Characterization of Temporal Sequences in Geophysical Databases*Arie Shoshani1, Preston Holland2, Janet Jacobsen2, Debasis Mitra3Lawrence Berkeley National LaboratoryBerkeley, California 94720________* This work was supported by the Department of Energy Under contract DE-AC03-76SF000981 Information and Computing Science Division2 Earth Sciences Division3 Jackson State University, Mississippi (visited LBNL during summer 1995)AbstractWe examine here a specific scientific application thatdemonstrates the need for temporal concepts familiar tothe scientists. By concentrating on a particular(geophysical data) application, we are able to identify insome detail realistic and useful temporal concepts. Wepropose a framework for the specification of time sequenceproperties and define operators classes. We then work outa case study in detail, and demonstrate the usefulness ofthese properties and operator classes. We conclude withseveral examples of queries over time sequences which arenot typically supported by existing query languages andcommercial database systems.1. IntroductionThere has been a lot of work in the last severalyears on temporal databases, see many references in[1]. There have even been proposals to extend SQLwith temporal features [2]. However, much of thiswork is complex in nature and incorporates conceptsthat are foreign to scientists (such as "valid time" and"transaction time"). We explore in this papertemporal concepts as viewed by scientists. Wechoose a particular discipline, geophysicaldatabases, as a way to concentrate on specific andrealistic needs. However, as will become evident,many of the concepts are not unique to thisapplication, and can be naturally found in otherscientific applications.Temporal sequences and spatial structures arecommon in geophysical databases. They often arisefrom experiments where some agent is injected intoone well or borehole (such as water or radioactivesolution) and measurements of the effect of that aretaken at other boreholes (e.g. measure moisture,radioactive levels). Similarly, such measurementscan arise from other stimulus, such as explosions, orsimply collecting observations of the lithology (rockstructure) of the sub-surface. Measurements areusually taken at regular intervals. Examples oftemporal sequences generated from suchexperiments are shown in figure 1.The first temporal sequence may represent aninjection sequence, such as certain quantities ofwater injected for various length of time. Such asequence can be thought of as "interval data", wherea value is associated with each interval. The timesthat the water is injected are "irregular" in the sensethat water can be injected at any time, not only atequally spaced time units. The value for eachinterval is "piece-wise constant" in this case. Ingeneral the value can be a function over time.The second temporal sequence shown is anexample of a measurement sequence that resultedfrom the injection of water. After some delay fromthe beginning of injection, the measured phenomena(e.g. moisture) starts rising. After the end ofinjection, the level falls, until the next injection. Themeasurements are taken at regular times, and thesequence is considered continuous in the followingsense. A sequence is considered "continuous" ifvalues exist for time points where no measurementswere taken, but their values can be interpolatedfrom neighboring measured values. Typically, allphysical phenomena are naturally continuous. Asan example of a discrete (non-continuous) sequence,consider a temporal sequence of the number ofbooks sold per day. It is generally not possible tointerpolate a value for a particular day from otherdays.The third example is a temporal sequence of thedrift in the measuring device usually collected forcalibration at a later time. A drift in measurementsis common depending on temperature (e.g. daymeasurements vs. night measurements) or otherconditions. Drift data is usually collected at a lowerrate, but is also typically regular and continuous.The fourth example shows a sequence thatrepresents the state of a device. It may be discoveredat a later time that a device was malfunctioning, andthis fact needs to be recorded. Similarly, there maybe periods when the device is replaced, duringwhich time any recorded measurements should beignored (usually low "noise" values). Rather thanstoring this information as textual annotations in the database or recorded by the experimenter in anotebook, one can store it as a sequence with binaryvalues (0, 1 representing "true" or "false"). Theadvantage is that such a sequence can be used by thedatabase to mask the undesired portions of themeasured values. Such a data sequence isconsidered an event binary data, where the valuesassociated are "true" or "false".

Measuring instrument data: regular, continuoustimetimetimetimeMeasuring instrument drift: regular, continuousDevice failure data: irregular, piece-wise binary Event-driven data (e.g. water injection): irregular, piece-wise constant

01Figure 1: typical temporal sequences

Our purpose here is to characterize the propertiesand operations that can meaningfully be applied tosuch temporal sequences. Such operators can applyto a single sequence (such as computing a runningaverage), or between sequences (such as multiplyingtwo sequences for values in each time point). Theproperties described here are based on an earlierpaper [3], but were refined in light of having to dealwith a specific scientific application. Specifically,while in the previous model we defined somegeneral purpose operators, we define here a largerclass of operator types that are meaningful toscientific applications in general, and to geophysicaltemporal sequences in particular. In addition, wefound it necessary to distinguish betweengranularity points and interpolation points of themodel, and that the sequence types need toaccommodate piece-wise-continuous sequences.These are explained in detail in the next sections.2. Temporal featuresAs can be seen from the above examples, there areseveral features that we wish to have thatcharacterize such temporal sequences. A temporalsequence is defined as a sequence of two-tuples {(e1,d1), (e2, d2),... (en, dn)}, where ei’s are existing timevalues and di’s are corresponding data values. Wedefine below the properties of time sequences.2.1 Granularity. Granularity is the smallest unitwhere values can exist. Thus, if a measuring deviceis set to collect values every minute, then thegranularity is 1 minute, whether or not values areactually collected every minute or every severalminutes. The granularity of a sequence has a valueg, and a unit of measurement u, associated with it.The set of all granularity points is referred to as g-points, and the values associated with these pointsg-values. The granularity points are the potentialpoints where data values may be collected. Only theg-points that have actual values collected for themare called "existing" time points, or e-points.2.2 Span. The span of a sequence specifies theextent of valid granularity points. The extent isspecified as the g-values of the beginning and end g-points of the sequence. For example, a span of ameasurement sequence that has a granularity of 10minutes can be 8:00 - 20:30 (hours), meaning thatmeasurements were taken every 10 minutes between8:00 - 20:30.2.3 Regularity. Regularity indicates whetherevery g-point has a data value associated with it. Asequence that is "regular" has no missing data values(we also refer to this as a "dense" sequence). An"irregular" sequence implies that data values aremissing for some of the g-points. Note that irregularsequences must support the concept of a null valuein the sense of "a value does not exist for a particularg-point". No distinction is made for the variousreasons as to why a missing value does not exist(such as "unknown", "cannot exist for this point",etc.)2.4 Density factor. The density factor is ameasure that specifies an approximate percentage ofdata values that exist in a sequence. Obviously aregular sequence is 100% dense, and irregularsequences will have <100%. The importance of thisfactor is for physical organization, where differentmethods may be used to store and access thesequences depending on their density. It is anoptional factor that may be left unspecified.2.5 Type. The type of a sequence characterizesthe behavior of the data points of the sequence. Wefind it useful to distinguish between interpolable types and non-interpolable type. The interpolabletypes we found useful are: continuous, piece-wisecontinuous, and piece-wise constant. The non-interpolable types we found useful are discrete,discrete-binary, and piece-wise binary.The continuous type implies that the data valuesrepresent a differentiable function. The piece-wisecontinuous type permits the description of asequence that is continuous in regions of thesequence (i.e. the function includes discontinuitypoints). The piece-wise constant is a special casewhere the function is constant over each region. Adiscrete sequence indicates that data values can notbe interpolated because it does not make sense to doso for the given application. For example, if thesequence represent times when a device wasreplaced, then the sequence is considered discrete.Finally, a binary sequence has only two possibledata values (0,1). There are two kinds of binarysequences: the piece-wise binary sequence is usefulto represent interval events (such as periods that adevice did not function properly), and the binary-discrete is useful to represent point events (such asdays that the stock market was open or closed).2.6 Interpolation factor. The interpolation factoris a fraction of the granularity size which specifiesthe sequence points for which we wish to interpolatedata values. It is specified as an integer i, where g/iis the size of the fraction. For example, if g=30minutes, and we wish to interpolate to the level of 5minutes, then i=6. We refer to the set of allinterpolation points as the i-points. Note that g-points are time points for which values can exist(measured), while i-points can only be generated byinterpolation. This distinction is very important inscientific applications, because the g-points aredictated by the properties of the measuring devices.2.7 Interpolation rule. For an interpolablesequence type, there might be a default interpolationrule available. Such rules can be incorporated intothe system that support the temporal sequence datatype. In addition, it should be possible for a user toattach a user-defined interpolation rule to asequence. The interpolation rule can be used toallow operations over multiple sequences that havedifferent granularity.2.8 Compound sequences. A sequence iscompound if it is made of multiple sequences, eachwith it’s own properties. The need for this feature isthat some sequences are collected in differentsegments at different granularity rates, and mayhave different types, interpolation factors, etc. foreach segment. The implication of this type is thatoperators over compound sequences will operatepiece-wise on each segment as if it was anindependent sequence.3. Operations over the time domainIt is convenient to categorize operations over thetime domain into 4 classes, as described below. Aswill become evident, the operators are closed in thesense that they have input time sequences and theyproduce output time sequences. Thus, it is possibleto apply these operators repeatedly over the resultsof previous operators. This feature is essential forany powerful query language.3.1 Granularity invariant operations. These areoperations over a time sequence which results inanother time sequence of the same granularity andlife span. Note that we permit the other temporalproperties, regularity and type, to change as a resultof the operation.In general, we include in this category alloperations that act as a "filtering" function over thesequence. For example, a "differentiation function"(i.e. di =(xi+1-xi)/dt) can be thought of as a filteringfunction. Another example is applying aninterpolation function to an irregular sequence andproducing a regular sequence with the samegranularity. Globally useful filtering functionsshould be supported by the system. However, itshould be possible for a user to apply a user definedfiltering operator as well.3.2 Granularity altering operators. Theseoperators also generate a time sequence as anoutput, but alter the granularity of the input timesequence.This category includes statistical operations oversequences of data values. For example, suppose thatwe have a sequence of measurements taken hourly,and we generate another sequence of the dailyaverage value over the hourly values per day. Inthis case the operation generated a sequence whosegranularity is different (day) than that of the inputsequence (hour). Note that in this case the life spanhas not changed, but it is expressed in terms of thenew granularity (i.e. days).A special case of such operators is the generationof a single value for the entire sequence. Rather thanconsidering the result as a scalar, we consider theresult as a sequence with a single point. The reasonis that we preserve the semantic properties of theresult.3.3 Life span altering operations. Operatorsthat fall into this category are operators that select apart of the sequence by some criterion.The criterion may be based on time (between t1and t2), or on value (e.g. value is over x), or onpatterns of values (e.g. monotonically increasing sequence of values). The criteria can in general bequite complicated. Here again, some commoncriteria types can be chosen to be supported. Inaddition, it should be possible to invoke userdefined criteria. We provide several examples ofsuch operations in Section 5.3.4 Operations over two or more sequences.The categories of operations described above all dealwith a single input sequence. In addition to theseoperations, it is necessary to define operationsbetween two or more input sequences whichgenerate a single output sequence. We consideronly those operations which do not alter thegranularity of the resulting sequence. The life spanmay change if it is not identical for the two inputsequences. In case that an operation is needed oversequences of different granularity, then thesesequences need to be transformed into the samegranularity first.An example of an operator over two sequences isthe subtraction of one sequence from another forcorresponding time points (e.g. to remove drift ofthe measuring device). Other examples may involvearithmetic operations or expressions. Here again, itshould be possible to invoke a user defined function.We claim that all the operations that we observedas useful in this application can be expressed as asequence of the above operator types. Wedemonstrate this with examples in Section 5.Therefore, it is only necessary to provide these 4basic operator types and their corresponding syntaxstructures. Furthermore, we believe that this basicoperator types are sufficient for many otherscientific applications.4. A case studyIn this section we describe an actual example ofmeasurement patterns that are found in geophysicalexperiments. Water was injected into a borehole,and measurements of water moisture content weretaken over time in a several adjacent boreholes.. Wedescribe first the patterns in such measurements,and then the implications to the needed sequenceproperties and operators to process such patterns.In figure 2a we show a typical pattern of ameasurement sequence taken over many days in oneof these boreholes. We make several observationsabout such patterns:1) There are discontinuities in the sequence. Thiscomes about because the measuring devices arebattery operated, and need to be replacedperiodically. During these discontinuity periods therecorded measurements are background noise.Sometimes, the researcher may be late in replacing adevice, in which case the measurements areconsidered unreliable. In figure 2a the periodshown between replacement is 12 days, but inpractice it may be longer.2) While each section of measurementcorresponding to a particular device has a fallingtrend, in actuality it has a cyclical pattern to it perday. This is because the measuring devicecharacteristic (and perhaps the flow of water)changes with temperature over a 24 hour period.This can be seen more clearly in Fig 2b which showsthe details over a hourly measurements. Thecyclical pattern repeats over 24 hour period.3) The measurements may have "outliers" ormissing values, as can be seen in Fig 2b for the pointmarked hour 20. This can occur for several reasons,such as a researcher tripping over a wire. Suchoutliers need to be found and removed.

MoistureDays

Moisturehoursxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxx

112241120 2 4 6 8 10 12 ....

Fig 2a: Pattern of measured moisture data over daysFig 2b: Details of pattern of moisture data over hourssections where the measuringdevice was replaced 20

4) In Figure 2a each section of measurements (whichcorrespond to a particular device) may have adifferent base calibration. This is recordedseparately as part of the description of each deviceproperties. In processing a given sequence it isnecessary to normalize the base calibration.In order to process such temporal sequences forfurther analysis, several tasks need to be performed.We delineate these tasks below, which we label T1,T2, etc., and emphasize the time sequence propertiesand operators needed.Task 1) Identifying the valid sections of thetemporal sequences.In order to achieve that, we need to have a timesequence of device replacements corresponding toeach borehole. This is the information entered bythe researcher at the time of device replacement.The sequence simply consists of a device identifierand the time of replacement. This is an example ofan irregular, piece-wise constant sequence, withgranularity of minutes (time of replacement).This sequence is then operated on to produceanother sequence with an hourly granularity, wherethe hour chosen is always the next integral hour.This is an example of a granularity changingoperator, achieved with a simple temporal operator.Since each device can be relied on for a certainperiod of time (12 days in this example) it isnecessary to invalidate any measurements takenafter 12 days and before the next device wasinstalled. Thus, the above sequence needs to beturned into an hourly piece-wise binary sequence,where each segment is 12*24 hours. A gap existsbetween sequences if the installation of a device wasnot done on time (i.e. late by an hour or two). Insome cases, a replacement of a device may havebeen forgotten until the next cycle, perhaps a daylater. To achieve this, a "granularity invariant"operator that takes a piece-wise constant sequenceand turns it into a piece-wise binary sequence,subject to the condition of 12 days valid periods, isneeded.Finally, an operator between the originalsequence and the piece-wise binary sequence needsto be applied to generate a sequence ofmeasurement of valid values. Note that theresulting sequence will end up with valid andinvalid regions, a feature that needs to be supportedby the sequence properties.Task 2) Remove outliersOne method to identify outliers is byinterpolating each value from its neighbors, andcomparing it with the actual value. Such a functioncan be even provided as part of the operationssupported by the system. In this case it was foundthat a more reliable method to identify outliers is bycomparing values at the same time of day oversuccessive days. This is because of the fluctuationsdue to temperature variations over a 24 hour period.This is an example where a user-definedinterpolation function is needed. Because of thespecial nature of such sequences, this "cyclical�interpolation function may be written once andadded to the library of callable interpolationfunctions.Task 3) Correct for base calibrationsIn order to correct for the base calibration of eachdevice, we need to produce a time sequence of thebase values of the device. This sequence can then besubtracted from the actual measurement sequence.The sequence of base values of a device can begenerated from the "time of replacement" timesequence (adjusted to hourly values) mentionedabove. Recall that the values of this sequence werethe identifier numbers of those devices. A separatetable, usually produced at the laboratory, containsthe information on base calibration per device beforeit is deployed (as well as other information, such aswho has done the calibration, and when). It is onlynecessary to replace the identifier numbers with thebase values to generate the time sequence of basevalues. This is an example of a utility that generatestime sequences from ordinary tables, such asrelations.The operation of subtracting the base value timesequence from the measured time sequence is anexample of an operator between two different timesequences. By capturing the semantics of valid andinvalid sections, the details of the operations aretaken care of automatically.Task 4) Generate a smooth sequenceFinally, we may want to generate a smoothfunction for the behavior of the measurements ineach borehole. First, one can use one of manyinterpolation functions (provided in the temporalsequence library) to produce missing values. Then, itis possible to apply a smoothing function (one ofmany filtering functions provided in the library) toremove the fluctuations that repeat every 24 hours.These are examples of the ability to reuse fairlycomplex operators that are provided by a library.While such operators are common in scientificapplications they are not usually provided as part ofa database system library. We make the case here that such libraries are very useful when associatedwith specific data types such as time sequences.Furthermore, such libraries can be specialized forspecific applications, and should be made flexible sothat new operators can be added easily. Because ofperformance reasons it is usually better to supportsuch operators and data types as files systemsoutside the database systems. However, some newdatabase system technology are now designed toincorporate new data types and operators. Theefficiency of such integration will determine theirsuccess for scientific applications.We conclude this section with a discussion of thevalue of time sequence collections (TSCs). Virtually,all the operations described in the tasks above can bedone on the entire collections of time sequences forall the boreholes. Thus, if the boreholes� timesequences were defined as belonging to a collection,TSC1, then all operations such as smoothing andinterpolation can be applied to the entire collection.Further, if all the validity sequences per borehole(mentioned in task 1) were to be defined asbelonging to a collection, TSC2, then the operationsbetween members of TSC1 and TSC2 can be appliedpairwise, borehole by borehole, in a singlespecification. Similarly, the sequences of base valuesof devices (mentioned in task 3), can also be definedas belonging to a collection, TSC3, and thesubtraction of sequences in TSC3 from sequences inTSC1 can be made pairwise, borehole by borehole,in a single specification. This demonstrates thevalue of supporting operations over entire timesequence collections.5. Example queries for geophysicaldatabasesOnce the temporal sequences were processed,various operations over such sequences can beuseful as part of a query and analysis capability. Wepresent here several examples that are useful in thecontext of geophysical applications, in order todemonstrate how those differ from conventionaloperators provided by most query languages.As mentioned above all the example operatorsdiscussed below can be applied to a time sequencecollection (TSC) or operate pairwise between thecorresponding members of two or more TSCs.1. Find time regions where the (absolute) value isgreater than x.This is a very simple and common predicate, butwhen it is applied to a time sequence the result isanother time sequence that is piece-wise binary. The"true" value of the sequence is for the regions wherevalues were over x. Another variation is to producea time sequence that preserves the values that areabove x, in which case the result is a step-wisecontinuous sequence, where the sections below x aremarked as "invalid". An example for the use of thisfunction is in order to find obvious outliers.2. Find the time points where the value is˚y% higher(or lower) from that of a given time point.This is similar to the previous predicate exceptthat the value for the comparison is taken from aspecific time point. This function can be used toidentify an unusual phenomenon we are looking for.When applied over a TSC, one can check if thisphenomenon is consistent over multiple boreholes.3. Find the time points where value is y% higher (orlower) from its preceding point.This example can be used to identify quick rises(or falls) in the measurements, such asdiscontinuities in sequences. The significance of thisexample is that it represents a "running" operation;that is, it is applied to all points of the sequence oneat a time. Variation on this type of operation can beto find points that are y% higher than the average ofthe last 3 points. It can also be used to generate"running averages" (or other "aggregate" functions),such as producing the average of the last n valuesfor each time point.4. Find an extent of length x where the last value isat least y% higher (or lower) than the first value.This is an example that is common in geophysicalapplications. The phenomenon we wish to identifyis a significant rise (or fall) of values over certainperiod of time.5. Generate average value over a set of timesequences.This is an example where an operation is appliedover a set of time sequences, but the operation isapplied to values of the same time points in differentsequences. Such operations are usually "aggregatefunction". For example, generating the average forthe same time point over the entire collection ofborehole time sequences may also identify outliersthat cannot be identified by looking at a singlesequence at a time.6. Find patternsIdentification of certain patterns are veryimportant in scientific applications in general, and ingeophysical applications in particular. Commonneeds for certain pattern identification include,finding rising (falling) patterns, finding peaks or valleys, and finding a rise and a fall within aninterval. Such functions should be provided by thesystem.6. Conclusions and Future WorkOur purpose in this paper is to identify thespecific needs of scientific application in themodeling of properties and the unique operationsover temporal sequences of measurements.Temporal sequences are very common is scientificapplications, but the semantics of these sequencesand the specialized operators over them are not wellunderstood, and certainly not supported incommercial systems available today. A notableexception is the Illustra system [4] that hasintroduced the "time series data blade". However,the emphasis is on business time series applications(such as stock market), and the operations discussedhere are only partially covered by the functionalityof this data blade.We have proposed a framework for thespecification of time sequence properties anddefined operator classes. We then worked out a casestudy in detail, and demonstrated the usefulness ofthese properties and operator classes. We have alsoshown that that there is a need to have an opensystem approach where new (user-defined)operators can be easily added and integrated intothe system.Our purpose in this paper was to identify theneed in this area and to propose a framework. Weplan, within this framework, to develop a syntaxand a language that can support such functionality.References[1] Tansel, A.U. et al, Temporal Databases, TheBenjamin/Cummings Publishing Company,Redwood City, CA., 1993.[2] Snodgrass, R. el al, TSQL2 LanguageSpecification, ACM SIGMOD Record, 32(1), 65-86, March 1994.[3} Segev A., and Shoshani, A., Logical Modeling ofTemporal Databases, in Proceedings of ACMSIGMOD International Conference onManagement of Data, May 1987.[4] Illustra user’s guide, Illustra InformationTechnologies, Oakland, California, 1995.