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ABSTRACT

Hydraulic actuators are used across the shipping industry and
are installed in various environments performing a wide array
of operations. Their widespread use necessitates a condition-
based maintenance program, ideally utilizing machine learn-
ing models to provide real-time estimates of the health con-
dition, to maintain an acceptable level of fleet readiness. This
paper presents a hydraulic actuator dataset collected from six
industrial actuators under various fault conditions and loads.
The dataset is publicly available for use in other studies. This
paper describes the actuator test stand and provides a series
of baseline machine learning experiments. The numerical
experiments demonstrate that a machine learning model can
identify classes across a range of machine learning problems.
However, these numerical experiments use data from each ac-
tuator during training. The final numerical experiment with-
holds data from individual actuators and fault types during
training. The model is unable to correctly classify the with-
held fault type during this experiment. This presents an op-
portunity for the data set to be used in further research on
generalizing models.

1. INTRODUCTION

Hydraulic actuators are used in many industries including ship-
ping and transportation where they can be installed in harsh
environments on the vessels. Generally in these domains, hy-
draulic actuators are serviced through a time-based-maintenance
(TBM) program. The TBM strategy can also be affected
by the operational aspects, i.e., actuators may only be avail-
able for service when a vessel is in port. This can cause a
sub-optimal maintenance routine where either actuators are
missing scheduled service because the vessel is deployed or
actuators are being serviced at a higher rate than necessary
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because they are in port causing waste in both time and re-
sources. Therefore, it would be beneficial to move towards
a condition-based-maintenance (CBM) program that utilizes
prognostic models to estimate remaining useful life (RUL).
The RUL estimates can be used in conjunction with planned
operational schedules to optimize maintenance planning.

Over the past decade, the field of prognostics and health man-
agement (PHM) has moved from physics-based models to
data-driven models leveraging artificial intelligence and ma-
chine learning (Tsui, Chen, Zhou, Hai, & Wang, 2015; Su-
rucu, Gadsden, & Yawney, 2023; Wen, Rahman, Xu, & Tseng,
2022). Supervised learning is one method to train deep neu-
ral networks for classification or regression operations and
require large sets of accurately labeled data. Deep neural net-
works are the basis for most state-of-the-art machine learn-
ing and beginning to play a prominent role in PHM systems
(Fink et al., 2020; Rezaeianjouybari & Shang, 2020). While
this fact has lead to a number of benchmark data sets being
publicly released (Helwig, Pignanelli, & Schiitze, 2015; Less-
meier, Kimotho, Zimmer, & Sextro, 2016; Saxena & Goebel,
2008; Saxena, Goebel, Simon, & Eklund, 2008), there are
limitations to any static data set. In order to move a predic-
tive model from a laboratory setting to an operational setting,
the model must be able to perform in a wide range of states
including new damage cases and generalizing to various sys-
tems, installations, and operating environments. For example,
the same type of hydraulic actuator could be used for different
functions across a vessel and models may not be able to gen-
eralize across this functionality. Furthermore, models must be
robust to changes in the system over time stemming from both
natural causes (e.g., natural wear to a system as it ages that
can not be alleviated through maintenance) and interaction
with the system (e.g., performing maintenance activities may
change the physical characteristics of the system that could
be detected by machine learning models).

There is a need to study the ability for machine learning PHM
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models to generalize across systems and operating environ-
ments. To this end, we have collected a data set from a test
stand containing six industrial hydraulic actuators under op-
erating states and damage conditions. This study contains
benchmarks for performance under various training condi-
tions to test generalization capability. These numerical exper-
iments demonstrate that standard training procedures do not
produce models that generalize to different actuators. The ob-
jective of this data set is to provide researchers with a means
to study and develop models and algorithms that can adapt to
various operating states as well as damage conditions. The
data set and the code for the benchmark experiments are pub-
licly available on the Virginia Tech National Security Institute
github!. There are numerous condition monitoring data sets
that contain multiple damage conditions and operating states,
however most of these are focused on rolling element bear-
ings for rotating equipment (Neupane & Seok, 2020).

This paper is organized as follows. Section 2 provides a brief
review of the literature on PHM approaches for hydraulic ac-
tuators. Section 3 describes the test stand and the collected
data set. Section 4 outlines the general machine learning
problem for condition monitoring. The benchmark numeri-
cal experiments are outlined in Section 5, and we provide our
conclusions in Section 6.

2. BACKGROUND

There is an abundance of work investigating the use of artifi-
cial intelligence and machine learning for PHM on hydraulic
actuators. In the first of a series of studies, a hydraulic actu-
ator test stand was constructed to produce data over common
fault conditions (Adams et al., 2016) including valve leaks
and external loads. The objective in this initial study was to
characterize the trade-off between model complexity (compu-
tation time is used as a surrogate for model complexity) and
performance. Model complexity is important when attempt-
ing to deploy the models to the edge, i.e., local compute on
the actuator. Successfully deploying a model at the edge re-
quires engineering decisions around several factors including
power consumption and memory usage. Some of the practi-
cal aspects of this problem were studied in (Farinholt et al.,
2018).

Feature selection is a machine learning technique that esti-
mates the relevance of features to a learning problem (Adams
& Beling, 2019). Feature extraction or transformation tech-
niques project the feature set into a new lower-dimension fea-
ture space. Both strategies could be used to reduce the feature
set and input space of a model and help reduce the complex-
ity. Feature selection and feature extraction were evaluated
on the hydraulic actuator problem (Adams et al., 2017). To
further develop this concept and improve system design, a
method for feature selection that incorporates the cost of the

Yhttps : //github.com /vtnsi/actuator_dataset

features was developed and evaluated on the hydraulic actua-
tor data and other problems (Meekins et al., 2018; Meekins,
Adams, Farinholt, Polter, & Beling, 2020).

Hierarchical classification organizes classes into a hierarchy
and is especially suited for CBM tasks. In a general fault
classification task where each fault can have varying degrees
of severity, the first layer of the hierarchy is damage detec-
tion (a binary problem to determine if a fault is present in
the system). The next layer is damage classification, and the
third layer is severity estimation. This hierarchical formula-
tion was applied to the hydraulic actuator problem (Adams et
al., 2019). The hierarchical formulation was demonstrated to
have several advantages over the standard flat classification
problem. First, hierarchical performance metrics can provide
a better characterization of the usefulness of the system in an
operational setting where it is better to be closer in the hierar-
chy. For example, it is better to predict the correct fault type
but be incorrect in the fault severity than predict the wrong
fault type and severity. A standard flat classification would
treat each prediction as equally incorrect. Second, different
classifiers can be utilized at each node in the hierarchy. This
can reduce the total complexity and power consumption of
the system. For example, a simple model can be used at the
first level for the fault detection problem. When a fault is de-
tected, more complex models can be utilized. Furthermore, a
different feature set or a different set of sensors could be used
to estimate the fault type. Third, non-mandatory leaf node
prediction can be implemented in order to stop the classifier
to moving to lower parts of the hierarchy if it is uncertain
about a prediction, e.g., only predicting the fault type if un-
certain about the fault severity. In a following study, it was
demonstrated that this hierarchical formulation performs bet-
ter than standard classifiers when faults classes are excluded
from the training set (Adams, Cody, Beling, Polter, & Farin-
holt, 2020).

Non-stationarity is another concern when designing data-driven
PHM models. Changes in the distribution of collected fea-
tures can cause a degradation in model performance. Transfer
learning (Pan & Yang, 2009) is one technique for address-
ing non-stationarity in Al-enabled systems. Sample trans-
fer has been applied to the hydraulic actuator problem when
a degradation in model performance was observed after a
maintenance procedure (Cody, Adams, Beling, Polter, et al.,
2019). A systems-theoretic approach to transfer learning was
developed and the concept was applied to the hydraulic ac-
tuator problem (Cody, Adams, & Beling, 2019). Transfer
distance is a concept for measuring the difference between
learning problems and can inform a practitioner on the ability
for transfer learning to be successful. The hydraulic actuator
problem was used as one example in an empirical study of
transfer distance for system design (Cody, Adams, & Beling,
2022). Hydraulic actuators were also used as the motivating
example for a simulation study demonstrating the value of la-
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Figure 1. Equipment layout and pictures of hydraulic rotary actuators tested using Luna’s v3.0 eCBM sensor node.

bels when implementing a PHM system in a production line
(Cody, Adams, Beling, & Freeman, 2022).

3. DATA GENERATION

This section describes the actuator data set and the test stand
used to generate the data set.

3.1. Actuator Teststand

The test stand used in this study was built using a collection
of six 15,000 in Ibf industrial rotary actuators manufactured
by Moog Flo-Tork. The actuators were mounted to extruded
aluminum structural framing fastened to a heavy steel test
platform. Each actuator was actuated independently using
manual and automated modes of operation through a control
system built and programmed by KCF Technologies. These
actuators produce 90 degrees of rotation and are energized by
a small hydraulic power unit that includes a hydraulic pump,
accumulator, and reservoir. Three separate unit assemblies
/ loading conditions are available for testing, including 1) a
2.5” ball valve, 2) a 4” butterfly valve, and 3) an unloaded
state (Figure 1). Hydraulic power was delivered by an elec-
trical pump to precharge a hydraulic accumulator so that the
pump could be turned off during the actuation cycles.

Luna Labs’ eCBM node was used to monitor inlet / outlet
pressure conditions, temperature, position, and acceleration.

The eCBM node was magnetically mounted to the top of
the hydraulic actuator’s steel casing, above the rotating shaft.
Each actuator was run independently using a pair of instru-
mented flex hoses with pressure and temperature transduc-
ers, as well as piezoelectric elements used to trigger data ac-
quisition. The hose assemblies were used for each actuator
throughout the experimental study and provided consistent
sensor measurements from one actuator to the next. The same
rotary potentiometer was used for each of the test actuators,
with shaft mounted adapter disks installed directly to the pin-
ion face using a Loctite 454 superglue gel adhesive.

Luna Labs’ eCBM electronics and associated sensors were
installed and the hoses primed with the hydraulic fluid used
in operation of the test loop. Once lines were filled and bled to
remove entrained air, preliminary measurements were made
to ensure proper operation of the hardware. Once this was
confirmed, data was collected throughout Day 1 for Actuators
1, 3, 4. This provided process and dynamic response data for
one of the healthy baseline assemblies (Actuator 1), one with
internal gear damage (Actuator 3) and one with an internal
seal defect (Actuator 4). Testing on Day 2 involved collecting
a second set of data from Actuator 1, as well as measurements
from the three remaining healthy actuators (Actuators 2, 5,
6). In each case, hydraulic power was provided in a closed
configuration, using the accumulator to energize clockwise
(CW) and counterclockwise (CCW) rotations. The accumu-
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Table 1. Actuator Fault Condition and Load Summary

Equipment | Fault Condition | Load | Cases
Actuator 1 Baseline 4” Butterfly Valve 104
Actuator 2 Baseline 2.5” Ball Valve 105
Actuator 3 | Gear Damage 2.5” Ball Valve 101
Actuator 4 | Seal Damage 4” Butterfly Valve 105
Actuator 5 | Baseline No Load Condition | 106
Actuator 6 | Baseline No Load Condition | 77

Table 2. Sensor Summary

Sensor | Column Name | Description
Acceleration 1 | Accel_1

Acceleration 2 | Accel 2

Acceleration 3 | Accel 3

Angle Angle

Temperature 1 | Temp_1

Temperature 2 | Temp_2

Pressure 1 PG_1

Pressure 2 PG.2

Limit Switch Lim Limit switch

lator was charged to an operating pressure of 1,500 psi and
used to actuate 10-12 cycles before testing was paused and the
accumulator was recharged by the hydraulic pump. The sup-
ply pressure dropped to approximately 1,000 psi over these
10-12 cycles, providing a range of supply pressure levels as
has been done in previous testing by Luna Labs and Moog
(Adams et al., 2016).

3.2. Data Set Description

The data set is composed of examples collected from hy-
draulic actuators in a baseline condition and two faulty con-
ditions - Gear Damage and Seal Damage. The examples are
also collected under varying load conditions. The actuator
number corresponding to the health condition and load are
displayed in Table 1. This table also contains the number of
cases collected from each actuator.

Each case consists of data collected during a clockwise or
counter-clockwise actuation cycle. Each actuation cycle is
approximately one second but data collection lasts for three
seconds to ensure capturing information that may be present
after the actuation cycle. The sampling rate is 1 KHz, and
each sample is collected for three seconds. The sensors and
their descriptions are displayed in Table 2. Figure 2 displays
an example of the collected data under a baseline condition.
Each example is stored in a tab separated text file.

4. MACHINE LEARNING FOR CONDITION MONITOR-
ING

Condition monitoring can be modeled as a binary or multi-
class classification problem where YV = {y1, ..., yc} repre-
sents the set of C' discrete classes corresponding the set of

ADXL1001 monitoring X-axis acceleration

ADXL1001 monitoring Y-axis acceleration

ADXL1001 monitoring Z-axis acceleration

Vishay Rotary potentiometer used to measure angular position
Minco RTD temperature probe (Port 1)

Minco RTD temperature probe (Port 2)

UNIK 5000 pressure transducer (Port 1

UNIK 5000 pressure transducer (Port 2)

health conditions. The objective is to learn a predictive func-
tion f(x) = ¢ that maps inputs x € X to a prediction of the
class label

flx): X =Y. (D

For condition monitoring, the input is generally raw data col-
lected from the system using sensors or features extracted
from the collected signals. Furthermore, collected data and
features can be represented by real values or categorical vari-
ables.

Under the supervised machine learning paradigm, a train-
ing set of N observations {(x1,v1), (z2,¥2), ..., (*N,YN)}
is used to learn model parameters. Unsupervised learning is
a subset of machine learning algorithms that are not provided
labels during training so the training set only consists of the
inputs {x1,xa,...,xx}. Unsupervised learning can be ap-
plied to condition monitoring and other PHM problems when
the collected labels are difficult to collect (Cody, Adams, &
Beling, 2017). When data can only be collected under normal
conditions or when the number of collected fault conditions
is far fewer than the number of collected normal conditions,
condition monitoring can be modeled as an anomaly detec-
tion problem. Anomaly detection is a subfield of machine
learning where ) = {0, 1} representing the normal condition
and the anomaly state, respectively. However, only obser-
vations from the normal condition are used for training the
model {(z1,0), (z2,0), ..., (xn,0)}. One-class support vec-
tor machines have been used for structural health monitoring
(Adams et al., 2018).

The collected data and corresponding labels are critical for
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Figure 2. Examples of sensor data from a baseline condition.

implementing machine learning in a PHM system. How-
ever, a major roadblock to widespread deployment of ma-
chine learning PHM systems is non-stationarity in the sys-
tems being monitored. Shifts in the distribution of data col-
lected from machines can cause a degradation of the perfor-
mance in the PHM system (Cody, Adams, Beling, Polter, et
al., 2019). These shifts in data can be due to natural causes,
such as the natural wear of the machine over time, or due to
intentional intervention with the system, such as the decision
to perform maintenance or operate under a new setting. Fur-
thermore, a classification model is designed assuming a fixed
set of classes. However, collecting data under all possible
fault conditions is impractical, time consuming, and costly.
Machine learning models for PHM must also be able to adapt
to or be robust to fault conditions that are not present in the
training set (Adams et al., 2020).

Transfer learning (Pan & Yang, 2009) is an area of machine
learning that uses information from one problem to improve

the performance of a model on a different but similar prob-
lem. Formally, let D = {X',P(X)} be the domain of a learn-
ing problem where P(X) is the marginal distribution of the
feature space X, and let 7 = {),P(Y'|X)} be the task of a
learning problem where P(Y'| X) is the conditional probabil-
ity distribution of the class ) given X. In transfer learning,
the objective is to use information from the source problem
Ls = {Dgs,Ts} to improve the performance of a machine
learning model in the target problem L7 = {Dr, Tr}. The
source and target can be different under in multiple ways.

The feature space could be different Xg # Xr. An ex-
ample for a condition monitoring problem is different
sensors on different machines.

The class label space could be different Vs # Yr. An
example for a condition monitoring problem is different
fault conditions on different systems.

The marginal and conditional probabilities could be dif-
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Table 3. Model Training Hyperparameters

Parameter | Value
Epochs 100
Batch Size 8
Learning Rate 0.00005

Training Set Proportion 60%
Validation Set Proportion 20%
Test Set Proportion 20%

ferent Pg(X) # Prp(X) or Ps(Y|X) # Pr(Y]X), re-
spectively. An example for a condition monitoring prob-
lem is running two systems at different speeds causing a
difference in the distributions of the collected data.

5. MACHINE LEARNING EXPERIMENTS

This section outlines a basic set of machine learning experi-
ments conducted on the data set described in Section 3.2. It
provides a framework for numerical experiments and a bench-
mark for classification accuracy across multiple classification
problems.

In this section, each actuation cycle is considered as a single
observation, and the objective is to classify the observation.
The input data is treated as a multidimensional time-series
where x has dimensions [N, T, L] where n = 1,...,N in-
dexes the sample, t = 1,...,7T indexes time, and [ = 1, ..., L

indexes the dimension or feature. The label space ) can
change for the different classification problems.

Convolutional layers are used as the backbone of the classifier
(Li, Liu, Yang, Peng, & Zhou, 2021). More specifically, the
model consists of two one-dimensional convolutional layers
and three fully connected layers. Rectified linear unit (ReLU)
activation functions and max pooling are used after each con-
volutional layer. A ReLU activation function is also used af-
ter the first two fully connected layer. A softmax function is
used after the final fully connected layer of the network dur-
ing inference. Figure 3 displays the architecture of the clas-
sifier. A model utilizing long short-term memory (Hochreiter
& Schmidhuber, 1997) layers was also tested but yielded poor
results on many of the classification problems. The following
experiments use all of the collected data as features for the
classifier L = 9.

The model was trained for 100 epochs using a batch size of 8
and a learning rate of 5 x 107°. 60% of the data is used for
training the model, and 20% of the data is used to calculate
validation loss in order to detect over fitting. The remaining
20% is used for evaluating the model. The hyperparameters
for the numerical experiments are displayed in Table 3. The
hyperparameters were selected through trial and error exper-
imentation. Future work using this data set could explore op-
timal hyperparameter selection. The training, validation, and
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Table 4. Class label for each actuator under each classification problem.

Actuator Damage Damage Load Actuator New
Detection | Classification | Classification | Classification | Condition

I Undamaged | Undamaged Butterfly Actl Undamaged
2 Undamaged | Undamaged Ball Act2 Undamaged
3 Damaged | Gear Damage Ball Act3 Damaged
4 Damaged Seal Damage Butterfly Act4 Damaged
5 Undamaged | Undamaged No Load ActS Undamaged
6 Undamaged | Undamaged No Load Act6 Undamaged

# Classes 2 3 3 6 2

test sets are randomly sampled. The test set accuracy is calcu-
lated and a confusion matrix is created for each classification
problem. Due to the small size of the training set, the training
process can overfit or get stuck in local minima. The results
can vary depending on a number of stochastic factors includ-
ing the training/validation/test split and the initial parameters
of the model.

The following sections apply the base ML model to five clas-
sification problems. The class labels are displayed in Table
4.

5.1. Data Preparation

The data is collected from six individual actuators each with
a different load and fault condition. During initial experi-
ments, simple classifiers such as a random forest (Breiman,
2001) could achieve perfect classification using the mean of
each observation as the features. This may indicate that each
actuator possesses unique characteristics that are captured by

the data collection sensors. Because each actuator is used to
generate a fault and load condition, it might be difficult to
determine if a model is learning to identify a fault or a spe-
cific actuator. Therefore, for the numerical experiments, each
observation is standardized using the mean and standard de-
viation of the time series example (see Figure 4). We believe
that this standardization process simulates a scenario where
load conditions and faults are generated from the same actua-
tor. We also believe this would be beneficial in an operational
setting. Individual actuators can be installed in a variety of
environments and this could create offsets that are detected
by the sensors. In addition, sensors may have variance dur-
ing the installation and setup process that could also create
offsets.

During the data collection process, each actuation cycle was
approximately one second but data was collected for three
seconds in order to collect any signals that might occur after
the actuation cycle is completed. Only the first second of the
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data is used for the numerical experiments 7' = 1000 because
no activity was visually observed after the actuation cycle.

5.2. Damage Classification

The objective of the damage classification machine learning
problem is to detect any type of damage in the system. This
is constructed as a binary classification problem Y = {0,1}
where y = 0 is the undamaged class and y = 1 is the dam-
aged class. Figure 5a displays the training and validation loss,
and Figure 5b displays the confusion matrix for the test set.
Note that the validation loss is less than the training loss at
the beginning of the training process. This is due to summing
the loss over each batch, and the validation set having fewer
batches. As can be seen by the loss, the model converges
quickly, and the confusion matrix shows that the model has
an accuracy of 1.0. The trained model is easily able to iden-
tify either type of damage when examples from each actuator
are present in the training set.

5.3. Damage Type Classification

The objective of damage type classification machine learning
problem is to identify the type of damage if present. This
is a multiclass classification problem with three classes ) =
{1,2,3} where y = 1 is the undamaged class, y = 2 is the
gear damage class, and y = 3 is the seal damage class. Fig-
ure 6a displays the training and validation loss, and Figure
6b displays the confusion matrix for the test set. As can be
seen by the loss, the model converges quickly, and the confu-
sion matrix shows that the model has an accuracy of 1.0. The
trained model is easily able to identify the type of damage
when examples from each actuator are present in the training
set.

5.4. Load Classification

The objective of the load classification machine learning prob-
lem is to identify the load on each actuator. This is a multi-
class classification problem with three classes Y = {1,2, 3}
where y = 1 is the butterfly valve load, y = 2 is the ball
valve load, and y = 3 is no load. Figure 7a displays the train-
ing and validation loss, and Figure 7b displays the confusion
matrix for the test set. As can be seen by the loss, the model
converges quickly, and the confusion matrix shows that the
model has an accuracy of 1.0. The trained model is easily
able to distinguish between the three loads when examples
from each actuator are present in the training set.

5.5. Actuator Classification

The objective of the actuator classification machine learning
problem is to identify each actuator. This experiment was
conducted as a gauge for the uniqueness of each actuator.
This is a multiclass classification problem with six classes
Y ={1,2,3,4,5,6} where the class label corresponds to the

actuator number. Figure 8a displays the training and valida-
tion loss, and Figure 8b displays the confusion matrix for the
test set. As can be seen by the loss, the model converges
quickly, an the confusion matrix shows that the model has an
accuracy of 0.99.

5.6. New Condition

The objective of the new condition machine learning prob-
lem is to test if a model can identify a damage condition that
is not present in the training set. This is a binary classifica-
tion problem ) = {0, 1} where y = 0 is the undamaged class
and y = 1 is the damaged class. Specifically, actuators 1, 2,
and 3 are used for training, and actuators 4, 5, and 6 are used
for testing. In terms of transfer learning, actuators 1, 2, and 3
would be considered the source learning problem, and actua-
tors 4, 5, and 5 would be considered the target learning prob-
lem. Figure 9a displays the training and validation loss, and
Figure 9b displays the confusion matrix for the test set. As
can be seen by the loss, the model converges quickly but the
model cannot identify the new damage type. The accuracy
of the model drops to 0.625. More specifically, the model
has difficulty distinguishing the damaged state from the un-
damaged state where 85 of the 115 damaged observations are
classified as undamaged. The model is not able to generalize
to new damage types. The input space for the source and the
target are the same Xg = X because the input is composed
of the same sensor information and extracted features. The la-
bel space may be considered the same ))s = )r because the
source and target learning problems are both binary classifica-
tion. However, the fault types in the label space are different
in the two learning problems. The marginal and conditional
distributions in the source and target learning problems may
also be different. Therefore, it is difficult to determine which
part of the domain and task are contributing to the drop in
performance.

6. CONCLUSION

This paper presents a hydraulic actuator dataset and a series of
baseline numerical experiments using machine learning mod-
els. This data set is unique because it is composed of data
collected from several actuators under different fault condi-
tions and loads. The numerical experiments demonstrate that
a machine learning model can be trained to distinguish many
classes depending on the machine learning problem. How-
ever, the model has difficulty generalizing to fault types that
are not present in the training set, as is demonstrated by the
new condition numerical experiments. The presented dataset
could be used for developing models and methods for gen-
eralizing across individual actuators and the introduction of
new data types. These problems are critical to address when
designing a PHM system with AI/ML as the backbone.

One avenue for future work is to investigate the use of transfer
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Figure 5. Damage classification results.
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Figure 6. Damage type classification results.
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Figure 7. Load classification results.
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Figure 8. Actuator classification results.
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Figure 9. New condition classification results.

learning techniques to address model generalization. There
are numerous methods for transfer learning that could be ap-
plied to this data set. Transductive transfer learning tech-
niques, which focus on domain adaptation and co-variate shift,
assume that labels are available in the source but not available
in the target (Pan & Yang, 2009). Modern transfer learning
focuses on fine-tuning deep learning models in the target do-
main. For the model used in the presented numerical experi-
ments, the feature extraction CNNs layers could be held fixed
and the linear layers that map a feature space to class could
be retrained. Furthermore, when new classes enter the envi-
ronment, the final linear layer can be retrained to account for
the new class.

Another interesting area for future work is exploring data
augmentation methods for generalizing models. The numer-
ical experiments demonstrate that the models can converge
very quickly on some of the ML problems. This indicates
that the models are identifying some aspect of the data and
keying on that aspect for classification. It is likely that these
models will not generalize well. Data augmentation modifies
the data and can improve generalization capabilities. Further-
more, data augmentation is a method for exploring and char-
acterizing the robustness of the model to sensor errors.
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