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Abstract tions of control variables and accurate diagnosis of the sys
tem. Data freshness in an ECU is guaranteed by updating
Real-time and embedded applications normally have data items with fixed frequencies. Previous work [12, 16, 9]
constraints both with respect to timeliness and freshnéss o proposes ways of determining fixed updating frequencies
data they use. At the same time it is important that the re- on data items to fulfill freshness requirements. This means
sources are utilized as efficient as possible, e.g., for CPUthat a data item is recalculated when it is about to be stale,
resources unnecessary calculations should be lowered asven though the new value of the data item is exactly the
much as possible. This is especially true for vehicle céntro same as before. Hence, the recalculation is unnecessary. We
systems, which are our targeting application area. The con- collected statistical data from an engine ECU (EECU) that
tribution of this paper is a new algorithm (ODTB) for up- shows most of such periodic recalculations are unneces-
dating data items that can skip unnecessary updates allow-sary at steady states, i.e., when sensor values are not-chang
ing for better utilization of the CPU. Performance evalua- ing. To avoid doing unnecessary updates another updating
tions on an engine electronic control unit for automobiles mechanism than periodic updates is needed. Adelberg et al.
show that a database system using the new updating algo{2] found that on-demand installation of updates of data
rithm reduces the number of recalculations to zero in steadyitems gives the best performance with respect to meeting
states. We also evaluate the algorithm using a simulator anddeadlines and usage of fresh data. Data freshness is defined
show that the ODTB performs better than well-established in the time domain by setting a maximum allowed age be-
updating algorithms (up to 50% more committed transac- fore which the data item is considered to be fresh [14].

tions). On-demand updating algorithms — On-Demand Depth-
First Traversal (ODDFT) [7], On-Demand Optimistic op-
tion (ODO) [4], and On-Demand Knowledge-Based option
1. Introduction (ODKB) [4] — decide on necessary updates based on the
order data items are read, i.e., bottom-up in a precedence
graph of relationships of data items. Furthermore, the up-
o : . dating algorithms also assume that a recalculation of a data
car. Every such unit is denoted an electronic control unit . . . .
. o . item always gives a new result. However, if calculations are
(ECU). The software in the units is becoming more com- A . ) .
deterministic, i.e., given the same inputs the same ousput i

plex due to increasing functionality that is possible beseau ; : .
-, . always produced, a more intelligent decision can be made
of additional available resources such as memory and com-

puting power. This functionality is also needed because of Egvvxrglciﬁtﬂ?sgz_%rsn?;sg?rg' ?Ba;?gmot?;\?;sv;?vﬁtrﬁ Fr)glse? a
stricter law regulations that are put on the car industry. Ex 9 1 1op

. . : vance check (ODTB) that is based on the on-demand strat-
amples are lower pollution, detection of evaporation of gas : . .
through a hole in the gas hose, and detection of malfunc-9Y and is able to skip unnecessary calculations and, thus,
tioning components within a Iimi’ted time. Since such func- utilize the CPU better. A freshness check that checks if an

tionality requires additional data, the amount of data han- update is needed is added to ODDFT and ODKB resulting

dled by the ECUs is constantly increasing. Moreover, the in the algorithms ODDFIC and .ODKBC.’ where_C de- .
data has to be fresh when used to make correct calcula-nOteS that the freshness check is done in the value domain
of data items.

In a vehicle (in this particular case a car), computing
units are used to control several functional parts of the

% This work was funded by ISIS (Information Systems for Indast In this paper, a description of a database system im-
Control and Supervision) and CENIIT (Center for Industtigbrma- plementation in an EECU software is presented. Perfor-

tion Technology) under contract 01.07. mance evaluations of ODTB, using the database system on



raw sensor values and transforming raw sensor values to en-
gineering quantities, and writing actuator values. On tbp o
the 1/O layer is a scheduler that schedules tasks both peri-
odically and sporadically based on crank angles. The tasks
are organized into applications that constitute the topray
Each application is responsible for maintaining one partic

lar part of the engine. Examples of applications are ait, fue
ignition and diagnosis of the system, e.g., check if sensors
are working. Tasks communicate results by storing them ei-

Applications

To other applications

Scheduler

vo ther in an application-wide data areal( application data
. . in figure 1) or in a global data areadin figure 1). The to-
Figure 1. The software in the EECU. tal number of data items in the EECU software is in the or-

der of thousands.

an EECU, show that ODTB reduces the number of times pe- Data items have freshness requirements and these are
riodic calculations need to be executed to zero when the sys9uaranteed by invoking the task that derives the data item
tem enters a steady state. Performance evaluations on a sinf2ften enough. This way of maintaining data results in un-
ulator show that ODTB, ODDFTC, and ODKBC give im- necessary updates of data items, thus leading to worse per-
proved performance (up to 50% more committed transac-formance for the overall system.

tions) than ODDFT and ODKB/ (_V is data freshness in Based on the description of the EECU software above,
value domain without freshness check). and the experiences of our industrial partners (Mecel AB

The outline of the paper is as follows. An EECU soft- and SAAB Fiat-GM Powertrain), the following require-

ware description, the data and transaction model, and dMents on the software have been identified.
database implementation are given in section 2. Section 3 R1 A way to maintain and organize data is needed because

covers ODDFT and algorithms from [4]. The new algorithm the storing of data using global and application-wide
ODTB and extensions to ODDFT are described in section data areas makes it complex and expensive to main-
4. Performance evaluations, related work, and finally con- tain the software. Due to the vast amount of data items
clusions are given in sections 5, 6, and 7, respectively. stored in different places, it is easy to introduce the

. same data item again, duplicating memory and CPU
2. A Real-Time Embedded System consumption.

This section describes an EECU and the requirements of R2 Utilize available CPU resources efficiently in order to
the software on the data and transaction model ofthe EECU. ~ be able to choose as cheap as possible CPU and also
Here we also discuss the implementation of a database sys- ~ extend the lifetime of the CPU.
tem in the EECU. R3 Calculations have to be finished before a deadline and

. ] ) data items have freshness requirements.

2.1. Electronic Engine Control Unit (EECU) Areal-time database system divided into a central storhge o

An EECU is used in vehicles to control the engine such data with meta-information and a data management system,
that the air/fuel mixture is optimal for the catalyst, the en making data items up-to-date when they are used, solves re-
gine is not knocking, and the fuel consumption is as low quirements R1-R3.
as possible. To achieve these goals the EECU consists 0
software that monitors the engine environment by reading
sensors, e.g., air pressure sensor, lambda sensor in the cat Figure 1 shows that a calculation in a task uses one or
alyst, and engine temperature sensor. Control loops in theseveral data items to derive a new value of a data item.
EECU software derive values that are sent to actuators,Hence, every date item is associated with a calculation that
which are the means to control the engine. Examples of ac-produces the value of the data item. The calculation is de-
tuators are fuel injection times that determine the amountnoted a transaction, Hence, a data item is associated with
of fuel injected into a cylinder and ignition time that deter one value, the most recently stored, and a transaction that
mines when the air/fuel mixture should be ignited. More- produces a value of the data item. The set of all data items
over, the calculations have to be finished within a given in the EECU software can be classified as base itef)s (
time, i.e., they have deadlines. and derived itemsip). The base items are sensor values,

The EECU software is layered, which is depicted in fig- e.g., engine temperature, and the derived data items are ac-
ure 1. Black boxes represent tasks, labeled boxes representiator values or intermediate values used by several @alcul
data items, and arrows indicate inter-task communication.tions, e.g., a fuel compensation factor based on temperatur
The bottom layer consists of /O functions such as reading The relationship between data items can be described in a

5.2. Data and Transaction Model



void TotalMulFac(s8 mode)
s8 transNr = TRANSACTIONSTART;
while(BeginTransaction(&transNr,
10000, 10, HIGHPRIORITY_QUEUE,
mode, TOTALMULFAC)){
ReadDB(&transNr, FAC15, &fac125);
/* Do calculations */
WriteDB(&transNr, TOTALMULFAC,

b, | Basic fuel factor d, | Lambda factor
b, | Lambda status variable d, | Hot engine enr. factor IocaLfaC, &TOtaIMUIFaC);
b, | Lambda status for lambda ramp d, | Enr.*factor one started engine CommitTransaction(&transNr);
b, | Enable lambda calculations d, | Enr. factor two started engine }}
b, | Fuel adaptation dy | Temp. compensation factor
bs | Number of combustions ds | Basic fuel and lambda factor Figure 3. Example of a transaction.
b, | Airinlet pressure d, | Startenrichment factor
by | Engine speed dy | Temp. compensation factor
b, | Engine temperature d, | Tot. mult. factor TOTALMULFAC ware. Hence, it is possible to compare the number of needed
* Enr. = enrichment updates of data items between the existing EECU software
. and the added database system. All data items are stored
Figure 2. Data dependency graph. . : . .
in one data area and access to the data items is possible
through a well-defined interface.
directed acyclic graplir = (V, E), where nodesl() are An example of a transaction in this system is given in fig-
the data items, and an edge from nade y shows that: is ure 3. BeginTransaction starts a transaction with a redativ

used by the transaction that derives values of datadtem deadline of 1000Q:s that derives data item TOTALMUL-

this paper we refer t6' as the data dependency graph. Fig- FAC, dy in figure 2. Read and write operations are handled
ure 2 shows the data dependency graph on a subset of datay ReadDB and WriteDB, and CommitTransaction notifies
items in the EECU software. This graph is used through- the database system that the transaction commits. The next
out the paper. All data items read by a transaction to deriveinvocation of BeginTransaction either breaks the loop due t

a data item{ are denoted the read sk{d) of d. The value  asuccessful commit or a deadline miss, or restarts the-trans
of a data itemr stored in the database at timés given by action due to a lock-conflict. Detailed elaboration of the in
v, terface is presented in [6].

x

. There are three typ_es of trgnsactlons. (i) sensor f[.ransacg_ Existing On-Demand Updating Algorithms
tions (ST) that only write monitored sensor values, (ii)ruse

transactions (UT) that are requests of calculations freen th ~ This section describes existing on-demand algorithms.
system, and (iii) triggered updates (TU) that are generatedSection 3.1 covers previous work on on-demand algorithms
by the database System to make data items up-to-date_ AJSing time domain for data freshness. Section 3.2 introgluce
user transaction derives data itégar, a sensor transaction data freshness in the value domain and section 3.3 giVGS a

derivesbsr, and a triggered update derivés; . discussion of staleness of data items. Section 3.4 describe
_ ODDFT, and how on-demand algorithms using time domain
2.3. Implementation of Database System for data freshness can use value domain for data freshness.

This section contains a description of our implementa- 3.1. Updating Algorithms and Data Freshness in
tion of a database system in the EECU software. In the im- Time Domain
plementation of the database system, a real-time operating . . . .
system, Rubus, is used as means for scheduling and com- An on-demand updating algorithm checks a triggering

C : . criterion every time a resource is requested (e.g., a data
munication between tasks. The database system mcluqu " ) o .
. . tem). If the triggering criterion evaluates to true, a aert
a concurrency control (CC) algorithm and the earliestdead-_~. 7" . .
action is taken. When a read operation accesses a stale data

line first (EDF) scheduling algorithm is implemented on top . ; X S
of Rubus. The concurrency control algorithm is Optimistic item, an update gpdat!ng the-data |tem.|s tr|gggred. Stale-
ness can be decided in the time domain by using a max-

Concurrency Control Broadcast Commit (OCC-BC) [1]. . I q . by the absolut lidity int |
The implementations of OCC-BC and EDF in the EECU I(r;;r)n[&]mi’vg age given by the absolute validily intefva

software are presented in [6]. We are using the periodic
tasks of the EECU software.

All the functionality of the original EECU software is
kept. The database system is added to the EECU softwaravherez is a data item, antimestamp(z) is the time when
and it runs in parallel to the tasks of the original EECU soft- x was last written to the database.

current_time — timestamp(z) < avi(x), (1)



Every time a data item is requested condition 1 is ODDFT(d)
checked. The on-demand algorithm using condition 1 is de-
noted OD. The triggering criterion can be changed to
increase the throughput of UTs. In [4] three options of trig-
gering criteria are presented. These aradipption which

forall € R(d) in prioritized ordero
if changed(d) A error(z,t) > 04, then
Putr, in schedule

represents OD, (iipptimistic option where an update is OPDFT@)
i if i it i i end if
only triggered if it can fit in the slack time of the trans- end for

action that does the read operation (denoted ODO), and
(i) knowledge-based optiprwhere an update is trig- Figure 4. Simplified version of ODDFT.
gered if it can fit in the slack time when the remaining
response time of the transaction has been accounted for (de-

noted ODKB). in a new value ofil that does not affect its descendants. Us-
ing the pathP,,_s,, consider an update @ makingd,

3.2. Data Freshness in Value Domain stale. Data itemd; anddy are possibly changed and a re-
calculation ofds is needed and when it has finished it is

Data freshness of a data itedihcan be defined in the : o
value domain, i.e., the freshness depends upon how muct?oss'ble to determine if7
data items i?(d) have changed sinekwas previously cal-
culated and stored in the database [7].

We now define data freshness in the value domain of

data items by using definitions 3.1-3.3. These definitions  Tnjs section describes the ODDFT algorithm and the up-
are used throughout the rest of the paper. dating scheme used with ODDFT [7].

Definition 3.1. Each pair(d, z) whered is a derived data When a UT starts to execute the data items it uses need
item andz is an item fromR(d) has a data validity bound,  to be made fresh before it continues. Only data items that
denoted, ., stating how much the value ofcan change  can affectdyr need to be considered. A top-down traver-
before the value of is affected. sal of G cannot decide if a data item affectsr, thus, a
bottom-up traversal is needed. Possibly changed data items
need to be considered for being updated since it is not possi-
ble to conclude if a data item is fresh or stale in a bottom-up
Definition 3.2. Letd be a derived data item and a data approach. The data items are investigated in a depth-first or

is stale.

3.4. Updating Algorithm Based on Data Freshness
in Value Domain

The freshness of a data item with respect to one of its
read set members is defined as follows.

item fromR(d), andv’, vt be values of: at timest andt’ der (see figure 4) if an update is needed, and an update of
respectively. Thed is fresh with respect to when|vf, — a data item is put as late as possible in the schedule of up-
ot | < Od.z- dates. In this way, precedence constraints are obeyed- In or

der to know which data items that are possibly changed the

following update scheme that consists of three steps is used
In the first step (S1) all base items are updated with fixed

frequencies such that the base items are always fresh. When

Definition 3.3. Letd be a derived data item derived at time
t using values of data items iR(d). Thend is fresh at time
t' if it is fresh with respect to all data items froRYd), i.e.,

/\ {|vt B Ut,| <5 } @) a base itend is updated, the freshness according to defini-
* el = Cd tion 3.2 is checked for each child éfin G. Thus, in our
vreR(d) example, base itemis—bg from figure 2 are updated with
evaluates to true. fixed frequencies, e.g., base itémis updated, thewr; is

) ] checked if it is still fresh.

3.3. Example of Data Freshness in Value Domain The second step (S2) is performed when a data itésn

An update of a data iterd is only needed if the data found to be stale due to the new value of base iteifihe
item is stale, i.e., some of its parents have changed suctehild d of b is marked as changed and all derivativesiof
that the new values of the parents result in a different valuein G are also marked as changed. A derivativeld$ ac-
of data itemd compared to what is stored in the database. tually possibly changed (see section 3.3). An error fumctio
A data item can have several ancestors on a path to a baswas introduced in [7] to estimate the error of a data item at
item in a data dependency graphFor instance, one possi- a given timet. This time is the deadline of the UT. The esti-
ble path denoted®,, _,, from dy to bs in figure 2 is:dy, d, mated error can together with the stored valuea@nchged
ds, bs. When a data item is updated it may make its neigh- determine if a particular data item makes one of its chil-
bors inG stale (this can be checked using equation 2). If dren stale at a given future tinte
the update makes a data itefrstale, then all descendants The third step (S3) occurs every time a UT starts to ex-
of d are possibly stale since a recalculatiordohay result ecute. The freshness of a data iténthat can be directly



or indirectly read by the UT is deduced using the follow-
ing equation:

Schedule | d;|d,|d,| d,] d,[d,|d,]ds] d,
Index |0 1]2|3[4]5|6|7]8

Figure 5. Schedule S for G in figure 2.
Jzx € R(d)(changed(d) = trueAerror(z,t) > d4..) (3)

Data itemd is stale if equation 3 evaluates to true. A ODDFT might produce the same result already stored in
schedule of updates is built with ODDFT during this step the database, i.e., the CPU could be better utilized by skip-
using the algorithm in figure 4. For an ODDFT scheduling ping such updates and using the value already stored in the
example we refer to [7] due to space limitations. database. When an update is about to start, the data fresh-

Every update is tagged with the latest possible releaseness of the data item can be checked with equation 2. If the
time and deadline by accounting for WCETs of added up- data item is fresh then the update is not needed. ODDFT
dates in the schedule. When no more updates can be placeand ODKB.V with such a check are denoted ODDKTand
in the schedule the algorithm terminates and the databas€®©DKB_C.
system starts triggering updates from the schedule. The up- .
dates are executed with the same priority as the UT. If the4'2' ODTB algorithm
calculated release time of an update is earlier than the cur- The ODTB algorithm is a top-bottom traversal of a
rent time, then the update is not executed since it is con-schedule generated by ODDFT. By traversing the data de-
sidered not to finish within its deadline. When a transac- pendency graph top-bottom itis possible to decide if needed
tion commits (user or triggered) théanged flag of the in- updates in a branch can fit in the schedule. Moreover, in
stalled data item is set to false and a freshness check is don®DTB thechanged flag indicates a stale data item and not
for its children. If a child is stale thenhanged flags are a possibly changed data item.
set as in S2. It is possible that duplicates of an update are In order to traverse updates top-bottom and decide which
put in the schedule. Such duplicates are checked for everyones to use, the schedule has to be already generated or
time an update is put in the schedule, and the ones closbe generated every time updates need to be scheduled. The
est todeadline(rq,, ) are removed. proposed ODTB algorithm uses a pregenerated schedule by

The algorithms OD, ODO, and ODKB can use freshness ODDFT. The reason is that in an EECU the data items are
in the value domain as defined in section 3.2. The updatingfixed, i.e., no data items are added or removed, and, thus,
scheme, steps S1-S3, is used and S3 occurs for every redthe schedule is also fixed.
operation in a UT or TU. The triggering criterion becomes  To obtain a pregenerated schedule that can be used by
equation 3 and the chosen option (no option, optimistic op- ODTB, we add a bottom node, denotetdtom, to V' and
tion or knowledge-based option). These versions of the al-connect all leaf nodes to it by adding edgesftoNow we
gorithms are denoted QB, ODO_V, and ODKB.V where can generate an ODDFT schedule for the added node and
-V indicates that the value domain is used for data fresh-denote itS. Branches are chosen by the following order
ness. by < b; < di < dj, wherei,j > 1. If some data items

4. On-Demand Updating Algorithms With are highly important then weights on the edges can be used.
Relevance Check Theorem 4.1. It is always possible to find a sub-schedule
of S that is identical with respect to elements and order of

This section introduces a check before the triggering i,a elements to a scheduts generated by ODDFT, and
of an update that makes it possible for ODDFT, D i starts in node. ’

ODO.V, and ODKRB.V to skip updates that would not pro-
duce a value different from the value stored in the database Proof. Assume the generation §fby ODDFT has reached
The new algorithm On-Demand Top-Bottom with relevance noded. Start a generation of a scheduledaand denote it
check, ODTB, is described and a scheduling example iss;. ODDFT only considers outgoing edges from a node.
given. Assume two invocations of ODDFT, which origin from the
4.1. Enhancement to Existing Algorithms same node, always pic_;k branchesinthe same order. ODD_FT
) ~ has no memory of which nodes that have already been vis-
Requirement R2 states that the CPU should be effi-jted. Hence, the outgoing edge that is picked by ODDFT
ciently utilized, i.e., unnecessary updates should bedaebi  generatingS is the same as ODDFT generatisg and,

All the updates that ODDFT puts in the schedule are ex- thys, there exists a sub-scheduleSahat has the same ele-
ecuted (exceptions are described in section 3.4). The asyents and the same order$s 0

sumption of deterministic calculations is valid foran EECU
since all data items are derived from sensor values and For data dependency graph in figure 2, the pregenerated
these are time-invariant. Some of the updates scheduled bygchedule is shown in figure 5.



ODTB(dur) top for a data item witlthanged set to true (see figure 6). If
such a data item is found, the WCET for the data iteand

the remaining data items i#\,, denotedvcet_u._z, has to fit

in the available timest of 7;,. For each update, the cumula-
tive execution time of all updates up to that point is stored.
By taking the difference between two updates frégthe
cumulative part of the update fdris cancelled and the re-
sultis the execution time between the updates. When ODTB
is finished the schedulépdates contains updates that can
be executed between the current time and the deadline of

at = deadline(tyr) — release_time(tyr)
*WCET(TC]UT)
forall x € R(dyr) do
Get schedule fox, S,., from S
forall w € S, do
if changed(u) = true then
weet_u_x =WCET of path fromu to x
if weet_u_x < at then
Add data items: to « to scheduld/pdates

the UT.
at = at — wcecet_u_x
else 5. Evaluation
Break . . . . .
end if Section 5.1 contains simulations conducted on a simu-
end if lator to show the performance of OD, ODKB, ODK®&
end for ODDFT, ODKB.C, ODDFT.C, and ODTB. The engine
end for simulator and the EECU is used in section 5.2 to show that

it is possible to use the database system in a real-life sys-
tem. The section finishes with a discussion on some issues
related to overhead for ODTB.

Figure 6. ODTB algorithm.

Corollary 4.2. A scheduleS; generated by ODDFT for .
data itemd with I number of updates can be founddrirom 5.1. Consistency and Throughput

indexstarty to indexstopa wherel = [startq — stopql. This experiment measures consistency and throughput of
committed UTs. The number of committed UTs within their
deadlines is affected by the number of updates generated by
By corollary 4.2 it is always possible to fetch from the system. If it is important to have transactions that only
a sub-schedule of all possibly needed updates for data itenuse fresh data items then the consistency is more impor-
dyr thata UT derives. Every data item has start and stop in-tant than transaction throughput. A balance between con-
dexes indicating where its ODDFT schedule starts and stopssistency and throughput must be found. This balance is pri-
within S. Every data item also knows about its neighbors marily system specific and the constructor of the system has
(parents and children) i to choose the updating algorithm that gives the desired be-
ODTB is shown in figure 6. Every time a UFyr, is havior. This section shows how the different algorithms be-
started the algorithm ODTB is executed. Updates are placechave with respect to these properties.
in the queud/pdates. When ODTB has finished then the We now describe the simulator setup of the discrete event
first update fronUpdates is executed. The second step S2 simulator RADEx++ that is also used in [7]. RADEx++ is
of the updating scheme is changed to mark the children thatset up to simulate a main-memory real-time database. A
are stale due to the newly stored value. The third step S3 oc-data dependency gragh is generated randomly. The size
curs every time an update is started. If the data item it de-of G is|B| x | D| whereB is the set of base items arfizgithe
rives haschanged set to true then the update is executed, set of derived items. A derived data item has one to six par-
otherwise it is skipped. Hence, by using ODTB and the ents and the likelihood that a parent is a base itefi07s.
update scheme it is possible to skip unnecessary updateéll experiments using the same database size are using the
and instead read the value directly from the database. Ifsame data dependency graph.
Updates is empty this means there are no updates to ex- Transactions arrive aperiodically with exponentially-dis
ecute because all ancestorsdpfr are fresh or the given  tributed arrival times and every simulation is executed for
time is too small to be able to execute the first necessaryl00 s of simulated time. The transactions are scheduled
update and the descendants of this data item. In either casdgy EDF. The arrival rates range from 0 to 100 UTs per
there is no meaning in executing the user transaction. second with steps of 5 and the simulator runs 5 times for
Next we give an example of using ODTB. A U, ar- each arrival rate. Confidence intervals for experiments are
rives to a system having data dependency graph in figure 2given in figure captions. The data item an arriving UT
The fixed schedul§ is given in figure 5. Indexes for finding  derives is uniformly distributed among data items/in
Sq4, in S are 2 and 5, i.e., schedutg, is the sub-schedule The value of a data item is changed with a value from
that spans indexes 2 through 5$nh For every parent: of U(0,max_change), wheremax_change is 800, and this
dr (da2, d3, andd,) the schedulé;, is investigated fromthe  change only happensifis stale due to a change of any of

Proof. Follows immediately from theorem 4.1. O



its parents. The absolute validity interval of a data item is pared to throughput-centric algorithms. OD has the worst
taken from the distribution U(0,800) and the unit is ms. Pe- performance under all arrival rates. ODTB excels the other
riodic STs update base items based on theit STs have  updating algorithms in this respect as well. From 15 UTs
higher priority than UTs. per second ODTB lets the most valid UTs to commit and

The execution time of an operation of a transaction is de- during overload (above 45 UTs per second) the difference
termined during run-time by randomly picking a value from is in the order of thousands committed UTs or more than
the distribution N¢,2.5) until a value in the interval (0,10] @ 50% increase in number of committed UTs. The consis-
is achieved for UTs and TUs; STs always have an executiontency. i.e., the ratio of number of valid committed UTs and
time of 1 ms. The average execution tira®f an opera- ~ committed UTs (the ratio of values in figure 7(b) and figure
tion is randomly determined at initialization of the datsa  7(2)). is highest for ODDFT with a ratio of 0.85. Executing

and is in the range (0,10] ms for UTs and TUs. UTs without any updates give the worst consistency and for
throughput-centric algorithms (ODKB and ODKW) the

The random ex ion tim f rations (r n
e random execution times of operations (read a dratio is 0.60-0.70, whereas for ODTB the ratio is 0.70.

write) models the EECU software well, since differ- >
The results of comparing ODTB to ODDECT and

ent branches in a calculation can give rise to different > .
execution times. The randomly generated data depenOPKB-C are in figure 8. Both value domain based up-

dency graph might not fully resemble a data dependencydating algorithms (ODDFIC and ODKBEC) can now let

graph in an EECU software. Further, the uniform proba- MO'€ UTs commit at hi.gh load. This is becal,!se many of
bility for a UT to derive any derived data item might not (€ updates can be skipped because executing them pro-

be correct for an EECU software. but we think the sim- duces only the same result as the one already stored in the
ulator gives an accurate enough simulation platform for database, i.e., unnecessary updates are skipped. The to-

results to also apply to an EECU. This is confirmed by re- (@l load on the system is thus decreased.

sults from two transient and steady state experiments. One _From figure 8 we see that ODKB lets slightly more
in section 5.2 for an EECU, and one in [7] simulating us- UTS commit than ODTB, but more UTs are valid for

ing the same simulator and settings as in this work. Both O©DTB. ODTB also has more valid committed UTs than

results show a clear reduction of number of generated trig-OPDFT-C. This is possible because ODTB checks for up-
gered updates at a steady state. dates top-bottom and can therefore distinguish needed

Figure 7(a) shows the total number of committed UTs updates from unnecessary updates.
Within their deadlines for value domain basc_ed updating al- 52 Transient and Steady States in EECU
gorithms (ODKBYV, ODDFT, and ODTB), time domain
based updating algorithms (OD and ODKB), and without ~ In many cases an embedded and real-time system is in-
updates. In this experiment, the algorithms OD, ODKB, stalled in a dynamically changing environment meaning
ODKB._V, and ODDFT have no relevance check and, thus, that the system has to respond to these changes. Since tasks
try to execute as many of the updates as possible everise data that should be fresh, state changes in the environ-
though some of them might be unnecessary. The total num-ment also affects the need to update data. This experiment
ber of transactions executed by the system is the lowest postreats steady and transient states and the number of rdquire
sible when no triggered updates are generated. At aroundipdates in each state. The number of updates is contrasted
45 UTs per second the system becomes overloaded sinc@etween an updating algorithm using value domain for data
the number of committed UTs stagnates when no updatedreshness and periodic updates, i.e., time domain for data
are generated. ODDFT and OD are consistency-centric andreshness.
generate more updates than the throughput-centric ODKB We evaluate the algorithms on the EECU using the im-
and ODKB.V. That can be seen in figure 7(a) where ODKB plementation of a database system. In the performance eval-
and ODKBV have nearly as many committed UTs as uations, we use the engine simulator to adjust engine speed.
when no updates are generated while ODDFT and OD letThe EECU reacts upon the sensor signals as if it controlled
a smaller amount of UTs to commit. The load on the sys- a real engine. The performance evaluation shows how the
tem can be decreased by using ODTB since it lets unnec-updating algorithms react on state changes (transient and
essary updates and UTs to be skipped. The value stored irsteady states).
the database can be used without recalculating it. Thiss, thi  The derived data item TOTALMULFAC is requested pe-
enables resources to be reallocated to other tasks, eg., thriodically by a task in the EECU software. The request is
diagnosis application of an EECU. Figure 7(b) shows the transformed into a UT that arrives to the database system
number of committed UTs that are valid, i.e., the data item (see figure 3). All calculations on data items in the database
that the transaction writes has no updated ancestor at comproduce deterministic results, i.e., the same result isyggw
mit time that affects the value of the data item. ODDFT lets produced given the same input. Moreover, small changes in
more valid UTs to commit up to 45 UTs per second com- values of data items do not affect the result on derived data
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Figure 8. Consistency and throughput of UTs with a relevancy control on ODDFT and ODKB _V.

items. Hence, one of the updating algorithms using valuein the database can be used immediately (e.g., the steady
domain for data freshness should be feasible to use in thisstate in the time interval 2-7). Hence, during a steady state
setting. ODTB is used in the EECU software, i.e., relevance a considerable amount of requests can be skipped. Notice
checks are done if calculations are needed. also that the data validity bounds allow the database system
) to accept a stored value if changes to the engine speed are
Recalculations of TOTALMULFAC are needed whenthe g (in this caset50 rpm). This can be seen in the time
engine speed changes. Figure 9 shows how the requestseryal 17-22, where the small changes in engine speed do
for calculations are serviced only when the system is in ot result in recalculations of the TOTALMULFAC vari-

a transient state, i.e., when the engine speed is changingap|e_ The number of serviced requests does not increase in
The plots in the bottom graph are cumulative number of re- s interval.

quests. The number of requests is increasing linearly since

the requests are peri_odie (remember that _aII time-_bese 3. Overhead in EECU

tasks are executed with fixed periods) and in the original

EECU software each such request is processed. However, The memory overhead for storing the pregenerated
when using ODTB only some of the requests need to be pro-schedule is low. For instance, the schedule in figure 5 con-
cessed. The number of serviced requests shows how mangists of 9 elements and a schedule for 150 data items (the
of the requests need to be processed. In steady states, norggaph used in section 5.1) consists of 246 elements. In-
of the requests need to be processed, and the stored valuguding execution times for each data item in the sched-



data item and one that indicates that none of the parents are
changed. These two markings are a combination of the sec-
ond step of the updating scheme from section 3.4 and 4.2.
Hence, more time is spent marking data items when they
change, but when data items do not change a fresh data item
can immediately be detected.

The performance evaluation on the EECU also indicates
that the extra processing time due to the added functional-
ity imposed on the system is acceptably low, as the opera-
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6. Related Work

In order to utilize the CPU resource as efficient as pos-
sible unnecessary updates must be avoided. Fixed updat-
ing schedules as in [12, 16, 9] cannot achieve this. Ham-
daoui and Ramanathan introduded, k)-firm deadlines in

L - - ) [8], wherem deadlines out ok consecutive invocations of
fme 015 a task have to be met. A task invocation can be skipped dur-
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Figure 9. Number of requests of calculation ing an overload to increase the possibility for tasks to meet
of fuel compensation factor in EECU. m out of k invocations. However, tasks that update data can-

not be skipped as is possible with ODDEJ, ODKB_C,
and ODTB when data values are unchanged.

ule, 18 and 492 bytes of memory is needed respectively to  Another technique for skipping calculations is impre-
store the schedules. However, in the worst case, the schedeise computations [13], where computations are split into
ule takes exponential amount of memory since a grapha mandatory part and an optional part. The optional part
can be constructed that contains a node that ODDFT vis-can be skipped and the task produces an approximate result.
its an exponential amount of times, but for practical exam- In the case of overload, optional parts can be skipped and
ples the size is linear in the size of the graph. In the databas freed CPU resources are used to complete as many manda-
implementation, 500 bytes of flash memory is used to rep-tory tasks as possible. ODKB, ODDFT.C, and ODTB
resent the schedule and data relationships, and 1.5 Kb okip calculations based on the staleness of a data value. No
RAM for data items, meta-information, queues for EDF approximate results are produced, and calculations can be
and CC, and statistics. The code size is 10 Kb and 8 Kbskipped at steady states.
for the database system and Rubus respectively. Mem- A freshness concept is introduced in [11], where a sim-
ory pools for database functions, mutexes, stacks for theilarity relation is used to define freshness in the value do-
periodic tasks take 19 Kb of RAM. main. The similarity relation states that a read operation

The algorithm ODTB traverses a pregenerated schedulecan use a stored value as long as a concurrent write of the
top-bottom and if a stale data item is found the remaining data item writes a similar value. A time interval, similgrit
part of the schedule is put in a schedule of updates. Some obound, is introduced where all accesses to a data item within
these items might be fresh and unrelated to the found stalethis similarity bound are similar. Hence, the data fresknes
data item, i.e., they are unnecessary updates. Duplichtes dis in practice defined in the time domain. Wedde et al. uses
a data item can be placed in the schedule. Checks for devalidity bounds in [15]. Base items are updated continu-
tecting these two issues can be added to the algorithm bubusly and a data manager marks transactions based on va-
this is not done in this work since the overhead should belidity bounds in a fixed schedule. Marked transactions are
kept as low as possible in an EECU. executed. However, a decision whether a UT can be ser-

ODTB takes the longest time to execute when none of viced within its deadline cannot be made as in this work.
the data items in the schedule is stale. One way to address Kao et al. define data freshness in the time domain for
this is to have twa:hanged flags, one that indicates a stale discrete data items [10]. Absolute and relative systems are
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