Sensors – the Eyes and Ears of Ship Automation
Shouldn’t their health be as important as your engine’s?

If your vision or hearing became impaired, it would definitely change the way you interpret and

interact with the world. Sensors are the eyes and ears of your automation. Their health (i.e.
accuracy and reliability) is essential to all shipboard monitoring and control functions that
require reliable data to synthesize decisions, which pretty much includes everything. What is
surprising is that, even with this critical role in machinery control, sensor health has received
scant attention in the marine industry. In fact, they represent the weak link in modern automation
and control systems, from both a safety and a health monitoring perspective.
In this two-part series, we are going to present some real-world data from modern ships that
demonstrate the magnitude of the sensor reliability problem prevalent in the world fleets today.
This may be, in fact, the only marine data publically available on the subject. Even though a bad
sensor can cripple a control system, remediation strategies adopted by other industries, such as
physical or analytical redundancy, have yet to be incorporated into ship machinery control
systems. In the context of machinery health monitoring, if we can’t trust what the sensors are
telling us, it’s impossible to assess the health of the equipment being monitoring. Sensor health
monitoring and diagnostics should be first on the list of CBM targeted-items, but unfortunately
never makes the list at all. Sensors should be treated the same as any other critical equipment
whose health we wish to maintain.
In Part 1 of this series, we looked at some real-world examples of sensor
problems from data collected aboard ships with our DEXTER system
installed.
In Part 2 we present a potential solution to the sensor problem through
advanced research involving two multivariate machine learning
algorithms, nonlinear state estimation and support vector machines, both
applicable to shipboard sensor diagnostics.
Our hope is that the next generation of microprocessor-based shipboard
machinery control systems will incorporate these or similar algorithms for
real-time sensor diagnostics and accommodation (software-generated
signals used as substitutes for failed sensors).
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Part 2 – Multivariate Techniques for Sensor Diagnostics

Multivariate

machine learning systems represent a key enabling technology for future
autonomous ships and underwater vessels. Platform survivability under system failure
conditions, whether due to battle damage or other causes, means being able to automatically
redistribute electrical power to where it is needed. Power redistribution will be accomplished by
intelligent controllers that implement both self-healing and reconfiguration algorithms. However,
in order for the intelligent controllers to make their power switching decisions, they will require
health status information from the devices which they control so that they can determine feasible
routing solutions. Sensors play a critical role as information sources and must be trustworthy;
hence sensor health monitoring is an important enabling technology in its own right.
Our research examines two machine learning technologies suitable for automated device model
synthesis that can readily be applied for model-based diagnostics of shipboard electrical and
mechanical systems. These techniques exploit multivariate relationships between various system
sensor measurements as a basis of detecting and generating estimates for failed sensors within
those systems. These techniques automatically learn the underlying relationships between system
measurements and mathematically quantify those relationships as part of the model synthesis
process. The synthesized models are then applied to both sensor diagnostics and device
diagnostics.
Our research focused on two specific multivariate machine learning techniques:
•
•

Nonlinear State Estimation Technique (NSET), and
Support Vector Machine Regression (SVMR).

Experimentation involved the synthesis of gas turbine engine performance models using actual
data acquired from a ship’s GE LM2500 main propulsion gas turbine engine. These techniques
are applicable to any type of device diagnostics.

Exploiting Correlation Relationships in Sensor Data

Typical device models used in diagnostic systems are often two dimensional, expressing a

dependent variable (e.g. pressure or temperature) as a function of a single independent variable
(e.g. engine load). These simple models are vulnerable to individual sensor failures. They
typically ignore other correlated relationships that exist between device performance parameters
that can be exploited to improve the accuracy of the model estimates. Multivariate modeling
approaches take advantage of correlation relationships between salient system measurements and
provide a basis for robust sensor and system diagnostics.
By exploiting correlation relationships amongst sensors, multivariate system models can
generate analytically derived sensor estimates (soft sensors) for any sensor based on its
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correlated measurements. The model-derived estimates can be continually compared to measured
values to detect sensor failures. Furthermore, the model estimates can be substituted for the
failed measurements to allow machinery control systems to continue functioning.
Nonlinear State Estimation Technique (NSET)
The Nonlinear State Estimation Technique (NSET) is a statistical modeling technique that learns
a high fidelity model of a system from a sample of its normal operating data. The resulting
software model provides an estimate for each observed signal given a new data observation from
the plant. Each estimated signal is compared to its corresponding measured value using a fault
detection procedure to statistically determine whether the actual signal agrees with the learned
model. Statistically significant differences are indicative of a process anomaly, sensor failure, or
equipment problem. NSET allows a diagnostic model of the machinery plant to be developed
using actual data sets as learned examples of the multivariate parametric relationships.
NSET is a generalization of least-squares minimization of the multiple regression equation, with
strong foundations in statistical pattern recognition. Both NSET and multiple regression use
similarity operators to compare new plant observations to a set of prototype measurements
supplied from training data. The comparison process generates a weight vector that is used to
calculate a weighted sum of the prototype vectors that estimates the true process values. The
techniques vary in the form of the similarity function used: multiple regression uses the matrix
dot product operator, while NSET can employ a variety of different similarity operators.
NSET can be applied as an auto-associative model, reproducing an estimate of each of a set of
measured signals that are provided as inputs to the model. The training is single-pass and
consists of basic matrix operations such as multiplication and inversion. A prototype
measurement matrix must be carefully constructed to include a limited number of measurement
patterns that compactly represent the entire dynamic range of previously observed system states.
These patterns are typically selected by some type of statistical clustering data analysis
technique.
NSET Derivation as a Generalization of the Multiple Regression Model
Define A as the prototype measurement (“process memory”) matrix containing column-wise
prototype measurement vectors, where the number of columns is equal to the number of
observations and the number of rows is equal to the number of sensors.
Define w as a vector of weights for averaging A to provide the estimated state y ' as follows:
y' = A • w

(1)

Define Ε as the difference between an observed state y and the estimated state y ' . Then:
Ε = y − y' = y − A • w

(2)
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The least-squares solution to the minimization of Ε yields the following expression for w :

(

w = AT • A

) • (A
−1

T

•y

)

(3)

The “recognition matrix”, defined as (AT • A) , may not have an inverse, which is a primary
drawback of the regression approach. NSET avoids this issue by applying nonlinear operators
instead of the matrix multiplication.
NSET generalizes multiple regression by replacing the dot product similarity operator with the
generic solution to the regression equation as follows:

(

w = AT Θ A

) • (A
−1

T

Θy

)

(4)

where Θ represents any appropriate similarity or difference operator applied to matrices.
The nonlinear operator Θ is the core of the NSET technique, as it makes the recognition matrix
represented by (AT Θ A) invertible.
NSET can use any similarity operators, which, in more general terms, are referred to as kernel
functions. Some example operators include the following:
Relative Entropy: requires y > 0
f ( x, y ) =

M
1
xm log( y m )
∑
M log(M ) m=1

(5)

Euclidean Distance:
f ( x, y ) =

M

∑ (x
m =1

m

− ym ) 2

(6)

Gaussian Radial Basis:

 M
 ∑ ( xm − y m ) 2 

f ( x, y ) = exp − m=1


2δ 2





(7)
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Exponential Gaussian Radial Basis:



f ( x, y ) = exp −




M


− ym ) 2 


2δ 2




∑(x
m =1

m

(8)

Many other non-linear operators, such as multi-layer perceptrons, Fourier series, spline
functions, etc. are possible. In general, these kernel functions serve to map a nonlinear input
space to a linear feature space.
NSET can function as an auto-associative model, reproducing an estimate of each of a set of
measured signals that are provided as inputs to the model. The prototype measurement matrix
must be carefully constructed to include a limited number of measurement patterns that
compactly represent the entire dynamic range of previously observed system states.
Handling Large Training Datasets
The recognition matrix defined by (AT Θ A) is sized according to the number of training data
samples (M X M). For realistic data sets typically collected aboard ships, the memory
requirements for a recognition matrix necessary to cover the full dynamic range of the machinery
plants may exceed onboard computer resources. For example, the recognition matrix for the full
26,000+ record gas turbine test data set used here would require approximately 2.7GB of
memory. Modeling each of the four gas turbines on the test vessel will require four times this
amount of memory. NSET memory requirements are independent of kernel function selection.
This problem has directed our research to investigate alternative methods and techniques more
suitable for large data sets.
Support Vector Machine (SVM) Regression
Support Vector Machine Regression (SVMR) formulates the modeling problem as non-linear,
constrained optimization. Its primary advantages include:
•
•
•
•

Ability to handle large data sets,
Minimal memory requirements,
Fast analytical solution (no matrix inversion), and
Minimizes ad-hoc redesign of the learning algorithm for each application.

In SVMR, the modeling problem is formulated as a constrained optimization problem using the
dual Lagrangian form. The objective function takes the general form:

1 M M
L p (λ ) = ε ∑ λi − ∑ λi y i + ∑∑ λi λ j K i , j
2 i =1 j =1
i =1
i =1
M

M

(9)
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The model output then becomes:
M

f ( x, λ ) = ∑ λi K ( xi , x) + λ0

(10)

i =1

where K ( ) = kernel function and λi = Lagrange multipliers.
The linear constraint applies to the Lagrange multipliers:
M

∑λ
i =1

i

=0

(11)

The following constraint also applies:
− C ≤ λi ≤ C , ∀ i

(12)

where C = model parameter.
A particularly efficient implementation of this technique is called Sequential Minimal
Optimization (SMO). Model synthesis is formulated as a constrained optimization problem using
the dual Lagrangian form. The SMO technique repeatedly finds two Lagrange multipliers that
can be optimized with respect to each other and analytically computes the optimal model weight
adjustments for the two. When no two Lagrange multipliers can be optimized, then the
optimization problem has been solved. SMO consists of two parts:
•
•

a set of heuristics for efficiently choosing pairs of Lagrange multipliers to optimize, and
the analytical solution to a quadratic programming problem of size two.

SVMR model performance is impacted by three parameters:
• Kernel function and its attributes,
• Insensitivity zone (ε), and
• Lagrange multiplier upper bound (C).
Kernel functions serve to map a nonlinear input space into a linear feature space. The specific
function used here was the Gaussian Radial Basis function, defined as:

 M
 ∑ ( xm − y m ) 2 

f ( x, y ) = exp − m=1


2δ 2





(13)
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A single free parameter, δ , representing the variation in the multivariate data distribution, must
be specified for this kernel.
SVMR considers approximating functions of the form of equation (10):
M

f ( x, λ ) = ∑ λi K ( xi , x) + λ0
i =1

Equation (10) is an SVMR model where M is the number of Support Vectors (SVs). In the case
of SVM regression, a linear loss function with ε-insensitivity zone can be used as a measure of
the error of approximation:

y − f ( x, λ ) = 0 if y − f (x, λ ) ≤ ε , otherwise
y − f ( x, λ ) = y − f (x, λ ) − ε

(14)

Thus, the loss is equal to zero if the difference between the predicted and the measured value is
less than ε. The ε-insensitivity loss function (14) defines an ε-tube. If the predicted value is
within the tube then the error is zero. For all other predicted points outside the tube, the error
equals the difference between the predicted value and the radius ε of the tube. Figure 1 illustrates
how ε impacts the accuracy of the SVMR model (solid line).

Figure 1 – ε-Insensitive Zone Around SVMR Model
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The parameter ε affects the number of support vectors, so both the complexity and the
generalization capability of the SVMR depend on its value. Selecting a fixed value can be useful
if the desired accuracy of the approximation can be specified in advance. In general, increasing ε
reduces the accuracy of approximation and decreases the number of SVs. If ε =0, then overfitting of the model to the data will occur, accompanied by a large number of SVs.
The SVMR parameter C, sometimes referred to as the penalty parameter, determines the tradeoff between the training error and the dimension of the model. There is some debate in the
literature over how C (and ε) should be established. However, as indicated by equation (12), its
value establishes boundary constraints for the Lagrange multipliers. If the value of C is too
small, the Lagrange multipliers will be clipped and set equal to the boundary established by C.
The methodology for establishing both ε and C are beyond the scope of this paper.

Model Synthesis Experimental Results

This section presents the results of multivariate modeling experiments using the NSET and
SVMR techniques. A data set collected from a GE LM2500 ship propulsion gas turbine engine
was used for evaluating the two multivariate modeling techniques. The data set contained 26,350
records archived at approximately once per minute aboard a customer ship. This data set was
segmented into “training” and “testing” data sets as follows:
•
•

Training Data (1,000 records)
Testing Data (10,000 records)

The Training Data was used for model development/synthesis, while the Testing Data was used
to assess the accuracy of the models (validation). Figure 2 illustrates the separation of the two
data sets through a plot of the engine’s load profile.

Figure
2 – Training
TestingData
Data
Figure
5 – Trainingand
and Testing
SetsSets
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Engine Variable Selection Through Correlation Analysis
The data elements listed in Table 1 were available for gas turbine model building. The NSET
technique requires the use of data sets containing strongly correlated parameters in constructing
the “process memory” matrices. A correlation analysis was performed on the data elements of
Table 1 for the full 26,350-record data set. Variables that were intercorrelated at 70% and above
were selected for initial model inclusion. Table 2 below lists the nineteen selected variables.
Data Scaling
Since the ranges of the measured engine parameters vary significantly, it was necessary to scale
the data prior to input for model synthesis. For this analysis, all engine measurements were
scaled into standard normal deviates (mean = 0, variance = 1) according to the following:
z i, j =

xi − xi , j

δi

where xi and δ i are the mean and standard deviation of input engine variable i.
Table 1 - Gas Turbine Engine Data
INLET AIR TOTAL PRESS
COMP DISCH STATIC PRESS
PT INLET TOTAL PRESS
OUTPUT TORQUE
OUTPUT HORSEPOWER
LUBO SPLY PRESS
FUEL MANIFOLD PRESS
PT INLET TEMP
GAS GEN SPEED
PT SPEED
FUEL FILTER DP
GG VIB AT GG FREQ
GG VIB AT PT FREQ
PT VIB AT GG FREQ
PT VIB AT PT FREQ
LUBO CLR DISCH TEMP
LUBO SUPPLY FLTR DP
LUBO SUMP A TEMP
LUBO SUMP B TEMP
LUBO SUMP C TEMP
LUBO SUMP D TEMP
LUBO SUMP GRBX TEMP
LUBO SCAV PRESS
CLG AIR OUTLET TEMP
PLA POSITION
THROTTLE INPUT COMMAND
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Table 2 – Selected Gas Turbine Variables for Model Inclusion
ID #
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19

GT Engine Parameter
COMP DISCH STATIC PRESS
PT INLET TOTAL PRESS
OUTPUT TORQUE
OUTPUT HORSEPOWER
LUBO SPLY PRESS
FUEL MANIFOLD PRESS
PT INLET TEMP
GAS GEN SPEED
PT SPEED
FUEL FILTER DP
LUBO CLR DISCH TEMP
LUBO SUMP A TEMP
LUBO SUMP B TEMP
LUBO SUMP C TEMP
LUBO SUMP D TEMP
LUBO SUMP GRBX TEMP
LUBO SCAV PRESS
PLA POSITION
THROTTLE INPUT COMMAND

NSET Model Synthesis
The NSET kernel function used for non-linear feature transformation was the Gaussian radial
basis function (RBF) previously given in equation (7). This function is first used to compute the
“kernel” matrix, which is equivalent to the recognition matrix represented as (AT Θ A) . The only
free parameter to select is the variance (standard deviation) parameter δ . This parameter is a
means of controlling the “flexibility” of the kernel, with small values risking over-fitting of the
data and large values risking under-fitting. The methodology for establishing δ is beyond the
scope of this paper.
NSET Training Experiments
An NSET model was synthesized for the gas turbine engine Training data set. The model was
subsequently validated against a 10,000 record Testing data set containing historical engine data
from a different time period than the Training data. In all analyses, model error was expressed in
percent as follows:
Error % =

( Actual − Estimate)
Actual

X 100%

The average error of the NSET-generated estimates across all gas turbine parameters was
approximately 1.2%. Figure 3 compares the NSET estimate of compressor discharge pressure
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(CDP) to the actual values recorded. As shown here, the model estimates are generally
indistinguishable from the actual values.
NSET - RBF Kernel, Sigma= sqrt(19), LM2500 GT Dataset: Test10000-1
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Figure 3 – NSET CDP Model (Avg. Error = 1.2%)

As another example, Figure 4 compares NSET estimates of engine torque to the actual values
recorded. This variable had the highest modeling error of all nineteen engine variables, with an
average error of 3.4% across the Testing data set.
Figure 5 summarizes NSET error averaged across the validation data set for all nineteen gas
turbine engine variables of Table 2. As shown here, the majority of the estimates are accurate to
within 1%.
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NSET - RBF Kernel, Sigma= Sqrt(19), LM2500 GT Dataset: Test10000-1
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Figure 4 - NSET Gas Turbine Torque Model (Avg. Error = 3.4%)
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Figure 5 - NSET Average Error Across Validation Data
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Fault Tolerance of NSET Analytical Redundancy
The power of NSET is its use of correlated information in generating system parameter
estimates. In effect, NSET provides high dimensional models that contain large amounts of
redundant information by virtue of the intercorrelations of the modeled parameters. The
technique is useful for sensor diagnostics and recovery by producing analytically redundant
estimates for failed sensors.
Several experiments examined the robustness of the NSET technique to generate accurate
estimates when one or more input sensors fail. The methodology involved using the previously
trained NSET model and various test data sets containing simulated sensor failures. Sensor
failures were simulated by assigning its values to near zero in the test dataset. One parameter,
compressor discharge pressure (CDP), is reported here as a test case. The average error of the
CDP estimate is tracked to determine the fault tolerance of the NSET technique to this sensor
failure.
The test data set consisted of 2000 records extracted from positions 10,000 through 12,000 of the
main gas turbine test data set. Figure 6 shows the NSET model estimate for CDP against the
actual, unfaulted values and represents a baseline for comparison. In this case, the average error
over the test samples is 2.3 %.

NSET - RBF Kernel, Sigma=sqrt(19), LM2500 GT Test-200 Dataset

250

Actual
NSET Model

COMP DISCH PRESS (PSIA)

200

150

100

50

0

0

500

1000
Data Sample

1500

2000

Figure 6 – No Sensor Failures
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Figure 7 shows the NSET-recovered estimates of CDP when the CDP sensor itself fails. Here the
estimate is reconstructed from correlated information provided by the other 18 sensors. In this
case, the average error in the CDP estimate was 9.7%.
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Figure 7 – Recovered Estimate with CDP Sensor Failure

NSET model tends to underestimate the actual sensor values, as can be seen in figure 6. Under
these simulated test conditions, NSET could readily detect a failed sensor but does not appear to
be very robust in reconstructing accurate estimates for sensor failures. This may be the result of
model over-fitting or its auto-associative characteristics. More judicious selection of the training
prototypes may also improve NSET performance.
Support Vector Machine Regression Model Synthesis
For these experiments, the same historical GE LM2500 gas turbine operating data that was used
for NSET model synthesis was also used for SVMR model development. The kernel function
evaluated here was the same Gaussian Radial Basis function as used for NSET model synthesis
(eq. 7).
SVMR with 18 Independent Variables (IVs)
The initial experiments involved regressing Compressor Discharge Pressure (CDP) against the
other 18 monitored gas turbine parameters listed in Table 2. The SVMR was trained on the
Training data set and validated against the Testing data set previously discussed. Figure 8 plots
SVMR model estimates against the actual CDP values from the testing data set. For this run, the
average error was 1.23% across the 10,000 records, similar to the accuracy achieved with NSET.
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SVM - Gaussian Kernel, Sigma=sqrt(19), C= 100, e=0.025, Test10000-1 Dataset
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Figure 8 – 18 IV SVMR Model (Avg. Error =1.23%)
Reduced SVMR Model Size
Similar to NSET, the SVMR model is based on highly correlated input data. It is of interest to
make these models as simple as possible, i.e. use as few independent variables as possible, while
achieving high degrees of predictive accuracy.
A correlation analysis was performed to determine those variables with the highest correlation to
compressor discharge pressure (CDP). An abbreviated set of variables was then selected for
inclusion in the SVMR model. As an experiment, nine variables with .97 or higher correlation
were selected for inclusion in the SVMR model. All other variables were excluded. The 9variable SVM model was then compared to the 18-variable model. The nine included variables
were:
•
•
•
•
•
•
•
•
•

PT INLET TOTAL PRESS (PSIA)
OUTPUT TORQUE (KFLB)
OUTPUT HORSEPOWER (KHP)
LUBE OIL SUPPLY PRESS (PSIG)
FUEL MANIFOLD PRESS (PSIG)
PT INLET TEMP (DEGF)
GAS GEN SPEED (RPM)
PT SPEED (RPM)
FUEL FILTER DP (PSID)
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Using an SVMR model with nine IVs, there is significant improvement in model accuracy over
the 18 IV model. Figure 9 plots estimated versus actual CDP for the test data set. The estimated
values are practically indistinguishable from the actual values, with an average error of only
0.74%.
SVM - Gaussian Kernel, Sigma=sqrt(19), C= 100, e=0.025, Test10000-1 Dataset
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Figure 9 – Nine-variable SVMR Model (Avg. Error =0.74%)

SVMR Model Robustness with Multiple Sensor Failures
It is highly desirable that the model retain its robustness when one or more IV sensor inputs are
missing or corrupted. A specific 9 IV SVMR model was tested against multiple sensor failures.
In this case, a hard sensor failure is simulated by “zeroing out” its values in the test data set. The
test data is then input to the trained SVMR model. The following sensor failure scenarios were
investigated:
1) Single sensor failure (PT Inlet Total Pressure),
2) Two sensor failures (PT Inlet Total Pressure and Gas Generator Speed), and
3) Three sensor failures PT Inlet Total Pressure, Gas Generator Speed, and Torque).
Figure 10 compares the average model estimation error as a function of the number of failed
sensors. With three sensor failures (33% of the IVs), the model appears reasonably robust, with
an average error of less than 5%. Figure 11 shows a plot of model estimates versus measured
CDP from the test data set under the condition of three failed sensors.
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Figure 10– SVMR Model Error (%) vs. Number of Sensor Failures

SVM - Gaussian Kernel, Sigma=sqrt(19), C= 100, e=0.025, Test10000-1 Dataset
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Figure 11 – Nine-variable SVMR Model with 3 Sensor Failures
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Conclusions and Future Research

Our research investigated alternate machine learning methods applicable to building a self-

calibrating, continuous, real-time system that can track machinery behavior over long time
periods, such that both sensor and equipment diagnostics can be implemented with minimal false
alarm rates. Two principal multivariate techniques were investigated; 1) Nonlinear State
Estimation Technique (NSET), and 2) Support Vector Machine Regression (SVMR). The
techniques were evaluated using actual ship test data sets for a typical main propulsion gas
turbine engine used aboard modern naval ships.
NSET uses a variety of similarity operators, referred to as kernel functions. In general, these
kernel functions serve to map a nonlinear input space into a linear feature space, where wellproven statistical techniques can then be applied.
NSET relies on a “hand-crafted” prototype measurement matrix, A , that must be carefully
constructed from a set of measurement patterns compactly representing the dynamic range of the
modeled system. The prototype selection process is difficult to automate. Other problems with
these techniques are the size and inversion of a potentially large “recognition” matrix, R, formed
from the prototype matrix:

(

R = AT Θ A

)

−1

where Θ = similarity operator (kernel).
Since the prototype measurement matrix A contains a number of columns is equal to the number
of training observations and number of rows is equal to the number of sensors in the model, its
size will depend on the number of training data samples. In order to cover the full dynamic range
of the some devices or systems (e.g. ship service power plant), it may be necessary to extend data
acquisition over long time periods, producing very large training data sets. For realistic data sets
being collected aboard modern ships, the recognition matrix memory requirements can easily
exceed computer resources, as well as real-time processing constraints. The inversion of the
recognition matrix also represents another difficult problem.
Support Vector Machine Regression (SVMR) formulates the modeling problem as non-linear,
constrained optimization. A particularly efficient implementation of this technique, Sequential
Minimal Optimization (SMO), analytically computes the optimal model weights to solve the
optimization problem. The technique is fast and memory efficient, two requisite characteristics
for real-time learning. Its other advantages include:
•
•
•
•

Ability to handle large data sets,
Minimal memory requirements,
Fast analytical solution without matrix inversion, and
No “hand-crafting” of training data.
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SVMR model performance is impacted by three parameters:
• Kernel function and its attributes,
• Insensitivity zone (ε), and
• Lagrange multiplier upper bound (C).
Kernel functions serve to map a nonlinear input space into a linear feature space. The selection
of the SVMR parameters for the insensitivity zone (ε) and the Lagrange multiplier upper bound
(C) will influence model accuracy.
The SVMR model appeared to be extremely accurate in estimating test data across the 10,000
record gas turbine engine data set, with typical errors in the 1-2% range. Reducing the number of
independent variables included in the models tended to reduce error even further, indicating that
judicious selection of model variables should be practiced. The technique also appears robust in
the sensor failure scenarios investigated. With three sensor failures (33% of the IVs), the SVMR
model tested had an average error of less than 5%.
The Support Vector Machine Regression technique appears to be a very promising alternative for
multivariate machine learning, automated model synthesis, sensor diagnostics, and data recovery.
However, there are several important research areas worthy of further investigation:
•
•
•
•

transient system modeling with time-delayed inputs,
model independent variable selection using dimensionality reduction
techniques such as Principal Components Analysis,
optimal SVMR model parameter selection using evolutionary computational
techniques, such as swarm intelligence, and
efficient on-line SVMR implementations, e.g. FPGA chips, etc.
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