
adaptive buffer management.

2.1 Flash Memory-Based DBMS

A flash device, NAND-type flash device in particular, has
been increasingly adopted as data storage media for a wide
spectrum of embedded systems. Unlike disks, the random
access time to flash memory is several orders of magnitude
faster and highly predictable. However, some distinctive
characteristics of flash memory makes it very inefficient fora
disk-based DBMS to run on top of flash memory. Those dis-
tinctive characteristics of flash memory can be summarized
as follows. First, all read and write operations happen at page
granularity, which is typically 512-4096 bytes, and the pages
are organized into blocks, which is typically 16-128 Kbytes.
A page can only be updated after erasing the entire block,
which it belongs to; a selective update of a particular data
page is not possible. Second, read and write operations have
asymmetric response time and power consumption as shown
in Table 1.

These distinctive properties of a flash memory gave birth
to several flash-based DBMSs [18][13][12]. Even though
they are different in technical details, they follow some com-
mon design principles to exploit the properties of flash mem-
ory, which includes (1) avoiding direct in-place update to
overcome erase-before-write limitation and (2) minimizing
write operations at the cost of increased read operations.

Even though flash-based DBMSs give significant per-
formance gain against existing disk-based DBMSs on top
of flash-based systems, their approaches are basically best-
effort; they do not assure any guarantees on its performance
such as power consumption and response time. Unlike these
approaches, we guarantee the performance goals set by users
or applications by adaptively adjusting system parametersus-
ing feedback control.

2.2 Adaptive Buffer Management

As diverse applications utilize the data service from
DBMSs, the performance goal of each application can vary
widely. Most conventional DBMSs provide knobs to tune its
operation to meet the diverse goals. The memory size allo-
cated to the buffer is one of the most important knobs, which
greatly affects the performance of the system. Since man-
ual tuning of this knob is extremely hard even for database
experts, several goal-oriented adaptive buffer management
approaches have been proposed [4][3][6]. While different
in some technical details, they basically follow the common
principles. First, a performance goal is set by an user or an
application to each service class; the performance metric for
the goal is I/O response time. Second, the actual response



time is compared with the goal, and the difference between
the two is used as an input to an estimator that will adjust
buffer allocation to the service class in order to move the sys-
tem closer to its goals. This feedback control loop is repeated
at regular intervals.

Our approach follows the same“observing, estimating
and adjusting knob”approach of previous work. However,
our approach has several differences from them. First, our
approach can set and achieve multiple performance goals,
which is power consumption and I/O deadline miss ratio.
Second, we do not partition the available buffer memory into
service classes. Instead, we logically partition the buffer
memory into updated and non-updated buffers to reflect dif-
ferent properties of write and read operations in flash-based
storage.

3 System Model for RTEDBS

In this paper, we consider a real-time embedded system
having a flash memory as its secondary storage. The flash
memory is used for persistent data storage. The data buffer
pool is located in main memory and is a cache between the
flash memory and the CPU. It is shared between transactions
to reduce the data storage access time. The I/O load between
main memory and flash memory occurs only when an explicit
I/O request is issued for a data object not present in the buffer.
Implicit I/O requests such as page faults are not considered
because virtual memory is not typically supported in real-
time embedded systems for predictability.

In our data model, data objects can be classified into two
classes, temporal and non-temporal data. Temporal data ob-
jects are updated periodically byupdate transactions. In con-
trast to update transactions,user transactionsmay read both
temporal and non-temporal data objects and modify non-
temporal data objects.

Because embedded platforms are assumed for our RT-
EDBS, transactions arecanned transactions, whose char-
acteristics including data requirement and worst-case com-
putation time is known at the design time; embedded sys-
tems may have a set of pre-defined queries instead of ad-hoc
queries. However, workload and data access patterns of the
whole RTEDBS can be unpredictable and change dynami-
cally because the invocation frequency of each transactionis
unknown. Since data requirements are known for each trans-
action, data requests of each transaction can be gathered be-
fore its computation to improve the response time. To this
end, we model each transaction as a two-phase operation, an
I/O phase and a computation phase. In the I/O phase, data
objects for the transaction are brought to the buffer from the
flash memory. If all data objects are already present in the
buffer, the I/O phase is skipped. In a single transaction, the
computation phase can begin only after all its required data
objects are present in the buffer. A transaction can commit
after the computation phase by updating a copy of the data
object in the memory buffer. The time required to update the

data object in the buffer is ignored in this transaction model
because it is relatively small compared to flash memory ac-
cesses. The buffer manager willeventually write the up-
dated pages back to flash memory when the buffer manager
is running out of buffer space.�� ��������� ������	�

Figure 1. The timing of a typical transaction.

Figure 1 shows the timing of a typical transactioni, where
Ti is a release time,Di is a relative deadline,Ri is a I/O time,
Ci is a computation time,Dio,i is a relative I/O deadline, and
Dcpu,i is a relative CPU deadline. When the I/O deadline is
missed, the transaction is aborted and its computation phase
is not initiated.

While the deadline of each transactioni is set by an appli-
cation in consideration of the worst case I/O time and com-
putation time, I/O deadline and subsequent CPU deadline are
dynamically derived from the relative deadlineDi and dead-
line miss ratio at timet as follows,

I/O deadline for transactioni at timet =

Ti + Di − Ci ×

(

1 + mcpu(t) ×
Di − Ci

Ci

)

, (1)

wheremcpu(t) is the CPU deadline miss ratio during the
past sampling period. In short, the I/O deadline reflects up-
to-date resource status and how much slack time is required
for the computation phase to finish within the transaction
deadline. For example, when CPU is not overloaded, thus,
mcpu(t) is close to zero, the I/O deadline can be as long as
Ti + Di − Ci, since CPU phase need only small slack time
to complete in time. For more details on I/O deadline assign-
ment scheme, readers are referred to [11].

4 Approach

4.1 Specification of Performance Objec-
tives

The specification of the performance objectives in RT-
EDBS is given as< P ,M >, whereP is a power con-
sumption specification andM is a deadline miss ratio speci-
fication. Since the available energy changes dynamically,P
may need to be adjusted dynamically; for instance, the avail-
able energy at timet can be affected by workload changes
and battery performance degradation. We assume thatP is
set manually by a user or automatically by a higher-level
power manager in consideration of the desired lifetime and
the dynamics of the available energy. Achieving those tar-
get performance objectives requires each sub-component to
satisfy its own performance objectives. As a sub-component



of RTEDBS, the buffer manager is responsible for manag-
ing the I/O-related power consumption and miss ratio. Due
to the data-intensive property of RTEDBS, the I/O perfor-
mance, both power consumption and miss ratio, has high im-
pact on the overall system performance. In this paper, we
assume that static performance objectives for I/O are given
in the specification as< PI/O,MI/O > from the RTEDBS
at timet. The buffer manager controls I/O workloads to meet
those performance objectives.

4.2 Architecture
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Figure 2. The architecture of buffer manager.

Figure 2 shows the architecture of the RTEDBS and the
buffer manager. Transactions issued by sensors (update
transactions) and users (user transactions) are placed on the
ready queues. The dispatched transactions are managed
by the transaction handler which consists of buffer manger
(BM), concurrency control (CC), and scheduler (SC). In the
SC, update transactions are scheduled in the high priority
queue while user transactions are scheduled in the low pri-
ority queue. Within each queue, transactions are scheduled
using Earliest Deadline First (EDF). Transactions are moni-
tored by the monitor and the statistics of monitored transac-
tions including deadline miss ratio and power consumption
are reported to the components that needs the information.

The buffer manager is a a sub-component of a transac-
tion handler. In our approach, the buffer manager consists
of a global buffer pool, a controller, and a buffer size esti-
mator. The global buffer pool is logically partitioned into
two buffer pools for updated and non-updated pages, which
is calledwrite bufferandread buffer, respectively. A buffer
page in the read buffer can move to the write buffer when the
page is updated after its fetch; since the partition is logical no
physical copying of the page is required. Each logical buffer
pool uses aLRU buffer replacement scheme. We may con-
sider using the information from the transaction handler to
predict the pattern and choose the best replacement scheme.
However, we left the issue of choosing replacement policies
for varying access patterns as our future work. In this paper,
we only address the problem of buffer allocation.

Because of the complexities inherent in real-world DBMS

and workloads, accurately predicting the buffer allocation to
achieve the desired performance objectives is extremely dif-
ficult. Therefore, we use a feedback control loop, which ad-
justs the sizes of two logical buffer pools by monitoring the
current system status. The controller gets the current sys-
tem information from the monitor. The information from the
monitor consists of the I/O deadline miss ratio,mI/O, and
the energy consumption from I/O,pI/O, at sampling period
t. With the information from the monitor, the controller es-
timates how much read and write I/O workload adjustments
are required to meet the target power consumption and the
deadline miss ratio. Once the target read/write I/O work-
loads,∆WI/O,read and∆WI/O,write, are obtained from the
controller, the buffer size estimator estimates the size ofeach
buffer pool to meet the target I/O workloads. The sizes of
buffer pools are adjusted accordingly.

Because the workload is dynamic and memory is shared
by many entities, not just by entities of RTEDBS, but also by
other applications and middleware, the maximum available
memory space to buffer pool is determined at runtime. In our
approach, the sum of read/write buffer pools cannot be bigger
than the maximum size of the global buffer pool. If the sum
of two logical buffer pools should be bigger than the current
maximum size of buffer pool to achieve the performance ob-
jectives, a request for additional memory allocation for the
buffer pool is made. If additional memory is not allowed for
the buffer, then admission control is applied to drop incoming
transactions.

4.3 Buffer Partitioning

As shown in Table 1, write operations incur higher power
consumption and longer response time in flash memory.
Therefore, in terms of energy consumption, keeping more
updated pages (or dirty pages) in the buffer pool at the ex-
pense of evicting non-updated pages can be advantageous.
However, if only non-updated pages are evicted from the
buffer pool regardless of reference patterns or locality, the
scheme degenerates to the scheme where only updated pages
reside. This can impair the response time and subsequently
the deadline miss ratio of transactions due to high buffer
cache miss ratio since most transactions access both updated
and non-updated data pages. For instance, keeping index
pages in the buffer can be very critical for fast response time
of the transaction and minimizing deadline miss ratio. Fur-
thermore, because write operations to the secondary storage
are usually made by the buffer manger after transaction com-
mits, they do not have explicit timing constraints and is less
related to the deadline misses.

This argument tells us that the read and write workload
can affect performance metrics differently, especially when
read and write pages have radically different characteristics
as in flash memory. Given this situation, the issue of how
much buffer should be provided for each updated and non-
updated pages to meet the target power consumption and



deadline miss ratio becomes important. The sizes of buffer
for updated and non-updated pages respectively should be set
to achieve both objectives.

The number of page frames to be allocated to updated
and non-updated pages can be determined either by buffer
allocation or replacement policies. In traditional approaches,
which use the fixed size of buffer cache combined with LRU
and its variant replacement schemes, the cost of each buffer
page is not differentiated, thus, the number of updated and
non-updated buffer pages are determined only by reference
patterns or locality. However, this scheme is valid as long as
the cost of read and write a page to/from the secondary stor-
age is almost equal, which is not true when the secondary
storage is flash memory. Some schemes solve the problem
with cost-sensitive buffer replacement policy, which consid-
ers the cost of page eviction on replacement [9]. In these
schemes, the proportion of updated and non-updated pages
in the buffer pool are implicitly determined by replacement
policies. However, estimating dynamic cost of each page is
a very complex problem and sometimes require additional
information from databases. Moreover, the dynamic na-
ture of performance objectives make the cost estimation of
each page even harder. Therefore, the runtime cost of run-
ning these replacement policies can be non-trivial. This ap-
proach is clearly not suitable for resource-constrained em-
bedded systems.

4.4 Control Loop Design

Because of the complexities of DBMS and unpredictabil-
ity of workloads, it is extremely difficult to predict the proper
sizes of buffer for updated and non-updated pages to achieve
the performance goals, if not impossible. Using feedback
controllers has shown to be effective for such real-time sys-
tems with unpredictable workload [10][16]. Difference equa-
tion models of the feedback control are independent of load
assumptions and consequently more suitable for systems
where load statistics are difficult to obtain or where the load
does not follow a distribution that is easy to handle analyti-
cally.

In this section, we present the design of our feedback con-
trol loop that controls read and write workloads to satisfy the
desired I/O power consumption and the miss ratio.
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Figure 3. The feedback control loop.

The first step in the design of feedback control loop is
the modeling of the controlled system [7]; the I/O sub-

component of RTEDBS in our study. Since both I/O power
consumption and miss ratio are affected by both read work-
loads and write workloads, the I/O of RTEDBS is inher-
ently Multiple Inputs/Multiple Outputs(MIMO). Therefore,
to capture the close interaction between the multiple inputs
[5], WI/O,write and WI/O,read, and the multiple outputs,
pI/O andmI/O, we have chosen to use a MIMO model as
shown in Figure 3.

Another issue in modeling a computing system is its non-
linearity. Complex systems such as the I/O subsystem in
RTEDBS can show a non-linear response to inputs. For ex-
ample, the I/O deadline miss ratio behaves quite differently
when the I/O is saturated from when it is not saturated. How-
ever, the system can be approximated quite closely with lin-
ear time invariant models such as theARXmodel by choosing
an operating region where the system’s response is approxi-
mately linear [7]. Even when the system’s response is highly
non-linear, the system can be modeled with linear models
by dividing the operating region into several sub-operating
regions, where each region is approximately linear; in this
case, adaptive control techniques such as gain scheduling [7]
can be used for control. To this end, we choose to use linear
time invariant model, which is shown in (2) with parameters
A andB.

(

pI/O(k + 1)
mI/O(k + 1)

)

=

A ·
(

pI/O(k)
mI/O(k)

)

+ B ·
(

WI/O,write(k)
WI/O,read(k)

)

. (2)

Because the I/O of RTEDBS is modeled as a MIMO sys-
tem,A andB are 2x2 matrices. A RTEDBS simulator which
will be introduced in Section 5 was used forsystem identifi-
cation [15] to getA andB. In the system identification, rel-
atively prime sine wave workloads for read and write were
applied simultaneously to get the parameters. In our study,

the RTEDBS model hasA =

(

0.5914 0.0760
−0.0006 0.0469

)

, and

B =

(

0.1200 0.3364
−0.0006 0.1501

)

as its parameters. All eigenval-

ues ofA are inside the unit circle; hence, the system is stable
[7].

In terms of system order, note that we model the I/O of
RTEDBS as a first-order system; the current outputs are de-
termined by their inputs and outputs of the last sample. As
we show later, the accuracy of the model is satisfactory and,
hence, the chosen model order is sufficient for our purposes.

The model is validated by comparing the experimen-
tal result to what the model predicts. Figure 4 plots the
experimental response of the RTEDBS and the prediction
of the model. We can see that the model gives highly
accurate predictions. The accuracy metricR2 = 1 −
variance(experimental value - predicted value)

variance(experimental value) is 0.97 and 0.96 for
the deadline miss ratio and the power consumption respec-
tively. Usually,R2 ≥ 0.8 is considered acceptable [7]. With
regard toR2 and multi-step validation in Figure 4, the sug-
gested first-order linear model is considered acceptable.
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Figure 4. Model validation.

4.4.2 Controller Design

For its robustness and simplicity, we choose to use a propor-
tional integral (PI) control function given by,

U(k) = Kp · E(k) + KI ·

k−1
∑

j=1

E(j), (3)

where, Kp and KI are controller gains; even though
P controller is simpler thanPI controller, our experiment
shows that the system is not stabilized byP controllers.

At each sampling instantk, the controller computes the
control input U(k) = [WI/O,read(k) WI/O,write(k)]T

by monitoring the control errorE(k) = [pI/O,ref (k) −
pI/O(k) mI/O,ref (k) − mI/O(k)]T .

One important design consideration in computing systems
such as I/O in RTEDBS, which have a stochastic nature, is to
control the trade-off between short settling times and overre-
acting to random fluctuations. If a controller is too aggres-
sive, then the controller over-reacts to this random fluctua-
tion. To this end, we choose to use the linear quadratic reg-
ulator (LQR) technique to find optimal control gains, which
is accepted as a more general technique for MIMO systems
[7]. LQR allows us to better negotiate the trade-offs be-
tween speed of response and over-reaction to random fluc-
tuation by selecting appropriate weighting parameters. The
obtained controller gains using LQR technique areKP =
(

0.3486 −0.9611
−0.7653 0.1324

)

and KI =

(

0.0948 −0.6519
−0.1534 0.1802

)

. For

more details on LQR technique, readers are referred to [7].
Finally, in terms of sampling interval, we sample every

10 seconds. Our experiment shows that sampling intervals
shorter than 10 seconds make the system unstable since it
takes several seconds for the buffer hit ratio to change after
adjusting the buffer size. Because of the relatively long sam-
pling interval and the simple controller design, the overhead
of our approach on the system is negligible.

4.5 Read/Write Buffer Size Adjustment

Once targetWI/O,read and WI/O,write are given from
the controller, the target buffer hit ratios of the read buffer,
HITread, and the write buffers,HITwrite, can be estimated
from Equation 4 and 5, respectively.

HITread = 1 −
WI/O,read

AWI/O,read

, (4)

HITwrite = 1 −
WI/O,write

AWI/O,write

, (5)

where AWI/O,read and AWI/O,write are applied read
workloadandapplied write workload, respectively. Unlike
the real workload,WI/O, applied I/O workload, AWI/O, is
the amount of I/O requests generated by transactions; among
the I/O requests, only the requests that miss the buffer cache
incur real I/O activities. BothWI/O andAWI/O are the ratio
of amount of I/O requests to the maximum bandwidth of the
secondary storage.

Finally, the sizes of read and write buffer to achieve these
target buffer hit ratios can be estimated with an estimation
functionλ, which models the relation between the buffer size
and the buffer hit ratio. In this paper, we use a linear approx-
imation technique that was shown to be very effective if the
linear approximation is updated regularly with latest buffer
hit ratio and buffer size information [3].

5 Experiments and Results

The main objective of the experiments is to test the effec-
tiveness of separating read and write workload by measuring
how accurately the performance goals are achieved. Schemes
that only control either power or I/O deadline miss ratio with
a unified buffer pool is compared to our scheme. For exper-
iments, we developed a simulator that models the proposed
RTEDBS. Various workloads were applied to the simulator
to test its performance.

5.1 Simulation Settings

To set proper simulation parameters, a firefighting sce-
nario in urban high-rises is considered. The following sce-
nario is adapted from [1].

In this scenario, a building has awireless sensor network
(WSN) that composed of smoke and temperature sensors and
radio beacon nodes that convey critical information to fire-
fighters and occupants. Each firefighter has a head-mounted
display (HMD) and a computer attached to his or her SCBA
tank or in their turnout coat. The computer runs a RTDB,
which has non-temporal building layout data and real-time
sensor data from the building’s WSN. Because of the vulner-
ability of network connections to the external database at the
fire scene, each RTDB processes queries locally using local
data, instead of depending on a database at back-end. Queries
are invoked periodically and aperiodically on occurrencesof
specific events, and the results are visualized on the HMD
with a floor plan image.

5.1.1 Database Model

The database is modeled as a collection of relations, and each
relation is modeled as a collection of pages. We use 1 relation



for temporal data (SensorValues), and 2 relations for non-
temporal data (SensorInfo and Locations).

Locationsmaintains the information for 400 locations of
each floor of a 20-story building including coordinates. Each
tuple models each location.SensorInfomaintains the static
information for sensors including each sensor’s coordinates.
We assume a 1-to-1 correspondence of each sensor to each
location ofLocations. SensorValuesmaintains fresh sensor
readings. Each data tuple of the relations takes 512 bytes.
Therefore each relation requires 1000 data pages. In addition
to data pages, each relation has indices. B+ trees are used for
indices and the fanout of each relation is 10.

5.1.2 Update Transactions

Parameter Value

# of temporal data 1000 pages
Update interval (Pi) Uniform(100ms, 50sec)
EETi Uniform(2ms, 4ms)
# data object access/update 1
Update CPU load ≈ 50%
Update write I/O load � 50%

Table 2. Update transaction settings.

The update stream updates only temporal data inSensor-
Valuesrelation. The update period,pi, follows a uniform
distributionUniform(100ms, 50sec); data from geograph-
ically close sensors are updated more frequently. The ex-
pected execution time (EET ) of an update transaction is uni-
formly distributed in the range (2ms, 4ms), excluding writing
response time to the secondary storage. The actual execu-
tion time is determined by writing response time at run-time.
Update transactions have no deadlines and they always have
higher priority than any user transaction. The default settings
shown in Table 2 generate about 50% CPU load and less than
50% applied I/O write workload,AWI/O,write.

5.1.3 User Transactions

Parameter Value

# of non-temporal data 2000
EECTi Uniform(3ms, 5ms)

Actual exec. time Normal(EETi,
√

EETi)
EEITi #AccessData × ReadAccessT ime/page
Relative deadline (EECTi + EEITi) × slack factor
Slack factor Uniform(5, 10)
Query mix Type-I,-II,-III with equal arrival rates
Selectivity Type-I,-II,-III equally 2%
Update probability � 1%

Table 3. User transaction settings.

A user transaction accesses both temporal and non-
temporal data and possibly updates non-temporal data. User
transactions are read-intensive with small probability ofup-
date. In the firefighting scenario, user queries run periodi-
cally and aperiodically on occurrences of specific events to
provide a building-wide situation and to alert potential dan-
gers. For example, the queries may include“Find locations

whereCO/CO2 level is higher than the threshold within
10 meters from my location.”and “Find any motion detec-
tion within 10 meters from my location.”. To model these
operations, three different query workloads are employed
in our experiments,(I)-selection, (II)-nested-index join, and
(III)-nested-loop join. The selectivity of each operation is
defined by the parameterSelectivityI, SelectivityII and
SelectivityIII. Our workload represents three different type
of memory access patterns, which is typically found in a
DBMS; looping, random access, and scanning.

The execution of user transactions consists of an I/O phase
and a computation phase. The expected execution time
(EECTi) of the computation phase is given by the uniform
distribution,Uniform(3ms, 5ms). The expected execution
time of the I/O phase (EEITi) is proportional to the num-
ber of data to access. Details of user transaction settings are
shown in Table 3.

5.1.4 H/W Models

A NAND flash memory is assumed for persistent data stor-
age. Read operations occur in the unit of a page. The size
of a page is set to 4Kbytes. The actual cost of flash ac-
cess is determined by the interface to the flash chip. We as-
sume aFlash Translation Layer(FTL) [8] to interface the
NAND flash chip. The FTL provides a disk like interface,
which includes the capability to read and write a page di-
rectly without worrying about erase-before-write constraint.
However, FTL internally needs to deal with the character-
istics of the underlying flash device, incurring high over-
head in flash accesses; the runtime overhead of FTL varies
across manufacturers [18]. Moreover, combined with the
limitation of data buses, the total access cost to flash mem-
ory ranges from several times to several thousands times
of the raw flash memory access cost [14]. In considera-
tion of these overhead, the cost of flash memory access is
modeled as approximately 20 times of the raw flash mem-
ory access cost. The response times are set to 300µs and
3000µs, respectively for reading and writing a page, and each
page read and write operation takes 14.8µJ and 198µJ , re-
spectively. The energy consumption of I/O is modeled as
#flash read × 14.8µJ + #flash write × 198µJ .

A computer of each firefighter is powered by a battery.
The battery’s capacity is 1,600mAh and operates at 3.7V ;
these numbers are typically found in commercial PDAs. The
I/O is assumed to consume approximately 10% of the total
system power [17].

5.2 Baselines

To our best knowledge, the issue of simultaneous control
of power consumption and deadline miss ratio have not been
studied in real-time databases, and for buffer management in
particular. Therefore, we compare our scheme (MR&PW)
with the following baseline schemes.
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Figure 5. Average performance when varying read workload wi th no limit on buffer size.
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Figure 6. Average performance when varying read workload wi th maximum buffer size of 2000.

MISS RATIO ONLY (MRonly): This scheme does not
partition the buffer pool into read/write buffers. It has
only one global buffer pool. The size of the buffer is
adjusted via feedback control loop to satisfy I/O dead-
line miss ratio; the power consumption is not controlled.
This scheme is similar to [3][4]. The main difference
from them is the performance metric; while the goal of
those approaches areI/O responsetime, MRonly uses
I/O deadline miss ratioas a performance goal. For com-
parison to our approach, the I/O of RTEDBS is mod-
eled by a first-orderSingle-Input/Single-Output(SISO)
model; The I/O workload is the control input and the
I/O deadline miss ratio is the system output. API con-
troller is used.

POWER-ONLY (PWonly): This scheme is the same as
MRonlyexcept that it controls only power consumption
instead of I/O deadline miss ratio.

5.3 Results

Each simulation is run at least 10 times and its average and
95% confidence interval is taken; confidence intervals are not
plotted unless it deviates more than10% from the average.

For experiments, the reference I/O miss ratio and the
power consumption are set to3% and240mW , respectively.
With 240mW I/O power consumption, each fire-fighter’s
mobile computer can operate approximately for 2 and a half
hours.

5.3.1 Experiment 1: Varying Loads

Computational systems show different behavior for different
workloads, especially when overloaded. In this experiment,
read workloads are varied by applying increasing number
of user transactions;AWI/O,read is changed from 70% to
220%. The arrival rate of update transactions follows the de-
fault settings and does not change through experiments.

The first experiment examines the case when the avail-
able memory to buffer pool has no limitation; the buffer can
expand/shrink without limitation in its size. The results are
shown in Figure 5. It shows that our approach effectively
achieves both the desired I/O deadline miss ratio and the
power consumption. On the contrary,MRonlyandPWonly
achieve only I/O deadline miss ratio and power consump-
tion, respectively. In case ofMRonly, the power consump-
tion increases monotonically as the applied read workload
increases. For instance, the power consumption increases
about 45% whenAWI/O,read changes from 70% to 220%.
Similarly, even thoughPWonlyachieves the desired power
consumption, the desired I/O deadline miss ratio is not satis-
fied. Moreover, the performance of the baseline approaches
are achieved with high cost as shown in Figure 5-b; both
baseline approaches require about two times more buffer
space to achieve those performances. Since the baseline ap-
proaches do not differentiate read and write workloads, the
size of the total buffer pool is determined to accommodate
pages, which is critical to achieve the desired performance
goals; in this experiment, keeping a certain number of up-
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Figure 7. x − y data access patterns with varying workload.

dated pages are critical to achieve the performance goals. In
contrast, since our approach logically partitions the buffer
pool into the read and the write buffers, the increase of
AWI/O,read affects only the size of read buffers while the
size of write buffer stays almost constant, which is the mini-
mum to achieve the desired performance goals.

In practice, the available main-memory space for the
buffer can be quite limited in embedded systems. In the next
set of experiments, the size of the buffer is set to hold 2000
data pages in maximum (4KB×2000 = 8MB). The perfor-
mance gap between our approach and baselines is even more
evident in this case as shown in Figure 6. Since the baseline
approaches reach the maximum size of the buffer through ev-
ery case of the read workloads, the buffer can not be adjusted
to achieve the performance goals, thus resulting in rapid in-
crease of both I/O deadline miss ratio and the power con-
sumption. In contrast, since the required size of buffer in-
creases slowly in our approach, the maximum buffer size is
reached only afterAWI/O,read is more than 190%. Even
after reaching the maximum buffer size, both I/O deadline
miss ratio and power consumption increase less rapidly than
the baseline approaches.

5.3.2 Experiment 2: Varying Data Access Patterns

The I/O workload is highly affected by data access patterns.
By default, we assumed that all relations are uniformly se-
lected for user transactions. However, the data access pat-
terns can be different from a uniform access pattern. In this
experiment, the effect of data contention is tested usingx−y
access scheme as described in [10]. In thex − y access
scheme,x% of data accesses are directed toy% of the data
in the database. For instance, with 90-10 access pattern, 90%
of data accesses are directed to 10% of data in the database,
thus, incurring data contention on 10% of entire data.

We test the robustness of our approach by applying three
different x − y access patterns; 80-20, 60-10, and 50-50
data access patterns. As shown in Figure 7-(a), our scheme
achieves the performance goals in all three different access
patterns. However, the buffer size to achieve the same perfor-
mance with different access patterns are a little bit different
as shown in Figure 7-(b). As the degree of data contention

increases, the smaller size of the buffer is enough to achieve
the same degree of I/O deadline miss ratio and power con-
sumption; 80-20 consumes about 15% less buffer space than
50-50 in all workloads.

Our results demonstrate that the proposed buffer manage-
ment scheme is robust enough to cope with different data ac-
cess patterns.

5.3.3 Experiment 3: Transient Performance

The average performance is not enough to show the perfor-
mance of dynamic systems like RTEDBS. Transient perfor-
mance such as settling times should be small enough to sat-
isfy the requirements of applications.

In this experiment, the read workload is changed suddenly
to observe the transient behavior of our scheme. Initially a
70% read workload is applied to the system. At 290 seconds,
user transactions surge suddenly as a step function to have
220% applied read workload.

Figure 8 shows the result. We can see that both power
consumption and I/O deadline miss ratio increase instantly
at 290 seconds. However, the power consumption stabilizes
within two sampling periods, and the I/O deadline miss ra-
tio stabilizes within one sampling period. The relatively long
settling time of the power consumption is not problematic
in most cases since the average power consumption is more
meaningful than the transient power consumption unless the
power consumption requirement changes frequently. How-
ever, even though I/O deadline miss ratio stabilizes within
one sampling interval, it may not be satisfactory for some
applications since the sampling interval is relatively long (10
seconds). We may tune the system to be more responsive to
the changes of the workload by reducing the sampling inter-
val. However, a short sampling interval can make the sys-
tem too sensitive to the stochastic components of the work-
load. These kinds of trade-offs between the responsiveness
to workload changes and the sensitivity to stochastic compo-
nents are inevitable in the design of a feedback controller for
computing systems [7]. We leave this issue as future work.
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6 Conclusion

In this paper, we focused on the problem of guaranteeing
the performance goals in the buffer manager of real-time em-
bedded databases in terms of both I/O power consumption
and I/O deadline miss ratio. Due to dramatically different
properties of read and write operations of the flash memory,
which is a de-facto standard in mobile and embedded sys-
tems, optimizing buffer hit ratio does not always guarantee
minimum power consumption or I/O deadline miss ratio.

To address this problem, we have proposed logical par-
titioning of a buffer pool into a read and write buffers, and
dynamic feedback control of read/write buffer sizes to sat-
isfy the performance goals. The partitioning of a buffer pool
enables us to effectively separate read and write workload,
which have very different impact on system behavior both in
terms of power consumption and deadline miss ratio. Un-
like previous approaches, our approach uses a MIMO mod-
eling and control technique to capture the close interactions
of multiple inputs and outputs.

Using a detailed RTEDBS simulation model, we studied
the performance of our approach under various workloads
and data access patterns. For comparison purpose, we also
examined two SISO approaches, which consider only sin-
gle performance goal with a unified buffer pool. The ex-
perimental results show that our approach gives robust and
controlled behavior in terms of guaranteeing both the desired
power consumption and the I/O deadline miss ratio for di-
verse workloads and data access patterns, even in the pres-
ence of transient overloads. In particular, the results show
that using MIMO approach to capture the interaction be-
tween multiple performance metrics can enable saving scarce
resources of embedded systems, e.g., buffer space.

With the increase of the demand for real-time data ser-
vices in flash-based embedded systems, the significance of
providing guarantees on their power consumption as well as
response times will increase. The work in this paper is the
first attempt that addresses this problem.
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