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Abstract. Landslides cause severe damage to infrastructure and human
settlements, making reliable monitoring from Earth Observation imagery
essential for disaster response. However, existing landslide mapping sys-
tems are often trained using future observations unavailable at prediction
time, evaluated without considering infrastructure exposure, and pro-
vide limited support for risk assessment. We propose UrbanRisk-GFM, a
framework that combines causal adaptation of the Geospatial Foundation
Model (GFM) Prithvi-EO-2.0, urban-aware evaluation, and a proof-of-
concept risk intelligence pipeline. The framework introduces Urban-F1
and Critical Miss Rate (CMR) to assess performance near roads and
buildings and uses structured geospatial evidence to generate concise
risk reports. Experiments on the Senl2Landslides benchmark show that
causal Prithvi outperforms standard fine-tuned Prithvi, U-TAE, TSViT,
and 3D-UNet, achieving the highest Urban-F1 (0.641) while reducing
CMR from 0.497 to 0.342. Additional experiments demonstrate that the
same causal model remains effective under partial temporal availability
without retraining. These results highlight the potential of GFMs for
urban-aware landslide assessment and risk intelligence.
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1 Introduction

Landslides are among the most widespread and destructive natural hazards, af-
fecting approximately 4.8 million people and causing over 18,000 deaths between
1998 and 2017 [I]. In practice, the greatest risks arise when landslides threaten
roads, buildings, and other critical infrastructure, as delayed response can am-
plify societal impact. Earth Observation (EO) imagery is essential for landslide
assessment and disaster response because its wide spatial coverage and fre-
quent revisit cycles enable continuous monitoring of evolving slope conditions [2].
Geospatial Foundation Models (GFMs), such as Prithvi [3], are pre-trained on
large-scale multitemporal EO data to learn transferable spatiotemporal represen-
tations that can be adapted to diverse downstream geospatial tasks [4], providing
a promising foundation for multitemporal landslide mapping. However, strong
benchmark performance does not guarantee reliable identification of landslides
threatening nearby infrastructure during real-world disaster response [5].
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Despite these advances, several challenges limit the real-world use of mul-
titemporal landslide monitoring systems. First, multitemporal models are of-
ten trained with future observations unavailable during deployment, introducing
temporal leakage and overly optimistic evaluation. Second, standard metrics such
as Fl-score (F1) and IoU weight all errors equally [6/7], despite the greater con-
sequences of misses near critical infrastructure. Third, raw segmentation masks
provide limited guidance because they do not prioritize which landslides threaten
nearby roads and buildings. Collectively, these limitations reveal a gap between
benchmark-oriented landslide segmentation and the information needed for ef-
fective disaster response. To address these challenges, we propose UrbanRisk-
GFM. The main contributions of this work are:

— We introduce causal temporal attention masking into Prithvi for multitem-
poral landslide mapping, preventing future-frame leakage.

— We introduce Urban-F1 and CMR, two urban-aware evaluation metrics that
incorporate proximity to roads and buildings into landslide segmentation
assessment.

— We demonstrate a proof-of-concept risk intelligence pipeline that converts
segmentation outputs into risk summaries.

2 Related Work

Landslide inventory mapping from EO imagery has progressed from single-
date CNN segmentation toward multitemporal deep learning and GFMs. U-
Net [8] established the encoder—decoder framework that underpins most land-
slide segmentation pipelines, but single-date models frequently confuse land-
slides with spectrally similar persistent features such as bare soil or exposed
riverbeds [7]. U-TAE [9] and TSVIiT [10] addressed this through temporal atten-
tion and transformer-based multitemporal segmentation respectively, but both
depend on supervised data from specific regions and generalize poorly across
geographic domains [6ITT]. GFMs address this through self-supervised pretrain-
ing on large-scale EO archives [4], learning transferable representations without
task-specific labels. Among them, Prithvi [3] is particularly relevant because
it is pretrained on multitemporal Sentinel-2 sequences, matching the temporal
structure of landslide mapping tasks. Prior Prithvi-based landslide studies relied
on single-timestep inputs from Landslide4Sense [5], which provides single-date
imagery. In contrast, UrbanRisk-GFM fine-tunes Prithvi on temporally ordered
multitemporal sequences for landslide segmentation.

F1 and IoU—the standard measures across major landslide benchmarks in-
cluding Landslide4Sense [6] and Sen12Landslides [7]—weight every pixel equally
regardless of where it falls. Broader remote sensing evaluation has introduced
object-level, boundary, and class-weighted variants [I1], and some studies report
stratified performance by land-cover type. None of these account for the opera-
tional consequences of where errors occur: a missed detection adjacent to a road
or building carries the same penalty as one in open terrain. To our knowledge, no
prior EO segmentation work accounts for infrastructure proximity or explicitly
measures infrastructure-adjacent misses.
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Fig. 1: Overview of the UrbanRisk-GFM framework.

Recent work has explored integrating EO encoders with large language mod-
els for grounded remote sensing analysis. GeoChat [I12] and TEOChat [I3] sup-
port scene understanding and temporal reasoning over EO imagery, demonstrat-
ing the potential of language-based interfaces for remote sensing. However, nei-
ther system addresses urban-aware prioritization or uncertainty-guided reporting
under disaster-response constraints.

3 Methodology

UrbanRisk-GFM combines GFMs, urban-aware evaluation, and urban risk anal-
ysis for landslide assessment, as illustrated in Figure

3.1 Multitemporal landslide Segmentation

Multitemporal landslide mapping requires modelling temporal changes across
EO imagery. We target operational post-event monitoring, in which satellite
acquisitions arrive sequentially and predictions may be required before the full
sequence is observed. Under this formulation, attending to future frames (¢’ > t)
at prediction time t introduces a train—test mismatch; the causal mask eliminates
this by restricting each timestep to past and present observations. We compare
standard bidirectional fine-tuning of Prithvi with this causally masked variant.

Prithvi-EO-2.0 [3] is pretrained using bidirectional temporal attention and
adapted to a T=15 Sentinel-2 sequence through fine-tuning. The causal mask
is defined as M € {0,1}7*T with M, = W¥[t' < t]. Applied to encoder self-
attention logits before softmax, the mask introduces no additional trainable pa-
rameters and leaves the backbone unchanged. This prevents future-frame leakage
while preserving temporal change information.
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3.2 Urban-Aware Evaluation

Standard segmentation metrics such as F1-score weight all errors equally, regard-
less of their proximity to roads or buildings, so a model with strong aggregate
performance can still miss landslides near critical infrastructure. We therefore
introduce Urban-F1 and Critical Miss Rate (CMR), which weight errors
by proximity to OSM-derived infrastructure (buildings and roads). The expo-
sure weight w(i, j) is defined from the Euclidean distance d(i,j) to the nearest
infrastructure pixel:
d(i, j)

Maﬁ:1+aem(————> (1)

g

where « sets the maximum emphasis and o the spatial decay rate. We fix a=2.0
and 0=100m a priori; across a sweep of 27 («,0,7) combinations on a fixed
reference seed, Urban-F1 and CMR each varied by less than 0.005. Exponential
decay gives a smooth exposure gradient, assigning weight 1+« to pixels adjacent
to infrastructure (d—0) and approaching the unweighted baseline (w=1) far
away, avoiding the discontinuity of a hard cutoff. The weighted confusion-matrix
terms are per-pixel sums over the weight map:

TP, = Zw(i,j) [9:;=1][yi;=1], FPu,FN, analogous (2)
(4,9)
where ¢;; and y;; are the predicted and ground-truth labels. Urban-F1 and
CMR follow as:

2 TP, FN,
Urban-Fl = oo = N, MR = 75 T FN,

®3)

where TP, and FN, count ground-truth landslide pixels within 7=100m of
infrastructure. The two metrics are complementary by design: Urban-F1 applies
continuous weighting as a general-purpose aggregate, while CMR uses a hard
buffer to answer one operational question, namely what fraction of infrastructure-
adjacent landslides were missed, independent of the weighting scheme.

3.3 Risk Intelligence Pipeline

Although Urban-F1 and CMR quantify performance near infrastructure, they
do not provide information about the potential impact of detected landslides.
Therefore, predicted landslide maps are combined with OSM roads and buildings
to characterize infrastructure exposure. To estimate the reliability of each event,
uncertainty is computed using Monte Carlo Dropout [I4] (N = 20). Landslide
events are then summarized as structured JSON records containing confidence,
uncertainty, and infrastructure exposure information, which serve as the basis
for risk assessment and report generation.

Decision-support risk reporting. Risk assessment depends on the interaction
of confidence, uncertainty, infrastructure exposure, and building-density context,
which is difficult to capture with a small set of fixed rules. Structured event
records are therefore analysed by a tool-calling agent (Claude Sonnet [I5], An-
thropic Messages API) in a multi-turn loop of at most six iterations. The agent
can retrieve infrastructure-proximity statistics, inspect pixel-level uncertainty,
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Table 1: Urban-aware multitemporal landslide segmentation results on Senl2.
Stratified columns report CMR. ¥ Lower CMR is achieved through higher urban
recall (0.676 vs. 0.656) at the cost of lower urban precision (0.600 vs. 0.633) and
substantially more infrastructure-adjacent false positives (238,555 vs. 94,519).

Model F1 Urban-F1 CMRJ{ Remote Peri-Urban Urban
Prithvi-C 0.638(+0.011) 0.641(+0.010) 0.342(+0.015) 0.353(+0.031) 0.389(+0.026) 0.347(+0.038)
Prithvi-S 0.452 0.448 0.497 0.526 0.507 0.560
U-TAE 0.604 0.614 0.366 0.419 0.382 0.411
3D-UNet 0.580 0.595 0.324% 0.367 0.298 0.370
TSViT 0.523 0.529 0.374 0.434 0.372 0.431

estimate exposure from building counts, escalate an event for human review,
and generate the final report. Escalation is an agent decision rather than a fixed
gate: the agent is given heuristics such as low confidence with high uncertainty, or
a high fraction of high-uncertainty pixels, but in practice escalates by integrating
several corroborating signals, chiefly an elevated high-uncertainty pixel fraction
together with a low data-quality flag. Report faithfulness is assessed with an
LLM-as-judge protocol [I6], extracting claims from each report and verifying
them against the source event JSON.

4 Experiments

Experiments are conducted on the Sen12Landslides (Sen12) benchmark [7]. Eval-
uation uses the test split containing 2,043 multitemporal Sentinel-2 tiles spanning
15 geographic regions. We compare causal Prithvi against standard Prithvi, U-
TAE [9], 3D-UNet [I7], and TSVIiT [10]. Both Prithvi variants are adapted from
the same pretrained Prithvi-EO-2.0 checkpoint and differ only in their temporal
attention formulation. Code and an interactive dashboard are publicly availableﬂ
Implementation details. Experiments are implemented in PyTorch. Sen12
is divided into 70/15/15% train/validation/test splits at the tile level (split
seed=42), pooling tiles across all 15 geographic regions. Baseline models are
trained from scratch using Adam (10~%), while Prithvi-EO-2.0-300M is fine-
tuned using AdamW (backbone 5 x 1076, decoder 107°) and cosine annealing.
All models use weighted cross-entropy loss and early stopping based on valida-
tion F1. Baselines use seed= 42, while causal Prithvi is additionally evaluated
across five seeds (42, 123, 999, 2025, 7777) with the data split held fixed.

4.1 Urban-aware Multitemporal Landslide Segmentation

Urban-aware evaluation. We assess whether urban-aware metrics provide ad-
ditional insight beyond standard F1 when evaluating landslide predictions near
roads and buildings. Table [I| shows that causal Prithvi (Prithvi-C) achieves the
highest F1 (0.638) and Urban-F1 (0.641), outperforming both standard Prithvi
(Prithvi-S) and all multitemporal baselines. Relative to standard Prithvi, causal

! https://github.com/Zahralrandegani/fm4urban-risk-intelligence
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Fig.2: Urban-critical failure case from Senl2. (a) standard Prithvi misses
infrastructure-adjacent landslide pixels; (b) causal modeling recovers most of
them. Panel (c) highlights false negatives recovered by causal attention (green).

attention improves Urban-F1 from 0.448 to 0.641 while reducing CMR from 0.497
to 0.342, indicating that the benefits of causal training extend to infrastructure-
adjacent regions rather than being limited to aggregate segmentation perfor-
mance.

Figure[2]illustrates a representative infrastructure-adjacent failure case where
causal Prithvi recovers landslide regions missed by standard Prithvi near exposed
infrastructure. This example is consistent with the quantitative results in Table[T]
suggesting that causal attention can improve performance near infrastructure by
enforcing consistency with the temporal information available at prediction time.

Although 3D-UNet achieves the lowest CMR, this advantage is obtained

through higher recall at the cost of substantially more infrastructure-adjacent
false positives (Table note ). Urban-F1 therefore serves as the primary metric
because it balances both false negatives and false positives near infrastructure.
Causal masking and training stability. We verify that the observed im-
provements arise from causal masking rather than differences in model capacity
or temporal context. At fixed T'=15, causal Prithvi improves Urban-F1 from
0.448 to 0.641 and reduces CMR from 0.497 to 0.342, while also increasing
F1 from 0.452 to 0.638. The bidirectional variant’s lower score does not reflect
under-training, since both variants share the same backbone, training budget,
and early-stopping protocol; bidirectional fine-tuning at T'=15 creates a train—
test mismatch by exposing the model to future frames during training that are
unavailable at prediction time, a mismatch the causal mask eliminates. Five-
seed evaluation yields 0.638+0.011 F1 and 0.641+0.010 Urban-F1 (Table ,
indicating that the gains (AUrban-F1 ~ 40.19) are consistent across random
initialisations.
Performance under partial temporal availability. In operational monitor-
ing scenarios, only a subset of the temporal sequence may be available when
predictions are required. We therefore assess whether causal Prithvi remains
effective when only a prefix T* < 15 of the sequence is provided at inference
time. Because causal attention restricts each frame to past observations, the
same checkpoint can be evaluated on any prefix T* € {1,3,6,9,12,15} without
retraining. Figure [3] reports F1, Urban-F1, and CMR as a function of 7.

Performance improves monotonically as additional observations become avail-
able. Notably, at T* = 12, causal Prithvi already surpasses the full-sequence
non-causal baseline (Urban-F1: 0.629 vs. 0.448), despite using fewer temporal
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Fig.3: F1, Urban-F1 and CMR as a function of available frames T™* for causal
Prithvi (averaged over seeds). Dashed line: standard Prithvi T=15 reference.

observations. The largest improvement occurs between T = 9 and T = 12
(Urban-F1: 0.396 — 0.629; CMR: 0.675 — 0.343), suggesting that the model can
exploit newly available temporal evidence without requiring retraining. These re-
sults indicate that causal training enables robust performance under incomplete
temporal observations while retaining the ability to benefit from longer sequences
when they become available.

4.2 Risk Intelligence Pipeline

We assess whether structured geospatial evidence can support reliable risk re-
porting. The pipeline is evaluated as a proof of concept on a stratified sample of
76 events spanning 15 geographic regions.

Decision-support risk reporting. The pipeline detects 2,129 events on the
Senl12 test set. Of the 76 sampled events, the agent escalates 23 (30.3%) for hu-
man review and generates reports for the remaining 53 (69.7%). Escalations are
concentrated in high-uncertainty cases (21 of 23), with two further cases trig-
gered by conflicting event-level and tile-level uncertainty estimates, reflecting
the agent’s integration of multiple signals rather than a single threshold. Faith-
fulness is evaluated on the 53 generated reports using an LLM-as-judge proto-
col [I6], with claims verified against the source event JSON; escalated events are
excluded. Reports achieve a faithfulness score of 0.986, with 0.13 unsupported
claims and 0.11 contradictions per report on average.

5 Conclusion

UrbanRisk-GFM is a framework for multitemporal landslide assessment that
combines causal foundation-model adaptation, urban-aware evaluation, and a
risk-reporting pipeline. Experiments on Senl2 show that standard segmentation
metrics alone are insufficient for assessing performance near roads and buildings,
motivating the proposed Urban-F1 and CMR metrics. Compared with standard
bidirectional fine-tuning, causal temporal masking improves F1 from 0.452 to
0.638 and Urban-F1 from 0.448 to 0.641 while reducing CMR from 0.497 to
0.342, and the same causal model remains effective on incomplete temporal se-
quences without retraining. Beyond segmentation, the risk intelligence pipeline
shows how uncertainty estimates and OSM infrastructure context can be turned
into structured, traceable risk reports. Future work will extend urban-aware as-
sessment to additional datasets and broader environmental settings, including a
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prefix non-causal baseline to isolate the contribution of causal masking from
sequence-length effects, and region-held-out evaluation to assess cross-region
transfer.
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