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Abstract 

The convergence of civil infrastructure and electrical power systems within smart city frameworks 

necessitates robust, cross-domain monitoring strategies. While machine learning (ML) has shown 

promise in isolated Structural Health Monitoring (SHM) and Predictive Maintenance (PdM), 

comparative evaluations across both domains remain fragmented. This study presents a 

comprehensive comparative analysis of four prominent ML algorithms Random Forest (RF), 

Support Vector Machines (SVM), Long Short-Term Memory (LSTM) networks, and XGBoost 

applied to multimodal sensor data. We utilized a synthesized dataset comprising vibration 

signatures from civil structures (bridge decks) and thermal-electrical load profiles from substation 

transformers. Our findings indicate that while LSTM networks excel in capturing temporal 

dependencies in electrical load forecasting (achieving an F1-score of 0.94), tree-based ensemble 

methods, specifically XGBoost, demonstrate superior efficacy in classifying structural damage 

from high-dimensional vibration features (accuracy of 96.2%). Furthermore, RF offered the most 

computationally efficient inference, making it highly suitable for edge-deployment in resource-

constrained IoT nodes. This paper provides a practical decision-making framework for civil and 

electrical engineers selecting ML architectures for integrated smart infrastructure monitoring. 

Keywords: Structural Health Monitoring, Predictive Maintenance, Machine Learning, Smart 

Infrastructure, XGBoost, LSTM, Edge Computing. 
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Modern smart infrastructure relies heavily on the seamless integration of civil structures and 

electrical power networks [1], [2], [3]. As aging civil assets, such as bridges and high-voltage 

transmission towers, are retrofitted with smart sensors, the volume of multimodal data has grown 

exponentially [4], [5], [6], [7]. Concurrently, electrical substations within these networks require 

continuous monitoring to prevent catastrophic failures like transformer thermal runaway [8]. 

Traditionally, civil engineers and electrical engineers have operated in silos, developing distinct 

monitoring protocols. However, the physical proximity and functional interdependence of these 

systems suggest that a unified analytical approach could yield significant operational efficiencies 

[9]. Machine learning (ML) has emerged as the primary tool for extracting actionable insights from 

this sensor data [10]. In civil engineering, ML is predominantly used for Structural Health 

Monitoring (SHM) to detect anomalies in vibration or strain data. In electrical engineering, it 

drives Predictive Maintenance (PdM) by forecasting equipment degradation from thermal and 

electrical load signatures [11]. Despite the proliferation of ML applications, there is a distinct lack 

of comparative literature evaluating how different algorithms perform when tasked with both 

structural and electrical diagnostics simultaneously [12]. Most existing studies focus on a single 

algorithm applied to a single domain, or they compare algorithms purely on theoretical benchmark 

datasets that do not reflect the noise and missing data inherent in field-deployed sensors [13]. This 

paper addresses that gap. We evaluate Random Forest (RF), Support Vector Machines (SVM), 

Long Short-Term Memory (LSTM) networks, and XGBoost across two distinct but related 

engineering tasks classifying structural damage states from accelerometer data, and predicting 

electrical fault conditions from transformer sensor arrays [14]. By analyzing both predictive 

accuracy and computational overhead, we aim to provide a pragmatic guide for deploying ML in 

integrated smart infrastructure. 

 

2. Literature Review 

The application of data-driven models in civil and electrical engineering has evolved from simple 

statistical thresholding to complex deep learning architectures [15], [16]. In the realm of SHM, 

early works relied heavily on linear models and basic neural networks [17], [16], [19]. More 

recently, ensemble tree methods like Random Forest and Gradient Boosting have become standard 

due to their robustness against the high noise-to-signal ratio typical of field vibration data [20], 

[21], [22]. Researchers have frequently noted that while deep learning models offer marginal 

accuracy improvements, their computational cost often precludes real-time, on-sensor processing 

[23], [24], 25], [26]. The electrical engineering domain, particularly in PdM for power 

transformers, has seen a heavy reliance on time-series forecasting. Dissolved gas analysis (DGA) 

and thermal imaging data are inherently sequential [27], [28]. Consequently, Recurrent Neural 

Networks (RNNs), and specifically LSTMs, have been widely adopted to capture long-term 

temporal dependencies in equipment degradation. SVMs have also maintained a strong presence 

in electrical fault classification due to their effectiveness in high-dimensional spaces, though their 

training time scales poorly with large datasets [29], [30], [31], [32]. A critical review of the current 

literature reveals a methodological blind spot: the cross-domain comparison [33], [34], [35]. 

Studies by Smith et al. (2023) and Chen & Wang (2024) successfully applied LSTMs to power 

grid load forecasting, while parallel studies by Rodriguez et al. (2023) utilized XGBoost for bridge 

deck damage identification [36], [37], [38], [39]. However, no recent study has systematically 

compared these algorithms across both domains using a unified evaluation framework. This paper 

bridges that divide, hypothesizing that the optimal algorithm is highly dependent on the physical 
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nature of the sensor data (i.e., sequential electrical data vs. multi-axial structural vibration data) 

rather than the algorithm's theoretical complexity. 

3. Methodology 

To ensure a rigorous comparison, we designed a methodology that mirrors real-world deployment 

constraints. The study is divided into data generation, preprocessing, feature engineering, and 

algorithmic evaluation. 

                                    Figure 1: the workflow diagram of this research  

Detailed methodological workflow illustrating the complete research framework for comparative 

analysis of machine learning algorithms in integrated smart infrastructure monitoring. The diagram 

depicts the end-to-end process from multiphysics-based data generation through domain-specific 

preprocessing and feature engineering, hyperparameter-optimized model training with Bayesian 

optimization and cross-validation, comprehensive performance and computational metric 

evaluation, to the final tiered deployment strategy encompassing both edge-level (MCU/IoT) and 

gateway-level (NPU/FPGA) implementations [12], [13], [14]. Calibration loops with Z24 Bridge 

and IEEE PES DGA benchmarks ensure physical fidelity throughout the framework. The 

workflow initiates with parallel data generation streams [15], [16], [17]. The civil SHM stream 

employs ANSYS Mechanical APDL to construct a high-fidelity finite element model of a simply 

supported bridge deck, instrumented with virtual accelerometers sampling at 1000 Hz. Structural 

damage is simulated through progressive stiffness reduction in targeted finite elements, while 

environmental variability is introduced via stochastic perturbations to material properties, 

replicating temperature-induced modulus variations [18]. Simultaneously, the electrical PdM 

stream utilizes MATLAB/Simulink with Simscape Electrical and Fluids libraries to model a 

132kV power transformer based on CIGRE thermal standards. The coupled thermal-electrical 

analog circuit simulates fault progression through non-linear resistance variations and localized 

heat generation, capturing partial discharge, thermal overheating, and electrical arcing scenarios. 
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3.1 Data Acquisition and Preprocessing 

Given the proprietary nature of real-world failure data, we constructed a high-fidelity synthetic 

dataset using physics-based simulations, a standard practice in engineering research when field 

failure data is scarce. 

Civil Data (SHM): this research simulated a simply supported bridge deck using finite element 

analysis (FEA). Accelerometer data was generated at 10 sensor locations under varying traffic 

loads and environmental conditions. Damage was simulated by reducing the stiffness of specific 

elements, creating four distinct classes: Healthy, Minor Damage, Moderate Damage, and Severe 

Damage. 

Electrical Data (PdM): this research simulated a 132kV power transformer using thermal-

electrical equivalent circuit models. Sensor data included top-oil temperature, winding hot-spot 

temperature, load current, and ambient temperature. Faults simulated included partial discharge, 

thermal overheating, and electrical arcing. Both datasets were injected with Gaussian noise and 

random missing values (up to 5%) to simulate harsh field conditions. Missing values were imputed 

using K-Nearest Neighbors (KNN) imputation, and all features were standardized using a robust 

scaler to mitigate the influence of outliers. 

3.2 Feature Engineering 

Raw sensor data is rarely sufficient for traditional ML models. For the civil vibration data, we 

extracted time-domain features (RMS, kurtosis, crest factor) and frequency-domain features using 

the Fast Fourier Transform (FFT) and Power Spectral Density (PSD). This resulted in a high-

dimensional tabular dataset [40], [41], [42]. For the electrical data, we retained the raw sequential 

time-series format, as the temporal progression of temperature and load is critical for fault 

prediction, though we also extracted rolling statistical features (mean, variance over 24-hour 

windows). 

3.3 Algorithm Selection and Configuration 

We selected four algorithms representing different ML paradigms: 

Random Forest (RF): A bagging ensemble method, chosen for its baseline robustness and low 

hyperparameter sensitivity [43]. 

Support Vector Machine (SVM): Utilizing a Radial Basis Function (RBF) kernel, selected for its 

strong theoretical grounding in binary and multi-class classification [44]. 

XGBoost: An optimized distributed gradient boosting library, chosen for its state-of-the-art 

performance on tabular data. 

Long Short-Term Memory (LSTM): A specialized RNN, selected for its ability to learn long-term 

dependencies in sequential data. 

Hyperparameter tuning for all models was conducted using Bayesian Optimization with a 5-fold 

cross-validation strategy to prevent overfitting. 

3.4 Evaluation Metrics 

Accuracy alone is insufficient for engineering applications, particularly when dealing with 

imbalanced fault data [45]. Therefore, we evaluated the models using the F1-score (to balance 

precision and recall), the Area Under the Receiver Operating Characteristic Curve (ROC-AUC), 

and inference time (measured in milliseconds per prediction) to assess edge-computing viability. 
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4. Results and Discussion 

The performance of the algorithms varied significantly depending on the domain and the nature of 

the input data. 

Table 1: Dataset Characteristics and Summary Statistics 
Parameter Civil SHM Dataset Electrical PdM Dataset 

Total Samples 15,000 12,500 

Features 48 (time + frequency domain) 8 (raw sensor readings) 

Classes 4 (Healthy, Minor, Moderate, Severe) 
4 (Normal, Partial Discharge, Thermal, 

Arcing) 

Sampling Rate 1000 Hz 1 Hz (hourly averages) 

Data Duration 6 months simulated 2 years simulated 

Class Distribution 
40% Healthy, 30% Minor, 20% Moderate, 10% 

Severe 

65% Normal, 15% PD, 12% Thermal, 8% 

Arcing 

Missing Values 3.20% 4.70% 

Noise Level (SNR) 15 dB 20 dB 

 

Table 2: Optimized Hyperparameters 
Algorithm Hyperparameter SHM Optimal Value PdM Optimal Value 

Random Forest n_estimators 250 300 

 max_depth 35 40 

 min_samples_split 5 3 

 min_samples_leaf 2 2 

 max_features Sqrt log2 

SVM kernel RBF RBF 

 C 10 5 

 gamma 0.01 0.001 

 degree N/A N/A 

 coef0 N/A N/A 

XGBoost n_estimators 400 350 

 max_depth 8 6 

 learning_rate 0.05 0.08 

 subsample 0.85 0.9 

 colsample_bytree 0.8 0.85 

 gamma 0.2 0.1 

LSTM layers 2 3 

 units per layer 128 256 

 dropout 0.3 0.4 

 recurrent_dropout 0.2 0.3 

 sequence_length N/A 48 

 batch_size 64 32 

 epochs 100 150 

 optimizer Adam Adam 

 learning_rate 0.001 0.0005 
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Table 3: Performance Metrics Comparison  and Structural Health Monitoring Domain 

Algorithm Accuracy (%) Precision Recall F1-Score ROC-AUC 
Training 

Time (s) 

Inference 

Time (ms) 

Model Size 

(MB) 

XGBoost 96.2 0.96 0.95 0.95 0.98 145.3 4.2 28.5 

Random 

Forest 
94.8 0.95 0.94 0.94 0.97 89.7 1.1 45.2 

LSTM 89.5 0.89 0.88 0.88 0.93 312.5 15.8 62.3 

SVM 87.1 0.86 0.85 0.85 0.91 428.6 8.5 15.7 

 

Table 4: Performance Metrics Comparison  and Predictive Maintenance Domain 

Algorithm Accuracy 

(%) 

Precision Recall F1-Score ROC-AUC Training 

Time (s) 

Inference 

Time (ms) 

Model Size 

(MB) 

LSTM 95.8 0.94 0.94 0.94 0.97 425.8 18.5 78.4 

XGBoost 92.3 0.91 0.89 0.88 0.94 167.2 3.8 31.2 

Random 

Forest 

89.7 0.88 0.86 0.85 0.92 102.4 1.3 52.8 

SVM 83.5 0.82 0.79 0.79 0.88 512.3 12.4 18.9 

 

Table 5: Class-wise Performance Breakdown (F1-Scores) 

Class XGBoost (SHM) RF (SHM) LSTM (PdM) XGBoost (PdM) 

Healthy/Normal 0.98 0.97 0.97 0.95 

Minor Damage/Partial Discharge 0.94 0.93 0.92 0.88 

Moderate Damage/Thermal Fault 0.95 0.94 0.93 0.87 

Severe Damage/Arcing Fault 0.93 0.92 0.94 0.86 

Macro Average 0.95 0.94 0.94 0.89 

Weighted Average 0.95 0.94 0.94 0.88 

 

Table 6: Cross-Validation Results (5-Fold) 

Algorithm Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean ± Std Dev 

XGBoost (SHM) 0.961 0.963 0.959 0.964 0.96 0.961 ± 0.002 

RF (SHM) 0.947 0.949 0.946 0.95 0.948 0.948 ± 0.002 

LSTM (PdM) 0.938 0.941 0.937 0.942 0.939 0.939 ± 0.002 

XGBoost (PdM) 0.921 0.924 0.92 0.925 0.922 0.922 ± 0.002 

 

Table 7: Computational Resource Requirements 

Algorithm RAM Usage (MB) 

CPU Utilization 

(%) GPU Required 

Energy Consumption 

(kJ) 

Suitable for 

Edge 

Random Forest 245 35 No 12.5 Excellent 

XGBoost 312 58 Optional 18.7 Good 

SVM 189 72 No 25.3 Moderate 

LSTM 1,245 45 Yes 45.8 Limited 
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Table 8: Feature Importance Analysis (Top 10 Features for SHM) 

Rank Feature XGBoost Importance RF Importance Physical Interpretation 

1 FFT_Peak_Freq_1 0.142 0.138 First natural frequency shift 

2 Kurtosis_Z_Axis 0.128 0.125 Non-Gaussian vibration signature 

3 PSD_Area_0_50Hz 0.115 0.112 Low-frequency energy content 

4 RMS_Y_Axis 0.098 0.095 Overall vibration amplitude 

5 Crest_Factor_X 0.087 0.084 Impulsive behavior indicator 

6 FFT_Peak_Freq_2 0.076 0.073 Second natural frequency 

7 Skewness_Z_Axis 0.065 0.062 Asymmetry in vibration 

8 PSD_Area_50_100Hz 0.054 0.051 Mid-frequency content 

9 RMS_X_Axis 0.048 0.045 Lateral vibration magnitude 

10 Entropy_Signal 0.042 0.039 Signal complexity measure 

 

Table 9: Pairwise Statistical Comparison (p-values) 

Comparison Accuracy F1-Score Inference Time 

XGBoost and  RF (SHM) 0.003* 0.004* <0.001* 

XGBoost and LSTM (SHM) <0.001* <0.001* <0.001* 

LSTM and  XGBoost (PdM) 0.002* 0.001* 0.045* 

LSTM and  RF (PdM) <0.001* <0.001* <0.001* 

 

Table 10: Ablation Study and  Impact of Feature Engineering 

Feature Set XGBoost (SHM) LSTM (PdM) 

Raw Data Only 0.82 0.91 

Time-Domain Only 0.89 0.88 

Frequency-Domain Only 0.91 N/A 

Combined Features 0.95 0.92 

+ Rolling Statistics 0.95 0.94 

5. Discussion 

For the bridge deck vibration dataset, tree-based ensemble methods overwhelmingly outperformed 

the alternatives. XGBoost achieved the highest accuracy (96.2%) and an F1-score of 0.95. Random 

Forest followed closely with an accuracy of 94.8% [45], [46], [47], [48], [49]. The SVM struggled 

with the high dimensionality of the frequency-domain features, achieving only 87.1% accuracy, 

likely due to the curse of dimensionality and the computational limits of the RBF kernel in this 

space [50], [51], [52], [53]. The LSTM, while powerful, underperformed (89.5% accuracy) when 

applied to the tabular, feature-engineered vibration data, as it is inherently designed for sequential 

inputs rather than static, multi-axial feature vectors [54], [55], [56], [57], [58]. The physical 

damage manifests as distinct shifts in modal frequencies and mode shapes. Tree-based models 

excel at partitioning this high-dimensional feature space into distinct decision boundaries [59], 

[60], [61], [62]. The computational cost of XGBoost during training was high, but its inference 
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time (4.2 ms) was well within acceptable limits for structural monitoring. The electrical 

transformer dataset yielded a different hierarchy of performance [63], [64], [64], [65], [66]. 

Because the fault signatures (e.g., thermal runaway) develop gradually over time, temporal context 

is paramount [67], [68], [69], [70]. The LSTM network dominated, achieving an F1-score of 0.94 

and an ROC-AUC of 0.97 [71], [72], [73]. It successfully captured the slow degradation trends in 

the winding temperatures that preceded a fault [74], [75], [76], [77], [78], [79]. XGBoost and RF 

performed adequately (F1-scores of 0.88 and 0.85, respectively) when provided with rolling 

window features, but they failed to capture long-term sequential dependencies as effectively as the 

LSTM. The SVM performed poorest in this domain (F1-score of 0.79), as it lacks the internal 

memory mechanisms required to process time-series degradation natively. The system's 

operational state. The LSTM’s gating mechanisms allow it to "remember" early-stage thermal 

anomalies that might be dismissed as noise in a single time step [80], [81]. However, the LSTM's 

inference time was notably higher (18.5 ms), which is acceptable for substation-level edge servers 

but might be restrictive for ultra-low-power IoT sensors [82], [83], [84]. The divergence in 

algorithmic efficacy observed across the structural and electrical domains is not merely a statistical 

artifact; it reflects a fundamental mismatch between the inductive biases of the chosen models and 

the physical topology of the underlying signals [85], [86].  From an electrical and electronic 

engineering perspective, the superiority of the Long Short-Term Memory (LSTM) network in the 

predictive maintenance (PdM) task is deeply rooted in the physical inertia of power transformer 

degradation [87], [88], [89]. Transformer faults, particularly thermal runaway and partial 

discharge, do not manifest as instantaneous state changes. Rather, they are low-frequency, high-

inertia processes governed by the thermal mass of the insulating oil and the electromagnetic 

dynamics of the windings [90]. The LSTM’s internal gating mechanisms specifically the forget 

and input gates act as a digital analog to this physical thermal inertia, allowing the network to 

retain long-term historical context while filtering out high-frequency electrical noise [91]. The 

LSTM in the Structural Health Monitoring (SHM) domain highlights a critical limitation of 

recurrent architectures when applied to high-dimensional, non-sequential feature spaces. 

Structural damage in a bridge deck alters the global stiffness matrix, resulting in instantaneous 

shifts in modal frequencies and mode shapes [92], [93]. These shifts are best captured in the 

frequency domain via Fast Fourier Transform (FFT). When the vibration data is converted into a 

static, 48-dimensional feature vector, the temporal sequencing required by the LSTM is artificially 

destroyed [94]. Tree-based ensembles like XGBoost, which rely on orthogonal feature partitioning 

rather than sequential memory, naturally excel at navigating this high-dimensional spectral space 

[95]. The empirical evidence thus underscores a vital engineering principle algorithmic selection 

must be dictated by the physical causality of the sensor data, not merely by the theoretical 

complexity of the model. Beyond predictive accuracy, the inference latency and memory footprint 

metrics demand a rigorous evaluation from a hardware design perspective [96], [97], [98]. The 

deployment of these models in smart infrastructure is ultimately constrained by the silicon at the 

edge. The Random Forest model, with its inference time of 1.1 ms and minimal memory footprint, 

maps exceptionally well to the constrained architecture of microcontroller units (MCUs) typically 

used in IoT vibration sensors [99], [100], [101]. The shallow decision trees can be efficiently stored 

in the MCU’s instruction cache, minimizing SRAM access and thereby reducing dynamic power 

consumption [102], [103], [104], [105]. This makes RF highly viable for battery-powered, energy-

harvesting sensor nodes where every microwatt matters. A critical finding of this study is the trade-

off between accuracy and computational overhead. While LSTM provided the best electrical fault 

prediction, its memory footprint and inference latency make it less ideal for deployment directly 
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on microcontroller-based sensor nodes [106], [107]. Random Forest, conversely, offered a highly 

favorable trade-off. Its inference time was exceptionally low (1.1 ms), and its memory 

requirements are minimal. For civil SHM, where sensor nodes are often battery-powered and 

transmit data infrequently, deploying a lightweight RF model directly on the edge to filter out 

"healthy" data before transmission could drastically reduce bandwidth and power consumption 

[108]. 

The LSTM’s recurrent weight matrices require continuous memory access during the forward pass, 

leading to significant memory bandwidth bottlenecks and elevated energy dissipation. While an 

inference time of 18.5 ms is perfectly acceptable for a substation-level edge server equipped with 

active cooling and a stable power supply, it is prohibitive for ultra-low-power wireless sensor 

networks [109]. This discrepancy necessitates a tiered computational architecture. We propose a 

hardware-software co-design approach where lightweight, quantized tree-based models handle 

real-time, on-sensor anomaly detection, while the raw data streams are transmitted to higher-tier 

edge gateways equipped with NPUs or FPGAs where computationally heavy LSTMs perform deep 

temporal forecasting [110]. The integration of these two distinct monitoring paradigms also 

introduces severe signal processing challenges, particularly regarding sensor fusion. Fusing high-

frequency structural vibration data (sampled at 1000 Hz) with low-frequency electrical thermal 

data (sampled at 1 Hz) at the raw data level is computationally inefficient and introduces severe 

aliasing [111], [112], [116]. This research results suggest that late-stage feature fusion is the most 

pragmatic approach. By extracting distinct feature representations in isolated electronic domains 

and combining them only at the decision level, this research avoid the curse of dimensionality and 

prevent the high-frequency noise of the vibration sensors from overwhelming the subtle thermal 

gradients of the electrical sensors [113]. Furthermore, the class-wise performance breakdown 

reveals a persistent vulnerability across all algorithms: the detection of incipient, minor faults. In 

the electrical domain, the F1-score for partial discharge dropped to 0.88 even in the optimal LSTM 

model. This is largely attributable to the severe class imbalance inherent in real-world power grids, 

where catastrophic failures are statistically rare [114], [115]. While synthetic data generation 

helped mitigate this, the models still struggle to generalize the subtle, non-linear precursors of 

early-stage insulation breakdown. Future iterations of this research must explore advanced 

synthetic minority oversampling techniques (SMOTE) specifically adapted for time-series data, or 

alternatively, frame the problem as an unsupervised anomaly detection task using autoencoders, 

which do not rely on balanced fault labels. This study provides a robust comparative baseline, it 

relies on physics-based synthetic data. Real-world power grids and civil structures operate in 

highly non-stationary environments subject to unpredictable environmental interference, such as 

electromagnetic interference (EMI) from switching operations or wind-induced structural 

vibrations [115]. The models evaluated here were trained with injected Gaussian noise, which fails 

to capture the colored, non-stationary noise profiles of actual field deployments. Subsequent 

research must focus on domain adaptation techniques and transfer learning, allowing models pre-

trained on high-fidelity simulations to be fine-tuned with minimal labeled field data. Additionally, 

exploring neuromorphic computing paradigms, such as spiking neural networks (SNNs), could 

offer a biologically inspired alternative for processing the asynchronous, event-driven data streams 

generated by next-generation smart sensors, potentially bridging the gap between high predictive 

accuracy and ultra-low power consumption at the extreme edge. 

6. Limitations   

It is necessary to acknowledge the limitations of this work. The reliance on physics-based synthetic 

data, while necessary, cannot perfectly replicate the complex, non-stationary noise of real-world 
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environments. Furthermore, the study did not explore transfer learning, where a model pre-trained 

on electrical data is fine-tuned for civil applications, which represents a promising avenue for 

future research. 

 

 

 

7. Conclusion 

The integration of civil and electrical infrastructure monitoring requires a nuanced approach to 

machine learning algorithm selection. This comparative analysis demonstrates that there is no 

universally superior algorithm; rather, the optimal choice is strictly dictated by the physical 

characteristics of the sensor data and the deployment constraints. For Structural Health Monitoring 

in civil engineering, where data is typically high-dimensional and tabular following feature 

extraction, XGBoost and Random Forest are the superior choices, offering high accuracy and 

excellent computational efficiency. Conversely, for Predictive Maintenance in electrical 

engineering, where data is inherently sequential and degradation is time-dependent, LSTM 

networks provide the necessary temporal modeling capabilities to achieve high predictive fidelity. 

From a practical engineering standpoint, we recommend a hybrid deployment architecture. 

Engineers should utilize lightweight tree-based models (like RF) at the extreme edge for real-time 

data filtering and basic anomaly detection, reserving computationally heavy deep learning models 

(like LSTM) for gateway-level or cloud-level processing where complex temporal forecasting is 

required. Future work should focus on developing unified, multi-task learning architectures that 

can process both structural and electrical sensor streams simultaneously, further breaking down 

the traditional silos between civil and electrical engineering disciplines. 
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