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Abstract

Accurate rainfall monitoring is vital for hydrology and environmental sensing. This study
presents a physics-aware deep learning framework using E-band (71–86 GHz) commercial
microwave links (CMLs). Using the extensive urban CML dataset and methodology, a
bi-directional Long Short-Term Memory (Bi-LSTM) model is developed to classify wet
and dry periods under a temporal generalization framework across heterogeneous link
configurations. The approach integrates physical signal decomposition, including baseline
estimation, gaseous attenuation correction, and wet antenna attenuation (WAA) model-
ing, with sequence-based learning. Results demonstrate that the temporal deep learning
model outperforms classical threshold-based and physical k–R approaches when eval-
uated over independent temporal validation blocks, effectively reducing sensitivity to
path-length-related variability on heterogeneous paths. The model maintains stable per-
formance (loss < 3%) under moderate signal-level noise. SHapley Additive exPlanations
(SHAP) confirm the model relies on physical features, such as signal volatility and tem-
poral trends, to reliably differentiate rainfall from WAA. This framework highlights the
potential of E-band infrastructure as a distributed sensing network for integrated sensing
and communication (ISAC) architectures.

Keywords: commercial microwave links; E-band; rainfall detection; deep learning;
Bi-LSTM; microwave photonics; integrated sensing and communication (ISAC)

1. Introduction
The accurate monitoring of precipitation is a cornerstone of modern hydrological

modeling, urban water management, and climate change mitigation strategies [1]. Tradi-
tionally, rainfall measurement has relied upon two primary instruments: rain gauges and
weather radars. While rain gauges provide high-fidelity point measurements of rainfall
intensity, their spatial representativeness is inherently limited, especially in complex urban
environments or remote regions where maintenance and installation are cost-prohibitive [2].
Conversely, weather radars offer expansive spatial coverage but suffer from significant
uncertainties related to beam blocking, signal attenuation in heavy rain, and complex
empirical relationships required to convert reflectivity into ground-level rain rates [3]. Be-
yond these traditional methods, recent advancements in digital technologies and machine
learning have significantly enhanced our capability to monitor various environmental
hazards, ranging from floods to atmospheric pollution [4].

In recent years, the concept of “opportunistic sensing” has emerged as a disruptive
alternative to traditional meteorological monitoring [1]. This paradigm involves the re-
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purposing of existing infrastructure, most notably commercial microwave links (CMLs),
to serve as environmental sensors [2]. CML networks, which provide the backhaul con-
nectivity for mobile base stations, operate at frequencies where raindrops significantly
attenuate electromagnetic signals through scattering and absorption [5]. By analyzing
the received signal level (RSL) fluctuations, researchers can derive path-averaged rainfall
estimates with a temporal and spatial resolution that often exceeds that of traditional
networks [1].

The evolution of wireless telecommunications toward 5G and 6G has seen a rapid in-
crease in the deployment of millimeter-wave (mmWave) links, particularly those operating
in the E-band (71–76 GHz and 81–86 GHz) [5]. These high-frequency links are of signifi-
cant interest to the microwave photonics community, where hybrid electronic–photonic
transceivers and Radio-over-Fiber (RoF) architectures are increasingly employed to han-
dle the extreme bandwidth and frequency requirements of modern data transmission.
Within the framework of Integrated Sensing and Communication (ISAC), E-band links
represent a transition from “pure” communication channels to high-precision situational
awareness systems capable of monitoring atmospheric constituents [6].

E-band links offer a unique advantage over traditional CMLs operating in the
15–40 GHz range: they are markedly more sensitive to light rainfall, a regime that was
previously indistinguishable from baseline noise [5]. This sensitivity stems from wave-
lengths at E-band (approximately 3.5 to 4 mm), which are comparable to the size of typical
raindrops, leading to enhanced extinction efficiency [5]. However, this increased sensitiv-
ity comes at the cost of higher susceptibility to various error sources, including gaseous
attenuation (primarily due to water vapor), baseline drift, and wet antenna attenuation
(WAA) [5]. WAA, caused by water films or droplets accumulating on antenna radomes,
remains the most pervasive challenge, often producing attenuation levels that mimic or
exceed the rain-induced signal loss [7].

The standard approach to rainfall retrieval from CML data typically involves either
static thresholding or the application of the physical power-law relationship, known as the
k–R relationship [1]. While these methods are grounded in the physics of electromagnetic
propagation, they often fail to capture complex temporal dynamics of the signal and are
prone to significant bias under low signal-to-noise ratio (SNR) conditions, such as during
light rain or on very short links [5]. Recently, deep learning models, particularly Recurrent
Neural Networks (RNNs) such as the Long Short-Term Memory (LSTM), have shown
strong potential in capturing these temporal dependencies [2]. However, many deep
learning applications in this domain remain “black boxes”, raising concerns about their
generalizability across different links and their alignment with the underlying physical
processes of microwave propagation [8].

This work proposes a physics-aware deep learning framework for microwave sens-
ing using E-band commercial links, with a specific focus on interpretable rainfall
detection. Building upon the foundational dataset and methodology introduced by
Fencl et al. (2020) [5], this study integrates physically motivated signal decomposition
with an advanced bi-directional LSTM (Bi-LSTM) architecture. By explicitly modeling
the drying dynamics of antenna radomes and utilizing explainable AI (XAI) techniques
such as SHapley Additive exPlanations (SHAP), we demonstrate how a combination of
physical insight and data-driven learning can produce a robust and interpretable sensing
system. The study focuses on temporal generalization across heterogeneous link conditions,
evaluating the model over independent temporal validation blocks, which is a critical
requirement for the real-world deployment of ISAC-enabled weather sensing in smart
cities [9].
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2. Related Works
The field of opportunistic rainfall sensing using commercial microwave links has

matured significantly since its inception around 2005. To provide context for the current
study, this section reviews the foundations of CML monitoring, the shift toward E-band
frequencies, the physics of wet antenna attenuation, the evolution of machine learning in
this domain, and the emerging convergence with microwave photonics and ISAC.

2.1. Foundations of CML-Based Rainfall Monitoring

The pioneering research conducted by Messer et al. (2006) [10] and Leijnse et al.
(2008) [11] established the feasibility of using CML RSL data to estimate path-averaged rain-
fall. Their work relied on the fact that at microwave frequencies, the specific attenuation k
(dB/km) is related to rainfall intensity R (mm/h) via a power-law relationship: k = aRb [1].
This relationship is largely insensitive to the variability of the drop size distribution (DSD)
at frequencies around 30 GHz, making CMLs robust sensors for moderate and heavy
precipitation [5].

Since these initial studies, the technology has been validated at continental scales.
Overeem et al. (2013 [12], 2016 [13]) demonstrated country-wide rainfall monitoring in
The Netherlands, while Graf et al. (2020) [14] performed similar large-scale evaluations in
Germany. These implementations have shown that CML-derived rainfall maps effectively
capture the spatio-temporal dynamics of urban rainfall, providing valuable input for
hydrological models and flood early warning systems [1].

2.2. The Emergence of E-Band Millimeter-Wave Sensing

The transition from 4G to 5G and 6G has led to a dramatic increase in the use of the
E-band spectrum (71–86 GHz) for cellular backhaul [5]. The primary motivation for this
shift is the massive bandwidth available at these frequencies, enabling data rates in excess
of 10 Gbps [15]. However, propagation characteristics at E-band differ significantly from
those at lower frequencies.

Fencl et al. (2020) [5] provided the first comprehensive evaluation of E-band CMLs
for atmospheric observations, showing that these links are an order of magnitude more
sensitive to light rainfall than traditional 15–40 GHz links. While this sensitivity enables
detection of light drizzle and mist, it also makes retrieval significantly more susceptible
to errors in DSD modeling and gaseous attenuation [5]. Al-Samman et al. (2020) [16]
conducted field experiments in Nanjing, China, demonstrating a high correlation between
E-band attenuation and laser disdrometer data, while highlighting the challenge of dy-
namic baseline estimation. The directional beams and short-range nature of E-band links
make them well suited for high-resolution urban sensing, but they require sophisticated
processing to account for atmospheric water vapor and oxygen absorption peaks [15].

2.3. Physics and Mitigation of Wet Antenna Attenuation

Wet antenna attenuation remains the most significant error source in the CML rainfall
retrieval chain [7]. WAA occurs when water in the form of droplets or a thin film accu-
mulates on the antenna radome, leading to absorption and scattering of the microwave
signal [7]. Studies have shown that WAA can reach values of 2–4 dB, and in some cases
up to 9 dB during extreme events, which is often comparable to the entire path-integrated
attenuation of short links [17].

Several models have been proposed to mitigate WAA, ranging from simple constant
offsets to complex time-dependent and intensity-dependent approaches [18]. The Schleiss–
Rieckerman–Berne (SRB) model and the Valtr–Fencl–Bareš (VFB) model are widely used,
with the latter predicting that WAA increases with rainfall intensity [19]. Recent research
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by Doshi et al. (2026) [7] suggests that WAA is weakly dependent on link frequency
but strongly dependent on the physical condition of the antenna radome. Furthermore,
the persistence of WAA after rainfall, known as the “drying phase”, leads to significant
false positives if not properly addressed.

2.4. Machine Learning and Sequence Modeling for CMLs

The non-linear and time-dependent nature of CML attenuation signals makes them
well suited for machine learning approaches. Early applications relied on feature engi-
neering and classification algorithms such as Random Forests or Support Vector Machines
for wet/dry classification [2]. However, the sequential nature of the data has driven a
transition toward Recurrent Neural Networks.

Pudashine et al. (2020) [20] demonstrated that a two-layer LSTM network can signif-
icantly reduce bias and error in rainfall retrieval compared to classical physical models.
Jacoby et al. (2021) [21] utilized LSTMs for time-series prediction to isolate rain-induced
attenuation from hardware drift. More recently, Gated Recurrent Units (GRUs) and convo-
lutional architectures have been explored for real-time rainfall detection and estimation,
often achieving substantial reductions in Root Mean Squared Error (RMSE) compared
to the k–R power law [22]. Polz et al. (2020) [23] further demonstrated that CNNs can
learn to identify rain events directly from raw attenuation patterns, bypassing manual
baseline estimation.

2.5. Interpretability and Explainable AI in Meteorology

As machine learning models are increasingly deployed in critical infrastructure and
weather services, the need for transparency and interpretability has become essential.
Explainable AI techniques such as SHAP and LIME have been introduced to quantify the
contribution of individual features to model predictions [8].

In meteorological applications, SHAP has been used to analyze drivers of soil moisture
and to identify triggers of landslides [24]. For CML-based sensing, interpretability is
critical to ensure that models learn physically meaningful relationships, such as the link
between signal volatility and raindrop scattering, rather than overfitting to hardware-
specific artifacts or diurnal patterns [25]. By applying SHAP, it is possible to verify that
the most influential features remain consistent with the underlying physics of microwave
propagation [8].

2.6. Convergence with Microwave Photonics and ISAC

The development of E-band sensing is closely linked with advances in microwave
photonics. Microwave photonic systems use optical components to generate, transport,
and process high-frequency microwave signals, offering ultra-wide bandwidth, low trans-
mission loss, and immunity to electromagnetic interference. These technologies form the
foundation of next-generation 6G systems, where communication and sensing are fully
integrated (ISAC) [6].

ISAC-enabled base stations can simultaneously serve communication users and per-
form environmental sensing by analyzing attenuation and backscatter from the atmo-
sphere [6]. Recent proof-of-concept studies have shown that 6G transceivers can classify
precipitation rates and wind speeds using convolutional neural networks, achieving accura-
cies of up to 99% [26]. This study contributes to this emerging field by demonstrating how
E-band communication infrastructure, viewed through the lens of microwave photonics,
can be repurposed for reliable and interpretable atmospheric sensing [9].
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3. Materials and Methods
3.1. Study Area and Dataset Description

This study utilizes a high-resolution dataset of E-band commercial microwave link
measurements collected in Prague, Czech Republic [5]. The dataset, originally introduced
by Fencl et al. (2020) [5] and hosted on Zenodo [27], provides a unique opportunity to study
the interactions between millimeter-wave signals and urban atmospheric phenomena [5].

The dataset includes six physical links (represented as twelve sublinks in Table 1 due
to bi-directional transmission) spanning a wide range of path lengths from 0.39 km to
4.87 km [5]. This diversity enables evaluation under heterogeneous propagation conditions,
including both long high-SNR links and short low-SNR links, which is critical for assessing
model robustness. The hardware consists of standard commercial E-band transceivers
operated by T-Mobile Czech Republic. Ground truth is provided by a network of rain
gauges and a laser disdrometer located within the link footprint, along with sensors for
temperature and relative humidity [5]. Total path loss data was recorded with a power
resolution of approximately 0.1–1 dB, depending on the specific link configuration [2].

Table 1. Characteristics of the E-band Commercial Microwave Links Used in the Study.

Link ID Frequency (GHz) Path Length (km) Polarization Sampling Resolution

1a 73.375 4.87 Vertical 1 min/5 min
1b 83.375 4.87 Vertical 1 min/5 min

2a 73.375 1.41 Vertical 1 min/5 min
2b 83.375 1.41 Vertical 1 min/5 min

3a 73.875 0.91 Vertical 1 min/5 min
3b 83.875 0.91 Vertical 1 min/5 min

4a 73.875 0.82 Vertical 1 min/5 min
4b 83.875 0.82 Vertical 1 min/5 min

5a 73.875 0.57 Vertical 1 min/5 min
5b 83.875 0.57 Vertical 1 min/5 min

6a 73.875 0.39 Vertical 1 min/5 min
6b 83.875 0.39 Vertical 1 min/5 min

3.2. Signal Decomposition and Physical Modeling

To illustrate the end-to-end processing pipeline, from raw signal inputs through
physics-aware decomposition and feature engineering to the deep learning model and
explainability outputs, Figure 1 outlines the general framework of the methodology.

To isolate the rain-induced signal from parasitic components, we adopt the decompo-
sition framework described in the introduction. Within this framework, the communication
signal is interpreted as an environmental observable, enabling its use as part of a distributed
microwave sensing system. The total loss Lt is expressed as (Equation (1)):

Lt = B + Agas + Arain + AWAA + ε (1)

The baseline B is calculated using a one-week centered moving median filter, providing
a stable reference that accounts for long-term hardware drift and antenna misalignment [5].
Gaseous attenuation Agas is incorporated using the Liebe MP model (1993), accounting for
local atmospheric pressure, temperature, and humidity [5].

In practice, the rain-induced attenuation used in the machine learning pipeline (atten-
uation_rain) is computed as (Equation (2)):

Arain = max(0, Lt − B − Agas − AWAA) (2)

and subsequently clipped to non-negative values to ensure physical interpretability.
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Figure 1. System architecture and processing pipeline for rainfall detection using E-band CML data.

The most critical step in the physical modeling phase is the initial estimation of the
wet antenna attenuation AWAA [7]. Based on the methodology proposed by Fencl et al.
(2020) [5], the median attenuation during dry periods immediately following rainfall is
used to estimate a constant WAA offset for each link. This serves as a baseline for the
subsequent data-driven classification of WAA states.

3.3. Advanced WAA Detection and Signal Dynamics

Traditional WAA correction often fails because it does not account for the temporal
evolution of the drying radome [7]. In this work, we employ an “Advanced WAA Detection”
strategy based on physically interpretable signal dynamics. We define the “drying phase”
as the period where the antenna radome is wet but active rainfall has ceased.

A time step is classified as WAA if it meets the following physical criteria:

1. Ground truth rainfall intensity is zero.
2. Rainfall was detected in the previous 1–3 min.
3. The signal shows a monotonically decreasing trend (drying).
4. The rolling standard deviation of the signal is below a specific threshold (smooth

dynamics) [7].
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It should be emphasized that ground-truth rainfall information is used exclusively
during preprocessing for labeling and analysis purposes. The trained model does not
rely on ground-truth inputs during inference and operates solely on signal-derived fea-
tures. This approach allows the model to distinguish between stochastic, high-volatility
attenuation caused by raindrops and the smooth, deterministic relaxation of the drying
radome surface.

3.4. Feature Engineering for Temporal Sensing

To enable the deep learning model to act as a physical signal interpreter, we construct
a feature vector that encodes both the instantaneous state and the temporal context of the
link. This approach follows established methodologies in dynamic feature engineering
aimed at mitigating signal instabilities and concept drift in industrial sensor data [28].

These features are calculated on a sliding window basis, providing the Bi-LSTM model
with a temporal “image” of the signal’s behavior over the preceding 30 min.

3.5. Bi-LSTM Model Architecture and Training

The core of the sensing framework is a bi-directional LSTM network [22]. Unlike
standard LSTMs, the Bi-LSTM processes the sequence in both forward and backward
directions, allowing the model to utilize information from both the “past” and the “future”
context for any given time step.

The architecture consists of:

1. Input Layer: 30 min sequence of the features defined in Table 2.
2. Embedding Layer: A learned embedding representation associated with each link

identifier is used to capture global hardware-related characteristics. Although embed-
dings are defined for all links, no temporal samples from validation links are used
during training. As a result, embeddings associated with unseen links act as weak
priors and do not introduce information leakage.

3. LSTM Layers: Two bidirectional layers with 128 hidden units each, enabling modeling
of long-term dependencies and temporal patterns [20].

4. Dense Layers: A fully connected head with dropout (0.4) to prevent overfitting.
5. Output Layer: Sigmoid activation providing the probability of rainfall.

Table 2. Physics-Aware Features Used for Rainfall Detection.

Feature Name Description Physical Motivation

attenuation_rain Estimated rain-induced attenuation Direct measure of path-integrated liq-
uid water [5]

loss_diff 1st-order temporal difference Captures rapid onset and cessation of
rain [22]

loss_rolling_std Rolling standard deviation (15 min) Quantifies signal volatility associated
with scattering (this study)

loss_trend Rolling mean trend (15 min) Distinguishes between drying (WAA)
and rain intensity shifts (this study)

increase_streak Persistence of signal increase Identifies cumulative growth of rain
events (this study)

diff_pos/diff_neg Positive/negative temporal dynamics Separates wetting and drying rates
(this study)

range_15 Max–min amplitude range Captures peak intensity fluctua-
tions [2]

hour Time-of-day information Accounts for diurnal baseline and hu-
midity variations (this study)

https://doi.org/10.3390/photonics13060595

https://doi.org/10.3390/photonics13060595


Photonics 2026, 13, 595 8 of 20

Training was performed using binary cross-entropy loss and the Adam optimizer. The
classification threshold was determined by maximizing the F1-score on the validation set via
grid search. To address class imbalance, a positive class weight (pos_weight = 12.0) was ap-
plied within the BCEWithLogitsLoss function. To improve robustness, Gaussian noise aug-
mentation (NOISE_LEVEL = 0.15) was injected into the input sequences during training.

3.6. Cross-Link Evaluation and Generalization

A critical requirement for practical deployment is the ability of a model to generalize
to previously unseen conditions without re-training [29]. To ensure rigorous generalization,
avoid bias associated with link-specific deployment conditions, and address transferability,
we implemented a time-block shuffling validation strategy.

The complete dataset encompassing all 12 links (1a–6b) was sorted chronologically
and partitioned into 10 distinct continuous temporal blocks. From these, 7 blocks were
assigned for training, while the remaining 3 blocks served as an independent validation
set. This approach guarantees temporal independence while ensuring that both sub-
sets reflect the full heterogeneity of link lengths (0.39–4.87 km), signal-to-noise ratios,
and meteorological conditions.

This experimental design prevents information leakage and enables a rigorous as-
sessment of general transferability across heterogeneous network configurations rather
than merely extrapolating to shorter/lower-SNR links. While this approach does not ex-
plicitly isolate strict cross-link transfer, it enables evaluation across heterogeneous link
configurations and SNR regimes in a statistically consistent manner.

3.7. Baseline Methods and Benchmarking

Four baseline methods provide a point of comparison:

1. Static Threshold: Rainfall is detected if Arain > 2 dB.
2. k–R Model: The physical inversion using ITU-R P.838 parameters (A = 0.89 · R1.12 for

73 GHz sublinks and A = 1.15 · R1.06 for 83 GHz sublinks) [2].
3. Logistic Regression: A linear classifier using the same feature set.
4. Unidirectional LSTM (Uni-LSTM): A temporal baseline used to isolate the contribution

of bidirectional processing.

3.8. Interpretability Analysis with SHAP

To understand the internal logic of the Bi-LSTM model, we apply SHapley Addi-
tive exPlanations [8]. The utility of SHAP in validating the architectural superiority and
transparency of 1D deep learning models for signal-based diagnostics has been previously
demonstrated in complex engineering tasks [30]. SHAP decomposes each prediction into
contributions of individual features based on game-theoretic principles [31]. Global fea-
ture importance analysis is used to identify dominant predictors, while local dependence
analysis provides insight into model response to specific signal dynamics.

3.9. Reproducibility

To ensure full transparency and reproducibility, the complete analytical pipeline,
covering preprocessing, feature engineering, model training, and explainability, is provided
in the Supplementary Materials (Listings S1–S6).

The source data are publicly available via the Zenodo repository, as stated in the Data
Availability section. The hardware configuration (NVIDIA Quadro RTX 6000 GPU, see
Appendix A) and computational environment (Python 3.12.3, PyTorch 2.12.0; Appendix B,
Table A1) are fully documented.
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All experiments were conducted with fixed random seeds and deterministic GPU settings
(cuDNN) to minimize stochastic variability. As a result, the reported metrics are reproducible,
with only minor numerical variation expected due to low-level system differences.

4. Results
4.1. Performance Comparison Across Validation Sets

The quantitative performance of the Bi-LSTM model compared to baseline methods
is summarized in Table 3 for all evaluated links (1a–6b). The evaluation focuses on the
F1-score, which provides a balanced measure of precision and recall. The physics-aware
feature set used in the analysis is described in Table 2.

Table 3. Comparative Performance Metrics Across All Links.

Link ID Length
(km) F1 Static F1 k–R F1 Logistic

Regression
F1

Uni-LSTM F1 Bi-LSTM Precision Recall

1a 4.87 0.5532 0.6972 0.2713 0.6486 0.7744 0.6800 0.8991
1b 4.87 0.3826 0.6890 0.2188 0.5919 0.7700 0.6748 0.8965
2a 1.41 0.4921 0.5648 0.3796 0.7251 0.8081 0.7358 0.8961
2b 1.41 0.4877 0.5531 0.4692 0.7180 0.8101 0.7376 0.8982
3a 0.91 0.3050 0.3905 0.2535 0.5142 0.7112 0.6283 0.8192
3b 0.91 0.3021 0.3296 0.2804 0.4970 0.7196 0.6717 0.7750
4a 0.82 0.5059 0.5151 0.4492 0.5789 0.6901 0.5879 0.8353
4b 0.82 0.4835 0.5211 0.4380 0.6454 0.7256 0.6360 0.8446
5a 0.57 0.4890 0.5018 0.4591 0.7305 0.7422 0.6326 0.8978
5b 0.57 0.4943 0.5103 0.5103 0.7089 0.7562 0.6485 0.9069
6a 0.39 0.1857 0.2001 0.2529 0.7295 0.7555 0.6513 0.8993
6b 0.39 0.1793 0.1997 0.2186 0.7220 0.7520 0.6525 0.8873

As shown in Table 3, the Bi-LSTM model consistently outperforms both the static
threshold and the physical k–R models, achieving F1-scores above 0.74 even in challenging
short-link regimes. The improvement is particularly pronounced in recall (exceeding 0.88),
indicating an enhanced ability to detect low-intensity rainfall events that are often missed
by traditional methods.

Importantly, the Uni-LSTM baseline, while substantially improving over non-
sequential methods, consistently achieves lower F1-scores compared to the Bi-LSTM model.
This confirms that bidirectional temporal context provides a measurable advantage in dis-
tinguishing rainfall from wet antenna attenuation, particularly under low signal-to-noise
ratio conditions.

This behavior highlights the capability of sequence-based deep learning to extract
meaningful temporal patterns. While classical methods struggle on shorter paths (such
as 6a and 6b) due to limited path-integrated attenuation, where rain signals mix with
instrumental noise and WAA [5,18], the Bi-LSTM model leverages temporal context over
sliding windows and link-specific embedding layers to reliably differentiate rain from dry
periods across heterogeneous link configurations.

It should be emphasized that the analysis encompasses independent temporal vali-
dation blocks representing challenging low-SNR regimes, particularly on shorter paths.
Despite this, the model maintains robust discriminative performance across link lengths
ranging from 0.39 to 4.87 km.

The performance trends observed in Table 3 are consistent with the ranking behavior
shown in the Precision–Recall and ROC curves presented in Figures 2 and 3.
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Figure 2. Precision–Recall curve comparing static, Logistic Regression, Uni-LSTM, and
Bi-LSTM models.
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Figure 3. Receiver Operating Characteristic (ROC) curves comparing static, Logistic Regression,
Uni-LSTM, and Bi-LSTM models evaluated on independent temporal validation blocks.

As shown in Figures 2 and 3, the Bi-LSTM model achieves strong performance in
both Precision–Recall and ROC spaces, indicating a favorable trade-off between sensitivity
and specificity across varying rainfall intensities. It should be noted that the classification
threshold for the Bi-LSTM model was optimized to maximize the F1-score on validation
data, whereas the ROC curve reflects threshold-independent ranking performance.
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While the static baseline achieves competitive AUC values due to its direct physical
interpretation, Logistic Regression generally underperforms compared to sequence-based
approaches and is comparable to or below static baselines, reflecting its limited capacity
to capture complex temporal dependencies. The Logistic Regression baseline achieves
moderate performance, with F1-scores ranging from approximately 0.2 to 0.5, reflecting
its ability to capture simple linear relationships in the data. In contrast, Uni-LSTM and
Bi-LSTM significantly improve ranking performance, with gains exceeding 0.05–0.10 AUC
compared to non-temporal baselines, and the Bi-LSTM achieving the highest AUC overall.
This demonstrates that incorporating temporal context, particularly in a bidirectional
manner, is critical for robust rainfall detection.

These results highlight a clear advantage of sequence-based models, where tempo-
ral modeling enhances both ranking capability and operational detection performance,
especially in low-intensity rainfall regimes.

The confusion matrix in Figure 4 confirms that the model maintains a high true
positive rate (recall) while effectively limiting false positives associated with wet antenna
attenuation during the antenna drying phase. Analysis of shorter, noise-dominated links
confirms that the Bi-LSTM successfully adapts its internal thresholds, keeping false alarm
rates low and demonstrating resilience to instrumental uncertainty in low-SNR conditions
across all link lengths. The confusion matrix reflects performance aggregated across all
links and temporal validation blocks, including low-SNR short links where failure modes
are most pronounced.
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Figure 4. Confusion matrix for the Bi-LSTM model evaluated on validation data subsets.

4.2. Rain Event Dynamics and Temporal Alignment

To demonstrate the performance of the proposed framework on a representative
rainfall event at 1 min resolution, Figure 5 illustrates the time series of the reference rain
rate, the physics-derived attenuation together with the classical k–R model estimation,
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and the output probability generated by the Bi-LSTM model alongside the calibrated
decision threshold.
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Figure 5. Exemplary rainfall event comparison for Link 1a, showing reference rain rate, rain-induced
attenuation with k–R model estimates, and the Bi-LSTM detection probability.

4.3. Feature Importance and Interpretability Analysis

The SHAP analysis provides a clear ranking of the features that drive the model’s
decisions. The global importance ranking is shown in Figure 6.

0.000 0.005 0.010 0.015 0.020 0.025 0.030
mean(|SHAP value|) (average impact on model output magnitude)

diff_neg

range_15

increase_streak

loss_diff

loss_rolling_std

diff_pos

hour

loss_trend

attenuation_rain

Feature Importance (SHAP Bar Plot)

Figure 6. Global Feature Importance Ranking (SHAP).

Features related to direct rain-induced attenuation (attenuation_rain) and tem-
poral signal dynamics, specifically trend evolution (loss_trend) and signal volatility
(loss_rolling_std), dominate the decision process. The distribution of SHAP values
(Figure 7) confirms that the model has learned physically consistent relationships. High
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volatility and positive signal trends are associated with a higher probability of rain, while
smooth, decreasing trends are correctly identified as no-rain (likely WAA) [7].
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Figure 7. SHAP Value Distribution Across Features.

The beeswarm plot shows that high values of attenuation_rain, loss_trend,
and increase_streak have a positive impact on the prediction (pushing the output toward
“Rain”), consistent with the stochastic nature of precipitation.

4.4. Noise Robustness Stress Test

The robustness of the proposed microwave sensing framework was evaluated by
injecting Gaussian noise directly into the raw attenuation signal across all links in the
hold-out validation blocks. This setup reflects realistic instrumental uncertainty, where
measurement noise primarily affects the received signal level. The results, summarizing
the impact on classification performance across all evaluated links (1a–6b), are presented in
Table 4.

It should be emphasized that the noise injection strategy differs from classical additive-
noise sensitivity analyses. Rather than perturbing the entire feature space, noise was
introduced exclusively at the level of the raw attenuation signal prior to feature engineering.
As a result, derived features, such as rolling statistics, temporal trends, and persistence
measures, retain their structure, enabling the model to leverage temporal context to mitigate
high-frequency perturbations.

The results across all tested blocks indicate a high level of robustness. For both
moderate-length and short links, the change in F1-score remains limited (generally within
±3%), demonstrating that additive noise does not significantly degrade classification
performance. The model retains predictive capability by relying on temporal consistency
and embeddings [22].
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Table 4. Noise Robustness Test Results (F1-Score) across all links.

Link ID Scenario F1 Score Performance Loss

1a Clean 0.774 0.0%
Noise (0.5 dB) 0.775 +0.1%
Noise (1.0 dB) 0.772 −0.3%

1b Clean 0.770 0.0%
Noise (0.5 dB) 0.775 +0.6%
Noise (1.0 dB) 0.761 −1.2%

2a Clean 0.808 0.0%
Noise (0.5 dB) 0.809 +0.1%
Noise (1.0 dB) 0.802 −0.7%

2b Clean 0.810 0.0%
Noise (0.5 dB) 0.814 +0.5%
Noise (1.0 dB) 0.807 −0.4%

3a Clean 0.711 0.0%
Noise (0.5 dB) 0.710 −0.1%
Noise (1.0 dB) 0.703 −1.1%

3b Clean 0.720 0.0%
Noise (0.5 dB) 0.719 −0.1%
Noise (1.0 dB) 0.721 +0.1%

4a Clean 0.690 0.0%
Noise (0.5 dB) 0.684 −0.9%
Noise (1.0 dB) 0.676 −2.0%

4b Clean 0.726 0.0%
Noise (0.5 dB) 0.727 +0.1%
Noise (1.0 dB) 0.729 +0.4%

5a Clean 0.742 0.0%
Noise (0.5 dB) 0.741 −0.1%
Noise (1.0 dB) 0.729 −1.7%

5b Clean 0.756 0.0%
Noise (0.5 dB) 0.753 −0.4%
Noise (1.0 dB) 0.747 −1.2%

6a Clean 0.756 0.0%
Noise (0.5 dB) 0.750 −0.8%
Noise (1.0 dB) 0.735 −2.8%

6b Clean 0.752 0.0%
Noise (0.5 dB) 0.754 +0.3%
Noise (1.0 dB) 0.755 +0.4%

For computational tractability, SHAP analysis was performed using a fixed link
embedding, ensuring consistent interpretability while isolating the effect of temporal
signal features.

4.5. Physical Separation of Rainfall and WAA Signatures

Finally, the physical distinction between rainfall and WAA was analyzed using the
signal volatility metrics identified by SHAP.

Rainfall events exhibit significantly higher variance and rolling standard deviation
compared to antenna drying periods. The clear separation between these distributions
validates the effectiveness of the advanced WAA detection strategy across all link lengths.

As shown in Figure 8, the “Advanced WAA” samples are characterized by very low
volatility and monotonic decay, whereas “Rain” samples exhibit rapid fluctuations [7].
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The Bi-LSTM model effectively exploits this separation to reduce false positives during the
radome drying phase.
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Figure 8. Signal Volatility Comparison: Rain vs Wet Antenna Attenuation.

5. Discussion
5.1. Impact of Link Length on Microwave Sensing Performance

The most prominent result of this study is the strong dependence of sensing per-
formance on link length in traditional methods [5]. While classical approaches exhibit
significant performance degradation for shorter links (0.39–0.57 km; sublinks 5a–6b), where
attenuation is limited, the proposed sequence-based deep learning framework achieves
consistently high F1-scores across all evaluated links (Table 3), maintaining values above
0.74–0.75 even in low-SNR regimes. This behavior effectively mitigates the fundamental
physical limitation imposed by short link lengths. While performance is significantly im-
proved on short links, the results should be interpreted as relative improvements under
the adopted temporal validation framework rather than complete elimination of physical
sensing limits.

Although specific attenuation (dB/km) is high at these frequencies, the total path-
integrated attenuation (dB) for short links remains extremely limited. For example, a rainfall
intensity of 5 mm/h results in less than 0.5 dB attenuation over a ∼400 m link, which is
comparable to quantization noise (0.3–1.0 dB) and significantly smaller than typical wet
antenna attenuation magnitudes (2–4 dB) [2].

By leveraging temporal context over sliding windows and link-specific embedding
representations, the Bi-LSTM model extracts subtle and distributed signal dynamics. As a
consequence, it successfully differentiates rain from non-rain states even in low signal-to-
noise ratio regimes typical of short links, outperforming static thresholds and k–R models.

Importantly, this improvement is observed consistently across heterogeneous link
lengths ranging from 0.39 to 4.87 km, indicating that the model learns transferable temporal
patterns rather than link-specific characteristics.

From a system perspective, this finding demonstrates that advanced machine learning
architectures can partially overcome the physical limitations of short backhaul links in en-
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vironmental monitoring, enabling robust sensing across heterogeneous network topologies
within ISAC-enabled environments [9].

5.2. Interpreting the Bi-LSTM: From Black Box to Physical Signal Processor

A recurring concern in applying deep learning to environmental sensing is the lack
of interpretability [8]. However, the SHAP analysis demonstrates that the Bi-LSTM
model relies predominantly on physically meaningful signal characteristics rather than
spurious correlations.

The dominant contribution of direct rain-induced attenuation (attenuation_rain), sig-
nal volatility (loss_rolling_std), and temporal trends (loss_trend) indicates that the model
exploits the fundamental distinction between stochastic and deterministic attenuation pro-
cesses. Rainfall-induced attenuation exhibits high-frequency variability due to scattering
on raindrops, whereas WAA corresponds to smoother temporal dynamics associated with
antenna drying and water film evaporation [32].

These findings suggest that the Bi-LSTM operates as a temporal signal interpreter,
extracting physically consistent patterns from attenuation time series rather than relying on
static amplitude thresholds. This capability supports generalization across heterogeneous
link conditions, as the model learns invariant temporal dynamics that are transferable
across varying propagation regimes [29].

Importantly, the proposed framework does not rely solely on end-to-end data-driven
learning. Instead, it integrates physics-based signal decomposition prior to model training,
enabling the extraction of structured and physically consistent features. It should be
emphasized that the term physics-aware refers to the incorporation of domain knowledge
at the preprocessing and feature engineering stages, rather than embedding physical
constraints directly within the model architecture or loss function.

5.3. WAA Modeling: Beyond Static Offsets

The separation between rainfall and WAA signatures (Figure 8) represents a significant
improvement over traditional static offset approaches [7]. By incorporating temporal
evolution, signal smoothness, and drying dynamics, the proposed framework provides a
more physically consistent interpretation of attenuation signals.

Unlike rainfall-induced attenuation, which is inherently stochastic, WAA exhibits a
quasi-deterministic decay behavior governed by antenna surface properties and environ-
mental conditions. Explicit modeling of this behavior enables the proposed approach to
reduce false positives during post-precipitation periods, which remain a major limitation
in conventional CML-based rainfall detection methods.

5.4. Noise Robustness and Temporal Signal Filtering

The robustness analysis (Table 4) demonstrates that the proposed framework main-
tains stable performance under moderate noise perturbations applied directly to the
attenuation signal.

Importantly, noise was introduced at the raw signal level (with an injection level of
NOISE_LEVEL = 0.15) prior to feature extraction, ensuring that derived temporal features
retain their structural consistency. Under these conditions, the Bi-LSTM model exhibits
high robustness, with performance variations not exceeding 2.8% even at 1.0 dB noise levels
across all temporal validation blocks, including short links.

This behavior can be attributed to the intrinsic properties of sequence models, which
aggregate information over time and can effectively filter local perturbations through tem-
poral integration. In practical sensing scenarios, this suggests that moderate instrumental
noise does not significantly degrade detection performance, provided that the underlying
temporal signal structure is preserved.
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Additionally, it is important to note that a purely data-driven Bi-LSTM operating
directly on raw attenuation signals would likely exhibit reduced performance in this
scenario. In E-band systems, raw signals are strongly influenced by non-rain components
such as wet antenna attenuation, baseline drift, and hardware-related noise.

Without prior physical decomposition, a data-driven model would be required to
implicitly learn these effects, which is particularly challenging under low-SNR conditions
typical of short links. This can lead to overfitting, misclassification of WAA as rainfall,
and reduced generalization across heterogeneous link configurations.

The proposed hybrid approach therefore provides a structured signal representation,
allowing the Bi-LSTM to focus on physically meaningful temporal dynamics rather than
compensating for raw signal artifacts.

5.5. Limitations and Future Work

Despite the strong performance of the proposed framework, several limitations should
be acknowledged. First, while temporal modeling extends detection capabilities for short
paths, microwave sensing remains fundamentally constrained by link geometry and path-
integrated attenuation limits under extremely low SNR conditions.

Second, while the proposed WAA detection strategy captures key physical behaviors,
it may still be sensitive to environmental edge cases such as fog, dew formation, or rapid
meteorological transitions.

Third, although the evaluation encompasses a heterogeneous network of 12 sub-
links, the limited number of independent physical link deployments restricts com-
prehensive statistical significance analysis, which should be addressed in larger-scale
multi-link campaigns.

Fourth, although the temporal cross-validation setup enforces generalization across
independent time blocks, further validation across diverse climatic regions and network
topologies is required to assess full spatial and geographic transferability.

Future research directions include:

1. Continuous Retrieval: Extension from rainfall detection to quantitative precipitation
estimation using regression models.

2. Multimodal Fusion: Integration of additional sensing sources, such as co-located
meteorological measurements [33].

3. Hybrid Physics–ML Models: Incorporation of physical constraints (e.g., the k–R
relationship derived from ITU recommendations) directly into model architectures.

4. Scaling to ISAC and 6G Systems: Extension of the framework to higher-frequency
bands and integrated communication–sensing infrastructures [6].

6. Conclusions
This study presented a physics-aware deep learning framework for rainfall detection

using E-band commercial microwave links. By leveraging existing telecommunication
infrastructure, the proposed approach demonstrates how high-frequency communication
signals can be repurposed as environmental sensing observables [9].

The main contributions include (i) the integration of physically motivated signal
decomposition, (ii) the development of an advanced wet antenna attenuation detection
strategy based on temporal dynamics, and (iii) the application of an interpretable Bi-LSTM
model. It should be emphasized that the physics-aware aspect of the framework is realized
through signal decomposition and feature engineering, rather than embedding physical
constraints directly within the model architecture.

Experimental results show that temporal modeling significantly outperforms classical
threshold-based and physical k–R approaches across all evaluated temporal validation
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blocks covering 12 sublinks (1a–6b). By utilizing sliding-window features, addressing
severe class imbalance via loss weighting (pos_weight = 12.0), and incorporating link-
specific embeddings, the Bi-LSTM model maintains reliable performance even on very short
paths (0.39 km), effectively mitigating conventional path-integrated attenuation limitations.

The proposed approach demonstrates robustness to moderate noise perturbations
(with performance loss generally below 3%) and provides interpretable predictions con-
sistent with microwave propagation theory and ITU-R guidelines. SHAP-based analysis
confirms that the model relies on physically meaningful features, supporting its interpreta-
tion as a temporal signal processing system rather than a black-box predictor.

Overall, this framework establishes a physically consistent and interpretable method-
ology for exploiting E-band communication links as distributed sensing components within
future ISAC-enabled networks.
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//www.mdpi.com/article/10.3390/photonics13060595/s1, Listing S1: 01_data_preparation.py (Data
preprocessing, feature engineering, and baseline estimation for E-band CML data); Listing S2:
02_train_models.py (Source code for Bi-LSTM and Uni-LSTM model training with noise injection and
baseline calibration); Listing S3: 03_evaluate_performance.py (Performance evaluation framework
comparing baseline methods, including Uni-LSTM and Bi-LSTM, across all 12 links); Listing S4:
04_explainability_shap.py (Interpretability analysis using SHapley Additive exPlanations for deep
learning sequence models); Listing S5: 05_robustness_waa_tests.py (Experimental setup for noise ro-
bustness stress tests and wet antenna attenuation signature analysis); Listing S6: 06_roc_pr_curves.py
(Numerical procedures for generating Precision-Recall and ROC performance visualizations for
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Appendix A. Hardware Specifications
The experiments were executed on a dedicated server environment with the follow-

ing specifications:

• Operating System: Ubuntu 24.04.3 LTS Server (Canonical Ltd., London, UK);
• Kernel: Linux 6.14.0-1015-nvidia (Linux Foundation, San Francisco, CA, USA);
• Graphics Card (GPU): NVIDIA Quadro RTX 6000 (24 GB GDDR6; NVIDIA Corpora-

tion, Santa Clara, CA, USA);
• System Memory (RAM): 32 GB.

Appendix B. Computational Environment and Library Versions
All experiments and analyses, including data preprocessing, physics-aware feature

engineering, deep learning model training (Bi-LSTM), and explainability analysis (SHAP),
were conducted in a Python 3.12.3 environment. To ensure full reproducibility of the results
and to maintain transparency regarding the computational requirements, particularly for
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the GPU-accelerated training and the game-theoretic SHAP decomposition, the versions of
the key scientific and machine learning packages are summarized in Table A1.

Table A1. Versions of Python libraries used in the computational environment.

Package Description Version

Core Scientific Stack
numpy Numerical computations and array operations v2.4.4
pandas Data manipulation and tabular processing v3.0.3
matplotlib Generation of scientific visualizations and performance curves v3.10.9
seaborn Statistical data visualization v0.13.2

Machine Learning & AI
torch Deep learning framework (with CUDA 13.0 support) v2.12.0+cu130
scikit-learn Evaluation metrics, scalers, and baseline models v1.8.0
shap Explainable AI using SHapley Additive exPlanations v0.51.0
joblib Serialization of trained models and preprocessing pipelines v1.5.3

Data I/O
pyarrow Backend for high-performance Parquet data storage v24.0.0
fastparquet Alternative engine for Parquet file manipulation v2026.3.0
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