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Highlights

What are the main findings?

• On CAS held-out regions, GSA + LOC added 17.9± 4.5 IoU points beyond anchoring
in SAT-to-UAV transfer; no statistically significant additional gain was observed in the
reverse direction.

• On CAS, scale anchoring and joint calibration account for most of the gains, with
stronger benefits in satellite/aerial-to-UAV transfer.

What are the implications of the main findings?

• Coordinating input scale and pseudo-label decisions offers a way to adapt existing
segmentation models without adding trainable parameters.

• Transfer benefits are stronger in the tested SAT-to-UAV settings; UAV-to-SAT gains
depend on the anchor, backbone and target collection and can be negative.

Abstract

Cross-sensor landslide mapping is limited by differences in image resolution and unreliable
target pseudo-labels. We present SCALAR (Scale Anchoring and Label-Free Recalibra-
tion), an unsupervised adaptation workflow built on an exponential-moving-average
teacher and ClassMix. GSD Anchoring (GSA) uses ground sampling distance metadata
for bounded resampling. Logit-Otsu Calibration (LOC) jointly adjusts the pseudo-label
boundary and relative retention margins. Ratio-Signed Regularization (RSR) makes these
margins asymmetric according to the target-to-anchor GSD ratio. It is exploratory; GSA +
LOC with symmetric margins is the recommended configuration. These modules introduce
no trainable parameters. In the primary CAS region-held-out evaluation across five seeds,
GSA + LOC increased the landslide intersection over union (IoU) by 17.9± 4.5 points
beyond scale anchoring when transferring satellite/aerial imagery (SAT) to unmanned
aerial vehicle imagery (UAV), with no resolved additional gain in UAV-to-SAT. At seed 0,
SAT-to-UAV threshold-independent average precision (AP) increased from 0.3484 for the
anchored source to 0.4809 with GSA + LOC on held-out regions, compared with an increase
from 0.6371 to 0.6495 under the original transductive protocol. Under that protocol, fixed-
checkpoint region-cluster bootstrap supported GSA gains in both directions and LOC gains
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only in SAT-to-UAV; RSR’s 95% intervals included zero in both directions. UAV-to-SAT
benefits varied across backbones, and negative transfer occurred in some tested settings.
The findings support coordinating scale and pseudo-label decisions within CAS while
identifying teacher reliability and target resolution as conditions to examine before broader
deployment.

Keywords: landslide mapping; unsupervised domain adaptation; cross-sensor transfer;
ground sampling distance; pseudo-label calibration

1. Introduction
Rapid landslide mapping after an earthquake or extreme rainfall supports emergency

response and damage assessment [1]. The first available imagery may come from an un-
manned aerial vehicle (UAV), satellite or airborne survey, with ground sampling distances
(GSDs) ranging from a few decimetres to several metres. Training annotations often come
from another region or platform, and preparing new labels delays the response. Models
therefore need to transfer to the available unlabelled imagery across both sensors and
regions [2].

Deep segmentation networks achieve strong within-domain results. SC-Net combines
structural feature enhancement with object-level contrastive learning and reports fore-
ground IoUs of 89.9% for UAV imagery and 79.8% for satellite imagery [3]. Random tile
splits, however, can place neighbouring parts of an orthomosaic in training and evaluation
sets. Spatial dependence can then make nonspatial validation optimistic for transfer to new
regions [4,5]. The Landslide4Sense benchmark combines satellite imagery and terrain infor-
mation [6]. Spatial generalisation is already recognised in its competition design: the 2022
competition evaluated performance beyond its four training sites [7]. Cross-sensor transfer
adds changes in platform and resolution. Our CAS evaluation finds a descriptive difference
of approximately 32–57 IoU points between random-split performance and source-model
performance under cross-sensor or leave-one-region-out (LORO) evaluation, depending
on the protocol and aggregation. The random-split reference may be optimistic, and this
difference combines spatial dependence with changes in the evaluation distribution rather
than isolating sensor transfer. These limitations motivate explicit transfer protocols.

Unsupervised domain adaptation (UDA) addresses transfer using unlabelled target im-
ages. FDA changes image appearance by exchanging low-frequency Fourier amplitudes [8],
whereas AdvEnt adversarially aligns weighted self-information maps [9]. Teacher-based ap-
proaches use pseudo-labels: DACS introduces cross-domain mixing [10], DAFormer adds
class-aware sampling [11], and MIC enforces masked-image consistency [12]. Landslide-
specific work spans different inputs and adaptation settings. Xu and colleagues combine
multiscale feature fusion and adversarial adaptation, then integrate their outputs with
geological and bitemporal information in a landslide-recognition workflow [13]. Prototype-
guided progressive learning uses cross-domain prototypes to generate domain-specific
pseudo-labels in bitemporal, multi-target landslide mapping [14]. IMMDA combines mask-
ing with morphological pseudo-label processing for cross-domain landslide extraction [15].
LandsDANet combines output-space adversarial learning, Wallis filtering, rare-class sam-
pling and contrastive learning for transfer between rainfall- and earthquake-induced land-
slides [16]. LMGAN harmonises images through spatial- and frequency-domain processing
while preserving boundaries [17]. For zero-shot transfer, GeoNeXt reports F1 scores of
approximately 74–78% on three independent datasets [18]. These approaches motivate
examining scale and teacher reliability alongside appearance and feature adaptation.
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Object scale changes substantially across the CAS image subsets. Although median
physical landslide sizes are in the tens of metres, the equivalent side length—the square
root of median connected-component area—ranges from approximately 8.1 to 132.5 pix-
els, a roughly 16-fold difference. Target landslides can therefore occupy pixel footprints
poorly represented in source training. Scale-aware remote-sensing pre-training addresses
resolution through GSD-dependent positional encodings and frequency reconstruction in
Scale-MAE [19], or contrastive and generative cross-scale objectives in Cross-Scale MAE [20].
When adapting an existing segmentation backbone, nominal GSD metadata also offers
a direct way to configure input scales. Bounded resampling can reduce scale mismatch
without another trainable network, while remaining limited by the detail present in the
original imagery.

Pseudo-label decisions present a second difficulty. Landslides occupy 7.5% of CAS
satellite/aerial pixels and 18.1% of UAV pixels, a roughly 2.4-fold difference. The source-
trained teacher under-detects landslides in our CAS coarse-to-fine experiments, so a fixed
threshold of 0.5 can reinforce missed detections during self-training. Prior correction is
well established under label-shift assumptions: posterior adjustment by EM [21] and Black
Box Shift Estimation (BBSE) [22] estimate target priors, and prior-ratio correction has also
been applied to semantic-segmentation UDA through classifier refinement or inference
adjustment [23]. Sensor transfer, however, changes more than class prevalence. We estimate
a binary boundary directly from the teacher’s unlabelled target scores, without assuming
pure label shift. The retention rule must change with that boundary: confidence weighting
changes loss contributions, reliability gates select pixels, and CBST’s class-wise normal-
isation can change both assignment and acceptance [24]. A calibrated assignment may
otherwise admit pixels that an unchanged absolute confidence gate still excludes. Task
structure provides another constraint on pseudo-label quality: Iqbal and colleagues refine
road pseudo-labels using connectivity [25]. We therefore ask what additional benefit itera-
tive adaptation provides beyond nominal-GSD resampling and inference-only threshold
recalibration, and how this benefit varies across transfer directions and evaluation settings.

We propose SCALAR (Scale Anchoring and Label-Free Recalibration), which coor-
dinates processing scale, pseudo-label assignment and retention within an EMA teacher–
ClassMix workflow (Figure 1). The recommended configuration uses symmetric retention;
the empirical directional gate is an exploratory extension. Neither adds trainable parame-
ters. Across five CAS seeds, the RSR-inclusive configuration increases mean IoU from 0.289
to 0.527 for SAT→UAV and from 0.235 to 0.374 for UAV→SAT, where SAT denotes satel-
lite/aerial imagery. These improvements over the native source include 17.9 and 4.6 IoU
points beyond scale anchoring, respectively. It exceeds seven comparator implementations
in SAT→UAV and performs comparably to AdvEnt + MinEnt in UAV→SAT.

SCALAR contributes a coordinated design for scale configuration and pseudo-label
decisions. GSD Anchoring (GSA) uses per-tile nominal-GSD metadata and bounded
resampling to move both domains towards a source-supported scale before pseudo-label
generation, while preserving the segmentation backbone. Logit-Otsu Calibration (LOC)
jointly updates the pseudo-label assignment boundary and relative retention margins.
Ratio-Signed Regularisation (RSR) is an optional, exploratory refinement that allocates
class-specific margins according to the target-to-anchor GSD ratio. Its small main-protocol
gains are not statistically significant, so it is excluded from the recommended configuration.
Protocol comparisons, component ablations, region-held-out and external evaluations, and
backbone analyses then distinguish within-domain accuracy from transfer performance and
characterise the design’s gains and failures across directions and target resolutions in the
tested settings. Adaptation gains are stronger in SAT-to-UAV transfer, whereas UAV-to-SAT
gains depend on the anchor, backbone and target collection and can be negative.

https://doi.org/10.3390/rs18213764

https://doi.org/10.3390/rs18213764


Remote Sens. 2026, 18, 3764 4 of 43

Figure 1. The evaluated RSR-inclusive configuration for SAT→UAV (r = 0.4). GSA rescales inputs;
LOC calibrates assignment and relative retention; RSR redistributes the margins. The recommended
GSA + LOC configuration uses symmetric margins and omits ratio-based redistribution. Examples
use CAS tiles and the initial GSA teacher; white/black/grey denote landslide/background/ignored
pixels. Inference restores student logits to the native grid and applies a probability threshold of 0.5.

Section 2 presents SCALAR, and Section 3 describes its evaluation. Sections 4 and 5
discuss the findings and conclude.

2. Method
2.1. Problem Formulation and Overview

We consider binary landslide segmentation with labelled source data
Ds = {(xs

i , ys
i , gs

i )}
Ns
i=1 and unlabelled target data Dt = {(xt

j , gt
j)}

Nt
j=1. Here x, y and g

denote an RGB tile, its binary mask and nominal GSD; labels 1 and 0 denote landslide and
background. Student fϕ produces logits ℓ = fϕ(x) and probabilities p = σ(ℓ). Target tiles
come from the protocol-specific adaptation pool P (Section 3.2).

Let g∗ be the source GSD anchor and g̃t the tile-count median GSD of the target
adaptation pool. The direction ratio r = g̃t/g∗ is 3/1 = 3 for main-protocol UAV→SAT and
0.2/0.5 = 0.4 for SAT→UAV. Equal tile weights reflect loader sampling, not area-neutral
terrain coverage, and depend on tile production. RSR uses this domain ratio; GSA uses each
tile’s GSD and LOC uses target scores. Alternative weightings are evaluated in Appendix D.

The reference loop combines an EMA teacher [26] with ClassMix [10,27]. The source-
trained student initialises teacher fψ, updated after each student step as ψ← αψ+ (1− α)ϕ,
with decay α. Weak views xw

s and xw
t use flips, rotations in 90◦ increments and mild

brightness perturbations; source masks receive the corresponding geometric transforms.
The teacher gives pt = σ( fψ(xw

t )). At pixel v, assignment uses ŷt(v) = 1[pt(v) > θ],
and retention uses mt(v) = 1[max{pt(v), 1− pt(v)} ≥ τ]. The reference loop uses native-
resolution inputs, θ = 0.5 and τ = 0.9. The two thresholds have different roles: θ assigns a
class, whereas τ determines whether that assignment can supervise the student. A pixel
can therefore receive a positive pseudo-label but contribute no target loss.

ClassMix pastes source landslide pixels selected by cs = 1[yw
s = 1], with their true

labels, into the target weak view. The mixed label map ŷm has retention mask mm =
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cs + (1 − cs)mt, keeping pasted source pixels supervised regardless of the target gate.
Strong photometric augmentation produces mixed input xstr

m . The student minimises

L = Lseg
(︁

fϕ(xw
s ), yw

s
)︁

+ λt L(mm)
seg

(︁
fϕ(xstr

m ), ŷm
)︁
.

(1)

where Lseg combines binary cross-entropy (BCE) and Dice over valid supervised pixels.
The superscript denotes the mixed-view retention mask mm. The term weighted by λt

supervises both pasted source annotations and retained target pseudo-labels, while the
first term preserves direct source supervision.

The recommended SCALAR adaptation configuration is GSA + LOC with symmetric
retention. RSR is evaluated as an exploratory extension, not a default component. In the
results, GSA + LOC denotes the recommended configuration and SCALAR denotes the
evaluated RSR-inclusive variant. GSA sets source-training and adaptation scales. LOC cali-
brates assignment and replaces absolute confidence filtering with symmetric logit margins
around the boundary. RSR redistributes those margins using sign(log r). The ablation se-
quence is reference loop→ GSA + reference loop (DACS-style)→ GSA + LOC→ SCALAR.
No trainable parameters or deployed architectural components are added.

2.2. GSD Anchoring (GSA)

GSA uses nominal GSD to configure source and target scales before pseudo-label
generation and ClassMix (Figure 2). Unlike random scale augmentation, it specifies the
resampling direction and magnitude for each tile.

The anchor g∗ is the source nominal GSD nearest to the target median GSD on a log
scale: 1 m for UAV→SAT and 0.5 m for SAT→UAV. Choosing from the available source
GSDs keeps the anchor at a resolution represented by labelled source examples. Selection
uses only GSD metadata and target tile counts.

Each source or target tile x is resized according to its own GSD gx:

s(x) = clip
(︃

gx

g∗
, 1

4 , 2
)︃

. (2)

Images use bilinear interpolation and masks use nearest-neighbour interpolation. This rule
applies during source training, adaptation and inference. Training crops of 512× 512 pixels
are sampled after resampling. Smaller images are reflection-padded, with padded source
ground-truth labels ignored. At target inference, tiles fitting one window are processed
directly; larger tiles use 512× 512 windows with stride 256 and averaged overlapping
logits. Logits are restored to the native grid before thresholding, so changing the processing
scale does not change the grid on which predictions are evaluated. Resampling jointly
changes landslide pixel footprints, the ground coverage of fixed-size crops and interpolation
smoothing; its gain cannot therefore be attributed to object-scale alignment alone.

The bounds [1/4, 2] are shared across transfer directions and backbones. The lower
bound retains at least 128 pixels along each side of a native 512-pixel tile, limiting informa-
tion loss from reduction. The upper bound limits the quadratic growth of processed pixels
under enlargement; interpolation cannot recover absent sensor detail. Clipping therefore
gives partial anchoring: with a 1 m anchor, a 0.2 m source tile is reduced to 0.8 m and a 3 m
target tile is enlarged to 1.5 m (Figure 2a,b). Resampling direction can also differ within
one domain. With a 0.5 m anchor, a 0.2 m target tile is reduced by 0.4, whereas a 1 m tile is
enlarged twice. These per-tile factors differ from the domain ratio r.

The anchor rule, scale augmentation, bounds and nominal-GSD perturbations are
evaluated in Section 3.5 and Appendix D.
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Figure 2. GSD Anchoring on CAS. (a,b) Native grids and bounded resampling for UAV→SAT (g∗ = 1
m). Red boxes show approximately 102× 102 m footprints in different scenes; yellow marks reference
outlines. Padded source labels are ignored. (c) Equivalent landslide side lengths across 16 subsets,
using 120 tiles per subset and eight-connected components of at least 20 pixels. GSA widths follow
the clipped scale factor; filled/open marks source/target and orange/blue marks UAV/SAT.

2.3. Logit-Otsu Calibration (LOC)

Under pure label shift and calibrated source posteriors, a higher target prior calls for a
lower source-posterior threshold [21,22]. This motivates LOC, but cross-sensor appearance
and score reliability also change. LOC directly estimates a boundary from unlabelled
scores; it neither estimates the class prior nor performs posterior correction. Calibration
here concerns pseudo-label assignment and retention, rather than posterior probabilities.
Label-free describes these adaptation operations.

LOC applies the Otsu criterion [28] to the unlabelled target-logit histogram by max-
imising the between-group variance:

θ = σ
(︂

arg max
c

ω0(c)ω1(c)[µ0(c)− µ1(c)]
2
)︂

. (3)

Here, ωk(c) and µk(c) are empirical proportions and mean logits on either side of
split c. Otsu’s partition has a conditional maximum-likelihood interpretation under equal-
variance Gaussian score models [29]. Its groups partition scores rather than semantic
classes, so a valid split can still be uninformative.

Sigmoid compression places strongly negative logits in a narrow probability interval,
potentially altering Otsu’s distance-based partition. Logits avoid this compression. In the
ideal continuous, unclipped case, a uniform logit offset translates the split equally because
group proportions and mean differences are unchanged. Figure 3a shows initial scores and
recorded boundaries; Section 3.5 compares both axes.

At the start of each adaptation epoch, the teacher pools scores from a fixed subsetPN of
N = 256 unlabelled target tiles using the inference procedure of Section 2.2. The estimated
threshold is held fixed within the epoch. Sampling, histogram construction and numerical
safeguards are specified in Appendix C.

Assignment remains ŷt(v) = 1[pt(v) > θ]. To retain pixels relative to this calibrated
boundary, define ℓt(v) = logit pt(v), c = logit θ and dt(v) = ℓt(v) − c. LOC uses the
symmetric mask

mt(v) = 1[|dt(v)| ≥ δ]. (4)

https://doi.org/10.3390/rs18213764
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With δ = 1 in Equation (4), retained pixel odds differ from boundary odds by at least
a factor of e. This fixed logit width is not scale-invariant: rescaling scores changes the
exclusion width relative to their spread, so retention can differ across backbones. Jointly
changing assignment and retention avoids rejecting newly recovered positives with an
unchanged absolute gate. Symmetric widths need not imply equal class-wise errors.

Figure 3b holds the initial teacher fixed: the boundary-only diagnostic changes assign-
ments without rejection, while LOC excludes |dt(v)| < 1. Retained-positive precision and
recall quantify which pixels supply correct supervision.

Figure 3. Fixed-teacher diagnostics of LOC. (a) Initial GSA teacher logits sampled from 256 target-
pool tiles (6000 pixels per tile; seed 0), coloured by reference class. Dashed/solid lines mark p =

0.5/recorded LOC boundaries; displayed histograms differ from estimation histograms. The annota-
tions report the pixel fractions below and above the displayed logit range of [−10, 10]. (b) Fixed-rule,
boundary-only and LOC pseudo-labels. White/black/grey denote landslide/background/ignored
pixels. Reference labels are used only for diagnostics and pseudo-label precision/recall.

2.4. Ratio-Signed Regularisation (RSR)

Initial CAS teachers contained more landslide pixels near the boundary in SAT→UAV
and more background in UAV→SAT (Figure 4b). This motivated exploratory RSR: re-
lax positive retention for r < 1 and tighten it for r > 1. The two directions do not
establish a general GSD–bias relationship. The subsequent component evidence does not
support default use of this extension; the recommended configuration retains symmetric
LOC margins.

RSR replaces the single margin with positive- and negative-side widths:

mt(v) = 1
[︁
dt(v) ≥ δ+ ∨ dt(v) ≤ −δ−

]︁
, (5)

https://doi.org/10.3390/rs18213764
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(δ+, δ−) =

⎧⎪⎪⎨⎪⎪⎩
( 3

2 δ, 1
2 δ), r > 1,

( 1
2 δ, 3

2 δ), r < 1,

(δ, δ), r = 1.

(6)

With δ = 1, these pairs are (1.5, 0.5), (0.5, 1.5) and (1, 1), preserving the total exclusion
width 2δ. Only the retention mask changes; LOC’s assignment boundary and the objective
in Equation (1) remain unchanged (Figure 4a).

Equation (6) uses only sign(log r): ratios 3, 5 and 4 give identical margins. At r = 1,
the rule reduces to symmetric GSA + LOC with all other settings fixed.

For fixed teacher scores, increasing δ+ cannot increase the retained-positive share,
whereas increasing δ− cannot decrease it. RSR preserves the total width. The widths were
fixed during development; weighting, width and within-platform controls examine their
sensitivity (Appendices D and G).

Figure 4. Direction-dependent retention by RSR. (a) LOC and RSR gates on centred logit d. (b)
Landslide fractions derived from reference labels in 0.5-wide bands from the initial-teacher samples
in Figure 3a; dashed/purple lines mark LOC/RSR edges. (c) Longxi UAV example; green/yellow
mark ignored-to-positive and background-to-ignored changes. Reference labels are used only for di-
agnostics.

Algorithm 1 specifies symmetric retention by default and a separate exploratory RSR
option. LOC recalibrates at each epoch start; a source-only warm-up delays mixed-view loss
while EMA updates continue. If LOC has no valid split, target pseudo-label supervision is
skipped for that epoch while source supervision continues. Appendix C gives safeguards
and implementation details.

At inference, the selected student’s GSA logits are restored to the native grid, converted
to probabilities and thresholded at 0.5.

https://doi.org/10.3390/rs18213764
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Algorithm 1 SCALAR training

Require: labelled source tiles Ds, unlabelled target tiles P and their GSDs; source vali-
dation set Vs; epochs E; margin δ; EMA rate α; weight λt; RSR switch bRSR = 0 by
default

Ensure: selected student fϕ∗

1: g∗, r← anchor GSD and GSD ratio from the metadata ▷ Section 2.2
2: (δ+, δ−)← (δ, δ) ▷ symmetric LOC, default
3: If bRSR = 1, replace the margins using Equation (6).
4: Train fϕ0 on GSA-resampled source tiles (xw

s , yw
s ) ▷ GSA, Equation (2)

5: ϕ← ϕ0; ψ← ϕ0; fix a pool subset PN ⊂ P
6: for e = 1, . . . , E do
7: θ ← LogitOtsu

(︁
fψ,PN

)︁
▷ LOC, Equation (3)

8: If LOC is invalid, keep the preceding threshold (initially 0.5).
9: In that epoch, ignore all target pseudo-labels; retain source supervision.

10: for each mini-batch (xw
s , yw

s ), xw
t do

11: L ← Lseg
(︁

fϕ(xw
s ), yw

s
)︁

12: if the warm-up has ended then
13: pt ← σ

(︁
fψ(xw

t )
)︁
; ŷt ← 1[pt > θ]; mt ← retention mask ▷ Equation (5)

14: Set the target mask to zero if LOC was invalid this epoch.
15: (xm, ŷm, mm)← ClassMix

(︁
xw

s , yw
s ; xw

t , ŷt, mt
)︁

16: xstr
m ← StrongAug(xm)

17: L ← L+ λt L(mm)
seg

(︁
fϕ(xstr

m ), ŷm
)︁

▷ Equation (1)
18: end if
19: update ϕ with ∇ϕL; ψ← αψ + (1− α)ϕ
20: end for
21: if the IoU of fϕ on Vs is the best so far then
22: ϕ∗ ← ϕ
23: end if
24: end for

3. Experimental Setup and Results
3.1. Datasets

CAS Landslide [30] provides 20,865 RGB tiles from 16 subsets across nine regions, ex-
cluding Online. Tiles are 512× 512 pixels with binary masks. SAT groups satellite imagery
with Hokkaido GSI aerial imagery. GSD is released-grid spacing, not optical resolution;
processing histories of the Moxitaidi SAT, Palu and Lombok sensor–GSD pairs are unver-
ified. Networks use RGB only, without DEM, slope or spectral indices; GSD enters the
resampling and direction rules. Figure 5 and Table 1 summarise the domains. Appendix A
lists subsets and relative sharpness diagnostics, whose definition is in Appendix D; external
GDCLD [31] and Bijie [32] data are described in Appendix F.

Landslide fractions are computed from the annotations and are not used by SCALAR.
All protocols share the same region grouping: Moxi includes Moxitaidi and Moxi town,
Tiburon includes Planet and Sentinel subsets, and each region’s sensor and resolution
subsets remain together in LORO.
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Figure 5. CAS study regions and example tiles. (a) Locations from CAS study-area polygons;
the displaced Wenchuan marker has a leader line. Basemap: Natural Earth 1:50 million shaded
relief and land polygons. (b) Native-grid imagery with reference landslide outlines (yellow) and
ground-distance scale bars. SAT includes satellite and aerial imagery. Sensor names as reported by
CAS [30].

Table 1. CAS sensor domains. UAV covers Jiuzhai, Longxi and Moxi; the latter two also occur in SAT.

Domain Subsets Regions Tiles GSD (m) Landslide (%)

UAV 7 3 13,443 0.2–1 18.1
SAT 9 8 7422 0.5–5 7.5

3.2. Evaluation Protocols and Implementation

Protocol A provides an in-domain reference through a random 7:1:2 split within
each subset, yielding 14,604 training, 2088 validation and 4173 test tiles. Tile identifiers
are disjoint, but neighbouring tiles can occur in different partitions. Tile coordinates are
unavailable in the index, so spatial buffers are not imposed within a subset.

Protocol B evaluates native-scale LOC by leaving out eight region groups; overlapping
Longxi and Wenchuan form one group. Held-out subsets enter both adaptation and
evaluation, while other regions supply source training and validation. This transductive
check uses symmetric LOC without GSA or RSR; split counts are in Appendix E.

Protocol C evaluates both cross-sensor directions. UAV→SAT uses 12,100 source-
training, 1343 source-validation and 7422 target tiles; SAT→UAV uses 6679, 743 and 13,443
tiles, respectively. Source partitions are fixed across seeds, with approximately 10% of each
subset held out for validation. The original benchmark setting is transductive: all target
test images enter the unlabelled adaptation pool.

Two evaluations complement transductive Protocol C. An auxiliary inductive check
randomly halves each target subset using the run seed and evaluates full SCALAR on the
test half; neighbouring tiles can remain correlated (Appendix E).

The region-held-out experiment provides the primary evaluation. It removes Longxi,
Moxi and Wenchuan from source training/validation and adaptation; Wenchuan is ex-
cluded because it contains Longxi and is not evaluated. Evaluation uses only Longxi and
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Moxi target tiles, which enter neither source training/validation, self-training, threshold es-
timation nor checkpoint selection. SegFormer-B2 source and adapted models are retrained:
“frozen” refers to rules and hyperparameters, not weights. The unchanged anchor rule
gives 0.5 m in both directions; UAV→SAT additionally tests 1 m as sensitivity. Blocking is
regional, without a verified distance buffer. Section 3.3 separates pool and held-out scores;
Appendix E gives source counts and region assignments.

A target-supervised reference uses labels on the seed-0 adaptation half, reserves 10%
for validation and evaluates on the test half. Its different label access and test set exclude it
from the UDA ranking.

External checks use frozen rules and hyperparameters on events absent from CAS
(GDCLD) and data unused during development (Bijie). Bijie’s evaluation plan was doc-
umented before download and amended before any model run (Appendix F). The main
checks are transductive. Bijie also has an inductive split with the four exclusions above,
ensuring image non-reuse without verified spatial separation.

We report native-grid landslide IoU, TP/(TP + FP + FN), precision, recall and F1 at
probability 0.5. Overall, subset, region and platform metrics use pooled 64-bit integer
counts; reconstructed band/exclusion metrics and their full-precision check are detailed in
Appendix C. Inference-only logit-Otsu thresholds use the eligible unlabelled adaptation
pool with weights fixed. Pixel average precision (AP) and label-selected oracle IoU use
1024-bin score histograms; the oracle is diagnostic only. Sampling and approximation
details appear in Appendix C.

Object proxies use eight-connected native-grid components without minimum-area
filtering. Omission counts reference components with fewer than half their pixels predicted
positive; commission counts predicted components with no reference-positive overlap.
These asymmetric criteria describe tile fragments, not matched inventory polygons. Nomi-
nal area is pixel count times squared GSD (Appendix E).

Main, inductive, sequential-ablation and anchored/adapted region-held-out compar-
isons report mean ± sample standard deviation over seeds 0–4; other checks use seed 0
unless stated. Paired two-sided t-tests use unrounded run-level differences. Holm cor-
rection covers the 14 region-held-out contrasts as one family and each direction’s three
sequential increments as another. Seeds measure training variation, not independent
regions. Bijie uses three seeds for anchored/adapted models and fixed seed-0 native refer-
ences; its paired p-values are exploratory. Full statistical conventions are in Appendices F
and I.

The main backbone is ImageNet-pretrained SegFormer-B2 [33]. Source training uses
30 epochs and batch size 16 on 512× 512 crops. Adaptation starts from the matching
seed/scale checkpoint and uses 10 epochs, eight source plus eight target tiles per step,
and BCE plus Dice loss. One epoch traverses the source loader. Optimiser settings and
hardware are in Appendix C.

Source padding is ignored by BCE/Dice and ClassMix. Original CAS runs retain
eligible target-padding pseudo-labels; Bijie excludes them. Appendix C gives the imple-
mentation and five-seed exclusion control.

Image interpolation is bilinear with antialiasing on for downsampling and off for up-
sampling; labels use nearest neighbours. Validity masks use dimensions, not target labels.

The backbone check additionally uses U-Net [34] and DeepLabV3+ [35] with ResNet-
50 encoders [36], and UPerNet [37] with ConvNeXt V2-Tiny [38] or HRNet-W32 [39];
SegFormer-B0 provides a smaller Transformer comparison.

Self-training uses α = 0.999, λt = 1, N = 256 and δ = 1, with symmetric widths
(δ+, δ−) = (1, 1) for GSA + LOC; only the exploratory RSR runs use Equation (6). Both
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directions use the same LOC rule; source-validation IoU at 0.5 selects the student checkpoint.
Scheduling and windowing details are in Appendix C.

Target information enters at three stages. During development, labelled CAS feedback
informed the calibration axis, relative gate, direction rule, widths, scale-processing design
and calibration budget. CAS results are therefore development-set benchmark results. Dur-
ing subsequent unsupervised runs, target labels enter neither losses, threshold estimation
nor checkpoint selection; rules and hyperparameters remain fixed except in identified abla-
tions/sensitivity scans. During evaluation, labels provide metrics and post-hoc diagnostics
such as oracle thresholds and landslide-area weighting. The separately identified target-
supervised reference also uses labels for training/validation. CAS region hold-out tests
training/adaptation separation, GDCLD tests events absent from CAS, and Bijie evaluates
outside method development.

Seven comparators share SegFormer-B2, splits, GSA anchors and bounds. Six use
matching source initialisation and 10 adaptation epochs; FDA uses 30 source-supervised
epochs with unlabelled target amplitude references. Appendix B gives components and
implementation settings (Table A2).

These are component implementations within a common binary-segmentation frame-
work; comparisons concern these versions rather than the complete original systems.
Supplementary adaptive-gate controls and confidence-threshold scans are reported in
Appendix G.

3.3. Region-Held-Out Results and Cross-Sensor Benchmarks

The primary region-held-out evaluation supports GSA + LOC in SAT→UAV (Table 2).
Across five seeds, IoU increases from 0.129± 0.020 with Source + GSA to 0.308± 0.047,
a paired gain of 17.9± 4.5 points (Holm p = 0.012). RSR adds 4.5± 2.8 points, giving
0.354± 0.062 and a total gain of 22.4± 5.2 points over anchoring (Holm p = 0.010). Both
component increments are positive in every seed, but the RSR increment is not significant
after correction (p = 0.17). Pool scores and all 14 paired tests are reported separately.
Main-protocol and held-out gains concern different test sets.

In held-out UAV→SAT, the rule-selected 0.5 m anchor gives no resolved additional
gain: GSA + LOC adds 0.2± 6.2 points and the RSR-inclusive variant −1.0± 4.0 (Holm
p = 1.0 for both). Anchoring alone raises seed-0 IoU from 0.264 to 0.365, a 10.1-point gain
on 0.5/0.6 m evaluation grids. The 1 m sensitivity run gains 9.5± 5.8 points in all five seeds
but is not significant after correction (p = 0.17); its final IoU remains below the unadapted
0.5 m source. It does not replace the primary result.

Table A6 compares main and held-out protocols on the same Longxi/Moxi subsets
and reports regional five-seed outcomes. Source size/composition, adaptation pool and the
UAV→SAT anchor change together, so the differences cannot isolate same-region imagery.
Separately, target-supervised references reach 0.696 and 0.789 on the target test halves.
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Table 2. Primary region-held-out evaluation and auxiliary tile-half check at threshold 0.5. Region
hold-out excludes Longxi, Moxi and Wenchuan from the source data and adaptation pool. Pool and
held-out scores refer to different evaluation sets; only held-out scores are non-transductive. Values
are five-seed mean ± sample standard deviation unless n = 1. Paired gains are in IoU points and are
computed before rounding; the full set of paired tests is reported in Appendix E.

Configuration n
UAV→SAT

Pool
UAV→SAT

Held-Out
SAT→UAV

Pool
SAT→UAV

Held-Out

Region hold-out, rule-selected anchor 0.5 m
Source only (native) 1 0.140 0.264 0.126 0.087
Source + GSA 5 0.314± 0.010 0.362± 0.061 0.152± 0.025 0.129± 0.020
GSA + LOC 5 0.324± 0.019 0.363± 0.041 0.304± 0.030 0.308± 0.047
SCALAR 5 0.317± 0.022 0.351± 0.030 0.353± 0.036 0.354± 0.062
SCALAR − (Source + GSA), points 5 +0.4± 2.8 −1.0± 4.0 +20.1± 5.0 +22.4± 5.2

Region hold-out, 1 m anchor sensitivity analysis
Source + GSA 5 0.274± 0.033 0.189± 0.066 – –
SCALAR 5 0.332± 0.049 0.285± 0.121 – –
SCALAR − (Source + GSA), points 5 +5.8± 2.2 +9.5± 5.8 – –

Auxiliary tile-level check n UAV→SAT SAT→UAV

GSA + LOC, inductive test half 5 0.370± 0.006 0.510± 0.012
SCALAR, inductive test half 5 0.373± 0.007 0.527± 0.013
SCALAR, transductive (Table 3) 5 0.374± 0.008 0.527± 0.026

The region-held-out pools contain 4823 SAT and 7677 UAV tiles; held-out sets contain 2421 SAT and 5766 UAV
tiles from Longxi and Moxi. For each run, these held-out tiles are excluded from source training and validation,
self-training, threshold estimation, and checkpoint selection. Wenchuan is excluded and not evaluated here.
The native source row is seed 0; other region-held-out rows use five seeds. For the 0.5 m anchor, Holm-adjusted
p-values for SCALAR minus Source + GSA are 1.0/1.0 in the UAV-to-SAT pool/held-out sets and 0.012/0.010 in
SAT-to-UAV. At 1 m they are 0.040/0.17 in UAV-to-SAT.

The original transductive benchmark provides complementary comparisons. Across
five seeds, full SCALAR improves native-source IoU by 13.9 points in UAV→SAT and 23.8
in SAT→UAV (Table 3). Its paired gains beyond anchoring are 4.60 and 17.92 points (p =

0.001 and p < 0.0005), positive in every seed. Among SCALAR and seven comparators,
only SCALAR exceeds the anchored-source mean in both directions.

AdvEnt + MinEnt performed comparably in UAV→SAT, reaching 0.372 ± 0.007;
SCALAR’s paired advantage was 0.23 IoU points (p = 0.530). In SAT→UAV, all com-
parators remained below the anchored source model’s 0.348, including the strongest,
CBST-style, at 0.328± 0.023. Comparing the seed-0 native-scale runs with the seed-0 GSA
runs of the same comparators, GSA raised IoU for all seven in UAV→SAT and for five in
SAT→UAV; AdvEnt + MinEnt (0.310 to 0.280) and LandsDANet-style (0.312 to 0.288) were
the exceptions in the latter direction.

In SAT→UAV, the gain mainly reflected higher recall (0.304 to 0.628), with precision
decreasing from 0.860 to 0.767. In UAV→SAT, both precision and recall increased. Coarse
targets remained difficult: SCALAR’s IoU on 5 m SAT imagery was 0.089, below the
anchored source model’s 0.098. Figure A1 complements the favourable cases in Figure 6
with representative gains and cases where SCALAR underperforms the anchored source.
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Table 3. Cross-sensor results at threshold 0.5. Main columns report five-seed means; IoU includes
sample standard deviation. Native gives separate seed-0 comparator results without GSA. Bold
identifies SCALAR.

(a) UAV→SAT

Method IoU ± SD
Native
(seed 0) P R F1 ≤ 1 m 3–4 m 5 m

Source only (native) 0.235± 0.014 — 0.418 0.348 0.380 0.357 0.186 0.056
Source only + GSA 0.328± 0.011 — 0.475 0.517 0.494 0.399 0.433 0.098
FDA 0.239± 0.015 0.152 0.437 0.347 0.386 0.261 0.249 0.124
AdvEnt + MinEnt 0.372± 0.007 0.271 0.435 0.720 0.542 0.465 0.518 0.105
LandsDANet-style 0.344± 0.020 0.242 0.397 0.720 0.512 0.456 0.461 0.101
DACS-style 0.364± 0.012 0.182 0.503 0.570 0.534 0.443 0.500 0.077
CBST-style 0.326± 0.043 0.124 0.577 0.432 0.491 0.357 0.438 0.064
DAFormer-style 0.364± 0.012 0.152 0.509 0.563 0.534 0.438 0.509 0.076
MIC-style 0.357± 0.011 0.166 0.500 0.558 0.526 0.430 0.520 0.067
GSA + LOC 0.364± 0.006 — 0.432 0.699 0.534 0.434 0.514 0.094
SCALAR 0.374± 0.008 — 0.476 0.638 0.545 0.451 0.513 0.089

(b) SAT→UAV

Method IoU ± SD
Native
(seed 0) P R F1 0.2 m 0.5–0.6 m 1 m

Source only (native) 0.289± 0.018 — 0.860 0.304 0.449 0.280 0.303 0.397
Source only + GSA 0.348± 0.008 — 0.885 0.364 0.516 0.341 0.365 0.328
FDA 0.273± 0.014 0.179 0.824 0.290 0.428 0.239 0.339 0.373
AdvEnt + MinEnt 0.294± 0.011 0.310 0.886 0.305 0.454 0.283 0.318 0.299
LandsDANet-style 0.287± 0.018 0.312 0.867 0.300 0.446 0.244 0.380 0.321
DACS-style 0.296± 0.026 0.223 0.920 0.304 0.457 0.282 0.321 0.417
CBST-style 0.328± 0.023 0.236 0.756 0.372 0.494 0.275 0.421 0.408
DAFormer-style 0.298± 0.021 0.241 0.915 0.306 0.458 0.279 0.330 0.441
MIC-style 0.302± 0.025 0.260 0.904 0.312 0.463 0.272 0.360 0.445
GSA + LOC 0.511± 0.017 — 0.818 0.577 0.676 0.512 0.508 0.526
SCALAR 0.527± 0.026 — 0.767 0.628 0.690 0.539 0.504 0.522
All main rows except the native source row use GSA; DACS-style is GSA + reference loop. Band IoU pools pixels
within each GSD band before averaging across seeds. Native values are single-run results and are compared with
the seed-0 GSA runs in the text, not with the five-seed means. Dashes indicate inapplicable entries.

Figure 6 illustrates reduced omissions in selected Mengdong, Tiburon, Jiuzhai and
Moxitaidi tiles, with persistent Longxi and Moxi errors. Figure A1 adds median-gain and
negative-transfer examples.

https://doi.org/10.3390/rs18213764

https://doi.org/10.3390/rs18213764


Remote Sens. 2026, 18, 3764 15 of 43

Figure 6. Prediction comparisons: (a) UAV→SAT; (b) SAT→UAV. In each direction, the first two rows
show the candidate tiles on which SCALAR leads the best of the other eight models by the widest
IoU margins, and the third row the tile on which all methods fail (lowest IoU of the best model).
Candidates are up to 40 randomly drawn tiles per target subset with 10–50% reference landslide
pixels. All models are the seed-0 checkpoints of Table 3 and use GSA during training and inference;
values denote tile-level IoU at threshold 0.5.

The auxiliary tile-half SCALAR means remain close to their transductive counterparts
(Table 2).

External adaptation helps on the 0.5 m GDCLD collection but hurts on the 3 m
collection (Table 4). At 0.5 m, r = 1 makes SCALAR identical to symmetric GSA + LOC.
Auxiliary tile-half SCALAR IoUs are 0.396 and 0.101; the matching 0.5 m test-half anchored
source scores 0.338. Appendix F retains scene-level results and AP.

On Bijie, full SCALAR exceeds its anchored source in all three seeds, by 6.7± 1.4 points
for SAT transfer and 5.4± 3.6 for UAV transfer (unadjusted p = 0.014 and 0.122). LOC adds
9.5± 2.2/5.0± 2.3 points, followed by RSR changes of −2.9± 2.2/+0.4± 1.4. However,
GSA lowers the native UAV reference in every seed and the SAT reference in two of three;
full UAV-transfer mean IoU remains below native (0.221 versus 0.235). Improvement
beyond anchoring therefore does not guarantee improvement over the available native
model.
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The disjoint Bijie half also improves relative to its matching anchored baselines (Ta-
ble 4). These collection-specific outcomes complement, rather than replace, CAS region-
level validation.

Table 4. External full-workflow checks at threshold 0.5. GDCLD rows use seed 0; Bijie Source + GSA,
GSA + LOC and SCALAR rows use three-seed mean ± sample standard deviation. Native source
references use seed 0 only. The main panel is transductive; the auxiliary panel evaluates separate Bijie
adaptation runs on the disjoint test half. The method rules and hyperparameters are frozen, subject
to the pre-run Bijie padding amendment described in Appendix F.

Transfer Anchor (m), r Native Source + GSA GSA + LOC SCALAR

CAS SAT→GDCLD 0.5 m 0.5, 1 0.227 0.273 0.344 0.344
CAS UAV→GDCLD 3 m 1, 3 0.120 0.142 0.107 0.121
CAS SAT→Bijie 0.8 m 0.6, 1.33 0.104 0.090± 0.022 0.185± 0.040 0.157± 0.020
CAS UAV→Bijie 0.8 m 1, 0.8 0.235 0.166± 0.021 0.217± 0.003 0.221± 0.015

Bijie inductive check (seed 0) Adaptation/test crops Source + GSA SCALAR

CAS SAT→Bijie 1387/1386 0.066 0.118
CAS UAV→Bijie 1387/1386 0.133 0.266

The native source rows are fixed single-model references, rather than seed-matched three-run controls. Bijie
paired differences are computed from full-precision results before rounding. An inductive score is compared only
with its baseline evaluated on the same half; it is not compared directly with the full-collection transductive score.
GDCLD supplies an external-event check; Bijie supplies the evaluation outside method development.

3.4. Operating Points and Object-Detection Proxies

Table 5 compares fixed seed-0 checkpoints across thresholds. Main GSA + LOC/SCALAR
were retrained for this supplementary analysis; they differ from the main-comparison check-
points and do not replace the five-seed summaries.

The inference-only baseline recalibrates the frozen Source + GSA model on the same
eligible unlabelled pool, without training or pseudo-label updates. Held-out evaluation
images are excluded. Appendix C adds native-source and EM-prior-matched controls.

In SAT→UAV, inference-only recalibration recovers about 46% of the main-protocol
and 22% of the held-out source-to-SCALAR IoU difference (Table 5). SCALAR also has
higher AP and higher IoU at each model’s label-selected oracle threshold. These operating-
point contrasts do not causally decompose the gain: adaptation changes score distributions,
ranking and spatial predictions together.

In main UAV→SAT, inference recalibration changes the anchored source by less than
one point and barely changes SCALAR. Held-out UAV→SAT has lower SCALAR IoU and
AP than its source at this seed, consistent with the five-seed result. LOC governs training
pseudo-labels; the common evaluation threshold 0.5 is not claimed to be optimal or to yield
calibrated probabilities.

Component metrics reveal a trade-off: main SAT→UAV omission falls from 0.658 to
0.487 while commission rises from 0.302 to 0.354. In UAV→SAT, RSR reduces commission
but gives back part of LOC’s omission improvement. Held-out SAT→UAV shows the same
omission/commission trade-off; held-out UAV→SAT changes are small and mixed.

Small fragments remain difficult (Table A5). Main SAT→UAV omission below 500 m2

falls from about 75% to 63%, whereas UAV→SAT rises from about 81% to 84%. Thus pixel-
IoU gains do not imply inventory completeness. Size-bin counts are provided, including
sparse large-object bins.
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Table 5. Operating-point, pixel AP and component-detection diagnostics at seed 0. The same
checkpoint is used at every threshold within a row. θ is estimated without labels from the adaptation
pool; oracle IoU uses reference labels only for analysis. Omission and commission are evaluated at
0.5 using the tile-fragment definitions in Section 3.2. Region-held-out models use the rule-selected 0.5
m anchor.

Model IoU@0.5 θ IoU@θ Oracle IoU AP Omission Commission

Main protocol, SAT→UAV
Source + GSA 0.3554 0.103 0.4321 0.4930 0.6371 0.658 0.302
GSA + LOC 0.5031 0.327 0.5106 0.5497 0.6495 0.531 0.325
SCALAR 0.5205 0.346 0.5251 0.5453 0.6533 0.487 0.354

Main protocol, UAV→SAT
Source + GSA 0.3438 0.184 0.3473 0.3475 0.3871 0.683 0.532
GSA + LOC 0.3573 0.405 0.3562 0.3646 0.3811 0.585 0.376
SCALAR 0.3758 0.398 0.3756 0.3759 0.3930 0.653 0.337

Held-out regions, SAT→UAV
Source + GSA 0.1459 0.069 0.2034 0.2723 0.3484 0.792 0.331
GSA + LOC 0.3160 0.269 0.3330 0.4016 0.4809 0.660 0.373
SCALAR 0.4065 0.291 0.4170 0.4395 0.5547 0.579 0.410

Held-out regions, UAV→SAT
Source + GSA 0.3647 0.250 0.3802 0.4280 0.4875 0.713 0.408
GSA + LOC 0.3263 0.401 0.3301 0.3722 0.3791 0.661 0.447
SCALAR 0.3217 0.418 0.3246 0.3695 0.3692 0.720 0.396

3.5. Component Ablations and Analysis

Table 6 shows the sequential addition of GSA, LOC and RSR to the reference loop,
with the same five seeds used for every configuration.

Table 6. Sequential module ablation: five-seed mean ± sample standard deviation of IoU at thresh-
old 0.5. A check mark indicates that the module is enabled; an em dash indicates that it is not
used.

Configuration GSA LOC RSR UAV→SAT SAT→UAV

Reference loop — — — 0.202± 0.030 0.197± 0.028
+ GSA ✓ — — 0.364± 0.012 0.296± 0.026
+ LOC ✓ ✓ — 0.364± 0.006 0.511± 0.017
+ RSR (SCALAR) ✓ ✓ ✓ 0.374± 0.008 0.527± 0.026
Modules are added cumulatively. LOC jointly changes the boundary and relative gate; RSR adds sign-asymmetric
retention margins. Holm adjustment is applied to the three sequential increments within each transfer direction.
For GSA, LOC and RSR respectively, adjusted p-values are 0.0002, 0.99 and 0.18 in UAV-to-SAT, and 0.019, 0.0002
and 0.151 in SAT-to-UAV.

GSA raised the native reference-loop means from 0.202 to 0.364 in UAV→SAT and
from 0.197 to 0.296 in SAT→UAV, gains of 16.2 and 9.9 IoU points with positive differences
in every seed. LOC left UAV→SAT at 0.364 but raised SAT→UAV to 0.511, adding 21.5
IoU points (Figure A2a). GSA contributed the largest step in UAV→SAT, and LOC in
SAT→UAV.

RSR adds 1.03/1.60 points, with four of five seeds positive in each direction; neither
increment is significant (raw p = 0.089/0.151; Holm values in Table 6). The positive held-
out SAT→UAV increment also fails Holm significance (Table A4). Region-cluster bootstrap
intervals also include zero for RSR in both directions (Table A17), and its increments are
negative in three of four within-platform transfers (Table A8). These results do not establish
a consistent RSR benefit; we therefore recommend the symmetric GSA + LOC configuration.

The five-seed SAT→UAV boundary-only control reaches 0.285± 0.025 with an absolute
gate versus 0.511± 0.017 with joint assignment/relative retention, a paired 22.6± 1.8-point
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difference (p < 0.001, unadjusted). Boundary-only self-training falls below its anchored
source in every seed, by 6.3± 2.0 points. In UAV→SAT, the reference loop lowers the native
source from 0.235 to 0.202 but raises the anchored source from 0.328 to 0.364. These training
controls differ from frozen-model inference recalibration and support coordination within
the tested workflow.

In the initial-teacher diagnostic, 70.1% of pixels between the LOC boundary and 0.5
were annotated landslide in SAT→UAV, compared with 27.7% in UAV→SAT (Figure 3).

In the same seed-0 samples, 57.5% of reference landslide pixels in SAT→UAV and
46.5% in UAV→SAT lay below probability 0.5.

Single-seed gate-width and calibration-budget scans do not establish optimal defaults
or repeatable effects (Appendices G and H).

Crossing training and inference scales gives larger training-side contrasts in both
directions, modestly so in SAT→UAV. The effects depend on the held-fixed scale (Table A3c);
footprint, context and smoothing remain inseparable.

Within-platform GSD transfers show negative RSR increments in three of four pairs,
despite positive GSA + LOC gains (Table A8). Together with Bijie, they argue against a
general ratio-based benefit. Region/collection changes and Longxi/Wenchuan overlap
limit interpretation. Fixed-teacher selection and teacher-drift diagnostics are retained in
Appendix H.

3.6. Backbone and Cross-Region Evaluation

GSA + LOC and SCALAR exceeded the anchored source model for all six backbones
in SAT→UAV (Table 7). This held even for ConvNeXt, where anchoring alone reduced IoU
from 0.218 to 0.206 before calibrated self-training raised it to 0.377. UAV→SAT was less
consistent: GSA + LOC scored below Source + GSA for U-Net, DeepLabV3+, HRNet and
SegFormer-B0, and full SCALAR exceeded the anchored source model only for ConvNeXt
and SegFormer-B2.

The negative cases were substantial for some architectures. U-Net fell from 0.214 with
Source + GSA to 0.137 with GSA + LOC and 0.112 with SCALAR; HRNet fell from 0.212 to
0.121 before RSR partially recovered it to 0.137.

High gate retention does not ensure successful adaptation: the failing U-Net
UAV→SAT run retains at least 0.965. Appendix H.1 reports the threshold and retention
ranges across 21 runs; these diagnostics do not identify the cause of negative transfer.

Table 7. Backbone comparisons at seed 0 and threshold 0.5. SegFormer-B2 was used for development;
the other five backbones use the frozen configuration.

Backbone Direction Source
Source
+ GSA

GSA
+ LOC SCALAR

U-Net/ResNet-50 UAV→SAT 0.147 0.214 0.137 0.112
U-Net/ResNet-50 SAT→UAV 0.218 0.292 0.365 0.417
DeepLabV3+/ResNet-50 UAV→SAT 0.128 0.195 0.133 0.131
DeepLabV3+/ResNet-50 SAT→UAV 0.168 0.293 0.404 0.425
UPerNet/ConvNeXt-V2-Tiny UAV→SAT 0.195 0.309 0.326 0.337
UPerNet/ConvNeXt-V2-Tiny SAT→UAV 0.218 0.206 0.377 0.447
UPerNet/HRNet-W32 UAV→SAT 0.089 0.212 0.121 0.137
UPerNet/HRNet-W32 SAT→UAV 0.220 0.363 0.484 0.502
SegFormer-B0 UAV→SAT 0.218 0.281 0.196 0.277
SegFormer-B0 SAT→UAV 0.270 0.320 0.480 0.496
SegFormer-B2 UAV→SAT 0.229 0.344 0.358 0.375
SegFormer-B2 SAT→UAV 0.305 0.355 0.509 0.522
Source denotes native-scale source-only training. These single-run values differ from the five-seed summaries in
Table 3. Source + GSA versus GSA + LOC assesses the joint addition of self-training and LOC; Table 6 isolates
LOC on the main backbone.
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The merged Longxi/Wenchuan native-LOC fold improves pooled IoU from 0.370
to 0.474, dominated by Longxi’s 4273 of 4,451 tiles; Wenchuan itself deteriorates (Ta-
ble 8). Hokkaido has the largest other-fold gain (10.7 points), Tiburon loses 2.8, and Meng-
dong/Moxi/Palu gains are below two. The matched 30-epoch random-split reference
remains higher in every region. This transductive native-scale check is distinct from
complete SCALAR under region hold-out.

Table 8. Native-scale LOC at seed 0 and threshold 0.5, using a symmetric gate. Longxi and Wenchuan
form one merged held-out group, replacing their overlapping original folds. The other seven folds
are unchanged. Protocol A is the same-region random-split reference at the same 30-epoch budget.

Held-Out Group/Region
Target Median

GSD (m) Source
Native-Scale

LOC
∆

(IoU Points)
Protocol A
30 Epochs

Jiuzhai 0.2 0.614 0.666 +5.2 0.847
Mengdong 0.5 0.547 0.548 +0.0 0.761
Moxi 0.6 0.432 0.449 +1.7 0.798
Palu 5.0 0.354 0.363 +0.9 0.592
Hokkaido 3.0 0.294 0.401 +10.7 0.668
Tiburon 5.0 0.251 0.223 −2.8 0.674
Lombok 5.0 0.116 0.114 −0.2 0.516

Longxi + Wenchuan (pooled) – 0.370 0.474 +10.4 –
Longxi (4273 tiles) 0.5 0.370 0.476 +10.6 0.759
Wenchuan (178 tiles) 5.0 0.356 0.241 −11.4 0.530

The merged fold has 14,773 source-training and 1641 source-validation tiles. Its two regional rows use the same
fitted models and are not additional folds. GSD is the target tile-count median; Tiburon includes 4 m and 5 m
subsets. Changes use unrounded scores. This check excludes GSA and RSR and remains transductive.

4. Discussion
The results distinguish scale preparation from learning with target pseudo-labels.

Their relative importance changes by transfer direction, while external and backbone
failures delimit where the combined workflow helps.

IMMDA provides related evidence for landslide adaptation [15], but its datasets,
backbones and evaluation protocols differ from ours. Its reported gains therefore provide
context rather than a direct method ranking.

4.1. Direction-Dependent Transfer Behaviour

GSA accounts for the largest step in the UAV→SAT ablation sequence. Resampling
brings object footprints closer to source-supported scales and changes the ground area
represented by each training crop. Patch-size experiments in Himalayan landslide mapping
likewise show that input context can affect detection [40], although that study does not
isolate sensor GSD. Luo and Ji also describe resampling to similar ground resolutions
when source and target resolutions differ substantially, before style transfer and self-
ensembling [41], placing scale preparation alongside appearance adaptation.

Uniform enlargement of native-model inputs recovered similar accuracy, but selecting
the best of ×1, ×1.5, ×2 and ×3 used labelled target IoU. Once frozen, GSA computes per-
tile factors from metadata without that inference-time search. Training-scale controls show
larger contrasts than inference-only resampling (Table A3c), but jointly change footprint,
contextual ground coverage and smoothing.

LOC addresses a different bottleneck: missed positives may remain unusable when
an absolute confidence gate survives boundary recalibration. The five-seed boundary-
only control supports jointly calibrating assignment and relative retention in SAT→UAV
(Table A13). LOC adds no observed mean gain in the main UAV→SAT sequence. Preva-
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lence differences motivate the analysis, but simultaneous appearance and regional changes
preclude interpreting it as pure label shift.

Fixed-teacher diagnostics show that RSR redistributes retained supervision with-
out moving the boundary; teacher trajectories show reduced aggregate probability drift
(Figure A2). Aggregate agreement does not establish pixel accuracy. The inconsistent
within-platform and Bijie increments and weighting sensitivity limit interpretation of RSR
as a general GSD-based correction.

4.2. Teacher Reliability and Target Resolution

LOC requires useful semantic information in teacher scores: a high-score population
may instead contain misclassified background. A separable histogram, stable threshold or
high retention cannot certify pseudo-label correctness; the degeneracy fallback prevents
invalid supervision, not negative transfer. Teacher precision/recall require reference la-
bels; no validated acceptance rule is available from unlabelled histograms, thresholds,
positive fractions or retention. Uncertain teacher semantics therefore require independent
assessment before automatic pseudo-label expansion or inventory use; GSA alone is not a
guaranteed fallback, as Bijie shows.

Available image detail imposes another limit. Low IoU on the released 5 m grids and
high small-fragment omission restrict inventory use (Table 9). Nominal spacing does not
describe optical resolution, processing history or boundary-label accuracy; the sharpness
and fixed-model perturbation checks do not establish a universal GSD cutoff. Independent
boundary references are unavailable for comparing delineation accuracy across bands.

Table 9 records the major gains and failures, including U-Net’s 10.2-point loss beyond
anchoring. Regional results also differ: held-out SAT→UAV gains are positive in both
Longxi and Moxi, whereas UAV→SAT changes are negative in Longxi and positive in Moxi
(Table A6).

CAS associates Palu and Lombok with 2018 earthquakes, Mengdong and Longxi
River with rainfall, and Moxi with the 2022 Luding earthquake; Longxi also lies in the
Wenchuan-affected landscape [30]. Trigger, sensor, GSD, landscape and annotations are
confounded. Object-level landslide type, slope and lithology attributes are unavailable, so
regional descriptions cannot support separate stratification or trigger-invariant claims.

Retrospective diagnostics associate under-detecting teachers with larger adaptation
gains in the analysed settings (Appendix H.1).

Table 9. Observed applicability and limitations. Values describe the tested protocols, rather than
universal deployment cutoffs; teacher precision/recall diagnostics in the accompanying text require
reference labels. Main and pooled region-held-out comparisons use five seeds; Bijie adaptation
summaries use three; GDCLD, backbone and component-size diagnostics are single-seed results.

Tested Setting Observed Outcome Practical Implication and Unvalidated Scope

SAT→UAV, 0.2–1 m; main
CAS; SegFormer-B2

Source + GSA 0.348; SCALAR
0.527 (Table 3)

Adaptation helps in this development benchmark; this does not
establish performance on unseen events.

SAT→UAV; held-out
Longxi/Moxi UAV;
SegFormer-B2

Source + GSA 0.129; SCALAR
0.354; paired gain 22.4± 5.2
points (Table 2)

Seed-0 teacher P/R: pool 0.97/0.16; held-out 0.76/0.15. Gain
persists with regions excluded from training/adaptation.

UAV→SAT, 0.5–5 m; main
CAS; SegFormer-B2

Source + GSA 0.328; SCALAR
0.374 (Table 3)

Additional adaptation gain is smaller and depends on the target
mixture and backbone.

UAV→SAT; held-out 0.5/0.6
m Longxi/Moxi SAT; anchor
0.5 m

Source + GSA 0.362; SCALAR
0.351; paired change −1.0± 4.0
points

Seed-0 teacher P/R: pool 0.43/0.55; held-out 0.71/0.43. No
statistically significant additional adaptation benefit is observed at
this anchor.
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Table 9. Cont.

Tested Setting Observed Outcome Practical Implication and Unvalidated Scope

UAV→SAT with alternative
backbones

U-Net: 0.214 to 0.112; HRNet:
0.212 to 0.137 (Table 7)

Do not assume self-training improves an anchored teacher. These
failures do not define a validated teacher-IoU cutoff.

Released 5 m SAT grids SCALAR pooled IoU 0.089
(Table 3)

Adequate inventory accuracy is not demonstrated for these subsets.
Nominal 5 m spacing is not a universal physical
exclusion threshold.

CAS sources→GDCLD;
SegFormer-B2

Source + GSA to SCALAR: 0.273
to 0.344 at 0.5 m; 0.142 to 0.121 at
3 m

External-event outcomes remain conditional: adaptation helps on
the tested 0.5 m collection but not on the 3 m collection.

CAS sources→Bijie 0.8 m;
SegFormer-B2

Full minus anchored source:
+6.7± 1.4/+5.4± 3.6 points
(SAT/UAV); UAV full mean
below native reference

Improvement over anchoring does not guarantee improvement
over the native model.

Reference fragments below
500 m2

Main omission: SAT→UAV 0.75
to 0.63; UAV→SAT 0.81 to 0.84

Do not infer inventory completeness from pixel IoU; tile
fragmentation and nominal area conversion limit this assessment.

4.3. Alternative Adaptation Strategies and Negative Results

AdvEnt + MinEnt remains competitive in UAV→SAT after common scale preparation.
Its weaker reverse-direction performance and the LOC controls suggest a role for missed
positives beyond output alignment. ST-DASegNet likewise combines alignment with EMA
self-training [42]; our controls examine assignment and retention within such supervision.

Adaptive-gate variants recover much of the SAT→UAV gain, so the benefit is not
unique to LOC. Their single-seed differences remain unresolved, and rankings depend on
the stated implementations and DACS/MIC gate scans. HRDA combines detail and context
through learned scale attention [43]; ProDA uses prototypes to denoise pseudo-labels [44].
Neither is implemented here; their additional design components differ from the focused
confidence-gate controls.

Confidence weighting, such as within-class ranking in remote-sensing segmenta-
tion [45], changes accepted pixels’ loss contributions. LOC and RSR instead change
assignment and selection. Their precision–recall trade-off concerns the composition of
supervision.

Continuous margins and a reliability head did not consistently improve on RSR, while
masked consistency and rare-class sampling varied by direction (Appendix H). These
variant comparisons do not establish an advantage of RSR over symmetric GSA + LOC.

4.4. Limitations and Implications for Evaluation

CAS informed method development (Section 3.2); region hold-out tests train-
ing/adaptation separation, with no verified distance buffer. Bijie evaluates outside de-
velopment, whereas GDCLD tests events absent from CAS. Their random image/tile
halves prevent reuse without establishing spatial independence. No experiment combines
development-independent external data with verified spatially blocked adaptation and
evaluation on that collection.

Teacher behaviour can differ between adaptation and evaluation: held-out UAV→SAT
over-predicts on its adaptation pool but under-detects on its evaluation tiles. The cross-
setting P/R association is retrospective and requires reference labels; it is not a validated
deployment rule. Fixed logit margins remain backbone-dependent, and available logs do
not explain the failures. Nominal-GSD perturbations test fixed-model inference; bound
comparisons use individual source runs. Broader claims require independent-event vali-
dation with spatially separate adaptation and evaluation [46], and a validated label-free
teacher-reliability measure.
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5. Conclusions
SCALAR coordinates nominal-GSD input scaling with calibrated pseudo-label as-

signment and relative retention without adding trainable parameters. Anchoring con-
tributes most in the CAS UAV→SAT sequence, while joint calibration contributes most in
SAT→UAV. Frozen-model threshold controls recover only part of the source-to-adapted
difference in the analysed SAT→UAV settings, supporting the additional role of adaptation.

The supported scope remains conditional. Region hold-out retains an additional
SAT→UAV adaptation benefit but not a resolved UAV→SAT benefit at the rule-selected
anchor. External adaptation helps fine-grid GDCLD and both anchored Bijie models,
yet fails on coarse GDCLD; Bijie UAV transfer remains below its native reference. The
evidence does not support default RSR use; we recommend symmetric GSA + LOC when
adapting. Backbone failures and small-fragment omissions restrict inventory use. Across
the five analysed settings with under-detecting anchored teachers on the adaptation pool,
full adaptation added approximately 5–22 IoU points beyond anchoring. In the other
three settings, where teacher recall exceeded precision, gains were smaller, unresolved or
negative. This association describes the analysed settings and requires reference labels; it is
a retrospective diagnostic, not a validated deployment rule.
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Appendix A. CAS Subset Details
The SAT group includes satellite and Hokkaido GSI aerial imagery; it is the study’s

non-UAV grouping. Sensor names and nominal grid spacings are reproduced from the
dataset metadata, with processing-history limitations discussed in Section 3.1.
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Table A1. CAS subset characteristics and use terms. Landslide fraction is the percentage of pixels
labelled as landslide. GSD is the dataset-reported nominal grid spacing, not native sensor resolution.

Subset Domain/Reported
Sensor GSD (m)

Edge Blur
Ratio Tiles Landslide (%) Terms

Jiuzhai UAV-0.2 UAV 0.2 1.40 5925 23.7 DW
Jiuzhai UAV-0.5 UAV 0.5 1.13 1752 12.7 DW
Longxi UAV UAV 0.5 1.00 2504 14.5 DW
Longxi SAT SAT/GF-1 0.5 2.88 1769 8.8 IL
Moxi town UAV-0.2 UAV 0.2 0.77 1635 17.9 DW
Moxi town UAV-1 UAV 1.0 0.70 160 7.1 DW
Moxitaidi UAV-0.6 UAV 0.6 1.19 984 10.5 DW
Moxitaidi UAV-1 UAV 1.0 0.97 483 7.8 DW
Moxitaidi SAT SAT/Sentinel-2 0.6 1.04 652 7.2 N
Mengdong SAT/SuperView-1 0.5 1.23 1155 11.0 IL
Hokkaido SAT/GSI aerial 3.0 0.81 1484 10.3 BY
Tiburon Planet SAT/Planet 4.0 2.15 325 6.9 ER
Tiburon Sentinel SAT/Sentinel-2 5.0 1.01 606 3.6 N
Palu SAT/WorldView-2/3 5.0 0.79 817 1.2 NC
Lombok SAT/WorldView-2/3 5.0 0.83 436 3.1 NC
Wenchuan SAT/Landsat 5.0 1.83 178 4.6 LP
Sensor names are as reported for CAS [30]. The processing history behind the Moxitaidi SAT, Palu and Lombok
sensor–GSD pairs is unspecified. Use terms: NC, CC BY-NC 4.0; BY, CC BY 4.0; N, non-commercial use; ER, Planet
Education and Research Program; IL, Image Licence; DW, Derivative Works Licence; LP, LP DAAC terms and
guidelines. These entries describe the released subsets rather than general sensor-product licences. The edge blur
ratio is the median estimated edge-blur scale across 60 sampled tiles per subset, normalised by the median across
the UAV subsets (0.634 pixels). It is a relative diagnostic, not an estimate or lower bound of optical resolution; see
Appendix D.

Appendix B. Comparator Implementation Details

Table A2. Adaptation components and settings of the seven comparator implementations.

Method Family Key Settings

FDA Appearance alignment
Low-frequency amplitude replacement with a target
reference, β ∼ U[0.01, 0.09]; 30 source-supervised
epochs, no self-training

AdvEnt + MinEnt Adversarial + entropy
Discriminator on weighted self-information (Adam,
10−4); adversarial and entropy weights 10−3; no
pseudo-labels

DACS-style Self-training EMA teacher + ClassMix; threshold 0.5, absolute
confidence gate 0.9 (the reference loop)

CBST-style Self-training Class-wise confidence quantiles; retained fraction 0.2,
+0.05 per epoch, capped at 0.5; no ClassMix

DAFormer-style Self-training +
sampling

DACS-style + rare-class sampling, weights
∝ ( fi + 10−3)0.5

MIC-style Self-training +
masking

DACS-style + masked target consistency, 64-px blocks,
ratio 0.7, weight 1

LandsDANet-style Adversarial +
contrastive

Output-space adversarial loss (10−3), Wallis
normalisation, source prototype InfoNCE (0.5, τ = 0.1);
no self-training

FDA replaces low-frequency Fourier amplitudes using a target reference, with the
band parameter sampled from U[0.01, 0.09] and full amplitude replacement for each source
training image. References are sampled by first choosing a target subset and then a tile
within it. Amplitude exchange occurs on the native grid before GSA resampling. The model
is trained with source labels without a subsequent self-training stage.
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AdvEnt + MinEnt combines adversarial alignment of weighted self-information maps
with direct target entropy minimisation, each weighted by 10−3. A convolutional dis-
criminator is trained with Adam, a learning rate of 10−4 and momentum coefficients
(0.9, 0.99). This implementation uses neither pseudo-label supervision nor ClassMix. Its
target adversarial and entropy losses are active from the beginning of adaptation.

DACS-style uses GSA followed by the reference EMA–ClassMix loop. Pseudo-labels
use a fixed decision threshold of 0.5 and an absolute confidence cutoff of 0.9. This provides
the reference self-training step in the component comparisons, before LOC introduces joint
boundary calibration and relative gating.

CBST-style assigns pseudo-labels using the fixed 0.5 decision boundary and retains
them according to per-class confidence quantiles. The retained fraction starts at 0.2, in-
creases by 0.05 per epoch and is capped at 0.5. It does not use ClassMix. The per-class
quantiles change which labels are retained, while the assignment boundary remains fixed.

DAFormer-style adds simplified binary rare-class sampling to the DACS-style loop.
Source tiles are sampled with weights proportional to ( fi + 10−3)0.5, where fi is the an-
notated landslide-pixel fraction of source tile i. The common SegFormer-B2 decoder is
retained, so this comparison evaluates the sampling component rather than the complete
DAFormer architecture.

MIC-style adds masked-target consistency to DACS-style, using 64-pixel blocks,
a masking ratio of 0.7 and loss weight 1. The teacher predicts pseudo-labels from the
full weak view, while the student processes the masked target view. The masked-view and
ClassMix losses use pseudo-labels retained by the same absolute confidence gate. Rare-class
sampling is disabled.

LandsDANet-style combines output-space adversarial alignment, Wallis radiometric
preprocessing of both domains during training and evaluation, and a supervised source
pixel-to-prototype InfoNCE loss on decoder features. Wallis uses a Gaussian scale of 16
pixels, target mean 0.5, target standard deviation 0.2, and coefficients c = 0.8 and b = 0.6.
The adversarial loss has weight 10−3; the contrastive loss has weight 0.5 and temperature
0.1. Class prototypes are formed from labelled source features within the current batch.
This implementation retains SegFormer-B2 and uses neither self-training nor rare-class
sampling. It is an approximation of the reported adaptation components, rather than an
official implementation of the complete LandsDANet network.

The two adaptive-gate controls retain the binary assignment rule ŷ = 1[p > 0.5] and
replace only the confidence filter on c = max(p, 1− p). They are adaptations of the gating
ideas of FlexMatch [47] and FreeMatch [48], rather than implementations of the complete
original methods. The FlexMatch-style variant uses a base gate of 0.95 and EMA counts sc of
pixels assigned to class c with confidence above 0.95. With N the EMA total pixel count, its
warm-up gate is τc = 0.95sc/ max(maxj sj, N −∑j sj, 10−6), using a linear learning-status
mapping. The FreeMatch-style variant sets τc = τ̄ p̄c/ maxj p̄j, where τ̄ is the EMA of
mean confidence and p̄c is the EMA class probability; both are initialised to 0.5. Its global
gate therefore evolves during training rather than remaining at 0.95, and its self-adaptive
fairness term is omitted. Both variants use EMA momentum 0.999 for these statistics.

The final positive-class gates are 0.11–0.21 and the negative-class gates 0.95–0.99. These
are retention thresholds on max(p, 1− p), not class-assignment boundaries: a positive gate
below 0.5 accepts all pixels already assigned to the positive class. Both variants preserve the
common anchored source initialisation, 10-epoch adaptation schedule, source-validation
checkpoint selection and ClassMix procedure. Table A9 reports the seed-0 results.
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Appendix C. Implementation and Measurement Details
Appendix C.1. Training and Calibration

Both stages use AdamW [49], weight decay 0.01, and BCE plus Dice. Source/adaptation
encoder learning rates are 6× 10−5/3× 10−5; decoder/head rates are tenfold. Linear warm-
up lasts 500/200 steps, followed by linear decay. Training uses bfloat16.

Mixed-view loss is disabled for the first 200 adaptation steps while EMA updates
continue. Larger source-validation tiles use sliding windows with stride 512.

Source padding is excluded from BCE/Dice normalisation and never pasted by Class-
Mix. Original CAS target padding can contribute retained pseudo-labels, notably for 0.2
m UAV and 0.5–0.6 m SAT crops. A five-seed control masks target padding in pseudo-
label supervision, target-derived ClassMix and both losses. SAT→UAV/UAV→SAT IoUs
are 0.528± 0.024/0.377± 0.009, with paired changes about +0.1/+0.3 points (unadjusted
p = 0.89/0.11). The differences lie within observed run variation. Bijie uses the documented
padding exclusion.

Each epoch estimates θ from the fixed subset PN of N = 256 unlabelled tiles, shuffled
once with seed 1; smaller pools use all tiles. The teacher uses evaluation mode without
augmentation and the inference procedure of Section 2.2. Tile probabilities are concatenated;
if they exceed 4 × 106 pixels, that many are sampled uniformly without replacement,
otherwise all are used. The tiles stay fixed, pixel sampling is repeated at each estimate,
and θ stays fixed within the epoch.

Threshold estimation clips probabilities to [0.001, 0.999] and bins logits into 1000
equal-width bins over [−7, 7], with coordinates zj = −7 + 14j/999 (j = 0, . . . , 999). Double-
precision cumulative counts and coordinate sums give masses and means for 999 partitions,
equivalent to the normalised criterion in Equation (3). Empty-group partitions score zero;
ties choose the lowest index. The chosen coordinate is mapped through sigmoid and
clipped to [0.020, 0.980]. The old single-bin fallback chose the first partition, returning
0.020 and admitting constant probabilities of 0.1 as positive pseudo-labels under either
RSR direction. The revised rule returns no threshold if no partition has two non-empty
groups or the maximum score is non-positive. All target pseudo-labels are then ignored
for that epoch; source supervision continues, including source pixels pasted by ClassMix.
The previous threshold (initially 0.5) remains only for bookkeeping; target supervision
resumes after a valid estimate. Constant probabilities 0.1, 0.3 and 0.999 return no threshold,
whereas a two-group input returns a valid one. A merely unimodal histogram can still
admit a valid partition.

For the retention gate, pixel probabilities are clipped to [10−4, 1− 10−4] before taking
logits, and the centre uses the final clipped θ.

Across five main SCALAR seeds, first/last SAT→UAV thresholds are 0.098–0.120/0.327–
0.349; UAV→SAT ranges are 0.167–0.190/0.391–0.398. Across-seed spread is below 0.03 at
these two time points, not necessarily at intervening epochs. Otsu requires neither visible
modes nor semantic correctness: score overlap or collapse can yield an unhelpful boundary
despite a valid partition.

Historical logs record mean teacher probability, threshold and above-threshold pool
fraction, not bin occupancy. Of 182 runs (observed thresholds 0.02–0.93; clipping bounds
[0.02, 0.98]), 180 remain strictly inside the bounds, excluding the old single-bin fallback
at recorded estimates. Two HRNet UAV-to-SAT runs reach 0.020: the reported SCALAR
run has two such epochs and 3–6% above threshold; an unreported archived CCD run has
nine, mean probability about 0.0001, at most 0.16% above threshold and IoU 0.0019. Bin
occupancy in these two boundary-reaching runs cannot be determined from the retained
logs. The new safeguard applies prospectively.
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Appendix C.2. Metrics and Runtime

GSD-band and region-exclusion counts are reconstructed from subset precision/recall
and indexed positive-pixel totals (landslide fraction times tile dimensions): TP is recall times
positives, FN the remainder, and FP follows from precision and TP. The original calculation
used four-decimal precision/recall snapshots. Rechecking all 96 Table 3 band/exclusion
entries with unrounded double-precision values changes none of the printed three-decimal
results; positive totals remain index-derived. Overall, subset, region and platform evalua-
tions use integer confusion counts.

Main-protocol training uses bfloat16 mixed precision on an NVIDIA RTX 5090 GPU
(NVIDIA Corporation, Santa Clara, CA, USA), except for seeds 1–4 of FDA, DACS-style,
MIC-style and LandsDANet-style, which use RTX 4090 GPUs. The initial region-held-out
runs and the merged LORO check used RTX 4090 GPUs on a two-GPU system.

The primary RTX 5090 environment used Python 3.12.3 and PyTorch 2.8.0 with CUDA
12.8. The main model implementation used segmentation-models-pytorch 0.5.0 and timm
1.0.29.

On RTX 5090, SegFormer-B2 source training takes 1164 s in SAT→UAV and 2046
s in UAV→SAT. Adaptation takes 1277 s (21.3 min) and 2375 s (39.6 min), respectively,
including 256-tile calibration and source validation.

A separate RTX 4090 benchmark uses PyTorch 2.8.0/CUDA 12.8, channels-last bfloat16
and 512× 512 windows, averaging 50 forward passes. Batch 16 gives 370.5 windows/s
(2.70 ms per window averaged across the batch) and 3.07 GB peak memory; batch 1 takes
10.02 ms per window. These exclude loading and GSA. End-to-end evaluation, including
loading, resampling, stride-256 sliding windows, native-grid restoration and confusion
counts, takes 316 s for 13,443 UAV target plus 743 source-validation tiles (21,539 anchored
target windows), and 223 s for 7422 SAT target plus 1343 validation tiles (38,190 target
windows). These totals include validation, not target-only throughput.

Appendix C.3. Inference-Only Operating Points

Inference-only calibration uses up to 512 eligible pool tiles in fixed model-shared
ordering, with at most four million sampled probabilities; training calibration instead uses
N = 256. AP and oracle IoU use 1024 probability bins, so oracle search is over bin edges
rather than all distinct scores. Across five frozen anchored-source seeds, Otsu recalibra-
tion adds approximately 7.41± 0.37/0.92± 0.35 points in SAT→UAV/UAV→SAT, recon-
structed descriptively from archived four-decimal values rather than new full-precision
evaluations. For the supplementary checkpoints in Table 5, main GSA + LOC/SCALAR
logged IoUs are 0.503/0.521 in SAT-to-UAV and 0.357/0.376 in UAV-to-SAT; re-evaluation
differs by at most 0.2 IoU points. Recalibrating SCALAR at inference adds about 0.5/1.1
points in main/held-out SAT-to-UAV. These checkpoints do not replace the main five-
seed runs.

Table A11a extends the main operating-point comparison with the native source and
an inference-only prior-matched threshold. The source prior is calculated from source-
training annotations and the tile index; the target prior is estimated by EM on unlabelled
target probabilities, following the prior-adjustment motivation of Saerens et al. [21]. The EM
iteration uses at most 30 updates, stops when the prior changes by less than 10−5, clips
the estimated prior to [10−4, 0.9], and chooses the corresponding (1− π̂) score quantile,
clipped to [0.05, 0.95]. This is a prior-matched quantile control, rather than a claim that
LOC estimates a class prior or performs classical posterior correction. No target annotation
enters either the Otsu or prior-matched threshold estimate.
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Appendix D. Scale and Ratio Sensitivity
Table A3 uses SegFormer-B2 at seed 0. Panel (a) retrains the source under differ-

ent bounds; (b) holds weights fixed while perturbing inference GSD; (c) crosses train-
ing/inference scales with supplementary source-only checkpoints. Inference-cap and
calibration-pool checks remain in Table A14.

For panel (b), the reference anchor is not reselected. The implementation replaces the
inference resampling denominator by the reference anchor divided by the perturbation
factor, which is algebraically equivalent to multiplying every target tile’s nominal GSD by
that factor:

s f (x) = clip
(︃

gx

g∗/ f
, 1

4 , 2
)︃
= clip

(︃
f gx

g∗
, 1

4 , 2
)︃

. (A1)

Factors 0.5, 0.7, 1.0, 1.4 and 2.0 leave weights and threshold 0.5 fixed; evaluation stays on
the native grid. These uniform perturbations test inference sensitivity, not full-workflow or
spatially varying metadata errors.

Table A3. GSA sensitivity at seed 0 and decision threshold 0.5. (a) Source + GSA retrained under
the listed bounds. (b) Fixed-model inference with nominal GSD multiplied by the listed factor. (c)
Training scale crossed with inference scale, using supplementary source-only seed-0 checkpoints.
Values are landslide IoU; asterisks mark the defaults.

(a) Resampling bounds: retrained Source + GSA
Direction [1/2, 1.4] [1/4, 2] ∗ [1/4, 4] [1/8, 4]

UAV→SAT 0.293 0.344 0.348 0.339
SAT→UAV 0.347 0.355 0.3547 † 0.3664 †

(b) Nominal-GSD perturbation at inference
Direction/model f = 0.5 0.7 1.0 ∗ 1.4 2.0

UAV→SAT/Source + GSA 0.266 0.307 0.344 0.361 0.357
UAV→SAT/SCALAR 0.332 0.353 0.376 0.385 0.387
SAT→UAV/Source + GSA 0.270 0.296 0.355 0.355 0.327
SAT→UAV/SCALAR 0.515 0.505 0.521 0.527 0.510

(c) Supplementary training scale × inference scale check

Direction
Native train
Native infer.

Native train
GSA infer.

GSA train
Native infer.

GSA train
GSA infer.

UAV→SAT 0.232 0.195 0.315 0.344
SAT→UAV 0.294 0.323 0.334 0.355
† The two dagger-marked entries use equivalent effective resampling: at the 0.5 m SAT-to-UAV anchor, the smallest
source and target ratios are 1 and 0.4, respectively, so neither lower bound is active. No scale jitter was used. They
are two seed-0 runs of the same effective setting; four decimals are retained to show their observed difference of
1.17 IoU points. This is not a lower-bound effect or an estimated uncertainty interval, and it is not used as a noise
threshold for UAV-to-SAT. The remaining entries are reported to three decimals.

Training-scale contrasts at fixed native inference are +8.3/+4.0 points in UAV-to-
SAT/SAT-to-UAV, and +14.9/+3.2 at fixed GSA inference. Inference-only changes are
−3.7/+2.9 for native-trained and +2.9/+2.1 for GSA-trained models. Training contrasts
are larger, modestly so in SAT-to-UAV, and depend on the held-fixed condition. They
neither give a unique additive attribution nor separate footprint, context and smoothing.

To describe sharpness separately from grid spacing, we estimated relative edge blur
using the re-blur gradient-ratio method of Zhuo and Sim [50]. At Canny edges, the method
compares gradient magnitudes before and after Gaussian re-blurring to estimate a blur
scale in pixels. We used a re-blur scale of 1 pixel, taking the median estimate within each
tile and then the median across 60 randomly sampled tiles per subset (seed 0). The edge
blur ratio in Table A1 divides each subset median by the median across UAV subsets,
0.634 pixels. Longxi SAT, Tiburon Planet and Wenchuan have ratios of 2.88, 2.15 and 1.83,
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respectively. These describe the relative blur on the released grids; they neither calibrate
physical resolving power nor identify the original sensor or processing chain.

A synthetic degradation check used 60 tiles each from Longxi UAV and Moxitaidi
UAV-1, with area-averaged downsampling and bilinear restoration to the original grid.
At factors 1, 1.5, 2, 3, 4 and 6, relative blur ratios were 1.00, 1.61, 1.90, 2.53, 3.34 and 4.12
for Longxi, and 0.97, 1.43, 1.66, 2.17, 2.94 and 3.64 for Moxitaidi. Longxi at factor 6 uses 14
available tile estimates. The diagnostic and UAV reference are those of Table A1. The ratios
increase with degradation but do not reproduce its factors quantitatively; they describe
image blur, not segmentation performance or optical resolving power.

Table A14b compares medians computed from the same target adaptation pool using
weights 1, hiwig2

i , and fihiwig2
i , where fi is the annotated landslide fraction. The first is the

default tile-count definition; the second weights nominal tile footprints; the third weights
annotated landslide area and is a post hoc diagnostic requiring target labels. Nominal
footprint sums are not verified unique terrain coverage because tile coordinates and overlap
information are unavailable. In the region-held-out protocol, all three calculations exclude
the held-out regions and use only the adaptation pool.

Holding the anchor fixed, all three UAV→SAT weightings preserve the gate direc-
tion. Main SAT→UAV becomes symmetric under area/landslide-area weighting; held-out
SAT→UAV becomes symmetric under area weighting but retains r = 0.4 under landslide-
area weighting. Existing symmetric-versus-RSR paired tests therefore evaluate these
changes without retraining. They do not establish superiority of tile-count weighting.
Weighting sensitivity changes the sign branch; width sensitivity changes the margins.

Table A6c removes Moxitaidi SAT, Palu and Lombok from evaluation aggregation
only, preserving the four-model ordering. Source data and adaptation pools are unchanged;
these subsets are not removed from SAT-to-UAV source training.

Appendix E. Region-Held-Out and Component Diagnostics
The native-scale LOC LORO check merges the original Longxi and Wenchuan folds

into one group because of their geographic overlap. The merged fold uses 14,773 source-
training, 1641 validation and 4451 target tiles; other folds reserve approximately 10% of
source tiles for validation. The auxiliary inductive Protocol C check randomly halves each
target subset with the run seed, yielding adaptation/test counts of 3713/3709 SAT and
6723/6720 UAV tiles.

In UAV→SAT region hold-out, Jiuzhai supplies 6910 source-training and 767 valida-
tion UAV tiles; Hokkaido, Mengdong, Palu, Tiburon and Lombok supply the 4823-tile SAT
adaptation pool. In SAT→UAV, those five regions supply 4340 training and 483 validation
SAT tiles, and Jiuzhai supplies 7677 UAV adaptation tiles. Longxi/Moxi evaluation com-
prises 2421 SAT or 5766 UAV tiles. Wenchuan is excluded without evaluation. The source,
adaptation and evaluation regions are disjoint.

Table A4 retains all 14 five-seed paired comparisons: 12 at the rule-selected 0.5 m
anchor and two at 1 m. It reports paired mean differences, sample standard deviations,
positive-seed counts, raw p-values and Holm-adjusted p-values.
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Table A4. Paired region-held-out comparisons across five seeds. A is GSA + LOC minus Source +
GSA; B is SCALAR minus GSA + LOC (the RSR step); C is SCALAR minus Source + GSA. Positive
gives the number of seeds with a positive difference.

Direction/Anchor Set Contrast ∆ (Points) Positive Raw p Holm p

UAV→SAT/0.5 m Pool A +1.1± 2.5 4/5 0.39 1.0
Held-out A +0.2± 6.2 3/5 0.95 1.0
Pool B −0.7± 1.2 1/5 0.28 1.0
Held-out B −1.2± 3.6 1/5 0.49 1.0
Pool C +0.4± 2.8 2/5 0.77 1.0
Held-out C −1.0± 4.0 1/5 0.60 1.0

SAT→UAV/0.5 m Pool A +15.2± 5.0 5/5 0.0024 0.026
Held-out A +17.9± 4.5 5/5 0.0009 0.012
Pool B +5.0± 2.3 5/5 0.0088 0.079
Held-out B +4.5± 2.8 5/5 0.022 0.17
Pool C +20.1± 5.0 5/5 0.0009 0.012
Held-out C +22.4± 5.2 5/5 0.0007 0.010

UAV→SAT/1 m Pool C +5.8± 2.2 5/5 0.004 0.040
Held-out C +9.5± 5.8 5/5 0.021 0.17

Table A5 uses the seed-0 models of Table 5. Reference-fragment counts are shared
across models. Tile truncation can change nominal size classes; sparse large-object bins
limit interpretation.

Table A5. Reference-component omission at threshold 0.5, stratified by nominal area (m2). Entries are
omission rates; n gives the number of reference fragments in each size band. A component is omitted
when fewer than half of its reference pixels are predicted positive. Size-band rates are rounded to
two decimals; overall rates retain three decimals.

Model/Reference Count < 500 500–2000 2000–10,000 10,000–50,000 > 50, 000 All

Main protocol, SAT→UAV
n 14,696 10,550 7353 1551 65 34,215
Source + GSA 0.75 0.59 0.57 0.62 0.80 0.658
GSA + LOC 0.68 0.45 0.38 0.34 0.51 0.531
SCALAR 0.63 0.41 0.34 0.31 0.48 0.487

Main protocol, UAV→SAT
n 15,415 26,220 35,811 15,198 2487 95,131
Source + GSA 0.81 0.81 0.68 0.41 0.27 0.683
GSA + LOC 0.78 0.75 0.55 0.25 0.16 0.585
SCALAR 0.84 0.81 0.63 0.32 0.24 0.653

Held-out regions, SAT→UAV
n 9282 6785 4263 1005 54 21,389
Source + GSA 0.82 0.74 0.79 0.91 1.00 0.792
SCALAR 0.67 0.53 0.48 0.50 0.65 0.579

Held-out regions, UAV→SAT
n 2426 2000 1369 300 13 6108
Source + GSA 0.84 0.68 0.59 0.49 0.46 0.713
SCALAR 0.85 0.68 0.61 0.48 0.38 0.720

Table A6a compares identical Longxi/Moxi evaluation subsets across protocols; panel
(b) gives regional five-seed means and paired changes. The source/pool/anchor confounds
are described in Section 3.3. These regional summaries are outside the pooled 14-test Holm
family.
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Table A6. Protocol and regional contrasts at threshold 0.5. (a) Native-source and SCALAR IoUs at
seed 0 on the same evaluation subsets; paired entries list Longxi / Moxi. (b) Full-workflow held-out
results at the rule-selected 0.5 m anchor, reported as five-seed mean ± sample standard deviation.
Changes in (b) are paired SCALAR minus Source + GSA, in IoU points, computed before rounding.
(c) UAV-to-SAT seed-0 checkpoints of the supplementary operating-point analysis (Table 5); GSA +
LOC and SCALAR were retrained for that analysis. Exclusion changes only evaluation aggregation,
not training or adaptation pools.

(a) Seed-0 protocol comparison: Longxi/Moxi
Direction Model Main protocol Region hold-out

SAT→UAV Native
source 0.277/0.213 0.137/0.044

SAT→UAV SCALAR 0.472/0.548 0.406/0.408

UAV→SAT Native
source 0.318/0.537 0.240/0.307

UAV→SAT SCALAR 0.434/0.503 0.319 / 0.328

(b) Five-seed region-held-out results
Direction Region Source + GSA SCALAR Change (points)

SAT→UAV Longxi 0.180± 0.038 0.368± 0.069 +18.8± 5.3
SAT→UAV Moxi 0.085± 0.019 0.341± 0.059 +25.6± 6.5
UAV→SAT Longxi 0.385± 0.067 0.356± 0.047 −2.9± 3.7
UAV→SAT Moxi 0.278± 0.051 0.345± 0.024 +6.7± 6.9

(c) Evaluation-only subset exclusion
Model All Excluding three Moxitaidi SAT Palu Lombok

Native source 0.232 0.256 0.510 0.017 0.060
Source + GSA 0.344 0.402 0.488 0.050 0.077
GSA + LOC 0.357 0.425 0.461 0.041 0.076
SCALAR 0.376 0.444 0.496 0.042 0.070

The qualitative examples in Figure A1 use the candidate tiles underlying the Figure 6
selection procedure: up to 40 randomly sampled tiles per target subset with 10–50%
reference landslide pixels. For the displayed models, each direction shows the candidate
closest to the median SCALAR-minus-anchored-source IoU difference and the candidate
with the largest loss. The Wenchuan 5 m example falls from 0.665 to 0.065 IoU and the Moxi
town 1 m example from 0.649 to 0.367, illustrating loss of true detections and increased
false positives, respectively.
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Figure A1. Representative gains and negative-transfer examples in UAV-to-SAT (top two rows)
and SAT-to-UAV (bottom two rows). Columns show RGB, reference labels, Source + GSA, GSA +
LOC and SCALAR. The candidate-selection rule is given in the accompanying text. GSA + LOC
and SCALAR are the seed-0 checkpoints retrained for the supplementary operating-point analysis
(Table 5), not the checkpoints in Figure 6. Values below predictions are tile-level IoUs.

Appendix F. External Datasets and the Bijie Evaluation
GDCLD [31] uses scene-level GeoTIFFs from its test package, with nominal GSD from

the geotransform. Events are absent from CAS; overlapping Palu is excluded, and the
training/validation packages are unused. Scenes are tiled into 1024-pixel windows. SAT
transfers to 0.5 m Map World scenes at anchor 0.5 m and r = 1; UAV transfers to 3 m
PlanetScope scenes at anchor 1 m and r = 3, both at seed 0. Auxiliary checks randomly
halve each scene set. At threshold 0.5, transductive Source + GSA/SCALAR IoUs are
0.224/0.282 for Lushan_1 (Lushan 2022, 133 tiles) and 0.286/0.379 for Lushan_2 (Lushan
2022, 168 tiles), both at 0.5 m. For 3 m scenes they are 0.026/0.054 for Lushan_3 (Lushan
2022, 90 tiles), 0.086/0.073 for Mesetas (2019, 144 tiles), and 0.320/0.239 for West Sumatra
(2022, 107 tiles). At 0.5 m the symmetric gate makes SCALAR identical to GSA + LOC.

GDCLD 0.5 m AP is 0.215/0.317/0.380 for native/anchored/full models (full equals
LOC). At 3 m, native/anchored/LOC/full AP is 0.080/0.156/0.087/0.097. Anchored-
teacher P/R at 0.5 is 0.55/0.35 and 0.16/0.58, respectively.
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Bijie [32] contains 2773 RGB crops at 0.8 m in Guizhou: 770 masked landslide crops
and 2003 non-landslide crops assigned empty masks. The available DEM is unused. Side
lengths are 61–1239 pixels; median dimensions are approximately 264× 275. The plan/hash
were recorded on 22 October 2026 before download. An erratum corrected verbal margin
direction without changing the listed SAT/UAV widths (1.5δ, 0.5δ)/(0.5δ, 1.5δ). Before any
model run, amendments added inductive splitting, dimension-based target-padding exclu-
sion and seed scheduling. Padding exclusion followed inspection of crop dimensions.

Protocol C source partitions are reused. SAT source models are retrained at the rule-
selected 0.6 m anchor; existing 1 m UAV sources are reused. CAS source-validation IoU
selects checkpoints; target labels are reserved for evaluation. The seed-0 inductive split sorts
and shuffles landslide/non-landslide groups separately, then assigns alternating indices
(1387/1386 crops), with the exclusions in Section 3.2. A failed native-source inference on
dimensions not divisible by 32 was rerun after edge-padding inputs and cropping logits
back, without changing the model.

External runs use SegFormer-B2 and RGB. Bijie anchors are 0.6/1 m with ratios
1.33/0.8 for SAT/UAV transfer; anchored and adapted models use seeds 0–2, and native
sources use seed 0. Target padding is excluded under the documented pre-run amendment.
The prespecified primary contrast is SCALAR minus its matched anchored source; three-
seed paired tests use two degrees of freedom and unadjusted exploratory p-values.

Table A7 retains every prescribed model/seed and secondary outcome. Adapted
IoU, P/R and group metrics use final records of the source-validation-selected student;
source metrics and AP use supplementary evaluation. Re-evaluated adapted IoU differs by
less than 0.00010. Full-precision values determine means, sample deviations and paired
increments (Table A7b); native seed 0 remains a fixed reference.

Table A7. Bijie results by model and seed. IoU, precision (P) and recall (R) use threshold 0.5; AP uses
scores across thresholds. All-crop metrics pool 2,773 crops; LS IoU pools only the 770 landslide crops;
background FP is the percentage of pixels predicted positive in the 2003 non-landslide crops. Native
sources are evaluated at seed 0 only.

(a) Model and seed results

Model Seed IoU AP LS IoU Background FP (%) P R

CAS SAT→Bijie
Native source 0 0.104 0.159 0.106 0.048 0.66 0.11
Source + GSA 0 0.068 0.101 0.068 0.018 0.63 0.07
Source + GSA 1 0.111 0.147 0.113 0.058 0.61 0.12
Source + GSA 2 0.092 0.139 0.093 0.025 0.65 0.10
GSA + LOC 0 0.139 0.154 0.140 0.036 0.61 0.15
GSA + LOC 1 0.211 0.220 0.216 0.082 0.58 0.25
GSA + LOC 2 0.206 0.219 0.210 0.078 0.60 0.24
SCALAR 0 0.135 0.151 0.136 0.025 0.63 0.15
SCALAR 1 0.164 0.177 0.166 0.043 0.62 0.18
SCALAR 2 0.172 0.197 0.175 0.048 0.66 0.19

CAS UAV→Bijie
Native source 0 0.235 0.269 0.262 0.436 0.53 0.29
Source + GSA 0 0.144 0.178 0.150 0.152 0.54 0.16
Source + GSA 1 0.185 0.216 0.197 0.248 0.53 0.22
Source + GSA 2 0.170 0.199 0.180 0.217 0.53 0.20
GSA + LOC 0 0.218 0.202 0.243 0.495 0.41 0.32
GSA + LOC 1 0.213 0.188 0.231 0.367 0.40 0.31
GSA + LOC 2 0.218 0.189 0.247 0.615 0.38 0.34
SCALAR 0 0.238 0.225 0.265 0.546 0.38 0.39
SCALAR 1 0.210 0.181 0.234 0.537 0.37 0.33
SCALAR 2 0.214 0.187 0.244 0.675 0.36 0.35
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Table A7. Cont.

(b) Paired changes over seeds 0–2

Source Contrast Change (points) Positive p

SAT SCALAR − (Source + GSA) +6.7± 1.4 3/3 0.014
SAT (GSA + LOC) − (Source + GSA) +9.5± 2.2 3/3 0.017
SAT SCALAR − (GSA + LOC) −2.9± 2.2 0/3 0.155
UAV SCALAR − (Source + GSA) +5.4± 3.6 3/3 0.122
UAV (GSA + LOC) − (Source + GSA) +5.0± 2.3 3/3 0.064
UAV SCALAR − (GSA + LOC) +0.4± 1.4 1/3 0.670

Paired changes use full-precision IoUs, in points, and give mean ± sample standard deviation and positive-run
counts. Two-sided paired t-test p-values are unadjusted exploratory summaries (n = 3), outside the CAS Holm
family.

Appendix G. Supplementary Transfer and Comparator Controls
The within-platform GSA + LOC increments are +16.3/+21.5 points in UAV pairs and

+2.8/+3.4 in SAT pairs; RSR adds −7.2, +0.7, −0.8 and −4.8 points at r = 2.5, 0.4, 8.3 and
approximately 0.17.

Table A8 varies the GSD bands within the UAV and SAT platform groups. Each
pair uses the frozen design and its rule-selected anchor; source models and adapted
models are fitted for that pair. Source and target subsets have different region labels,
but Wenchuan geographically contains the Longxi study area. Consequently, W3 and W4
have possible geographic overlap between Longxi SAT and the Wenchuan subset (178
Wenchuan target tiles in W3 and 160 Wenchuan source tiles in W4). Region labels alone
do not establish spatial independence. The comparisons also change region and image
collection, and therefore cannot isolate GSD as the sole cause of the performance changes.

Table A8. Within-platform transfers across GSD bands. Panel (a) gives the source and target
subsets, the anchor and the target-median-to-anchor ratio. Panel (b) gives seed-0 IoUs and zero-shot
precision/recall of Source + GSA; increments are in IoU points. Each pair uses its own models.

(a) Transfer settings
Pair Source → target Anchor (m) r

W1 UAV 0.2 m (Jiuzhai, Moxi town)→ Longxi UAV 0.5 m 0.2 2.5
W2 Longxi UAV 0.5 m→ UAV 0.2 m (Jiuzhai, Moxi town) 0.5 0.4

W3 SAT 0.5–0.6 m (Longxi, Mengdong, Moxitaidi)→ SAT 3–5 m
(Hokkaido, Tiburon, Palu, Lombok, Wenchuan) 0.6 8.3

W4 SAT 3–5 m (Hokkaido, Tiburon, Palu, Lombok, Wenchuan)
→ SAT 0.5–0.6 m (Longxi, Mengdong, Moxitaidi) 3.0 0.17

(b) Model performance and increments
Pair Source + GSA Source P/R GSA + LOC SCALAR LOC step RSR step

W1 0.241 0.69/0.27 0.404 0.332 +16.3 −7.2
W2 0.290 0.85/0.31 0.505 0.512 +21.5 +0.7
W3 0.341 0.52/0.50 0.369 0.361 +2.8 −0.8
W4 0.293 0.63/0.35 0.327 0.279 +3.4 −4.8

Adaptive gates reach 0.483/0.498 IoU in SAT→UAV and 0.330/0.318 in UAV→SAT
(FlexMatch-style/FreeMatch-style), versus anchored sources 0.355/0.344. The former
recover much of LOC’s benefit; the latter have higher recall and lower precision.

The fixed-gate scan (Table A10) raises MIC-style SAT→UAV from 0.305 to 0.328 at
gate 0.80; other pairs improve at most 0.003. All tested settings remain below same-seed
SCALAR.

Matched SAT→UAV seeds 1–4 give AP 0.614 for the source versus 0.488/0.493 for
DACS/MIC; oracle IoUs are 0.468 versus 0.390/0.399. Inference thresholds cannot recover
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the ranking loss. Comparator Otsu means span 0.304–0.396 versus matching-source 0.419.
The loss of ranking quality persists across operating points.

Adaptive-gate controls use seed 0, fixed-gate scans seed 1, and operating-point analy-
ses the matched seed sets stated in their tables. Benchmark defaults are unchanged.

Table A9. Adaptive-confidence-gate controls in the reference loop (seed 0, IoU at 0.5). GSA + LOC
and SCALAR use the supplementary analysis runs described in Section 3.4; these are not the original
five-seed main-comparison summaries.

Method UAV→SAT SAT→UAV

Source + GSA 0.344 0.355
FlexMatch-style gate 0.330 0.483
FreeMatch-style gate 0.318 0.498
GSA + LOC 0.357 0.503
SCALAR 0.376 0.520

The adaptive-gate controls retain the 0.5 assignment boundary; implementation differences from the original
methods are stated in Appendix B.

Table A10. Confidence-gate sensitivity of DACS-style and MIC-style (seed 1). Entries show IoU at
0.5, with pixel AP in parentheses. The middle gate is the default of the present reference loop; all
tested gates are shown.

Comparator Transfer τ = 0.80 τ = 0.9 τ = 0.968 SCALAR IoU

DACS-style UAV→SAT 0.352 (0.356) 0.353 (0.357) 0.350 (0.353) 0.373
MIC-style UAV→SAT 0.363 (0.372) 0.360 (0.369) 0.336 (0.345) 0.373
DACS-style SAT→UAV 0.300 (0.490) 0.299 (0.492) 0.237 (0.432) 0.543
MIC-style SAT→UAV 0.328 (0.518) 0.305 (0.498) 0.235 (0.440) 0.543

SCALAR is shown at the same seed. Source-validation checkpoint selection is retained; reference labels score each
trained setting. The target-label scan is retrospective; benchmark defaults are unchanged.

Table A11. Operating-point diagnostics. (a) Main-protocol seed-0 checkpoints, each held fixed
across thresholds; prior denotes an EM-prior-matched quantile, and adapted checkpoints are the
supplementary runs of Table 5. (b) Comparators and sources averaged over matching seed sets.
Oracle thresholds use labels only for analysis; AP and oracle IoU use 1024 probability bins.

(a) Main-protocol source and adapted checkpoints

Model IoU@0.5 IoU@Otsu IoU@prior Oracle IoU AP

SAT→UAV
Native source 0.2946 0.3495 0.2967 0.4601 0.5640
Source + GSA 0.3554 0.4321 0.3612 0.4930 0.6371
GSA + LOC 0.5031 0.5106 0.5088 0.5497 0.6495
SCALAR 0.5205 0.5251 0.5254 0.5453 0.6533

UAV→SAT
Native source 0.2316 0.2414 0.2207 0.2478 0.2469
Source + GSA 0.3438 0.3473 0.3363 0.3475 0.3871
GSA + LOC 0.3573 0.3562 0.3582 0.3646 0.3811
SCALAR 0.3758 0.3756 0.3759 0.3759 0.3930

(b) Comparator diagnostics with matching seed sets

Method Seeds IoU@0.5 IoU@θ Oracle IoU AP

SAT→UAV: all rows use seeds 1–4
Source + GSA 1–4 0.346 0.419 0.468 0.614
DACS-style 1–4 0.291 0.304 0.390 0.488
MIC-style 1–4 0.294 0.307 0.399 0.493
FDA 1–4 0.273 0.396 0.432 0.584
LandsDANet-style 1–4 0.287 0.345 0.414 0.539
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Table A11. Cont.

Method Seeds IoU@0.5 IoU@θ Oracle IoU AP

AdvEnt + MinEnt 1–4 0.297 0.350 — —
CBST-style 1–4 0.338 0.346 — —
DAFormer-style 1–4 0.298 0.311 — —
UAV→SAT: match each comparator to the source row with the same seeds

Source + GSA 1–3 0.327 0.337 0.339 0.369
DACS-style 1–3 0.368 0.369 0.376 0.377
MIC-style 1–3 0.356 0.358 0.368 0.362
Source + GSA 1–4 0.325 0.335 0.338 0.364
FDA 1–4 0.237 0.246 0.251 0.330
LandsDANet-style 1–4 0.339 0.336 0.340 0.375
AdvEnt + MinEnt 1–4 0.370 0.369 — —
CBST-style 1–4 0.319 0.324 — —
DAFormer-style 1–4 0.368 0.370 — —

In panel (b), Source + GSA, DACS-style, MIC-style, FDA and LandsDANet-style use retained checkpoints
evaluated by the supplementary script. AdvEnt + MinEnt, CBST-style and DAFormer-style use end-of-training
logs from source-validation-selected students; missing checkpoints preclude AP/oracle evaluation (dashes). Each
run uses the same model across operating points. Both evaluation routes estimate logit-Otsu on 512 unlabelled
pool tiles; inference and pixel sampling can change the numerical threshold. Means are descriptive reconstructions
from four-decimal records. Separate UAV source rows match the three- and four-seed comparisons.

Appendix H. Module Controls and Teacher Diagnostics
Appendix H.1. Teacher Diagnostics

Retrospective teacher P/R at seed 0 is 0.89/0.37 and 0.47/0.56 for main SAT→UAV
and UAV→SAT, and 0.55/0.35 and 0.16/0.58 for GDCLD 0.5/3 m. Under region hold-out,
SAT→UAV under-detects on the pool (0.97/0.16) and held-out tiles (0.76/0.15); UAV→SAT
over-predicts on the pool (0.43/0.55) but under-detects on evaluation tiles (0.71/0.43). Bijie
teachers under-detect, with SAT P/R ranges 0.61–0.65/0.07–0.12 and UAV 0.53–0.55/0.16–
0.22. Under-detection accompanies larger gains in these settings; over-prediction accom-
panies a smaller gain, no resolved gain or a loss. This label-based association combines
seed-0 diagnostics and single- or multi-seed outcomes; it is retrospective, not causal or a
validated deployment rule. The 1 m sensitivity run and additional backbones are outside
this comparison.

Table A12 summarises the available seed-0 training logs matched to the backbone
comparison in Table 7: all twelve SCALAR runs and nine GSA + LOC runs, each with ten
adaptation epochs. GSA + LOC logs are unavailable for the remaining three backbone–
direction combinations in this audit. Thresholds are on the probability scale; they are not
logit-distribution summaries. The retention statistic is the batch mean of the fraction of all
target training-grid pixels passing the relative gate, averaged within an epoch and then
minimised across the ten epochs. It is measured before ClassMix, includes background
and the target padding retained by the original protocol, and is not restricted to the 256-
tile threshold-estimation pool. It neither estimates class-specific retention nor verifies
pseudo-label accuracy.

Across these 21 runs, first/last thresholds span 0.059–0.237/0.154–0.398 and minimum
epoch-mean retention spans 0.894–0.983. Fixed logit margins can affect backbones differ-
ently; normalisation by a robust measure of logit spread remains an untested extension.

HRNet UAV→SAT LOC has the lowest minimum retention (0.894) without clipping;
its SCALAR counterpart has 0.932 retention and two epochs at 0.020. The other twenty
runs do not clip. Historical bin-occupancy uncertainty is documented in Appendix C.
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Table A12. Threshold and retention diagnostics for available seed-0 runs in Table 7. θ1 and θ10 are
first- and last-epoch probability thresholds; qmin is the minimum epoch-mean gate-retention ratio;
clipping counts epochs whose threshold reaches 0.020 or 0.980.

Backbone Configuration θ1 θ10 qmin Clipping Epochs

SAT→UAV
U-Net/ResNet-50 GSA + LOC 0.137 0.169 0.981 0
U-Net/ResNet-50 SCALAR 0.137 0.154 0.976 0
DeepLabV3+/ResNet-50 GSA + LOC 0.086 0.196 0.953 0
DeepLabV3+/ResNet-50 SCALAR 0.086 0.175 0.930 0
UPerNet/ConvNeXt-V2-Tiny GSA + LOC 0.115 0.306 0.962 0
UPerNet/ConvNeXt-V2-Tiny SCALAR 0.115 0.321 0.934 0
UPerNet/HRNet-W32 GSA + LOC 0.090 0.201 0.952 0
UPerNet/HRNet-W32 SCALAR 0.090 0.184 0.924 0
SegFormer-B0 GSA + LOC 0.099 0.252 0.967 0
SegFormer-B0 SCALAR 0.099 0.245 0.963 0
SegFormer-B2 SCALAR 0.111 0.339 0.972 0

UAV→SAT
U-Net/ResNet-50 SCALAR 0.199 0.285 0.965 0
DeepLabV3+/ResNet-50 GSA + LOC 0.132 0.227 0.974 0
DeepLabV3+/ResNet-50 SCALAR 0.132 0.247 0.976 0
UPerNet/ConvNeXt-V2-Tiny GSA + LOC 0.237 0.398 0.977 0
UPerNet/ConvNeXt-V2-Tiny SCALAR 0.237 0.398 0.983 0
UPerNet/HRNet-W32 GSA + LOC 0.184 0.250 0.894 0
UPerNet/HRNet-W32 SCALAR 0.184 0.194 0.932 2
SegFormer-B0 GSA + LOC 0.059 0.362 0.959 0
SegFormer-B0 SCALAR 0.059 0.312 0.964 0
SegFormer-B2 SCALAR 0.175 0.391 0.976 0

On the five backbones excluded from development, RSR exceeds LOC in eight of
ten seed-0 comparisons (five SAT→UAV, three UAV→SAT), four by over two points.
SegFormer-B0’s UAV→SAT recovery still falls below its anchored source.

For r < 1, RSR admits previously ignored positives and removes uncertain background
labels. On the Longxi UAV tile in Figure 4c, retained pseudo-label recall increases from
60.2% to 65.5%, while precision decreases from 97.6% to 96.7%.

Retained-positive recall uses all reference landslide pixels, including rejected pixels,
as its denominator; precision uses all retained positive pseudo-labels.

A separate five-seed diagnostic fixes each initial GSA teacher’s scores and LOC
boundary on the 256-tile target pool and changes only the retention gate. In SAT→UAV,
RSR increased retained-positive recall from 0.456± 0.016 to 0.477± 0.017, while preci-
sion decreased from 0.842± 0.018 to 0.830± 0.019. In UAV→SAT, recall decreased from
0.505± 0.039 to 0.485± 0.039, while precision increased from 0.467± 0.008 to 0.474± 0.007.
Values are means ± sample standard deviations across five teachers.

The ratio of mean teacher probability to the true pool landslide fraction began at
1.033± 0.095 in UAV→SAT. The SAT→UAV symmetric-LOC teacher began below one,
at 0.474± 0.012.

Figure A2b,c tracks teacher probability drift. Before epoch 10, the mean ratio to the
true pool fraction was 1.566 under symmetric LOC and 1.323 under RSR for UAV→SAT;
the SAT→UAV ratios were 0.732 and 0.846. RSR reduced the absolute deviation from one
by 43.0% and 42.5%, respectively.
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Figure A2. LOC calibration and teacher dynamics across five seeds. (a) Matched student IoUs; thick
lines connect means. (b,c) Teacher mean probability relative to the true landslide fraction of the fixed
pool, measured before each epoch. Bands show sample standard deviations; epoch 1 is the initial
teacher. Reference labels are used only for evaluation and diagnostics.

Appendix H.2. Module and Sensitivity Controls

Table A13. Module controls at threshold 0.5. Panels (a–c) use seed 0; the reverse gate swaps
Equation (6) widths. Panel (d) gives five-seed SAT-to-UAV mean ± sample standard deviation. Panel
(e) uses the supplementary seed-0 checkpoints of Table 5, distinct from (c). Width pairs (δ+, δ−) are
in units of δ for r > 1 and reversed for r < 1; the asterisk marks the reference setting used in the RSR
experiments.

Configuration/Assignment Retention Gate UAV→SAT SAT→UAV

(a) GSA: source-supervised scale controls
Native scale — 0.229 0.305
Random scale jitter (0.5–2.0) — 0.120 0.177
GSA — 0.344 0.355

(b) LOC: boundary and relative-gate controls
Fixed probability 0.5 Absolute 0.356 0.316
EM prior-matched quantile Absolute 0.365 0.299
Probability-axis Otsu Symmetric relative 0.379 0.327
Logit-axis Otsu Absolute 0.374 0.294
Logit-axis Otsu (LOC) Symmetric relative 0.358 0.509

(c) RSR: gate direction with the LOC threshold rule
Logit-axis Otsu Symmetric relative 0.358 0.509
Logit-axis Otsu Reverse asymmetric 0.324 0.454
Logit-axis Otsu RSR 0.375 0.522

(d) Five-seed SAT-to-UAV confirmation
Logit-axis Otsu Absolute — 0.285± 0.025
Logit-axis Otsu (LOC) Symmetric relative — 0.511± 0.017

(e) Supplementary RSR margin-width sweep

Direction (1, 1) (1.25, 0.75) (1.5, 0.5)∗ (1.75, 0.25)

UAV→SAT 0.357 0.367 0.376 0.375
SAT→UAV 0.503 0.514 0.521 0.544

The training EM control uses the prior-matched quantile procedure in Appendix C, clipping the assignment
threshold to [0.05, 0.95] and retaining the absolute confidence gate τ = 0.9.

GSA. The seed-0 scale controls in Table A13a use source labels only, so their differences
precede pseudo-label adaptation. GSA reached 0.344 and 0.355, whereas random scale
jitter over 0.5–2.0, sampled uniformly in log scale, reached 0.120 and 0.177. Generic scale
augmentation did not reproduce the benefit of metadata-guided anchoring.
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The seed-0 axis/gate controls show an 18.2-point LOC advantage over probability-axis
Otsu in SAT→UAV, but a 2.1-point disadvantage in UAV→SAT (Table A13b). The latter
has not been replicated; the five-seed boundary-only comparison is reported in panel (d)
and Section 3.5.

Reversing RSR gives lower IoU than symmetric LOC in both directions (Table A13c);
the supplementary width sweep and additional variants use their separately identified
checkpoints.

The metadata-selected anchors achieved the highest IoUs among the source-supervised
anchor checks (Table A14).

Table A14. Sensitivity checks. (a) Seed-0 IoU at threshold 0.5; asterisks mark defaults and each block
identifies its model. The cap check changes inference only and was not evaluated in SAT-to-UAV;
retrained-bound and metadata-perturbation checks are in Table A3. (b) Domain-ratio definitions
with the anchor and partitions fixed: triples denote tile-count/nominal-footprint/landslide-area
weighting. The last requires reference labels.

(a) Model sensitivity

Setting Value UAV→SAT SAT→UAV

GSA anchor: source only + GSA
Anchor GSD (m) 0.5 0.251 0.355 ∗

Anchor GSD (m) 1.0 0.344 ∗ 0.285
Anchor GSD (m) 2.0 0.216 0.344

GSA inference cap: source only + GSA, trained at ×2
Upper cap ×2 ∗ 0.344 —
Upper cap ×3 0.343 —
Upper cap ×5 0.345 —

LOC symmetric margin: GSA + LOC
Margin δ (logit) 0.5 0.352 0.491
Margin δ (logit) 1.0 ∗ 0.358 0.509
Margin δ (logit) 1.5 0.362 0.483

LOC threshold pool: full SCALAR
Pool size N (tiles) 64 0.365 0.533
Pool size N (tiles) 128 0.378 0.544
Pool size N (tiles) 256 ∗ 0.375 0.522
Pool size N (tiles) 512 0.374 0.544

(b) Domain-ratio weighting

Protocol Direction Median GSD (m) Anchor (m) r Sign of log r

Main UAV→SAT 3/5/4 1 3/5/4 Positive/positive/positive
Main SAT→UAV 0.2/0.5/0.5 0.5 0.4/1/1 Negative/zero/zero
Region hold-out UAV→SAT 3/5/4 0.5 6/10/8 Positive/positive/positive
Region hold-out SAT→UAV 0.2/0.5/0.2 0.5 0.4/1/0.4 Negative/zero/negative

The fixed GSA model changes by about 0.1 IoU points when its inference cap rises
from ×2 to ×3 or ×5 (Table A14a). Uniform native-model enlargement instead gives 0.229,
0.291, 0.321 and 0.344 at ×1, ×1.5, ×2 and ×3. These seed-0 UAV→SAT checks compare
native-trained uniform resizing with GSA-trained, per-tile metadata resizing; both use
threshold 0.5.

Table A3 shows lower UAV-to-SAT IoU with narrower [1/2, 1.4] bounds and no
consistent improvement with wider bounds. At the 0.5 m SAT-to-UAV anchor, lower
bounds are inactive; the equivalent-setting runs differ by 1.17 points, which is not a lower-
bound effect.
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For SCALAR, factors 0.7/1.4 alter IoU by less than 2.5 points; halving GSD loses
4.4/0.6 points and doubling changes it by +1.1/−1.1 in UAV-to-SAT/SAT-to-UAV. Source +
GSA loses 3.7/5.9 points at factor 0.7. These are fixed-model inference effects (Table A3).

The single-seed asymmetric-width sweep exceeds the reference RSR setting in
SAT→UAV by 2.3 points (Table A13e); it describes sensitivity without selecting a new
optimum.

The symmetric-margin scan favours the default in SAT→UAV and δ = 1.5 in
UAV→SAT. Pool-size ranges are 1.3/2.2 points, with neither maximum at N = 256; defaults
are unchanged. These single-seed ranges are descriptive.

Continuous per-tile asymmetry and a training-only reliability head did not provide
a consistent improvement over RSR (Table A15). Their combined five-seed configuration
reached 0.370± 0.002 and 0.516± 0.022, below the corresponding RSR means of 0.374±
0.008 and 0.527± 0.026; no significant difference was claimed.

Selected plugins also varied by direction. Adding 64-pixel masked consistency to GSA
+ LOC gave 0.337 and 0.539 in UAV→SAT and SAT→UAV, respectively, whereas adding
rare-class sampling gave 0.370 and 0.500. These were seed-0 checks.

Table A15. Additional margin and reliability variants under GSA. All values are landslide IoU at
probability 0.5. Entries with n = 1 are seed-0 results; the combined refinements report five-seed mean
± sample standard deviation.

Variant Retention/Weighting n UAV→SAT SAT→UAV

Continuous per-tile asymmetry Continuous asymmetric 1 0.361 0.520
Reliability head, training only RSR + loss weighting 1 0.364 0.518
Both refinements Continuous + weighting 5 0.370± 0.002 0.516± 0.022

Appendix I. Aggregation and Evaluation Uncertainty
Run-level paired two-sided t-tests use unrounded differences, with four degrees of

freedom for five seeds. The 14 region-held-out contrasts form one Holm family; each
direction’s three sequential increments form another. The two-IoU-point convention is de-
scriptive, not a significance criterion. Fixed-checkpoint bootstrap intervals below quantify
evaluation uncertainty separately from training-run variation.

Equal-weight summaries first average the subset or dataset-region IoUs within each
run and then report the mean and sample standard deviation across seeds 0–4 (Table A16).
Region means use direct region-level IoUs, not an average of subset means within a region.
SAT-to-UAV has seven subsets and three region labels; UAV-to-SAT has nine subsets and
eight region labels. Longxi and Wenchuan remain separate dataset labels in this descriptive
equal-weight summary and are not treated as independent spatial regions. They are merged
for the bootstrap below.

SAT-to-UAV ordering is unchanged by equal weighting. In UAV-to-SAT, subset-equal
LOC/SCALAR both round to 0.308 (SCALAR slightly lower unrounded), and region-equal
values are 0.306/0.307. The full method’s small fine-to-coarse advantage therefore depends
on aggregation weights.
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Table A16. Main-protocol aggregation at threshold 0.5, using the matching five runs for each model
configuration. Entries are mean ± sample standard deviation; four decimals distinguish the near-
identical equal-weight means. Three-decimal statements in the text use the unrounded means rather
than rounding these entries again. The native source, anchored source and SCALAR correspond to
Table 3; GSA + LOC is the five-seed configuration in Table 6.

Model Pixel-Pooled IoU Subset-Equal IoU Region-Label-Equal IoU

SAT→UAV, seeds 0–4
Native source 0.2893± 0.0177 0.3228± 0.0157 0.2752± 0.0156
Source + GSA 0.3477± 0.0076 0.3580± 0.0264 0.3462± 0.0119
GSA + LOC 0.5109± 0.0168 0.5302± 0.0087 0.5119± 0.0095
SCALAR 0.5270± 0.0256 0.5344± 0.0139 0.5179± 0.0207

UAV→SAT, seeds 0–4
Native source 0.2345± 0.0135 0.2076± 0.0070 0.2166± 0.0067
Source + GSA 0.3284± 0.0112 0.3038± 0.0099 0.3012± 0.0095
GSA + LOC 0.3641± 0.0062 0.3085± 0.0078 0.3063± 0.0067
SCALAR 0.3744± 0.0075 0.3083± 0.0112 0.3072± 0.0109

For 2000 paired bootstrap replicates (Table A17), confusion counts are pooled before
computing IoU and model differences. The fixed checkpoints are those of the supplemen-
tary operating-point analysis. Geographic clusters number seven in UAV-to-SAT after
Longxi/Wenchuan merging, and three in SAT-to-UAV. Marginal 95% percentile intervals
are separate from multiplicity-adjusted, across-seed tests.

Cluster intervals include zero for UAV-to-SAT LOC, RSR and full-adaptation incre-
ments, and SAT-to-UAV RSR. Both GSA increments and SAT-to-UAV LOC/full increments
exclude zero. Narrower tile intervals do not account for neighbour dependence; neither
scheme includes training variation. Few clusters limit population inference.

Table A17. Fixed-checkpoint bootstrap at threshold 0.5 (2000 replicates). The checkpoints are those of
Tables 5 and A11, including GSA + LOC and SCALAR retrained for that supplementary analysis,
not the five-seed statistics of Table 6. Individual-model rows use IoU units; difference rows use IoU
points.

Quantity Estimate Tile 95% Interval Region-Cluster 95% Interval

SAT→UAV, three clusters
Native source 0.295 [0.289, 0.301] [0.237, 0.318]
Source + GSA 0.355 [0.348, 0.363] [0.331, 0.361]
GSA + LOC 0.503 [0.495, 0.511] [0.465, 0.550]
SCALAR 0.521 [0.512, 0.529] [0.473, 0.547]
GSA minus native +6.1 [+5.4,+6.7] [+4.3,+12.0]
LOC minus GSA +14.8 [+14.2,+15.4] [+13.4,+19.3]
SCALAR minus LOC +1.7 [+1.5,+2.0] [−0.3,+2.6]
SCALAR minus GSA +16.5 [+15.9,+17.2] [+14.1,+19.0]

UAV→SAT, seven clusters
Native source 0.232 [0.222, 0.241] [0.128, 0.317]
Source + GSA 0.344 [0.334, 0.353] [0.210, 0.428]
GSA + LOC 0.357 [0.347, 0.367] [0.210, 0.453]
SCALAR 0.376 [0.365, 0.386] [0.224, 0.471]
GSA minus native +11.2 [+10.5,+11.9] [+3.3,+21.5]
LOC minus GSA +1.4 [+0.9,+1.8] [−0.7,+2.8]
SCALAR minus LOC +1.9 [+1.6,+2.1] [−0.1,+3.1]
SCALAR minus GSA +3.2 [+2.8,+3.6] [−0.3,+5.1]
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