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ABSTRACT 

Structural health monitoring (SHM) of water resource infrastructure, such as locks 
and dams, requires innovative approaches due to their complex environments, 
accessibility challenges, and variable loading conditions. Machine learning (ML) plays 
a significant role in detecting anomalies and enabling predictive maintenance 
capabilities. ML provides a data-driven approach to identify potential structural issues 
before failure occurs. This study enhances an ensemble-based anomaly detection 
framework by integrating advanced feature extraction techniques and sensor fusion 
methods to improve the monitoring and assessment of lock and dam health. A time- 
series segmentation approach is utilized to divide sensor data into discrete periods, 
which are then characterized by a set of statistical features. These features serve as 
inputs to a Principal Component Analysis (PCA), allowing for effective dimensionality 
reduction. Advanced feature-level fusion is achieved by leveraging multi-channel strain 
sensor data, leading to improved anomaly detection and system reliability. This 
technique enables the integration of data from multiple sensors into a unified 
framework, offering a comprehensive assessment of structural conditions. An ensemble 
of ML-based anomaly detection methods is applied to recognize deviations in sensor 
data patterns, providing an early warning system for potential structural concerns. To 
refine classification accuracy, the anomaly detection system is supplemented with 
existing models. This hybrid strategy enhances the interpretation of detected anomalies, 
reducing false positives and improving the reliability of SHM systems. By merging 
data-driven ML techniques with well-established physics models, the proposed 
approach offers a more robust method for predictive maintenance in lock and dam 
infrastructure. The framework is validated using real-world strain sensor data from a 
lock gate, where an existing crack is a primary concern for the maintenance team. This 
study presents a flexible and scalable predictive maintenance framework tailored for 
lock and dam infrastructure. The proposed approach emphasizes the efficient 
deployment of SHM methods in real-world scenarios, addressing a critical challenge in 
the field by providing a practical pathway for implementing SHM solutions effectively. 
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INTRODUCTION 
 

The U.S. Army Corps of Engineers (USACE) currently oversees a total of 237 locks 

and dams, which are distributed across 192 commercial lock sites [1]. These locks and 

dams are pivotal structures that facilitate the transportation of various types of goods by 

providing a medium for cargo navigation in inland waterways [2]. Maintenance is 

essential to ensure their uninterrupted operation and to avoid unexpected closures 

resulting from events such as structural damage, ultimately leading to the impediment 

of the supply chain and severe economic losses. 

To protect locks and dams and prevent shutdowns, it is important to maintain their 

lock gates, which play the role of a damming surface across the lock chamber. 

Numerous gate designs exist including vertical lift gates, tainter gates, sector gates, 

rolling gates, tumbler gates, and miter gates [3]. Miter gates possess high operational 

efficiency and require lower maintenance requirements as compared to other types of 

gates [3] and are the most commonly used in the U.S. inland waterway system’s locks 

and dams [4].  

To ensure the continued reliability of these gates, engineers employ various 

maintenance strategies, including field observations and structural health monitoring 

(SHM). Field observations are associated with high cost, prolonged durations, and high 

risks [4], and as a result, SHM has gained attention as an improved alternative for human 

inspections. SHM is performed to continuously monitor the structure’s health and to 

detect any possible structural damage using sensors [5]. This real-time monitoring 

process has the advantages of detecting potential issues early on, enabling informed 

decision makings and rapid interventions to prevent additional damage [4]. 

There are numerous examples of USACE lock and dam structures employing SHM 

on their miter gates, including Lock and Dam 27 of the Mississippi River, and the 

Bonneville and Dalles Lock and Dam of the Columbia River [6]. In Lock and Dam 27, 

SHM was capable of identifying contact degradation between the lateral edge of the 

lock gate and the wall of the lock chamber [7]. In contrast, SHM results in the Greenup 

lock gate on the Ohio River captured the presence of a gap damage-type developing in 

the quoin, indicating a loss of bearing contact between the lock wall and a portion of the 

gate [6, 8]. With the benefit of an SHM system and preventative maintenance, the 

Meldahl miter gate on the Ohio River suffered an extreme case of quoin gap, leading to 

extensive cracking in the pintle region where the hydrostatic load was concentrated 

upon its redistribution [9]. 

The analysis of data from SHM systems is typically conducted using Predictive 

Maintenance (PdM) algorithms. PdM involves the transformation of raw sensor data 

into valuable information. The insights, trends, and patterns drawn from raw sensor data 

using PdM are at the essence of scheduling preemptive maintenance repairs when 

needed before the issues escalate to failures. In this regard, PdM algorithms can be 

classified into three groups: physics-based, data-driven, and hybrid [10]. In the area of 

data-driven algorithms, PdM employs advanced Articifical Intelligence (AI) and ML 

models to detect deviations from established patterns and expected behaviors, also 

known as anomalies [11]. These models are divided into two main categories, 

supervised and unsupervised. In supervised PdM, the input data encompasses labeled 

events, unlike unsupervised PdM, which lacks labeled events for evaluation. Applying 

unsupervised PdM on miter gates, Eick et al. [6] utilized a PCA to capture significantly 

different slope measures in the Greenup lock and dam and validated the approach using 



a finite element model. In [6], the slope measure, derived as a gap damage-sensitive 

feature, is calculated as the change in strain values as a function of load resulting from 

chamber water level during filling or emptying events. Another study then used 

Bayesian neural networks to estimate the gap depths for the same structure [9]. 

This paper is focused on the application of a fully data-driven PdM algorithm on a 

miter gate structure using an ensemble anomaly detection technique. While different 

anomaly detection methods have varying strengths and weaknesses, combining results 

from multiple algorithms reduces the risk of false positives, making the anomaly 

detection framework more robust and reliable. Furthermore, this work integrates sensor 

fusion, such that the records of multiple sensors are analyzed jointly after the extraction 

of time-segmented features, designating key characteristics of raw signals. The 

ensemble anomaly detection results aim to provide a single, intuitive metric for 

maintenance engineers to extract actionable insights from the data. The daily predictions 

resulting from anomaly detection are further analyzed and compared with the original 

sensor data and other exogenous variables, providing additional insights into the 

reliability of the developed ensemble learning. 

 

 

METHODOLOGY 
 

The methodology for this research is split into five steps. (1) Data is preprocessed 

to retain strain responses that correspond to either filling or emptying events of the lock 

chamber. (2) Several statistical features are extracted for each sensor after applying a 

fixed length window time series segmentation. (3) Features are first normalized and are 

then reduced in dimension through the application of PCA to optimize the performance 

of the ML algorithms. (4) Five different anomaly detection methods are unified in an 

ensemble learning framework and applied to the selected joint sensor data components. 

(5) The data-driven results of the test set undergo an in-depth evaluation in attempt to 

support the PdM decisions by comparing with individual original strain sensor data, 

measured exogenous variables, and previously established physics-driven damage 

methods. Figure 1 illustrates the top-level block diagram of the data analysis pipeline. 

Before training ML algorithms for anomaly detection, various preprocessing steps 

are applied to clean the data. These steps include handling missing values, removing 

duplicates, standardizing formats, eliminating unnecessary or corrupt columns, and 

addressing anomalies caused by data quality issues. Next, the data undergo a filtering 

process to remove time periods where no filling or emptying events are happening. This 

step aims to remove strain values corresponding to time periods outside of lockage 

events when the change in strain values is minimal, thus yielding negligible relevance. 

 

 

 
Figure 1. Visualization of the data analysis pipeline 



Feature extraction is performed in the time domain across each time interval to make 

these data more manageable and informative for model training. A moving window is 

applied to segment the time-series signals and extract statistical features from each 

column within every segmented interval. For each column, eight statistical features are 

computed: absolute mean, absolute maximum, standard deviation, root mean square, 

kurtosis, skewness, peak-to-peak amplitude, and entropy. The moving window is 

configured to use non-overlapping time windows in this study to streamline the process 

and maintain clarity in our approach. To reduce the dimension of the extracted features, 

PCA is applied. PCA transforms the large set of features into a smaller set of variables 

while retaining important information.   

In this study, five popular anomaly detection algorithms are explored: K-Means 

Clustering, Gaussian Mixture Model (GMM), Isolation Forest, one-class Support 

Vector Machine (SVM), and Mahalanobis Distance. K-Means Clustering and GMMs 

group data points based on similarities, either by distance or density, with outliers 

identified by their deviation from the cluster. Although Isolation Forest and one-class 

SVM are derived from supervised learning, they are applied in an unsupervised context. 

Isolation Forest focuses on the "few and different" nature of anomalies [12], while one-

class SVM defines a hypersphere to separate normal data points from anomalies. 

Mahalanobis Distance is a robust multivariate metric that quantifies the distance 

between a data point and a distribution, making it effective for identifying outliers that 

differ significantly from the normal distribution. However, each of these anomaly 

detection algorithms comes with its own limitations. For example, K-Means Clustering 

struggles when clusters have irregular shapes [13], and Isolation Forest tends to detect 

only local anomaly points [14]. The performance of any algorithm is highly dependent 

on the underlying structure of the data. To avoid the dilemma in choosing the optimal 

method in the absence of evaluation data and ensure reliable and robust results, an 

ensemble approach is proposed. 

A critical component of the anomaly detection system is the decision-level fusion 

process. It combines the outputs of the above anomaly detection algorithms—each 

contributing with varying confidence levels—into a unified anomaly indicator. This 

aggregated signal is then normalized to produce a final anomaly score. To optimize the 

ensemble’s performance, individual algorithm outputs are weighted according to their 

respective confidence levels. The system generates a data frame containing timestamps 

and the corresponding ensemble-based anomaly scores. Figure 2 illustrates how each 

anomaly detector assigns a binary label to each data instance: ‘0’ for 'no anomaly 

detected' and ‘1’ for 'anomaly detected.' To compute the normalized anomaly score at a 

given instance, a weighted average of these binary labels is calculated across all 

detectors, as detailed below:     

 

𝑆𝑐𝑜𝑟𝑒 =  (∑ 𝑤𝑖𝑓𝑖

𝑛

𝑖=1
) (∑ 𝑤𝑖

𝑛

𝑖=1
)⁄  (1) 

  

Here, for a total of 𝑛 anomaly detectors, 𝑤𝑖 represents the user-defined weight assigned 

to the 𝑖′th detector, and 𝑓𝑖 denotes the binary label produced by the 𝑖′th detector. The 

resulting normalized anomaly score ranges from 0 to 1. 

To validate the described methodology, a thorough analysis is performed to uncover 

any underlying correlation between the scores and the measured sensor data. The 

analysis involves comparisons between the anomaly scores and the strain data, along 



 
 

Figure 2. Schema of the ensemble-based anomaly detection system 

 

 

with other exogenous variables. First, the anomaly scores are compared with the 

measured strain signal of all selected sensors. This step is indispensable for a 

preliminary visual investigation, exploring whether a high anomaly score detected 

across the components is associated with a deviation in the original data. More 

specifically, the daily resampled strain data is inspected for particular trends or patterns 

associated with the evolution of the daily anomaly score with time. Second, the 

relationship between strain sensors and water and air temperatures is also explored to 

determine whether the evolution of anomalies could be partly driven by environmental 

changes. The correlation between the resampled daily strain and temperature values is 

considered. Finally, the slope depicting the variation in strain value as a function of 

chamber water level is calculated in accordance with Eick et al. [6]. In this step, strain 

values for each filling and emptying events are isolated. For each event, the slope 

designating the rate of change in strain with respect to chamber water level is calculated 

by fitting a first-degree polynomial using the least square method. The slope is also 

examined at a day level by considering the absolute mean and absolute maximum 

values. Similar to previous efforts, the correlation between the anomaly score and 

calculated slope is then inspected.  

 

 

RESULTS 

 

To test the developed framework, we used a real example miter gate data from an 

in-service lock and dam. The miter gate is equipped with several strain sensors in 

addition to other sensors measuring exogenous variables (e.g., chamber water level, 

water temperature, air temperature). Since a higher load is typically exerted at the 

bottom of the miter gate, six strain sensors, corresponding to this region, were included 

 

 

 
Figure 3. Results of the ensemble-based anomaly detection model 



in this study. The sensor locations cover the pintle region and girders at the bottom of 

the gate. Remaining sensors in the same region were excluded due to severe data quality 

issues as captured by checks during data preprocessing. For the selected six sensors, 

data between November 2023 and June 2024 was employed for this analysis. After 

running PCA, five eigenvectors corresponding to five eigenvalues were selected such 

that they captured 93% of the variability. The selected components corresponding to 

November through April were used to train the ensemble algorithm, whereas the 

selected components for the months of May and June were used for testing. 

The resultant anomaly score for each day during the months of May and June are 

displayed in Figure 3. During the first half of May, the daily anomaly score is relatively 

low, with a few days exhibiting slightly higher scores. In the second half of May, the 

daily anomaly score escalates to become relatively higher than in the first half of the 

same month, with the score being almost constant across multiple days. This could be 

indicative of some sensors beginning to pick up an anomalous pattern in the structural 

response for consecutive days. After that, the anomaly score significantly increases, 

hitting a value of 1 at multiple days during the month of June. This suggests that all of 

the sensors are picking up the anomalous behavior as it propagates through the structure 

with time. Although there is a general amplification in the score, there are some 

fluctuations that can be observed. Such instances could be related to multiple factors, 

including data quality issues, data traces during preprocessing, or other external factors. 

Upon comparing the anomaly score with daily resampled strain sensor data, we 

examined that some strain sensors experienced an incremental drift with an upward 

trend starting mid-May (Figure 4). This pattern is in parallel with an increase in the 

anomaly score during the same period of time. The sensors exhibiting this relationship 

are Sensor1, Sensor3, Sensor4, and Sensor6. 

 

 

 
Figure 4. Daily resampled strain values 

 

 

 
Figure 5. Relationship between daily resampled strain values and water temperature 



 
Figure 6. Absolute mean daily slope damage-sensitive feature 

 

 

A consistent pattern between four individual strain sensors and the water 

temperature was identified. As shown in Figure 5, Sensor1, Sensor3, Sensor4, and 

Sensor6 demonstrate a positive correlation with water temperature. Such results may 

point to the need for retraining the anomaly detection model during each season to 

reduce variability pertaining to environmental factors. 

As for the relationship between the anomaly score and the slope measure, being a 

damage-sensitive feature, the computed daily absolute mean slope for each strain sensor 

is shown in Figure 6. Results did not reveal a clear relationship between the daily 

anomaly score and the daily slope calculated for each individual strain sensor. 

Moreover, we did not observe a consistent pattern across the slopes of individual 

sensors, except for a strong correlation between Sensor4 and Sensor5 and a moderate 

correlation between Sensor6 on one end and Sensor4 and Sensor5 on the other end. 

 

 

CONCLUSIONS 

 

This study presents efforts to detect anomalous multi-sensor behavior through a 

comprehensive data-driven approach encompassing ensemble learning and validation 

through physics-based relationships. The anomaly detection results exhibited an 

anomalous behavior becoming more salient with time, eliciting its consistency across 

the distinct sensors and its propagation along the isolated region. Moreover, the 

correlation between raw sensor behavior and the anomaly score as a function of time 

underscores the effectiveness of PCA’s multi-sensor data fusion technique in making 

anomaly detection algorithms efficient and reliable rather than conforming to large 

quantities of raw data. While the current examination of the relationship between strain 

and some exogenous variables uncovered some relationship between water temperature 

and strain sensors exhibiting a strong correlation with anomaly scores, the conformity 

between the anomaly score and the incremental drift observed in some sensor data could 

also indicate a localized plastic deformation or fatigue cracking on the upstream/skin 

plate, where these sensors are located. Moreover, different failure mechanisms have 

different physical randomness. Therefore, the validation of this PdM framework could 

be further enhanced using more complex physics-based models, such as an FE model 

or a fast emulator of an FE model being a surrogate model, capable of accurately 

assessing the damage mode in the miter gate at hand. Nevertheless, the physics model 

could benefit from a reduction in its computational effort by using data that corresponds 



to sensors exhibiting a consistent anomalous behavior throughout the testing time 

period. As a result, the surrogate model could be limited to the upstream/skin plate.  
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