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A B S T R A C T

Deep learning has advanced intelligent detection of ground penetrating radar (GPR) applied in transportation 
infrastructure inspection, yet its performance remains limited by the scarcity and class imbalance of labeled GPR 
B-scan images. To address this challenge, this study proposes GPR-ImaGen, a category-aware generative data 
augmentation framework for GPR B-scan images. Built on the pretrained rectified flow model Flux.1-dev, the 
framework generates defect category-consistent B-scan images under semantic guidance from engineering an
notations, alleviating the scarcity and class imbalance of the training data for intelligent detection. To better 
adapt the model to the characteristics of GPR B-scan images and limited-data conditions, parameter-efficient 
fine-tuning, a robust loss function and a boundary-focused timestep sampling strategy are incorporated into 
the training process. The proposed framework achieves an FID of 10.496 and a Bscan-FID of 10.828. Extensive 
task-oriented experiments across multiple intelligent detection models and diverse limited-data settings show 
that the generated data consistently improve downstream detection performance. Among them, YOLOv11 
achieves the highest detection performance (mAP@50 of 91.6%) at a 100% augmentation ratio, while mAP@50 
increases from 73.6% to 81.9% under a data-scarce setting with only 25% of the real training data retained. 
These results indicate the practical potential of a category-aware generative framework for improving the 
robustness and reliability of intelligent GPR detection for transportation infrastructure inspection.

1. Introduction

Ground penetrating radar (GPR) has become a widely used non- 
destructive technique for assessing subsurface conditions in trans
portation infrastructure because of its high efficiency, continuous data 
acquisition capability, and sensitivity to internal structural anomalies 
(Cui et al., 2025; Wang et al., 2025; Wang et al., 2023). However, GPR 
measurements are typically represented as B-scan images that contain 
complex electromagnetic reflection patterns rather than direct struc
tural images, making reliable interpretation difficult in practical in
spection scenarios. In recent years, deep learning has significantly 
advanced the intelligent interpretation of GPR B-scan images, with the 
use of both two-stage detectors such as Faster R-CNN (Pham and Lefevre, 
2018) and Mask R-CNN (Qin et al., 2021), and one-stage detectors such 
as the YOLO series (Li et al., 2023a). These methods have substantially 
improved detection efficiency and accuracy, making large-scale 

intelligent GPR inspection more feasible (Lv et al., 2025). Nevertheless, 
the performance of such models still depends strongly on the availability 
and quality of labeled training data, and data scarcity remains a key 
factor limiting the practical application of deep learning-based intelli
gent GPR detection (Xiong et al., 2024).

In practical GPR applications, acquiring high-quality annotated 
dataset remains costly and labor-intensive because subsurface defects 
are not directly visible and usually require destructive validation or 
additional sensing to establish ground truth (Yue et al., 2022; Li et al., 
2024). As a result, available GPR B-scan datasets for intelligent defect 
detection are typically limited to hundreds or a few thousands annotated 
images, which is substantially smaller than the scale of general com
puter vision benchmarks used for training modern defect models. Recent 
pavement crack detection studies, for instance, have used datasets 
containing thousands of images, including a double-labeled pavement 
crack dataset with 20,000 images (Li et al., 2023b). In contrast, the 
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recent YOLO-based GPR detection study collected only 812 original real 
GPR images from six roads (Li et al., 2023a). This contrast indicates that 
intelligent GPR detection is often developed under more pronounced 
real-data scarcity. Moreover, real-world GPR dataset often shows severe 
class imbalance and limited coverage of rare but critical defect cate
gories. To address this problem, data augmentation has been widely 
adopted. Conventional augmentation methods, such as geometric 
transformations and intensity perturbations, can increase the number of 
training samples. But these methods mainly introduce local variations of 
existing images and provide limited new structural information. To 
further enrich the data distribution, domain knowledge-based methods 
have been used to simulate variations in acquisition parameters (Yue 
et al., 2022). In addition, physics-based forward simulations, such as 
finite-difference time-domain (FDTD) modeling (Feng et al., 2018), can 
generate synthetic GPR B-scan images in a controllable manner. How
ever, these simulated data often fail to capture the complex noise 
characteristics and environmental variability of real-world measure
ments, resulting in a noticeable domain gap between simulated and real 
GPR data and limiting the direct transferability of deep learning-based 
models to practical applications (Zhang et al., 2025).

More recently, deep learning-based generative models have emerged 
as a promising approach for distribution-level data augmentation in GPR 
B-scan image analysis (Xiong et al., 2024). Unlike conventional 
augmentation methods that operate through deterministic trans
formations, these models aim to learn the underlying data distribution 
and generate new samples that preserve both the structural patterns and 
statistical characteristics of real B-scan images. Among them, generative 
adversarial networks (GANs) have been widely explored for GPR data 
generation. Qin et al. combined FDTD simulations with DCGAN-based 
image generation for data augmentation in tunnel lining inspection, 
showing that synthetic GPR images can improve automatic recognition 
performance when measured data are limited (Qin et al., 2021). Yao 
et al. combined gprMax-based numerical simulation with 
GAN-generated GPR images to augment datasets for subsurface road 
target detection, and demonstrated that the augmented data improved 
detection accuracy (Yao, 2025). Zhao et al. proposed WAEGAN, which 
introduced a Wasserstein loss to improve training stability and a pre
trained classifier to impose category constraints, thereby enabling 
multi-category B-scan data generation (Gulrajani, 2017; Zhao et al., 
2023). Despite these advances, the adversarial training process re
mains sensitive to optimization conditions, and category control often 
relies on external supervision rather than intrinsic semantic condition
ing. This restricts their ability to capture complex radar signal structures 
and support robust category-aware GPR B-scan image generation under 
class-imbalanced conditions (Zhao et al., 2023).

Along with GAN-based studies, diffusion-based generative models 
have also been introduced for GPR B-scan image generation. As a 
representative class of generative models, denoising diffusion probabi
listic models (DDPMs) progressively transform random noise into 
structured images through iterative denoising, providing a stable 
training framework and strong capacity for modeling complex data 
distributions (Ho et al., 2020). These properties make diffusion models 
particularly suitable for GPR B-scan images, where radar signals exhibit 
complex structural patterns and high variability. Chen et al. have shown 
that diffusion models can generate GPR images with higher fidelity, 
richer structural details, and improved diversity, which offers a more 
reliable approach for synthetic dataset construction (Chen et al., 2025a). 
Furthermore, Li et al. proposed GPR-VMD-Diffusion, which integrates 
variational mode decomposition with diffusion-based reconstruction to 
combine simulated structural patterns with real signal features (Li et al., 
2025). Their results suggest that diffusion models can improve not only 
the visual realism of generated radargrams, but also their consistency 
with real GPR signals in terms of spectral and structural characteristics.

Despite recent progress, existing generative methods for GPR B-scan 
images still face several critical challenges. First, many current genera
tive frameworks remain dependent on relatively large training dataset 

and long optimization or sampling processes. Although diffusion models 
provide improved stability and image fidelity, they still require sub
stantial data support and long iterative procedures to achieve reliable 
performance. This limits their practicality in the small-sample condi
tions of GPR applications. Second, controllable generation across defect 
categories remains limited. Existing methods often rely on external 
category constraints or primarily focus on signal-level consistency, but 
provide little intrinsic semantic guidance for targeted generation of 
category-specific samples. This restricts generative models’ capability to 
alleviate class imbalance issues in engineering applications. Third, the 
impact of generated data on downstream detection tasks has not been 
systematically investigated (Chen et al., 2025b). Most previous studies 
focus on image realism, signal similarity, or limited task-level im
provements, while the effectiveness of generative augmentation under 
different real-data availability, class imbalance, and cross-domain con
ditions remains insufficiently understood (Tang et al., 2026). These 
challenges indicate the need for a generative framework that is more 
data-efficient and semantically controllable, along with a comprehen
sive evaluation strategy that explicitly examines its practical utility in 
GPR defect detection. More broadly, recent studies in specialized im
aging domains have shown that pretrained vision-language generative 
foundation models can be adapted using domain-specific image-text 
pairs to generate semantically consistent images by expert-defined tex
tual descriptions (Bluethgen et al., 2024).

Recent advances in generative modeling have opened a new direc
tion for GPR B-scan generation through rectified flow-based learning. 
Liu et al. proposed rectified flow as a generative framework based on 
ordinary differential equation (ODE) that learns distribution transport 
by encouraging the trajectories to follow straight paths as much as 
possible (Liu et al., 2023). Trained with a simple least-squares objective, 
this formulation supports efficient few-step sampling and provides a 
more direct and computationally attractive alternative to conventional 
diffusion models based on stochastic differential equations (SDE). More 
recent studies have further shown that the training dynamics of rectified 
flow-based models can be strengthened through refining the timestep 
sampling strategy and loss function (Lee et al., 2024). These character
istics make rectified flow-based models a promising foundation for 
generation of GPR B-scan images, where efficient sampling and preser
vation of global reflection geometry are both important.

Motivated by these advantages, this study proposes GPR-ImaGen, a 
category-aware GPR B-scan image generation framework built on the 
pretrained rectified flow text-to-image generative model. The pretrained 
model is adapted to the GPR domain through DoRA (Weight-Decom
posed Low-Rank Adaptation)-based parameter-efficient fine-tuning (Liu 
et al., 2024), while a Pseudo-Huber loss and a U-shaped timestep sam
pling strategy are introduced to improve training robustness (Lee et al., 
2024). In addition, structured text prompts are paired with B-scan im
ages during training to provide semantic guidance for category-aware 
B-scan image generation. The proposed framework is evaluated 
through image-quality assessment and downstream detection-oriented 
data augmentation. Overall, this study aims to examine the capability 
of rectified flow-based generation to produce realistic GPR B-scan im
ages and its practical utility for intelligent GPR detection.

2. Framework and validation of GPR-ImaGen

This section presents the GPR-ImaGen framework for text- 
conditioned category-aware generation of GPR B-scan image. As illus
trated in Fig. 1, the framework comprises image-text pair construction, a 
pretrained latent rectified flow backbone, DoRA-based parameter-effi
cient adaptation, robust flow-matching optimization, and conditional 
ODE-based generation. The section first introduces the dataset and 
problem formulation, and then details the main components of the 
framework, the corresponding generation process, and associated 
training configuration and computational efficiency assessment. Finally, 
the methods for validating the superiority of the proposed generative 
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framework and the effectiveness of the generated data for practical data 
augmentation in defect detection models are introduced.

2.1. Dataset and problem formulation

This study integrates two publicly available GPR inspection datasets 
as the source data for category-aware B-scan generation. The first 
dataset, reported by Mojahid et al. (Mojahid et al., 2025), consists of 
high-resolution GPR A-scan and B-scan profiles for the intelligent 
recognition of subsurface cavities, utilities, and intact areas. These data 
were acquired using 200 MHz and 400 MHz ground-coupled GPR an
tennas from infrastructure projects conducted in different cities and 
towns in Morocco between 2019 and 2024. The second dataset is TIGPR, 
reported by Liu et al. (Liu et al., 2025), which provides multi-view GPR 
images for transportation infrastructure damage assessment. It covers 
multiple infrastructure scenarios such as roads, bridges, tunnels, and 
airports. The key radar acquisition information available for the adopted 
datasets is summarized in Table 1.

After data consolidation, manual categorization, filtering, and 
annotation, a total of 873 GPR B-scan images were retained for this 

study. These images cover six common subsurface defect categories, 
including cavity, void, interlayer debonding, loose, utility and crack. 
The retained B-scan images exhibit characteristic GPR reflection pat
terns, such as hyperbolic signatures generated by subsurface objects, 
heterogeneous clutter backgrounds, and pronounced speckle noise. 
While these properties significantly increase the difficulty of intelligent 
interpretation, they also provide essential structural cues for defect 
detection. Representative examples of GPR B-scan images from different 
defect categories are shown in Fig. 2.

For each B-scan image x, the corresponding engineering annotation 
provides the defect category and approximate spatial location. Based on 
this metadata, a structured textual condition c is constructed and paired 
with the image for conditional training (Fan et al., 2025). As shown in 
Fig. 3, the resulting prompt describes the defect type, approximate 
location, and scale in a standardized form, thereby establishing an 
image-text pair for each real GPR B-scan image. In this study, c is 
automatically generated in batch from engineering annotations by 
calling the API of large language model (LLM) (GPT-5.2), which con
verts label information into consistent text descriptions containing 
defect type, approximate location, and scale. To reduce potential 

Fig. 1. Framework of GPR-ImaGen. The upper part illustrates the image-text pair construction, VAE encoding, dual-text-encoder conditioning, and DoRA-based 
rectified flow adaptation described in Sections 2.1–2.2.4. The lower part illustrates the prompt-conditioned ODE-based generation process described in Section 2.2.5.

Table 1 
Key information of the adopted open-source GPR datasets.

Dataset Scenario and configuration Radar system Preprocessing Main categories

Mojahid et al. (
Mojahid et al., 
2025)

Urban and industrial inspections; ground- 
coupled survey-wheel acquisition

GSSI ground-coupled antenna with SIR 
3000/SIR 4000 control units; 200 and 
400 MHz; 512 samples per scan

Time-zero correction, background 
removal, filtering, and gain processing

Cavity, utility and 
intact

TIGPR (Liu et al., 
2025)

Transportation infrastructure inspection; 
handheld/vehicle-mounted 2D/3D GPR 
acquisition; ground-coupled 3D field survey

IDS-FastWave; 2.3 GHz; MALA GX750: 
0.75 GHz; GeoScope 3D-Radar: 0.2–3 
GHz

Time-zero correction, denoising/ 
filtering, gain adjustment, background 
removal, and image extraction

Crack, void, loose, 
and interlayer 
debonding
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semantic drift during the language conversion, a representative random 
subset of the generated prompts is manually audited against the original 
defect annotations and corresponding B-scan images. The audit confirms 
that the generated prompts are consistent with the original annotations 
in terms of defect category, approximate spatial location, and scale, and 
that no natural-image objects or style-related semantics are introduced. 
This indicates that the generated prompts preserve the intended engi
neering semantics of the original annotations and can serve as 
annotation-consistent textual conditions for model training.

With these quality-controlled image-text pairs, the conditional gen
eration problem is formulated as follows. Formally, let x denote a real 
GPR B-scan image sampled from the target domain distribution pdata(x), 
and let c denote its paired structured textual condition. Based on these 
image-text pairs, the objective is to learn a conditional generative model 
x⌢ ∼ pθ(x|c) that synthesizes B-scan images consistent with the structural 
characteristics of real B-scan data while enabling category-aware image 
generation.

2.2. Components of generative framework

2.2.1. Rectified flow backbone
The generative backbone is built on Flux.1-dev, a pretrained text-to- 

image generative model that formulates image generation as a rectified 
flow process in the latent space of a variational autoencoder (VAE) (Labs 
et al., 2025). Instead of directly modeling the generation process in the 
high-dimensional pixel space, an input image x is first encoded into a 
compact latent representation z and later reconstructed by the decoder: 

z = E(x) (1) 

x = D(z) (2) 

Operating in the latent space significantly reduces computational 
complexity while preserving high-level structural information, required 
to represent radar reflections. In the Flux.1-dev architecture, latent 
image tokens and encoded textual prompts are processed by a trans
former backbone that combines double-stream and single-stream blocks 
with rotary positional embeddings. This design allows textual condition 
to modulate the latent dynamics while maintaining high computational 
efficiency.

Following the rectified flow formulation (Liu et al., 2023), the 
generative process is modeled as a continuous latent trajectory con
necting the clean latent representation z and Gaussian noise ε ∼ N(0, I). 
Specifically, the interpolated latent state at time t ∈ [0,1] is defined as: 

zt = (1 − t)z + tε, ε ∼ N(0, I), t ∈ [0, 1] (3) 

where t is a continuous time variable controlling the transition from data 
to noise. When t = 0, zt corresponds to the clean latent representation, 
while t = 1 corresponds to noisy latent state.

Instead of explicitly modeling a discrete diffusion process, the model 
learns a velocity field vθ(zt , t, c), which transports samples along the 
latent trajectory under textual conditioning. Accordingly, the training 
objective is formulated as a flow-matching regression loss, as shown in 
Eq. (4): 

Lflow = Et,z,ε
[
‖ vθ(zt , t, c) − (ε − z) ‖2

2
]

(4) 

This rectified flow formulation enables ODE-based generation and 
enables efficient few-step numerical integration during inference (Liu 
et al., 2023). Compared with conventional diffusion models that 

Fig. 2. Representative GPR B-scan images of different defect categories. The examples of cavity and utility are selected from the dataset reported by Mojahid et al. 
(Mojahid et al., 2025), whereas the examples of void, interlayer debonding, and crack are selected from the TIGPR dataset reported by Liu et al. (Liu et al., 2025). The 
loose samples were further separated from the cavity samples in the first dataset through manual screening and were used as an independent category in this study.
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typically require hundreds of denoising steps, it significantly reduces the 
number of inference steps while maintaining high generation fidelity. 
Such efficiency is particularly advantageous for engineering applica
tions that require rapid and controllable GPR B-scan synthesis. More
over, this backbone provides a general visual prior, which we 
subsequently adapt to the GPR domain through parameter-efficient 
fine-tuning.

2.2.2. DoRA-based parameter-efficient fine-tuning
Direct fine-tuning all parameters of a large generative transformer 

such as Flux.1-dev is computationally expensive and may increase the 
risk of overfitting when only limited GPR B-scan images are available 
(Hu et al., 2022). To enable efficient yet expressive domain adaptation, 
this study adopts DoRA instead of conventional LoRA (Low-Rank 
Adaptation). Different from standard LoRA, which represents adaptation 
as a low-rank residual added to the pretrained weight, DoRA repar
ameterizes each weight matrix into magnitude and direction compo
nents and performs adaptation in this decomposed space (Liu et al., 
2024). This design is motivated by the observation that the perfor
mance gap between LoRA and full fine-tuning is not only related to the 
number of trainable parameters, but also to the way in which weight 
updates are represented and optimized. By decoupling magnitude and 
direction, DoRA yields a learning behavior that is empirically and 
theoretically closer to full fine-tuning while still preserving the effi
ciency of parameter-efficient fine-tuning.

Formally, for a pretrained weight matrix W0 ∈ Rd×k, DoRA expresses 
it as a column-wise decomposition of magnitude and direction: 

W0 = m
V

‖ V ‖c
(5) 

where m ∈ R1×k is the magnitude vector, V ∈ Rd×k is the directional 
matrix, and ‖ ⋅ ‖ denotes the vector norm computed for each column. At 
initialization, m and V are set so that the decomposed representation 

exactly recovers the pretrained weight. During fine-tuning, the base 
directional matrix V is kept frozen, whereas the magnitude vector m 
remains trainable. The directional adaptation is then parameterized by a 
low-rank update ΔV = BA, where B ∈ Rd×r, A ∈ Rr×k and r≪min(d,k). 
Based on the decomposition in Eq. (6), the adapted weight can be 
written as: 

Wʹ = m
W0 + BA

‖ W0 + BA ‖c
(6) 

Eq. (6) is more precise than directly adding a low-rank matrix to the 
full weight, because the update is explicitly constrained to modify the 
directional component, while the overall scale is controlled separately 
through m. In addition, A and B follow the standard LoRA-style initial
ization so that the adapted weight equals the pretrained weight at the 
start of training. Such decoupling improves optimization flexibility and 
better preserves the pretrained model prior under limited-data condi
tions. For Flux.1-dev, DoRA provides a controlled adaptation mecha
nism that efficiently transfers pretrained visual knowledge to the GPR 
domain while remaining sensitive to radar-specific structures such as 
clutter, hyperbolic reflections, and defect-related local responses. In 
addition, the learned magnitude and directional updates can be merged 
back into the pretrained weights after training, without introducing 
extra inference cost.

2.2.3. Robust flow matching with Pseudo-Huber loss
GPR B-scan images often contain strong clutter reflections and 

localized high-intensity echo responses, which may produce large local 
residual components in latent velocity regression. Under this condition, 
the conventional squared L2 loss may assign disproportionate weights to 
these localized residuals, causing the optimization to be overly influ
enced by isolated strong response. Recent studies on improved rectified 
flow training have shown that the Pseudo-Huber loss provides a robust 
alternative to the squared L2 objective by reducing the influence of large 

Fig. 3. Image-text pairs for conditional GPR B-scan generation. The five label values beside each B-scan image are YOLO-format annotations, representing the defect 
class index, normalized center coordinates, and normalized bounding-box width and height.
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residuals while retaining smooth quadratic behavior around small errors 
(Lee et al., 2024; Song et al., 2023). Inspired by this design, this study 
adopts an element-wise Pseudo-Huber loss in the latent velocity space: 

LPH(δ) = δ2

( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 +
(r

δ

)2
√

− 1

)

(7) 

where r = vθ(zt , t) − (ε − z) is the velocity-regression residual, and δ 
controls the transition between the quadratic and approximately linear 
regimes. In implementation, Eq. (7) is applied to each residual element 
and then reduced in the same manner as the other loss functions. Unless 
otherwise specified, δ is fixed to 1× 10− 4. As indicated by Eq. (7), the 
loss behaves quadratically for small residuals and approximately line
arly for large residuals. For GPR B-scan image generation, this property 
reduces the influence of isolated strong reflections and clutter-induced 
responses, encouraging the model to focus on the consistent recon
struction of defect-related structural patterns.

2.2.4. U-shaped timestep sampling for boundary emphasis
The distribution of training timesteps plays a critical role in rectified 

flow training. Although uniform sampling is commonly adopted, recent 
studies on improved rectified flow training have shown that boundary 
timesteps are important for few-step generation. To emphasize both the 
data and noise boundaries (Lee et al., 2024), this study adopts a sym
metric Beta distribution for timestep sampling: 

t ∼ Beta(α,α),0 < α < 1 (8) 

where α controls the shape of the timestep distribution. When α = 1, the 
distribution degenerates to uniform sampling. When α < 1, more sam
ples are assigned near the two boundaries (t→0 and t→1). Near the noise 
boundary (t→1), the model learns robust representations of speckle 
noise and clutter statistics. Near the data boundary (t→0), the model 
focuses on refining defect-related echo structures. Fig. 4 provides a 
schematic illustration of this U-shaped sampling strategy.

2.2.5. ODE-based generation with dual-text-encoder conditioning
During inference, new GPR B-scan samples are generated by 

numerically integrating the learned velocity field from an initial noisy 
latent state z1 toward the clean latent manifold z0. Following the recti
fied flow formulation in Section 2.2.1, the latent generation trajectory is 
governed by: 

dzt

dt
= vθ(zt , t, c) (9) 

To solve this ODE, this study adopts Heun’s method, a classical 
second-order explicit Runge-Kutta scheme. Karras et al. introduced this 
method into diffusion-based generative ODE sampling and showed that 
it provides a favorable tradeoff between truncation error and the num
ber of function evaluations (NFE), making it suitable to few-step gen
eration (Karras et al., 2022). In intuitive terms, Heun’s method first 
predicts the next state with a Euler step and then corrects the update 
using the average velocity over the interval. This property is particularly 
relevant to GPR-ImaGen, where efficient few-step latent sampling is 
preferred for practical GPR B-scan generation.

During inference, the time schedule follows the convention in Eq. 
(3), where t = 1 corresponds to the noisy latent state and t = 0 corre
sponds to the clean latent representation. Therefore, generation is per
formed along the backward sampling direction of the rectified flow ODE, 
from the noise boundary to the data boundary (Liu et al., 2023). Spe
cifically, let tk and tk+1 denote two adjacent sampling times with 
tk > tk+1, and define the backward integration step as hk = tk+1 − tk < 0. 
A predictor state is first computed by: 

z̃tk+1 = ztk + hkvθ
(
ztk , tk, c

)
(10) 

and the corrected update is then given by: 

ztk+1 = ztk +
hk

2
[
vθ
(
ztk , tk, c

)
+ vθ

(
z̃tk+1 , tk+1, c

)]
(11) 

After the latent trajectory reaches t = 0, the resulting latent code is 
decoded by the VAE decoder to obtain the generated GPR B-scan images 
(Rombach et al., 2022).

In the Flux.1-dev architecture, generation is further guided by 
structured textual prompts through a dual-text-encoder conditioning 
mechanism. Specifically, CLIP provides a pooled global text represen
tation, while T5 provides sequence-level textual embeddings, forming 
complementary conditioning pathways for the rectified flow trans
former. The pooled CLIP representation is used as a global conditioning 
vector together with timestep and guidance embeddings, while the T5 
sequence embeddings are projected as text tokens and interact with 
image latent tokens through the double-stream and single-stream 
transformer blocks. For the GPR B-scan generation task, prompts 
describing defect category, approximate location, and spatial scale 
therefore serve as inspection-relevant conditioning signals. This 

Fig. 4. Schematic illustration of the U-shaped timestep sampling strategy.
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conditioning mechanism guides the learned velocity field during the 
ODE integration process in Eq. (10) and Eq. (11), enabling category- 
aware GPR B-scan image generation. Fig. 5 qualitatively demonstrates 
this text-guided generation behavior, where prompt-level semantic 
changes lead to corresponding variations in the generated radar 
structures.

2.2.6. Training configuration and computational efficiency
In this study, all experiments were conducted under a fixed training 

configuration. Specifically, all GPR B-scan images were used at their 
original resolution of 224× ,224. DoRA was configured with a rank of 4 
and was mainly applied to the linear projection layers in the double- 
stream and single-stream blocks of the Flux.1-dev backbone, as well as 
the attention and MLP modules of the text encoders. The model was 
optimized with AdamW 8bit using a learning rate of 8 ×10− 4 and a 
cosine scheduler. The total number of training epochs was set to 32. 
During generation, 12 sampling steps and a guidance scale of 6.0 were 
adopted. Using the original B-scan resolution avoids additional resizing- 
induced distortion of radar reflection structures, while the relatively 
strong guidance scale reinforces the engineering prompt condition and 
constrains the sampling process toward category-consistent radargram 
structures. These settings were kept unchanged across experiments to 
improve reproducibility and enable a fair comparison of the proposed 
training components.

To support the selection of the adopted few-step generation setting, 
inference efficiency was measured by varying only the number of sam
pling steps within the same Flux.1-dev backbone. Specifically, the 12- 
step setting used in GPR-ImaGen was compared with a 50-step setting 
under the same prompt, image resolution, guidance scale, batch size, 
and hardware environment. The number of velocity-network evaluation 

was recorded as the number of function evaluations (NFE), and the 
relative denoising FLOPs reduction was estimated from the NFE ratio 
because each evaluation uses the same transformer backbone at the 
same latent resolution. Compared with the 50-step setting, the 12-step 
setting reduced the average per-image generation time from 8.8 s/ 
image to 2.3 s/image on an RTX 4090 24 GB GPU, corresponding to a 
relative denoising FLOPs reduction of approximately 76%. The peak 
inference memory was approximately 21.7 GB, and the DoRA fine- 
tuning process required approximately 4.5 h with a peak GPU memory 
of 19.2 GB. These settings were kept unchanged across experiments to 
improve reproducibility and provide a practical configuration for effi
cient GPR B-scan generation.

2.3. Validation framework for GPR-ImaGen

2.3.1. Degradation-aware B-scan-adapted distribution metrics
Distribution-level metrics are first adopted to evaluate whether the 

generated B-scan images are statistically aligned with real GPR data. 
Conventional Fréchet Inception Distance (FID) (Heusel et al., 2017) and 
Kernel Inception Distance (KID) (Bińkowski et al., 2018) are computed 
using the ImageNet-pretrained InceptionV3 feature space. However, 
GPR B-scan images are grayscale radargrams dominated by hyperbolic 
reflections, layered interfaces, directional echo textures, clutter, and 
speckle-like noise, which are substantially different from natural-image 
semantics. Therefore, directly relying on ImageNet-based features may 
not fully reflect the radar-specific structural consistency of generated 
B-scan images. To provide a complementary domain-adapted assess
ment, this study further constructs Bscan-FID and Bscan-KID using a 
degradation-aware B-scan-adapted InceptionV3 feature extractor.

Specifically, an ImageNet-pretrained InceptionV3 is fine-tuned on 

Fig. 5. Examples of text-guided controllable GPR B-scan generation.
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real B-scan images through a controlled degradation-aware self-super
vised task, where automatically generated degradation labels provide 
the supervision for learning radargram-specific feature representations. 
For a real B-scan image x, a degradation operation Ad,q(⋅) is applied to 
generate a degraded sample: 

x̃ = Ad,q(x) (12) 

where d denotes the degradation type and q denotes the degradation 
level. The degradation types include directional blur, layer smoothing, 
local echo attenuation, Gaussian noise, and contrast shift. The Incep
tionV3 backbone fB(⋅) extracts the feature representation, and two pre
diction heads are used to classify the degradation type and degradation 
level. The training objective is formulated as: 

LDA = λdLCE(hd(fB(x̃)), d) + λqLCE
(
hq(fB(x̃)), q

)
(13) 

where hd(⋅) and hq(⋅) are the degradation-type and degradation-level 
prediction heads, respectively; λd and λq are the corresponding loss 
weights. After training, only the InceptionV3 backbone is retained as the 
B-scan-adapted feature extractor, while the two auxiliary prediction 
heads are discarded.

Let R and G denote the real and generated B-scan image sets, 
respectively. The ImageNet-pretrained and B-scan-adapted InceptionV3 
feature extractors are denoted as φI(⋅) and φB(⋅). The mean vectors and 
covariance matrices of real and generated features in the corresponding 
feature space are denoted as μr, μg, 

∑
r, and 

∑
g. The conventional FID is 

computed in the ImageNet feature space as (Heusel et al., 2017): 

FID = ‖ μI
r − μI

g ‖
2
2
+ Tr

(
∑I

r
+
∑I

g
− 2

(
∑I

r

∑I

g

)1
2
)

(14) 

The conventional KID is computed in the same ImageNet feature 
space as (Bińkowski et al., 2018): 

KID =
1
S
∑S

s=1
MMD2

u

(
ZI

r,s,Z
I
g,s; k

)
(15) 

where ZI
r,s and ZI

g,s denote randomly sampled real and generated feature 
subsets extracted by φI(⋅), S is the number of random subsets, and k is the 
polynomial kernel.

Similarly, Bscan-FID is computed by replacing the ImageNet feature 
extractor with the degradation-aware B-scan-adapted feature extractor: 

Bscan − FID = ‖ μB
r − μB

g ‖
2
2
+ Tr

(
∑B

r
+
∑B

g
− 2

(
∑B

r

∑B

g

)1
2
)

(16) 

Bscan-KID is defined as: 

Bscan − KID =
1
S
∑S

s=1
MMD2

u

(
ZB

r,s, Z
B
g,s; k

)
(17) 

where the superscripts I and B indicate the ImageNet-pretrained feature 
space and the B-scan-adapted feature space, respectively. Therefore, FID 
and KID measure distribution alignment from the perspective of general 
visual representations, whereas Bscan-FID and Bscan-KID provide a 
complementary assessment of radargram-specific structural consistency. 
These four metrics are jointly used to evaluate whether the generated B- 
scan images preserve both general visual quality and domain-relevant 
GPR characteristics.

2.3.2. Multi-level validation protocol
To comprehensively assess the practical value of the proposed 

generative framework, a multi-level validation protocol is established. 
Rather than relying on a single metric or a single experimental setting, 
the protocol is designed to examine the proposed method from two 
complementary perspectives: generation quality and downstream 

augmentation utility (Dai et al., 2025; Khosravi et al., 2025). Accord
ingly, the evaluation progresses from distribution-level assessment of 
generated B-scan images to application-oriented validation in defect 
detection under varying data availability, class-imbalance, and 
cross-domain conditions.

(1) Component ablation and hyperparameter sensitivity analysis. 
The first level evaluates the generation model, aiming to verify whether 
the proposed adaptation strategy enhances the domain adaptation 
capability of the pretrained Flux.1-dev model for GPR B-scan images. 
This level focuses on distribution alignment and the preservation of 
radar-specific structural characteristics. The main training components, 
including DoRA, Pseudo-Huber loss, and U-shaped timestep sampling, 
are ablated under the same data and generation settings. In addition, a 
lightweight sensitivity analysis is conducted for two key hyper
parameters: the Pseudo-Huber transition threshold δ and the U-shaped 
timestep sampling parameter α. To isolate the influence of each hyper
parameter, one parameter is varied at a time while the remaining 
training configuration is kept unchanged. Specifically, the effect of δ is 
evaluated under the default U-shaped timestep sampling setting α = 0.6, 
whereas the effect of α is evaluated under the default Pseudo-Huber 
setting δ = 1× 10− 4. The corresponding ablation and sensitivity re
sults are reported in Section 3.1.2.

(2) Comparison with representative generative baselines. The second 
level compares the proposed method with representative generative 
models that have been used or widely considered for GPR-related data 
augmentation, including WGAN, DCGAN, and DDPM. All competing 
models are trained on the same preprocessed real GPR B-scan training 
data. WGAN is trained for 100 epochs using the Adam optimizer with a 
learning rate of 1× 10− 4, β1 = 0.0, β2 = 0.9, and a latent dimension of 
128. DCGAN is trained for 100 epochs using the Adam optimizer with a 
learning rate of 2× 10− 4, β1 = 0.5, β2 = 0.9, a latent dimension of 100, 
and binary cross-entropy loss for adversarial learning. DDPM is imple
mented with a U-Net-based noise-prediction network and trained using 
AdamW for 100,000 optimization steps. The diffusion process is dis
cretized into 1000 timesteps, and an exponential average (EMA) of the 
model parameters is maintained during training. The generated samples 
are evaluated using FID, KID, Bscan-FID, and Bscan-KID. In addition, t- 
distributed stochastic neighbor embedding (t-SNE) is used as an auxil
iary visualization tool to project high-dimensional deep features into a 
two-dimensional space, so that the distribution coverage and local 
neighborhood relationship between real and generated samples can be 
intuitively examined. The results of this level are reported in Section 
3.1.3.

(3) Memorization and intra-prompt diversity assessment. The third 
level evaluates the reliability of generated B-scan images from the 
perspective of memorization and intra-prompt diversity. Since the pro
posed framework is fine-tuned using a limited number of real GPR B- 
scan images, it is necessary to examine whether the generated samples 
are high-similarity copies of the training images. For this purpose, 
structural similarity between two normalized B-scan images is first 
measured using SSIM (Wang et al., 2004): 

SSIM(x, y) =

(
2μxμy + C1

)(
2σxy + C2

)

(
μ2

x + μ2
y + C1

)(
σ2

x + σ2
y + C2

) (18) 

where x and y denote two normalized B-scan images; μx and μy are their 
mean intensities; σ2

x and σ2
y are their variances; σxy is their covariance; C1 

and C2 are small constants used for numerical stability.
Let G denote the generated image set and R denote the real training 

set. For each generated image, its maximum SSIM value with all real 
training images is calculated as the generated-to-real nearest-neighbor 
similarity. Meanwhile, real-to-real nearest-neighbor SSIM is computed 
within the real training set as a reference for the intrinsic similarity level 
of real GPR B-scan data: 
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SG→R
i = max

1≤j≤Nr
SSIM

(
gi, rj

)
(19) 

SR→R
i = max

1≤j≤Nr ,
j∕=i

SSIM
(
ri, rj

)
(20) 

where gi, ri and rj denote generated and real images, respectively. A 
lower generated-to-real nearest-neighbor similarity than the real-to-real 
reference indicates that the generated samples are unlikely to be direct 
copies of the training images.

In addition, to memorization assessment, intra-prompt diversity is 
evaluated using multi-scale structural similarity (MS-SSIM) (Wang et al., 
2003). MS-SSIM extends SSIM to multiple image scales and has been 
used as a practical proxy for perceptual diversity in conditional image 
synthesis, where lower pairwise MS-SSIM indicates higher diversity 
among samples generated under the same condition (Odena et al., 
2017). For a prompt p with np generated images produced using 
different random seeds, the mean pairwise MS-SSIM is calculated as: 

Mp =
2

np
(
np − 1

)
∑

1≤i<j≤np

MS − SSIM
(

x(p)
i , x(p)

j

)
(21) 

where x(p)
i and x(p)

j denote two generated images conditioned on the 
same prompt. A lower Mp indicates stronger intra-prompt diversity, 
whereas an excessively high value suggests that the model may generate 
highly similar or collapsed outputs under the same textual condition. In 
this study, pairwise similarity values higher than 0.95 are regarded as 
high-similarity duplicate candidates. The results of memorization and 
intra-prompt diversity assessment are reported in Section 3.1.4.

(4) Downstream augmentation across multiple detection models. The 
fourth level shifts the focus from the quality of generated images to its 
practical function as a data augmentation tool for downstream detec
tion. Generated GPR B-scan images are introduced into four represen
tative object detection frameworks, including YOLOv8, YOLOv10, 
YOLOv11, and Faster R-CNN. These models represent different detection 
paradigms, enabling a comprehensive evaluation of whether the pro
posed augmentation strategy generalizes across detector architectures. 
The original dataset contains 873 B-scan images with six defect cate
gories, among which 611 images are used for training. Synthetic samples 
are gradually added to the training set at ratios of approximately 25%, 
50%, 75%, and 100% relative to the original training size. All generated 
B-scan images are manually annotated with defect categories and 
bounding boxes in YOLO format. The validation and test sets are kept 
unchanged and consist exclusively of real data to ensure fair evaluation. 
For consistency, YOLOv8, YOLOv10, and YOLOv11 are trained under 
the same settings, with 200 epochs, an input image size of 640 × 640, 
and a batch size of 64. Faster R-CNN is trained with a ResNet50 back
bone for 150 epochs using an input image size of 640 × 640, and is 
optimized using Adam with an initial learning rate of 1 ×10− 4 and a 
cosine learning-rate schedule.

Detection performance is evaluated using mAP@50, which measures 
the mean average precision at an intersection-over-union threshold of 
0.50 (Lv et al., 2025). For category k, a predicted bounding box Bp is 
regarded as a valid detection when: 

IoU
(
Bp,Bg

)
=

⃒
⃒Bp ∩ Bg

⃒
⃒

Bp ∪ Bg
≥ 0.50 (22) 

where Bg denotes the corresponding ground-truth bounding box. The 
category-wise average precision is calculated as the area under the 
precision-recall curve (Lv et al., 2025): 

APk =

∫ 1

0
Pk(R)dR (23) 

and mAP@50 is obtained by averaging the AP values over all K defect 
categories (Lv et al., 2025): 

mAP@50 =
1
K
∑K

k=1
APk|IoU=0.50 (24) 

This metric is used as the main task-oriented indicator for evaluating 
whether generated B-scan images improve defect recognition and 
localization on real test data. The corresponding results are reported in 
Section 3.2.1.

(5) Two-dimensional evaluation under data scarcity conditions. The 
fifth level further examines how the effectiveness of synthetic augmen
tation varies with the amount of available real data. A two-dimensional 
evaluation setting is constructed by jointly varying real-data retention 
and generated-data supplementation. This design makes it possible to 
distinguish two complementary roles of generative augmentation: 
compensating for missing training information when real data are 
scarce, and expanding distributional diversity when real data are rela
tively sufficient. Specifically, four real-data retention levels are con
structed by retaining 100%, 75%, 50%, and 25% of the original training 
set. Let N = 611 denote the original real training set size. For each real- 
data retention ratio r, the “Origin” setting contains rN real images and no 
generated images. The “Mix” setting contains rN real images and (1 −

r)N generated images, resulting in a total training size of N, respectively. 
The “Mix+25%,” “Mix+50%,” “Mix+75%,” and “Mix+100%” settings 
further introduce additional generated images corresponding to 25%, 
50%, 75%, and 100% of N. The corresponding results are reported in 
Section 3.2.2.

(6) Category-specific augmentation under class-imbalance condi
tions. The sixth level addresses category-specific augmentation under 
class-imbalance conditions. Instead of treating data deficiency only as a 
global problem, this level evaluates whether the proposed text- 
conditioned generation mechanism can provide semantically consis
tent synthetic samples for targeted defect categories. For each defect 
category, the corresponding class is reduced to 25% of its original 
training size, while all other categories and the validation and test sets 
are kept unchanged. Based on this setting, category-consistent synthetic 
augmentation is introduced by progressively adding generated B-scan 
images for the data-scarce class at ratios of 50%, 100%, 150%, 200%, 
300%, and 400% relative to the remaining real samples. All synthetic 
samples are randomly selected from the corresponding category, and 
detection performance is evaluated using mAP@50. This level aims to 
reveal whether category-aware GPR B-scan image generation can 
effectively mitigate class-imbalance and support the learning of 
minority-class radar signatures. The results are reported in Section 3.2.3.

(7) Cross-domain generalization under domain shift. The seventh 
level evaluates cross-domain generalization under domain shift. This 
level first quantifies the feature-distribution discrepancy between the 
source and target domains before conducting cross-domain detection 
experiments. Specifically, FID and Bscan-FID are computed among three 
distribution pairs: source-domain split A versus source-domain split B, 
source-domain real images versus target-domain real images, and 
generated images versus target-domain real images. The intra-source 
distance provides a reference for natural variation within the source 
domain, while the source-target and synthetic-target distances charac
terize the domain gap faced by cross-domain augmentation. Based on 
the quantified domain gap, cross-domain detection evaluation is con
ducted on a held-out target-domain GPR B-scan dataset. This target- 
domain dataset contains 500 real B-scan images from three categories, 
including crack, interlayer debonding, and utility. Although these 
samples are selected from the same two public datasets, they are strictly 
separated from the images used for GPR-ImaGen fine-tuning and are 
reserved only for cross-domain detection evaluation. Synthetic samples 
from the corresponding categories are progressively introduced into the 
target-domain training set at 25%, 50%, 75%, and 100% augmentation 
ratios, whereas the validation and test sets remain composed only of real 
target-domain images. This level therefore examines whether generated 
data can provide transferable defect-related structural information 
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under domain shift, and whether excessive synthetic augmentation may 
introduce source-domain bias. The results are reported in Section 3.2.4.

3. Results and discussion

3.1. Image-quality evaluation of generated B-scan data

3.1.1. Validation of the B-scan-adapted inceptionV3 feature extractor
This section presents the validation results of the degradation-aware 

B-scan-adapted InceptionV3 feature extractor described in Section 2.3.1. 
As shown in Fig. 6(a), both training and validation accuracy increase 
rapidly during the early training stage and then gradually remains 
mostly within the range of 0.85–0.90, while the training accuracy fol
lows a similar trend. The close agreement between the two curves in
dicates that the model does not simply memorize the training samples, 
but learns transferable degradation-sensitive representations from real 
B-scan images. This result suggests that the adapted feature extractor 
can capture domain-relevant variations associated with B-scan image 
degradation.

The confusion matrix of the best validation model is shown in Fig. 6
(b). The matrix exhibits clear diagonal dominance, indicating that most 
degraded samples are assigned to their corresponding degradation 
types. In particular, directional blur and local echo attenuation are 
correctly classified, indicating that the adapted feature extractor is 
sensitive to directional texture degradation and localized echo-energy 
variations. Gaussian noise, original images, and layer smoothing are 
also well recognized, suggesting that the model can distinguish changes 
in radargram noise distribution, layered structures, and unmodified B- 
scan patterns. Although contrast shift shows relatively more confusion 
with several other classes, this is reasonable because real B-scan images 
naturally contain gray-level variations caused by acquisition conditions, 
gain adjustment, and preprocessing. Overall, these results demonstrate 
that the fine-tuned InceptionV3 backbone acquires discriminative 
sensitivity to radargram-specific degradation patterns. Therefore, the 
resulting B-scan-adapted feature space provides a more domain-relevant 
basis for Bscan-FID and Bscan-KID, complementing conventional FID 
and KID in the subsequent evaluation of generated B-scan images.

3.1.2. Component ablation and hyperparameter sensitivity analysis
After validating the degradation-aware B-scan-adapted feature 

extractor, the contribution of each training component is further 
examined using both conventional distribution metrics and B-scan- 
adapted distribution metrics. Table 2 summarizes the ablation results of 
different training configurations under FID, KID, Bscan-FID, and Bscan- 
KID. The combination of DoRA, Pseudo-Huber loss, and U-shaped 

timestep sampling achieves the strongest overall performance, with an 
FID of 10.4958, KID of 0.0026, Bscan-FID of 10.8279, and Bscan-KID of 
0.0149. Although DoRA+L2+U-shaped obtains a slightly lower Bscan- 
FID, the full configuration achieves the best FID, KID, and Bscan-KID, 
while maintaining highly competitive Bscan-FID. This indicates that 
the proposed training framework provides a more balanced improve
ment in both general visual distribution alignment and radargram- 
specific feature consistency. In particular, the reduction in Bscan-KID 
suggests that the generated samples better preserve radargram-specific 
structural characteristics, including layered textures, local echo re
sponses, and background clutter patterns.

The sensitivity analysis of the Pseudo-Huber transition threshold δ 
and the U-shaped timestep parameter α is summarized in Table 3. For 
the Pseudo-Huber loss, δ = 1 × 10− 4 achieves the lowest FID and Bscan- 
FID among the tested settings, indicating that it provides an appropriate 
balance between residual robustness and structural sensitivity. A smaller 
δ imposes stronger suppression on large residuals, which may weaken 
the learning of moderate defect-related structures, whereas a larger δ 
makes the loss closer to the squared L2 loss and increases sensitivity to 
local high-intensity responses. For the timestep distribution, α = 0.6 
gives the best overall distribution consistency. Compared with α = 0.2 

Fig. 6. Validation of the degradation-aware B-scan-adapted InceptionV3 feature extractor. (a) Degradation-type prediction accuracy during self-supervised fine- 
tuning. (b) Confusion matrix of degradation-type classification on the validation set. A1 − A6 denote original, directional blur, layer smoothing, local echo atten
uation, Gaussian noise, and contrast shift respectively.

Table 2 
Ablation study results.

Experiment FID (↓) KID (↓) Bscan-FID 
(↓)

Bscan-KID 
(↓)

LoRA+L2+Shift 13.3716 0.0089 13.7205 0.0223
DoRA+L2+Shift 13.4413 0.0085 16.6200 0.0293
DoRA+L2+U-shaped 13.4682 0.0060 10.7267 0.0151
DoRA+Pseudo-Huber+Shift 11.1349 0.0045 12.8080 0.0201
LoRA+Pseudo-Huber+U- 

shaped
14.3329 0.0064 13.8938 0.0226

DoRA+Pseudo-Huber+U- 
shaped

10.4958 0.0026 10.8279 0.0149

Table 3 
Sensitivity analysis of δ and α.

Analysis group δ α FID Bscan-FID

δ sensitivity 1× 10− 5 0.6 10.6118 13.2941
δ sensitivity 1× 10− 3 0.6 11.5056 12.6674
α sensitivity 1× 10− 4 0.2 11.2756 11.1280
α sensitivity 1× 10− 4 0.4 13.4327 14.0090
α sensitivity 1× 10− 4 0.8 13.2031 11.3487
Default setting 1× 10− 4 0.6 10.4958 10.8279
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and α = 0.4, it avoids excessive concentration of training samples near 
the two boundaries. Compared with α = 0.8, it provides stronger 
boundary emphasis for few-step generation. These results support the 
use of δ = 1 × 10− 4 and α = 0.6 as the default settings in GPR-ImaGen.

3.1.3. Comparative analysis with baseline generative models
Following the baseline comparison protocol described in Section 

2.3.2, this section compares GPR-ImaGen with representative genera
tive models using both distribution metrics and feature-space visuali
zation. The quantitative results are summarized in Table 4. It can be 
observed that GPR-ImaGen achieves the best performance among all 
compared models, with FID of 10.4958, KID of 0.0026, Bscan-FID of 
10.8279, and Bscan-KID of 0.0149. Compared with WGAN and DCGAN, 
the proposed method shows a clear reduction in both conventional and 
B-scan-adapted distribution metrics, indicating better modeling of het
erogeneous radargram structures when only 873 real B-scan images are 
available for generative-model training. DDPM achieves better distri
bution alignment than the adversarial baselines, but its FID and Bscan- 
FID are still higher than those of GPR-ImaGen. Specifically, GPR- 
ImaGen reduces FID from 18.4147 to 10.4958 and Bscan-FID from 
21.5629 to 10.8279 compared with DDPM. The larger improvement in 
the B-scan-adapted feature space further suggests that the generated 
samples better preserve radargram-specific structures, such as layered 
interfaces, local echo responses, and speckle-like background variations. 
These results demonstrate the advantage of the proposed category- 
aware rectified flow framework for limited-data GPR B-scan generation.

The t-SNE visualization in Fig. 7 provides an intuitive comparison of 
feature-space distribution coverage. The real B-scan samples form a 
multi-cluster distribution in the embedding space, where different 
clusters correspond to different defect categories. This pattern reflects 
the inherent inter-class variation of GPR B-scan images in terms of echo 
morphology, texture characteristics, and local structural responses. 
Against this reference distribution, the samples generated by the pro
posed method are more broadly distributed around multiple real-data 
clusters and exhibit comparatively balanced coverage across feature 
regions dominated by different defect categories. In contrast, WGAN and 
DCGAN tend to concentrate in limited local regions, failing to cover the 
full data manifold, while DDPM shows partial alignment but remains 
relatively constrained. This broader and more balanced embedding 
distribution suggests that the proposed method achieves stronger mode 
coverage and better preserves category-relevant structural features, 
rather than merely reproducing generic radar textures or averaged echo 
pattern. Therefore, Fig. 7 provides feature-distribution-level evidence 
that the proposed framework offers clear advantages in diversity, real
ism, and category-sensitive structural representation, which also helps 
explain its superior effectiveness in the subsequent data augmentation 
experiments for downstream defect detection.

3.1.4. Memorization and intra-prompt diversity assessment
Following the SSIM-based reliability assessment described in Section 

2.3.2, this section reports the nearest-neighbor memorization analysis 
and intra-prompt diversity results. Table 5 presents the nearest-neighbor 
SSIM results for memorization assessment. The generated-to-real com
parison gives a mean SSIM of 0.321 and a maximum SSIM of 0.658, and 
no generated sample exceeds the high-similarity threshold of 0.95. In 
contrast, the real-to-real reference comparison shows a higher mean 
SSIM of 0.516 and a maximum SSIM of 0.998, with 12 high-similarity 

pairs observed within the real dataset. This indicates that the gener
ated samples do not show stronger similarity to the training set than the 
intrinsic similarity already existing among real B-scan images, suggest
ing that GPR-ImaGen does not simply memorize the training data.

Table 6 reports the intra-prompt diversity results on the pairwise MS- 
SSIM. The mean pairwise MS-SSIM values range from 0.046 to 0.176 
across the six defect categories, and no image pair exceeds the high- 
similarity threshold of 0.95. These results indicate that GPR-ImaGen 
does not collapse to nearly identical outputs under the same prompt 
and can generate structurally diverse B-scan images under identical 
textual conditions. Among the categories, loose, cavity, and utility show 
relatively lower MS-SSIM values, suggesting stronger intra-prompt 
variation, whereas crack, void, and interlayer debonding exhibit 
slightly higher similarity, likely due to more constrained radar response 
patterns or more consistent prompt-level structural descriptions. Over
all, the generated samples provide additional structural variations 
beyond simple replication while maintaining category-level semantic 
consistency.

3.2. Validation of generated data augmentation

3.2.1. Augmentation performance across multiple detection models
Following the multi-model augmentation protocol described in 

Section 2.3.2, this section reports the effect of generated B-scan images 
on downstream defect detection. Since the validation and test sets 
consist only of real B-scan images, the changes in mAP@50 directly 
reflect whether the generated samples can improve defect recognition 
and localization in real GPR data. The detection results are presented in 
Fig. 8. It can be observed that incorporating generated B-scan images 
improves the detection performance of all four detector architectures at 
certain augmentation ratios. Among them, YOLOv11 achieves the 
highest detection performance, with an mAP@50 of 91.6% at the 100% 
augmentation ratio. These improvements indicate that the generated 
samples provide useful defect-related reflection patterns and comple
mentary structural variations, thereby enriching the training distribu
tion and enhancing the learning of radar responses associated with 
subsurface defects. However, the performance gain is not strictly pro
portional to the augmentation ratio. When the amount of generated data 
gradually approaches the scale of real training data, the improvement 
tends to saturate, suggesting that synthetic B-scan images can effectively 
supplement the training set, but real radar observations remain essential 
for preserving domain-specific signal characteristics, background 
clutter, and acquisition-related variations.

Overall, the consistent performance improvement observed in both 
YOLO-family one-stage detectors and the two-stage Faster R-CNN de
tector demonstrates that the proposed augmentation strategy is not 
restricted to a specific detection architecture. These results support the 
practical utility of GPR-ImaGen as a detection-oriented data augmen
tation tool for intelligent GPR interpretation.

3.2.2. Two-dimensional evaluation under data scarcity conditions
Following the two-dimensional data-scarcity evaluation protocol 

defined in Section 2.3.2, this section reports the detection performance 
under different real-data retention levels and synthetic augmentation 
settings. The experimental results are summarized in Fig. 9 and two key 
observations are identified. When real training data are limited, incor
porating generated B-scan images leads to substantial improvements in 
detection accuracy. The improvement is particularly pronounced in the 
25% and 50% real-data scenarios, indicating that synthetic samples 
effectively compensate for insufficient training samples and structural 
diversity. Furthermore, when more real data are retained, synthetic data 
still contributes to performance improvements by enriching the di
versity of radar reflection structures. However, the marginal benefit 
decreases as the amount of real data increases. This indicates that 
generated samples mainly serve to expand the training distribution 
rather than directly replace real radar observations. Notably, under the 

Table 4 
Comparison of generative models.

Model FID KID Bscan-FID Bscan-KID

WGAN 26.9333 0.0273 54.6412 0.1124
DCGAN 21.6904 0.0168 35.1113 0.0726
DDPM 18.4147 0.0159 21.5629 0.0407
Ours 10.4958 0.0026 10.8279 0.0149
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75% real-data setting, the performance gain achieved by further syn
thetic augmentation is even greater than that obtained when augmen
tation is applied to the 100% real-data setting. A plausible explanation is 
that the retained training subset still preserves the main characteristics 
of real B-scan data after partial removal of real samples, while the 
generated data introduce a broader range of structural variations than 
the removed portion of real data. As a result, synthetic augmentation in 
this setting not only compensates for missing samples, but also effec
tively expands the coverage of the training distribution. This 

observation further supports the role of generated data as a mechanism 
for distribution expansion, especially when the real dataset remains 
sufficiently representative but no longer fully covers the underlying 
structural variability.

3.2.3. Category-specific augmentation under class-imbalance
Following the category-specific augmentation protocol described in 

Section 2.3.2, this section reports the effect of category-consistent 
generated samples under class-imbalance conditions. The resulting 
performance trends for all categories are summarized in Fig. 10. Under 
severe class reduction, detection accuracy drops markedly across all 
categories, confirming that the scarcity of class-specific samples directly 
impairs the learning of discriminative radar signatures. As category- 
consistent synthetic data are progressively introduced, performance 
generally recovers across all categories, indicating that the generated 
samples provide useful structural cues for compensating missing 
training information. However, the recovered performance usually re
mains below the original full-data baseline, suggesting that synthetic 
samples can alleviate class scarcity but cannot fully replace the diversity 
and fidelity of real observations.

The magnitude and rate of performance recovery further exhibit 
clear class-dependent variations. This reflects differences in radar 
signature characteristics and in the extent to which synthetic data can 
capture representative structural patterns. Categories with more 
distinctive geometric structures or stronger reflections tend to benefit 
from relatively low augmentation ratios, whereas categories dominated 
by diffuse, ambiguous, or noise-sensitive patterns generally require 
higher augmentation ratios to achieve comparable gains. Consequently, 
the effectiveness of synthetic augmentation does not follow a uniform 

Fig. 7. Two-dimensional t-SNE visualization of real and synthetic GPR data by different models. (a) WGAN. (b) DCGAN. (c) DDPM. (d) Ours.

Table 5 
Nearest-neighbor SSIM analysis for memorization assessment.

Comparison Mean SSIM Max SSIM SSIM>0.95

SG→R 0.321 0.658 0
SR→R 0.516 0.998 12

Table 6 
Pairwise SSIM for intra-prompt diversity assessment.

Category Prompts/ 
Images

Mean Pairwise 
MS-SSIM

Max pairwise 
MS-SSIM

Pairs 
above 0.95

Cavity 5/50 0.085 0.218 0
Void 5/50 0.157 0.601 0
Interlayer 

debonding
5/50 0.154 0.632 0

Loose 5/50 0.046 0.167 0
Utility 5/50 0.090 0.409 0
Crack 5/50 0.176 0.612 0
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trend, and the most beneficial augmentation ratio varies across defect 
categories. Despite these differences, all categories show an overall 
upward tendency with the introduction of synthetic data. This indicates 
that the generated samples capture transferable and category-relevant 
structural information rather than introducing spurious visual pat
terns. Overall, these results support the practical value of category- 
consistent generation for mitigating class imbalance in GPR defect 
detection.

3.2.4. Cross-domain evaluation of synthetic data augmentation
Following the cross-domain validation protocol defined in Section 

2.3.2, this section reports the quantified source-target distribution 
discrepancy and the corresponding cross-domain detection results. 
Table 7 presents the quantitative characterization of the domain gap. 
The source-target distance is clearly larger than the intra-source refer
ence distance. Specifically, FID increases from 13.522 for the intra- 
source split to 22.095 between source-domain and target-domain real 
images, while Bscan-FID increases from 10.133 to 13.485. This confirms 
that the target-domain data have a measurable distribution discrepancy 
from the source-domain data. The generated-to-target distance is further 
increased, with an FID of 31.714 and a Bscan-FID of 28.702, indicating 
that generated samples retain more source-domain characteristics and 
do not fully match the target-domain background and noise distribution.

These results indicate that the cross-domain experiment is conducted 
under a clear distribution shift, rather than a simple random split of the 
same data source. They also provide a basis for interpreting the subse
quent detection results: generated samples may transfer defect-related 
structural information, but their background statistics and noise char
acteristics remain different from those of the target domain.

The cross-domain detection results are shown in Fig. 11. The target- 
domain dataset contains 500 real B-scan images from three categories, 
including crack, interlayer debonding, and utility. Without synthetic 
augmentation, the baseline model achieves an mAP@50 of 0.776. After 
introducing 25% and 50% synthetic data into the target-domain training 
set, mAP@50 increases to 0.814 and 0.832, respectively. This 
improvement shows that moderate synthetic augmentation can enhance 
cross-domain feature learning by introducing additional defect-related 
reflection patterns.

However, the performance decreases when the augmentation ratio is 
further increased. The mAP@50 drops to 0.804 at the 75% 

Fig. 8. Detection performance of four object detectors under different synthetic augmentation ratios. (a) YOLOv8. (b) YOLOv10. (c) YOLOv11. (d) Faster R-CNN.

Fig. 9. Detection performance (mAP@50) under different real-data retention 
levels and synthetic augmentation settings. Blank cell indicates the setting is 
equivalent to the corresponding Origin baseline and is therefore omitted to 
avoid repetition.
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augmentation ratio and 0.778 at the 100% augmentation ratio. This 
non-monotonic trend is consistent with the domain-gap results in 
Table 7. At moderate ratios, generated samples act as complementary 
structural information and improve the learning of defect responses. At 
high ratios, the larger synthetic-target discrepancy may introduce 
excessive source-domain texture, noise, and reflection-style bias into the 
target-domain training set. As a result, the detector becomes less 

sensitive to authentic target-domain radar patterns. Overall, the cross- 
domain results show that GPR-ImaGen can improve detection under 
domain shift, but synthetic data should be used as a complementary 
source of structural diversity rather than as a dominant replacement for 
real target-domain observations.

4. Conclusions

Deep learning-based intelligent GPR detection has become an 
important direction for transportation infrastructure inspection, yet its 
practical deployment is still constrained by the scarcity and class 
imbalance of labeled GPR B-scan data. To address this challenge, this 
study proposed GPR-ImaGen, a rectified flow-based generative 
augmentation framework for GPR B-scan images. Specifically, the pre
trained text-to-image generative model (Flux.1-dev) was adapted to the 
GPR domain through DoRA-based parameter-efficient fine-tuning. To 
better accommodate the structural characteristics of GPR B-scan images 
and the training instability caused by limited data, a Pseudo-Huber loss 

Fig. 10. Category-specific synthetic augmentation for mitigating class imbalance in GPR defect detection. (a) cavity. (b) void. (c) interlayer debonding. (d) loose. (e) 
utility. (f) crack.

Table 7 
Quantitative characterization of domain gap using distribution distances.

Distribution pair FID Bscan-FID Description

Source split A to B 13.5215±0.3377 10.1334±0.1621 Intra-source 
reference distance

Source real to 
Target real

22.0952 13.4846 Source-target 
domain discrepancy

Generated to 
Target real

31.7141 28.7021 Synthetic-target 
discrepancy
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and a U-shaped timestep sampling strategy were further introduced as 
two key improvements to enhance training robustness and generation 
quality. The proposed framework achieved FID, KID, Bscan-FID, and 
Bscan-KID values of 10.4958, 0.0026, 10.8279, and 0.0149, showing the 
best overall distribution alignment among the compared generative 
models. In addition, the nearest-neighbor SSIM analysis and intra- 
prompt diversity assessment further indicated that the generated sam
ples were not high-similarity copies of real training images and could 
provide structural variations under consistent textual conditions.

To verify the practical value of the proposed generative framework 
for downstream intelligent GPR detection, a series of augmentation 
experiments were conducted under different data availability and 
evaluation settings. By incorporating the generated B-scan images into 
training of detector, the proposed framework consistently improved 
detection performance across multiple detectors and augmentation ra
tios settings, with YOLOv11 achieving the highest mAP@50 of 91.6% at 
a 100% augmentation ratio. The improvement was particularly evident 
under data-scarce conditions, where mAP@50 increased from 73.6% to 
81.9% when only 25% of the real training data were retained. Under 
class-imbalance settings, category-consistent augmentation also 
improved the detection of data-scarce categories, with mAP@50 
increasing from 73.0% to 81.0% for crack. Cross-domain experiments 
further showed that generative data augmentation remained beneficial 
under domain shift, suggesting that the generated B-scan images capture 
more generalizable structural features rather than merely fitting the 
source-domain distribution. These results demonstrate that the pro
posed framework effectively complements limited real GPR data and 
provides practical support for improving both the detection accuracy 
and the generalization capability of intelligent GPR detection.

Overall, the proposed category-aware GPR B-scan image generation 
framework provides an effective and generalizable solution for allevi
ating data scarcity and class imbalance in deep learning-based intelli
gent GPR detection. Although the proposed framework has explored 
spatially aware generation under textual semantic guidance, its sensi
tivity to spatial and scale-related textual information remains limited. 
Future work will therefore incorporate richer GPR physical parameters 
and spatial-scale information to support more controllable generation in 
complex inspection scenarios. In addition, since the adopted open- 
source datasets mainly provide processed B-scan images rather than 
calibrated raw radar traces, this study focuses on radargram-level dis
tribution consistency and detection-oriented utility, while more rigorous 
electromagnetic waveform-level validation will be investigated in future 
work when raw GPR acquisition records are available. With these im
provements, the proposed framework is expected to further enhance the 
generalization and robustness of deep learning-based intelligent GPR 
detection in real engineering applications, and may also offer strong 

potential for other intelligent object detection tasks under data-scarce 
conditions.
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