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Abstract. In repeated underground laser scanning, road-roof deformation can be reliably determined through irregular
sampling, support occlusion, registration drift, oblique incidence, and dust backscattering. In this paper, a state-space refined
Kalman filter is developed, which integrates the following components: normal displacement, deformation rate, acceleration
trend, registration bias, and local shape persistence. Without affecting field deployability, innovative statistics refined the
delay estimation, fixed-lag backward smoothing refined the delay estimation, and robust patch correspondences generated
roof-aligned observations. The experiment was conducted 18 times on a 2.4-kilometer-long road, including natural
deformations and controlled roof offsets. Among the 36,720 roof patches evaluated, the proposed model reduced the root
mean square error of the direct point-to-plane differential displacement from 8.7 mm to 3.4 mm, while the root mean square
error of the traditional Kalman filter was reduced from 6.1 mm to Under a 10mm alarm threshold, the accuracy is 94.1%, the
recall rate is 92.6%, and the false alarm rate is 2.8%. The processing time for each 20-meter segment at the standard
workstation is 0.43 seconds, and the 95% uncertainty interval covers 94.7% of the reference observations. The ablation
results indicate that innovative conditional covariance adaptation and bias state separation are the main contributors under
dusty and low-overlap scanning conditions. Therefore, this model provides an interpretable and computationally feasible
basis for the deformation screening of underground road operations.
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Introduction

Underground roadway roofs have experienced changes in stress distribution, blasting damage, water softening
and progressive separation along the bedding. Small vertical displacements can occur before open cracks, but
the standard convergence station sampling locations are relatively few and may require personnel to enter the
disturbed area. Mobile laser scanning switches to a high-density surface geometry collection mode for long-
range headings. However, the apparent density should not be taken as a metrological value; many factors
influence the reconstructed surface, such as the angle of incidence, reflectance, airborne dust, wet rock, mesh,
bolts and vehicle motion [1]. Therefore, repeated point clouds contain both structural motion and sensing
artifacts [2]. A high-quality filter needs to remove the displacement signal's displacement without smoothing
the local sag [3]. The previous point-to-point comparisons are still affected by sampling mismatch [4]. Surface
fitting improves repeatability but blurs discontinuities [5]. The Quality of registration is relatively poor at a
deformation of a few mm [6].

By studying underground 3D maps, simultaneous localization and loop closure, as well as geometric
reconstruction, have been improved, making repeated surveys more feasible [7]. Common change detection
methods include roof segmentation, local normal estimation, threshold processing, and registration periods [8].
Robust correspondence, multi-scale descriptors and probabilistic occupancy models reduce some outliers [9].
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Most pipelines treat each pair of epochs independently, fail to consider that roof motion is temporally correlated,
and show varying survey quality across passes [10]. Traditional Kalman filtering assumes temporal continuity
and uses a fixed noise model; thus, it cannot account for the strong heteroscedasticity induced by angle, point
density, dust, and incomplete overlap [11]. An unmodeled registration bias can also be treated as deformation
and remains in many adjacent patches [12]. The resulting alarms may be spatially correlated and therefore
deceptively plausible.

This paper addresses the problem mentioned above by designing a state-space refinement Kalman filter for the
error characteristics of underground LiDAR. The state is divided into normal roof displacement and its rate,
acceleration tendency, scan-level registration bias, and a local shape-persistence term. Set up observations in a
roof-aligned coordinate system, weight them according to patch geometry, and filter through a robust
innovation gate. According to recent standardized innovations and scanning evidence, measuring covariance is
coordinated with lagged observations through fixed lags. A physically intuitive model, a deployable processing
workflow, and a patch-level uncertainty measure that supports threshold-based decisions are provided in this
paper. Evaluate the accuracy, alarms, calibration, robustness and runtime of controlled offset and operational
road scan data, etc., in addition to mean distance error.

Related Work

LiDAR-Based Underground Deformation Measurement

Repeatedly carried out terrestrial and mobile laser scanning, these methods are now commonly used to record
the geometry of tunnels and excavation damage and convergence beyond what sparse extensometers can
achieve [13]. Cloud-to-cloud and cloud-to-mesh distances are straightforward, but their sign and magnitude
depend on local sampling and the selected reference surface [14]. For roofs with ribs, grids, and bolt plates, it is
difficult to determine the confidence limits of surface changes using inter-scale model comparisons [15]. Cross-
sectional fitting is suitable for regular tunnels, but mine roadways often deviate significantly from an ideal ellipse
[16]. Feature-based registration improves the global alignment of long corridors but loses constraints in
repetitive roof regions [17]. Recently, semantic segmentation methods have removed machinery and support
facilities, but their transfer between mines is still affected by scanners and geology [18].

State Estimation and Robust Temporal Filtering

A state estimator can help integrate the noisy data from several sources conveniently. Linear Kalman filters are
computationally convenient, but their performance is affected by process and measurement covariance that are
rarely stationary in field sensing [19]. Adaptive Covariance Methods adaptively adjust to changes in noise based
on residual statistics; otherwise, unrestricted adaptation may be unstable after an outlier [20]. Robust filters are
used to limit the impact of a single contaminated measurement by restricting its influence through bounded
influence or mixture likelihoods and gating [21]. Smoothing methods use future observations to improve a past
estimate and are suitable for monitoring decisions that can tolerate a short delay [22]. Latent bias states in
geometric monitoring can distinguish sensor drift from structural response, but observability must be supported
by spatial anchors or scan-quality evidence [23]. No well-known formulation combines roof-normal geometry,
scan-level bias separation, constrained covariance adaptation and fixed-lag refinement for dense underground
LiDAR deformation screening.

Roof-Aligned Observation Construction

Coordinate Conditioning and Patch Correspondence

All scans are converted to the road coordinate system and aligned along the longitudinal centerline of the survey.
By using the minimum bounding box to move along the centerline, the roll of the scanner and the curvature of
the centerline do not produce artificial normal variations between different time periods. The roof band is
identified by height, surface orientation, intensity discontinuity and local planarity. Bolt plates, mesh edges,
pipes and transient vehicle returns are only retained as low-confidence candidates and are not allowed to define
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the roof surface. The reference roof is divided into overlapping 0.40 m X 0.40 m patches with a 0.20m stride,
and a scale is used that keeps the local sag but provides enough points for stable plane fitting.

Tijk = niT(Pj,k - Ci) Eq.(1)
For reference patch i, a trimmed covariance estimates supplies centroid c; and unit normal n; directed toward
the roadway void. Candidate points from epoch k are searched inside an elliptical neighborhood and must
satisfy limits on centroid offset, normal difference, and overlap. Their signed normal residuals are calculated
before robust aggregation. The roof-aligned projection measures displacement in the direction of structural
support and does not mix tangential sampling offsets with vertical displacement.

Zik = mec]iian{rijlk: |7‘ij,k| < Ti,k} Eq.(2)
Patch observation is the median of the accepted signed residuals. Median aggregation is used because the dust
returns and mesh reflections are sparse, but they can be several times larger than the deformation of interest.
Missing or geometrically degenerate patches are still marked as missing observations and are not spatially
interpolated prior to filtering. Thus, the process returns an observed normal displacement and its geometric
indicators, rather than a pre-corrected surface.

Quality-Weighted Observation and Gating

The Confidence of observation changes in an underground scan. A Huber weight is assigned to each projected
residual according to the robust patch scale s; , and a tuning constant §. Residuals in the central range are given
a weight of one, and increasingly inconsistent returns are boundedly influenced. The effective sample size is the
product of the number of points and their unequal reliabilities; a dense but narrow footprint cannot be more
informative than a well-distributed patch.

, 85sik
wijx =min|l,—— Eq.(3)
|7‘ij,k - Zi,k|

The initial measurement covariance is estimated based on an observable quality vector q;, that includes
incidence angle, effective point count, overlap, surface roughness, intensity dispersion and trajectory residual.
A non-negative coefficient will not reduce the predicted variance for a worse geometry. Point-count benefit
saturates after full coverage, and low overlap and high incidence incur an explicit penalty. The covariance must
be in a physically reasonable range of 1-20 mm for the standard deviation.

olexp(Bq;
ng = %’;f‘h,k} Eq.(4)
i
Quality Weighting is performed prior to the examination of temporal innovation. The two are not the same:
Geometry is about how reliable the current scan should be, and innovation later checks whether that prediction
matches the state history. Patches with less than 35% overlap or those that are only line-like point supports are
considered weak and provide little support, only increasing the covariance. Thus, no spurious precision is added
to the inadequately observed area of the roof.

Registration Anchors and Bias Evidence

Stable sidewall and floor regions provide independent evidence of scan-level registration bias. Their normal
residuals are combined by quality weights to obtain the bias observation. The value is passed to the state
estimator with its uncertainty instead of being subtracted as an exact correction. At least three spatially
distributed anchor regions are required; otherwise, the segment remains processable but receives a low-
observability flag.

~ Zaecﬁl wa,kngApa,k

b, = Eq.(5)

Zaecﬁl wa,k

Anchor Selection is independent of the estimated roof deformation. The candidate region should have good
local planarity, sufficient point density, and repeated visibility over several epochs. Areas near floor heave,
sidewall spalling, drainage channels, moving equipment or recently installed services should be excluded from
the calculation because their displacement is not assumed to be negligible. The other two anchors are at the
beginning and end of the path where the road geometry allows. Distribution in Space can help distinguish
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translational drift from small rotational misalighment; otherwise, a systematic displacement gradient would
occur across the roof.

The uncertainty of the bias observation is derived from the weighted dispersion of anchor residuals and the
spatial leverage of anchor arrangement. Consistent anchors have a small bias interval, and disagreement among
the anchor group increases the uncertainty of the value before it enters the filter. A single high-confidence
anchor should not be allowed to dominate the segment estimation. If the anchor residuals form two
incompatible clusters, the scan is labelled as geometrically ambiguous and the roof patches receive prediction-
only or strongly down-weighted updates. The above conservative measures will prevent damage to a small area
or partial trajectory deviation from developing into a widespread roof deformation.

Figure 1 is the observation path from trajectory conditioning and support-aware roof extraction to patch
correspondence, quality encoding, and anchor evidence. Roof patches determine the local displacement channel,
and sidewall and floor anchors constrain the shared bias channel. The two channels meet only in the Kalman
update, and thus uncertain registration evidence is not counted twice.
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Figure 1. Roof-aligned observation construction.

State-Space Refinement Kalman Filter

Augmented Dynamic Model

For each roof patch, the augmented state includes normal displacement, deformation velocity, acceleration
tendency, a segment-shared registration bias, and a local shape-persistence term. The end state is a slow
recurrence of mismatch caused by rough rock and would otherwise be absorbed by displacement. A constant-
acceleration block drives the motion of the structure, and bias and persistence are damped random walks. Based
on the actual time elapsed since the last campaign, the transition matrix will be set rather than according to a
fixed survey cycle.

X = [dix Vi Qr b hix]” Eq.(6)
Process covariance is in physical units and scaled by the time elapsed. Blasting or excavation records can
temporarily increase the acceleration spectral density; poor scan geometry only affects measurement
covariance. The above mechanisms are not prone to false alarms caused by a noisy survey. Covariance
eigenvalues are bounded to prevent numerical collapse or unbounded state drift.

X = FAt) X + Wi, Wi ~ N(0,Q;) Eq.(7)
Roof observations alone can only identify a combination of displacement, bias and persistence. Observability is
provided by the anchor measurement, temporal damping of persistence, and repeated dynamic coupling among
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displacement, velocity, and acceleration. Calculate the windowed condition measure for each section. Anchors
are sparse; therefore, nuisance-state uncertainty is high and an alarm is not triggered due to minor deviations.

P, =FP{;_,FT + Q) Eq.(8)
Initialization uses the first two available valid campaigns. Displacement is the difference of the two, velocity is
its change over time, acceleration is zero, and all have large uncertainties. Anchors are used to initialize bias,
and reference roughness is saved as persistence. When prolonged occlusion or coordinate system changes are
detected, the patch will be reinitialized.

Innovation-Conditioned Robust Update

The evidence of deviation derived from the normal displacement of the roof and the anchor point constitutes
the observation vector. The geometric condition values in Section 3.2 are the first measurement covariance.
Subsequently, the difference between the predicted state and the current scan is calculated using the innovation
and its covariance. Check the residuals of the roof and anchor point channels to determine local deformations
or alignment offsets of the entire segment.

Yik = Zig — HXjp, S = HP HT + Ry Eq.(9)
Normalize the innovation squared and compare with chi-square limits. Measurements in the accepted region
use the ordinary update. Values in a soft region are smoothed by a bounded Huber function, and outliers are
excluded; only prediction-only propagation occurs. A large roof innovation with normal anchors indicates a local
change or local contamination; a simultaneous roof and anchor innovation indicates registration degradation.

Mk = YikSikVik Eq.(10)
Covariance adaptation uses exponential forgetting and is constrained by geometry-dependent lower and upper
bounds. The innovation outer product addresses the slow mismatch in predicted and observed dispersion, but
a single corrupted scan cannot change the noise model. Adaptation is not performed for rejected observations,
and it is limited when fewer than half of the segment patches are still valid.

Ry = clip[(1 = DRyye—1 + A(yi,¥yli — HP H")] Eq.(11)
The robust Kalman gain is calculated with the reweighted covariance. The posterior covariance uses the Joseph
stabilized form, is explicitly symmetrized, and receives a small eigenvalue floor. These safeguards are
inexpensive for the five-state system and prevent isolated numerical failures from creating extreme deformation
alarms in long roadways.

Ky = Po H (HP, HT + Ry,) " Eq.(12)
Spatial consistency is applied after the measurement update through an anisotropic patch graph. On surfaces
with consistent normal directions, the connections are very strong, but weak on ribs, support boundaries, and
curvature ridges. The operator only reduces the high-frequency residuals of the robust neighborhood trend and
increases the associated regularization uncertainty. Coherent deformation clusters therefore remain sharp,
while unsupported single-patch spikes are attenuated.

Process and measurement diagnostics are retained separately. Innovation categories, covariance adaptation
ratio, bias trajectory, rejected patch ratio, and neighborhood correction are part of the stored data. They support
audit and maintenance without being blended into an opaque alarm score.

Fixed-Lag Refinement and Alarm Logic

After completing the quality control of the new task, the last four stages undergo reverse optimization. The
stored predictions and filtering moments provide a refinement gain, which will be mapped back to the next
refinement state correction. Compared to displacement corrections, corrections for bias and persistence are
subject to stricter limitations. Therefore, subsequent registration anomalies will not overwrite early structural
information.

Gip = PHF (Piiis o Eq.(13)

When most observations are rejected in a segment, the smoothed covariance allows the model to be
mismatched with the smoother. With a delay of four cycles, the noise will be reduced to a lower level. The
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forward state now issues high-probability alerts, with no further refinement, and the previous estimates remain
unchanged.

Xl = X+ Gipe( X esr = Xipe1) Eq.(14)
Alarm logic combines displacement exceedance probability, deformation rate, and spatial support. A patch
enters watch status when the probability of exceeding 10 mm is greater than 0.80 and at least two neighbors
move compatibly. It becomes an alert when probability exceeds 0.95 or the estimated rate remains above 2.5
mm per campaign for two epochs. Hysteresis prevents status chatter, and a missing scan cannot clear an existing
alert.

Figure 2 links prediction, geometry-conditioned covariance, robust innovation handling, neighborhood control,
fixed-lag refinement, and alarm output. The system stores both forward and refined estimates, uncertainty
intervals, gate states, and contributing neighbors, providing a traceable basis for engineering review.
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Figure 2. State-space refinement workflow.

Experimental Evaluation

Data, Protocol, and Baselines

The evaluation comprised 18 scanning campaigns along 2.4 km of active coal-mine roadway. Twelve 20 m-
controlled sections contained rigid roof targets displaced by 0, 3, 5, 8, 10, 15, and 25 mm using calibrated spacers;
six operational sections contributed naturally changing roof surfaces checked by total-station prisms and manual
convergence points. The scanner produced 300,000 points per second, and survey speed ranged from 0.7 to 1.2
m/s. After quality screening, 36,720 patch-epoch observations remained. Dust concentration, mean incidence
angle, overlap, and support density were retained as covariates. Reference uncertainty was 1.2 mm for
controlled targets and 2.0 mm for operational checks.

Baselines include direct point-to-plane differencing, multiscale cloud comparison, robust local plane change, a
conventional constant-velocity Kalman filter, and an adaptive filter without an explicit bias state. Tune the
parameters of the four controlled sections and then freeze them for evaluation. The selected indicators are root
mean square error, median absolute error, 95th-percentile error, precision, recall, F1 score, false alarm rate,
interval coverage, negative log-likelihood and runtime. Bootstrap confidence intervals used roadway section as
the resampling unit. The evaluation protocol will be in line with current practices for spatial change detection,
and all cited methods will be represented by placeholders [24]. Scanner calibration was verified before every
campaign [25]. Ground-control stability was independently confirmed [26].

Controlled offsets were installed before scanning and concealed from the processing operator. Each campaign
was registered using the same anchor policy, and no manual correction was allowed after deformation maps
were viewed. A patch was matched to a target only when at least 60% of its footprint lay inside the target region.
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Operational reference points were interpolated only along the local roof normal and were excluded if prism
visibility was interrupted. These restrictions reduced the available sample but prevented ambiguous ground
truth. In order to maintain the spatial correlation between patches within the road segment, 2,000 segmented
bootstrap resampling were used to calculate the confidence interval.

The purpose of selecting hyperparameters is to reduce the overall tuning loss, including false positives,
insufficient interval coverage, and displacement errors. Preheat tests were conducted on an eight-core
workstation with 32GB of memory, and then the runtime was recorded. In applicable cases, all methods received
the same conditional point cloud and correspondences. Therefore, the differences are due to estimation rather
than preprocessing. The suggested neighborhood size is used for direct and multi-scale baselines, while
traditional filters are independently adjusted rather than using process covariance. Missing observations are
considered missing in the time method and then excluded from the paired method.

Accuracy, Robustness, and Calibration

Figure 3(a) compares displacement errors across six methods: root-mean-square error decreased from 8.7 mm
for direct differencing, 7.3 mm for multiscale comparison, 6.8 mm for robust plane change, 6.1 mm for the
conventional filter, and 4.5 mm for adaptive filtering to 3.4 mm for the proposed model. Figure 3(b) shows
threshold behavior; at 10 mm, precision was 94.1%, recall was 92.6%, and F1 was 93.3%, while the false-alarm
rate remained 2.8%. The strongest gain occurred between 8 and 15 mm, where raw distance fields often
confused registration drift with roof movement. The comparison uses section-level testing to avoid optimistic
patch leakage [27].
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Figure 3. Overall detection performance: (a) displacement-error distributions and summary metrics for six methods; (b) precision, recall, F1
score, and false-alarm rate across alarm thresholds.
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Environmental stratification is reported in Figure 4. In Figure 4(a), median absolute error rose from 2.1 mm in
clear air to 3.8 mm under high dust, compared with 3.7 to 7.9 mm for the conventional filter. Figure 4(b) plots
error against incidence angle: the proposed curve stayed below 5 mm through 70 degrees, whereas direct
differencing exceeded 10 mm beyond 60 degrees. Figure 4(c) shows that 95% interval coverage remained
between 92.8% and 96.1% across overlap bins from 45% to 90%. These results support covariance adaptation
based on observable scan conditions rather than a single fixed noise value [28].

Figure 5(a) maps a 60 m roadway segment and locates two coherent sag zones at 18-24 m and 46-50 m, with
peak refined displacements of 17.6 and 12.4 mm. Figure 5(b) shows epoch trajectories for four representative
patches; the alerting patch increased from 4.2 to 17.6 mm over six campaigns while a nearby stable patch
remained within plus or minus 2.3 mm. Figure 5(c) presents the innovation distribution, where robust gating
reduced the heavy positive tail and retained 91.5% of measurements as full updates. Figure 5(d) contrasts
forward and refined estimates: refinement reduced median absolute error from 3.0 to 2.4 mm without delaying
alerts by more than one campaign. Similar uncertainty reporting has been recommended for operational
monitoring [29].
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Figure 5. Spatial and temporal behavior: (a) roadway deformation map; (b) representative patch trajectories; (c) normalized-innovation
distribution and gating regions; (d) forward versus fixed-lag refined estimates.

Ablation results appear in Figure 6. Figure 6(a) shows that removing bias separation increased root-mean-square
error from 3.4 to 4.8 mm, removing adaptive covariance raised it to 4.5 mm, removing backward refinement
raised it to 4.0 mm, and removing neighborhood control raised it to 3.9 mm. Figure 6(b) decomposes false alarms:
bias separation removed 41% of registration-driven alarms, while robust gating removed 34% of dust-driven
alarms. The contributions are not additive because poor registration and dust often co-occur. Ablation settings
retained identical thresholds and test sections [30].
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(@) Component ablation error (b) False-alarm source decomposition
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Figure 6. Component ablation: (a) error metrics after removing each model component; (b) false-alarm causes and reductions attributed to
bias separation and robust gating.

Figure 7(a) reports runtime by segment length; total processing was 0.43 s per 20 m and 1.91 s per 100 m, with
correspondence search accounting for 46% of cost. Figure 7(b) shows memory usage increasing from 0.38 GB at
20 m to 1.26 GB at 100 m. Figure 7(c) indicates stable accuracy for patch widths from 0.30 to 0.50 m, with the
minimum error at 0.40 m. Figure 7(d) plots alarm lead time: for the seven confirmed deformation events, median
lead time over the manual inspection trigger was 11 days, with an interquartile range of 7-16 days. The workload
is compatible with post-shift processing on a standard workstation [31]. Practical deployment should retain
independent geotechnical inspection [32] and site-specific threshold validation [33].
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Figure 7. Deployment characteristics: (a) runtime scaling; (b) memory scaling; (c) patch-size sensitivity; (d) alarm lead-time distribution for
confirmed events.

Operational Interpretation

The posterior field will serve as the filter and is not required to be a complete ground-control decision-making
entity. A wide-spread offset across the entire area and an increase in bias estimation indicate alignment
degradation, whereas a small cluster with a consistent normal direction and rate is more consistent with
structural movement. Uncertainty Maps show areas that would be better dealt with by re-scanning rather than
immediately escalated. In the test campaigns, 78% of the rejected patches were due to mesh occlusion, water
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glare or overlap less than 45%, and most were recovered after the next scan. Each alert is tracked to accept
observations, innovative weights, neighboring support, and fixed delay corrections.

The experiment has also set the scope of the model. Motions of 3 mm or less were often indistinguishable from
reference uncertainty, and coherent changes of more than 5 mm had a median absolute error of 2.4 mm.
Therefore, the way is suitable for repeated screening and trend observation, but not for sub-millimeter-scale
crack-aperture metrology. The calibrated interval is relatively small near the 10mm action threshold; a
deterministic map would be more precise than the support provided by a scan.

Atier resurvey schedule can be generated from the deformation field for the normal installation. Stable sections
with a small uncertainty range are included in the normal campaign cycle. A spatially coherent watch cluster is
assigned an earlier scan, and a watch generated mainly by broad uncertainty is first examined for trajectory
coverage, dust conditions, wet surfaces and anchor availability. Otherwise, these poor-quality scans will be
regarded as validly confirmed. The recommended re-scan should change at least one weak geometric factor, for
example, by reducing vehicle speed, altering the scanner offset, or adding a short stationary scan. The following
observations will provide new evidence for the state estimation.

Engineering interpretation should also consider the spatial form of the estimated movement. A narrow peak
next to a bolt plate may be caused by local correspondence instability, and a continuous band across several
roof patches is more typical of sag or bedding separation. Movement in both the roof and at the nominally stable
anchors indicates that registration needs to be revised before concluding that it is a structural issue. Therefore,
the diagnostic records will be sent along with each monitoring and alert. The record will log the history of
deviations, observation acceptance rates, neighborhood support, and uncertainty width. These quantities are
not replacements for geotechnical judgment, but they make the basis of the automatic status visible and enable
engineers to distinguish a credible deformation trend from a survey-quality problem before arranging
inspections or support measures.

Conclusion

This paper proposes a state-space refined Kalman filter for detecting roadway-roof deformation based on
multiple underground LiDAR scans. The model distinguishes between structural displacement and registration
bias, adjusts measurement uncertainty to accommodate scanning geometry and innovative behavior, rejects
contaminated observations through bounded gate control, and improves recent estimates through fixed lag
backpropagation. A roof-aligned patch observation and probability-based alarm rule connect the estimator to
deployable monitoring practice.

Currently, the implemented solution still assumes that stable sidewall and floor anchors are available in each
section. Very rapid collapse processes cannot be represented by the smooth dynamic model, and dense meshes
or water films may leave too little roof surface for a defendable update. Only one mining environment and a
limited number of scanner trajectories have been included in the evaluation; thus, threshold portability and
long-term sensor ageing have not been fully tested.

Future work will connect the bias state of adjacent trajectory segments, introduce change-point dynamics for
abrupt events, and test transfer across different lithologies, support systems and scanners. Incorporate
geotechnical stress indicators and automatic rescheduling of re-scans to improve the timeliness of decision-
making further, and retain the open-book uncertainty accounting necessary for safety-critical applications.
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