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Abstract—This paper presents a reliability- and conflict-aware
multimodal fusion framework for landslide early warning un-
der sensor degradation. The framework combines rainfall, soil
moisture, and simulated deformation signals and adjusts their
contributions according to availability, range validity, temporal
stability, and drift. Cross-modal disagreement is handled sep-
arately. Evaluation uses a real landslide inventory from 2001-
2017 containing 434 records with 338 temporally usable dates
from Rangamati, Bandarban, and Cox’s Bazar, Bangladesh. A
frozen chronological protocol reserves 2017 as the locked test
period, which contains three reconstructed test episodes. Warning
thresholds are selected only from validation data subject to a
target constraint of < 4 false alarms per month. On the locked
test set, the proposed framework detects 2 of 3 episodes (66.7 %
recall; 95% CI [9.4%, 99.2%]), the same recall obtained by
rainfall-only and conventional fusion, while reducing total false
alarms from 68 and 61 to 59, respectively. Under simulated sensor
degradation, recall remains 66.7 % and total false alarms decrease
to 48. Reliability diagnostics show reductions of 1.28 percentage
points for soil moisture, 0.65 percentage points for deformation,
and 2.38 percentage points for rainfall under the corresponding
degradation conditions. The locked test set contains only three
episodes, two of which share a calendar date, so the wide
confidence interval and simulated deformation do not support
claims of operational forecasting performance; the contribution is
methodological and the evaluation protocol is fully reproducible.

Index Terms—Landslide early warning, multimodal sensor
fusion, reliability-aware fusion, conflict-aware fusion, edge com-
puting, sensor degradation, false alarm constraint, closed-loop
decision making.

I. INTRODUCTION

Landslides are a recurring hazard in southeastern
Bangladesh, particularly in the Chittagong Hill Tracts,
where steep terrain and intense monsoon rainfall contribute
to slope instability [1], [2]. Research in this area has mainly
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focused on susceptibility mapping and risk assessment
[1]-[3]. Practical early-warning systems require continuous
sensing, multimodal integration, and timely edge-based
decision-making.

Rainfall, soil moisture, and ground deformation provide
complementary information about changing slope conditions.
Measurements from these sensors can nevertheless be affected
by missing observations, invalid values, instability, and drift. A
fixed-weight fusion scheme does not account for these changes
in data quality and can allow unreliable modalities to affect
warning decisions. Disagreement between modalities also re-
quires separate treatment. Such disagreement may arise from
response times, measurement noise, or localized variability
and does not necessarily indicate a sensor fault or hazardous
condition. The fusion strategy therefore distinguishes sensor
reliability from disagreement among modalities.

Edge processing is relevant here: remote hill slopes may
have unreliable network connectivity, and communication de-
lays can exceed the available warning window. Field nodes
must operate during network outages, with decisions made
locally.

A. Scope and Framing

The study evaluates algorithmic robustness under controlled
sensor degradation using a real inventory from Rangamati,
Bandarban, and Cox’s Bazar. The inventory contains 434
records from 2001-2017, of which 338 have precise dates
suitable for temporal evaluation. Applying a 72-hour gap
between records produces 16 temporally separated episodes.
A chronological split assigns 10 episodes to development,
3 to validation, and 3 to a locked 2017 test set. Because
deformation is simulated, only three test episodes are available,



and two of these share a calendar date, the results describe
controlled robustness rather than operational forecasting per-
formance.

B. Contributions

The main contributions are:

(1) A reliability- and conflict-aware fusion framework that
treats sensor reliability and cross-modal disagreement as
separate quantities. This suppresses degraded modalities
without treating sensor faults as hazard-related disagree-
ment.

(ii)) An evaluation protocol based on episode reconstruc-

tion and a frozen chronological test set. Thresholds

are selected using pooled validation data subject to

a validation-stage false-alarm constraint of < 4 false

alarms per month.

A reproducible empirical evaluation on the locked test

set showing 66.7% episode recall (2 of 3 episodes),

matching the baselines while reducing total false alarms

from 68 to 59. Under degradation, recall remains 66.7%

and total false alarms decrease to 48. Reliability di-

agnostics show reductions for degraded soil (1.28 pp),

deformation (0.65 pp), and rainfall (2.38 pp).

(iii)

The remainder is organized as follows: Section II reviews
related work, Section III describes the framework, Section IV
presents the experimental evaluation, and Section V concludes.

II. LITERATURE REVIEW

A. Landslide Susceptibility and Risk Assessment

Landslide studies in Bangladesh have examined terrain, en-
vironmental, and anthropogenic factors associated with spatial
susceptibility [1]-[3]. Chowdhury et al. [1] evaluated machine-
learning approaches for susceptibility mapping, while Sayeem
et al. [3] considered slope units and spatial uncertainty. Sultana
et al. [2] combined hazard and vulnerability indicators to
assess landslide risk.

B. Multimodal Landslide Monitoring

Recent work has explored multiple sensing modalities for
landslide monitoring and early warning. Gupta and Satyam
[4] combined rainfall, soil moisture, and deformation mea-
surements for real-time hydrogeotechnical modelling, whereas
Guo et al. [5] used integrated monitoring to examine rainfall-
induced slope failure. Soil moisture has also been identified
as a complementary indicator for rainfall-induced landslide
warning [6], [7]. Adaptive and IoT-based monitoring architec-
tures have also been investigated for resource-aware monitor-
ing and early detection [8], [9]. Although these approaches
demonstrate the benefit of heterogeneous observations, they
do not consistently distinguish individual modality reliability
from inter-modal disagreement during fusion.

C. Reliability-Aware and Robust Multimodal Fusion

Recent multimodal sensing research has increasingly con-
sidered unreliable and degraded sensor measurements. Zuo
et al. [10] incorporated multiple reliability indicators into
multisensor fusion, using data-quality information to adjust
individual modality contributions. Park et al. [11] examined re-
silient multimodal fusion under sensor failures and emphasized
reliable predictions when sensing sources become unreliable.

Reliability and inter-modal disagreement represent different
types of uncertainty. A modality may become unreliable
because of missing observations, abnormal values, instability,
or drift, while two individually valid modalities may dis-
agree because they respond differently to the same physical
process. This distinction is particularly relevant to landslide
early warning, where rainfall, soil moisture, and deformation
can exhibit different responses to environmental changes and
sensor disturbances.

D. Research Gap

The literature shows substantial progress in landslide sus-
ceptibility assessment, multimodal monitoring, adaptive sens-
ing, and reliability-aware fusion. However, these areas are of-
ten studied independently. In particular, limited work explicitly
evaluates the joint treatment of individual modality reliability
and cross-modal disagreement for landslide early warning
under controlled sensor degradation. The interaction between
robust multimodal fusion and edge resource constraints is
also important because field deployments may face limited
communication, computation, and sensing resources.

III. PROPOSED SYSTEM ARCHITECTURE
A. Overall Architecture

The proposed system is a closed-loop multimodal edge-
warning framework that combines rainfall, soil-moisture, and
deformation measurements. Each modality is converted into
a bounded pressure score and passed to a reliability estima-
tor based on missingness, range validity, temporal stability,
and drift. Disagreement between individual modalities and
a reliability-weighted consensus reduces the contribution of
inconsistent observations.

The fused risk score is passed to a risk-state manager. Its
threshold is selected during validation subject to the prede-
fined false-alarm constraint. The manager assigns one of five
states: LOW, MEDIUM, HIGH, CRITICAL, or SENSOR-
CONEFLICT. State-specific persistence and cooldown limit
transient transitions and unstable warnings. The resulting state
feeds back into monitoring behavior, forming a closed decision
loop.

B. Multimodal Pressure Computation

Three sensing modalities are considered: rainfall (), soil
moisture (M), and deformation (D). Each modality is con-
verted into a normalized pressure score in [0, 1].

For rainfall, the pressure score combines recent 24-hour ac-
cumulation with an exponentially decayed antecedent rainfall
index. Let rain(t) denote hourly rainfall:
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Fig. 1. Overall architecture of the proposed reliability- and conflict-aware
multimodal edge-warning framework.
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Soil-moisture pressure combines the current moisture level
with its recent rate of change:
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Deformation pressure combines tilt magnitude, recent tilt
change, and tilt acceleration:

p(t) =0.5clip(100 tilt_mag(t))
+ 0.3 clip(200 Atilt_magg(t)) (5)
+ 0.2 clip(300 tilt_acc(t)).
The normalization ranges (15, 60, 0.20, 80) are obtained
from development-data percentiles. The sensitivity coefficients

(10, 100, 200, 300) were fixed before evaluation.
The modality vector is

S(t) = [SR(t)7 SM(t)7 SD (t)L (6)
which is passed to the reliability and fusion stages.

C. Modality Reliability Estimation
Reliability is estimated from four characteristics:

o Missingness: whether all required measurements are
available at time t.

o Range validity: whether observations fall within the
development-derived valid range.

« Temporal stability: a penalty for high short-term vari-
ance.

o Drift: persistent deviation between recent and longer-
term observations.
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where 0 40y prevents hypersensitivity near zero.
Modality reliability is calculated using fixed weights:

Cm ( ) = 0. 15Tm155( )+015T;Talnge(t)+035rgulab(t)+o35r$1ft(t)
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TABLE I
RELIABILITY COMPONENTS AND WEIGHTS
Component Purpose Weight
Missingness Detects unavailable measurements 0.15
Range validity Detects observations outside limits 0.15
Temporal stability = Penalizes abnormal short-term variance 0.35
Drift Penalizes persistent deviation 0.35
D. Reliability- and Disagreement-Aware Fusion
The modality priors are
(7TR,7TM,7TD) = (0.35,0.35,0.30). (12)
A reliability-weighted consensus is calculated as
s t). (13)
consensus Z Z CJ ( )

The contribution of each modality is then reduced according
to its disagreement with the consensus:

wm(t) =Cm (t)ﬂ'm exp [_)\|5m(t) — Sconsensus (t)H . (14)
where A = 3.0. The normalized weights and score are
Wy (1)
Wiy (1) = =———, (15)
Zj w;(t)
sfused( (16)

t) = Z Wy (8) S



Low reliability reflects poor data quality, whereas disagree-
ment reflects inconsistency among available modalities. The
conflict metric used to trigger the SENSOR-CONFLICT state
is the minimum pairwise cross-modal agreement:

a(t) = minexp (=Asp(t) — sn(t)]) (17)

where a(t) < 0.30 triggers the SENSOR-CONFLICT state.
E. Physical Consistency Adjustment

Short-term consistency between rainfall and soil-moisture
responses is evaluated using the consistency score C(t) €
[0,1]:

0.7R;Hg(t) i O.SM;%L»@’ Rinc(t) > 0 A Mine(t) >0
0.5 Hne(D Rinc(t) > 0 A Mipe(t) = 0
0, otherwise

o) =

(18)
where Rjn.(t) and Mi,(t) denote the number of hours
during the past 6 hours with increasing rainfall and soil
moisture, respectively.
The fused risk is adjusted as follows:

Sadj(t) = clip (sfused(t)[ll';—OO.QSOC(t)}) :

Normalization by 1.30 preserves the [0, 1] bounds.

19)

F. Risk-State Management

The adjusted score is mapped to an operational state using
threshold 6. The threshold is selected exclusively from vali-
dation data subject to the false-alarm constraint.

TABLE I
RISK-STATE MAPPING AND WARNING POLICY

State Score Condition = Warning Policy

LOW 5 < 0.70 No Normal monitoring
MEDIUM 0.70 <s <0 No Increased monitoring
HIGH 0<s<1.260 Yes Warning state
CRITICAL s> 1.20 Yes Critical warning
SENSOR-CONFLICT a < 0.30 Yes Conflict warning

Persistence and cooldown depend on the warning state,
limiting repeated transitions caused by short-lived fluctuations.

G. Frozen Configuration and Processing

All parameters are fixed before evaluation on the locked test
set. Random seeds, software versions, configuration files, and
the code repository are listed in the reproducibility subsection
(Section IV).

Deformation is simulated; labels come from the real inven-
tory. The synthetic deformation generator and the degradation
injection procedure are documented in Section IV-B. Normal-
ization constants (Eqgs. 1-5) were derived from development-
data percentiles; sensitivity coefficients, reliability weights,
modality priors, A = 3.0, conflict threshold 0.30, persistence,
and cooldown were fixed as design choices; only the state
threshold 6 was selected from validation data under the < 4
FA/month constraint.

IV. EXPERIMENTAL EVALUATION

A. Dataset and Evaluation Protocol

The evaluation uses a real landslide inventory from Ranga-
mati, Bandarban, and Cox’s Bazar. Of 730 records, 722 have
valid dates and 434 fall within the study regions. Exact and
corrected dates yielded 338 temporally usable records. Year-
only records were excluded because their timing is insuffi-
ciently precise for episode reconstruction.

Chronological splitting of the 16 episodes produced 10 de-
velopment, 3 validation, and 3 test episodes. The locked 2017
test set contains one Rangamati episode and two Bandarban
episodes; Cox’s Bazar has no test episode.

Hourly rainfall and soil moisture were obtained from Open-
Meteo; deformation was generated synthetically. Soil drift,
deformation-noise bursts, and rainfall degradation were in-
jected into the test streams. Three methods were evaluated:
rainfall-only, conventional fixed fusion, and the proposed
reliability- and conflict-aware fusion. Thresholds were selected
on validation data under a constraint of < 4 false alarms/month
and frozen for testing. The early-warning window was 24 h.
A false alarm is defined as a HIGH, CRITICAL, or SENSOR-
CONEFLICT state transition occurring outside the 24 h early-
warning window of any labeled episode; transitions within the
cooldown period are suppressed and not counted. The rate
is FA/month = (Npa/Deval) X 30.44, where Dey, is the
evaluated period in days.

TABLE III
DATASET CONFIGURATION

Configuration Value
Study regions 3
Inventory records 730
Primary usable records 338
Reconstructed episodes 16
Development / Validation / Test 10/37/3
Episode gap 72 h
Early-warning window 24 h
Validation FA/month constraint 4
Test period 2017

B. Synthetic Deformation and Degradation Settings

Deformation was generated synthetically because no syn-
chronized historical deformation record was available. The
generator combines a slow baseline oscillation, a logistic
ramp activated only within 24 h before each labeled episode,
additive Gaussian noise (¢ = 0.006), and a random-walk
drift.The generator uses a fixed seed of 244 (derived from a
base seed of 42); the same stream is used for all methods.
Landslide labels come exclusively from the real inventory;
deformation is not used to define labels.

Three degradation types were injected into the test streams
only. Development and validation streams were not degraded.
Onsets and magnitudes were frozen before test evaluation
(seed = 850). Table IV lists the parameters.



TABLE IV
DEGRADATION PARAMETERS (TEST STREAMS ONLY)

Type Magnitude Timing
Soil drift Ramp to +-0.10 VWC  First half of test
Soil noise o =0.02 Full test period

Random

5 bursts, 10-20 h
Full test period
Full test period

Soil spikes
Deformation bursts
Rainfall under-catch
Rainfall noise

5% of points, £0.05
10x baseline noise
Ramp to 0.5

o =0.01

C. Locked Test Performance

The locked 2017 test set contains three temporally separated
episodes. Each method detects two episodes, giving 66.7%
recall (95% CI: [9.4%, 99.2%]). Under clean conditions, the
proposed method reduces false alarms to 59, compared with
68 for rainfall-only and 61 for conventional fusion. Under
degradation, false alarms decrease to 48. Test-period false
alarms are reported separately from the validation constraint.

8 False-Alarm Comparison on the Locked Test Set

False alarms

Conventional

Rainfall-only

Proposed
(clean)
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Fig. 2. False-alarm comparison on the locked 2017 test set (600 dpi; vector
version in supplementary material).

D. Statistical Power and Reporting Scope

The locked test set contains three episodes, two of which
occur on the same calendar date (2017-06-13) in different
districts. The effective number of distinct event dates is
therefore two, yielding a 95% confidence interval of [9.4%,
99.2%] for recall. This interval is wide and should be inter-
preted with caution. Cross-validation is not used as a primary
performance estimate because the reconstructed episodes are
clustered temporally and geographically, while several leave-
one-episode-out training/validation configurations contain no
positive events. Such folds do not provide a meaningful basis
for event-recall threshold selection. Performance is therefore
reported on the predefined locked 2017 test set, with the small
test sample explicitly reflected in the confidence interval. Both
the locked-test results and the reliability diagnostics are fully
reproducible.

E. Novelty Summary

Table V compares the design of the proposed framework
with two baselines: a rainfall-only thresholding approach

following regional soil-moisture/rainfall early-warning prac-
tice [6], [7], and a conventional fixed-weight multimodal
fusion scheme [4], [5], [8], [9]. The framework explicitly
combines reliability estimation, conflict-aware fusion, physical
consistency adjustment, and a closed-loop state manager for
multimodal landslide early warning under a frozen false-alarm
constraint.

TABLE V
DESIGN COMPARISON OF WARNING STRATEGIES

Feature Rainfall-only  Conventional  Proposed
Multimodal fusion No Yes Yes
Reliability estimation No No Yes
Conflict handling No No Yes
Physical consistency No No Yes
State persistence No No Yes
Cooldown mechanism No No Yes
Closed-loop management No No Yes
Degradation evaluation Limited No Yes

F. Reliability and Degradation Analysis

The reliability measures respond selectively to the imposed
degradation. Mean rainfall, soil, and deformation reliability
changes from 0.5998, 0.6147, and 0.4737 under clean con-
ditions to 0.5998, 0.6019, and 0.4672 under degradation.
Additional rainfall degradation reduces rainfall reliability to
0.5760. The lower degraded FA count reflects reliability down-
weighting, not improved sensing.

07 Modality Reliability Under Simulated Degradation
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Fig. 3. Mean modality reliability under clean and degraded conditions (600
dpi; vector version in supplementary material).

Thresholds were selected from validation data under the
validation-stage false-alarm constraint, as shown in Table VI.
All thresholds were frozen before test evaluation.

TABLE VI
VALIDATION THRESHOLD SELECTION

Method Threshold  Early Recall  FA/month
Rainfall-only [6], [7] 0.498599 33.33% 2.00
Conventional [4], [5], [8], [9] 0.341987 33.33% 2.83
Proposed 0.324832 33.33% 3.02




Because the locked test set contains only three episodes,
the results reflect algorithmic robustness under controlled
conditions.

V. CONCLUSION, LIMITATIONS, AND FUTURE WORK
A. Conclusion

This study presented a reliability- and conflict-aware multi-
modal edge framework for landslide early warning using rain-
fall, soil moisture, and simulated deformation. The framework
combines reliability-based weighting, disagreement-aware fu-
sion, physical consistency adjustment, and warning-state per-
sistence and cooldown.

Of 434 records, 338 had precise temporal information. A
72-hour gap produced 16 episodes, divided chronologically
into 10 development, 3 validation, and 3 locked test episodes.

On the locked test set, the proposed framework detected 2 of
3 episodes (66.7%), matching rainfall-only and conventional
fusion, while reducing false alarms from 68 and 61 to 59.
Under simulated degradation, recall remained 66.7% and false
alarms decreased to 48.

The framework was developed and validated on a 16-
episode inventory; performance is reported on the locked
3-episode test set. However, the three-episode test set and
simulated deformation limit operational forecasting claims.

B. Limitations
The main limitations are:

1) Small test sample: Only 3 test episodes were available
in the locked chronological split, resulting in a wide 95%
recall confidence interval of [9.4%, 99.2%].

2) Simulated deformation and degradation: Deformation
and sensor faults were simulated, limiting real-world
validity.

3) Temporal uncertainty: Year-only records were ex-
cluded from the primary evaluation.

4) Parameter dependence: Reliability parameters, modal-
ity priors, disagreement settings, persistence, cooldown,
and thresholds were fixed and may require recalibration
for different environments.

5) Regional coverage: Cox’s Bazar contained no test
episodes under the chronological split, limiting assess-
ment of regional generalization.

C. Future Work

Future work should evaluate the framework with real multi-
sensor observations and larger inventories containing precise
event times. The degradation model should also cover missing
data, saturation, calibration bias, nonlinear drift, communica-
tion failures, and correlated faults.

Additional studies should include other regions and modal-
ities, such as groundwater level and GNSS. Reliability and fu-
sion parameters could be learned from field data. Explainable
warning outputs could also identify the modality, reliability
condition, or conflict responsible for each decision.

Overall, this study provides a reproducible framework for
evaluating reliability-aware multimodal fusion under a false-
alarm constraint using a real inventory. The contribution is
primarily methodological; larger-scale field validation with
real deformation sensors is still required to establish practical
forecasting effectiveness.
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