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Abstract

Multi-resolution rock tomography requires registration across changing image
appearance, partial overlap, and repeated pore–grain structures. We propose a
training-free framework that couples global similarity estimation with an explicit
decision to return a pose or abstain. Its methodological contribution is to connect
relative structural geometry, competing pose branches, and image-based evidence
within one registration procedure. Scale-space triples combine triangle shape with
structure-size cues to generate rotation, translation, and isotropic scale jointly,
without an initial alignment. Candidate branches preserve alternative placements
for comparison using a constrained appearance model that accommodates blur
and intensity response. Absolute evidence and inter-branch separation determine
whether a placement is sufficiently supported, rather than treating a high indi-
vidual score as conclusive. Guarded overlap regions separate appearance fitting,
selection and refinement, and a final check without further pose optimization.
This design avoids reliance on training pairs or identical intensities and makes
unresolved ambiguity an explicit output. Tests on carbonate, sandstone, and
shale tomograms support the combined workflow under the evaluated conditions,
while component diagnostics delimit its demonstrated benefits.
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1 Introduction

X-ray micro-computed tomography (micro-CT) provides non-destructive three-
dimensional observations of rock pores, grains, and mineral arrangement (Cnudde and
Boone 2013). Its field-of-view/resolution trade-off creates a data-integration problem:
high-resolution (HR) scans resolve fine pores and grain contacts within small volumes,
whereas low-resolution (LR) scans cover larger regions but suppress fine structure.
Digital-rock workflows combine these observations to map local information into a
larger domain, support property estimation, and construct paired data for super-
resolution (Botha and Sheppard 2016; Niu et al. 2022). Such uses first require a reliable
spatial correspondence between the acquisitions.

Registration is therefore more than a visualization step. A wrong placement can
associate fine-scale structure with the wrong coarse-scale neighbourhood or create an
incorrect image pair for subsequent analysis. A useful computational workflow must
expose both its recovered transformation and cases in which the images do not support
a sufficiently distinct placement. This study addresses that registration and return
decision; it does not evaluate downstream permeability prediction or super-resolution
training.

Registration must accommodate unknown pose, scale, partial overlap, and
acquisition-dependent appearance. Coarse sampling also removes or merges visible
structures (Fig. 1); identical intensities or one-to-one pore correspondence cannot be
assumed. Repeated pore–grain patterns compound this difficulty by supporting several
plausible placements.

Material-registration workflows, including multistart microscopy–CT alignment
and digital volume correlation, generally target comparable textures, nearby states,
or useful initialization (Latham et al. 2008; Bay et al. 1999; Hall et al. 2010; Tudisco
et al. 2017; Buljac et al. 2018), rather than global HR/LR alignment with unknown
overlap.

Pyramids, mutual information, and descriptors can accommodate changes in
appearance (Viola and Wells 1997; Pluim et al. 2003; Klein et al. 2010; Heinrich et al.
2012; Ojala et al. 2002), but broad Sim(3) search remains non-convex. Learned regis-
tration uses supervision or image-similarity losses, with coarse-to-fine and transformer
architectures (Hu et al. 2018; Balakrishnan et al. 2019; Mok and Chung 2020; Chen
et al. 2022). Transfer requires representative data, scarce for aligned HR/LR rocks,
whose repeated textures lack the anatomical organization common in medical images.

Geometric methods avoid identical-intensity assumptions: ICP refines nearby
poses, FPFH–RANSAC proposes sparse matches, and 4PCS or geometric hashing
searches preserved configurations (Besl and McKay 1992; Rusu et al. 2009; Fischler
and Bolles 1981; Aiger et al. 2008; Mellado et al. 2014; Lamdan and Wolfson 1988).
We combine scale-space structure sizes (Lindeberg 1998) with closed-form transforms
from triples (Umeyama 1991), retaining competing placements rather than assuming
geometric agreement identifies a unique pose.

Volumetric SIFT and Fourier–Mellin search offer global alternatives (Rister et al.
2017; Reddy and Chatterji 1996), although cropped support complicates matching.
TEASER robustly estimates transforms from putative correspondences (Yang et al.
2021). Learned sparse matchers include 3DMatch and D3Feat (Zeng et al. 2017; Bai
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Fig. 1 Resolution-dependent appearance in corresponding central slices from an aligned HR/LR
rock pair. The LR slice is displayed on the HR grid by nearest-neighbour replication for visualization
only. Numbered regions show (1) fine-detail loss, (2) apparent merging, (3) apparent splitting, and
(4) boundary smoothing. Merging and splitting describe appearance in the displayed section, not
measured pore-topology changes. Scale bars: 300 µm

et al. 2020); PREDATOR and GeoTransformer add overlap or geometric context
(Huang et al. 2021; Qin et al. 2022). Their same-scale surface benchmarks differ from
unknown-scale volumetric rock registration; confidence-ranked output also differs from
separately checked selective return.

Pose generation and selective return are distinct tasks. RANSAC and MLESAC
reuse the correspondences that form hypotheses (Fischler and Bolles 1981; Torr and
Zisserman 2000); an image score likewise ceases to be a separate check when its voxels
fit, select, or refine the pose. Following selective prediction (Chow 1970; Geifman and
El-Yaniv 2017), we combine branch-aware global proposal with three-region evidence:
V1 fits appearance, V2 ranks branches, V1 ∪ V2 supports refinement, and reserved V3

checks the final pose. The main contribution is a computational procedure that retains
competing global explanations of cross-resolution rock structure until image evidence
supports a selective return. It integrates relative scale-space triples, pose branches,
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and spatially separated forward evidence. Triples provide complete pose hypotheses
without an initial alignment; branches preserve alternatives that repeated structures
make geometrically plausible; image evidence then supports selection and a separate
return decision. Geometric proposal uses the full images, so spatial separation does not
establish statistical independence. We evaluate the combined procedure and its failure
stages; the experiments do not establish a separate accuracy gain for every component.

The remainder of this article is organized as follows. Section 2 presents geo-
metric proposal, branch formation, appearance-based selection, local refinement, and
final verification. Section 3 describes the acquisitions, evaluation cohorts, error mea-
sures, and comparison implementations. Section 4 analyzes branch decisions, negative
controls, limited support, scale recovery, and the trade-off between registration reli-
ability and computational cost. Section 5 summarizes the algorithmic contribution,
experimental support, and priorities for further development.

2 Method

2.1 Problem formulation and coordinates

Let Vm and Vf denote moving and fixed three-dimensional grey-scale images. HR is
moving and LR is fixed for cross-resolution pairs. Their array sizes, fields of view, voxel
spacings, and origins may differ. The desired moving-to-fixed similarity transform is

y = T (x) = sRx+ t, s > 0, R ∈ SO(3), t ∈ R
3. (1)

Fixed-grid resampling uses the inverse map,

IT (y) = WT Vm(y) = Vm

(
T −1(y)

)
. (2)

When reliable spacings are available, low-pass filtering and resampling place both
images on one physical grid before registration. Estimated s then represents residual
isotropic physical mismatch, not the known sampling ratio. Without reliable spacings,
processing uses native voxel coordinates and s combines unknown sampling ratio with
physical size change; it cannot then be interpreted as specimen dilation or shrinkage.

2.2 Global proposal and pose branches

Seven Gaussian levels generate six difference-of-Gaussian (DoG) volumes:

σi = 1.35i (i = 0, . . . , 6),

Di(p) = σ2
i [(Gσi

∗ V )(p)− (Gσi+1
∗ V )(p)], i = 0, . . . , 5.

(3)

Bright and dark extrema at the four interior DoG levels receive a quadratic position
correction limited to half a voxel; suppression uses a 1.5-voxel radius. At most N = 128
points, each with position p and selected scale σ, are retained. This fixed computa-
tional budget balances shared-structure coverage against the

(
N
3

)
triple count and is

not an intrinsic rock property.
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An extremum is compared with the surrounding 3 × 3 × 3 positions at its own
DoG level and the corresponding neighbourhoods at the two adjacent levels. Max-
ima and minima detect bright and dark structures without one global segmentation
threshold. The selected σ is a relative structure-size cue, not an exact pore radius.
Blur, reconstruction, and the finite set of levels can change the selected scale even at
corresponding locations.

Each unordered triple is indexed by its sorted edge lengths e1 ≤ e2 ≤ e3. The
vertex opposite ei is vi, which fixes vertex order without testing six permutations. We
discard small, nearly collinear, or edge-order-unstable triples using

e1 > 5, e3 < 0.95(e1 + e2), e2 − e1 > 0.08e3, e3 − e2 > 0.08e3. (4)

Lengths are measured in working-grid voxels. The relative signature is

ϕ(Q) =

(
log

e2
e1

, log
e3
e1

, log
σv1

e1
, log

σv2

e1
, log

σv3

e1

)
. (5)

The first two components are similarity invariants; the final three are approximate
size cues affected by sampling and blur. Signatures are compared by

dϕ = ∥W (ϕf − ϕm)∥2, W = diag(0.08−1, 0.08−1, 0.15−1, 0.15−1, 0.15−1). (6)

The threshold dϕ ≤
√
5 bounds RMS normalized discrepancy by one, not each com-

ponent separately. A k-d tree retrieves at most six nearest eligible fixed signatures per
moving triple. Ordered vertices define a candidate through

min
s>0,R∈SO(3), t

3∑

i=1

∥yi − (sRxi + t)∥22, (7)

solved in closed form (Umeyama 1991).
Triple enumeration is performed separately in each image, with at most 341,376

triples for 128 detections before pruning. It is not an exhaustive comparison of all
moving/fixed triple pairs. Signature retrieval supplies ordered point correspondences,
and the closed-form fit converts each match into one complete similarity hypothesis.
Under ideal rescaling, both structure size and edge length change by the same fac-
tor; cross-resolution sampling need not obey this idealization, motivating the looser
tolerances on the three size cues.

Candidates are ranked with all detected structures. A transformed moving point
contributes only when it and its nearest fixed point are mutual nearest neighbours.
With residual di, reciprocity indicator µi, and one working-grid voxel h, support is

Sgeom(T ) =
∑

i

µi(T ) exp[−di(T )2/(2h2)]. (8)
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Table 1 Roles of the guarded evidence regions. Separation is spatial and procedural, not a claim
of statistical independence.

Region Permitted use Output

V1 Fit the intensity map Appearance model; fitting residual does not rank
poses

V2 Rank and refine Selection score ρ2 and top-two margin
V3 Evaluate once after refine-

ment
Final score ρ3; no pose change

The first 10,000 candidates are scanned in decreasing support. Candidates Ti =
(si,Ri, ti) and Tj share a branch only if

dR(Ri,Rj) < 5◦, ∥Ti(xctr
m )− Tj(xctr

m )∥2 < 2h, | log(si/sj)| < 0.05. (9)

Comparing the transformed moving centre avoids origin-dependent translation vectors.
At most 32 branches and four members per branch preserve distinct placements and
nearby starting poses.

Reciprocity prevents several moving detections from simultaneously claiming the
same fixed structure, but does not make a correspondence geometrically correct. Like-
wise, branch formation is a search-budget allocation rule, not a posterior distribution
over poses. Multiple branches retain distinct placements; multiple members within a
branch provide alternative local starting points. The transformed centre in Eq. (9) is
used only to compare displacement and does not constrain the rotation axis.

2.3 Spatially separated evidence

Each candidate’s valid fixed-grid overlap Λ(T ) is split along its longest occupied axis
into three regions (Fig. 2) with the roles in Table 1.

Adjacent regions have eight-voxel guards, matching the radius ⌈3τ⌉ of the widest
Gaussian channel (τ = 2.5). Feasible cuts first maximize the smallest region and then
retained volume; boundaries remain fixed in the fixed-image frame. Scoring requires
at least 800 overlap voxels, 40% coverage of the smaller common-grid domain, and 400
valid voxels in V1 and the evaluated region. Otherwise the method abstains.

2.3.1 Forward evidence and selection

The transformed moving image is represented by one unblurred and three Gaussian-
smoothed channels,

Xk(y; T ) = (Gτk ∗ IT )(y), τk ∈ {0, 0.75, 1.5, 2.5}. (10)

A nonnegative linear combination predicts fixed intensity:

V̂f (y) = b+
3∑

k=0

akXk(y; T ), ak ≥ 0. (11)
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Fig. 2 Candidate-specific overlap and three-region split for an MRCCM–MEC case with target
overlap 0.70. The grey slabs are eight-voxel guards. V1 fits the appearance model, V2 supports selection
and refinement, and V3 is reserved for verification

Coefficients are fitted only on V1 by

(̂b1, â1) = argmin
b,a≥0

∑

y∈V1

[
Vf (y)− b−

3∑

k=0

akXk(y; T )

]2

+ λ∥a∥22. (12)

Here λ is 10−4 times the mean non-intercept diagonal of the active feature Gram
matrix; the intercept is unpenalized. Predictive evidence on Vj is

ρj(T ) = 1− Vary∈Vj
[Vf (y)− V̂f (y; â1, b̂1)]

Vary∈Vj
[Vf (y)]

. (13)
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This score measures residual-variance reduction, ignores mean residual bias, and may
be negative; it is not a probability. The 0.30 threshold requires a 30% reduction relative
to fixed-image variance. Its suitability was not calibrated for low-SNR or artifact-heavy
acquisitions, and the score has no corresponding upper bound under an incorrect pose.
The largest-ρ2 member represents each branch. The leading representative is rejected
below 0.30 and is not selected when no finite score exists or, with at least two finite
representatives, the top-two margin is below 0.05. These are developmental operating
thresholds rather than correctness bounds.

When exactly one finite branch score remains above threshold, selection proceeds
without a margin test. Rejection denotes a finite score below its threshold; abstention
denotes missing support or unresolved competition. Both outcomes return no trans-
formation. The appearance weights are refitted for each candidate on V1, not shared
across candidates; its fitting residual never determines their order.

2.3.2 Refinement and reserved verification

For each image and radius r ∈ {1, 2, 4}, local intensities are standardized:

zr(y) =
V (y)− µr(y)√

max{Varr[V ](y), 10−6}
. (14)

The vector (z1, z2, z4) is clipped to [−5, 5] and ℓ2-normalized voxelwise. Valid fixed
and transformed-moving dot products are averaged over 53 neighbourhoods to obtain
c̄, excluding neighbourhoods with less than half valid support. If Γ(T ) is the valid part
of V1 ∪ V2 and q its valid fraction, refinement maximizes

J(T ) = q(T )1/2
1

|Γ(T )|
∑

y∈Γ(T )

c̄(y; T ). (15)

Adam updates rotation vector, translation, and log scale for 200 steps with learning
rates 0.01, 0.1, and 0.002. The best pose is retained. Spatial partition boundaries are
fixed, and V3 never affects parameters or stopping.

Gradients are computed by automatic differentiation through trilinear sampling
of the fixed feature field at transformed moving-grid locations. Translation updates
use working-grid voxels, and the log-scale parameter maintains positive scale. The
validity masks are held fixed within each objective evaluation. The valid-fraction factor
discourages improving the score merely by reducing the region over which agreement
is measured.

At the refined pose, channels are regenerated and coefficients are refitted on the
valid part of the original V1. The model is evaluated once on the original V3; the pose
is accepted when

ρ3(T̂ ) ≥ 0.30. (16)

Insufficient data causes abstention and a lower finite score causes rejection. Reserved
verification excludes appearance fitting, forward-score selection, and refinement from
its evaluation region. Detection and geometric proposal still use the full images, so
neither statistical independence nor geometric correctness is guaranteed.
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Table 2 Frozen primary settings and algorithmic roles.

Setting Primary value Role

DoG levels / point budget 7 / N = 128 Detection / proposal capacity
Candidate scan / branches / members 10,000 / 32 / 4 Branch-retention budgets
Forward blur channels 0, 0.75, 1.5, 2.5 voxels Appearance family
Guard / minimum region 8 / 400 voxels Prevent leakage / require evidence
Minimum overlap fraction 0.40 Candidate support
ρ2 / top-two margin 0.30 / 0.05 Selection / ambiguity control
Refinement steps 200 Local optimization
ρ3 0.30 Reserved verification

2.4 Complete procedure

Algorithm 1 summarizes the workflow; Table 2 lists settings held fixed across all 383
primary cases.

Algorithm 1 Branch-aware selective Sim(3) registration

Require: moving volume Vm, fixed volume Vf , optional voxel spacings

Ensure: accepted pose T̂ , rejection, or abstention
1: normalize reliable spacings; detect and match scale-space triples
2: estimate candidates, rank geometric support, and form pose branches
3: for all retained candidates T do
4: construct guarded (V1,V2,V3)
5: if valid, fit on V1 and score ρ2 on V2
6: end for
7: retain the largest-ρ2 member per branch and rank representatives

8: if no finite ρ2, ρ
(1)
2 < 0.30, or finite top-two margin < 0.05 then

9: return abstention or rejection as applicable
10: end if
11: freeze the partition and refine on V1 ∪ V2
12: refit on V1 and evaluate ρ3 once on V3
13: if ρ3 ≥ 0.30 then

14: return accepted pose T̂
15: else
16: return abstention or rejection as applicable
17: end if

3 Evaluation design

3.1 Data and cohorts

Tomograms span carbonate (MRCCM–MEC/ILS), sandstone (Berea and Ben-
theimer), and shale (Green River GRS01) (Alqahtani et al. 2021; Goldfarb et al. 2021;
Renard and McBeck 2018; Jackson et al. 2021). MRCCM and Bentheimer have cali-
brated spacings; Berea’s three acquisition conditions use uncalibrated native grids and
are excluded from physical-error pooling. GRS01 contains sequential states.

The 383 primary trials use 11 acquisition pairs (Table 3), each with eight
non-overlapping fixed source blocks. Moving and fixed crops come from distinct
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Table 3 Primary cohort. Spacing is moving/fixed in µm per voxel; “native” denotes equal
uncalibrated grid units. Size is moving/fixed in voxels. The final column is returned/correct.

Pair Material or condition Spacing Size Cases Returned/correct

MRCCM–MEC carbonate 2.68/10.72 1923/643 41 38/38

MRCCM–ILS Indiana limestone 2.68/10.72 1923/643 41 40/40

Green River GRS01 shale, states 01/02-LR4 5.98/23.92 1923/643 41 41/41

Core 1, subvolume 1 Bentheimer sandstone 2/6 2883/1123 25 25/25

Core 1, subvolume 2 Bentheimer sandstone 2/6 2883/1123 25 24/24

Core 2, subvolume 1 Bentheimer sandstone 2/6 2883/1123 25 25/25

Core 2, subvolume 2 Bentheimer sandstone 2/6 2883/1123 25 25/25

Berea left–500 projections Berea sandstone native/native 963/1283 40 40/40

Berea right–500 projections Berea sandstone native/native 963/1283 40 38/38

Berea left–0.75-mm Cu Berea sandstone native/native 963/1283 40 40/40

Berea right–0.75-mm Cu Berea sandstone native/native 963/1283 40 39/39

Total 383 375/375

acquisitions, not one resampled image. Seeded rotations, crops, and target over-
laps 0.50/0.70/0.90 were hidden from registration; unreachable overlaps reduced case
counts. Unequal-spacing trials comprise 182 native pairs and 41 GRS01 state-01/state-
02 trials with state 02 coarsened fourfold; 160 Berea trials use equal-grid acquisitions.
Cases share acquisitions and rotations and are not independent specimens.

Injected transforms are exact only conditional on inherited acquisition alignment,
whose uncertainty is unavailable for MRCCM and Bentheimer. GRS01 may retain
local deformation outside Sim(3). Errors therefore do not measure absolute material-
point accuracy. Sixteen reused primary rotations span 66.4–178.0◦, with none below
60◦.

Primary and comparison transforms have s⋆ = 1 and sampling ratios 1/3/4; the
proposed method still estimates scale. Known spacing ratios, detector cues σvi

/e1, and
residual physical scale are distinct. A controlled diagnostic renders one 6µm CT at
five scales s⋆ ∈ {0.85, 0.925, 1.00, 1.075, 1.15} for three rotations. Within each rotation,
crops and full overlap are fixed; only scale changes.

Post-hoc studies test stage responsibility (18 cases), cross-specimen rejection (100
cases per cohort), and domain size (24 cases). Protocols accompany the results. A
controlled branch-retention study uses a fixed, outcome-independent 22-case subset
of the primary cohort (Section 4.2). Separate low-overlap tuning/evaluation sets each
have 44 cases from separate blocks of the same 11 pairs. These studies are diagnostic,
not confirmatory; any negative-control return is false.

3.2 Outcomes and implementations

Except for threshold tuning, truth is used only after registration. Error ec is RMS
moving-corner displacement between estimated and true poses in fixed-grid voxels,
combining translation, rotation, and scale. Correctness requires ec ≤ 2, equivalent
to 12–47.84µm or six/eight moving voxels when calibrated, and two native units for
Berea. Secondary errors are rotation eR and relative scale es = s/s⋆ − 1, reported
as |es|. Coverage is returns/cases, selective accuracy is correct/returned, and uncon-
ditional success is correct/cases. Correlation precludes population-level interpretation
of case-level binomial intervals.

10
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All six implementations share 50 unit-scale cases at target overlap 0.70 from seven
supported pairs; comparison success requires both ec ≤ 2 and eR ≤ 2◦, counting non-
returns as failures. Comparators are Mattes mutual information (Mattes et al. 2001),
FPFH–RANSAC–ICP (Rusu et al. 2009; Fischler and Bolles 1981; Besl and McKay
1992), OpenGR Super4PCS–ICP (Mellado et al. 2014), GeoTransformer (Qin et al.
2022), and an internal dense search-strength control. Table 10 specifies implementa-
tions. All received declared spacings without case-specific retuning. Runtime covers
loading through return, excluding interpreter startup, with CUDA synchronization for
the proposed method. On one Windows 11/RTX 5090 workstation, it and GeoTrans-
former used the GPU; Mattes, Open3D, and OpenGR used CPU execution. These are
implementation times, not hardware-independent complexity. Resource profiling used
one MRCCM–MEC warm-up and three isolated-process runs.

4 Results and discussion

4.1 Registration accuracy and branch selection

The primary result is selective reliability, not universal recovery: the method returned
375 of 383 poses, all correct, but eight cases remained unresolved. Coverage and
unconditional success were 97.91%, versus 100% selective accuracy; pair-level coverage
ranged from 92.68% to 100% (Table 3). Returned-pose ec had median and 95th-
percentile values of 0.760 and 1.428 fixed-grid voxels; the 218 calibrated returns gave
8.2 and 27.0 µm, respectively. These errors measure alignment recovery, not whether
every HR-resolved pore has an LR counterpart.

The decision sequence explains the non-returns (Fig. 3). Within-tolerance repre-
sentatives existed in 379 cases and led in 375. The margin rule withheld two correct
leaders and all four ranking reversals. Of four cases without a correct representative,
refinement recovered two and low ρ2 rejected two. Thus early ambiguity control pro-
tected against incorrect leaders but also withheld recoverable poses. No selected pose
failed V3; this strongly filtered subset cannot establish its incremental benefit.

These outcomes explain why geometry and image evidence have different roles.
Relative triples supply global starting poses without requiring equal grey levels, while
branch retention keeps distinct placements available for later comparison. The appear-
ance model tests those placements using surrounding volume content rather than only
the three matched points. Its practical advantage is to accommodate blur and inten-
sity response without demanding one-to-one correspondence between every resolved
pore. The high frequency of retained correct representatives shows that this proposal-
to-selection path was viable in the primary cohort; it does not isolate the benefit of
each component. The controlled branch-retention comparison below tests one such
component on a fixed subset.

Absolute evidence cannot replace branch comparison. The highest outside-
tolerance scores had median/maximum 0.613/0.962; 324, 77, and 14 of 383 exceeded
0.30, 0.80, and 0.90. Most were nearby alternatives: 310/324 above 0.30 were within
10◦, five centre-displacement voxels, and | log(s/s⋆)| ≤ 0.05; only one exceeded the
rotation or centre bound. A continuous appearance score therefore overlaps the hard
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Fig. 3 Pre-refinement evidence among 32 branches per case. Each branch is represented by its
highest-ρ2 member and labelled by whether ec ≤ 2. (a) Per-case maxima; four cases lacked a within-
tolerance representative. (b) The 379 paired cases; the within-tolerance score led in 375. Squares mark
six abstentions. Lines show equal scores and a 0.05 lead

geometric boundary; high evidence need not imply either correctness or a distant
structural alias.

The four margin-intercepted reversals had ec = 2.13 or 4.25–9.76, rotation error
at most 7.54◦, centre displacement at most 4.06 voxels, and | log(s/s⋆)| < 0.033. The
margin detects competition between plausible poses, not their eventual refinement
outcome: these candidates were withheld, so their attraction basins remain unknown.

Figure 4 shows the registration result directly: three-dimensional isosurfaces of the
fixed LR and moving HR volumes are overlaid before and after registration, using the
same view and physical coordinate limits. The returned transform has ec = 0.832 fixed-
grid voxels. The rendering shows the recovered spatial placement and partial overlap;
resolution-dependent surface differences are not geometric-error measurements.

4.2 Controlled branch-retention comparison

To isolate retention of competing branches, we froze a 22-case subset before running
either comparison arm: one case at each target overlap 0.50 and 0.70 from each of the 11
acquisition pairs. Within each pair/overlap stratum, the case with the smallest SHA-
256 hash of esin-branch-retention-20260928:pair:case id was selected, using
the pair identifiers recorded with the reproducibility files. Outcomes were not used for
selection. These are reused acquisitions, not an independent validation cohort.

Both arms use exactly the same geometric proposal pool and full 32-branch clus-
tering, with up to four members per branch. The single-branch arm retains only the
first branch in geometric-support order; the other retains all 32. Members are not
reassigned when branches are discarded. Appearance scoring, 200-step refinement, sup-
port requirements, and the 0.30 selection and final evidence thresholds are identical.
Inter-branch margin screening is disabled in both arms because it is undefined for a
single branch. This isolates retention under a common decision rule, not the complete
primary selective policy. Recomputed scores of shared first-branch members agreed
within 10−5 in every pair of runs.
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Fig. 4 Three-dimensional registration of MRCCM–MEC case case-02c7ab44a4aa: (a) identity place-
ment and (b) the returned similarity transform. Blue denotes the fixed LR volume and orange the
moving HR volume; wireframes mark their array extents. Both volumes are represented on the
10.72 µm common grid. Isosurfaces are extracted once at each volume’s Otsu threshold by marching
cubes with a two-voxel sampling step; the same moving mesh is transformed for panel (b). Thresholds,
opacities (fixed 0.18, moving 0.50), orthographic view, and axis limits are unchanged between panels.
Full extents are shown, including non-overlapping regions. These surfaces visualize intensity struc-
ture, not validated pore segmentation or pointwise correspondence. Identity placement is a display
baseline, not an initialization supplied to the algorithm. This is the first accepted case in ascending
ID order; replay matched the stored decision and pose metrics. Coordinates are in µm

Table 4 Paired branch-retention ablation on 22 fixed cases. Correct-candidate retention means at
least one within-tolerance member was retained before refinement. Margin screening is disabled in
both arms. Times are descriptive single-run measurements with the shared proposal/clustering cost
added to the cached single-branch execution, not independent end-to-end benchmarks.

Retained branches
Correct candidate

retained Returned Correct Incorrect
Median accounted

time (s)

First geometric branch 22/22 22/22 22 0 83.51
All 32 branches 22/22 22/22 22 0 95.23

Both arms returned all 22 cases correctly (Table 4). The first branch already
contained a correct member in every case, and both arms selected the same start-
ing candidate for refinement. Restoring the primary 0.05 margin by decision replay
changed none of these returns. Thus this subset shows no incremental recall or
correct-return benefit from multiple branches. Its measured overhead reflects evaluat-
ing alternatives that did not change the selected pose. Timings use one run per arm,
always multiple branches first, and include diagnostic work; cache and execution-order
effects preclude a general speed comparison. The result does not establish equivalence
on ambiguous or low-recall cases, nor does it test the benefit of the ambiguity mar-
gin. Broader outcome-independent cohorts are needed to estimate when additional
branches justify their cost.
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Table 5 Decision-rule replay on 18 matched refined poses, not complete method reruns. “Pre”
applies score 0.30 and margin 0.05; post-refinement thresholds are 0.30. The three-way region was
not reserved during two-way refinement.

Return rule Cases Returned
Returned

correct/incorrect
Correct

not returned

No score threshold 18 18 16/2 0
Two-way pre-refinement V2 18 13 13/0 3
Two-way post-refinement V2 18 16 16/0 0
Both two-way V2 rules 18 13 13/0 3
Post-refinement V3 only 18 16 16/0 0

4.3 Decision timing and regional verification

Verification does not itself improve a pose: it changes only whether that pose is
returned. Its value must therefore be assessed through decisions on correct and incor-
rect poses, rather than a rise in median score. The 18-case diagnostic examines decision
timing at matched refined poses (Table 5). Early screening withheld three poses that
were correct after permissive refinement; either post-refinement check retained all 16
correct poses and rejected two incorrect ones. This supports testing delayed deci-
sions for borderline candidates, but not removing early screening globally: the cohort
deliberately overrepresents primary non-returns.

It includes all eight primary non-returns and two correct returns per affected pair.
Controls are the first two cases after ascending SHA-256 sorting of 20260916:case id.
The two-way protocol splits valid overlap at the median coordinate on its longest
axis, retaining coordinates ≤ c− 8 and > c+ 8. Reversing that axis and recomputing
the split exchanges the fitting direction; the two finite forward scores are averaged.
Permissive refinement runs for 200 steps without a reserved third region. Three-way
rescoring of the resulting poses is therefore diagnostic, not independent verification.

This replay is not a clean ablation of decision timing: two-way partitioning also
moved three previously subthreshold margins above 0.05. Changing the partition
changes both the available evidence and the decision, so thresholds cannot be trans-
ferred between partitions without calibration. At the matched refined poses, all-overlap
fitting, V1 →V2, V1 →V3, and exchanged two-fold fitting made identical decisions at
0.30. Thus this cohort provides no observed accuracy gain from regional separation
and does not independently test the primary reserved-region protocol. That protocol
limits reuse of optimization evidence, but costs usable support and, below, one correct
low-overlap return.

4.4 Cross-specimen rejection performance

Cross-specimen negatives test whether shared rock appearance alone can trigger a
return. Both cohorts failed V2 (Table 6); the matched Bentheimer geometry rules out
different array sizes or voxel spacings as the explanation for rejection. However, cross-
core non-correspondence need not be as difficult as a nearby wrong placement within
one specimen, where overlapping structures can sustain high scores.
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Table 6 Cross-specimen controls: (a) primary decisions and (b) score distributions, including
forced refinement. Geometry-matched positive counterparts returned 99/100 correct poses.

(a) Primary outcomes

Cohort Cases Primary outcomes False accepts

Unrelated lithology 100 100 V2 rejections 0
Same lithology, Core
1/Core 2

100 100 V2 rejections 0

(b) Score distributions

Cohort Score Finite Minimum Median 95th percentile Maximum ≥ 0.30

Unrelated lithology Leading pre-refinement ρ2 100 – 0.0174 0.0484 0.0752 0
Same lithology Leading pre-refinement ρ2 100 0.0010 0.0134 0.0374 0.0453 0
Same lithology Reused post-refinement ρ2 100 −0.0113 0.0133 0.0456 0.0627 0
Same lithology Reserved post-refinement ρ3 100 −0.1416 −0.0066 0.0110 0.0623 0

Each cohort contains four pairings with 25 crops each. Unrelated pairings cross
two calcareous-shale moving volumes with two MRCCM fixed scans. Same-lithology
pairings cross two Bentheimer Core 1 with two Core 2 subvolumes, retaining primary
2883/1123 dimensions and 2/6-µm spacings. Both use a 6µm evidence grid. The forced
same-lithology test bypasses score and margin gates, refines each leading branch for
200 steps, and applies threshold 0.30 to both reused and reserved scores.

Bypassing selection exposed every leading same-lithology branch to refinement, yet
both reused and reserved scores remained far below 0.30. Rejection is therefore not
merely a consequence of stopping early, but neither check uniquely prevented a false
acceptance. These controls establish rejection for the tested pairings, not a population
error rate: each cohort has 25 correlated crops per pairing, so a binomial bound treating
all 100 cases as independent would overstate the information available.

4.5 Rotation, overlap, and proposal recall

Table 7 reports performance across primary rotation and overlap strata. Returns at
target overlaps 0.50, 0.70, and 0.90 were 171/176, 143/144, and 61/63, respectively.
Coverage does not increase monotonically with overlap, but these strata differ in case
composition and are not a controlled overlap sweep. Rotation coverage spans 96.55–
98.68%; the small number of unique rotations per bin precludes a reliable angle trend.

The low-overlap study asks whether reduced coverage comes from missing correct
proposals or rejecting available ones. Primary angle and overlap strata cannot isolate
these mechanisms because rotations are reused and case composition changes. On
separate tuning blocks, the margin and overlap support floor were set to 0.02 and 0.25;
these settings were frozen for evaluation on new blocks from the same acquisitions.

At target overlap 0.30 (realized 0.275–0.332), the decisive loss occurred before
image-based selection: correct-mode recall was 33/44, conditional ranking/refinement
success was 33/33, and final acceptance was 32/33 (Table 8). All 11 low-ρ2 rejec-
tions coincided with missing correct modes. The tested threshold relaxations did not
recover them; tightening ρ2 to 0.50 instead lost another correct return. The observed
bottleneck is retained proposal recall, not a finely balanced acceptance threshold.

15



691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736

Table 7 Primary rotation and overlap strata under frozen settings. All returns were correct.
Rotation matrices are reused across acquisitions and blocks.

Factor Level Unique rotations Returned/cases Coverage

Rotation [60, 90)◦ 2 56/58 96.55%
[90, 120)◦ 7 167/170 98.24%
[120, 150)◦ 4 77/79 97.47%
[150, 180]◦ 3 75/76 98.68%

Target overlap 0.50 – 171/176 97.16%
0.70 – 143/144 99.31%
0.90 – 61/63 96.83%

Table 8 Low-overlap stages and one-factor sensitivity. Evaluation blocks were excluded from
tuning. Unvaried thresholds in (b) remain (ρ2,∆ρ2, ρ3) = (0.30, 0.02, 0.30).

(a) Stage outcomes

Subset Cases
Correct mode

recalled
Geometry top

correct
Forward/refined

top correct Returned/correct Low-ρ2 reject V3 reject

Threshold selection 44 37 29 37 37/37 7 0
Evaluation blocks 44 33 30 33 32/32 11 1

(b) One-factor sensitivity on the 44 evaluation blocks

Quantity varied Values tested Returned Correct/incorrect
Correct pose
not returned

ρ2 threshold 0.20, 0.25, 0.30, 0.35, 0.40, 0.45 32 32/0 1
ρ2 threshold 0.50 31 31/0 2
Top-two margin ∆ρ2 0, 0.005, 0.01, 0.02, 0.03, 0.05 32 32/0 1
ρ3 threshold 0.20, 0.25, 0.30, 0.35, 0.40, 0.45, 0.50 32 32/0 1

Low overlap also exposes the value of image evidence beyond geometric support.
Geometry ranked a correct mode first in 30/44 evaluation cases, whereas forward selec-
tion and refinement yielded correct poses in all 33 cases with a recalled correct mode.
The tuning blocks show the same pattern, 29 versus 37. This supports using image
content after geometric proposal; because the reported outcome combines selection
and refinement, it does not isolate the contribution of ρ2 ranking alone.

One plausible mechanism is combinatorial loss of shared structure: K common
detections permit at most

(
K
3

)
true triples, before geometric pruning and signa-

ture matching. Reduced overlap can remove this redundancy while non-overlapping
structures still compete for the fixed point and branch budgets. The audit does not
distinguish detection loss, failed matching, or discarding correct candidates during
truncation. Nor does successful final ranking exclude an upstream effect of partition
support on candidate scoring. These are hypotheses requiring stage-specific counts,
not established causes.

A small domain-size diagnostic reinforces the distinction between search and
score compatibility. One Berea pair used full-overlap native-grid domains 803/1283,
803/1603, 1603/2563, and 803/2563; each used 5◦, 10◦, 20◦, 30◦, 40◦ and 50◦ rotations
about z, y, x, z, y, x, respectively, 150 refinement steps, and otherwise primary settings.
The first three conditions returned all six poses correctly. The last retained no correct
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Table 9 Sampling strata (s⋆ = 1, confounded with acquisition pair) and controlled scale (one CT,
three rotations, full overlap). Medians use correct returns; ec is in fixed-grid voxels, uncalibrated for
Berea.

Quantity Level Cases Returned/correct Coverage Median ec Median eR Median |es|

Sampling ratio hf/hm 1, Berea native grid 160 157/157 98.12% 0.344 0.101◦ 0.094%
3, native Bentheimer 100 99/99 99.00% 0.845 0.079◦ 0.170%
4, native MRCCM 82 78/78 95.12% 1.072 0.359◦ 1.569%
4, coarsened GRS01 41 41/41 100.00% 1.050 0.140◦ 1.542%

Physical scale s⋆ 0.850 3 3/3 100% 0.103 0.122◦ 0.103%
0.925 3 3/3 100% 0.059 0.074◦ 0.035%
1.000 3 3/3 100% 0.088 0.097◦ 0.034%
1.075 3 3/3 100% 0.035 0.040◦ 0.014%
1.150 3 3/3 100% 0.027 0.028◦ 0.021%

representative despite true-pose ρ2 = 0.725–0.809. High true-pose evidence cannot
rescue a search that never presents that pose. This one-pair diagnostic defines no
universal breakdown ratio, but supports prioritizing proposal coverage over threshold
relaxation. A paired overlap sweep on held-out acquisitions should fix crop centre and
transform while recording detections, valid triples, retained modes, and downstream
decisions.

4.6 Sampling ratio and physical-scale recovery

Scale estimation and resolution tolerance are different tests (Table 9). Larger scale
errors in both ratio-4 strata are compatible with blur and coarse sampling disturbing
the detected σ/e1 cues even when geometric edge ratios remain invariant. However,
acquisition pair and sampling ratio are confounded, and no cue ablation identifies the
responsible component.

Conversely, successful recovery of all controlled non-unit scales shows that the
implementation is not restricted to s = 1. It does not resolve the cross-acquisition
problem: those images share one source CT and complete support. Their small errors
therefore cannot justify scale accuracy under partial overlap, changing reconstruction,
or local deformation. A matched resampling intervention plus signature ablation would
separate sampling effects from acquisition differences.

4.7 Reliability and computational cost

The same-case advantage concerns successful capture, not uniformly smaller errors
after success (Table 10). The proposed method registered all 50 cases, versus 43 for
dense search, yet dense search had the smaller conditional median ec. Comparing these
medians alone would hide its seven failures. The combined pipeline improves reliability
here, but this comparison cannot attribute the gain separately to branching, scale
freedom, or verification. External results likewise concern bounded-search or zero-shot
implementations, not their best attainable performance after domain tuning.

Dense failures were not tolerance-edge effects: ec = 10.26–97.31 voxels and eR =
1.69◦–178.93◦. Its accepted incorrect output (case-444e8c7bae18, Berea right–0.75-
mm Cu) had ρ3 = 0.3011, ec = 48.18, eR = 178.93◦, and centre displacement 53.34
voxels. This orientation alias is compatible with local self-similarity, not evidence of a
particular pore periodicity. Because dense optimization used the full images, rescoring
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Table 10 Comparison on 50 common cases. Error medians use correct returns; time uses all cases.
Dense search tests 4096 Halton rotations and exhaustive integer FFT translations of three-channel
local contrast, reranks with the overlap-aware objective, and refines for 200 steps at unit scale
without rejection. Mattes uses a 4/2/1 pyramid, 24 cube rotations, and refinement of the best four
starts. FPFH uses Otsu surfaces, two-grid-voxel downsampling, 100,000 RANSAC trials, and ICP.
Super4PCS uses these surfaces, overlap 0.5, two-voxel tolerance, 1000 points, 60 s, and at most 100
point-to-plane ICP iterations. Both are rigid. GeoTransformer uses official 3DMatch weights
without retraining; proposed settings are in Table 2. Panel (b) rescores stored dense poses without
further optimization; its V3 voxels were used during dense search.

(a) Registration outcomes

Method Returned Correct Success Median ec Median eR Time (s)

Branch-aware selective Sim(3) 50/50 50/50 100% 0.832 0.138◦ 84.74
Dense SO(3)–FFT search control 50/50 43/50 86% 0.777 0.168◦ 25.66
Mattes MI (24-start diagnostic) 50/50 0/50 0% – – 27.33
FPFH–RANSAC–ICP 50/50 4/50 8% 0.778 0.649◦ 0.47
Super4PCS–ICP 50/50 3/50 6% 0.987 0.331◦ 61.91
GeoTransformer (3DMatch) 50/50 1/50 2% 1.767 0.680◦ 1.36

(b) Dense-control fixed-pose diagnostic

Dense output Cases Accepted Rejected Minimum ρ3 Median ρ3 Maximum ρ3

Correct 43 38 5 0.2364 0.7409 0.9461
Incorrect 7 1 6 0.0001 0.0155 0.3011

is not independent validation. Nevertheless, the overlap between correct and incorrect
scores demonstrates why the threshold cannot certify geometry; raising it to remove
this one failure would be post-hoc tuning, not transferable calibration.

Reliability costs time: the proposed median is 3.30 times dense search and 37%
above Super4PCS, whose 60-s budget was nearly exhausted in 39/50 cases (≥ 59 s). A
three-run MRCCM–MEC profile gave median wall/internal times 55.33/50.87 s, peak
process-tree RSS 4.94 GiB, and allocated/reserved CUDA peaks 235.5/366.0 MiB.
These measurements do not locate the dominant stage or establish large-volume scal-
ing. Profiling proposal enumeration and repeated candidate scoring should precede
pruning changes that could worsen the observed recall bottleneck.

5 Conclusions

Registering independently acquired rock tomograms requires both finding a global
alignment across resolution changes and deciding whether repeated structures leave
that alignment ambiguous. This work contributes a branch-aware formulation of selec-
tive global similarity registration: competing structural explanations remain explicit
until image evidence supports a placement and a return decision. The algorithmic dis-
tinction is that ambiguity is represented through retained pose branches and tested
during selection, rather than reduced to the score of a single winning sparse match.

Three connected mechanisms implement this formulation. Relative scale-space
triples combine triangle shape and approximate structure sizes to propose rotation,
translation, and scale jointly without an initial alignment. Branch retention keeps dis-
tinct placements available for comparison by a constrained appearance model that
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accommodates blur and intensity response. Absolute evidence and inter-branch sepa-
ration then determine whether a pose is refined and considered for return. Together,
these mechanisms connect cross-resolution global search to an explicit abstention
option without training data. The reserved final region separates the last check from
pose optimization; its incremental benefit remains unestablished, and its score does
not certify geometric correctness.

The experiments support the combined procedure: it returned 375 of 383 primary
poses, all correct under the stated criterion, and registered all 50 common comparison
cases, versus 43 for dense search and at most four for the external implementations
under their stated adaptation limits. Both cross-specimen negative cohorts produced
no false returns. The demonstrated advantage is reliable global recovery under the
tested conditions, rather than uniformly lower error or runtime. These comparisons
do not establish the separate contribution of every component, and the controlled 22-
case ablation found no additional correct returns from retaining multiple branches:
both arms selected the same initial candidates. The selected stage diagnostic likewise
showed no incremental accuracy gain from regional separation. These findings locate
the demonstrated contribution in the combined registration procedure, not a proven
advantage for every individual mechanism.

Failure analysis identifies two concrete priorities. Limited overlap primarily reduced
retained correct-mode recall, motivating better proposal coverage; early screening also
withheld recoverable poses, motivating refinement of borderline alternatives before a
final decision. Both changes must be tested against false returns and computational
cost. Validation on new acquisitions is needed to calibrate thresholds and support
requirements, and processing whole-plug volumes near 10003 remains untested beyond
the current maximum input of 2883.
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Green River shale (Renard and McBeck 2018), and multi-resolution Bentheimer
sandstone (Jackson et al. 2021). Persistent dataset identifiers are provided in the refer-
ence list. The public code repository provides a runnable three-dimensional example.
Derived benchmark manifests and machine-readable results are available from the
corresponding author on reasonable request.

Code availability

The implementation (Python 3.10 or later; PyTorch, NumPy, SciPy, and tifffile)
and a runnable three-dimensional HR/LR example are available at https://github.
com/XingyuZhuClearfi/rockreg-selective-sim3. The repository README documents
installation, inputs, outputs, and reproduction commands. Contact: Xingyu Zhu
(xingyu.zhu@kfupm.edu.sa).
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