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To address the engineering challenge of detecting fine cracks on hybrid 
wind turbine towers, especially against complex water seepage backgrounds, 
this study aims to explore optimal image segmentation strategies. The core 
challenges of this task lie in the severe class imbalance caused by the extremely 
low pixel ratio of crack targets and the visual interference from seepage areas. To 
this end, a dedicated dataset for this specific scenario, named HTSCD, was first 
constructed. Subsequently, based on the U-Net segmentation model, this study 
systematically compared the effects of various combinations of data processing 
strategies (original, tiled, tiled and augmented) and loss functions (Cross-
Entropy, Weighted Cross-Entropy, Dice Loss). Furthermore, to investigate the 
potential performance improvement from external data, the effectiveness of 
transfer learning using public crack datasets and programmatically synthesized 
data was also evaluated. The experimental results demonstrate that the 
combination of the tiled and augmentated dataset strategy and the Dice Loss 
function is the optimal solution for this task, achieving the best balance between 
precision and recall. A key finding is that conventional transfer learning strategies 
exhibited significant “negative transfer” in this task, where the introduction of 
external data impaired model performance. This research not only establishes 
an effective baseline solution for wind tower crack detection in this specific 
scenario but also provides important practical insights into the limitations of 
transfer learning for highly specialized visual inspection tasks.

KEYWORDS

class imbalance, crack segmentation, hybrid tower, loss functions, negative transfer, 
structural health monitoring, wind turbine 

 1 Introduction

With the increasing global demand for renewable energy, wind energy, as a clean 
and sustainable form of energy, has become increasingly important in strategic terms. 
Wind turbines, as the core equipment for wind energy conversion, their long-term stable 
operation is crucial to ensuring energy supply. The tower, as the key structure supporting 
the huge rotor and nacelle of the wind turbine, its structural health directly affects the 
safety and service life of the entire wind power generation system. In recent years, to 
adapt to the development trend of larger single-unit capacity and higher hub height, hybrid 
towers composed of a concrete structure at the bottom and a steel structure at the top
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FIGURE 1
Seepage and cracks on the surface of wind power hybrid towers.

have been widely applied due to their economic and structural 
advantages (Haar and Marx, 2015).

However, unlike traditional steel towers, the concrete part of 
hybrid towers is susceptible to the complex influences of various 
factors such as fatigue loads, temperature changes, and material 
shrinkage and creep during long-term service, inevitably developing 
surface cracks, as shown in Figure 1. These cracks are not only defects 
in the structural appearance but also lead to water seepage, and more 
importantly, may become potential channels that accelerate the 
corrosion of internal steel bars and reduce the structural durability. 
In extreme cases, tiny cracks may continue to expand and converge, 
developing into structural damage, thereby seriously threatening the 
overall stability and service safety of the tower. Therefore, regular, 
efficient, and accurate crack detection and evaluation of hybrid 
towers are crucial aspects of preventive maintenance and structural 
health monitoring in wind farms (Civera and Surace, 2022).

Traditional tower crack detection mainly relies on manual high-
altitude operations or visual inspections using telescopes. This 
method is not only inefficient and costly, but also exposes inspectors 
to significant safety risks. More importantly, the detection results are 
highly susceptible to factors such as lighting conditions, observation 
angles, and the subjective judgment of inspectors, making it difficult 
to ensure the consistency and reliability of the results. In recent 
years, with the rapid development of unmanned aerial vehicle (UAV) 
technology and computer vision, the use of UAVs equipped with 
high-definition cameras for image collection, combined with deep 
learning algorithms for automated crack identification, has become 
a research hotspot in the field of structural health monitoring 
(Hu F. et al., 2025; Li et al., 2025; Kaveh and Alhajj, 2024). This 
technical approach provides a new solution for achieving safe, 
efficient, and intelligent inspection of wind turbine towers.

In the field of object detection, researchers typically use 
models such as the YOLO series and Faster R-CNN to locate 

cracks with bounding boxes. These methods are widely applied in 
the inspection of various large-scale infrastructure. For example, 
Hu F. et al. (2025) proposed an improved YOLOv5l model, which 
realizes the rapid identification of six different types of defects 
on the surface of wind turbine towers. Similarly, researchers 
have successfully applied Faster R-CNN to bridge crack detection 
(Li R. et al., 2023), and achieved efficient detection of tunnel 
lining cracks based on improved YOLOv5 and YOLOv8 models 
(Duan et al., 2024; Xu et al., 2024). However, the inherent limitation 
of object detection methods is that the output rectangular boxes 
contain a large number of background pixels, making it difficult 
to accurately quantify key geometric parameters of cracks such as 
length, width, and direction, which are crucial for evaluating the 
actual hazard level of cracks.

To achieve more refined crack quantification analysis, image 
segmentation technology has emerged. Fully Convolutional 
Networks (FCNs) represented by U-Net, DeepLabV3+, etc., 
can realize pixel-level crack mask prediction, providing a 
solid foundation for subsequent evaluations. For wind tower 
scenarios, Deng et al. (2024) proposed a customized network 
based on DeepLabV3+ to address the challenges of data 
imbalance and background interference. Li et al. (2025) combined 
attention-enhanced CNN with Structure from Motion (SfM) 
3D reconstruction technology, which not only identified subtle 
cracks but also realized their spatial localization and parameter 
quantification on 3D models, forming an automated closed-loop 
system. To further improve segmentation accuracy, researchers 
have continuously explored better network architectures, such 
as capturing cracks of different sizes through multi-scale feature 
fusion (Shang et al., 2020; Zhang J. et al., 2020), improving classic 
architectures like U-Net++ (Sarhadi et al., 2024), or designing 
lightweight networks (Li et al., 2024; Depeng and Huabin, 2024) to 
balance accuracy and efficiency. In recent years, hybrid architectures 
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fusing CNN and Transformer have become a new research 
hotspot, aiming to combine the powerful local feature extraction 
capability of CNN and the excellent global context modeling 
capability of Transformer, thereby more effectively capturing the 
slender and continuous morphological characteristics of cracks 
(Zhang et al., 2023; Zhao et al., 2024; Chen et al., 2023).

Whether it is object detection or image segmentation, the 
performance of deep learning models is highly dependent on large-
scale, high-quality annotated datasets (Zhang M. et al., 2020). In the 
specific field of wind tower crack detection, it is relatively difficult 
to obtain sufficient real annotated data. To address the issue of 
data scarcity, existing studies have mainly explored two strategies. 
First, transfer learning and domain adaptation. This strategy aims 
to transfer knowledge learned from data-rich domains (source 
domains) to target domains with scarce data (Toldo et al., 2020). 
For example, models pre-trained on large public datasets (such 
as ImageNet) or related domains (such as ground, dam, and 
underwater cracks) are transferred to target tasks for fine-tuning 
(Fan et al., 2022; Li J. et al., 2023; Maray et al., 2023). To 
further reduce reliance on labeled data, more advanced paradigms 
such as few-shot learning have been proposed, aiming to enable 
models to learn to segment new crack categories with only one 
or a few example images (Chang et al., 2023; Tian et al., 2022). 
Second is synthetic data generation. This strategy uses computer 
graphics technology to generate a large number of virtual crack 
images with precise annotations to expand training data. For 
example, Xu et al. (2023) and Hu W. et al. (2025) generated a 
large number of realistic virtual crack images through high-fidelity 
3D modeling and rendering technologies, and proved that mixed 
training with virtual and real data can significantly improve the 
detection performance of models in complex scenarios. In addition, 
Generative Adversarial Networks (GANs) are also used to generate 
or translate images to expand datasets or perform unsupervised 
feature learning (Majurski et al., 2019). The core of these methods is 
to solve data quality problems caused by insufficient annotations or 
label noise (Song et al., 2023), thereby improving the generalization 
ability of the model.

In summary, although existing research has made significant 
progress in improving the accuracy and automation of crack 
detection models, there are still the following research gaps: (1) 
Most studies (such as Hu F. et al. (2025)) focus on the detection 
and classification of typical dark-colored cracks under conventional 
dry backgrounds, while insufficient attention is paid to the more 
challenging scenario of “light-colored fine cracks under water 
seepage backgrounds.” Due to their shallow depth and small pixel 
values, such cracks pose far greater challenges to the refined 
recognition capabilities of segmentation algorithms compared to 
conventional scenarios. Additionally, there is currently a lack of 
public dedicated datasets for this specific scenario. (2) Although 
strategies such as transfer learning and synthetic data have been 
widely discussed, the effectiveness of these general data strategies 
in the aforementioned highly specific scenarios with unique visual 
characteristics, as well as the potential risks such as “negative 
transfer,” have not yet been systematically verified and analyzed.

To address the aforementioned research gaps, this paper focuses 
on the highly challenging detection scenario of “light-colored fine 
cracks against a water seepage background” on the surface of hybrid 
tower drums of wind turbines, aiming to explore optimal data 

strategies and model training schemes. The main contributions of 
this study can be summarized as follows: 

1. Construction of a new dedicated dataset Hybrid Tower 
Seepage and Crack Dataset (HTSCD): Targeting the unique 
scenario of “light-colored fine cracks against a water seepage 
background” on the surface of hybrid tower drums of wind 
turbines, we built a pixel-level dedicated dataset containing 
two types of defects, “water seepage” and “cracks”, through 
on-site collection and detailed manual annotation. This 
dataset fills the gap of the lack of such samples in existing 
public datasets and provides a valuable benchmark for 
subsequent research.

2. Establishment of an effective detection benchmark scheme: By 
systematically comparing various data preprocessing strategies 
(such as block division and data augmentation) and loss 
functions (such as cross-entropy loss and Dice loss), we 
verified that the combination of “block division + data 
augmentation” and “Dice loss” is the optimal strategy to 
solve such severe class imbalance problems, providing a solid 
performance benchmark for this specific task.

3. Revelation of negative transfer phenomenon in 
specific scenarios: By introducing public datasets 
and programmatically generated synthetic data, we 
comprehensively explored the effectiveness of transfer learning 
strategies in this task. The experimental results reveal for 
the first time that in such highly specific tasks, conventional 
transfer learning strategies have a significant risk of negative 
transfer, that is, the use of external data may instead impair 
model performance. This finding has important warning 
significance and guiding value for the selection of data 
strategies in future related research.

2 Methodology

2.1 Research strategy and logic

The methodology of this study follows a progressive logic, 
aiming to systematically address two core challenges: the inherent 
class imbalance within the dataset and the external limitation of 
a limited total number of samples. To this end, we designed a 
two-stage experimental scheme.

Stage 1: Optimizing in-domain training to tackle the “internal 
challenge”. First, without introducing external data, we explored the 
optimal training algorithm to solve the problem of inherent data 
imbalance through comprehensive comparative experiments on loss 
functions. The experiments systematically compared representative 
loss functions of different strategies (such as standard cross-entropy, 
weighted cross-entropy, and Dice loss), aiming to find a method to 
maximize the potential of the existing data and establish a reliable 
in-domain performance benchmark.

Stage 2: Introducing external knowledge to challenge the 
“external limitation”. After establishing the optimal in-domain 
training scheme, we then explored whether introducing external 
knowledge could break through the bottleneck of limited sample 
size through transfer learning experiments. Datasets from different 
source domains were used for pre-training to verify the effectiveness 
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FIGURE 2
Examples of data processing strategies. (a) Crack and water seepage areas in the original high-resolution image. (b) Crack and water seepage areas in 
the original high-resolution image. (c) Image patches after rotation augmentation.

of external general features in improving the performance of the 
target domain.

In summary, the two experimental stages form a rigorous 
successive relationship: the comparative experiments on loss 
functions provide a reliable performance benchmark for transfer 
learning, ensuring the validity of the conclusions. This systematic 
design enables us to clearly analyze the contributions of different 
strategies and provide strong conclusions for addressing the specific 
challenges of this study. 

2.2 Construction and processing strategy 
of HTSCD dataset

For the complex scenario where surface cracks and water 
seepage coexist on the hybrid tower drum, this study first 
constructed a dedicated hybrid tower crack dataset called the 
Hybrid Tower Seepage and Crack Dataset (HTSCD). It contains 
24 original images with a resolution of 4284×  5712 pixels, and 
each image contains several water seepage and crack targets. To 
systematically evaluate the impact of different data strategies on 
model performance, we generated three experimental datasets of 
different scales from the original images through methods such 
as block division and data augmentation: (1) Original dataset: 
directly using 24 high-resolution original images; (2) Tiled dataset: 
to meet the input requirements of deep learning models, the original 
high-resolution images were cropped into 2250 non-overlapping 
image blocks of 512×  512 pixels, forming the basic tiled dataset; 
Although the non-overlapping cropping may cut continuous cracks 
at boundaries, the subsequent data augmentation (e.g., random 
rotation) effectively enables the model to learn robust crack 
features across different positions, thereby minimizing potential 
fragmentation artifacts in the prediction. (3) Tiled augmented 
dataset: to expand the number of samples and improve the 
generalization ability of the model, data augmentation operations 
such as rotation and flipping were performed on the image blocks 
in the block dataset, and finally an augmented dataset containing 
6750 images was generated. This series of processing procedures 
is shown in Figure 2.

The images in the HTSCD dataset have the following significant 
characteristics: (1) Defect coexistence and class imbalance: The 
images in the dataset generally contain both cracks and water 
seepage defects. Among them, the water seepage area accounts for 
a relatively large proportion in the image, while cracks, as subtle 
features, account for a small proportion of pixels, with their widths 
mostly ranging from 2 to 5 pixels, which constitutes a serious class 
imbalance challenge; (2) Defect correlation: On-site surveys show 
that water seepage phenomena often originate from internal or 
external crack defects, so the two types of defects are usually spatially 
associated. This feature provides the possibility for the model to 
use the water seepage area as contextual information to infer the 
existence of cracks; (3) Unique visual appearance: Different from the 
dry and dark-colored cracks in common crack datasets, the cracks 
in this dataset mostly exist in wet water seepage areas. Affected by 
environmental factors such as wind and dust, the fillers inside the 
cracks make their color show the characteristic of “light-colored 
cracks” which are brighter than the relatively dark water seepage 
background, posing new challenges to traditional crack detection 
algorithms.

U-Net is a robust, well-understood benchmark. Unlike more 
complex models (e.g., Transformers) which require more data and 
risk overfitting on small datasets, U-Net’s relative simplicity allows 
us to clearly isolate and measure the effect of the data strategies 
themselves. Therefore, In this study, a classic U-Net is adopted 
as the basic segmentation model architecture, and its structure 
is shown in Figure 3. We chose U-Net because of its symmetric 
encoder-decoder structure and core skip connection design, which 
have been proven to be extremely effective in refined segmentation 
tasks such as medical images. This structure can well integrate 
the deep semantic information provided by the encoder with the 
shallow high-resolution spatial details, thereby achieving accurate 
positioning of the subtle crack targets in this task. To further 
enhance the feature extraction capability of the model and utilize 
the general features learned from large datasets, we use ResNet-
34 pre-trained on ImageNet as the encoder backbone of U-Net. 
The residual connection structure of ResNet effectively solves the 
problem of gradient vanishing in the training of deep networks and 
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can extract deeper and more robust image features than the original 
U-Net encoder.

To systematically evaluate different strategies for addressing the 
class imbalance problem, we designed comprehensive comparative 
experiments on loss functions. First, we adopted Standard Cross-
Entropy (BaselineCE) as a performance benchmark to measure 
the model’s performance without any class balancing treatment. 
Subsequently, we selected representative loss functions from 
two mainstream technical paths for in-depth comparison: (1) 
Distribution-based weighting strategy: This strategy modifies 
the cross-entropy loss function by assigning different weights 
to different classes, forcing the model to focus on minority 
classes. The specific methods include: 1) Weighted Cross-Entropy 
(WCE): Using inverse frequency weighting, it is a direct weighted 
benchmark method; 2) Median Frequency Balanced Cross-Entropy 
(MedianFreqCE): Adopting a more advanced median frequency 
balancing strategy, which can more stably assign weights to rare 
classes. (2) Region-based similarity measurement strategy: This 
strategy directly optimizes the macro overlap between the predicted 
region and the real region, and is naturally robust to class 
imbalance in terms of quantity. Its typical representative is Dice 
Loss, which is derived from the Dice similarity coefficient and is 
very suitable for segmentation tasks of tiny objects. By comparing 
the three optimization strategies with the benchmark, we can clearly 
quantify the improvement brought by each method and explore the 
effectiveness of different technical paths.

2.3 Transfer learning strategy

To further enhance model performance, especially to address 
the challenges posed by the limited sample size and unique features 
of the HTSCD dataset, this study introduces a transfer learning 
strategy. The core idea is to help the model better learn general 
crack features through pre-training on relevant source domain 
datasets, thereby achieving better performance on the target domain 
(HTSCD). To this end, we constructed three different types of pre-
training datasets to systematically study the impact of domain gap on 
transfer effectiveness. The source domain pre-training data is shown 
in Figure 4: (1) Public crack dataset (Public-450): We collected, 
carefully screened, and re-annotated 450 typical concrete surface 
crack images from public datasets. This dataset is characterized by 
cracks that are mostly dark-colored, with a background of dry, non-
water-seeping concrete, showing a significant domain gap from the 
HTSCD dataset; (2) Synthetic Light Crack dataset (SLC-450): To 
simulate the “light-colored crack” feature in HTSCD, we developed 
a programmatic generation algorithm. This algorithm first uses 
Perlin noise to generate subtle crack paths with random distortions 
and branches, simulating the natural morphology of real cracks. 
Subsequently, these paths are rendered as light-colored lines and 
superimposed on a general concrete texture background, ultimately 
generating light-colored crack images with a non-water-seeping 
background (the core algorithm pseudocode is shown in Table 1); (3) 
Synthetic Hybrid Crack dataset (SHC-450): This is the most targeted 
dataset designed to minimize the domain gap. The algorithm first 
extracts pure water-seeping area textures from the HTSCD dataset 
as the background. Then, using the improved crack generation logic 
based on the algorithm in Table 2, light-colored cracks associated 

FIGURE 3
Simplified structure diagram of U-Net with ResNet-34 encoder.

with the seeping areas are intelligently generated within these real 
water-seeping regions. This generation is guided by the “principal 
axis direction” of the seepage patch. Specifically, for each seepage 
mask (guidance_mask), first extract the (x, y) coordinates of all its 
non-zero pixels. Then apply Principal Component Analysis (PCA) 
to this coordinate set. The resulting first principal component (i.e., 
the eigenvector corresponding to the largest eigenvalue) defines the 
“principal axis,” which represents the main orientation or elongation 
direction of the seepage area. The subsequent crack generation 
algorithm (detailed in Table 2) is then biased to create a crack path 
that is generally parallel to this axis. This ensures that the synthetic 
cracks are highly similar to the target domain in terms of color, 
background texture, and defect symbiosis.

3 Experiments and analysis

3.1 Experimental setup

To comprehensively evaluate the impact of different data 
strategies and loss functions on model performance, we designed 
twelve experimental scenarios. We trained the model using three 
datasets of different scales (original dataset, tiled dataset, and 
tiled + augmented dataset) respectively, and under each dataset 
configuration, we employed four loss functions (BaselineCE, WCE, 
MedianFreqCE, and Dice) for training. Dataset Split: To ensure a 
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FIGURE 4
Examples of source domain pre-training datasets. (a) Dark cracks in public-450. (b) Synthetic light-colored cracks in SLC-450. (c) Example of the 
synthetic dataset SHC-450, associated light-colored cracks generated on a real water seepage background.

TABLE 1  Base algorithm for synthetic light cracks (SLC-450).

Algorithm 1:SLC-450

1 FunctionGenerate_Synthetic_Image (background_patch)

2 raw_crack_mask ←Generate_Crack_Mask ()

3 dilated_mask ←Dilate (raw_crack_mask, kernel_size = random (7,13))

4 halo_mask ←Gaussian_Blur (dilated_mask, kernel_size = random (21,31))

5 halo_normalized ←Normalize (halo_mask)∗intensity_factor

6 darkened_background ←background_patch∗(1 - halo_normalized)

7 blurred_crack ←Gaussian_Blur (raw_crack_mask, kernel_size = random (1,3))

8 rack_alpha ←Normalize (blurred_crack)

9 image_with_crack ←Blend (darkened_background, white_color, alpha = crack_alpha)

10 final_image ←Add_Speckles (image_with_crack)

11 Returnfinal_image

12 End function

fair evaluation and strictly prevent data leakage, we first split the 
dataset at the original image level. The 24 original high-resolution 
images (HTSCD) were divided into a training set of 18 images 
and a validation set of 6 images. All subsequent processing (tiling 
and augmentation) was performed strictly within these respective 
splits. Due to the limited number of source images, a separate 
test set was not partitioned. Therefore, all final evaluation metrics 
reported in this paper, as well as the early stopping criterion, 
were calculated on this validation set. All experiments adopted 
the U-Net model with ResNet-34 as the encoder, implemented 
based on the PyTorch framework and the segmentation-models-
pytorch library (Iakubovskii, 2019), and trained on a GPU with 
CUDA enabled. We used the Adam optimizer with an initial 
learning rate set to 0.0001. To prevent overfitting, we set different 
maximum training epochs: 300 epochs for the original dataset, 
and 200 epochs for the tiled dataset and the tiled + augmented 

dataset. Meanwhile, all training adopted an early stopping strategy: 
training would be terminated if the overall IoU on the validation 
set did not improve within 40 epochs. For the tiled and augmented 
dataset, we used the Albumentations library for data augmentation, 
including random horizontal flipping, vertical flipping, and 90-
degree rotation. All experiments were conducted on a computer 
with the following configuration: CPU: Intel Core i9-10940X, 
GPU: NVIDIA GeForce RTX 3060, RAM: 32 GB. The software 
environment was: Win10, Python 3.9, PyTorch 2.7.1 + cu118, CUDA 
11.7, segmentation-models-pytorch 0.5.0. 

3.2 Results and discussion

To systematically evaluate the performance of different 
combinations of data strategies and loss functions, we conducted 
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TABLE 2  Guided algorithm for synthetic hybrid cracks (SHC-450).

Algorithm 2:SHC-450

1 FunctionGenerate_Hybrid_Image (source_dataset)

2 seepage_patch, annotation_patch ←Get_Random_Seepage_Patch (source_dataset)

3 guidance_mask ←Extract_Seepage_Mask (annotation_patch)

4

5 //—- calculate principal axis via PCA —-

6 pixel_coords ←Get_Pixel_Coordinates (guidance_mask)

7 mean, eigenvectors ←PCA(pixel_coords)

8 principal_axis_vector ←eigenvectors [0]//Get first principal component

9 //—————————————-

10

11 new_crack_mask ←Generate_Crack_Mask (alignment_vector = principal_axis_vector)

12 avg_brightness ←Get_Avg_Brightness (seepage_patch, guidance_mask)

13 final_image ←Adaptive_Render (seepage_patch, new_crack_mask, avg_brightness)

14 final_annotation ←Combine_Masks (guidance_mask, new_crack_mask)

15 Returnfinal_image, final_annotation

16 End function

a comprehensive visual analysis of the results from all twelve 
experimental conditions. We used standard evaluation metrics 
in semantic segmentation tasks to measure model performance, 
including Intersection over Union (IoU), Precision, and Recall. 
In the following discussion, we will focus on analyzing the most 
representative IoU metric, and detailed data of all metrics under all 
conditions can be found in Table 3.

As the category with the lowest pixel proportion and the greatest 
recognition difficulty, the segmentation accuracy of cracks is the core 
for measuring model performance. Figure 5a shows the comparison 
of Intersection over Union (IoU) for the crack category under 
all working conditions. First, the data processing strategy is the 
most critical factor affecting performance. The model performance 
shows a significant stepwise improvement as the dataset progresses 
from “original” to “block-based”, and then to “block-based + 
augmentation”. On the original dataset with the smallest amount 
of data, the performance of all models is unsatisfactory; among 
them, only the Weighted Cross-Entropy (WCE) has a slight ability to 
recognize cracks, but its performance is also very poor, while other 
loss functions completely fail.

When the data strategy was switched to tiled and tiled + 
augmentated, the performance of all models achieved a qualitative 
leap. Among these two data strategies, the Dice loss showed the 
strongest performance, reflecting its advantage in handling fine-
grained segmentation tasks. A notable phenomenon is that the 

performance of the two distribution-weighted strategies (WCE, 
MedianFreqCE) was not as good as that of the untreated standard 
cross-entropy (BaselineCE). This indicates that in this task, simple 
class weighting strategies may instead have negative effects when 
the amount of data is relatively sufficient. Further observation 
reveals that on the tiled + augmentated dataset with the most 
sufficient data, the performance gap between standard cross-
entropy and Dice loss has narrowed. This suggests that the 
standard cross-entropy model relies on a large amount of data to 
learn features in imbalanced classes and can also achieve good 
results when the data volume is sufficient. However, the Dice loss 
demonstrated more stable and superior performance across different
data scales.

In contrast to the hard-to-identify crack categories, the 
segmentation task for seepage areas is relatively simple due to their 
more distinct features and larger areas. As shown in Figure 5b, 
using only the tiled dataset strategy, models with all loss functions 
achieved very high seepage-IoU (generally above 0.8), indicating 
that the models can easily learn the features of seepage areas. On 
this basis, further using the tiled + augmentated dataset strategy, 
although the performance improved slightly, the improvement 
effect was limited. This result shows that for simple features like 
seepage, the basic data blocking strategy is sufficient to achieve high 
recognition accuracy, and the marginal benefit brought by additional 
data augmentation is not significant.
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TABLE 3  Summary of detailed evaluation metrics for all twelve experimental configurations across different categories.

Configuration Category IoU Precision Recall

Original + CE
Crack 0.0000 1.0000 0.0000

Seepage 0.4485 0.7143 0.5465

Original + dice
Crack 0.0000 0.0000 0.0000

Seepage 0.4087 0.7262 0.4832

Original + median freq. CE
Crack 0.0002 0.0002 0.0087

Seepage 0.0167 0.0543 0.0236

Original + WCE
Crack 0.0259 0.0310 0.1356

Seepage 0.3611 0.4481 0.6504

Tiled + CE
Crack 0.3686 0.6590 0.4555

Seepage 0.9075 0.9544 0.9486

Tiled + dice
Crack 0.5673 0.7561 0.6945

Seepage 0.8429 0.9246 0.9051

Tiled + median freq. CE
Crack 0.3448 0.3472 0.9802

Seepage 0.7582 0.7841 0.9582

Tiled + WCE
Crack 0.3507 0.3525 0.9851

Seepage 0.8064 0.8317 0.9636

Tiled & augmented + CE
Crack 0.7116 0.8246 0.8386

Seepage 0.9770 0.9899 0.9868

Tiled & augmented + dice
Crack 0.7748 0.9011 0.8468

Seepage 0.9372 0.9633 0.9720

Tiled & augmented + median freq. CE
Crack 0.5635 0.5643 0.9975

Seepage 0.9009 0.9092 0.9899

Tiled & augmented + WCE
Crack 0.5568 0.5572 0.9987

Seepage 0.9034 0.9120 0.9897

Figure 6 provides an in-depth comparison of the precision and 
recall of each model in the crack category. For the latter two dataset 
strategies (tiled, tiled + augmentated), the trend of precision is highly 
consistent with IoU, with Dice loss and standard cross-entropy 
performing better. However, the recall metric presents a completely 
different picture: the two cross-entropy losses based on distribution 
weighting (WCE, MedianFreqCE) achieved nearly perfect recall 
(close to 1.0).

This phenomenon reveals the essential differences in 
optimization objectives among various loss functions. The weighting 
strategy significantly increases the penalty for misclassifying 
minority classes (cracks), forcing the model to become extremely 

“sensitive” and tend to judge any suspected features as cracks. This 
strategy successfully “identifies all” almost all real cracks, thereby 
achieving a very high recall rate. However, its cost is the introduction 
of a large number of false positives, leading to a significant drop 
in its precision rate, which is also reflected in the poor overall 
performance in the IoU metric.

This trade-off between precision and recall highlights two 
different engineering use cases. On one hand, for tasks aiming for 
automated quantification and minimizing overall error, the Dice 
loss (which seeks to maximize regional overlap) provides the best 
balance. From this perspective, excessive false alarms (like those 
from WCE) would unnecessarily increase manual review costs. 

Frontiers in Built Environment 08 frontiersin.org

https://doi.org/10.3389/fbuil.2025.1723943
https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org


Zhang et al. 10.3389/fbuil.2025.1723943

FIGURE 5
Comparison of IoU under all experimental conditions. (a) Crack. (b) Seepage.

On the other hand, in safety-critical applications like structural 
monitoring, high recall is a “safety baseline” where the primary goal 
is to ensure no defect is missed (minimizing false negatives). From 
this perspective, the WCE model could serve as an excellent “pre-
screening tool” or “alarm system.” Its objective is to conservatively 
flag all potential anomalies for subsequent expert verification. 
Therefore, the choice of loss function should depend on the specific 
engineering objective: Dice Loss for balanced assessment, and WCE 
for conservative pre-screening.

To further explore the dynamic performance of loss functions on 
the optimal dataset (tiled + augmentated), we plotted the training 
curves of the validation set’s crack IoU, as shown in Figure 7. The 
figure clearly demonstrates the differences in training dynamics 
among various loss functions. The IoU curve of the Dice loss is the 
most superior; it not only rises the fastest and most stably but also 
tends to flatten out in the later stages of training, reaching the highest 
IoU value, showing good convergence. In contrast, although the 
curve of the standard cross-entropy (BaselineCE) generally shows an 
upward trend, it exhibits severe oscillations throughout the training 
process, indicating instability in its training. The curves of the two 

weighted cross-entropy strategies (WCE, MedianFreqCE), although 
relatively stable, converge to a low performance level very early, 
far inferior to the final performance of the Dice loss and standard 
cross-entropy.

Based on the comprehensive analysis above regarding IoU, the 
trade-off between precision and recall, and training convergence, it 
can be concluded that for the unique “light-colored crack” detection 
task in this study, the strategy of “tiled + augmentated” combined 
with the “Dice loss function” for model training is the optimal 
configuration in practical applications. This combination not only 
achieves the best performance in core evaluation metrics but, 
more importantly, effectively balances precision and recall. It can 
maximize the identification of real cracks while controlling the false 
positive rate at a low level, which is crucial for reducing subsequent 
manual review costs and improving the overall efficiency of the 
automated detection process.

To more intuitively demonstrate the effectiveness of the optimal 
strategy, we conducted a visual comparison of the segmentation 
results, as shown in Figure 8. Figure 8a displays the original 
image containing light-colored cracks, with a complex background 
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FIGURE 6
Comparison of precision and recall for the crack category under all experimental conditions. (a) Precision. (b) Recall.

FIGURE 7
Validation set crack IoU curves of different loss functions on the tiled + augmented dataset.
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FIGURE 8
Visual comparison of segmentation results between the best model and the baseline model. (a) Original image. (b) Ground truth. (c) Prediction from 
the baseline model (original dataset + standard cross-entropy). (d) Prediction from the best model (tiled augmented dataset + dice loss).

texture and weak crack features. Figure 8b is the corresponding 
ground truth label. Figure 8c shows the prediction results of the 
baseline model (trained on the original dataset using standard 
cross-entropy). It can be seen that this model can hardly identify 
complete cracks, and even the recognition of water seepage is poor, 
with serious missed detections. In contrast, Figure 8d presents the 
prediction results of our proposed best model (trained on the 

tiled + augmented dataset using Dice loss). This model successfully 
identified most of the cracks, and its predicted mask not only 
highly matches the real cracks in morphology but also maintains 
good continuity. This striking contrast strongly proves that the 
combination of the tiled + augmented data strategy and “Dice 
loss” can significantly improve the model’s ability to capture 
subtle cracks in complex backgrounds. 
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FIGURE 9
Comparison of IoU, F1-Score, precision, and recall for the crack category, contrasting various transfer learning strategies with the baseline model.
(a) IoU and F1-score. (b) Precision and recall.

4 Transfer learning experiments and 
analysis

4.1 Experimental setup

To verify the effectiveness of the transfer learning strategy 
described in Section 2.4, we adopted the standard paradigm of “pre-
training - fine-tuning”. For the three pre-training datasets, we used 

the U-Net model (ResNet-34 encoder) and the Dice loss function 
for 80 rounds of pre-training. Subsequently, the pre-trained model 
weights were loaded, and 150 rounds of fine-tuning were performed 
on the target dataset HTSCD (tiled but not augmented version).

We specifically chose an unenhanced dataset for fine-tuning, 
mainly based on two considerations: first, this can significantly 
save computing resources, enabling us to efficiently evaluate and 
compare the effects of various pre-training strategies; second, it 
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FIGURE 10
Comparison of IoU and F1 scores on the seepage category between different transfer learning strategies and baseline models.

constructs a more rigorous testing environment, aiming to verify 
whether the features learned from pre-training are robust enough 
to achieve effective knowledge transfer with limited data in the core 
target domain. 

4.2 Results and discussion

To evaluate the effectiveness of different transfer learning 
strategies, we conducted a comparison of the results from three 
pre-training strategies with a baseline model that was trained from 
scratch on the same tiled and non-augmented dataset.

As shown in Figure 9, the final evaluation results of the transfer 
learning experiment are contrary to expectations. The baseline 
model trained from scratch on the unenhanced target dataset 
in blocks achieved the highest crack IoU. All three pre-training 
strategies not only failed to bring performance improvements, 
but their final IoU was even lower than that of the baseline 
model, indicating that significant “negative transfer” occurred
in this task.

Among the three pre-training strategies, pre-training using the 
Public-450 public dataset achieved relatively the best results, but 
still fell short of the baseline. What is more surprising is that the 
two synthetic datasets (SLC-450 and SHC-450) designed to simulate 
the characteristics of the target domain performed even worse. 
Among them, the SHC-450 dataset, which was carefully designed 
to minimize domain differences, had the worst performance among 
all strategies.

This series of negative results reveals deep-seated challenges 
in domain adaptation for this task, likely stemming from two 
coupled effects. First, a critical limitation is our small fine-
tuning dataset (from N = 24 images). The observed performance 

drop likely includes ‘fine-tuning failure’—where the target data 
is insufficient to provide effective gradients to adapt the pre-
trained model. Second, even beyond the data-scale issue, significant 
underlying domain gaps are also critical factors: (1) The Public-
450 (dark cracks) has vast feature differences; (2) The synthetic 
data (SLC/SHC) cannot reproduce complex real-world noise; and 
(3) The real-image textures in Public-450 (despite the domain 
gap) may still be more robust than ‘pure’ synthetic data. With 
the current data scale, these two effects, ‘fine-tuning failure’ and 
‘true negative transfer’, are difficult to disentangle, which is a key
study limitation.

To further verify this conclusion, we also analyzed the 
performance on the relatively simple ‘seepage’ category, 
as shown in Figure 10. The results indicate that, similar to the 
performance on the ‘crack’ category, the baseline model without 
pre-training achieved the best performance in terms of IoU 
and F1-Score. All transfer learning strategies led to a slight 
decline in performance. This result further confirms the core 
finding of this study: for the highly specific HTSCD dataset, 
even for relatively easily identifiable features, in-domain training 
from scratch is superior to the conventional pre-training-fine-
tuning paradigm.

In summary, the transfer learning exploration in this study 
has drawn an important conclusion: For the segmentation 
task with highly specific features (light-colored fine cracks in 
a humid background) in the HTSCD dataset, conventional 
transfer learning strategies (whether using general public 
datasets or programmatically synthesized data) are difficult 
to achieve success. This highlights the necessity of acquiring 
more high-quality in-domain annotated data for this specific 
scenario or developing more advanced domain adaptation
technologies. 
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5 Conclusion and limitations

5.1 Conclusion

This study investigated segmentation strategies for fine, 
light-colored cracks on hybrid wind turbine towers, a task 
complicated by water seepage and severe class imbalance. Our key
conclusions are: 

1. Data Strategy is Essential. A ′tiled and augmented’ data 
strategy was the single most critical factor, proving essential 
for enabling the model to segment fine cracks from a limited 
set of original high-resolution images.

2. Dice Loss is Optimal. For this specific class imbalance problem, 
the Dice loss function provided the best solution, achieving 
a superior balance between precision and recall compared to 
standard or weighted cross-entropy methods.

3. Transfer Learning Limitations. Under our specific setup (U-
Net and N = 24 dataset), all tested transfer learning strategies 
(using public or synthetic data) resulted in ‘negative transfer.’ 
This highlights that for this highly specific, low-data task, in-
domain data augmentation was a more effective strategy than 
the tested pre-training paradigms.

In summary, this study establishes an effective baseline for this 
task using a U-Net with a ‘tiled + augmented’ data strategy and Dice 
Loss. Our results provide a key practical insight: for highly specific, 
low-data visual tasks, robust in-domain data augmentation can be a 
more reliable strategy than standard transfer learning, which showed 
negative transfer in our setup. 

5.2 Limitations and future work

Although this study has achieved positive results, there 
are still some limitations that deserve further exploration in
future work: 

1. Dataset size: The number of original images in this study 
is limited (24 images). Although the training set has been 
expanded through data augmentation, larger-scale and more 
diverse real-scene images will help to further improve the 
generalization ability and robustness of the model. More 
importantly, as discussed in Section 4.2, the small sample size 
introduces ambiguity to the ‘negative transfer’ result (it may be 
confounded with ‘fine-tuning failure’)

2. Fidelity of synthetic data: The experimental results show 
that the currently procedurally generated synthetic data are 
not sufficient to fully simulate the complex image features 
of the real world. In the future, more advanced generation 
technologies such as Generative Adversarial Networks (GANs) 
or diffusion models can be explored to create more realistic 
in-domain training data.

3. Domain adaptation technology: To address the problem of 
transfer learning failure, more advanced Domain Adaptation 
technologies can be studied in the future, aiming to directly 
reduce the feature distribution difference between the source 
domain and the target domain, rather than just relying on pre-
training.
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