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To: The Editor-in-Chief, the Associate Editor, and the Reviewers 

Natural Hazards and Earth System Sciences                            

                                                 

Title: Reducing False Alarms in Crackmeter-Based Early Warning of Small-Scale Slope 

Deformation via Deep Learning-Driven Asynchronous Displacement–Rainfall Data Fusion  

Authors: Shubing Ouyang, Daichao Li*, Minjiang Liu, Fengjian Ge, Xia Zheng, Yuan Li, and 

Sheng Wu  

 

Dear Timothy Tiggeloven and Reviewers: 

 

Thank you very much for your response. We thank the editor and reviewers for the time and effort 

that they put into reviewing the previous version of the manuscript. Following the reviewers' 

comments, we have carefully modified and improved our manuscript. We hope these revisions 

now resolve the problems and uncertainties pointed out by the reviewers.  

 

A point-by-point response to the reviewers' comments is provided in the following pages. 

 

For clarity, we note at the outset that the numerical results (Table 7) in the revised 

manuscript differ from those reported previously because the experimental protocol was 

substantially revised. Specifically, (1) the dataset was repartitioned to enforce strict 

sensor-level isolation among the training, validation, and test sets, including within the 

five-fold cross-validation; (2) all normalization parameters were estimated exclusively from 

the corresponding training subset and then applied unchanged to the validation and test sets; 

(3) the positive-class weight was recalculated for each fold based on its training-set class 

distribution; and (4) MVM was removed as an independent input channel and retained only 

for fused-feature construction. All models were retrained under this revised, 

leakage-controlled protocol, and the corresponding results, tables, figures, and conclusions 

were updated accordingly. Therefore, all conclusions in the revised manuscript are based on 

the newly generated results rather than those reported in the previous version. 

 

We sincerely hope that our manuscript is now suitable for publication in Natural Hazards and 

Earth System Sciences. 

 

Thank you for your assistance and we look forward to hearing from you. 

 

Yours sincerely, 

Daichao Li and Shubing Ouyang  

The Academy of Digital China (Fujian) 

Fuzhou University, 

Fuzhou, China 

Email: lidc@fzu.edu.cn; 394666@fzu.edu.cn   

mailto:lidc@fzu.edu.cn
mailto:394666@fzu.edu.cn


Table 7. Accuracy results and hyperparameter search spaces of the evaluated models 

Model 
Input 

data/structure 

Precision of true 

early warning 

Recall of true 

early warning 

F₂-score of true 

early warning 

Overall 

accuracy 
AUPR 

Bayesian  

I–D Threshold 
Rainfall data 18.62±0.74 95.94±0.35 52.39±1.16 54.73±2.31 29.67±2.36 

Logistic regression 
Handcrafted 

predictors 
60.71 ± 0.00  79.69 ± 0.00  75.00 ± 0.00 92.33 ± 0.00 71.21 ± 0.00  

Decision tree 
Handcrafted 

predictors 
75.64 ± 0.66  75.16 ± 1.40  75.25 ± 1.02  94.76 ± 0.07 81.34 ± 1.05  

Random forest 
Handcrafted 

predictors 
87.93 ± 0.51  64.84 ± 0.00  68.44 ± 0.06  95.30 ± 0.05  88.53 ± 0.08  

TCN Dual-branch 84.72±2.17 78.44±2.25 79.6±1.73 96.18±0.25 84.73±1.08 

LSTM Dual-branch 80.09±1.87 82.34±3.06 81.87±2.67 95.93±0.45 88.89±1.24 

TimesNet Dual-branch 85.85±1.81 84.69±3.81 84.87±2.78 96.86±0.17 92.17±1.39 

DLinear Dual-branch 67.74±1.13 78.28±3.55 75.88±2.55 93.69±0.19 73.2±1.58 

PatchTST Dual-branch 90.14±2.16 82.81±1.91 84.18±1.9 97.2±0.4 92.87±1.44 

iTransformer Dual-branch 80.03±5.36 84.22±5.7 83.16±3.54 96±0.47 86.1±1.8 

PatchDC Dual-branch 90.32±2.64 89.38±1.8 89.54±1.09 97.83±0.22 94.78±0.56 

The 

hyperparameter 

search space 

Bayesian I–D Threshold: IETD ∈ {6, 12, 24, 32} h; I = αD⁻ᵝ; 1/α ~ U(0.001, 10), β ~ U(0.1, 2.0); selected by mean 

validation F₂. Search sampling: 500 draws + 500 tuning steps, 2 chains; final refit: 2000 draws + 1000 tuning steps, 

4 chains. 

Logistic regression: RobustScaler; class_weight = balanced; solver = liblinear; max_iter = 5000. Grid: C ∈ 

{0.001, 0.01, 0.1 , 1, 10, 100}; penalty ∈ {L1, L2} 

Decision tree: class_weight = balanced. Grid: max_depth ∈ {2, 3, 5, None}; min_samples_leaf ∈ {5, 10, 20}  

Random forest: n_estimators = 500; max_features = sqrt; class_weight = balanced_subsample; bootstrap = True. 

Grid: max_depth ∈ {4, 8, None}; min_samples_leaf ∈ {2, 5, 10}  

TCN: num_levels ∈ {8, 16, 32, 64}; dropout ∈ {0.1, 0.3, 0.5}; branch_channels ∈ {1×, 2×, 4× num_levels}. 

LSTM: hidden_size ∈ {32, 64, 128}; num_layers ∈ {1, 2, 3}; dropout ∈ {0.1, 0.3, 0.5}. 

TimesNet: top_k ∈ {2, 3, 4, 5}; d_ff ∈ {8, 16, 32}; num_kernels ∈ {3, 5, 7}; d_model ∈ {32, 64, 128}; e_layers 

∈ {1, 2, 3}; dropout ∈ {0.1, 0.3, 0.5}. 

DLinear: moving_avg_window ∈ {15, 21, 27, 33, 39, 45}; pred_len ∈ {1, 12, 24, 48}; dropout ∈ {0.1, 0.3, 0.5}. 

PatchTST: hidden_size ∈ {32, 64, 128}; encoder_layers ∈ {1, 2, 3}; n_heads ∈ {2, 4, 8}; patch_len ∈ {8, 12, 16, 

20, 24}; dropout ∈ {0.1, 0.3, 0.5}; stride ∈ {3, 5, 7}. 

iTransformer: d_model ∈ {32, 64, 128}; e_layers ∈ {1, 2, 3}; n_heads ∈ {2, 4, 8}; dropout ∈ {0.1, 0.3, 0.5}. 

PatchDC: hidden_size ∈ {32, 64, 128}; encoder_layers ∈ {1, 2, 3}; n_heads ∈ {2, 4, 8}; patch_len ∈ {8, 12, 16, 

20, 24}; dropout ∈ {0.1, 0.3, 0.5}; stride ∈ {3, 5, 7}. 

 

 



 

 

PART Ⅰ. REVIEWER 1 

The manuscript addresses an important and relevant topic within landslide early warning systems, 

and the machine-learning/data-fusion methodology appears technically rigorous and competently 

validated. 

1.However, the manuscript currently treats landslide early warning primarily as a 

signal-classification problem, without proper consideration of the geotechnical, geological and 

hydromechanical aspects. 

Response: 

Sensor locations were selected by geological experts following field investigations and were 

placed across identified rear tension cracks, with consideration of slope geometry, lithology, 

drainage conditions, and interpreted failure mechanisms. These site-specific factors also informed 

threshold setting and expert validation. However, detailed site-characterization data were not 

systematically collected for this study and therefore could not be included as model inputs, which 

represents a limitation of the present work.  Future work will integrate geological and 

environmental information more explicitly, including the use of landslide-susceptibility or hazard 

maps derived from these factors as spatial priors for model prediction. 

The added text is as follows: 

Page 4 (LINE 108): To address this practical challenge, this study focuses on distinguishing 

genuine alerts from noise-related false alarms after crackmeter thresholds are exceeded in an 

operational slope-monitoring network in Fujian Province, China. In this network, crackmeters are 

installed across rear tension cracks identified through field investigations at sites affected 

predominantly by small-scale landslides or localized collapses. Geological experts establish a 

site-specific four-level threshold scheme for each crackmeter based on local geological and 

environmental conditions. Exceedance of a threshold generates a preliminary device alert rather 

than confirming that slope failure is imminent. Experts must therefore determine whether the 

recorded displacement represents genuine slope deformation or interference caused by sensor 

noise, human or animal disturbance, or other non-slope-related factors. This discrimination must 

be performed promptly because deformation at some monitored small-scale slopes may accelerate 

rapidly, while even lower-level alerts may remain relevant when continued or forecast rainfall 

could further promote crack opening and slope movement. 

The added text is as follows: 

Page 35 (LINE 808): Future work will focus on validating the model across diverse 

geological settings and sensor configurations, alongside integrating multi-source remote sensing 

and heterogeneous sensor data to enhance data availability and broaden applicability. Greater 

attention will also be given to geological conditions by incorporating landslide-susceptibility or 

hazard maps derived from geological and environmental factors as spatial priors for model 

prediction. 

 

2.The title, abstract and introduction should more clearly define the scope and contribution of the 

study. The novelty appears to lie mainly in the dataset manipulation and ML workflow. 

Response: 



Thank you for this valuable suggestion. We apologize that the scope and contributions of the 

study were not sufficiently clear in the previous manuscript. To more clearly define the study as a 

post-threshold true–false warning discrimination task rather than a complete slope-stability or 

failure-prediction framework, we have revised the Title, Abstract, and Introduction. We further 

clarified that crackmeters were installed across field-identified rear tension cracks and that 

site-specific warning thresholds were established by geological experts based on local geological 

and environmental conditions. The stated novelty was refocused on the field-verified dataset and 

multi-rate displacement–rainfall fusion framework.  

The revised Title, Abstract, and Introduction are as follows (The main revised parts are 

marked in blue): 

(1) The title: Reducing False Alarms in Crackmeter-Based Early Warning of Small-Scale 

Slope Deformation via Deep Learning-Driven Asynchronous Displacement–Rainfall Data Fusion 

(2) The abstract: Real-time crackmeter-based deformation monitoring systems for small-scale 

rainfall-affected slopes suffer from high false alarm rates. Across multi-slope monitoring settings, 

threshold-based alerts are vulnerable to noise, while conventional denoising and prediction-based 

validation methods remain limited in automated warning discrimination and cross-site 

generalization. To address this bottleneck, a labeled dataset and a data-driven binary classification 

framework were developed to distinguish true early warnings from false alarms among 

threshold-triggered sensor alerts. A multi-source dataset of crack-displacement and rainfall 

observations was constructed from monitored slopes in Fujian Province, China, with genuine and 

false alerts labelled based on field investigations and geological expert assessment. A patch-based 

dual-branch temporally-aware Transformer model was developed to fuse asynchronous multi-rate 

data, preserve the temporal direction from antecedent rainfall to subsequent displacement, and 

satisfy stringent real-time decision constraints. By simultaneously capturing long-term 

rainfall-displacement interactions and high-resolution displacement dynamics, the model 

outperforms competitive baselines, achieving a precision of 90.32%, a recall of 89.38%, and an 

F2-score of 89.54% in identifying true early warnings. Interpretability analysis reveals that the 

model’s decisions are primarily driven by localized displacement trends and the relationship 

between rainfall and displacement, aligning with expert judgment. Analyses of misclassified cases 

informed additional safeguards to further reduce missed warnings. The proposed framework helps 

reduce false alarms and supports reliable automated slope hazard monitoring. However, the 

present validation is limited to the Fujian rainfall-triggered monitoring context, and application to 

other geological or climatic settings requires further external validation and local adaptation. 

(3) The Introduction, including the statement of contributions: 

Page 4 (LINE 108): To address this practical challenge, this study focuses on distinguishing 

genuine alerts from noise-related false alarms after crackmeter thresholds are exceeded in an 

operational slope-monitoring network in Fujian Province, China. In this network, crackmeters are 

installed across rear tension cracks identified through field investigations at sites affected 

predominantly by small-scale landslides or localized collapses. Geological experts establish a 

site-specific four-level threshold scheme for each crackmeter based on local geological and 

environmental conditions. Exceedance of a threshold generates a preliminary device alert rather 

than confirming that slope failure is imminent. Experts must therefore determine whether the 

recorded displacement represents genuine slope deformation or interference caused by sensor 

noise, human or animal disturbance, or other non-slope-related factors. This discrimination must 



be performed promptly because deformation at some monitored small-scale slopes may accelerate 

rapidly, while even lower-level alerts may remain relevant when continued or forecast rainfall 

could further promote crack opening and slope movement. To support this process, this study 

constructs a field-verified multi-source dataset integrating crackmeter displacement and rainfall 

measurements from diverse monitored slopes in Fujian Province, China. Building upon this 

dataset, a patch-based dual-branch temporally-aware Transformer model (PatchDC) is developed 

to satisfy three critical engineering requirements: (1) the seamless fusion of asynchronous, 

multi-rate monitoring data; (2) temporal modelling that links antecedent rainfall to subsequent 

displacement while preventing information from later observations from leaking into earlier time 

steps; and (3) high-efficiency real-time applicability within operational systems. By concurrently 

capturing long-term rainfall-displacement interactions and high-resolution displacement dynamics, 

the model enables robust discrimination between genuine kinematic deformations and 

noise-induced false alarms. It should be noted that the operational monitoring network comprised 

429 crackmeters, whereas field-confirmed true-warning samples were obtained from 52 sensors. 

Accordingly, the present validation is limited to the rainfall-triggered monitoring context in Fujian 

Province, and the resulting model should not be assumed to generalize directly to other geological, 

climatic, or monitoring settings. 

The main contributions of this study are as follows: 1) A field-verified multi-source dataset 

was constructed for true–false warning discrimination across multiple monitored slopes, 

integrating crackmeter displacement and rainfall observations following threshold-triggered alerts. 

2) A temporally aware dual-branch Transformer framework was developed to integrate 

asynchronous multi-rate rainfall and displacement data for automated warning discrimination. The 

framework was evaluated under strict sensor-level isolation within the Fujian monitoring network, 

demonstrating reduced false alarms while retaining sensitivity to field-confirmed true warnings 

from previously unseen sensors.   

 

 

3. The term “small-scale” is ambiguous and should be clarified. 

Response: 

Thank you for pointing out the ambiguity in the term “small-scale.” We apologize for not 

clearly defining this term in the original manuscript. We have now added a quantitative definition 

at its first occurrence. 

The added text is as follows: 

Page 2 (LINE 36): According to the classification of the Ministry of Natural Resources of 

China, small-scale landslides are defined as those with a volume of less than 100,000 m³, whereas 

small-scale collapses are defined as those with a volume of less than 10,000 m³. 

 

4. A concern is the reliance on crack meters as the principal monitoring approach for shallow 

landslide warning. Crack opening is not necessarily representative of bulk slope deformation or 

impending instability, and the manuscript does not sufficiently justify this monitoring philosophy. 

Later sections imply that this approach has already been widely deployed across Fujian Province, 

and that the AI framework is intended to mitigate resulting false alarms. If so, this context should 

be introduced much earlier. 

The manuscript also gives insufficient consideration to instrumentation placement and site 



characterisation. Sensor location relative to slope geometry, drainage, lithology and likely failure 

mechanism is critical to reliable interpretation. 

Response: 

Thank you for this valuable suggestion. We apologize for not clearly describing the 

operational monitoring framework, which may have caused confusion regarding the role of 

crackmeters and the logic of the proposed model. First, crackmeters are not installed across 

arbitrary surface cracks; they are deployed across rear tension cracks identified through field 

investigations at sites affected predominantly by small-scale landslides or localized collapses. 

Second, the warning threshold is not fixed or uniformly applied across all sites. Instead, geological 

experts establish a site-specific four-level threshold scheme according to the local geological and 

environmental conditions. Exceedance of a threshold generates a preliminary device alert rather 

than a direct prediction of imminent slope failure. Geological experts must then determine whether 

the recorded displacement reflects genuine slope deformation or noise-related interference. At 

these predominantly small-scale sites, deformation may accelerate rapidly once slope instability 

develops, leaving a limited time window for manual verification and response. Moreover, 

lower-level threshold exceedances may still provide meaningful early-warning information, 

because continued or forecast heavy rainfall may further amplify crack opening and increase the 

likelihood of subsequent slope movement. 

The added text is as follows: 

Page 4 (LINE 108): To address this practical challenge, this study focuses on distinguishing 

genuine alerts from noise-related false alarms after crackmeter thresholds are exceeded in an 

operational slope-monitoring network in Fujian Province, China. In this network, crackmeters are 

installed across rear tension cracks identified through field investigations at sites affected 

predominantly by small-scale landslides or localized collapses. Geological experts establish a 

site-specific four-level threshold scheme for each crackmeter based on local geological and 

environmental conditions. Exceedance of a threshold generates a preliminary device alert rather 

than confirming that slope failure is imminent. Experts must therefore determine whether the 

recorded displacement represents genuine slope deformation or interference caused by sensor 

noise, human or animal disturbance, or other non-slope-related factors. This discrimination must 

be performed promptly because deformation at some monitored small-scale slopes may accelerate 

rapidly, while even lower-level alerts may remain relevant when continued or forecast rainfall 

could further promote crack opening and slope movement. 

 

5. The definition of “false alarms” remains unclear throughout the manuscript and requires 

substantial clarification. It is currently uncertain whether false alarms refer to: 

erroneous sensor readings, 

genuine displacement that did not progress to failure, 

conservative warnings, 

or deformation unrelated to landslide processes. 

 

These are fundamentally different phenomena with different implications for warning-system 

performance. Similar clarification is needed for Figure 4 and the “triple-blind review” discussed at 

line 205. 

Figures 11–13 also require clarification. It is not clear whether the timing of actual landslide 



occurrence is shown relative to the issued alarms. 

Response: 

Thank you for this valuable suggestion. Apologies for the unclear definition of “false alarms” 

in the original text.  

The relevant definitions have been revised as follows: 

Page 8-9 (LINE 208): Class 1 (true early warning) referred to an alert for which the recorded 

displacement change was subsequently confirmed by geological experts, based on professional 

assessment and field evidence, as genuine physical opening or displacement of the monitored rear 

tension crack associated with slope activity. A positive label did not require that complete slope 

failure subsequently occurred. 

Class 0 (false alert) referred to an alert for which the apparent threshold exceedance was not 

confirmed as genuine and reliable deformation of the monitored rear tension crack. Such alerts 

mainly included abrupt data spikes, abnormal oscillations, sensor or communication malfunctions, 

accidental mechanical interference caused by animals or human contact, and other anomalous 

responses unrelated to actual rear-crack deformation. 

The caption of Figure 4 has also been updated: 

Page 8: Figure 4. Example of a false alert caused by an apparent threshold exceedance that 

was not validated as genuine rear-crack deformation. Possible causes of this type of response 

include instrumental anomalies, installation disturbance, and accidental contact by animals or 

humans. 

The following supplements about the “triple-blind review” discussed in detail: 

Page 10 (LINE 239): Approximately 190 temporally adjacent candidates were initially 

selected through qualitative visual screening to exclude obvious noise. After review by three 

geological experts, 173 candidates identified as genuine crack-opening responses were retained. 

This procedure successfully increased the total number of field-validated true early warning 

instances to 255, demonstrating high label reliability. 

Page 30-32: The captions of Figures 10–12 (Figures 11–13 before the revision of the 

manuscript) have also been supplemented with the following notes: 

The figures show threshold-based true early warnings but do not indicate that slope failure 

occurred immediately. 

 

6. The statement that landslides are “most strongly associated with precipitation effects within a 

6–10 day window” is overly broad and insufficiently justified. Slope response depends strongly on 

material type, permeability, drainage conditions and failure depth. However, the manuscript 

provides very limited information regarding geology, geomaterials or failure mechanisms. 

 

Response: 

Thank you for these important comments. We apologize that our previous statement was 

inaccurate.  

This is hereby corrected as follows: 

Page 10 (LINE 248): Previous studies have demonstrated that antecedent rainfall and delayed 

slope responses may extend over several days to just over a week, although the relevant timescale 

varies among sites (Dahal and Hasegawa, 2008; Dou et al., 2024; Lee et al., 2021). Such 

variability is controlled by geomaterial properties, permeability, drainage conditions, antecedent 



moisture, failure depth, and failure mechanism. Therefore, this study did not assume a universal 

rainfall-response period. Instead, a 360-h retrospective window preceding each device alert was 

adopted as a fixed operational input interval. The 15-day duration was selected to encompass the 

multi-day rainfall effects reported in previous studies while providing additional coverage for 

delayed responses across heterogeneous monitoring sites. Longer windows of 30 or 60 days were 

not used because they may include rainfall episodes less directly related to the current alert and 

dilute the recent rainfall–displacement relationship. Thus, the 15-day window represents a 

pragmatic modelling choice rather than a universally optimal hydrological response period.  

 

7. The machine-learning workflow appears rigorous, but the manuscript does not compare the 

proposed framework against simpler or more conventional approaches that may already be 

sufficient to reduce false alarms. This raises the question of whether a highly sophisticated AI 

framework is being used to compensate for limitations in an oversimplified monitoring 

philosophy. 

Response: 

Thank you for this valuable comment. To address this concern, we added comparisons with a 

conventional Bayesian rainfall intensity–duration (I–D) threshold and three simple 

machine-learning models that do not use deep learning: logistic regression, a decision tree, and a 

random forest. These comparisons evaluate whether simpler approaches are sufficient for 

false-alarm reduction. The results show that although the conventional methods perform well in 

certain metrics, PatchDC achieves a substantially better balance between identifying true warnings 

and reducing false alarms. 

We also note that the numerical results in the revised manuscript differ from those reported in 

the previous version because several methodological corrections and refinements were 

implemented during revision. First, the dataset was repartitioned to enforce sensor-level isolation 

among the training, validation, and test sets, and the same sensor-isolation constraint was 

maintained within the five cross-validation folds. Second, the normalization procedure was 

revised so that all normalization parameters were estimated exclusively from the corresponding 

training subset and then applied unchanged to the validation and test data, thereby preventing 

information leakage. Third, instead of using the previously fixed 10:1 class-weighting ratio, the 

positive-class weight in the loss function was recalculated separately for each fold according to the 

actual negative-to-positive ratio in that fold's training subset. Finally, the long-term branch of 

PatchDC was refined by removing MVM as an independent input channel; MVM is now used 

only within the Hybrid Feature Processing module for fused-feature construction. Accordingly, all 

conclusions in the revised manuscript are based on the newly generated results under the 

revised and leakage-controlled experimental protocol, rather than on the numerical values 

reported in the previous version. 

The added text and table are as follows:  

Page 18 (LINE 440): 5.1 Comparative Model Accuracy Analysis 

To illustrate the performance of PatchDC, this study compared it against multiple models 

applicable to time series classification. These include: the Bayesian Intensity-Duration (I-D) 

Threshold, which serves as a traditional empirical baseline by establishing the minimum 

meteorological conditions (rainfall intensity and duration) necessary to trigger slope failures using 

objective statistical inference (Guzzetti et al., 2008); Logistic regression, a decision tree, and a 



random forest were selected as conventional supervised machine-learning baselines. These models 

used 23 physically interpretable predictors derived from the same 15-day pre-alert hourly rainfall–

displacement sequence and 100-point high-frequency displacement sequence provided to PatchDC 

(Table 6). Missing values for the conventional machine-learning models were imputed using 

medians estimated only from the corresponding training fold, and logistic regression additionally 

used robust scaling fitted on that fold.  

Page 21 (LINE 492): Among the conventional machine-learning baselines (Table 7), random 

forest provided strong false-alarm discrimination, with precision only 2.39 percentage points 

below PatchDC; however, its recall and F₂-score were lower by 24.54 and 21.10 percentage points, 

respectively. Decision tree offered a more balanced precision–recall relationship, although 

PatchDC still exceeded it by approximately 14 percentage points in precision, recall, and F₂-score. 

Logistic regression favored recall but generated more false positives, with deficits of 29.61 

percentage points in precision and 14.54 in F₂-score relative to PatchDC. Finally, the rainfall-only 

Bayesian Intensity–Duration (I–D) threshold achieved recall 6.56 percentage points higher than 

PatchDC, reflecting a highly conservative warning strategy. Nevertheless, it was lower than 

PatchDC by 71.70 percentage points in precision, 37.15 in F₂-score, 43.10 in overall accuracy, and 

65.11 in AUPR. This high false-alarm rate illustrates the limitation of relying solely on rainfall 

triggers without considering the observed kinematic response of the slope and further highlights 

the operational value of PatchDC’s multi-source, multi-resolution feature-fusion framework. 

 

Page 20: Table 6 Definition of the handcrafted rainfall–displacement predictors used by the conventional 

machine-learning baselines 

Feature group Predictor Calculation Temporal scale Number 

Rainfall 

Antecedent cumulative 

rainfall 

Sum of the hourly rainfall amounts 

recorded within each pre-alert window. 

Previous 24, 72, 168, and 

360 h 
4 

Maximum 1-h rainfall 

intensity 

Maximum hourly rainfall amount during 

the 24 h immediately preceding the alert. 
Previous 24 h 1 

Relative maximum rainfall intensity (RMR) is defined in the same manner as in Table 3 1 

Hourly crack 

displacement 

Net displacement change 

Last minus first hourly displacement value 

within each pre-alert window (Dend - 

Dstart). 

Previous 24, 72, 168, and 

360 h 
4 

Linear displacement 

trend 

Slope of a least-squares linear fit between 

hourly displacement and observation order 

within each window. 

Previous 24, 72, 168, and 

360 h 
4 

HMD interquartile range (HMD_IQR) is defined in the same manner as in Table 3 1 

HMD absolute displacement magnitude (HMD_ADM) is defined in the same manner as in Table 3 1 

High-frequency 

crack 

displacement 

Net displacement change 

Last minus first displacement 

measurement among the most recent N 

chronologically ordered observations. 

Most recent 10, 30, 60, and 

100 observations 
4 



 

Page 22: Table 7. Accuracy results and hyperparameter search spaces of the evaluated models 

Model 
Input 

data/structure 

Precision of true 

early warning 

Recall of true 

early warning 

F₂-score of true 

early warning 

Overall 

accuracy 
AUPR 

Bayesian  

I–D Threshold 
Rainfall data 18.62±0.74 95.94±0.35 52.39±1.16 54.73±2.31 29.67±2.36 

Logistic regression 
Handcrafted 

predictors 
60.71 ± 0.00  79.69 ± 0.00  75.00 ± 0.00 92.33 ± 0.00 71.21 ± 0.00  

Decision tree 
Handcrafted 

predictors 
75.64 ± 0.66  75.16 ± 1.40  75.25 ± 1.02  94.76 ± 0.07 81.34 ± 1.05  

Random forest 
Handcrafted 

predictors 
87.93 ± 0.51  64.84 ± 0.00  68.44 ± 0.06  95.30 ± 0.05  88.53 ± 0.08  

TCN Dual-branch 84.72±2.17 78.44±2.25 79.6±1.73 96.18±0.25 84.73±1.08 

LSTM Dual-branch 80.09±1.87 82.34±3.06 81.87±2.67 95.93±0.45 88.89±1.24 

TimesNet Dual-branch 85.85±1.81 84.69±3.81 84.87±2.78 96.86±0.17 92.17±1.39 

DLinear Dual-branch 67.74±1.13 78.28±3.55 75.88±2.55 93.69±0.19 73.2±1.58 

PatchTST Dual-branch 90.14±2.16 82.81±1.91 84.18±1.9 97.2±0.4 92.87±1.44 

iTransformer Dual-branch 80.03±5.36 84.22±5.7 83.16±3.54 96±0.47 86.1±1.8 

PatchDC Dual-branch 90.32±2.64 89.38±1.8 89.54±1.09 97.83±0.22 94.78±0.56 

The 

hyperparameter 

search space 

Bayesian I–D Threshold: IETD ∈ {6, 12, 24, 32} h; I = αD⁻ᵝ; 1/α ~ U(0.001, 10), β ~ U(0.1, 2.0); selected by mean 

validation F₂. Search sampling: 500 draws + 500 tuning steps, 2 chains; final refit: 2000 draws + 1000 tuning steps, 

4 chains. 

Logistic regression: RobustScaler; class_weight = balanced; solver = liblinear; max_iter = 5000. Grid: C ∈ 

{0.001, 0.01, 0.1 , 1, 10, 100}; penalty ∈ {L1, L2} 

Decision tree: class_weight = balanced. Grid: max_depth ∈ {2, 3, 5, None}; min_samples_leaf ∈ {5, 10, 20}  

Random forest: n_estimators = 500; max_features = sqrt; class_weight = balanced_subsample; bootstrap = True. 

Grid: max_depth ∈ {4, 8, None}; min_samples_leaf ∈ {2, 5, 10}  

TCN: num_levels ∈ {8, 16, 32, 64}; dropout ∈ {0.1, 0.3, 0.5}; branch_channels ∈ {1×, 2×, 4× num_levels}. 

LSTM: hidden_size ∈ {32, 64, 128}; num_layers ∈ {1, 2, 3}; dropout ∈ {0.1, 0.3, 0.5}. 

Feature group Predictor Calculation Temporal scale Number 

Maximum absolute 

adjacent increment 

Maximum absolute difference between 

two consecutive displacement 

measurements among the most recent 100 

observations. 

Most recent 100 

observations 
1 

RDS interquartile range (RDS_IQR) is defined in the same manner as in Table 3 1 

RDS absolute displacement magnitude (RDS_ADM) is defined in the same manner as in Table 3 1 



Model 
Input 

data/structure 

Precision of true 

early warning 

Recall of true 

early warning 

F₂-score of true 

early warning 

Overall 

accuracy 
AUPR 

TimesNet: top_k ∈ {2, 3, 4, 5}; d_ff ∈ {8, 16, 32}; num_kernels ∈ {3, 5, 7}; d_model ∈ {32, 64, 128}; e_layers 

∈ {1, 2, 3}; dropout ∈ {0.1, 0.3, 0.5}. 

DLinear: moving_avg_window ∈ {15, 21, 27, 33, 39, 45}; pred_len ∈ {1, 12, 24, 48}; dropout ∈ {0.1, 0.3, 0.5}. 

PatchTST: hidden_size ∈ {32, 64, 128}; encoder_layers ∈ {1, 2, 3}; n_heads ∈ {2, 4, 8}; patch_len ∈ {8, 12, 16, 

20, 24}; dropout ∈ {0.1, 0.3, 0.5}; stride ∈ {3, 5, 7}. 

iTransformer: d_model ∈ {32, 64, 128}; e_layers ∈ {1, 2, 3}; n_heads ∈ {2, 4, 8}; dropout ∈ {0.1, 0.3, 0.5}. 

PatchDC: hidden_size ∈ {32, 64, 128}; encoder_layers ∈ {1, 2, 3}; n_heads ∈ {2, 4, 8}; patch_len ∈ {8, 12, 16, 

20, 24}; dropout ∈ {0.1, 0.3, 0.5}; stride ∈ {3, 5, 7}. 

 

 

8. The discussion should also engage more critically with operational geotechnical practice: 

warning thresholds should generally be site-specific and informed by local geology and failure 

mechanisms, rather than applied uniformly across many slopes. Warnings are based not only on 

threshold exceedance, but also on trends in behaviour, rates of change, and engineering 

judgement. 

Response: 

Thank you for raising this important point. We apologize that the threshold-setting procedure 

was not clearly explained in the original manuscript. A single uniform threshold is not applied to 

all monitored slopes. Rather, geological experts establish a site-specific four-level threshold 

scheme for each crackmeter according to local geological and monitoring conditions. 

We have revised the relevant text to clarify this issue, as follows: 

Page 6 (LINE 153): The operational monitoring system uses threshold-based trigger rules to 

support continuous and real-time monitoring, but the thresholds are not applied uniformly across 

all slopes. Geological experts establish site-specific, four-level thresholds for each crackmeter 

according to the local geological setting, slope geometry, drainage conditions, interpreted failure 

mechanism, and monitoring conditions. 

 

9. The manuscript would benefit from discussion of the transferability of the proposed 

methodology beyond Fujian Province and to settings. 

Response: 

Thank you for this valuable suggestion. We agree that the transferability of the proposed 

methodology should be discussed more clearly. 

The added text is as follows:  

Page 34 (LINE 775): 5.7 Transferability and limitations 

The potentially transferable contribution of this study lies in its problem formulation and 

modelling framework rather than in the Fujian-trained model itself. Its broader relevance rests on 

two considerations. First, displacement at rainfall-triggered slope instability sites in other regions 

may also exhibit progressive development. Second, the relationship between rainfall and 

displacement should be explicitly considered when assessing whether crackmeter alerts reflect 

physically meaningful slope responses. The proposed framework addresses both aspects by 

integrating rainfall and crack-displacement observations at different temporal resolutions. 



However, it has currently been validated only at predominantly small-scale, rainfall-triggered 

landslide and collapse sites in Fujian Province, where crackmeters were installed across 

field-identified rear tension cracks. Its applicability under different geological, climatic, 

failure-mechanism, or monitoring conditions therefore remains to be established through locally 

labelled data, model retraining or recalibration, and independent external validation. 

 

PART Ⅱ. REVIEWER 2 

This manuscript proposes a dual-branch Transformer model (PatchDC) that reframes 

crackmeter alert validation as a binary classification problem ("true early warning" vs. "false 

alarm"), fusing asynchronous displacement and rainfall data. The operational motivation is well 

documented (a reported false-alarm rate below 0.03% over five years), and the proposed 

architecture — causal attention respecting the physical precedence of rainfall over displacement, 

and a hybrid fusion mechanism for correlated variables — is reasonably justified and convincingly 

validated through a well-designed ablation study. The interpretability analysis, and especially the 

dedicated failure-case section (Section 6.4), reflect a level of scientific transparency that is 

uncommon in this type of applied study. 

However, the manuscript does not allow a full assessment of the internal validity of some of 

the reported results. The main concern relates to the construction of the positive dataset: 

expanding the 93 field-confirmed events to 255 samples by adding temporally adjacent points 

raises a circularity issue that is not discussed. A related concern involves the risk of information 

leakage through several normalisation steps computed "across the dataset", without the exact 

scope (training set only, or training+test combined) being specified. Both issues bear directly on 

the reliability of the performance metrics highlighted in the abstract and should be clarified before 

publication. 

The manuscript is scientifically sound and likely publishable after revision. The comments 

below are intended to help the authors strengthen the internal validity of their results and the 

clarity of their evaluation protocol. 

 

Major Comments 

  

Comment 1 — Risk of circularity in the construction of the positive dataset. The initial number of 

field-confirmed true early warnings was only 93 (l. 199-200). To reach 255 samples, the authors 

added points temporally adjacent to these confirmed events, validated through a triple-blind 

review by three experts (l. 204-207). This procedure raises an important question that is not 

addressed: to what extent are these additional points independent of the original events in terms of 

signal (RDS, HMD)? If they share the same underlying displacement dynamics — which is 

plausible, since they were selected for their temporal proximity — the model may be learning an 

"episode signature" rather than generic early-detection features. Sensor-level isolation between 

training and test sets (l. 208-211) limits direct leakage but does not resolve this intra-episode 

homogeneity risk. If feasible, a sensitivity analysis training/evaluating the model on the original 

93 events only would help demonstrate robustness. 

Response: 

Thank you for raising this important and technically insightful concern. We also apologize 



for an error in the number of originally confirmed true-warning events reported in the previous 

manuscript. The initially reported number included several field-confirmed warning events for 

which corresponding rain-gauge observations were unavailable. After excluding these events 

according to the data-availability criteria used in this study, 82 originally field-confirmed 

true-warning events remained in the final dataset, of which 42 were assigned to the training–

validation set and 40 to the independent test set under the sensor-disjoint partitioning strategy. 

Thus, in the sensitivity analysis described below, model training relied on only 42 originally 

confirmed positive events. 

The added text of sensitivity analysis is as follows: 

 

Page 24 (LINE 565): 5.2 Sensitivity analysis using only the originally confirmed true 

warnings 

 

To assess whether the temporally adjacent samples introduced intra-episode homogeneity and 

caused the model to learn episode-specific signatures, a sensitivity analysis was performed using 

only the 82 originally field‑confirmed true‑warning samples as the positive‑sample pool for both 

training and testing. These samples comprised 42 originally confirmed events from the augmented 

training–validation set and 40 from the augmented test set, with no overlap between the two 

subsets (Table 5). All temporally adjacent, expert-validated samples were excluded from this 

analysis. The sensor-disjoint partitioning strategy, model architecture, optimization procedure, and 

evaluation protocol were identical to those used in the main experiment. For every training split, 

the normalization parameters were estimated exclusively from the corresponding training set and 

were subsequently applied, without refitting, to the validation and test sets. Similarly, the 

positive-to-negative sample weighting in the loss function was recalculated according to the class 

ratio of the corresponding training set. This ensured that the sensitivity analysis was self-contained 

and that no information associated with the augmented dataset entered the confirmed-only training 

process. 

 

As shown in Table 9, compared with the model trained on the augmented dataset and 

evaluated on the same confirmed-warning test samples, the confirmed-only model showed a 

precision higher by 1.74 percentage points, whereas its recall, F₂-score, and AUPR were lower by 

7.50, 5.15, and 3.96 percentage points, respectively. Overall accuracy was essentially unchanged, 

with the confirmed-only model showing a marginal decrease of 0.07 percentage points. These 

results show that the model retained substantial early-warning detection capability when the 

temporally adjacent samples were completely removed, indicating that its predictive performance 

was not solely dependent on signatures introduced by the augmentation procedure. The higher 

recall, F₂-score, and AUPR obtained with augmented training suggest that the additional samples 

mainly improved positive-class coverage and sensitivity. The augmented-training configuration 

also produced smaller standard deviations for recall, F₂-score, overall accuracy, and AUPR, 

consistent with improved model stability resulting from the larger positive training set. 

 

 

 

 



Table 9. Performance on originally field-confirmed true warnings under confirmed-only and augmented training 

Train dataset 

(positive 

samples) 

Test dataset 

(positive 

samples) 

Precision of true 

early warning 

Recall of true 

early warning 

F₂-score of true 

early warning 

Overall 

accuracy 
AUPR 

originally 

confirmed true 

warnings 

originally 

confirmed true 

warnings  

76.87 ± 5.11 84.00 ± 6.52 82.39 ± 5.55 98.51 ± 0.35 
88.25 ± 

2.79 

augmented data 

originally 

confirmed true 

warnings  

75.13 ± 5.20 91.50 ± 3.79 87.54 ± 1.79 98.58 ± 0.26 
92.21 ± 

1.44 

 

Comment 2 — Ambiguous scope of global normalisation statistics. Several preprocessing steps 

rely on values computed "across the dataset": the four derived statistical features (IQR, ADM) are 

normalised by their "collective maximum value across the dataset" (l. 244-245), and RMR uses a 

global maximum across all stations as well as a regional five-year maximum (l. 265, 270). The 

text does not specify whether these maxima are computed on the training set alone or on the 

combined training+test set. In the latter case, this would constitute a minor but real information 

leak into the test set. Explicitly clarifying this point, and reformulating the pipeline to ensure these 

statistics are computed exclusively from training data (per cross-validation fold), would 

meaningfully strengthen the credibility of the results. 

Response: 

Thank you for your professional comment regarding the normalisation statistics. We confirm 

that the original normalisation statistics for IQR, ADM, and RMR were calculated using the 

complete dataset, which introduced unintended information leakage. We have corrected this issue 

by calculating all normalisation parameters exclusively from the training subset of each 

cross-validation fold. The resulting parameters are then applied unchanged to the corresponding 

validation and test data. As a result, we re-ran all the experiments. We have updated the 

manuscript and results accordingly. 

We have revised the text as follows:  

Page 12 (LINE 288): Each of the four derived statistical features was subsequently 

normalized using its corresponding maximum value, calculated exclusively from the training 

subset of each cross-validation fold. 

Page 13 (LINE 311): D. The preliminary relative rainfall index was normalized using its 

maximum value calculated from the training subset of each cross-validation fold. The core 

formula is defined as follows: 

 

rain𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐
i =

Single − hour rainfall_max_i/ Annual rainfall_i 

m𝑎𝑥𝑗∈𝑇𝑟𝑎𝑖𝑛(Single − hour rainfall_max_j/ Annual rainfall_j)
                        (1)  

 

Following the aforementioned calculation, Relative Maximum Rainfall Intensity was defined 

as a dimensionless index characterizing the extremity of the maximum hourly rainfall relative to 

the local historical rainfall background. The maximum hourly rainfall within each observation 

window was scaled by the corresponding regional average annual rainfall, thereby emphasizing 

rainfall anomalies relative to local climatic conditions rather than absolute rainfall magnitude. 



Comment 3 — Inconsistency between the two modes of reporting results. Section 5 selects the 

median run by recall among the five repetitions as the "representative" result (precision 90.91%, 

recall 93.53%, F2 92.99%), whereas Table 5 reports the mean ± standard deviation over 25 runs 

(precision 89.24±2.43%, recall 93.38±0.95%, F2 92.50±0.49%). These two sets of figures are 

close but not identical, and the use of two different reporting conventions in two places in the 

manuscript is not justified. The authors should harmonise their presentation, or otherwise clearly 

explain why each metric is used where it appears. 

Response: 

Thank you for pointing out this inconsistency. We apologize for the inconsistent and 

redundant reporting in the previous manuscript. We agree that the presentation should be 

harmonized. Therefore, we have removed the “representative” result selected as the median run 

by recall in Section 5. In the revised manuscript, all performance results are reported consistently 

as the mean ± standard deviation over 5 repetitions. 

 

Comment 4 — Sampling uncertainty likely underestimated for the positive class. The test set 

contains only 139 "true early warning" samples (Table 4; confirmed by the confusion matrix: 130 

TP + 9 FN). At this scale, a single additional misclassified sample shifts recall by roughly 0.7 

percentage points. The inter-run standard deviation currently reported (Table 5) captures 

training-related variance, but not the sampling uncertainty inherent to a test set of this size. A 

bootstrap confidence interval on the reported metrics would give a more complete picture of their 

statistical reliability. 

Comment 5 — No significance testing between competing models. The gaps between PatchDC 

and the best competitor (PatchTST) are sometimes small relative to the reported standard 

deviations — particularly for recall (93.38±0.95% vs. 92.95±1.24%, a gap of 0.43 points for 

standard deviations of comparable magnitude, Table 5). Without a paired statistical test (e.g., a 

t-test or Wilcoxon test across the 25 runs), this recall advantage could well be training noise rather 

than a genuine improvement, even though the precision gap (3.62 points) looks more robust. 

 

Response to Comments 4 & 5 (Combined): 

Thank you for these important comments. To assess both test-sensor sampling uncertainty 

and training variability, we added a paired sensor bootstrap, paired t-tests on the five seed-level 

probability ensembles, and paired t-tests on the 25 matched seed–fold results between PatchDC 

and PatchTST. Holm correction was applied to the t-tests, and statistical significance was 

evaluated using adjusted p-values and paired 95% bootstrap confidence intervals. 

We also note that the numerical results in the revised manuscript differ from those reported in 

the previous version because several methodological corrections and refinements were 

implemented during revision. First, the dataset was repartitioned to enforce sensor-level isolation 

among the training, validation, and test sets, and the same sensor-isolation constraint was 

maintained within the five cross-validation folds. Second, the normalization procedure was 

revised so that all normalization parameters were estimated exclusively from the corresponding 

training subset and then applied unchanged to the validation and test data, thereby preventing 

information leakage. Third, instead of using the previously fixed 10:1 class-weighting ratio, the 

positive-class weight in the loss function was recalculated separately for each fold according to the 

actual negative-to-positive ratio in that fold's training subset. Finally, the long-term branch of 



PatchDC was refined by removing MVM as an independent input channel; MVM is now used 

only within the Hybrid Feature Processing module for fused-feature construction. Accordingly, all 

conclusions in the revised manuscript are based on the newly generated results under the 

revised and leakage-controlled experimental protocol, rather than on the numerical values 

reported in the previous version. 

The added text of sensitivity analysis is as follows: 

Page 21 (LINE 502) - Page 24: To evaluate whether the performance differences between 

PatchDC and PatchTST were robust to uncertainty in test-sensor composition and model training, 

three complementary analyses were conducted (Table 8). First, a fixed-prediction paired sensor 

bootstrap was used to quantify sampling uncertainty associated with the independent test sensors. 

Second, paired t-tests were applied to the five seed-level final probability ensembles to assess the 

influence of random initialization on the final prediction results reported in Table 7. Third, paired 

t-tests were applied to the 25 matched seed–fold results as a sensitivity analysis of individual 

fold-model variability. Precision, recall, F₂-score, overall accuracy, and AUPR were evaluated 

separately. Holm correction was applied across the five metric-specific t-tests in the seed-level and 

fold-level analyses, and Holm-adjusted p-values below 0.05 were considered statistically 

significant. The bootstrap analysis was evaluated using the paired 95% confidence interval of the 

performance difference; an interval excluding zero indicated a consistent difference under 

resampling of the test sensors. 

First, a fixed-prediction paired sensor bootstrap was used to quantify uncertainty associated 

with the independent test set. Sensors, rather than individual warning samples, were resampled 

with replacement because samples originating from the same sensor were not independent. 

PatchDC and PatchTST were evaluated using the same resampled sensors in each iteration. 

PatchDC increased recall by 6.562 percentage points, F₂-score by 5.357 percentage points, overall 

accuracy by 0.634 percentage points, and AUPR by 1.906 percentage points (Table 8). Because all 

four intervals excluded zero, these improvements were maintained when the composition of the 

test sensors was varied. In contrast, the precision difference was only +0.172 percentage points, 

and its 95% CI included zero, indicating no reliable precision difference under sensor resampling. 

Therefore, the bootstrap analysis further demonstrated that, although PatchDC and PatchTST 

showed comparable performance in distinguishing false alarms, PatchDC was more effective in 

correctly identifying true warnings. 

Second, paired t-tests were conducted using the final probabilities averaged across the five 

folds for each of the five random seeds. This analysis corresponded directly to the prediction 

strategy and results reported in Table 7. Compared with PatchTST, PatchDC increased recall from 

82.81% to 89.38%, an improvement of 6.562 percentage points, with a Holm-adjusted p-value of 

0.0041. It also increased the F₂-score from 84.18% to 89.54%, an improvement of 5.357 

percentage points, with a Holm-adjusted p-value of 0.0025. The Holm-adjusted p-values for both 

metrics were below 0.05, making recall and F₂-score the only metrics with statistically significant 

differences after Holm correction. Overall accuracy and AUPR increased by 0.634 and 1.906 

percentage points, respectively, but neither improvement remained significant after correction 

because both Holm-adjusted p-values exceeded 0.05. Mean precision was also similar between 

PatchDC and PatchTST, at 90.32% and 90.14%, respectively, and the difference was not 

statistically significant after Holm correction. Therefore, the paired t-test results based on the five 

random seeds showed that the significant advantages of PatchDC were primarily reflected in recall 



and F₂-score, indicating that PatchDC was more effective than PatchTST in correctly identifying 

true warning cases. 

Finally, paired t-tests were conducted on the 25 matched fold-level results obtained from five 

random seeds and five folds as a sensitivity analysis of variability among the individual fold 

models. Because all Holm-adjusted p-values exceeded 0.05, none of the fold-level differences was 

statistically significant after correction. Nevertheless, the Holm-adjusted p-value for recall was 

0.0641461, which was below 0.1, while that for the F₂-score was 0.102878, which was close to 0.1. 

These results indicated directional improvements in recall and F₂-score, although they did not 

demonstrate consistent superiority across the individual fold models. Importantly, the fold-level 

analysis was not equivalent to the final ensemble evaluation because the final metrics were 

recalculated after averaging the predicted probabilities across the five folds. The directional 

advantages observed at the fold level may therefore help explain the statistically significant 

improvements in recall and F₂-score achieved by the final five-fold probability ensemble. 

Taken together, the three complementary analyses showed that the most robust advantage of 

PatchDC over PatchTST lay in its ability to identify true warnings. The improvements in recall 

and F₂-score were maintained under sensor resampling and remained statistically significant 

across the seed-level final ensembles after Holm correction, whereas precision was consistently 

comparable between the two models. The evidence for improvements in overall accuracy and 

AUPR was less consistent across the different analyses. Although the fold-level paired t-tests did 

not identify statistically significant differences after Holm correction, recall and F₂-score still 

showed directional improvements. These findings suggest that five-fold probability averaging 

helped reduce the influence of individual fold-model variability and produced a more stable 

advantage for PatchDC in true-warning detection, thereby supporting the robustness of the 

performance gains reported in Table 7. 

 

Table 8 Complementary paired comparisons between PatchDC and PatchTST. 

Metric 
Fixed-prediction paired sensor 

bootstrap 

Five seed-level five-fold 

ensembles: paired t-test 
Twenty-five fold-level pairs: paired t-test 

Precision 
95% CI [−2.450, +2.914] 

Not significant 

Δ=+0.172 pp 

95% CI [−4.433, +4.776] 

raw p=0.922579 

Holm p=0.922579 

Δ=−1.984 pp 

95% CI [−4.590, +0.623] 

raw p=0.129328 

Holm p=0.387983 

Recall 
95% CI [+2.667, +10.845] 

PatchDC significantly higher 

Δ=+6.562 pp 

95% CI [+4.437, +8.688] 

raw p=0.00101666 

Holm p=0.00406665 

Δ=+6.406 pp 

95% CI [+1.489, +11.323] 

raw p=0.0128292 

Holm p=0.0641461 

F₂-score 
95% CI [+1.967, +9.227] 

PatchDC significantly higher 

Δ=+5.357 pp 

95% CI [+3.909, +6.805] 

raw p=0.000506377 

Holm p=0.00253189 

Δ=+4.893 pp 

95% CI [+0.646, +9.140] 

raw p=0.0257194 

Holm p=0.102878 

Accuracy 
95% CI [+0.098, +1.261] 

PatchDC significantly higher 

Δ=+0.634 pp 

95% CI [+0.173, +1.095] 

raw p=0.0187921 

Holm p=0.0563763 

Δ=+0.264 pp 

95% CI [−0.319, +0.846] 

raw p=0.359515 

Holm p=0.461722 



AUPR 
95% CI [+0.236, +4.339] 

PatchDC significantly higher 

Δ=+1.906 pp 

95% CI [+0.469, +3.342] 

raw p=0.0211363 

Holm p=0.0563763 

Δ=+1.872 pp 

95% CI [−1.271, +5.016] 

raw p=0.230861 

Holm p=0.461722 

Note: Δ denotes PatchDC minus PatchTST in percentage points. The seed-level analysis uses 

each seed's final five-fold probability ensemble and is the primary inferential analysis. The sensor 

bootstrap quantifies uncertainty associated with the sampled test sensors. 

 

Comment 6 — Geographic scope and generalisability insufficiently foregrounded. The authors 

acknowledge in the conclusion (Section 7) that the model has only been validated in a 

homogeneous geological and climatic context (Fujian Province, rainfall-triggered events 

exclusively). This is honestly stated, but it only surfaces at the very end of the manuscript; it 

should be flagged as early as the abstract and introduction so readers don't over-generalise, 

especially given that only 52 of the 429 sensors actually provided the true alerts used for training 

— a fairly narrow base of geological sites. 

 

Response: 

Thank you for pointing this out. This point has now been explicitly addressed in both the 

Abstract and the Introduction of the revised manuscript, as follows: 

(1) The Abstract: However, the present validation is limited to the Fujian rainfall-triggered 

monitoring context, and application to other geological or climatic settings requires further 

external validation and local adaptation. 

(2) the Introduction: 

Page 4 (LINE 124): It should be noted that the operational monitoring network comprised 

429 crackmeters, whereas field-confirmed true-warning samples were obtained from 52 sensors. 

Accordingly, the present validation is limited to the rainfall-triggered monitoring context in Fujian 

Province, and the resulting model should not be assumed to generalize directly to other geological, 

climatic, or monitoring settings. 

 

Minor Comments 

Comment 7 — Typographical error. l. 642: "moder ate" should read "moderate". 

Response: 

Thank you for pointing this out. The word error has been corrected. 

 

Comment 8 — Striking figure insufficiently detailed. The 0.03% rate cited in the introduction 

(l. 132-134) is striking but presented without methodological detail on the exact period covered or 

the operational definition of "validated". A supplementary table would strengthen the credibility of 

this figure. 

Response: 

Thank you for your suggestion. Both the table and the text have been added: 

Page 5 (LINE 146): From 2020 to 2024, the Fujian Provincial Geological Hazard Early 

Warning Platform received approximately 2.05 million threshold-triggered device alerts. 

Following expert assessment and field verification, only slightly more than 500 alerts, including 

slightly more than 100 crackmeter alerts, were validated as true warnings, corresponding to an 



overall effective warning rate of less than 0.03% (Table 1). 

 

Table 1. Summary of device alerts received by the Fujian Provincial Geological Hazard Early 

Warning Platform 

Period Total device alerts Validated true warnings Effective warning rate 

2020–2024 Approximately 2.05 million 
More than 500, including slightly 

More than 100 crackmeter alerts 
<0.03% 

 

 

Comment 9 — Missing precision-recall curve. AUPR is presented as an important metric 

(Section 4.3), yet no precision-recall curve is shown in the main text. A figure would usefully 

illustrate the model's stability across decision thresholds, consistent with the Section 6.5 

discussion of lowering the threshold to 0.4. 

Response: 

Thank you for your suggestion. Both the figure and the text have been added: 

Page 34 (LINE 766): The second strategy is to lower the classification threshold from 0.5 to a 

lower value, such as 0.4 (Figure 13). At a threshold of 0.4, the mean recall reaches 92.5%, which 

is 3.12 percentage points higher than the recall of 89.38% obtained at a threshold of 0.5. This will 

increase the recall (reduce missed alarms) but will also increase the number of false alarms, 

shifting the operating point on the PR curve. 

 

 

Figure 13 Precision–Recall Curves Across Five Independent Runs with Mean Operating Points at Selected Decision Thresholds 

 

Comment 10 — Proposed but untested ensemble strategy. The "one-vote positive" strategy 

discussed in Section 6.5 as a future improvement is not empirically evaluated in this article, even 

though the five models required (one per fold) are already available. Adding this evaluation would 

strengthen the practical relevance of the discussion. 

Response: 

Thank you for your suggestion. The text has been added: 



Page 34 (LINE 762): The one-vote-positive mechanism increased sensitivity to true-warning 

samples. Across five random-seed runs, it achieved an accuracy of 91.84 ± 2.13%, precision of 

57.72 ± 6.86 %, recall of 95.31 ± 0.78 %, F2 score of 84.13 ± 3.02 %, and AUPR of 91.22 ± 

0.77 %. Compared with the mean recall of 89.38% obtained by five-fold probability averaging 

mechanism, the “one-vote-positive” mechanism increased recall by 5.93 percentage points, 

substantially reducing missed detections, albeit at the cost of lower precision and more false 

alarms. 

 

Comment 11 — Imprecise wording regarding the weighting ratio. The loss weighting ratio 

(10:1) is described as "strictly aligning with the actual class distribution ratio" (l. 367), whereas 

the actual ratio in the training set is closer to 9.3:1 (1082/116). A more cautious phrasing would be 

preferable. 

Response: Thank you for pointing out this imprecise wording. We agree that describing the 

fixed 10:1 loss-weighting ratio as strictly matching the class distribution was inaccurate, because 

the overall negative-to-positive ratio was approximately 9.3:1 and varied slightly among 

cross-validation folds. In the revised experiments, we removed the fixed 10:1 weighting scheme 

and recalculated the positive-class weight separately for each fold using only the class distribution 

of that fold’s training subset. All models were subsequently retrained using these fold-specific 

weights.  

The corresponding description in the manuscript has been revised accordingly: 

Page 17 (LINE 405): To address class imbalance, the positive-class weight in the loss 

function was calculated separately for each cross-validation fold as the ratio of negative to positive 

samples in that fold’s training subset. 

 

Comment 12 — Sensor-level isolation within cross-validation. The manuscript states that the 

overall train/test split strictly respects sensor-level isolation (l. 208-211), but does not specify 

whether the same constraint applies to the 5 cross-validation folds within the training set. 

Clarifying this would remove any ambiguity regarding the hyperparameter optimisation 

procedure. 

 

 

Response: 

Thank you for highlighting this ambiguity. We have now enforced strict sensor-level isolation 

across the training, validation, and test sets and rerun all models accordingly. 

We have clarified this procedure in the revised manuscript as follows: 

 

Page 17-18 (LINE 417): All samples, including both true and false alerts, originating from 

the same sensor were assigned exclusively to either the training–validation set or the test set. 

Sensors, rather than individual alarm samples or events, were randomly assigned to the two sets, 

thereby preventing sensor-level data leakage. The same sensor-level isolation constraint was 

applied to the five-fold cross-validation procedure within the training–validation set, ensuring that, 

in each fold, no sensor appeared in both the training and validation subsets. Detailed splitting 

results, including counts per set, are provided in Table 5. 

 



Table 5 Division of Training, Validation, and Test Sets 

Dataset 

Alert events 

of True 

warnings 

(sensors) 

Alert events of False 

warnings (sensors) 

Alert events of 

originally 

confirmed true 

warnings 

Training–Validation Set 127 (22) 1,071 (195) 42 

Fold 1 Training Set 101 (16) 857 (156) 35 

Fold 1 Validation Set 26 (6) 214 (39) 7 

Fold 2 Training Set 101 (18) 857 (156) 32 

Fold 2 Validation Set 26 (4) 214 (39) 10 

Fold 3 Training Set 102 (18) 856 (156) 35 

Fold 3 Validation Set 25 (4) 215 (39) 7 

Fold 4 Training Set 102 (18) 857 (155) 34 

Fold 4 Validation Set 25 (4) 214 (40) 8 

Fold 5 Training Set 102 (18) 857 (157) 32 

Fold 5 Validation Set 25 (4) 214 (38) 10 

Testing Set 128 (30) 1,071 (185) 40 

 

 

 

 

 

Recommendation 

  

Minor Revision 

  

This manuscript makes a useful methodological and operational contribution to a concrete 

false-alarm problem in geotechnical monitoring. The proposed architecture is well motivated and 

validated through a solid ablation study, and the failure-case analysis section reflects notable 

scientific rigour. However, the internal validity of some reported results depends on clarifications 

regarding the construction of the positive dataset and the exact scope of the normalisation steps — 

points that should be addressed prior to acceptance. Once these concerns are resolved, the 

manuscript has clear potential to make a valuable contribution to the field. 
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