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ABSTRACT

Pavement crack detection is a crucial task in intelligent transportation systems and
infrastructure maintenance. However, accurate segmentation of cracks remains challenging due
to their irregular shapes, low contrast against the background, and varying lighting or surface
conditions. In this study, we propose EB-UNet++, a novel deep learning architecture designed to
enhance crack segmentation performance. EB-UNet++ integrates the powerful feature encoding
capabilities of EfficientNet-B2 into the UNet++ encoder structure, enabling more efficient and
robust multi-scale feature extraction. To further refine the crack boundaries and suppress false
detections, we incorporate a Boundary Extraction Module into the network. Experimental results
on benchmark pavement crack datasets demonstrate that EB-UNet++ outperforms several state-
of-the-art models in both segmentation accuracy and boundary delineation, achieving higher loU
and Fl-scores. The proposed architecture shows strong potential for practical deployment and
scalability in automated road inspection and infrastructure monitoring systems.

Keywords: Pavement crack detection; Crack segmentation, Boundary extraction module (BEM); Road surface
inspection; Multi-scale feature extraction.

1. INTRODUCTION

Cracks in road pavements are early indicators of structural deterioration and potential safety
hazards, which can lead to costly maintenance and even serious traffic accidents if not detected in
time. Timely and accurate detection of these cracks is essential for effective road maintenance and
infrastructure management. Traditional manual inspection methods, however, are labor-intensive,
time-consuming, and prone to human error. In response, computer vision techniques-particularly
those based on deep learning-have emerged as promising tools for automating crack detection with
higher precision and efficiency.

Among deep learning approaches, encoder—decoder architectures such as Unet [16] and its
variants have been widely adopted in crack segmentation due to their ability to capture both global
context and fine-grained structural details. Nonetheless, crack segmentation remains challenging
in real-world scenarios due to issues such as low contrast between cracks and background, high
levels of noise, and the irregular, fine-grained nature of cracks. These challenges often lead to false
detections and blurred or discontinuous boundaries in segmentation results.

To tackle these issues, researchers have increasingly focused on semantic segmentation
methods at the pixel level, which enable precise localization and delineation of cracks. In 2020,
Ren et al. proposed CrackSegNet [17], which employed a fully convolutional network with dilated
convolutions and pyramid pooling, outperforming traditional UNet models in terms of F1-score
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and mloU on tunnel crack datasets. Building on this, Lin et al. (2023) introduced DeepCrackAT
[12], which integrated attention mechanisms to fuse multi-scale features from convolutions in an
encoder—decoder structure, achieving competitive results on concrete surface datasets but still
facing limitations when segmenting cracks with highly variable widths. Meanwhile, hybrid
architectures that combine CNNs with Transformers have demonstrated further improvements.
CrackFormer [11] incorporated self-attention modules inspired by Transformers into a SegNet-
based framework, improving multi-scale feature learning and computational efficiency. More
recently, MixSegNet [23], introduced by Zhou et al. (2024), leveraged a hybrid CNN—Transformer
architecture built upon UNet to jointly capture local textures and long-range dependencies,
achieving state-of-the-art performance on the Cracks-APCGAN benchmark. Similarly,
MambaCrackNet [6], introduced by Han et al. (2024), fused Vision MLPs with CNN components
to enhance the detection of fine cracks, although its dual-branch architecture increased
computational complexity and inference time.

These advances reflect a clear research trend: the design of increasingly deeper and more
hybridized architectures-combining CNNs, Transformers, and MLPs-to enhance segmentation
performance under challenging real-world conditions. However, two gaps remain insufficiently
addressed: (i) the need for efficient multi-scale feature extraction that balances accuracy with
computational cost, and (ii) still difficult to clearly outline thin and irregular cracks, and current
models often misclassify them.

In this paper, we propose EB-UNet++, a novel deep learning architecture designed to improve
pavement crack segmentation. To summarize, our main contributions can be outlined in three key
points as follows:

e Weintroduce EB-UNet++, an enhanced UNet++ architecture that integrates EfficientNet-
B2 as the encoder to enable efficient and expressive multi-scale feature extraction.

e We incorporate a Boundary Extraction Module (BEM) to guide the network in learning
boundary-aware features, leading to more precise segmentation of narrow and irregular
crack edges.

e We validate the proposed method on public crack datasets, where EB-UNet++
outperforms other models in terms of segmentation accuracy and boundary localization
performance.

The remainder of the paper is organized as follows: Section 2 reviews related work on crack
segmentation. Section 3 explains the methodology, while section 4 presents the experimental and
results. Lastly, section 5 concludes the paper and suggests potential directions for future research.

2. RELATED WORK

2.1. UNet and UNet++ in crack segmentation

Unet [16], originally developed for medical image segmentation (Ronneberger et al. 2015), has
become a foundational architecture for segmentation tasks due to its multi-level feature extraction
and encoder—decoder skip connections, which help mitigate information loss. In crack
segmentation, UNet has been widely adopted thanks to its strong performance. Several studies
have shown that UNet outperforms fully convolutional networks (FCNs [18]) on small-scale crack
datasets. For instance, Liu et al. (2019) demonstrated that UNet achieved more accurate
segmentation results than FCNs on small crack datasets [2]. Similarly, Huyan et al. (2020)
proposed CrackU-Net, which combines the strengths of FCNs and UNet, significantly reducing
false positives on a dataset of 3,000 smartphone-captured images [8].

Beyond UNet, the UNet++ architecture (Zhou et al., 2018) [24] has received considerable
attention due to its improved segmentation performance. UNet++ introduces a nested encoder—
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decoder structure with dense skip connections, which effectively helps bridge the semantic gap
between encoder and decoder features. As a result, the network becomes more trainable, and
segmentation accuracy is enhanced. Experimental results have shown that UNet++ can increase
the average loU by approximately 3—4% compared to the original UNet across various datasets.

Recent studies have further exploited this architecture to better capture multi-scale crack
information. For example, EfficientU-Net by Park et al. (2022) integrates UNet++ with an
EfficientNet backbone to improve segmentation quality [9]. Overall, models based on
UNet/UNet++, sometimes referred to as “nested U-structures”, remain central to crack
segmentation research due to their ability to effectively aggregate features for fine-grained objects
such as cracks.

2.2. Using EfficientNet as encoder in segmentation networks

Within UNet and its variants, integrating stronger CNN backbones has been shown to
significantly improve feature extraction capabilities. EfficientNet [20], introduced by Tan et al.
(2019), is a family of CNNs optimized via compound scaling, offering an excellent balance
between accuracy and computational efficiency. This architecture has therefore been widely
adopted as an encoder in segmentation networks to exploit pretrained deep weights.

Integrating EfficientNet as an encoder enables the extraction of deeper and more discriminative
features without substantially increasing model complexity, which is particularly beneficial for
crack segmentation tasks involving fine structures in noisy backgrounds. Park et al. (2022)
proposed EfficientU-Net, a UNet++-based model that employs EfficientNet-B4 as the encoder,
enhancing multi-level feature extraction [9]. In this architecture, EfficientNet functions as the
encoder while the UNet++ decoder and dense skip connections ensure effective feature
aggregation. Experimental results showed that EfficientU-Net achieved faster convergence and
higher segmentation accuracy than models based on traditional backbones such as VGG or ResNet.

Similarly, other studies have reported consistent improvements in both IoU and F1-score when
EfficientNet is integrated into segmentation networks [9, 14, 19]. These findings highlight a
growing trend: combining UNet++ with EfficientNet, as proposed in EB-UNet++, is a promising
strategy that unites powerful feature encoding with optimal skip connection design.

2.3. Boundary-Aware techniques for improving crack segmentation

The thin and elongated nature of cracks makes segmentation highly dependent on accurate
boundary detection. Although deep multi-level models achieve good coverage of crack regions, their
outputs often suffer from blurred or fragmented edges due to the imbalance between large background
areas and narrow crack regions, which hinders boundary-level optimization during training.

To address this issue, Saining et al. [22] proposed a multi-loss strategy that incorporates edge
detection: the network first learns to extract crack edges using a boundary-specific loss function
and then fuses these with multi-scale features to improve overall segmentation. More recently, Hu
et al. (2025) introduced the Boundary-Body Coherence Network, which jointly optimizes both
boundary and body features of cracks using an adaptive self-attention mechanism. This approach
significantly improved segmentation accuracy, particularly at the boundaries of fine cracks [7].

Other works have also incorporated boundary-aware loss functions and edge refinement
modules [10, 15, 21], to ensure sharper and more continuous predictions along crack edges.

In summary, related studies have demonstrated the rapid progress in crack segmentation of
deep learning approaches, evolving from the effective application of traditional architectures such
as UNet and UNet++ to the integration of stronger backbones like EfficientNet and specialized
modules such as BEM (boundary extraction mechanisms) for boundary refinement. These
advancements provide a strong foundation for the proposed EB-UNet++ architecture, which
leverages the combined strengths of UNet++ and EfficientNet-B2, along with boundary-aware
techniques to enhance pavement crack segmentation performance.
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3. PROPOSED METHOD

3.1. Overview of EB-UNet++ architecture
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Figure 1. Proposed EB-UNet++ architecture.

In this study, we propose EB-UNet++, a novel encoder—decoder-based deep neural network
architecture tailored for crack segmentation in pavement images. The proposed architecture
builds upon the UNet++ framework, which is known for its nested and dense skip connections
that enable effective multi-scale feature fusion and improved segmentation accuracy. EB-UNet++
introduces two key enhancements to the original UNet++: the integration of EfficientNet-B2 as
the encoder backbone and the incorporation of a BEM to enhance edge-awareness in the early
stages of feature processing.

The overall architecture of EB-UNet++ consists of three main components:

1. Encoder: EfficientNet-B2 is employed as the feature encoder, replacing the conventional
convolutional blocks in UNet++. It extracts hierarchical feature maps from the input image
at five different resolution levels (denoted as X% to X*?), capturing both low-level
textures and high-level semantics while maintaining computational efficiency.

2. BEM: The output of the first encoder block (X%?) is fed into a dedicated boundary
extraction branch to emphasize fine-grained spatial and edge information, which is then
fused back into the main decoding stream.

3. Decoder: The decoder follows the standard UNet++ design with nested skip pathways and
dense connections. These connections bridge encoder and decoder layers across multiple
levels, allowing for refined feature propagation and reconstruction of the segmentation mask.

Figure 1 illustrates the overall pipeline of EB-UNet++. The input image is first passed through
the EfficientNet-B2 encoder, which extracts multi-level feature representations. The lowest-level
feature map (X ?), which retains high spatial resolution, is simultaneously processed by the BEM
to enhance edge-specific details. The BEM-enhanced features are then merged back into the
original stream and progressively decoded through the UNet++ decoder to generate the final
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segmentation output.

Unlike existing UNet++ variants that primarily focus on multi-scale fusion or attention
mechanisms, EB-UNet++ introduces an explicit boundary-aware learning branch, enabling the
network to refine edge features at the feature level rather than relying solely on loss-based
supervision. This architectural novelty allows the model to achieve sharper delineation of cracks,
particularly in thin and fragmented regions where other methods often fail.

3.2. EfficientNet-B2 as feature encoder

To enhance the feature extraction capability of the original UNet++ architecture [24], we adopt
EfficientNet-B2 as the encoder backbone in our proposed EB-UNet++. EfficientNet, introduced
by Tan and Le (2019) [20], is a family of convolutional neural networks that achieves state-of-the-
art performance through a compound scaling method, which uniformly scales depth, width, and
resolution of the network. Among its variants, EfficientNet-B2 offers a balanced trade-off between
model accuracy and computational cost, making it well-suited for crack segmentation tasks where
capturing fine-grained details is crucial but real-time processing is also desirable.
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Figure 2. Encoder architecture of the proposed EB-UNet++.

In EB-UNet++, the standard encoder blocks of UNet++ are replaced by the feature extraction
layers of EfficientNet-B2. As in figure 2, the encoder processes the input image through a series of
inverted residual blocks, resulting in multi-scale feature maps at five different stages of abstraction.
We denote these feature maps as X0, X0, X20, x3.9 and X*°, corresponding to different spatial
resolutions from high (X%9) to low (X*9). This hierarchical representation captures both low-level
edge textures and high-level semantic structures, which are essential for accurately identifying and
localizing crack regions that often appear thin, fragmented, and low in contrast.

Moreover, EfficientNet-B2 leverages depthwise separable convolutions and squeeze-and-
excitation (SE) blocks, which contribute to more efficient learning of channel-wise dependencies
and improved feature sensitivity. These properties are particularly beneficial in crack detection, as
cracks often exhibit subtle visual cues that require fine discriminative power across both spatial
and channel dimensions.

152 P.T. H. Hong, ..., T. H. Vinh, “EB-UNet++: An enhanced crack ... extraction module.”



Research

The extracted encoder features are subsequently passed to the UNet++ decoder via dense skip
connections. These connections preserve spatial information across scales and facilitate more
precise reconstruction of the segmentation map. In addition, the high-resolution feature map from
the earliest encoder stage (X®°) is also used as the input to BEM, which further enhances the
model’s sensitivity to crack boundaries.

By utilizing EfficientNet-B2 as the encoder, EB-UNet++ benefits from strong generalization
capabilities and efficient feature representation, while maintaining a compact model size suitable
for deployment in real-world crack inspection systems.

3.3. BEM
Accurate delineation of crack boundaries is challenging due to their thin, elongated, and often

fragmented structures. To address this issue, we design a Boundary Enhancement Module aimed
at explicitly learning and refining edge-related features during the early stages of the network.

The BEM is positioned immediately after the first encoder stage, which outputs the high-
resolution feature map X*°. Since this stage retains the most spatial detail and contains low-level
features such as textures, corners, and edges, it serves as an ideal input for boundary-aware learning.

y

input feature map output feature map

Figure 3. 3x3 Deformable convolution.

The BEM in EB-UNet++ operates on the high-resolution feature map from the first encoder
stage, where spatial details are best preserved. It employs a 3x3 Deformable Convolution (DConv)
[3] as illustrated in figure 3, which dynamically adjusts its sampling locations to better capture
irregular crack shapes and local geometric variations. This flexibility allows the network to learn
complex and fine-grained boundary patterns that standard convolutions may fail to detect, thereby
enhancing the segmentation of thin and fragmented cracks.

The boundary feature map is element-wise added to the original X%, forming a refined feature
X090 that is both semantically rich and spatially precise. This refined feature map is then forwarded
to the decoder and participates in skip connections within the UNet++ structure.

Unlike prior approaches that refine crack boundaries only at the loss level (e.g., boundary-
aware loss functions), our BEM introduces a learnable module embedded directly into the
architecture. This enables boundary enhancement at the feature representation level, resulting in
sharper and more continuous crack edges.

3.4. Decoder and output segmentation

The decoder in EB-UNet++ adopts the nested, densely connected design of the original
UNet++, enabling progressive upsampling and fusion of multi-scale encoder features for precise
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crack localization. The boundary-enhanced feature X%° from the BEM is passed through the top-
level decoding path, while other encoder outputs (X0, X290, x39, x*0) from EfficientNet-B2 are
integrated via skip connections to preserve hierarchical multi-scale information.

Compared to conventional UNet-style decoders that rely on simple concatenation of encoder
features, the nested skip pathways in UNet++ are further reinforced by our boundary-refined
features, allowing EB-UNet++ to better capture fine-grained crack structures across multiple
scales. This design helps prevent the loss of spatial details typically observed in standard encoder—
decoder pipelines.

In summary, EB-UNet++ combines boundary-refined features, dense skip connections, and
multi-scale fusion to reconstruct segmentation masks with high coverage accuracy and precise
boundary delineation. This joint design ensures that EB-UNet++ not only achieves superior crack
coverage but also produces sharper and more continuous boundaries, addressing one of the key
limitations of existing segmentation networks.

4. EXPERIMENTS AND RESULTS

4.1. Dataset

We evaluate the proposed EB-UNet++ on two widely used benchmark datasets:
CrackVision12k and DeepCrack.

CrackVision12k [4] is a large-scale crack segmentation dataset consisting of over 12,000
images aggregated from 13 publicly available sources. It includes a wide variety of pavement
types, crack shapes, lighting conditions, and background textures. This diversity makes
CrackVision12k an ideal benchmark for evaluating the generalization ability of segmentation
models across complex real-world scenarios.

05340.png 05721.png 05895.png
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Figure 4. Some sample images from the CrackVisionl2k dataset.

DeepCrack [13] contains 537 high-resolution images of concrete and asphalt surfaces, each
paired with pixel-level ground truth annotations. Although smaller in scale, DeepCrack is known
for its high-quality, fine-grained annotations and challenging crack patterns, making it well-suited
for assessing the boundary precmon and detall sens1t1v1ty of segmentatlon models
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Figure 5. Some sample images from the CrackVisionl2k dataset.
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These two datasets were chosen to ensure that the proposed method is evaluated under both
diverse, large-scale conditions (CrackVision12k) and fine-grained, boundary-focused scenarios
(DeepCrack), providing a balanced and comprehensive assessment of performance. This dual
evaluation setting allows us to rigorously validate both the generalization and boundary-refinement
capabilities of EB-UNet++.

4.2. Implementation
4.2.1. Baselines

To comprehensively evaluate our proposed pipeline, we compare it against five state-of-the-art
crack segmentation models: FCN [18], Unet++ [24], DeepCrack [13], SegNet [1], and Hybrid-
Segmentor [5]. All models were implemented using the PyTorch framework and trained on Kaggle
using a TESLA T4 GPU. Pre-trained weights on ImageNet were used to initialize the model
parameters. Each model was trained for 100 epochs with a batch size of 4, using the AdamW
optimizer with a momentum of 0.9, a weight decay of 1e-4, and a learning rate of 0.001.

Alongside the proposed EB-UNet++, we also implement E-UNet++, which integrates
EfficientNet-B2 into the UNet++ architecture without incorporating the BEM, for comparative
experimentation. This ablation baseline enables us to directly isolate and quantify the contribution
of the Boundary Extraction Module.

4.2.2. Evaluation metrics

To evaluate the performance of the proposed model, we used four common segmentation
metrics as follows:

Precision measures the proportion of predicted crack pixels that are correct, where High
precision indicates few false positives, reducing unnecessary pavement treatments:
TP
Precision = ————— 1
TP + FP M
Recall measures the proportion of actual crack pixels correctly detected. High recall ensures
minimal missed cracks, which is critical for safety.

TP
= — 2
Recall TPTFEN (2)

The F1-score is the harmonic mean of precision and recall that provides a balanced measure,
especially for imbalanced datasets:

P B 2 X Precision X Recall 3)
score = Precition + Recall

IoU (Intersection over Union) measures the overlap between predicted and ground-truth crack
regions. A higher IoU indicates more accurate segmentation and is a standard benchmark for
model comparison.

_ %X ) Y ()
|2 S G + Y (@) = XGh) - Y @D

Together, these four metrics allow us to assess not only overall segmentation quality but also
the trade-off between false positives, false negatives, and boundary-level localization accuracy.

4.3. Results
4.3.1. Results on CrackVisionl2k
Table 1 shows the performance comparison of EB-UNet++ against other methods on the

IoU

(4)

Journal of Military Science and Technology, Special Issue of IITE, Oct. 2025, 148-159 155



Information Technology

CrackVision12k dataset. The experimental results clearly demonstrate the superior performance
of the proposed EB-UNet++ model. It achieves the highest scores across all evaluation metrics,
with a Precision of 0.8081, Recall of 0.7966, F1-score of 0.8007, and IoU of 0.6698. Compared to
traditional models such as FCN, UNet, and SegNet, EB-UNet++ shows significant improvements,
particularly in terms of segmentation quality and boundary localization. Compared to the strongest
baseline (Hybrid-Segmentor), EB-UNet++ improves loU by nearly 4%, reflecting its enhanced
ability to capture complex crack geometries in diverse real-world images.

Table 1. Quantitative comparison on the CrackVisionl2k dataset.

Models Precision Recall F1 Score IoU
FCN 0.8020 0.7020 0.7460 0.5980
Unet++ 0.7890 0.7200 0.7500 0.6030
DeepCrack 0.7880 0.7040 0.7410 0.5920
SegNet 0.7500 0.7190 0.7300 0.5800
Hybrid-Segmentor 0.8040 0.7440 0.7700 0.6300
E-UNet++ 0.7976 0.7910 0.7890 0.6502
EB-UNet++ 0.8081 0.7966 0.8007 0.6698

Notably, the comparison between EB-UNet++ and its variant E-UNet++ (without BEM)
highlights the effectiveness of the BEM. The consistent improvement in both F1-score and loU
confirms that boundary-aware learning plays a decisive role in crack detection tasks where
irregular edges are critical.

4.3.2. Results on DeepCrack

Table 2. Quantitative comparison on the DeepCrack dataset.

Models Precision Recall F-Score IoU
FCN 0.7358 0.8664 0.7801 0.6491
Unet++ 0.7558 0.8964 0.8201 0.6891
DeepCrack 0.8016 0.8040 0.8028 0.6448
SegNet 0.6588 0.8797 0.7534 0.5871
Hybrid-Segmentor 0.8044 0.8950 0.8473 0.7356
E-UNet++ 0.8742 0.8375 0.8510 0.7400
EB-UNet++ 0.8328 0.8792 0.8550 0.7474

Table 2 reports the results on the DeepCrack dataset. As DeepCrack includes more challenging
and fine-grained crack structures, the precision of boundary localization is critical, EB-UNet++
continues to demonstrate strong performance, achieving the highest F1-score (0.8550) and loU
(0.7474), outperforming even Hybrid-Segmentor, which was previously considered one of the
strongest baselines.

While E-UNet++ attains the highest precision (0.8742), EB-UNet++ offers a better balance
between precision and recall, resulting in improved overall segmentation quality. This balance
demonstrates the robustness of EB-UNet++ in handling cracks with highly variable widths and
fragmented boundaries. Compared to conventional models such as UNet, FCN, and SegNet, EB-
UNet++ consistently outperforms them across all metrics. Furthermore, the improvement over E-
UNet++ again confirms the positive impact of the BEM, particularly in handling fine and irregular
crack boundaries present in the DeepCrack dataset. These results highlight the robustness and
boundary sensitivity of EB-UNet++ in challenging real-world crack segmentation scenarios.

4.3.3. Ablation comparison
To assess the specific contribution of the Boundary Extraction Module, we conduct an ablation
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study by comparing the full model (EB-UNet++) with its variant (E-UNet++), which shares the
same encoder—decoder structure but excludes the BEM.

On both CrackVisionl2k and DeepCrack datasets, EB-UNet++ consistently outperforms E-
UNet++ in terms of Fl-score and IoU, while maintaining competitive precision and recall.
Specifically, on the CrackVision12k dataset, the addition of BEM improves the F1-score from
0.7890 to 0.8007 and IoU from 0.6502 to 0.6698. Similarly, on the DeepCrack dataset, the F1-
score increases from 0.8510 to 0.8550, and IoU improves from 0.7400 to 0.7474.

Although the absolute improvements may appear modest, their consistency across two diverse
benchmarks strongly validates the design rationale of BEM. In particular, these gains are
concentrated at crack edges, where other models often fail.

These improvements, though modest in absolute values, are consistent across both datasets and
indicate that the BEM enhances the network’s ability to preserve and refine crack boundaries,
particularly in scenarios with thin or fragmented structures.

Several qualitative examples, as shown in figure 6, visually demonstrate the proposed model’s
superior capability in accurately segmenting cracks and maintaining boundary continuity
compared to other approaches.

Test images  Ground truth EB-UNet++  Testimages  Ground truth EB-Unet++

Figure 6. Example crack segmentation results of EB-UNet++ compared
with ground-truth annotations.

5. CONCLUSIONS AND FUTURE WORK

In this paper, we propose EB-UNet++, an enhanced crack segmentation network that integrates
EfficientNet-B2 as the encoder and introduces a Boundary Extraction Module (BEM) to explicitly
refine crack boundaries. By combining efficient feature encoding, dense multi-scale fusion, and
boundary-aware representation, EB-UNet++ addresses the long-standing challenge of accurately
delineating narrow and irregular cracks, which remain prone to misclassification in existing
models. Experimental results on two widely used public benchmarks demonstrate that our method
consistently outperforms state-of-the-art architectures in terms of both segmentation accuracy and
boundary localization, confirming the effectiveness and robustness of the proposed design.
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Future work: In future works, we aim to extend EB-UNet++ to support multi-class crack
segmentation across diverse pavement materials, develop lightweight variants suitable for
deployment on mobile and edge devices, and explore the integration of temporal information from
video streams to enable real-time, continuous pavement monitoring in practical scenarios.
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TOM TAT

EB-UNet++: Mang phan doan vét nut ning cao két hop EfficientNet-B2
va UNet++ vé6i khoi trich xuat bién

Nhén dang vét nirt mat dwong la mét bai todn quan trong trong hé thong giao thong
thong minh va cong tac bao tri ha tang. Tuy nhién, viéc phdn doan chinh xdc cdc vét nirt
van gdp nhiéu thach thirc do hinh dang khéng déu, dé tiwong phan thdp so véi nén va diéu
kién dnh sdng hodc bé madt thay doi. Trong nghién ciru ndy, ching t6i dé xudt kién triic EB-
UNet++, mot mé hinh hoc sau moi nham ndng cao hiéu qua phan doan vét nitt. M6 hinh
tich hop kha néng trich xudt ddic trung manh mé cua EfficientNet-B2 vio by ma hod
UNet++, gitip cdi thién kha ndng trich xudt déc trung da ti 1é mét cach hiéu quda va on dinh.
Pé ting cwong khd ndang nhdn dién bién va giam nhiéu, ching téi bé sung thém khoi trich
xudt bién vao mang. Két qua thwe nghiém trén cdc tap dir liéu vét mirt chudn cho thdy EB-
UNet++ vieot tréi hon nhiéu mé hinh hién dai khéc vé 6 chinh xdc phdn doan va nhan dién
bién, dat duoc cdc chi s6 IoU va Fl-score cao hon. Kién triic dé xudt hira hen kha nang ung
dung thiee té trong cdc hé thong gidm sdt co sé ha tang va kiém tra dwong bé tw dong.

Tw kh()a': Nhén dang vét nirt mat duong; Phan doan vét nirt; Mo-dun trich xuét bién (BEM); Kiém tra b& mat duong;
Trich xuat dac trung da ti I¢.
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