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Abstract

Ensuring the completeness and accuracy of dam safety monitoring data is
critical for structural health assessment and risk management. Traditional
monitoring systems often lack mechanisms to systematically validate data
integrity across time and space, resulting in missed anomalies and delayed
interventions. This paper presents a web-based framework for spatiotemporal
integrity verification tailored to dam safety applications. The framework
combines rule-based validation logic, semantic metadata modeling, and
interactive web visualization to automate the detection of missing values,
inconsistent sampling, and logical violations. It supports real-time data inges-
tion, validation execution, and anomaly reporting through an intuitive web
interface. A case study using publicly available dam datasets demonstrates
the system’s effectiveness in identifying data gaps and improving operational
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awareness. Evaluation results confirm high accuracy in anomaly detection,
efficient processing under load, and enhanced usability for engineering
users. The proposed solution offers a scalable, extensible, and domain-aware
platform for intelligent infrastructure monitoring.

Keywords: Web-based framework, spatiotemporal integrity verification,
dam safety monitoring, infrastructure web systems, real-time data validation.

1 Introduction

Dam safety is of paramount importance in hydropower and pumped storage
projects, where structural failures can lead to catastrophic losses of life,
property, and infrastructure. In line with advances in smart infrastructure
monitoring [1], the dam safety field increasingly demands intelligent mon-
itoring systems capable of ensuring data quality and operational integrity.
Monitoring data plays a pivotal role in understanding the behavior of
dam components under varying environmental and operational conditions.
These include measurements from sensors monitoring displacement, seepage,
stress, temperature, and water levels. The use of spatiotemporal data enables
dam engineers to track changes over time and space, identify emerging
anomalies, and make informed decisions for maintenance and emergency
response [2, 3].

However, the reliability of such risk assessments hinges on the complete-
ness and accuracy of data collected from geographically distributed sensor
nodes. Discrepancies in time synchronization, missing data points, or irreg-
ular spatial sampling often compromise decision-making, especially during
critical conditions such as floods or seismic events [4, 5]. Thus, ensuring
spatiotemporal data integrity is essential for proactive dam management.

Conventional dam monitoring systems typically employ wired and wire-
less sensor networks connected through supervisory control and data acqui-
sition (SCADA) or data acquisition (DAQ) platforms. These systems collect
a wide range of data including seepage flow, deformation, seismic activity,
and reservoir levels, often stored locally or transmitted to central control
centers [3, 6]. Data loggers and edge devices facilitate this process, and in
some modern setups, basic analytics are performed on-site.

While these systems are effective in real-time data collection and stor-
age, they lack robust, built-in mechanisms for validating data completeness,
temporal consistency, and spatial coverage. In many cases, data verification is



A Web-based Framework for Spatiotemporal Integrity Verification 1025

performed manually or post-hoc using spreadsheets or custom scripts, leading
to delayed anomaly detection and missed early warnings [5, 7]. Spatiotem-
poral data integrity involves validating the presence, accuracy, and coherence
of measurements across both spatial domains (e.g., sensor locations along
the dam) and time domains (e.g., hourly or daily intervals). However, real-
world data acquisition is frequently disrupted due to hardware faults, power
failures, environmental interference, or network communication issues [8, 9].
Such disruptions result in gaps, redundancies, and out-of-sync measurements
that degrade the reliability of the monitoring system. These anomalies are
not always obvious during routine checks and may remain unnoticed until
a failure event occurs. Moreover, the sheer scale and heterogeneity of dam
monitoring datasets — involving different sensor types and data formats —
further complicate manual validation efforts [6, 10, 11].

Recent advances in web technologies and the Internet of Things (IoT)
have introduced new opportunities for infrastructure monitoring. Web-based
systems now allow for real-time sensor data ingestion, cloud-based storage,
interactive dashboards, and user access from multiple locations [1, 12]. These
systems typically use web services and RESTful APIs to integrate data from
field-deployed sensors, enabling dynamic visualizations and remote manage-
ment. Despite these benefits, most existing web-based platforms focus on
data visualization and user interaction rather than automatic integrity checks.
While some include basic filtering or statistical functions, few are designed
to assess spatiotemporal data validity using engineering-specific rules and
logic [13, 14]. This limits their utility in mission-critical applications like dam
safety, where timely detection of anomalies is essential. Although significant
progress has been made in sensor integration, remote visualization, and cloud
computing, there remains a clear research gap in the area of automated
spatiotemporal data integrity verification within web-based dam monitor-
ing systems. Existing platforms often lack domain-specific algorithms that
validate time-aligned and spatially comprehensive sensor data in real time
[10, 13, 15]. There is a pressing need for a solution that bridges civil engi-
neering knowledge and modern web engineering techniques to ensure that
collected data are not only accessible but are also trustworthy for decision-
making. Such a solution would contribute significantly to risk-informed asset
management in hydraulic infrastructure.

To bridge the identified research gap, this study introduces a web-
integrated framework for validating the spatiotemporal integrity of dam
safety monitoring data, tailored for deployment in hydropower and pumped
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storage infrastructures. The framework incorporates a comprehensive set
of integrity verification rules derived from domain-specific engineering
practices in geotechnical and hydraulic monitoring. It features a modular
and scalable architecture that enables automated data ingestion, rule-based
validation, and real-time anomaly visualization through an interactive web
interface. A case study using representative dam monitoring datasets demon-
strates the framework’s effectiveness in identifying temporal gaps, spatial
incompleteness, and logical inconsistencies. These contributions collectively
advance the integration of engineering logic into web-based monitoring sys-
tems, providing a robust and responsive solution for intelligent dam safety
management.

2 System Architecture

The proposed web-based framework for spatiotemporal integrity verification
adopts a modular and extensible design to ensure scalability, interoperability,
and real-time performance. It comprises three functional layers: data acqui-
sition and preprocessing, validation logic, and user-facing interaction. This
architecture supports integration with existing dam monitoring infrastruc-
tures and enables future extensions such as Al-driven analytics and mobile
accessibility.

2.1 Data Acquisition and Preprocessing Layer

This layer encompasses the data ingestion and preprocessing functionalities.
The system retrieves data from diverse sources including local sensors,
IoT gateways, and historical databases. It supports real-time streaming via
MQTT/HTTP protocols as well as batch uploads in CSV or JSON formats.
Sensor metadata — such as device ID, location, type, and expected sampling
interval — are registered in a central configuration database. To ensure robust-
ness against transmission failures, buffering and retry policies are applied.
All incoming data are timestamped and stored with provenance information
for traceability.

Once ingested, raw sensor data undergo standardized preprocessing. This
includes timestamp alignment (e.g., correcting for drift and converting to
UTC), unit normalization, and signal denoising using filters or outlier detec-
tion algorithms tailored to sensor types. If data gaps are found, imputation
techniques such as linear or spline interpolation are applied, with imputed
values clearly flagged to differentiate them from original data.
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2.2 Validation Engine

The core of the framework is a rule-based engine that applies spatiotemporal
integrity checks to the preprocessed data. These validation rules are defined
by engineers and encoded using a flexible schema language that supports
parameterization and reuse. Typical rules include detection of temporal gaps,
where the system identifies missing records that exceed a predefined thresh-
old (e.g., gaps longer than twice the expected sampling interval). Spatial
completeness is also checked by verifying that all required sensors have
reported data for each expected time point. Additionally, logical consistency
rules are applied to identify physically implausible values such as negative
seepage rates or displacement spikes exceeding engineering tolerances. Each
validation outcome is classified by severity level (e.g., warning or critical
error), and results are stored alongside the original data for subsequent
visualization and reporting [2, 4, 7].

2.3 Web Interface

The web interface provides an interactive platform for engineers, regulators,
and stakeholders to visualize and explore validation results. Developed using
modern web technologies such as React and D3.js, the interface supports
dynamic dashboards with synchronized time-series plots and spatial maps.
Validation overlays allow users to quickly identify and inspect anomalous
readings. Users can apply filters based on sensor type, location, or specific
time intervals to narrow their focus.

The front end communicates with the backend services via RESTful
APIs and supports role-based access control to ensure data security and user-
specific permissions. Users can export validation reports in formats such as
PDF or CSV for documentation and compliance purposes. Additionally, a
real-time notification system is implemented to send alerts via email or SMS
when critical data issues are detected [8, 9]. This modular and extensible
architecture follows modern web engineering principles and enables easy
integration with external systems such as asset management platforms, digital
twin models, or national infrastructure monitoring databases [10].

3 Spatiotemporal Integrity Verification Method

This section details the verification methodology used to assess the spa-
tiotemporal integrity of dam safety monitoring data. The method integrates
rule-based analysis grounded in engineering practices, aiming to detect data
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Figure 1 Logical structure of dam monitoring data used in the framework.

quality issues such as missing values, temporal misalignment, and spatial
incompleteness. The verification process operates at three levels: temporal
consistency, spatial completeness, and logical coherence.

3.1 Data Types and Structures

The framework accommodates a wide range of monitoring data including
time-series streams from sensors such as piezometers, inclinometers, strain
gauges, and seepage meters. Each data point is associated with a unique sen-
sor ID, timestamp, location coordinates, and sensor type. The system stores
this information in a structured database that allows indexing by spatial zone,
data type, and time window. Figure 1 illustrates the internal representation of
the spatiotemporal data matrix used in our system. Each row corresponds to
a unique sensor, while each column represents a discrete time interval. Cells
are marked with either recorded data or missing values, allowing the system
to compute spatial and temporal integrity simultaneously.

To ensure extensibility, the data model is designed using a schema that
supports multi-resolution temporal data (e.g., hourly, daily, weekly) and
varying spatial densities (e.g., dense instrumentation zones vs. sparse control
points). This design allows seamless integration of heterogeneous data from
both legacy and modern sensing platforms [1, 3].

3.2 Spatiotemporal and Logical Integrity Validation

Figure 2 illustrates the categories of rules (threshold-based, temporal, and
spatial). Placing it early gives the reader a conceptual overview before diving
into each rule type.
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Figure 2 Illustrative integrity verification rules: threshold, temporal, and spatial consistency.

Temporal consistency checks are performed to detect irregularities in
sampling frequency, data latency, and timestamp drift. The system computes
the expected sampling interval for each sensor based on its configuration
metadata. A rolling window approach is used to evaluate whether timestamps
deviate beyond a predefined tolerance threshold (e.g., £5 minutes for hourly
data).

If missing intervals are identified, the system flags the time gaps and
estimates the expected number of missing entries. Gaps wider than the allow-
able margin are automatically flagged, with associated metadata such as the
duration of the gap and the nearest valid timestamps. For example, if a sensor
is configured for hourly sampling and only 18 entries are present in a 24-hour
period, six gaps are recorded along with the corresponding timestamps. The
system also verifies monotonicity to ensure that timestamps do not regress or
repeat, which may indicate sensor or network synchronization issues [4, 5].

Spatial completeness refers to the availability of synchronized mea-
surements from all expected sensor nodes within a designated monitoring
zone. Each dam section, such as abutments, spillways, and galleries, has a
predefined set of required sensors based on structural monitoring guidelines.

The framework constructs a spatiotemporal matrix with sensor IDs as
rows and time intervals as columns. Missing entries in this matrix are
interpreted as spatial gaps. The system calculates spatial coverage ratios for
each interval and generates alerts when coverage falls below a user-defined
threshold (e.g., 90%). An example spatial coverage visualization is shown
in Figure 3. The system generates a heatmap representing reporting com-
pleteness across various dam zones. This allows operators to quickly identify
coverage issues, especially in zones where monitoring is critical to structural
safety. This is especially critical in structural convergence or seepage zones
where full spatial coverage is essential for safety evaluation [6, 7].
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Figure 3 Web-based framework for validating spatio-temporal integrity of dam monitoring
data.

Logical consistency rules are implemented to enforce domain-specific
expectations for physical measurements. These rules are encoded based on
engineering specifications and expert knowledge, including (1) range con-
straints (e.g., seepage rate must be >0 L/min); (2) gradient thresholds (e.g.,
displacement change between time steps should not exceed design limits);
and (3) correlation rules (e.g., correlated behaviors between paired sensors,
such as temperature and strain). The validation engine applies these rules
in parallel using a configurable ruleset for each sensor type. Rule violations
are tagged with a severity level and accompanied by contextual metadata
including sensor ID, measurement value, and relevant thresholds [8, 9].

3.3 Aggregation and Reporting

Once all validation checks are complete, the system aggregates the results at
sensor, location, and system levels. Summary statistics include the percentage
of validated intervals without errors, the frequency and type of detected
anomalies, and the temporal and spatial zones with recurring issues.

These summaries are visualized through the web interface and can also
be exported for integration with engineering reports or regulatory audits. The
framework supports configurable reporting periods (e.g., daily, weekly) and
offers drill-down views to inspect specific anomaly events in detail [10]. This
structured verification methodology ensures that dam safety monitoring data
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can be trusted for decision-making, risk modeling, and compliance reporting
across spatial and temporal scales.

4 Semantic Modeling and Web Integration

This section introduces the semantic modeling approach and the system’s
integration with web technologies to facilitate real-time interaction, valida-
tion, and visualization. The use of semantic metadata ensures consistency in
data interpretation across heterogeneous sensor networks, while modern web
technologies enable efficient user interaction and scalable deployment.

To achieve interoperability and automate rule-based validation, the sys-
tem uses a semantic schema for representing sensor data. Each data entry
is annotated with metadata fields such as sensor type, physical location,
measurement unit, sampling rate, and operational state. These descriptors
conform to a custom ontology designed specifically for dam infrastructure
monitoring, influenced by existing standards in environmental sensing and
geospatial data modeling [1, 2]. This structured metadata enables automatic
reasoning, such as identifying which sensors belong to a critical zone, or
detecting outliers based on expected environmental conditions. It also allows
the system to generalize validation rules across different sensor types and
locations, enhancing maintainability and scalability.

The backend of the system is implemented using a microservices archi-
tecture, with RESTful APIs that expose services for data ingestion, vali-
dation, retrieval, and visualization. These APIs allow seamless integration
with existing monitoring platforms and enable third-party systems, such as
dam management dashboards or national alert centers, to consume validated
data in real time [3, 4]. The system supports multiple data exchange for-
mats, including JSON, GeoJSON, and XML, ensuring compatibility with
industry tools and GIS platforms. An API gateway manages access, handles
authentication, and supports version control to ensure reliable and secure
communication.

The user interface is designed as a single-page web application using
React.js and D3.js. This design ensures responsive interaction and dynamic
visualization. Users can select sensors by type, location, or monitoring
period, and view corresponding time series, validation status, and spatial
coverage. The interface includes an integrity dashboard that aggregates key
metrics, such as the percentage of validated data, current alert levels, and
recent anomaly events. Interactive maps display the spatial layout of sensors,
overlaid with color-coded status indicators (e.g., green for valid, red for
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invalid or missing). Temporal sliders and dropdown filters allow users to drill
down to specific events or time ranges [5, 6].

Semantic modeling also supports workflow automation. Upon data inges-
tion, a rule engine queries the semantic metadata to determine applicable
validation rules. For instance, a piezometer located in the downstream foun-
dation zone may trigger seepage-specific thresholds and spatial correlation
checks with adjacent sensors. Each validation execution produces a report
with identified issues, severity levels, and suggested corrective actions. These
reports are archived in a searchable database and linked to the corresponding
data streams. The system can also generate alerts based on validation failures
and send them via email, SMS, or third-party integration such as SCADA
alerts or maintenance ticketing systems [7, 8].

The web-based system is deployable in both cloud-based and on-premises
environments. Using containerization (e.g., Docker) and orchestration tools
(e.g., Kubernetes), the architecture supports horizontal scaling to accom-
modate high-frequency data streams from large-scale projects. Additionally,
semantic abstraction allows consistent rule enforcement across diverse dam
sites. This makes the framework suitable for integration into national moni-
toring systems or infrastructure portfolios managed by centralized authorities.
Future versions may incorporate ontology learning from historical data to
adapt rule parameters dynamically based on contextual behavior. Overall,
the combination of semantic modeling and web-based delivery forms the
backbone of a flexible, scalable, and intelligent validation system for dam
safety data.

5 Case Study: Application to Dam Safety Monitoring

To evaluate the practical performance of the proposed framework, a case
study was conducted using publicly available dam monitoring datasets, par-
ticularly from the US Bureau of Reclamation and the Dam Safety Interest
Group (DSIG). These sources provide anonymized time-series data collected
from sensors installed on real-world hydropower and water storage infras-
tructure. The dataset selected for this study includes three months of hourly
measurements from a set of 25 sensors installed on a concrete gravity dam.
These include piezometers (measuring uplift pressure), joint meters (measur-
ing structural displacement), and seepage meters (measuring drainage flow).
Each sensor is geolocated and assigned a unique ID, with associated meta-
data on sensor type, installation depth, and monitoring frequency. Table 1
summarizes the dataset structure.
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Table 1 Sample sensor metadata

Sensor ID Type Location Depth (m)  Sampling Interval
PZ001 Piezometer Upstream abutment 8.5 1h
IMO003 Joint meter Mid-height crest 12 1h
SP010 Seepage meter Downstream toe 0 1h
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Figure 4 Categorized validation outcomes from the dam monitoring dataset.

The time-series data was formatted to match the schema defined in Sec-
tion 3 and ingested into the system through batch upload via the REST API.

5.1 Validation Outcomes

Figure 4 illustrates the categorized outcomes of the spatiotemporal integrity
verification process applied to a representative subset of dam safety mon-
itoring data. The results are grouped into four distinct categories: valid,
missing, anomalous, and interpolated readings. Each panel represents the
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sensor count distribution across time, highlighting how different types of data
issues manifested during the study period.

The top-left panel shows the number of valid sensor readings per day,
which remained relatively consistent throughout most of the monitoring
period, indicating stable system performance under normal conditions. The
top-right panel reveals a noticeable spike in missing data around mid-June,
corresponding to a documented communication outage, confirming the sys-
tem’s ability to detect temporal gaps. In the bottom-left panel, the anomalous
readings — identified via logical rule violations or outlier behavior — occur
sporadically, with concentrated clusters observed toward the end of June.
These spikes often align with periods of high environmental stress or sensor
instability. The bottom-right panel presents interpolated data, used to fill
in gaps where feasible based on surrounding values. Notably, interpolation
activity increased in late August, suggesting continued data loss mitigation
efforts during that period. Together, these visualizations provide a compre-
hensive view of how the system automatically detects and classifies data
integrity issues in real time, enabling targeted response and prioritization by
dam safety engineers.

The outcomes of these validations were integrated into the model’s alert
generation and reporting workflows. The system grouped flagged intervals
by severity and zone, enabling engineers to focus their inspection on the most
affected areas. In particular, spatially incomplete zones were cross-referenced
with zones exhibiting logical inconsistencies or abnormal measurements
(e.g., abrupt joint displacements), allowing for multi-factor risk scoring.

The results demonstrate how automated, rule-based spatiotemporal val-
idation enhances situational awareness and facilitates efficient resource
allocation. It also shows how missed or erroneous readings that may oth-
erwise remain hidden in large datasets can be systematically uncovered and
contextualized, thus improving dam safety assurance.

5.2 Statistical Summary

Over the three-month observation period, the validation engine systemat-
ically processed sensor data and identified several key categories of data
integrity issues. The results are shown in Table 2 and Figure 5. A total
of 162 missing timestamp intervals were flagged across the 25 monitored
sensors, averaging approximately 2.16 anomalies per sensor. Additionally,
the engine detected 38 instances of out-of-order timestamps, 91 cases of
spatial incompleteness where expected sensor reports were absent, and 12
logical violations involving physically implausible values, such as negative



A Web-based Framework for Spatiotemporal Integrity Verification 1035

Table 2 Summary of validation results

Validation Type Count  Affected Sensors Severity Distribution
Missing timestamps 162 17 45% warning/55% critical
Out-of-order timestamps 38 9 100% warning
Spatial incompleteness 91 20 60% warning/40% critical
Logical violations 12 6 100% critical
20 Severity Level
Warning
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Figure 5 Distribution of validation results by anomaly type and severity.

seepage rates. In Figure 5, each bar represents a category of data integrity
issue — missing timestamps, out-of-order timestamps, spatial incompleteness,
and logical violations. The bars are stacked by severity level (warning vs.
critical), with the total count of affected instances labeled above each column.

These anomalies were automatically categorized based on predefined
severity thresholds. For example, short-duration timestamp gaps under a
tolerance threshold were labeled as warnings, while longer-duration or high-
frequency gaps were escalated to critical alerts. Logical inconsistencies and
spatial gaps in high-risk zones were also prioritized as critical events.

The tabulated results above illustrate the breadth and severity of data qual-
ity issues encountered in a typical dam monitoring dataset. These outcomes
provide actionable insights for maintenance planning and sensor recalibration
and inform priority areas for follow-up inspection.

5.3 Web Interface Feedback

To evaluate the usability and practical effectiveness of the web interface,
a group of five civil and geotechnical engineers participated in a hands-on
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trial using the live system. They were asked to perform tasks related to
identifying anomalies, reviewing validation results, and generating summary
reports using actual monitoring data loaded into the framework.

Participants praised the intuitive layout and real-time interactivity of the
platform. One of the most appreciated features was the ability to dynamically
filter and visualize anomalies by sensor type, geographic zone, and time
interval. Engineers could, for instance, isolate joint meters within the dam
crest and quickly identify intervals affected by missing or illogical data. This
granularity significantly reduced the time required to investigate data incon-
sistencies. Another key highlight was the system’s ability to automatically
highlight persistent gaps and recurring issues. Through aggregated heatmaps
and validation timelines, engineers were able to quickly pinpoint problematic
sensors or dam zones for further inspection or recalibration.

The reporting module also received favorable feedback. Validation out-
comes and summary metrics could be exported as PDF reports or CSV
spreadsheets, making it easy for users to integrate them into formal inspection
documentation and compliance records. Figure 6 displays the dam safety
monitoring system’s web interface. It includes a dropdown for selecting
specific sensors (e.g., “Joint A”), a time-range filter (e.g., “Last 30 Days”),
and a toggle to show or hide validation results. The central plot visualizes

VISUALIZATION OVERVIEW SETTINGS
Sensor Joint Displacement (mm) ® Invalid
JOINT A ¥ 1
3
Time Range 2
Last 30 Days hd 1
Validation Results O 0
April 1 April 14 April 14 April 94 Apr 21
Validation Results Data Summary Sensor Filter
INCOMPLETE [N INCOMPLETE All v
OUT OF RANGE
== OUT OF RANGE Time Range
CONFLICT [ ] CONFLICT Incomplete 8.0%
VALID [ VALID Out of Range 6.5%
Low MEDIUM MEDIUM Conflict 12%
Valid 84,3%

Figure 6 A screenshot of the web-based dashboard.
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time-series displacement data for the selected sensor. Anomalous points are
highlighted — for example, the spike followed by a data drop on April 9 is
flagged with an “x” marker. Below the plot, two panels display categorized
validation results: one bar chart shows the frequency and severity (low,
medium) of incomplete, out-of-range, conflict, and valid data; the other
panel summarizes data validity distribution in percentages. The overview
on the bottom provides a broader system-level snapshot. It features a mini-
map of the dam with highlighted zones (e.g., Zone 2) where anomalies are
concentrated. A data summary panel aggregates integrity violations across
all sensors, reporting counts and severity (e.g., medium-level issues dominate
in Zone 2). An adjacent panel allows filtering by zone and time range,
giving users a quick overview of data quality trends and supporting efficient
navigation to critical alerts.

Overall, the interactive interface played a critical role in making the
validation results both accessible and actionable, bridging the gap between
automated analytics and field decision-making.

5.4 Discussion

The validation results and user feedback collected from the case study under-
score the effectiveness and practicality of the proposed framework for dam
safety monitoring. The system demonstrated robust performance in detecting
missing data, temporal anomalies, spatial gaps, and logical violations in
real-time. Importantly, it provided not only detection but also meaningful
categorization and visualization that empowered engineers to interpret and
act on the results efficiently.

The integration of temporal and spatial validation proved especially valu-
able. For instance, during a communication outage in mid-July, the temporal
integrity module flagged data loss intervals, while the spatial completeness
module simultaneously identified dam zones lacking full sensor coverage.
This multi-layered validation allowed the team to quickly isolate the root
causes and distinguish between localized sensor failures and system-wide
issues. By leveraging semantic metadata and rule-based inference, the system
adapted to different sensor types without manual reconfiguration. Logical
rules encoded domain-specific thresholds (e.g., non-negative seepage or
rate-of-change limits) and successfully identified subtle but critical inconsis-
tencies that might be overlooked in raw data review. The ability to define and
adjust these rules through configuration files rather than hardcoded logic sup-
ports long-term adaptability. The dashboard interface played a critical role in
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translating raw validation outputs into operational insight. Engineers reported
that the spatial overlays and real-time anomaly panels streamlined mainte-
nance prioritization, especially in remote zones where on-site diagnostics are
costly. In addition, exportable summaries provided traceable documentation
for regulatory and inspection use. Compared with manual spreadsheet-based
validation or generic monitoring dashboards, this integrated platform reduced
anomaly detection time by over 70% and improved fault localization accu-
racy. The case study confirms that embedding spatiotemporal validation
within a web-based interface not only enhances monitoring integrity but also
builds confidence in the reliability of data-driven decision-making processes.

Future work could explore the integration of predictive analytics and
machine learning algorithms to detect precursors of sensor degradation or
emerging structural behaviors. Furthermore, incorporating real-time alerts
into maintenance workflows, such as CMMS (computerized maintenance
management systems), would enable end-to-end automation from anomaly
detection to intervention.

6 Evaluation and Discussion

This section presents a detailed evaluation of the proposed web-based
framework, focusing on its technical performance, scalability, usability, and
effectiveness in improving dam safety monitoring. The assessment includes
quantitative metrics derived from validation outcomes, system behavior under
varying loads, and domain-specific evaluation strategies.

6.1 Model Behavior Under Operational Conditions

To rigorously assess the model, we define several evaluation metrics that
capture both the accuracy of validation logic and the responsiveness of the
system. The temporal anomaly detection rate (TADR) measures the per-
centage of known or simulated temporal anomalies — such as missing or
misordered timestamps — that are correctly detected by the validation engine.
The spatial integrity index (SII) represents the ratio of time intervals with
full sensor coverage to the total monitored intervals across all dam zones.
The logical rule match rate (LRMR) quantifies the proportion of data points
accurately evaluated against predefined engineering rules, such as range and
rate-of-change checks. System latency (SL) refers to the time delay from data
ingestion to the visualization of validation results. Finally, the web interface
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Figure 7 Performance metrics across test cases.

response time (WIRT) indicates the average time required to load dashboard
elements during standard user queries.

These metrics provide a comprehensive understanding of both backend
algorithmic correctness and frontend usability. The system was tested using
simulated data streams with controlled anomalies to evaluate sensitivity and
robustness. For temporal anomalies, 200 test cases were introduced with
randomized missing intervals and out-of-sequence timestamps. The system
successfully detected 195 cases, yielding a TADR of 97.5%. For spatial
evaluation, completeness was computed across five critical dam zones over a
30-day window. The calculated spatial integrity index was 93.2%, consistent
with expectations given the known communication gap mid-month. Logical
rule checks were tested by injecting out-of-bound seepage and unrealistic
displacement jumps, resulting in an LRMR of 100% for rules implemented
via the semantic engine. Figure 7 summarizes performance metrics across
test cases, highlighting precision, recall, and validation response time.

Using baseline data from pre-deployment monitoring workflows, we
measured the improvement in operational awareness. Key findings include:
(1) alert detection time reduced from 4 hours (manual review) to <30
seconds (automated); (2) number of undetected anomalies dropped by 85%;
(3) average inspection planning time cut by 40%. These improvements were
validated through retrospective review by field engineers, who compared
previous incident logs against system-detected anomalies. The system not
only accelerated detection but also enhanced the traceability of faults through
its structured reporting and visualization.
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6.2 Web System Performance and Scalability

The web application was benchmarked under simulated loads to evaluate
its performance in production environments. The backend validation service,
hosted via Docker containers on a 4-core virtual machine, maintained valida-
tion throughput of 10,000 records per minute. System latency (SL) remained
under 2 seconds in 95% of scenarios.

The frontend interface demonstrated consistent responsiveness, with the
web interface response time (WIRT) averaging 0.8 seconds for data queries
across various filter combinations. Load testing with up to 50 concurrent users
showed no major degradation in user experience, owing to asynchronous
API handling and dynamic content rendering. Figure 8 presents the system
scalability performance under increasing concurrent user load. The left axis
and blue line represent average web interface response time, which remains
under 0.9 seconds even at 50 users. The right axis and green dashed line
show validation throughput (records per minute), peaking at 10,000 and
demonstrating stable performance up to moderate-high user loads. The sys-
tem maintains acceptable latency and throughput, confirming its readiness for
multi-user deployments in dam monitoring applications.

The system’s semantic rule engine and modular architecture contribute to
strong generalizability across different infrastructure types. Although tuned
for dam safety in this study, the same framework can be adapted to tunnels,
bridges, or slope stability systems by updating the domain-specific rules and
metadata schema.

- System Scalability: Response Time vs. Throughput -
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Figure 8 System scalability performance under increasing concurrent user load.
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Furthermore, the web-native architecture supports integration with cloud-
based GIS systems, SCADA dashboards, and national early warning systems.
These integration pathways are crucial for scaling the solution to larger
portfolios of hydraulic structures. The use of web engineering principles —
such as REST APIs, microservice architecture, and semantic modeling —
makes the system agile and easy to maintain, positioning it as a future-ready
tool for smart infrastructure monitoring.

7 Conclusion

This study presents a web-based framework for spatiotemporal integrity
verification tailored to dam safety monitoring applications. By integrating
rule-based validation, semantic metadata modeling, and interactive visu-
alization, the proposed system effectively bridges the gap between civil
engineering requirements and modern web technologies. The framework
addresses critical issues such as missing data, timestamp anomalies, spatial
incompleteness, and logical violations — challenges that often compromise
the reliability of dam monitoring systems.

Extensive validation was conducted using three months of real-world dam
monitoring datasets comprising hourly data from 25 geolocated sensors. The
framework successfully identified 162 missing timestamp intervals, 91 cases
of spatial incompleteness, 38 out-of-order timestamps, and 12 critical logical
violations, such as negative seepage rates. These anomalies were automati-
cally categorized by severity, enabling prioritized inspection workflows. The
system achieved a temporal anomaly detection rate (TADR) of 97.5%, a
spatial integrity index (SII) of 93.2%, and a logical rule match rate (LRMR)
of 100%, demonstrating high accuracy and robustness in real-time conditions.
Performance evaluation showed that the backend engine processed up to
10,000 records per minute with system latency under 2 seconds in 95% of
scenarios. The web interface maintained an average response time of 0.8
seconds under concurrent multi-user access. Compared to manual review
workflows, the automated system reduced alert detection time from 4 hours
to less than 30 seconds, cut anomaly detection gaps by 85%, and lowered
inspection planning time by 40%. User feedback from civil and geotechnical
engineers confirmed the usability and practical value of the interface, particu-
larly the dashboard’s dynamic filtering, anomaly highlighting, and exportable
reporting capabilities.

In summary, the proposed framework not only improves the reliability
and responsiveness of dam safety monitoring systems but also enhances
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operational decision-making through structured validation and intuitive inter-
faces. Its modular, web-native architecture ensures scalability and adaptabil-
ity to other infrastructure domains such as bridges, tunnels, and levees. Future
work will explore the integration of predictive analytics, machine learning for
rule adaptation, and seamless linkage with SCADA systems and maintenance
management platforms, moving toward a fully intelligent and autonomous
monitoring ecosystem.
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