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Abstract— In extraterrestrial planetary environments, com-
puting, energy, and environmental constraints require robotic
agents to complete tasks without supervision. For specialized
extraterrestrial robotic drilling agents there is no broadly
applicable solution to detect drilling faults as they happen,
before the fault escalates to hardware failure. We build upon
previous work with time-series subspace analysis methods to
to estimate drilling faults using drill avionics telemetry. This
work introduces a subsurface anomaly detection method for
planetary drilling robots and further evaluates the robustness of
our time-series subspace analysis method. We implemented this
novel fault and anomaly detection method on an extraterrestrial
drilling robot and evaluated it first in a controlled lab environ-
ment with composite materials and then in a Mars planetary
analog site in the Canadian High Arctic.

I. INTRODUCTION

This paper focuses on an extraterrestrial robotic drill ,
known as “The Regolith and Ice Drill for Exploring New
Terrain” (TRIDENT) [1], shown in Figure 1 on a lander
field test in Spain. It is a 1-meter rotary percussive drill
manufactured by Honeybee Robotics. Despite several years
of field and lab testing, we still only have relatively few
instances of drilling fault data. The robotic drill gives indi-
cators, visually or audibly, of a drilling fault well before it
happens. Even with telemetry indicators, the ability to detect
subsurface faults and anomalies is still missing, and the
lack of training data makes training conventional supervised
machine learning models difficult.

In this work, we build upon previous research with sub-
space analysis techniques [2], which evaluated the accuracy
of subspace analysis method, Enhanced Singular Spectrum
Transformation (ESST), against other Change Point Detec-
tion (CPD) methods for fault and anomaly detection on
robotic drills. The major contributions of this work are:

• A subsurface fault and anomaly detection method using
avionics telemetry from extraterrestrial robotic drills,
effective in environments requiring autonomy, based on
the subspace analysis method, ESST.
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• Evaluation of our subsurface fault and anomaly de-
tection method on a robotic drilling system in a lab
environment with regolith simulant materials.

• Evaluation of our subsurface fault and anomaly detec-
tion method on the same robotic drilling system in a
Mars analog field environment [3] at Haughton Crater
in the Canadian High Arctic.

Fig. 1. Robotic drill lander concept in Spain in 2017

II. PROJECT BACKGROUND

The Atacama Rover Astrobiology Drilling Studies
(ARADS) project aimed to explore and understand the
distribution of biosignatures, and extant life down to a one
meter depth in planetary environments using a rover with an
attached drill. This system was tested in Chile in September
2019. Diagnostic and automation software, IceBreaker Ex-
ecutive (IbExec), was prototyped [1]. At the core of IbExec
is the Plan Execution and Interchange Language (PLEXIL),
a synchronous reactive language enabling control of the ex-
tensible hardware interface and multiple robotic subsystems.
We utilize PLEXIL for our solution implementation.

Figure 2 shows time-series from two boreholes. The first
shows a normal drilling operation, the second illustrates a
fault. Faults tend to raise variables like motor torque τ (the
force applied by the motor) while the rate of penetration
(ROP) ρ (drill string velocity relative to the y-axis) is
roughly zero. From past field experience, faults need to be
detected quickly from telemetry symptom onset to mitigate
them. Other monitored sensor data include acoustic data and
geophone data to better understand the subsurface before
drilling [4].



Fig. 2. Time series data showing Depth, Weight on Bit, Rate of Penetration, and Auger Torque throughout drilling 10 cm incremental bites in Devon
Island, Canada. The left image shows normal drilling operations. The right image illustrates a choking fault where the Torque and Weight on Bit spike.

III. RELATED WORK

A. Autonomy in Extraterrestrial Subsurface Environments

Autonomy in extraterrestrial environments remains chal-
lenging. The 1997 Sojourner mission relied on Earth-based
control, straining ground crews and highlighting the need for
onboard autonomy [5]. The heavy Soviet Luna 16, 20, and 24
landers of the 1970s could drill up to 2 meters due to their
mass, unlike modern ∼200 kg rovers [6]. This has driven
research into lightweight drilling systems [1]. Autonomy in
planetary drilling requires adapting reinforcement learning
and control methods. Statham [7] used Structural Health
Monitoring (SHM) to track vibrational frequencies of the
DAME drill [8] for online assessment of ambient excitations.
These methods are less effective on percussive drills. Tang
et al. [9] propose a real-time drilling strategy using Support
Vector Machines (SVMs) based on rate of penetration (RoP),
but limited seismic data hinders model tuning in plane-
tary environments and require training data. Extraterrestrial
subsurface node-based technologies [10] offer means to
map geophysical subsurface properties, but require human
assistance. Other methods to explore planetary subsurface
include burrowing robots [11] and Exobiology Extant Life
Surveyor (EELS), a snake-like robot for exploring vents on
Saturn’s moons [12].

B. State Estimation in Drilling

The Norwegian Research Center’s taxonomy [13] notes
that due to complexity, uncertainty, and limited subsurface
observability, automation from other industries may not suit
planetary drilling. Estimating the drilling system’s internal
state is essential. NORCE developed a method using a
Markov Decision Process and Reinforcement Learning to op-
timize drilling [14]. Autonomous methods have been applied
in surface and subsurface mining [15]. Sandia National Lab
[16], [17] explores autonomy for pneumatically controlled
percussive drilling through known layers using classification
and Detournay-based optimization. Autonomous drilling is
also used in domains with limited human presence or high
precision, such as scientific fieldwork [18].

C. Change Point Detection and Signal Segmentation

Time series CPD algorithms have a broad range of ap-
plications [19], [20], [21], [22]. They aim to find discrete
points where signals change to identify when the generating
process has changed. For our use case, we have the following
requirements:

1) Online Detection: To process and detect incoming data
online to catch fault indications.

2) Unsupervised: Datasets are few and difficult to obtain,
therefore, training supervised models is out of scope.

3) Data Efficiency: Drilling is unobservable and unpre-
dictable needing methods requiring little calibration.

4) Computational Efficiency: Limited computational re-
sources require efficient algorithms.

5) Robust: Data are noisy due to percussion and other
effects, requiring a robust parameter-free method.

Since we require online, unsupervised detection, we exclude
methods like Binary Segmentation, supervised approaches
[20], and computationally intensive algorithms like TIRE
[23]. Time series segmentation methods such as FLOSS [24]
and ClaSP [21] were viable, but did not perform well when
tested on datasets [2]. FLOSS detects change points using
matrix profiles and nearest neighbor crossings, while ClaSP
trains a binary classifier to distinguish segments before and
after a potential change. Subspace methods, based on SSA,
decompose the time series and compare subsequence shapes
to detect changes [25], [26], [27], [28].

IV. METHODS

A. Subspace-based Change Point Detection

Subspace-based CPD methods are best suited for detect-
ing instantaneous morphological changes without requiring
extensive historical sequences. They do not extract statistical
properties but mainly characteristic shapes, and ignore noise,
as the decomposition acts as a filter for random signal
contributions. While noise filtering can be a disadvantage
for statistical CPD [29], and the lack of “long-term memory”
reduces their usability for segmentation, we believe they are
promising for the unique properties and requirements of our
application scenario (see sec. III-C).



Subspace-based CPD methods use the SVD of two tra-
jectory matrices Hi and Hj with i < t < j to extract
representative sequences before and after (+δt) some point
in time t and compare them to provide a change point score
[26], [27], [25].

The SVD of an arbitrary matrix returns three matrices
SVD(Ht) = UtΣtV

T
t , where the columns of Ut contain the

left singular vectors, Σt the singular values in decreasing
order on the main diagonal, and Vt the right singular vectors.
Applied to time-series trajectory matrices, the right singular
vectors Ut can be seen as characteristic time series, while
the corresponding right singular vectors quantify how well
these characteristics represent each original time-series sub-
sequence (columns of the trajectory matrix) individually, and
the corresponding singular values quantify how well they
represent the original time-series subsequences overall. Trun-
cating the matrices to only k-major vectors represents the
best rank-k approximation of the time series subsequences
contained in Ht for the l2 and Frobenius norm [30]. In other
words, if one had to choose only k time series characteristics,
the major singular vectors would suit best in terms of the
quadratic norm. For a detailed explanation, we refer the
reader to [2].

For subspace-based CPD, the Singular Spectrum Transfor-
mation (SST) [27] is a well-used method. It evaluates a time
series for changes by comparing the extracted characteristics
at two different points in time (t and t+ δt):

St
T = 1− ||(Ut,k)

TU0
t+δt||2 = 1−

k−1∑
i=0

(
(U i

t )
TU0

t+δt

)2
(1)

where Ut,k contains the top k left singular vectors of the
trajectory matrix Ht, U i

t denotes the ith left singular vector,
and U0

t+δt contains the major right singular vector of time
series subsequences extracted at a later point in time (t+δt).
A low score indicates similarity (no change), while a high
score signals a change point.

Earlier research demonstrated that ESST, a modified SST
version, outperforms SST and other methods for the noisy
signals encountered for robotic drills [2]. Unlike its competi-
tors, ESST embeds both past and future subsequences into
a single matrix and extracts the score by analyzing whether
there are major characteristics that are only present in either
past (at time t) or future subsequences (at time t+ δt). With
that, we can incorporate more information from the future
subsequences into our final change score. Mathematically,
we analyze the k-major right singular vectors Vk of our two-
sided trajectory matrix, where the first half of the columns
are time series subsequences from time t, and the second
half are time series subsequences around time t+ δt:

S̃t
T =

∑k−1
i=0 σi

∣∣∣ 1
N

(∑n/2−1
j=0 V i,j −

∑n−1
j=n/2 V

i,j
)∣∣∣∑k−1

i=0 σi

. (2)

The ESST method has several parameters similar to SST:
the rank k of the subspace, essentially how many representa-
tive sequences are to be extracted; the number of sequences
n, and the length w of the subsequences that make up the

trajectory matrices, which are δt apart. The SST authors
recommend only setting w and keeping n = w. They also
fix δt = w/3 to a third of the window size and fix k = 5
(low rank assumption). We keep these heuristics for ESST.

B. Methods of Evaluation

The CPD algorithm evaluation lacks standardization and
generalizability, with as many evaluation methods as algo-
rithms. Although benchmarks exist [31], they often lack
noisy real-world sensor data. We chose methods suited to
our application’s specific constraints and evaluated them
accordingly.

1) F1 Score: High data cost and fault rarity limit our eval-
uation options. CPD is often framed as a binary classification
task: change or no change [20], [31], [19]. While prior work
evaluates discrete change points, we assess performance per
sample, resulting in a highly imbalanced dataset dominated
by the no-change class. Since labeling all samples as ”no
change” yields high accuracy, we instead use the F1-score
to emphasize precision and recall for the minority (change)
class. This aligns with evaluation methods in time series
anomaly detection [32], where positive examples are sim-
ilarly sparse.

2) Standardized Mean Difference: The Standardized
Mean Difference (SMD) is a statistical measure used to quan-
tify the magnitude of difference between two groups [33].
It is commonly applied in meta-analyses to facilitate com-
parisons across studies employing different tools, units, or
methodologies. This makes it particularly suitable for our
use case, where telemetry data and performance scores vary
in scale and units, and the properties of the drilling material
are unknown. We employ Cohen’s D, a widely used form of
SMD that utilizes the pooled standard deviation to calculate
a D value. For reference, a D value of ±0.2 indicates a small
difference between datasets, while a value of ±0.8 or higher
suggests a large difference.

V. PROBLEM FORMULATION

Faults often manifest as sudden increases in motor torque
τ or stalled penetration rates ρ, all of which is noisy data.
We frame our problem as online CPD problem, formulated in
three layers: signal, detection, and operational. At the signal
layer, telemetry is streamed at fs = 40 Hz, and can be
decomposed into the following representation:

x(t) =

x(τ)(t)
x(ρ)(t)
x(α)(t)

 ∈ R3, (3)

where x(τ)(t) denotes the motor torque, x(ρ)(t) the rate of
penetration (ROP), and x(α)(t) the acoustic measurement at
time t. Each channel is normalized online using a sliding
window buffer B:

x̃(c)(t) =
x(c)(t)− µ

(c)
B

σ
(c)
B + ϵ

, c ∈ {τ, ρ, α}. (4)

Sliding windows of length w are embedded into trajectory
matrices Ht, decomposed via truncated SVD. For channel c,



the ESST change score is using eq. 2 where v
(c)
i,past and v

(c)
i,fut

are means of the first and second halves of the right singular
vector vi. The fused score across channels is:

St =
∑

c∈{τ,ρ,α}

wc S
(c)
t , wc ≥ 0,

∑
c

wc = 1. (5)

To bridge raw telemetry and fault threshold, we augment
the signal representation with ESST-derived change scores.
An anomaly score St is computed and a binary alarm is
raised whenever this score exceeds a pre-defined threshold
θ, with threshold θ and hysteresis Lmin to suppress chatter.
For a true fault onset at time t⋆, the detection delay is:

τdetect = min{∆t ≥ 0 : St⋆+∆t ≥ θ}. (6)

At the operational level, drilling efficiency depends on
nominal operation plus additional time required for fault
detection and mitigation. Let Tnominal denote the expected
drilling time with no faults, F the set of possible faults, P (f)
the probability of a fault f ∈ F , τdetect(f) the mean ESST
detection delay, and τmitigate(f) the mean time to mitigate the
fault. The expected total drilling time is therefore:

E[Tdrill] = Tnominal+
∑
f∈F

P (f)
(
τdetect(f)+τmitigate(f)

)
. (7)

Reducing detection delay τdetect(f) decreases the expected
drilling time, highlighting the operational value of ESST.

VI. EXPERIMENTS

A. Lab Testing Experiments

1) Implementation on Drill Hardware: The ESST fault
detection algorithm had been tested on robotic drills using
recorded drill telemetry [2]. When integrating ESST with
the drill avionics via PLEXIL at 40 Hz, we faced a trade-
off between lower-rate sampling with data gaps and higher-
rate sampling with potential duplicates. Due to planetary
computational constraints, we chose lower-rate sampling
and validated ESST with skipped time steps. As shown
in Figure 3, the drill avionics pass motor telemetry to the
PLEXIL Executive, which sends incremental data windows
to the ESST Module. These windows are decomposed into
trajectory matrices, and the right singular vectors are used to
detect significant changes and compute a score. This score
is then passed to the user for evaluation.

2) Method Validation: Testing before field deployment
was done using composite materials designed to trigger
faulty conditions, setup shown in Figure 4. It is important
to understand the types of faults encountered in the drilling
process in order to create materials to simulate those condi-
tions. We took mixtures of cement, concrete, sand at different
ratios along with additives like smooth granite at different
layers to create our mixtures. Bucket types can be found in
Table I. Mixtures were poured into buckets allowing 40 cm
of drilling depth. Examples of faults are in Table II.

3) Pre-Field Roverscape Validation: After completing our
implementation and conditional testing of the method against

Fig. 3. Drill Subsurface Anomaly Detection Implementation. Motor Telemetry comes into the drill avionics. It is fed to the PLEXIL executive at a rate
of 40Hz, and passes windows of data to our ESST Module. The data windows are then decomposed into trajectory matrices, and the right singular vectors
determine any significant changes, which are then used to compute the score. The change score for the window is then passed to the user.



TABLE I
SIMULANT BUCKET FORMULATION FOR EXPERIMENTS

Bucket Type Ratios

60:40 Sand:Concrete Used as baseline and to test hardware functionality after faults, easy to drill
80:20 Concrete:Sand Used to induce bit inclusion and corkscrew faults. The gravely nature of the concrete will catch on bit
80:20 Cement:Sand Used to simulate choking and binding faults. Low porosity of cement leaves limited space for cuttings to disperse
60:40 Cement:Sand w/ granite slabs Used to induce hard materials faults and binding faults from difficulty drilling granite.

simulated faults, we tested the full setup for field conditions
at our lab Roverscape, shown in Figure 4 to ensure methods
worked with existing field workflow and other simultane-
ously used hardware without interference.

B. Planetary Analog Field Site Experiments

1) Field Site Evaluation and Testing: The Haughton
Impact Structure, a 23 km-wide crater on Devon Island,
Nunavut, Canada, is a well-studied Mars analog site [34].
Its cold, dry, and rocky environment closely resembling
Martian surface conditions, making it ideal for testing space
technologies. Features like frost polygonal terrain commonly
seen in Martian high-latitude imagery make it ideal for
surface and subsurface exploration research [35], [36], [37].
It has hosted Mars analog drilling tests, including the DAME
drill [8] and Icebreaker prototypes [38].

2) Experiments: An interdisciplinary team selected
drilling sites to reflect likely choices for a Mars lander or
rover (setup in Figure 4). The first site featured hydrothermal
minerals, patterned ground, and a stream-cut edge, with no
drilling faults. The second, on a fallback breccia hill with
gravel, showed patterned ground and three recorded faults.

VII. RESULTS & DISCUSSION

For lab and field testing, we monitored the telemetry
variables τ , ρ, and α and their respective change scores.

TABLE II
FAULT TYPES FOR PLANETARY DRILLING [7]

Fault Type Description

Binding Fault Increased τ to to friction on drill string
Choking Fault Cuttings caught in borehole increasing τ
Hard-Materials Fault Stalled ρ with increased τ
Corkscrewing Fault Flutes caught on protruding rock
Bit Inclusion Gravel caught in drill flutes increasing τ

A. Lab Testing Experiments

Lab tests allowed monitoring of drill and telemetry in
a structured environment. We encountered six faults, most
showing symptoms of binding, choking, or bit inclusion, all
with similar telemetry. Results appear in first row of Figure
5 and the lab column of Table III. Upper right of Figure 5
shows τ and its change score. After percussion begins, the
change score rises with τ due to increased cuttings or bit
inclusion, often leading to fault if unaddressed. In this case,
τ increased until a fault occurred.

1) SMD: After verifying timestamps when fault symp-
toms began, we labeled our timeseries data, checked our
change scores from the ESST algorithm, and plotted in
5, and notated scores in Table III. All our datasets had a
Cohen’s D score greater than ± 0.8, indicating the faulty
telemetry data had a significant difference from the non-
faulty telemetry data, giving us the ability to classify faulty
and non-faulty telemetry and scores based on where it falls

Fig. 4. Left is lab testing using regolith simulant buckets designed to quickly induce faults. Middle is pre-field deployment equipment validation at our
lab roverscape, where software was tested in a mock-field setup ensuring proper setup before shipping gear to Haughton Crater. Right is drilling up to 1
m at Haughton Crater field site, testing fault and anomaly detection software in an environment mimicking mars conditions.



Fig. 5. Top set of graphs shows results from lab testing and bottom set of graphs results from Field testing. Left set of graphs in top and bottom show
score distributions with and Cohen’s D score showing the degree of difference between faulty and non-faulty datasets. Right top and bottom plots show
motor torque τ time series data graphed over the course of a fault with the corresponding online change score. The top right was induced in the lab. The
bottom right was a fault encountered at Haughton Crater Analog site. The purple shading indicates the severity of the change score, with the severity
increasing with the buildup to the fault.

on our distribution.
2) F1 Score: For the F1-Score, shown in Table III, the

closer it is to 1, the higher the precision and recall. We desire
scores above 0.6. Numbers are rounded to two significant
digits. The change scores of τ score, ρ score, and α score
all scored approximately above 0.6, indicating an excellent
true positive fault detection.

3) Discussion: We find that ESST as implemented re-
inforces the findings of previous work [2], indicating that
online monitoring of telemetry using ESST only enhances
the monitoring and detection of anomalies and faulty states
in the lab, despite the limited amount of existing training and
testing data, setting up a good foundation for fieldwork.

B. Planetary Analog Field Site Experiments

We had five fault-free and three faulty drilling instances.
Faults were identified offline using telemetry of τ , ρ, and α,
along with field notes on time, depth, and behavior. Field
site results are shown in the second row of Figure 5. The
lower right plot in Figure 3 shows a τ fault graph from the
field, with progression similar to the lab example.

1) SMD: We calculated SMD scores as we did for the
lab testing. They are shown in Figure 5 and in Table III. All
of our datasets except the α score had a Cohen’s D score
greater than ±0.8, indicating the faulty telemetry data for
most of our datasets had a significant difference from our
non-faulty telemetry data, reflecting lab results. Our α score
dataset only had a small difference of ±0.34.

2) F1 Score: The F1-Scores are shown in Table III, and
follow the same procedure as our lab experiments. For our

TABLE III
SMD COHEN’S D VALUE AND F1 SCORES FOR ALL RESULTS

Value Dataset Cohen’s D Value

Location Lab Field Site

τ value -2.02 -0.94
τ score -2.39 -2.44
ρ score 0.89 1.14
α value -1.41 -1.94
α score -1.56 0.34

Value Average F1 Score

Location Lab Field Site

τ score 0.82 0.75
ρ score 0.68 0.78
α score 0.60 0.54

field data, we evaluated the τ score, ρ score, and α score.
All of our lab datasets, except the α score, scored above 0.6,
indicating good true positive recall.

3) Discussion: The α datasets likely differed much more
than the controlled lab environment purely because of out-
door vs indoor environments having more wind and ambient
noise, placement being difficult due to land features, etc.
We believe the more favorable scores in the lab indicate
acoustic methods for fault detection are a promising method
in assisting with fault detection in planetary drilling, but for
field environments, telemetry data from instruments are more
resistant to ambient noise and placement. Additional instru-
ments, such as a laser Doppler vibrometer or accelerometer,
would yield more accurate results and open up avenues



for future research directions. Otherwise, the results from ρ
score, τ score, and τ telemetry value indicate that our method
for subsurface anomaly and fault detection is effective, even
if the α telemetry value and change score did not have as
clear an effect in field compared to the lab experiments.

VIII. CONCLUSIONS AND FUTURE WORK

This work presented a novel subsurface fault and anomaly
detection method using avionics telemetry from the robotic
drill and evaluated its effectiveness for fault detection in
the lab and at a Mars-analog field site. We found our
method is effective for identifying faults and anomalies,
allowing users to better detect and identify incoming faults.
Future work involves incorporating our anomaly detection
into methods for autonomous drilling and expanding our
method for classifying material types.
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