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The Central IdeaThe Central Idea
Even incomplete observationsEven incomplete observations provideprovide somesome
informationinformation

Globally observable process can be Globally observable process can be 
estimated by sequentially incorporating estimated by sequentially incorporating 
locally unobservable measurementslocally unobservable measurements

SCAAT : SingleSCAAT : Single--ConstraintConstraint--AtAt--AA--Time Time 
approach in an EKF framework.approach in an EKF framework.
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Why SCAATWhy SCAAT ??

Improved AccuracyImproved Accuracy
Simultaneity Assumption avoidedSimultaneity Assumption avoided
Concurrent device Concurrent device autocalibrationautocalibration

Improved estimation rates and latenciesImproved estimation rates and latencies

Simultaneity AssumptionSimultaneity Assumption

Measurements collected sequentially ….Measurements collected sequentially ….
…. but treated as simultaneous for computation.…. but treated as simultaneous for computation.



3

Simultaneity  (Simultaneity  (ContdContd ….)….)
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Simultaneity (some typical numbers)Simultaneity (some typical numbers)

Let, at time of first observationLet, at time of first observation

Then, at time of second observationThen, at time of second observation

Consequently,Consequently,

So, our position estimate would beSo, our position estimate would be

mbmcmf ]2,1[,2.0,035.0 ===
r

mssmyx m 10,/5.0 === τ&&

mtx ]1,1[)( =
r

mtx m ]005.1,005.1[)( =+τr

meumeu 3828.3,3627.3 21 −=−−=

mtx m ]026.1,003.1[)( =+τr



4

Estimation Rates and LatenciesEstimation Rates and Latencies

NyquistNyquist CriterionCriterion
Sampling Frequency > (2 X Target MotionSampling Frequency > (2 X Target Motion BW)BW)

Virtual Environment SystemsVirtual Environment Systems –– Visual Visual 
feedback latencyfeedback latency

SCAAT Helps ….SCAAT Helps ….
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Sequential TrackerSequential Tracker SCAAT trackerSCAAT tracker
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Hybrid Systems and MultiHybrid Systems and Multi--Sensor Data FusionSensor Data Fusion

Sequential Sequential 
SystemsSystems

SCAAT SCAAT 
SystemSystem

AutoCalibrationAutoCalibration

New tracking estimate for each measurementNew tracking estimate for each measurement
Individual device imperfections segregatedIndividual device imperfections segregated



6

SCAAT  DEFINITIONSSCAAT  DEFINITIONS

Process ModelProcess Model

PositionPosition--Velocity (PV) ModelVelocity (PV) Model
Accelerations         modeled as zeroAccelerations         modeled as zero--mean white noise mean white noise 
sources, sources, 

][iη
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Model State and TransitionsModel State and Transitions
InterInter--sample time sample time 

InterInter--state transitionstate transition

Complete target stateComplete target state
nn--element internal state vector  (n = 12)element internal state vector  (n = 12)

44--element external quaternionelement external quaternion
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State Transition Matrix State Transition Matrix 
ImplementsImplements
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Process NoiseProcess Noise

nn dimensional process noise vectordimensional process noise vector
Normal distribution, zeroNormal distribution, zero--mean, white sequencemean, white sequence

Process noise covariance matrixProcess noise covariance matrix
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Measurement ModelMeasurement Model

Predict ideal, noisePredict ideal, noise--free response of each free response of each 
sensorsensor--source pairsource pair

Distinguishes SCAAT Distinguishes SCAAT KalmanKalman filter from filter from 
wellwell--constrained constrained KalmanKalman filterfilter
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SCAAT  MeasurementsSCAAT  Measurements

Pure Sense Pure Sense Single scalar measurementsSingle scalar measurements

Practically   Practically   One multiOne multi--dimensional       dimensional       
constraint per estimateconstraint per estimate

For sensor For sensor σσ,   m,   mσσ––dimensional constraint.dimensional constraint.

Heuristic for Choosing SCAAT MeasurementsHeuristic for Choosing SCAAT Measurements

During each KF measurement update, During each KF measurement update, 
observe single sourceobserve single source--sensor pairsensor pair

Extract one geometric constraint per Extract one geometric constraint per 
observationobservation
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Predicting Measurement from StatePredicting Measurement from State

For some sensor type For some sensor type σσ,,

(camera)vectorparameterSensor:)(
(beacon)vectorparameterSource:)(
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:      :      –– dimensional measurement noise vectordimensional measurement noise vector

:            measurement noise covariance matrix:            measurement noise covariance matrix
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Measurement Measurement JacobianJacobian

Signifies sensitivity of measurementSignifies sensitivity of measurement
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State Error CovarianceState Error Covariance

Reflects filter’s estimate of its own Reflects filter’s estimate of its own 
uncertaintyuncertainty

Error in filter’s state estimate,Error in filter’s state estimate,

State Error Covariance,State Error Covariance,
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SCAAT  ALGORITHMSCAAT  ALGORITHM

Time UpdateTime Update
a prioria priori state and error covariancestate and error covariance
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Time Update (Time Update (ContdContd….)….)

Measurement PredictionMeasurement Prediction
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Measurement ResidualMeasurement Residual
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KalmanKalman GainGain

Weights the residual in correction cycleWeights the residual in correction cycle
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Update the StateUpdate the State
Compute Compute a posterioria posteriori state estimatestate estimate
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Update Error CovarianceUpdate Error Covariance

ComputeCompute a posterioria posteriori error covariance.error covariance.
−−= PKHItP )()(
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Update External QuaternionUpdate External Quaternion

Zero the incremental orientation state elements.Zero the incremental orientation state elements.
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Algorithm SummaryAlgorithm Summary
Given : Initial state estimate, Given : Initial state estimate, 

External Orientation estimate, External Orientation estimate, 
Error Covariance estimate, Error Covariance estimate, PP(0)(0)

For each measurement         from sensor For each measurement         from sensor σσ (and (and 
corresponding source) at time corresponding source) at time tt ::

1. Compute elapsed time1. Compute elapsed time
2. Predict state and error covariance2. Predict state and error covariance
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Algorithm Summary (Algorithm Summary (ContdContd ….)….)
3. Predict measurement and compute 3. Predict measurement and compute JacobianJacobian

4.Compute 4.Compute KalmanKalman gaingain

5. Compute measurement residual5. Compute measurement residual
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Algorithm Summary (Algorithm Summary (ContdContd ….)….)
6. Correct the prediction6. Correct the prediction

7. Update external orientation quaternion7. Update external orientation quaternion

8. Zero incremental orientation state elements8. Zero incremental orientation state elements
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SCAAT  SCAAT  AutoCalibrationAutoCalibration
In effect, a distinct In effect, a distinct device filterdevice filter for each for each 
source or sensor to be calibrated.source or sensor to be calibrated.

Calibrate parameters in        and Calibrate parameters in        and 

Notation :      Notation :      Augmented matrix/vectorAugmented matrix/vector
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Device FiltersDevice Filters
Device parameters : Device parameters : 

1.(a) Allocate     dimensional state vector      for 1.(a) Allocate     dimensional state vector      for 
the device.the device.

(b) Initialize with (b) Initialize with a prioria priori estimates (from design).estimates (from design).

2.(a) Allocate            noise covariance matrix2.(a) Allocate            noise covariance matrix
(b) Initialize with expected parameter variances.(b) Initialize with expected parameter variances.

3.(a) Allocate            error covariance matrix3.(a) Allocate            error covariance matrix
(b) Initialize with level of confidence in 1. above  (b) Initialize with level of confidence in 1. above  
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Revised Tracking AlgorithmRevised Tracking Algorithm
Form augmented state vectorForm augmented state vector

Augmented error covariance matrixAugmented error covariance matrix

State Transition Matrix             Process Noise MatrixState Transition Matrix             Process Noise Matrix
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AutoCalibrationAutoCalibration ((ContdContd ….)….)
Follow the original algorithm.Follow the original algorithm.
Extract and save device filter portions.Extract and save device filter portions.
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Tracking +Tracking + AutocalibrationAutocalibration
AutocalibrationAutocalibration Timing DiagramTiming Diagram

Code Optimization StrategiesCode Optimization Strategies

Small anglesSmall angles

SymmetrySymmetry of  of  

Sparse MatricesSparse Matrices –– and and JacobianJacobian HH

Matrix inversionMatrix inversion –– reduced size of measurement reduced size of measurement 
vectorvector
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Filter StabilityFilter Stability
If there be real numbers               and                   If there be real numbers               and                   
such that for all such that for all kk ≥≥ N,N, for  some  for  some  NN ≥≥ n/mn/m

wherewhere

then the global system given by our dynamic and then the global system given by our dynamic and 
measurement model is uniformly asymptotically measurement model is uniformly asymptotically 
stable.stable.
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Source and Sensor Ordering SchemesSource and Sensor Ordering Schemes

Use a measurement scheduling algorithmUse a measurement scheduling algorithm
Better resource utilizationBetter resource utilization
Monitor and control uncertainty in state    Monitor and control uncertainty in state    

vectorvector

RoundRound--robin implementationrobin implementation
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EXPERIMENTSEXPERIMENTS
ANDAND

SIMULATIONSSIMULATIONS

HiHi--Ball TrackerBall Tracker
InsideInside--out trackingout tracking
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Initialization Initialization –– TrackerTracker
1515--element state vectorelement state vector
State Transition MatrixState Transition Matrix

Main trackerMain tracker filter filter --
Beacon filter        Beacon filter        -- 3 X 3 Identity matrix3 X 3 Identity matrix

Noise Noise covariancescovariances determined offdetermined off--line.line.

Beacon filter state Beacon filter state initialized to (erroneous) initialized to (erroneous) 
position estimates.position estimates.

Beacon Error covariance matrix Beacon Error covariance matrix initialized toinitialized to
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Measurement NoiseMeasurement Noise
Uncertainty in actual camera measurementUncertainty in actual camera measurement

Distance and angleDistance and angle--dependent variance dependent variance 

Use previous positionUse previous position
estimate to computeestimate to compute
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Simulation Simulation -- AccuracyAccuracy

CollinearityCollinearity –– typically typically 
uses N = 10 observations uses N = 10 observations 
per estimate.per estimate.

SCAATSCAAT
Higher update rateHigher update rate
KalmanKalman FilteringFiltering
AutocalibrationAutocalibration

AutocalibrationAutocalibration

Stationary Stationary HiBallHiBall on on 
stable platform.stable platform.
Estimate position with Estimate position with 
overhead beaconsoverhead beacons

Deviation of estimates Deviation of estimates 
with time progressively with time progressively 
decreases once decreases once 
autocalibrationautocalibration turned on.turned on.
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Blocked CamerasBlocked Cameras
OcclusionOcclusion
Camera not facing ceilingCamera not facing ceiling

The Weak Links ….The Weak Links ….
Cold StartCold Start
Initialization to completely erroneous state Initialization to completely erroneous state 
vector sometimes leads to divergence.vector sometimes leads to divergence.
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Thank  You !!Thank  You !!


