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Abstract

Subgrades are vulnerable to hydrological effects, repeated loading, and material degra-
dation, which may induce settlement, voids, loosening, and differential deformation and
ultimately threaten the safety and serviceability of transportation infrastructure. With
the growing demand for continuous and intelligent condition assessment, conventional
single modality inspection methods are increasingly insufficient for complex field environ-
ments. This paper reviews recent advances in intelligent subgrade inspection and distress
identification following a “sensing—identification-application” framework. Multi-physics
sensing technologies, including ground-penetrating radar, elastic-wave testing, intelligent
compaction, and embedded sensing, are summarized with emphasis on their applicable
distress types, sensing characteristics, and life-cycle stages. Al-based methods for distress
identification and condition prediction are then discussed, covering image recognition,
object detection, semantic segmentation, time-series forecasting, and physics-informed
data fusion. Engineering applications involving vehicle, rail, UAV, and robot-based inspec-
tion platforms are also examined. Future research should focus on multisource sensing
fusion, stronger integration of data-driven models with engineering mechanics, improved
cross-scenario adaptability, and closer links between inspection results and maintenance de-
cisions. These advances are expected to support a transition from passive distress detection
toward proactive prediction and intelligent infrastructure management.

Keywords: subgrade engineering; distress identification; multi-physics sensing; deep
learning; condition prediction

1. Introduction

Subgrade engineering forms the principal load-bearing foundation of railway and
highway infrastructure, and its service condition directly affects traffic safety, service
life, and maintenance cost. With the operating mileage of high-speed railways in China
exceeding 45,000 km and that of expressways exceeding 180,000 km, ensuring the long
term performance of subgrade structures has become a central issue in transportation
infrastructure operation and maintenance [1].

In recent years, extensive research has addressed subgrade condition inspection and
distress identification using GPR, elastic-wave testing, intelligent compaction, fiber-optic
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sensing, machine learning, and deep learning [2—4]. Existing reviews have generally fo-
cused on individual inspection techniques, sensing and monitoring methods, or intelligent
identification of subsurface distresses, providing important references for technological de-
velopment [5,6]. However, a unified framework is still lacking for systematically explaining
the complementarity among sensing modalities, the linkage between intelligent identifica-
tion algorithms and engineering inspection platforms, and the complete technical chain
through which inspection results are ultimately translated into maintenance decisions.

The contribution of this review lies not merely in bringing together different sens-
ing technologies and intelligent algorithms, but in establishing an integrated analytical
perspective on their relationships and engineering applicability. Specifically, this review
links characteristic subgrade distresses and their physical responses to sensing modalities,
data characteristics, and suitable intelligent analysis tasks. It further examines how these
methods correspond to different inspection platforms and operational requirements, while
critically assessing their limitations in field validation, cross-scenario generalization, com-
putational efficiency, and engineering implementation. By connecting these aspects within
a unified “sensing-identification-application” framework, this review aims to clarify not
only what technologies are available, but also why particular combinations may be suitable
for specific inspection tasks, under what conditions their performance may be limited, and
what remains necessary for reliable engineering deployment.

Accordingly, this review examines intelligent subgrade inspection through an inte-
grated “sensing-identification—application” framework. It first analyzes typical subgrade
distresses and their physical characteristics to establish the inspection requirements associ-
ated with different distress mechanisms. It then reviews multi-physics sensing technologies,
including ground-penetrating radar (GPR), elastic-wave testing, intelligent compaction,
and embedded sensing, with emphasis on the physical information they provide and their
respective limitations. Subsequently, deep-learning-based identification and prediction
methods are examined in relation to their input data, analytical tasks, and engineering
applicability. The review further investigates the integration of these methods with vehicle-
mounted, rail-mounted, UAV-based, and robotic inspection platforms, considering field
validation, environmental adaptability, model generalization, computational efficiency,
economic feasibility, and relevant technical standards. Finally, it synthesizes the remaining
challenges and research opportunities in multimodal sensing fusion, physics-informed
intelligence, and the transition from distress identification to engineering assessment and
maintenance decision-making, as illustrated in Figure 1.

This study adopts a narrative and critical review approach to examine advances in
intelligent inspection and distress identification for transportation subgrades. Relevant
publications were identified through Web of Science, Google Scholar, ScienceDirect, and
SpringerLink. The literature search focused on combinations of keywords related to
transportation subgrades, subgrade distress, ground-penetrating radar (GPR), elastic-wave
testing, intelligent compaction, fiber-optic sensing, deep learning, distress identification,
condition prediction, and automated inspection. In addition, relevant references cited in
the identified publications were examined to identify representative studies related to the
review objectives.
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Figure 1. Intelligent subgrade inspection: from data sensing and distress identification to engineering
applications (created by author).

Selection of the literature was guided primarily by the relevance of each study to sub-
grade distress mechanisms, sensing technologies, intelligent identification and prediction
methods, or engineering inspection applications. Particular attention was given to studies
providing clear descriptions of their methods, experimental conditions, evaluation results,
or practical implementation. Research concerning closely related pavement and railway-
track structures was also considered where its findings offered relevant methodological or
engineering insights for subgrade inspection. Publications with limited relevance to the
review scope or insufficient technical information were not prioritized.

The selected literature was organized and critically analyzed using a thematic and
comparative approach. The assessment considered the physical characteristics of the
target distresses, sensing mechanisms and limitations, data requirements, intelligent anal-
ysis tasks, reported performance, field-validation evidence, environmental adaptability,
computational efficiency, and engineering deployment constraints. These analytical di-
mensions were used to establish relationships among distress characteristics, sensing
methods, intelligent algorithms, and inspection platforms within the proposed “sensing—
identification—application” framework. Given the considerable differences in inspection
targets, datasets, and evaluation protocols across studies, reported performance indicators
were interpreted in their respective experimental contexts rather than combined into a
unified quantitative ranking.

2. Subgrade Distress Characteristics and Requirements for Intelligent
Inspection

During construction and long-term service, subgrades are jointly affected by geological
conditions, hydrological environments, construction quality, and traffic loading, and may
develop differential settlement, debonding and voids, mud pumping, abnormal moisture,
weak interlayers, and nonuniform compaction. Their mechanisms and spatial scales differ.
Differential settlement is mainly associated with variations in foundation compressibility,
heterogeneity of fill materials, and long-term loading; debonding, mud pumping, and
moisture anomalies are closely related to groundwater migration, loss of fine particles, and
coupled dynamic loading; and inadequate or nonuniform compaction during construction
produces spatially heterogeneous stiffness that may evolve into vulnerable zones of set-
tlement and deformation during service [7-9]. Despite different causes, these distresses
ultimately manifest as anomalies in dielectric properties, wave velocity and stiffness, strain,
and settlement, providing the physical basis for multi-physics inspection [3,6] (Figure 2).
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To ensure terminological consistency, several related terms are distinguished in this
review. “Distress” is used as the overarching term for adverse conditions and deterioration
affecting subgrade performance, including differential settlement, voids, mud pumping,
and localized weakening. “Defect” refers more specifically to identifiable imperfections
in materials, construction, or structural components. “Anomaly” denotes an abnormal re-
sponse or deviation detected in inspection data, such as unusual electromagnetic reflections,
wave velocities, or strain measurements, which does not necessarily indicate confirmed
distress. Accordingly, “distress” is consistently used when referring to subgrade deterio-
ration, whereas “anomaly” and “defect” are retained only where their specific meanings
are intended.

Compared with visible pavement distresses, subgrade distresses are more concealed,
progressive, and environmentally sensitive. Most occur beneath the pavement or ballast, or
within structural layers, and cannot be directly detected by visual inspection. Inspection
technologies therefore require sufficient penetration and the ability to characterize structural
and material changes at different depths. Moreover, settlement, moisture variation, and
the development of weak zones often evolve over long periods, making single-epoch
inspection insufficient for reliable trend assessment; long-term continuous monitoring
is required to obtain temporal information. Soil dielectric constants, elastic parameters,
and sensor responses are also affected by temperature, moisture, traffic-induced vibration,
and construction conditions, causing distress signatures to overlap with environmental
disturbances. Intelligent subgrade inspection must therefore combine adequate spatial
coverage and resolution with continuous monitoring, quantitative assessment, and robust
recognition under complex environmental conditions [2].

These requirements have driven subgrade inspection from experience-based manual
interpretation toward instrumentation, automation, and intelligence. Early condition as-
sessment relied mainly on visual surveys, borehole sampling, settlement observations, and
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point-based mechanical tests. Although these methods provide direct engineering informa-
tion, they are inefficient, spatially sparse, and strongly influenced by operator experience.
The development of GPR, surface-wave testing, falling-weight deflectometry, intelligent
compaction, and embedded sensing has progressively enabled mechanized, continuous,
and standardized data acquisition, making large-scale nondestructive inspection and long-
term monitoring feasible. Nevertheless, large volumes of inspection data at this stage were
still interpreted manually or through empirical rules, limiting efficiency and consistency for
large infrastructure networks. More recently, machine-learning and deep-learning methods
have been introduced for radar images, vibration signals, and settlement and compaction
time series, shifting analysis from handcrafted features toward data-driven automatic iden-
tification and condition prediction. Consequently, subgrade inspection is evolving from
simple “data acquisition” toward integrated “sensing-identification-assessment” [10].
Overall, the multiscale and multi-physics response characteristics of subgrade dis-
tresses mean that no single inspection method can cover all distress types and life-cycle
stages. Because existing techniques differ markedly in detection depth, spatial resolution,
continuous-monitoring capability, and environmental adaptability, they should be analyzed
within a multi-physics framework and coordinated with intelligent identification methods.

3. Multi-Physics Sensing Technologies for Subgrade Distresses

Subgrade distresses are generally accompanied by changes in dielectric properties,
wave velocity and stiffness, strain, and deformation, and different inspection techniques
exhibit different sensitivities to these physical responses. Current sensing approaches
mainly include electromagnetic inspection represented by GPR, elastic-wave inspection
represented by surface-wave testing, intelligent compaction for construction-stage quality
control, and embedded sensing for long-term service monitoring [2]. These methods differ
in detection depth, spatial resolution, continuous-monitoring capability, and applicable
stage, and their complementary use forms the basis of life-cycle subgrade condition sensing.

3.1. Electromagnetic-Field Sensing: Ground-Penetrating Radar

GPR nondestructively investigates subsurface structure and material condition by
transmitting high-frequency electromagnetic waves into the subgrade and receiving reflec-
tions and scattering from interfaces between different media; see Figure 3. Its performance
is primarily controlled by antenna center frequency and by the dielectric constant, electrical
conductivity, and moisture condition of the medium [5,11,12]. Lower frequencies gener-
ally provide greater penetration but lower spatial resolution, whereas higher frequencies
improve sensitivity to shallow anomalies but attenuate more rapidly [13]; see Figure 4.
Antenna frequency should therefore be selected according to the burial depth and scale of
the target distress and the properties of the subgrade material.

Figure 3. A subgrade condition inspection vehicle equipped with a three-channel GPR antenna array
(reproduced from reference [14], licensed under CC BY 4.0).
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(a) (b)

(©) (d)

Figure 4. GPR images obtained with 400 and 900 MHz antennas and the corresponding layer
interfaces: (a) 400 Hz GPR image; (b) track bed layer identification by 400 Mhz GPR; (c) 900 Hz GPR
image; (d) track bed layer identification by 900 Mhz GPR (reproduced from reference [13], licensed
under CC BY 4.0).

GPR data are commonly represented as A-scans, B-scans, and three-dimensional
data volumes [15]. An A-scan records the time-varying echo at a single measurement
point; sequential A-scans form a B-scan profile that reflects longitudinal structural varia-
tions. Transverse information obtained from multiple survey lines or multichannel arrays
can be assembled into a three-dimensional radar volume. Compared with a single two-
dimensional profile, 3D GPR preserves more complete spatial information on subsurface
structures and can improve the localization of cavities, debonding, and other subsurface
targets [16,17].

Different distresses affect GPR signals through different mechanisms [18]. Debonding
and cavities produce abrupt contrasts in electromagnetic properties and therefore pro-
nounced reflection anomalies. Increased moisture changes soil dielectric constant and
electrical conductivity and affects propagation velocity, reflection characteristics, and signal
attenuation. Mud pumping commonly involves both moisture variation and migration of
fine particles, producing the spatially heterogeneous radar responses shown in Figure 5.
For compaction assessment, dielectric response is influenced not only by density but also by
moisture content and fill type; quantitative compaction evaluation based on a single radar
feature is therefore limited. Yan et al. analyzed the relationship between subgrade dielectric
constant and moisture content through laboratory and field tests under different com-
paction levels, further demonstrating the coupled influence of moisture and compaction on
GPR response [19].

Overall, GPR offers high inspection speed, relatively high spatial resolution, and
suitability for continuous large-area surveys, particularly for shallow interfaces, debonding,
cavities, and moisture anomalies. Interpretation is nevertheless affected by moisture, soil
type, electrical conductivity, and the field electromagnetic environment, and an inherent
trade-off exists between penetration depth and resolution. GPR is therefore particularly
suitable for the rapid screening of internal structural anomalies, while the characterization
of anomaly type and mechanical condition generally requires complementary methods [20].

The transition from synthetic GPR datasets to real-world measurements introduces
additional uncertainty when assessing the reliability of subsurface distress identification
methods. Xue et al. [21] reported an mAP of 96.4% on synthetic GPR data and 91.9% on real
GPR data, indicating a 4.5-percentage-point difference between the two evaluation settings.
Although this finding highlights the importance of validation using real measurements,
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the performance difference cannot be attributed solely to environmental noise because the
datasets may differ in their characteristics and evaluation conditions. Furthermore, syn-
thetic and real data comparisons should not be interpreted as direct laboratory-versus-field
comparisons. These considerations highlight the need for reliable ground-truth verification
and transparent field evaluation protocols when assessing the practical applicability of
GPR-based inspection.

m/m m/m

0.0 1328.910 1328.920 1328.930 1328.940 1328.950 1328.960 0.0 1306.920 1306.930 1306.940 1306.950 1306.960 1306.970
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6.0 6.0 [RESSEE

8.0 8.0

(a) (b)
1432.310 1412.320 1412.330 1412.340 1412.350 1412.360 1449.500 1449.510 1449.520 1449.530 144.540 1449.550

(c)

Figure 5. Representative GPR images of subgrade distresses: (a) normal subgrade; (b) settlement;

(c) sinkhole; (d) mud pumping (reproduced from reference [18], licensed under CC BY 4.0).

3.2. Elastic-Wave-Field Sensing: Surface/Rayleigh Waves

Elastic-wave testing infers the mechanical condition of soil from wave-propagation
characteristics. Common surface-wave methods include spectral analysis of surface waves
(SASW) and multichannel analysis of surface waves (MASW), both of which exploit
Rayleigh-wave dispersion in layered media to obtain the variation in shear-wave velocity
with depth [22]. Because shear-wave velocity is closely related to soil stiffness, surface-wave
methods can characterize stiffness contrasts, weak interlayers, and compaction condition
from a mechanical perspective [23,24].

In layered subgrades, different frequency components correspond to different effective
investigation depths: high-frequency components primarily reflect shallow materials,
whereas lower frequencies penetrate deeper [25]. Extraction and inversion of dispersion
curves yield shear-wave-velocity profiles that can be used to assess stiffness variations
with depth. Unlike GPR, which is primarily sensitive to dielectric anomalies, surface-wave
methods reflect mechanical properties and are therefore promising for identifying weak
layers, stiffness degradation, and compaction condition.

Conventional surface-wave testing generally requires the artificial excitation and
deployment of geophones, which limits efficiency and spatial coverage. In railway en-
vironments, persistent train-induced vibration may also interfere with the extraction of
the effective wavefield [26]. Field blind tests on high-speed railways by Kyrkou et al.
showed that useful dispersion information can still be obtained when appropriate time
windows and signal-processing procedures are adopted, although ambient noise reduces
the signal-to-noise ratio and inversion stability [23].
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Surface-wave inspection is increasingly moving toward noncontact acquisition, con-
tinuous sensing, and automated evaluation. Wang et al. proposed an air-coupled surface-
wave method for assessing subgrade compaction quality, using acoustic-pressure sensors to
acquire surface-wave signals without contact and combining deep-learning and machine-
learning models for compaction-state identification and degree-of-compaction prediction.
Validation across multiple construction scenarios demonstrated the feasibility of continuous
nondestructive inspection, indicating a transition from traditional point testing toward
large-scale continuous elastic-wave sensing [27].

The spatial resolution of surface-wave methods is constrained by effective wavelength
and sensor configuration, and localized defects much smaller than the effective wavelength
generally produce weak anomalies. Surface-wave testing is therefore better suited to
evaluating overall stiffness and weak zones over a finite spatial range. Small cavities
and localized debonding are more effectively assessed by combining surface waves with
higher-resolution GPR.

3.3. Continuous Construction-Stage Sensing: Intelligent Compaction

Intelligent compaction uses accelerometers, positioning devices, and operating-
parameter sensors mounted on vibratory rollers to capture the dynamic response of the
roller—soil interaction in real time and thereby evaluate compaction quality and spatial
uniformity [28]; see Figure 6. Compared with conventional point-based spot checks such
as sand-cone or core-cutter tests, intelligent compaction continuously records roller tra-
jectories and compaction responses, increasing coverage while providing a data basis for
real-time feedback and adaptive construction control [10].

External measuring antenna

Equipment box

Near Infrared
Light Moisture

Vibration acceleration sensors M
eter

Figure 6. Modification of compaction equipment (reproduced from reference [28], licensed under CC
BY 4.0).

The core of intelligent compaction assessment is the construction of intelligent com-
paction measurement values (ICMVs) from vibration responses. Common indices include
the compaction meter value (CMV), continuous compaction control value (CCV), and
indicators derived from roller dynamics and energy response. Wang et al. combined CMV,
roller passes, moisture content, and other parameters with an artificial neural network to
predict subgrade compaction quality in real time [29]. Zhu et al. further developed an
improved compaction-stiffness indicator from coupled roller—soil dynamics, providing a
means of accounting for nonlinear dynamic behavior [30]. ICMVs, however, are not direct
measurements of degree of compaction or modulus. They are simultaneously affected by fill
type, moisture condition, lift thickness, underlying-layer stiffness, vibration frequency and
amplitude, and roller speed [31-33]. Consequently, the relationship between a given ICMV
and conventional compaction indices may vary among projects, soils, and construction
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conditions, limiting model transferability. A systematic review by Zhu et al. also identified
persistent limitations in the accuracy, stability, and operating-condition applicability of
current ICMVs [34].

Accordingly, intelligent compaction research is shifting from the development of new
isolated indices toward multisource construction-parameter fusion, scenario-adaptive eval-
uation, and real-time quality prediction using data-driven models [29,35]. From a life-cycle
perspective, its principal advantage lies in the construction stage, where it enables a tran-
sition from “point sampling” to “continuous sensing—real-time evaluation—construction
feedback.” Internal service-stage distresses and long-term deformation still require comple-
mentary monitoring techniques.

3.4. In Situ Service-Stage Monitoring: Fiber-Optic Sensing

Unlike periodic inspection methods such as GPR and surface-wave testing, embedded
sensing can continuously acquire strain, temperature, settlement, and dynamic responses
during long-term service, providing time-series data for distress evolution and performance
assessment [36]. Fiber-optic sensing is particularly attractive because of its immunity
to electromagnetic interference, long-distance deployment capability, and suitability for
distributed or quasi-distributed measurements, and has received substantial attention in
long-term railway and highway monitoring [37,38].

According to sensing principle and spatial sampling mode, commonly used fiber-optic
technologies include fiber Bragg gratings (FBGs) and distributed fiber-optic sensing. FBGs
detect local strain and temperature through shifts in the Bragg wavelength and can be
multiplexed along a fiber to form a quasi-distributed monitoring network [39,40]. The
practical application of FBG sensing in subgrade monitoring is illustrated in Figure 7, which
shows the field deployment of vertically installed FBG sensors and the associated power
supply and data acquisition system for monitoring subgrade deformation [41].

Upper base plate :

Bottom base plate

Figure 7. VI-FBG sensor installation: (a) a schematic diagram of the on-site sensor layout at the
bottom of the subgrade bed, and (b) the on-site layout of the solar power supply and data acquisition
system. (Reproduced from reference [41], licensed under CC BY 4.0).

Distributed fiber-optic sensing obtains continuous spatial information from scattering
along the fiber. Brillouin-scattering-based BOTDR/BOTDA systems can measure strain
and temperature over long distances and are suitable for monitoring subgrade settlement
and differential deformation. Zhang et al. used distributed Brillouin sensing to obtain
strain distributions along a subgrade and invert settlement profiles, with good agreement
with conventional settlement measurements [42]. Distributed fiber sensing has also been
applied to continuous strain-field monitoring under localized deformation such as fault
displacement, demonstrating its potential for capturing spatially nonuniform subgrade
deformation [43,44].

The principal advantage of fiber-optic monitoring is its ability to provide long-term,
continuous, and quantitative service-condition information. Engineering application is
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nevertheless constrained by installation requirements and long-term sensor reliability.
Embedded fibers generally need to be installed during construction, making the retrofit of
existing lines difficult. Long-term operation must also address temperature cross-sensitivity,

construction damage, interface coupling, material aging, and data drift. Fiber-optic sensing

is therefore better suited to long-term in situ monitoring of critical sections and structures

than to replacing large-area inspection technologies.

Overall, subgrade sensing has evolved from isolated inspection techniques toward

coordinated multi-physics sensing systems (Table 1). GPR, elastic waves, intelligent com-

paction, and in situ monitoring provide complementary information on structural anoma-

lies, mechanical condition, construction quality, and long-term evolution, respectively

shown in Figure 8. Future sensing systems should not seek to replace all methods with

a single technology; instead, they should strengthen information complementarity and

coordinated fusion among sensing modalities to improve reliable condition identification

under complex distress scenarios and provide a more complete data basis for intelligent

analysis and engineering decision-making.

Table 1. Comparison of four representative subgrade inspection methods.
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Figure 8. The complementarity of multi-physics sensing technologies across the subgrade life cycle
(created by author).

The selection of sensing technologies and intelligent identification methods should
be guided by the physical responses of specific subgrade distresses. For example, voids
and debonding generally produce localized dielectric contrasts that can be captured by
GPR and subsequently analyzed using image-based detection or segmentation models.
In contrast, weak interlayers and nonuniform compaction are more directly associated
with variations in stiffness and dynamic response, making elastic-wave measurements and
intelligent compaction data more suitable for mechanical condition assessment. Differential
settlement is characterized by progressive deformation and is therefore better investigated
using continuous strain and displacement monitoring combined with time-series prediction
models. These relationships indicate that the sensing modality determines the available
physical information, while the data characteristics and required engineering outputs
influence the selection of intelligent analysis methods. Accordingly, the following section
examines intelligent identification and prediction approaches in relation to their sensing
data and intended engineering tasks.

4. Intelligent Distress Identification and Condition Prediction

As subgrade inspection shifts from point testing to continuous sensing and multi-
source monitoring, the volumes of GPR images, vibration signals, compaction parameters,
and settlement time series have increased rapidly. Conventional analysis based on manual
experience or predefined features is increasingly inadequate for large-scale inspection.
Machine learning and deep learning can automatically extract distress-related features
from complex data, enabling a transition from manual interpretation toward automated
identification and predictive assessment. Current studies mainly address two task classes:
identifying the type and spatial location of subsurface distresses from GPR images or wave-
forms, and predicting compaction quality and settlement deformation from construction
and long-term monitoring time series. Meanwhile, limited labeled samples, distribution
shifts among engineering scenarios, and insufficient physical interpretability of purely
data-driven models have stimulated research on few-shot learning, transfer learning, and
physics-informed fusion [2,4].
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4.1. Intelligent Distress Identification from GPR Data

GPR is among the most widely used data sources for intelligent identification of
subsurface subgrade distresses. Distress information can be extracted from single-trace A-
scans, two-dimensional B-scan profiles, and three-dimensional radar volumes. Traditional
methods rely on handcrafted features such as amplitude, phase, spectrum, and hyperbolic
signatures, whereas deep learning can learn hierarchical representations directly from
raw or preprocessed radar data and offers stronger feature representation in complex
backgrounds [45]. GPR interpretation has consequently progressed from rule-based and
conventional machine-learning approaches toward deep-learning methods represented by
convolutional neural networks, object detection, and semantic segmentation [4,46].

According to the task objective, existing methods can be broadly classified into image
classification, object detection, and semantic segmentation [47]. Classification models
determine whether a radar image or data segment contains a distress and, if so, its category,
making them suitable for rapid screening of large datasets. Li et al. used deep learning to
identify subsurface distresses in GPR data and improved automated analysis of complex
radar images compared with methods based on handcrafted features [48]. Xu et al. further
investigated intelligent recognition in subgrade B-scans, demonstrating the applicability of
deep learning to subsurface distress detection in transportation infrastructure [49].

Compared with classification alone, object-detection models simultaneously output
distress category and spatial location, more closely matching the engineering workflow of
“detect an anomaly—locate the anomaly.” One-stage detectors such as YOLO have therefore
been increasingly applied to GPR distress detection because of their relatively high inference
speed [21,50]. To address limited labeled samples, Elseicy et al. combined generative
few-shot data augmentation with YOLOv11 for detecting cavities and loosened zones;
expanding the training set improved detection on field data [51]. Tegegne et al. further
enhanced YOLOvV11 for railway subgrade GPR and evaluated multiple distress types using
25 km of in-service railway data, automatically localizing settlement, subsidence, mud
pumping, and water accumulation while balancing accuracy and inference efficiency [52].

Field validation remains a challenge for deep-learning-based GPR detection. Ab-
delmawla et al. [50] reported a precision of 0.76, recall of 0.68, and F1-score of 0.72 for
subsurface crack detection using GPR-YOLOR. Their validation strategy employed surface
cracks as indirect reference labels to reduce the need for destructive coring. Although this
approach offers a practical means of addressing the difficulty of obtaining field ground
truth, its reliability depends on the assumed correspondence between surface and sub-
surface cracking. Consequently, its applicability to other distress types, particularly those
without visible surface manifestations, remains uncertain.

Semantic segmentation is advantageous when the boundary, area, and spatial mor-
phology of a distress are required. Encoder—decoder networks represented by U-Net and
its variants perform pixel-level classification, extending the output from whether a distress
exists to where it is located and how large an area it affects. Such methods are promising
for quantitative analysis of debonding extent, moisture-anomaly zones, and structural-
interface changes. However, semantic segmentation requires more detailed pixel-level
annotations and therefore higher labeling cost than classification or object detection [4].
Task formulation should consequently be selected according to engineering objectives,
annotation cost, and required output granularity rather than model accuracy alone.

With the development of multichannel and 3D GPR systems, intelligent interpretation
is expanding from individual B-scans to multiview and three-dimensional data [53,54].
Kim et al. reorganized multiple B- and C-scans into two-dimensional grid inputs for
deep-learning-based subsurface object classification, while MV-GPRNet uses multiple
views to represent 3D subsurface targets and improves defect detection in complex spatial
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structures [16,55]. Compared with 2D radar images, 3D data preserve richer spatial con-
tinuity but substantially increase data volume, annotation difficulty, and computational
load [56]. Efficient exploitation of 3D information while meeting real-time field-inference
requirements is therefore an important direction for future GPR interpretation.

Although recent deep-learning models have improved automated GPR interpretation,
their practical reliability remains dependent on dataset composition, distress characteristics,
and field conditions. For example, Elseicy et al. [51] improved detection precision from
77.73% to 83.13% through few-shot generative augmentation, while Tegegne et al. [52]
reported a precision of 92.3% and recall of 100% using GPR data collected from 25 km of
operational railway track. These results demonstrate promising detection performance, but
their direct comparison is limited by differences in distress types, datasets, and evaluation
protocols. More importantly, conventional metrics such as precision, recall, and mAP
do not fully characterize false-alarm behavior under high-noise conditions. Background
clutter, overlapping reflections, and heterogeneous material responses may produce false
detections, while weak distress-related signals may lead to missed detections. Therefore,
future evaluations should place greater emphasis on false-alarm frequency, missed critical
distresses, and robustness across different soil, moisture, and noise conditions, rather than
relying primarily on performance obtained from individual datasets.

Table 2 summarizes the reported performance metrics and evaluation conditions of
representative intelligent GPR-based distress identification studies. Although the published
results demonstrate the potential of deep learning for automated subsurface anomaly
detection, the reported metrics reflect different detection tasks, datasets, distress categories,
and validation procedures. Consequently, numerical differences between studies should
not be interpreted as direct evidence of algorithmic superiority. A more informative
assessment requires consideration of both reported performance and the conditions under
which that performance was obtained, particularly the use of field data, the independence
of test sets, reference-label reliability, and computational requirements. This evidence-
based comparison further indicates that reliable engineering deployment depends on
cross-site generalization and field validation, rather than maximizing performance on a
single benchmark dataset.

Table 2. Reported performance and evaluation conditions of representative intelligent GPR distress
identification methods.

Key Limitation or

Study Method and Target Reported Evaluation Basis Analytical
Performance R
Implication
Defect-specific
CNN-based Accuracy: 72.39% for Over 270 km of field results differ;
. . GPR data; reported accuracy
Lietal. (2022) [48] detection; subsurface shallow cracks; . . .
. . simulation-assisted should not be
cracks and voids 68.74% for voids . .
pretraining equated with
detection mAP.
WGAN-GP Augmented GPR Perg’er;i‘;‘fi;“ay
Xu et al. (2022) [49] augmentation and Accuracy: 90.85% B-scan 1mages, synthetic-data
ResNet50; subgrade supervised uality and class
distress classification classification quaty

distribution.
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Table 2. Cont.

Key Limitation or

Study Method and Target Reported Evaluation Basis Analytical
Performance R
Implication
Ficld validation 1 conespondence
Abdelmawla et al GPR-YOLOR; Precision: 76%; using selected subsurface crackin
(2024) [50] ’ subsurface Recall: 68%; F1-score: surface cracks as introduces &
transverse cracks 72% indirect reference
labels reference-label
uncertainty.
Lower performance
on real data
mAP: 96.4% .
Xue et al. (2024) [21] IrrI:)zI;loZiCcll;‘O;g:lis, (synthetic), 91.9% Simulated and real S rll{clt?tjttirca-:if?eld
’ & (real); 51 FPS (real GPR datasets y
defects data) gap; FPS depends on
the test
configuration.
Quantifies the
ExSINnGAN mAP: 84.69% —> URDD-based benefit of generative
Elseicy et al. (2026) auementation and 89.31%; Precision: baseline comparison; augmentation, but
y [51] ’ YOgL Ov1l: cavities 77.73% — 83.13%; simulated-data does not establish

and loosened zones

Recall: 81.30% —
83.37%

experiments and
field validation

generalization across
all soils or road
networks.

YOLOv11-DSConv-

mAP@0.5: 98.9%;
mAP@0.5:0.95:

Field GPR data from

Provides field-based
accuracy and
efficiency evidence,

Tegegne et al. (2026) CCA; multiple 76.0%; Precision: 25 km of operational but computational
[52] railway subgrade 92.3%; Recall: 100%; railway; reported or forrlilance is
defects Fl1-score: 96.0%; 90 latency: 11.1 ms P
FPS hardware-
dependent.
. Substantial
. F1-score: voids 91%, o
' MV-GPRNet; airport cracks 69%, Multi-view GPR clags—dependent
Li et al. (2022) [55] runway subsurface subsidence 90% datasets from three variation; small
defects ipes 100% % international airports  cracks remain more
pip ’ difficult to recognize.
A relative
Accuracy Semi-supervised improvement is not

Teng et al. (2024) [57]

Semi-Conv-DETR;
railway ballast-bed

improvement: 58.6%

learning using

an absolute accuracy

Jefect relative to Faster labeled and value; the underlying
crects R-CNN unlabeled GPR data metric definition
requires checking.
GPR-RCNN; airport F1-score: VOld;)S 62%, Real GPR data Large Performance
. cracks 33%, variation among
Li et al. (2021) [58] runway subsurface . o collected at three
subsidence 81%, . ) ; defect classes,
defects . o international airports .
pipes 87% especially for cracks.

4.2. Condition Prediction from Compaction and Settlement Time-Series Data

Unlike GPR, which primarily reflects spatial structural anomalies, data from intelli-

gent compaction and long-term monitoring exhibit pronounced process dependence and

temporal structure. During construction, CMV, CCV, vibration acceleration, roller passes,

travel speed, and moisture content change dynamically throughout compaction, although

the degree to which temporal dependence is useful varies by task. During operation,
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settlement and strain measurements provide time-dependent information on the evolution
of infrastructure conditions, while environmental factors such as groundwater fluctua-
tions and temperature variations may influence the observed responses [6,44]. Intelligent
analysis of these data therefore includes both current compaction-quality assessment from
construction parameters and dynamic responses and long-term forecasting of settlement
and deformation using continuous-monitoring data.

Construction-stage data-driven compaction assessment has mainly used artificial
neural networks, support vector machines, and ensemble learning to establish nonlinear
mappings between vibration response, construction parameters, and degree of compaction
or modulus. Wang et al. input moisture content, rolling parameters, and vibration responses
into an ANN to predict subgrade compaction characteristics, demonstrating that nonlinear
data-driven models can overcome limitations of traditional single-index assessment [59,60].
Chen et al. further extracted time-frequency features from vibration signals using high-
frequency wavelet analysis and combined them with neural networks, showing that signal
processing and data-driven modeling can improve representation of complex vibration
responses [61].

Although compaction data are process-oriented, not every compaction-assessment
problem requires sequence networks such as LSTM or Transformer. For tasks using a single
rolling response, soil properties, or statistical construction parameters as inputs, conven-
tional machine-learning methods including ANN, random forest, and gradient boosting
have been successfully applied and provide strong nonlinear mapping capability [62-64].
Sequence models such as RNN, LSTM, GRU, and Transformer become more advantageous
when the objective explicitly depends on temporal relationships across successive rolling
operations. Model selection should therefore be determined by data structure and en-
gineering objectives rather than by an assumption that greater architectural complexity
necessarily yields better predictions.

Compared with construction-stage compaction assessment, operational settlement
prediction exhibits more typical long-term temporal behavior. Subgrade settlement is
jointly affected by geology, cumulative traffic loading, rainfall, groundwater level, and
temperature, and its evolution is often nonlinear and stage-dependent [6]. Empirical and
theoretical models retain clear physical meaning but often require parameter simplification
under complex conditions [65], whereas data-driven models can learn nonlinear evolu-
tion from long-term monitoring records. LSTM and GRU retain historical states through
gating mechanisms and are suited to temporal dependence in long settlement sequences;
Transformer-based models use attention to capture relationships between time steps and
long-range dependencies [66]. These models have been applied to settlement prediction
and early warning for high-speed railway subgrades and tracks, indicating substantial
potential for long-term deformation forecasting [67-69].

However, learning settlement behavior solely from historical data has clear limitations.
Long-term monitoring records may contain missing values, outliers, and sensor drift, and
input-data quality directly affects prediction reliability. Differences in geology, fill material,
and load level also cause distribution shifts that hinder transfer of a model trained on one
project to another. Low-frequency events such as extreme rainfall, abrupt groundwater
changes, or construction disturbances are underrepresented in training data and are difficult
for purely data-driven models to represent reliably. Time-series models should therefore
be evaluated not only by fitting error but also by stability across time periods, sites, and
abnormal operating conditions.
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4.3. Few-Shot Learning and Physics-Informed Fusion

Insufficient high-quality data is one of the principal barriers to engineering deployment
of intelligent subgrade distress identification [70]. Unlike natural images, internal subgrade
distresses cannot be observed directly; reliable labels often require drilling, excavation,
field records, or expert interpretation, making sample acquisition and annotation costly.
Normal samples also greatly outnumber severe-distress samples in real projects, creating
substantial class imbalance. Previous reviews have identified training-sample quantity and
quality, structural differences among roads, and changes in inspection scenarios as major
factors governing the generalization of GPR models [4,71,72].

Current approaches to limited labels include transfer learning, semi-supervised learn-
ing, and generative data augmentation. Transfer learning reuses pretrained models or
representations learned from related tasks, reducing dependence on large labeled datasets
in the target scenario, and has been applied to GPR signals and subsurface target recog-
nition [73,74]. Semi-supervised learning exploits large volumes of unlabeled inspection
data through pseudo-labeling or consistency learning. In railway GPR, combining semi-
supervised learning with object detectors has been used to identify ballast-bed settlement,
mud pumping, and moisture anomalies, showing that unlabeled data can partly alleviate
annotation scarcity [57]. Generative models provide another route for expanding rare
distress classes. Whereas conventional augmentation such as rotation, cropping, and noise
perturbation mainly changes the appearance of existing samples, generative adversarial
methods can synthesize new distress images from limited originals. Elseicy et al. used an
improved single-image generative adversarial network to generate GPR distress samples
and combined them with YOLOv11 for cavity and loosened-zone detection, improving
performance under limited labels [51]. A related example is provided by Yang et al., who
employed CycleGAN to augment GPR images of railway subgrade distresses. Represen-
tative examples of the augmented images are shown in Figure 9, illustrating the use of
generative models to expand limited distress datasets [75]. Nevertheless, whether synthetic
samples preserve realistic electromagnetic propagation and responses across soil types,
moisture conditions, and distress scales requires further validation; otherwise, models may
learn image patterns without physical meaning [57].

number Real_a Real_b Fake_a Fake b

Figure 9. Representative examples of GPR image augmentation for railway subgrade distress
detection using CycleGAN (reproduced from reference [75], licensed under CC BY 4.0).
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Beyond data scarcity, improving physical consistency and cross-scenario generaliza-
tion is a major research focus. Purely data-driven models depend primarily on statistical
relationships in training data and may degrade when geology, load level, or environmental
state changes. Physics-informed neural networks (PINNSs) incorporate governing equations,
boundary conditions, or other physical constraints into training so that predictions are
constrained jointly by data and physical laws. For the settlement of an existing railway sub-
grade affected by shield tunneling, Wang et al. introduced relevant physical relationships
into neural-network training, adding mechanical constraints to data-driven prediction
and providing a representative example of mathematical-physical fusion for subgrade
deformation [76]. Physics information need not be limited to strict governing equations:
engineering experience, numerical simulation, and explainable-AI methods can also be
incorporated. For example, empirical relationships have been used as constraints in high-
speed railway cumulative-deformation models, while SHAP has been used to quantify
contributions of input variables and enhance model interpretability and generalization [77].

Overall, intelligent analysis of subgrade distresses has evolved from manual inter-
pretation and feature engineering toward image recognition, object localization, regional
segmentation, and condition prediction; see Table 3. Deep learning has strengthened fea-
ture extraction from complex inspection data, but further engineering application is now
constrained less by network architecture than by training-data quality, scenario adaptability,
and the credibility of predictions. Future research should therefore combine performance
improvement with systematic engineering data accumulation and physics-informed fusion,
shifting from high accuracy in controlled datasets toward reliable diagnosis under complex
field conditions.

Table 3. Comparison of intelligent subgrade distress identification and condition-prediction methods.

. . Main Main Representative
Method Type Primary Data Typical Task Advantages Limitations Studies
Automatic
GPR B-scans, extraction of c?::;()e?%lgiz'
CNN/CRNN A—scz.ms, and C1a551f1cat.1c.)n /sequencepatial a'nd limited [14,58]
multichannel recognition sequential cross-scenario
waveforms features; mature L.
architectures generalization
Requires
Distress Fast inference; bounding-box
ob\'{ecc)thcll_tteyc P’zieon GPR B-scan localization and  directly outputs labels; rare [51,52]
) classification distress locations  classes may be
missed
U-Net-type . . Provides distress . .
segmentation GPR B-scan Distress region boundaries and High p1>.<e1 level [4]
models segmentation affected area annotation cost
Compaction Well suited to Sensitive to
. ~omp Compaction- small- and feature design
ANN/machine vibration and ) . .
. . quality medium-scale and operating- [60]
learning construction . . "
assessment engineering condition
parameters
datasets changes
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Table 3. Cont.
. . Main Main Representative
Method Type Primary Data Typical Task Advantages Limitations Studies
L Requires long
Settlement, o\ Uses historical )
LSTM/GRU/ strain, and other Com?ht%on evolution compliete. records; [68]
attention models . . prediction . . limited
time-series data information .
extrapolation
Introduces
o hysical Depends on
. Monitoring data Settlement/ phys .
o oy deomaton s pyslmedds
equations prediction onaty
black-box conditions
behavior
Generative Sample augmen- Physical realism
augmentation /few- GPR distress taticI))n /assgiste q Mitigates scarcity of synthetic [51]
5%10 t learnin images recoenition of rare classes ~ samples requires
& & validation

The applicability of intelligent identification and prediction methods depends on
the correspondence among distress characteristics, sensing data, analytical objectives,
and deployment requirements. Table 4 summarizes representative relationships among
subgrade distress characteristics, sensing modalities, intelligent analysis methods, and

inspection platforms, providing a basis for the engineering integration discussed in the
following section.

Table 4. Relationships among subgrade distress characteristics, sensing modalities, intelligent analysis
methods, and engineering inspection platforms.

Sensin Applicable Engineerin
Subgrade Main Physical 8 Intelligent 5 ng Representative
. Technology and . Inspection
Distress Type Response Analysis References
Data Platform
Methods
Dielectric CNN-based
contrasts and classification, Vehidle- and
Voids and localized GPR B-scans and YOLO-based .
. ) . ) rail-mounted [4,18,51,52]
debonding electromagnetic 3D radar data object detection, GPR svstems
reflection U-Net-based y
anomalies segmentation
M(?ls’fure CNN-based .
variations, classification Rail-mounted
Mud pumping f.me—partlcle GPR images and YOLO-based GPR systems
. migration, and moisture-related . and [18,52,57]
and soil washout detection,
heterogeneous measurements . complementary
. . multisource . . .
dielectric . field inspection
feature fusion
responses
Reduced ANN, random Surface-wave
shear-wave Surface-wave . .
. ) . . forest, XGBoost, inspection
Weak interlayers  velocity, stiffness signals, roller and other svstems and
and nonuniform variations, and vibration data, . Y . [27,29,30,34]
. . . regression or intelligent
compaction changes in and construction e - .
o O classification compaction
vibration parameters
models rollers
response
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Sensin Applicable Engineerin
Subgrade Main Physical 8 Intelligent 8 ng Representative
. Technology and . Inspection
Distress Type Response Analysis References
Data Platform
Methods
Distributed
. . Accumulated fiber-optic strain LSTM, GRU, Embg dd.ed
Differential displacement, monitoring
. - measurements, Transformer-
settlement and  strain variations, . systems and [42,67-
. settlement based prediction, .
progressive and ) fixed long-term 69,76,78,79]
. . records, and and physics- i
deformation time-dependent : . monitoring
. environmental  informed models
deformation . . networks
time series
Changes in
. . PR data Vehicle-mounted
. dielectric G . ! CNN-based ehicie mounte
Moisture - elastic-wave o GPR and
anomalies and properties, measurements recognition, complementar
. electromagnetic ’ object detection, P y [19,23,52]
localized . and X elastic-wave
) attenuation, and . and multisource ; .
weakening . environmental . inspection
mechanical o data fusion
. monitoring data systems
stiffness
Surface UAV imacer CNN-based
Surface erosion geometric . ey image UAV-based and
infrared e O .
and shallow changes, thermal classification, ground robotic
thermography, . . . . [80-83]
subsurface contrasts, and . : object detection, inspection
- . and LiDAR point .
anomalies localized surface louds and semantic platforms

deterioration

segmentation

Note: The relationships summarized in this table represent technically applicable combinations
derived from the reviewed sensing principles, intelligent analysis methods, and engineering applica-
tions. They do not necessarily indicate that all listed combinations have been jointly validated in a
single study. Algorithm selection depends on data characteristics, annotation availability, inspection
objectives, and deployment constraints.

5. System Integration and Engineering Applications of Intelligent
Subgrade Inspection

The multi-physics inspection and intelligent identification methods discussed above
provide the technical basis for subgrade condition sensing and distress diagnosis, but
the performance of an individual sensor or algorithm does not directly translate into
engineering inspection capability. Field deployment must also address equipment inte-
gration, spatial positioning, multisource synchronization, on-site computing, and result
validation. As inspection evolves from localized point tests to long-distance continuous
surveys, engineering implementation is moving from standalone devices toward integrated
mobile platforms, multisource information fusion, and online intelligent diagnosis. Repre-
sentative platforms include vehicle-/rail-mounted high-speed systems and autonomous
UAV /robotic inspection platforms, with multisource fusion and intelligent algorithms used
to achieve comprehensive diagnosis.

5.1. Vehicle- and Rail-Mounted High-Speed Inspection Platforms

Vehicle- or rail-mounted platforms integrate GPR, cameras, LiDAR, inertial navigation,
and satellite positioning on a mobile carrier to enable rapid continuous inspection along
highways or railways; see Figure 10. GPR captures internal electromagnetic responses of
pavement, ballast, and shallow subgrade structures; vision and laser sensors characterize
surface distresses and geometry; and GNSS/inertial navigation provides spatial positioning.
Compared with conventional manual point inspection, mobile platforms greatly increase

https://doi.org/10.3390/technologies14110689


https://doi.org/10.3390/technologies14110689

Technologies 2026, 14, 689

20 of 29

spatial coverage and are important carriers for network-level condition surveys and rapid
distress screening [2,4].

(a)

(b) (c)

Figure 10. GPR system and suspension assembly: (a) suspension system of radar antenna; (b) fixed
radar antenna; (c) SIR-20 ground-penetrating radar system (reproduced from reference [18], licensed
under CC BY 4.0).

In railway applications, vehicle- or rail-mounted GPR has been used to detect internal
anomalies in ballast and subgrade because it is nondestructive, continuous, and relatively
fast. Liu et al. developed a combined CNN-RNN method for large-scale multichannel
vehicle-mounted GPR data and achieved automated interpretation of railway subgrade
anomalies, demonstrating the potential to integrate high-speed acquisition with intelligent
analysis [14]. More recent field studies on operating railways have applied deep learning
to long-distance GPR data for automatic detection of settlement, mud pumping, and water
accumulation, providing engineering validation under high-speed survey conditions [52].

Mobile inspection data can also be combined with large-area observations from satel-
lite remote sensing. From a railway asset-management perspective, the integration of
heterogeneous sensing data requires not only spatial correspondence but also the consider-
ation of differences in observation frequency, measurement scale, and uncertainty. Kohishi
et al. [84] reviewed the complementary capabilities of GPR and InSAR and proposed a
framework for integrating subsurface inspection with large-scale deformation monitor-
ing. However, this framework should be distinguished from an experimentally validated,
fully integrated inspection system. A field-based example of cross-scale monitoring was
reported by Xie et al. [85], who combined time-series INSAR observations, meteorological
records, and borehole measurements to investigate deformation along the G332 Highway
in a permafrost region of Northeast China. The reported vertical deformation rates ranged
from approximately —50 to 50 mm/year. This study demonstrates the value of combining
spatially extensive remote sensing observations with localized surface and subsurface
measurements for interpreting infrastructure deformation. Nevertheless, such multisource
monitoring does not necessarily involve synchronized real-time data acquisition. Its reli-
ability depends on the spatial and temporal consistency of observations, georeferencing
accuracy, and the availability of independent measurements for validation.

Vehicle-/rail-mounted platforms offer high inspection speed, broad spatial coverage,
and the ability to carry multiple sensors, making them suitable for route-level surveys
and screening of priority anomalous sections. Under high-speed operation, however,
performance is affected by vehicle vibration, sensor mounting offsets, positioning errors,
and changing field environments. Engineering capability should therefore be evaluated
not only by the theoretical accuracy of individual sensors but also by inspection speed,
spatial-positioning accuracy, equipment stability, and repeatability between surveys.
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5.2. UAV and Robotic Inspection Platforms

For slopes, drainage facilities, bridge-subgrade transition zones, and other areas diffi-
cult for conventional vehicles to access, UAVs and robots provide more flexible autonomous
inspection. UAVs can carry visible-light cameras, infrared thermography, and LiDAR to
rapidly collect large-area surface imagery and 3D terrain data, and are particularly suit-
able for rapid investigation of slope deformation, erosion, water-related damage, and
environmental anomalies along transportation corridors.

Infrared thermography can assist in identifying shallow structural anomalies by ex-
ploiting differences in heat-transfer behavior between distressed and sound areas. Kulkarni
et al. combined UAV-based infrared thermography with deep learning to detect surface
defects and subsurface cavities in roadway structures, highlighting the potential of noncon-
tact thermal imaging for screening shallow pavement and subgrade anomalies [80]. UAV
results, however, are sensitive to flight altitude, speed, image overlap, illumination, and
weather, so operational parameters directly affect data quality and subsequent recognition.
Atencio et al. experimentally optimized UAV flight parameters, providing a basis for
standardizing inspection operations [81].

Compared with UAVs, ground mobile robots are better suited to close-range, high-
frequency, and repeatable autonomous inspection. They can carry cameras, LiDAR, in-
frared, and environmental sensors to inspect priority road sections, slopes, and ancillary
facilities. Robots provide more stable near-field observations and can combine autonomous
localization with edge computing for on-site target recognition. Their mobility is never-
theless constrained by terrain, and applications to internal distresses of the subgrade body
remain relatively limited [82,83].

UAVs and robots should therefore be viewed primarily as complements to vehicle-
/rail-mounted inspection. Their strengths lie in access to complex areas and rapid sensing
of surface environments; deeper debonding, weak layers, and internal moisture anomalies
still require confirmation by GPR, elastic-wave testing, or in situ sensing.

5.3. Multisource Sensing Fusion and Intelligent Diagnostic Systems

Information obtained from different platforms and sensors is strongly complementary
in both physical meaning and spatiotemporal scale [86]. GPR primarily reflects subsur-
face dielectric properties and structural changes; elastic waves characterize mechanical
condition; vision and LiDAR provide surface geometry and distress information; InNSAR
captures large-scale long-term surface deformation; and embedded sensors continuously
record local strain, settlement, and environmental variables [85,87]. The key to an engineer-
ing inspection system is therefore not simply adding more sensors, but associating data
acquired at different spatial scales, sampling rates, and physical mechanisms with a unified
route location and structural object.

Multisource systems must first solve data synchronization and spatial registration. Un-
der mobile inspection, sensors usually have different sampling rates, trigger mechanisms,
and mounting positions, and temporal errors are converted into spatial offsets as vehicle
speed increases. A common time base, GNSS/inertial positioning, extrinsic calibration, and
mileage-coordinate transformation can map GPR, vision, and LiDAR results to a unified
route coordinate system. After spatiotemporal alignment, information can be fused at
feature or decision level. Modality-specific features such as dielectric anomalies, geometric
deformation, settlement trends, and environmental variables can be combined by machine-
learning or deep-learning models to construct an integrated condition representation and
reduce false judgments caused by environmental changes or noise in a single signal. Such
integration enables complementary observations to be associated with common route coor-
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dinates, supporting the joint interpretation of localized subsurface anomalies and broader
deformation patterns.

As inspection datasets continue to grow, intelligent diagnosis must also evolve from of-
fline processing toward on-site online analysis. Vehicle-mounted industrial computers and
edge-computing devices can perform preprocessing, model inference, anomaly localization,
and result upload during inspection [88], progressively forming a continuous “acquisition—
analysis—alarm” workflow. Lightweight railway-GPR models and recent high-throughput
object detectors indicate that some subgrade distress recognition tasks are already techni-
cally suitable for real-time deployment on mobile inspection platforms [14,52].

Experimental implementations provide additional evidence of the feasibility and lim-
itations of integrated inspection platforms. Liu et al. [83] developed a vehicle-mounted
pavement distress detection system integrating lightweight YOLO-based recognition, multi-
object tracking, edge processing, and cloud-based information management. Compared
with the original YOLOv8 model, the proposed detection network reduced the number
of parameters by 32.5% and computational requirements by 37%, and the integrated sys-
tem was evaluated through vehicle-based field tests. These results support the feasibility
of deploying lightweight recognition models on mobile inspection platforms. However,
reductions in model complexity should not be interpreted as equivalent improvements
in end-to-end inspection latency, which also depends on image acquisition, data trans-
fer, localization, storage, and communication conditions. In railway infrastructure, Luo
et al. [89] developed a Ballast Scanning Vehicle incorporating automated image acquisi-
tion and deep-learning-based segmentation to estimate ballast gradation, fouling index,
and continuous depth profiles. Field validation at the Transportation Technology Center
demonstrated its capability for near-real-time ballast condition evaluation. Nevertheless,
its reported operational feasibility should be distinguished from independently quantified
synchronization accuracy, long-term repeatability, or fault tolerance, which require more
explicit reporting in integrated inspection systems.

From a system-engineering perspective, the reliability of multisource intelligent in-
spection should therefore be assessed at both component and system levels. In addition
to model accuracy and inference speed, future field evaluations should report timestamp
synchronization error, spatial registration accuracy, end-to-end processing latency, data loss
rate, inspection coverage, and repeatability under varying operating speeds and environ-
mental conditions. Such indicators are necessary to distinguish successful demonstrations
of individual functions from the reliable operation of a fully integrated inspection system.

5.4. Engineering Validation and Application Evaluation

Engineering deployment ultimately depends on whether inspection results accurately
reflect true distress conditions and whether the system provides stable, repeatable perfor-
mance across routes, environments, and operating conditions. Existing studies commonly
evaluate intelligent models using accuracy, recall, F1 score, mAP, and prediction error [90].
These metrics characterize performance on a given dataset but do not fully represent field
reliability. Engineering evaluation should additionally examine sensor-acquisition stabil-
ity, spatial-positioning error, consistency across survey batches, and repeatability under
changing environmental conditions.

For internal distresses in subgrades and track substructures, field ground truth should
be obtained whenever possible through independent methods such as drilling, excavation,
sampling, compaction-degree or modulus testing, settlement observation, and post-repair
verification, and then compared with nondestructive and intelligent identification results.
Railway NDT studies have validated automated systems using field sampling, real-line
tests, and independent measurements, highlighting the need to progress from algorithm
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validation to field-system validation [52,89]. For long-distance mobile inspection, evalua-
tion should also consider localization error, repeatability between surveys, and whether
the same anomaly can be consistently identified across seasons, operating speeds, and
environmental conditions.

Engineering evaluation should extend beyond detection accuracy to inspection effi-
ciency, equipment reliability, operational safety, and economics. Vehicle-/rail-mounted
systems should be assessed in terms of route coverage per unit time, the influence of
survey speed on data quality, and long-term equipment stability. UAV and robotic systems
require evaluation of task completion under adverse weather, terrain, and communication
conditions, while online diagnostic systems should be assessed for computing-resource
demand, end-to-end latency, and field failure rate. Ultimately, the practical value of in-
telligent inspection should be verified through maintenance outcomes. Inspection results
must be converted into distress grades, risk priorities, and maintenance priorities and
then validated through post-repair condition and long-term performance to establish a
complete engineering feedback loop. Koohmishi et al. linked GPR, InSAR, and machine
learning with predictive maintenance and railway asset management, while recent railway
digital-twin studies emphasize real-time interaction among multisource sensing, condition
prediction, and maintenance decision-making [84,91].

From an economic perspective, implementation costs extend beyond the initial pur-
chase of sensing equipment to include platform integration, calibration, routine operation,
maintenance, data storage and processing, software development, and personnel training.
Different inspection approaches involve distinct cost structures. Vehicle- and rail-mounted
GPR systems generally require substantial initial investment but can support efficient
large-scale surveys, whereas embedded fiber-optic monitoring systems involve installation
and long-term maintenance costs but provide continuous measurements at critical loca-
tions. UAV- and robot-based systems offer flexible deployment in difficult-to-access areas,
although their economic advantages depend on inspection frequency, operational con-
straints, and the need for complementary subsurface verification. Furthermore, Al-assisted
interpretation may reduce repetitive manual analysis but introduces costs associated with
data annotation, model updating, computational infrastructure, and specialist training.
Consequently, cost-effectiveness should be evaluated over the system life cycle rather
than solely on the basis of equipment cost or inspection speed. Relevant assessment
indicators include total life-cycle cost, cost per unit inspection length, personnel require-
ments, inspection frequency, and the potential reduction in unnecessary investigations or
maintenance interventions.

Standardization and regulatory compatibility are also essential for the engineering
implementation of intelligent subgrade inspection. Existing standards provide methodolog-
ical guidance for specific aspects of field investigation, monitoring, and quality assessment.
For example, ASTM D6432-19 [92] provides guidance on GPR equipment, field procedures,
and data interpretation for subsurface investigations, while ISO 18674-1:2015 [93] estab-
lishes general principles for geotechnical monitoring using field instrumentation. In China,
JTG 3450—2019 [94] specifies field testing methods for highway subgrades and pavements,
and JTG F80/1—2017 [95] provides a framework for quality inspection and evaluation of
highway civil engineering works. However, these documents differ in scope and should not
be regarded as interchangeable standards for automated subgrade distress recognition. In
particular, conventional testing and monitoring standards do not, by themselves, establish
unified performance requirements for Al-based identification, cross-site generalization,
uncertainty assessment, or automated maintenance decision-making. Future engineering
applications should therefore combine compliance with applicable testing and monitor-
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ing standards with transparent, application-specific validation protocols for intelligent
analysis systems.

Accordingly, evaluation of intelligent subgrade inspection should expand from conven-
tional “model-accuracy assessment” to a multilevel framework encompassing “detection
accuracy-system stability—engineering efficiency—maintenance benefit.” Engineering value
can be fully demonstrated only when intelligent inspection reliably detects distresses under
real-route and long-term operating conditions while reducing inspection cost, optimizing
maintenance-resource allocation, or improving structural service performance.

6. Conclusions

As a major load-bearing component of transportation infrastructure, the long-term
condition of subgrades directly affects route safety, operational efficiency, and maintenance
cost. With increasingly complex distress patterns and growing demand for rapid, continu-
ous, and intelligent inspection, conventional manual surveys and single-method inspection
are no longer sufficient for large-scale, high-accuracy condition assessment. Advances in
multi-physics sensing, intelligent identification algorithms, and automated inspection plat-
forms have created new pathways for subgrade distress detection and condition evaluation.
This review systematically examined distress characteristics and inspection requirements,
multi-physics sensing, intelligent identification and condition prediction, and engineering
system integration. The principal conclusions are as follows:

Subgrade distresses exhibit distinct multi-physics responses, and different inspection
technologies offer complementary advantages for different distress types and life-cycle
stages. GPR effectively reflects internal structural anomalies and dielectric changes; elastic-
wave methods characterize mechanical condition; intelligent compaction is suited to con-
struction quality control; and fiber-optic and other in situ sensing technologies support
long-term condition monitoring. Future sensing systems should therefore emphasize the
coordinated fusion of multi-physics information rather than the replacement of all methods
by a single technology.

Al is driving subgrade inspection from manual interpretation toward automated
identification and condition prediction. Classification, object detection, semantic segmenta-
tion, and time-series models have been widely applied to GPR images, vibration signals,
and settlement-monitoring data. The dominant challenges are shifting from network-
architecture optimization toward the acquisition of high-quality data, cross-scenario gener-
alization, and model credibility. Future work should strengthen data standardization and
integrate data-driven methods more deeply with engineering physics.

Engineering application of intelligent inspection systems depends not only on de-
tection accuracy but also on field validation, equipment reliability, operational effi-
ciency, and maintenance value. Vehicle-, rail-, UAV-, and robot-based platforms have
increased automation, but multisource data fusion, long-term stable operation, and the
conversion of inspection results into maintenance decisions remain major directions for
engineering development.

Intelligent subgrade inspection will increasingly integrate multisource sensing,
physics-informed intelligent analysis, and life-cycle intelligent operation and maintenance.
Research should establish standardized engineering data systems, improve model adapt-
ability across regions, devices, and environmental conditions, and strengthen links among
inspection results, risk assessment, maintenance decisions, and repair feedback. Ultimately,
a closed-loop “sensing-identification—diagnosis—decision-feedback” framework can en-
able the transition from condition inspection toward proactive prediction and intelligent
infrastructure management.
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