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Abstract. Real-time flood forecasting is impacted by non-linear rainfall-runoff behavior, redundancy of hydrological
parameters, and noise in a watershed's sensor network. This paper proposes a feature-selection random forest model for
flood risk prediction based on multi-source watershed sensors. The variables for rainfall, upstream water level, discharge,
soil moisture, terrain reaction, and transmission quality should first be arranged as time-window descriptors. Before Random
Forest training, unstable and overlapping variables are removed using a relevance-redundancy-importance approach. The
suggested model is evaluated experimentally against baselines for support vector machines, gradient boosting, traditional
Random Forest, LSTM, and XGBoost under normal operation, missing observations, sensor noise, and delayed transmission.
On the generated watershed dataset, the suggested model obtained 96.1% accuracy, 95.4% macro-F1, and 94.8% flood-
event recall while reducing the feature dimension by 58.7% and maintaining an average inference latency of 7.8 ms.
Therefore, a minimal number of hydrological features are picked to increase the prediction accuracy and interpretability. A
model for a watershed flood warning system that needs rapid risk classification and sensor-level explanations is presented
as an embeddable machine-learning framework.

Keywords: Watershed Sensor Network, Flood Prediction, Random Forest, Hydrological Forecasting, Real-Time Warning

Received on 22 October 2022, Accepted on 14 February 2023, Published on 23 February 2023

Copyright © 2023 Author, licensed to JIIC. This is an open access article distributed under the terms of the CC
BY-NC-SA 4.0, which permits copying, redistributing, remixing, transformation, and building upon the material
in any medium so long as the original work is properly cited.

Introduction

Now that many are aware of the disaster risk, they want to know how to lessen the risk of floods in their lives.
All aspects of a river basin, including rainfall gauges, water-level stations, flow meters, soil-moisture probes,
upstream reservoir data, and low-power communication nodes, may now be monitored thanks to the growth
of the hydrological sensor network. Before a flood peak occurs, the sensors continuously gather data to explain
the interactions between rainfall intensity, antecedent moisture, terrain reaction, and channel storage [1].
Sensor networks may perform a fine-grained temporal resolution short-term warning based on a large number
of stations and offer data streams for real-time flood risk classification [2]. In order to capture non-linear
hydrological interactions and avoid explicitly calculating all of the physical runoff equations, machine learning
has been used in flood forecasting [3]. Data-driven models are ideal for small- and medium-sized watersheds
that urgently need flood response and have a limited lead time [4].

However, because of the data's variability, redundancy, and frequent incompleteness, flood prediction from
watershed sensor networks remains challenging. Soil moisture may reflect accumulated antecedent
circumstances rather than immediate flood risk, rainfall intensity can change abruptly in a matter of minutes,
and the upstream water level responds slowly [5]. Wireless sensor networks also include difficulties such as
packet loss, battery-induced sampling gaps, calibration drift, and anomalous spikes produced by debris,
sediment or momentary communication breakdown [6]. Train the typical machine learning model using only the
retrieved hydrologic parameters, and the performance may drop if many other irrelevant or strongly associated
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variables are introduced. Random Forest is robust to non-linear interactions and mixed-scale features, but if
there are redundant features, the model size will increase, feature interpretability will be lowered, and the
relevance will be spread over variables that describe roughly the same hydrological process [7]. Research on
flash-flood vulnerability and ensemble learning has also revealed that, in reality, feature quality is sometimes
more essential than the selection of a classifier [8].

Random Forest Model for Feature Selection in Watershed Sensor Networks for Flood Prediction. In the
suggested architecture, create time-window hydrological descriptors from several sensor data sources, evaluate
each candidate feature for relevance, redundancy, and embedded tree importance, and then train a tiny
Random Forest classifier to predict flood-risk categories. Maintain a low-latency inference speed for real-time
warnings, decrease the number of redundant sensing variables, increase the recall rate of flood occurrences,
and suppress false alarms. Connect the chosen features to hydrological significance so that the model can
estimate flood risk accurately and provide explanations for warnings, such as which signals related to rainfall,
water level, discharge, and soil moisture are causing the alert.

Related Work

Hydrological Sensor Network Modeling

In the case of a flood, flood monitoring devices may now continuously gather hydrological data. Rainfall stations,
river-stage sensors, ultrasonic water-level gauges and soil-moisture probes can be used to monitor changes in
hydrology before a substantial increase in discharge. Distributed monitoring is ideal for urban drainage areas
with a short runoff concentration time and hilly watersheds, according to research on wireless sensor networks
[9]. The data-collection, transmission and warning modules of an loT flood-prediction system can be deployed
to assist machine-learning models with near real-time data rather than delayed manual records [10]. Although
cloud-based flood prediction systems have improved the effectiveness of centralized analysis and edge sensing,
these systems are still limited by communication delays and local data stability [11].

For this reason, numerous physical phenomena and time dependencies are seen by watershed sensors. Rainfall
variables are event-driven, upstream water level is delayed by channel routing, soil moisture records antecedent
wetness, and discharge sensors may be impacted by hydraulic backwater or debris. Therefore, flood-stage
forecasting research has concentrated on the creation of time windows and lagged feature representations [12].
The issue of local flooding brought on by increased rainfall intensity, changes in land cover, decreased drainage
capacity, and uneven topography can be addressed by combining machine learning and GIS variables, according
to studies on urban flood prediction [13]. Therefore, rather than employing raw measurements directly, an
organized structure of sensor observations should be used to improve flood prediction ability.

Remote Sensing and flood-risk maps also offer supporting data for the impact of topography and space. Based
on remote sensing and topographical data, flood-risk mapping has been carried out using Random Forest and
ensemble learning, which have demonstrated good results in finding nonlinear flood-prone areas [14]. Analysis
of meteorological parameters demonstrates that different Areas will have varied amounts of precipitation,
runoff concentration, slope, etc., and varying drainage densities [15]. Since susceptibility maps are often
geographical and event-independent, classification based on streaming observations is necessary for real-time
dynamic risk prediction for watershed sensors. Therefore, the machine-learning model for sensor networks
should blend event-level temporal descriptors with stable basin properties.

Data Mining Methods for Flood Prediction

Numerous machine learning applications have been used in various regions for runoff modeling, water level
prediction, flood forecasting, and susceptibility evaluation. Compared to Support Vector Machines or Neural
Networks, Random Forest is less susceptible to feature scaling and can describe non-linear hydrological linkages
[16]. Ensemble flood-susceptibility experiments have demonstrated that tree-based techniques often perform
better than single learners by lowering variation and considering diverse conditioning effects [17]. While
XGBoost and boosting-based models can further improve the discrimination performance of some flood-prone
mapping tasks, they may be more susceptible to noisy labels and require careful hyperparameter tweaking [18].
Recurrent Neural Networks and neural forecasting models are good at capturing long-term dependencies in
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deep learning, but their training data and computational needs are very large for small watershed applications
[19].

Studies on water-level forecasting have demonstrated that statistical machine learning may produce high-
accuracy short-term forecasts when rainfall and upstream stage are appropriately connected [20]. Deep time-
series analysis has also improved water-level forecasting for big rivers, although the model complexity is not
always acceptable for low-cost sensor stations [21]. It is typically unclear whether a particular warning signal
was triggered by a flood-prediction model, even though artificial neural networks are capable of learning its
intricate form [22]. Given that the goal of the operational flood warning is to detect a flood scenario reliably, the
recall rate for such events should be reasonably high; otherwise, a lack of warning might lead to catastrophic
loss of life and damage. At the same time, there will be too many false alarms and a loss of trust in the warning
system. Therefore, rather than using a single accuracy score, assessment indicators that take event-level
reliability and class imbalance into consideration must be used.

Studies on rainfall-runoff models have also investigated hybrid models that integrate machine learning with
conceptual hydrology [23]. The above models can increase the accuracy of modeling for delayed runoff response,
but they are highly susceptible to input selections. The antecedent rainfall window, upstream-stage lag, soil-
moisture memory, and discharge trend all have an impact on flood forecast outcomes. If all the possible lagged
variables are included, the dimensionality will be rather big, and the classifier may overfit to local noise. In order
to choose only hydrologically significant and non-redundant variables before to model training, an explicit
feature selection step must be included to data mining for watershed flood prediction.

Random Forest and Feature Importance Analysis

Because Random Forest can manage non-linear interactions, heterogeneous numerical variables, missing-
tolerant preprocessing, and a small training set, it is still appropriate for hydrological prediction. Random Forest
can develop adaptable correlations between meteorological forcing and runoff response, making it appropriate
for the scale of flood discharge modeling [24]. Interpretability of Random Forest is also affected by the stability
of the feature set. The significance of each may be diminished by repetition when correlated rainfall windows,
nearby water-level stations, and other soil-moisture statistics are included. As a result, we are unable to identify
if a warning is brought on by excessive precipitation, an increase in the water level upstream, saturated soil, or
an unusual acceleration of flow.

As a result, feature selection requires both of the criteria. A consistent feature selection strategy can decrease
noise and weak predictors in the data before generating an ensemble of trees [25]. Using complimentary rather
than redundant feature groups can improve classification resilience, as demonstrated by ensemble feature
selection and transformed-subset learning [26]. According to Shapley-value studies of feature selection, a
feature must provide incremental gains over other variables in order to be deemed useful [27]. The above
approaches are applicable for watershed sensor networks since many of the variables share the same
hydrological source but differ in lag, scale and dependability.

Explainable Artificial Intelligence (XAl) offers an all-weather strategy for understanding tree models. According
to XAl research, the explanation of a model should contain domain knowledge and not only be a list of numerical
rankings [28]. Predictor-effect visualization can highlight non-linear thresholds and interactions in black-box
supervised learning [29]. Tree-specific explanation approaches further integrate local decisions with global
feature contributions and are suited for Random Forest models [30]. Because the model now takes into account
growing upstream water levels, greater rainfall accumulation, or saturated soil conditions, this explanation can
assist assess whether the recall of a flood event has improved. In order to create a single flood-warning system,
the current study integrates feature selection, Random Forest classification, and feature-level interpretation.

Feature-Oriented Random Forest Prediction Framework

Temporal Hydrological Feature Encoding

A series of multiple-source sensors in a watershed monitoring network serve as the input for the suggested
model. At each time step, the system maintains rainfall intensity, cumulative rainfall, upstream water level,
downstream water level, anticipated discharge, soil moisture, reservoir release signal, slope-weighted runoff
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index and communication quality. Due to the delay and accumulation of flood response, each sensor stream is
turned into a sliding time-window representation rather than being considered a separate observation. Twelve
sampling intervals make up the window's length, which translates to three hours at 15-minute sampling intervals.

Xe = [1e, he, @ mp, uy, 2] Eq.(1)

Here, r; denotes rainfall descriptors, h; denotes water-level descriptors, g, denotes discharge descriptors, m;
denotes soil-moisture descriptors, u, denotes upstream regulation descriptors, and z, denotes sensor reliability
descriptors. This compact notation groups physically related variables and avoids treating all raw channels as
independent.

Only when there is a tiny gap and when the nearby observations are trustworthy are missing values filled in. To
prevent creating a false hydrological trend through overly forceful replacement, a longer gap is maintained in
the validity mask.

xi(t) = a;(O)x; () + (1 — a;())x(t — 1) Eq.(2)

The reliability coefficient a;(t) is determined by sensor status, packet delay, and local variance. When a sensor
becomes unstable, the model uses the previous reliable observation but retains the low reliability state as an
additional descriptor.
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Figure 1. Temporal hydrological feature encoding for watershed sensor data

Rainfall accumulation is represented at multiple temporal horizons to describe both short burst rainfall and
antecedent wetness. In the constructed dataset, 15 min, 30 min, 1 h, 2 h, and 6 h cumulative rainfall is used as
candidate variables.

k-1
R(®)= ) 1(t-)) Ea.(3)
=0

The classifier can differentiate between slow basin-wide saturation and rapid flash-flood triggers with the aid of
the chosen horizons. In a 6-hour timeframe, the average flood-event sample had gathered a total rainfall of 42.6
mm, whereas the non-flood sample had only 11.8 mm.

Normalized level, first-order rising rate, and acceleration are used to illustrate water-level dynamics. A
reasonably high-rise speed can be used to offer an early warning of a flood wave before it reaches a critical
height.
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h(t) —h(t—1
an( =" Eq.(4)

A positive and persistent g, (t) indicates that the river stage is responding to upstream rainfall or reservoir
release. In the training data, flood events show a mean peak rising rate of 0.37 m/h, compared with 0.08 m/h
under normal conditions. Figure 1 shows the temporal hydrological feature encoding process. It links raw sensor
streams, reliability correction, sliding-window transformation, and candidate descriptor construction into a
single input pipeline.

Joint Relevance-Redundancy Feature Selection

There are 164 hydrological descriptors in the first set of candidate pools. Included are the five levels of rainfall
accumulation, basin static characteristics, soil-moisture memory, upstream-downstream lag, water-level slope
and acceleration, discharge growth rate, and sensor reliability statistics. Increase the tree's complexity by
feeding Random Forest all of the descriptions directly. Thus, prior to classifier training, the suggested selection
procedure will ascertain feature relevance, redundancy, and event-level contribution.

Iy

Rel(f;) = H(y) + ¢ Eq.(5)

The relevance score Rel(f;) is calculated by normalized mutual information between feature f; and flood-risk
label y. This score is insensitive to monotonic nonlinear dependence and can identify variables whose
distribution differs clearly between normal, warning, and flood states.

Red(f,, ) = max|o (£, ;)] Eq.(6)

The redundancy score is the maximum absolute correlation between a candidate feature and the already
selected subset F;. The maximum form is deliberately strict, because rainfall variables from adjacent windows
and water-level variables from neighboring stations often carry almost identical information.

According to the adaptive threshold, a feature is retained if it is highly relevant and not excessively redundant.
As the size of the selected subset rises, the threshold is raised; consequently, numerous duplicate descriptors
cannot be added late. After about 35 candidates were kept, the initial redundancy tolerance of 0.92 decreased
to0 0.68. When the subset is sufficiently informative, this schedule can avoid duplicate expansion by incorporating
the strongly linked variables early on.

mp(f) =T > 4G,

T vEVL(D) Ea.(7)

The term AG,, denotes the Gini reduction produced by feature f; at node v. Features that split flood and non-
flood samples near upper tree levels usually obtain higher importance.

The final utility score combines relevance, embedded importance, and redundancy penalty. It also includes a
reliability term so that unstable sensors are not selected simply because they correlate with a specific historical
event.

U(f) = 0.40Rel(f;) + 0.35Imp(f,) — 0.20Red(f;, E.) + 0.050Q; Eq.(8)

Q; is the average reliability of the sensor group associated with the feature. After selection, the feature
dimension is reduced from 164 to 68, producing a 58.7% compression ratio while retaining the dominant
hydrological information.

The feature subset is finalized by a marginal event-recall criterion. A feature is accepted only if it improves
validation macro-F1 or increases recall of flood samples without raising false alarms sharply.

AEk = Flm(F:? U fk) - Flm(F:c) EQ(g)

When AE), remains below 0.0015 for six consecutive ranked candidates, the selection stops. This strategy avoids
adding weak variables that only increase feature dimension. Class imbalance is handled through event-sensitive
weighting because flood samples account for only 18.4% of the dataset. Warning and flood categories are
therefore assigned higher influence during validation scoring.
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Ensemble Flood-Risk Decision Mechanism

The selected feature vector is used to train a Random Forest classifier. Each tree receives a bootstrap sample
and a random subset of candidate features at each split. This reduces variance and prevents a single dominant
rainfall or water-level variable from controlling all decision paths. The forest contains 260 trees, the maximum
depth is limited to 20, and the minimum leaf size is set to 5.

Gv)=1- Z Do Eq.(10)

G (v) is the Gini impurity at node v. A split is preferred when it reduces impurity while keeping enough samples
in child nodes for stable flood-risk estimation.

S‘U = argl}lﬁrx[c(v) - G(UL) - G(UR)] Eq(ll)
The split rule s, searches the selected feature f; and threshold 7 that maximize impurity reduction. In the final
model, upstream water-level rising rate, 2 h cumulative rainfall, and soil-moisture memory appear most
frequently among upper-level splits.

P(clx)= T‘lz P.(c | x) Equ.(12)
t

The predicted class is the maximum probability category among normal, alert, and flood states. In the test set,
floodstate probability above 0.72 corresponds to 94.8% event recall and 6.3% false-alarm rate. Figure 2
presents the Random Forest decision mechanism with selected hydrological variables.

Gf 1 Selected Feature Subset \ / 2 Random Forest Classifier \ OL Real-time Flood Risk Output J\

Bootstrapped Trees

F Feature | Feature
3 ;
2h Cuv_nulanve 0) vector I Explanation
Rainfall — input signals
— L
Discharge

Upstream Water Acceleration
Level Rise Rate N Gini Impurity Split
< > t[ Low-Latency avg 7.8 ms

A

260 Trees | Max Depth: 20 | Min Leaf: 5

. { ) A
@ e Votmg & Probablllty Estlmatlon Pennu(ation T
)

h 4

Discharge 6h Soil Moisture Feature
Acceleration Memory Importance
Calculation
_—
o —\
¥

Otherrelevant
Inference Category Probabnmes Category with ——

DOWHF{S;:;\’I;ILEVEI features pipeline Normal, Alert, Flood  highest probability = ‘ Contribution to } Suppt?ns Model
\ 2 W\ = predicted class / Macro-F1 Drop Explanation and Trust
9 | Edge Deplgment quporU Color Code ( | Prediction Logic

: . t Feat ] Risk Output
feat(\:fr);.plascé z;(::gliiion Efficient for Edge Deployment @R Input Features e utpu
e [ Model Training Interpretability
, - — 4

Figure 2. Random Forest flood-risk decision mechanism with selected features

To support interpretation, the model calculates a permutation contribution score for each selected feature. This
score measures how much macro-F1 decreases when a feature is randomly permuted within the validation set.

D; = Flp(x) — Fly(m(x)) Eq.(13)

A larger @; indicates that the feature is essential for flood-risk discrimination. The top five features are 2 h
cumulative rainfall, upstream water-level rising rate, discharge acceleration, 6 h soil-moisture memory, and
downstream level residual. A compactness-aware model score is used for hyperparameter selection, and the
selected model achieves a composite score of 0.914, compared with 0.872 for conventional Random Forest
without feature selection.
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A compactness-aware model score is used for hyperparameter selection. It jointly considers macro-F1, flood
recall, selected feature ratio, and inference latency.

Je = 0.50E,, + 0.30R; — 0.10D; — 0.10L; Eq.(14)

Here, F, denotes macro—F1, R, denotes flood event recall, Dy denotes the normalized selected
feature radioland L; denotes normalized inference latency with this criterion the selected model
achieves a composite score of 0.914 , compared with 0.872 for conventional Random Forest without
feature selection.

Experimental Design and Metric Definition

Sensor Dataset and Preprocessing Configuration

The experiment uses a watershed sensor dataset from 34 monitoring sites in a medium-sized river basin. The
records are as follows: rainfall, water level, discharge, soil moisture, reservoir release and sensor-status logs
from 2019 to 2022. All of the samples are sliding windows, and the sampling duration is fifteen minutes. Samples
that overlap but are chronologically ordered are produced because the window length is specified at 12 intervals
and the step is fixed at 2 intervals. A total of 46,280 labelled windows have been collected, of which 28,940 are
normal samples, 8,825 are alert samples and 8,515 are flood samples. Train, validation and test sets are
temporally split at a ratio of 60:20:20 to prevent leaking of adjacent event periods.

Outlier elimination, range verification, reliability-weighted interpolation, and station-wise normalization are
examples of sensor preprocessing. If a spike's local derivative is greater than the 99.5th percentile and there is
no continuous change in the nearby stations, the spike is eliminated. Only the training-set statistics are used to
normalize all variables, and the same parameters are used to transform validation and test samples.

Evaluation Metrics for Flood Prediction

The accuracy of classification and the dependability of operational alerts are the two. Overall accuracy is the
ratio of correctly categorized samples, although it is not ideal because normal samples are more common in the
dataset. Therefore, the following are simultaneously reported: precision, recall, macro-F1, false-alarm rate,
feature reduction ratio, model size and average inference latency. To guarantee that fewer flood alerts are
overlooked during classification errors, flood-event recall is utilized. To ascertain whether only the flood class
has improved or if all categories have performed well, recall is computed for that class and compared with
macro-F1. Additionally, the False-Alarm Rate is comparatively high; otherwise, there would be an excessive
number of alarms, which would cause consumers to lose trust in the system. Determine the reduction ratio of
features by comparing the number of features in the original set with the selected set.

The revised model has a FRR of 58.7% and, on an Intel i7 Edge workstation, has lowered the average inference
time per sample to 7.8ms. The basin-level use of several windows that require ongoing evaluation necessitates
the higher efficiency.

Baseline Methods and Training Protocol

Support Vector Machine, conventional Random Forest, gradient boosting decision trees, XGBoost, and LSTM are
compared to the suggested model. Gradient boosting and XGBoost employ tunable tree depth and learning rate,
while the SVM baseline is a radial basis kernel. Temporal dependencies are modeled using the two recurrent
layers and a hidden size of 64 in the LSTM baseline. Conventional Random Forest uses the same number of trees
as the proposed model but does not select any of the 164 candidate features. All baselines employ the same
chronological split and an identical preprocessing pipeline.

To choose hyperparameters, use the flood-event recall and macro-F1 on the validation set. To evaluate the
robustness, three disturbance situations were added: transmission delays of one to four sampling intervals,
Gaussian noise intensities of 2% to 10%, and missing sensor ratios ranging from 5% to 30%. Using various random
seeds, five disturbance settings have been repeated. As a result, the evaluation design will additionally evaluate
the clean-sample's operational performance under faulty watershed sensor networks.
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Comparative Results and Hydrological Interpretation

Prediction Accuracy and Error Distribution

The predictions of the models—SVM, gradient boosting, Random Forest, XGBoost, and LSTM—are displayed in
Figure 3 along with a comparison with the suggested model. The macro-F1 and overall accuracy of the suggested
approach are 95.4% and 96.1%, respectively, as shown in Figure 3(a). Tree ensembles are more advantageous
than just adding more features, as Random Forest has attained an accuracy of 93.2% and a macro-F1 score of
91.8%. Flood-event recall is shown in Figure 3(b). The proposed model has a recall of 94.8%, and the others are
86.1% for SVM, 90.4% for gradient boosting, and 91.6% for LSTM. First, compared to the downstream region, a
greater rate of water level rise and antecedent rainfall conditions are retained earlier [31]. The distribution of
errors in the normal, alert, and flood states is displayed in Figure 3(c). Most of the residual mistakes occur in the
area between the alert and flood categories, and the hydrological change is not sudden. The false-alarm rate is
6.3%, which is lower than the 9.8% of classic Random Forest since duplicate rainfall windows do not enhance
the weight of recurrent warning evidence.

(a) Accuracy Comparison (b) Macro-F1 and Flood-event Recall
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Figure 3. Prediction accuracy and error behavior. (a) Accuracy comparison. (b) Macro-F1 and flood-event recall comparison. (c) Error
distribution among risk categories.
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An improved model capacity is not always the cause of the higher accuracy. XGBoost obtains a high accuracy of
94.7% but has a comparatively high false-alarm rate of 8.5% because it fits weak warning signals in high-
dimensional features too aggressively. LSTM can be utilized for time-series data, although it is more sensitive to
missing water-level readings; consequently, with a missing rate of 20%, its macro-F1 reduces by 3.9 percentage
points. The proposed model saves the most event-sensitive variables during training, and hence the tree
ensemble receives cleaner hydrological evidence. Therefore, its increase in flood recall is considerably bigger
than that in normal-state accuracy. Because the model has decreased the category with a high cost of
misclassification, it is also advantageous operationally.

(a) Feature Importance Distribution (b) Redundancy: Correlation Distribution
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Figure 4. Hydrological feature importance visualization. (a) Selected feature ranking. (b) Redundancy reduction effect. (c) Sensor-type
contribution comparison.

Feature Contribution and Event-Level Interpretation

The significance of hydrological features following selection is shown in Figure 4. The top two variables are
cumulative rainfall (13.7%) and the rate of increase in upstream water level (12.9%), which are followed by
discharge acceleration (10.8%), 6-hour soil-moisture memory (9.6%), and downstream level residual (8.4%), as
shown in Figure 4(a). The chosen subset is hydrologically significant rather than merely statistical because the
variables include rainfall forcing, channel response, antecedent saturation, and local anomaly signals [32]. The
decrease in redundancy is shown in Figure 4(b). The mean of the pairwise correlations for the retained rainfall
descriptors is 0.81 and 0.46, respectively; the mean correlation among level-related descriptors is 0.78 and 0.43.
The sensor-type contribution is shown in Figure 4(c). Water-level and discharge factors verify a flood stage,
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whereas rainfall variables serve as the first warning. In order to improve the recall of a delayed basin reaction
during an extended wet period, soil-moisture memory is required.

The confusion of flood-risk statuses is depicted in Figure 5. The majority of false alerts happen when cumulative
rainfall surpasses 28 mm but the upstream water-level response is modest, as seen in Figure 5(a), which
compares the normal and alert data. Figure 5(b) shows the comparison of alert and flood samples, and it is
discovered that missed flood cases often have moderate rainfall but a rapid rise in the upstream area;
consequently, channel routing features are necessary for a short-lead-time warning [33]. Figure 5(c) depicts the
event-level confusion at varied rainfall intensities. In the event of severe rainfall over 50 mm in six hours, the
proposed model has a flood recall rate of 96.7%; Random Forest is only at 92.1%. Under light-to-moderate
rainfall, the model still obtains a recall of 92.8% thanks to the soil-moisture memory and discharge acceleration
mechanisms for rainfall uncertainty.
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Figure 5. Flood-event classification confusion analysis. (a) Normal-alert confusion. (b) Alert-flood confusion. (c) Event-level confusion under
rainfall intensity.

The selected feature set will perform better, according to the analysis above. The model will use several highly
correlated rainfall windows in the absence of feature selection, increasing the likelihood that an alarm may be
issued for a brief, non-hydrologically effective rainfall burst. Redundancy suppression has been carried out, and
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now the model uses more complementary evidence: rainfall initiation, upstream-stage response, discharge
acceleration, and soil saturation. Together, they reduce false alarms for isolated rainfall and enhance the
detection rate of flood response owing to upstream accumulation rather than local rainfall [34].

Robustness and Deployment Analysis

Figure 6 illustrates the robustness under sensor disturbance. Figure 6(a) exhibits sensor dropout at 5% and 30%.
At 20% missing observations, the suggested model retains a 93.6% macro-F1 score; otherwise, Random Forest
is at 89.7% and LSTM is at 87.9%. The reason for this is that the chosen characteristics don't rely on a lot of weak
informative sensors and have reliability indicators. The Gaussian noise is shown in Figure 6(b). The macro-F1 of
the suggested model is 2.8 percentage points lower than that of XGBoost (5.1 percentage points) at a noise
intensity of 10%. The transmission delay is shown in Figure 6(c). When the data are delayed by three periods,
the flood recall is still 91.5% because antecedent rainfall and an upstream-stage trend have supplied predictive
evidence for the downstream peak arrival [35].
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Figure 6. Model robustness under sensor disturbance. (a) Sensor dropout. (b) Noise interference. (c) Data transmission delay.

The deployment-oriented efficiency is shown in Figure 7. The suggested model's inference time is 7.8 ms per
sample, compared to 13.6 ms for the traditional Random Forest and 21.4 ms for the LSTM, as shown in Figure
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7(a). Feature dimension reduction is shown in Figure 7(b), and 68 of the 164 candidate descriptors were retained
by the model. The selected-feature model uses 8.9MB of RAM, which is less than the whole Random Forest's
15.2MB, as seen in Figure 7(c). The benefits are appropriate for edge stations with limited processing power that
must process several upstream windows and provide warnings [36].
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Figure 7. Deployment-oriented efficiency comparison. (a) Inference time. (b) Feature dimension reduction. (c) Memory usage.

The ablation findings demonstrate the necessity of every component. The macro-F1 value is 95.4% without
lowering redundancy suppression, which raises the false-alarm rate to 8.1%. The flood recall with missing data
decreases from 94.8% to 92.2% when the reliability weight is removed. While 76 features are retained when
using simply mutual information, the entire relevance-redundancy-importance technique performs better.
According to the findings, the model is not enhanced by merely decreasing dimensions; rather, the variables
that are kept are stable, complimentary, and connected to the physical process of flood creation [37]. Analysis
of reasons can also be applied in operational inspection to establish if the source of the alarm is excess rainfall
collection, a quick increase in upstream water level, or soil saturation. The above transparent evidence fits the
present requirement for explainable tree models in risk-sensitive prediction [38]. Predictor-effect inspection
shows a non-linear threshold of roughly 31 mm for 2-h cumulative rainfall and 0.29 m/h for upstream rise rate;
consequently, it can discern between warning and flood states more effectively than a linear baseline [39]. Tree-
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based local explanations also reveal that a high flood probability is not driven by a single element, but rather by
the combination of rainfall burst, rising upstream stage and saturated antecedent circumstances [40].

Conclusion

In this paper, a Random Forest feature selection model based on watershed sensor networks was developed for
flood prediction. The way multi-source rainfall, water level, outflow, soil moisture, upstream regulation and
sensor reliability observations are translated into temporal hydrological descriptors, and then how compact
variables are picked by relevance, redundancy, embedded importance and event recall criteria. Based on the
preceding results, a relatively modest feature set can be selected to reduce the dependence on many sensors
while keeping the non-linear discriminatory power of Random Forest.

In both clear and cluttered sensing settings, the model is capable of accurately classifying floods at the risk level.
Compared to the baseline Random Forest and other baselines, it has improved the macro-F1 score, flood-event
recall, false-alarm control, and inference speed. Together, the chosen characteristics—cumulative rainfall,
upstream rise rate, discharge acceleration, soil-moisture memory, and downstream residual—can explain how
short-term flood risk is formed. They are also hydrologically interpretable. It can assist in reaching the objective
of high predictability and interpretability for the practical advantages of watershed warning systems.

In the future, one of the extensions to this framework will be to integrate online feature updates, radar rainfall
prediction, remote-sensing precipitation products, and physically limited rainfall-runoff knowledge. In the event
of real communication failures, sensor deterioration, and significant network congestion, the model can be
utilized at the edge to test for a long time. Automatic alarms can be directly linked to basin management and
evacuation action by combining Random Forest explanations with decision-level emergency rules.
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