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Pavement crack detection and segmentation is a critical component in the maintenance
and monitoring of transportation infrastructure. Although recent advances have been made, sig-
nificant challenges persist due to the inherent characteristics of pavement cracks.

Recent developments in Vision Transformers (ViTs) [2] and the Swin Transformer [5]
have demonstrated superior performance on numerous computer vision tasks; nevertheless, their
straightforward application to crack segmentation is hampered by high computational complexity
and a lack of domain-specific inductive biases.

In this work, we introduce CrackFormerSV2, a novel encoder-decoder architecture expressly
designed for pavement crack segmentation. Our framework capitalizes on the capabilities of Swin
Transformer V2 [4] and integrates dual attention mechanisms to overcome the limitations en-
countered by existing approaches.

CrackFormerSV2 incorporates two complementary attention modules. In the decoder blocks, we
integrate the CBAM (Convolutional Block Attention Module) [6] to refine feature representations
via sequential channel and spatial attention. Additionally, we propose a Skip Attention module
that augments traditional skip connections. An ASPP (Atrous Spatial Pyramid Pooling) [1]
module at the bottleneck further consolidates multi-scale contextual information, which is essential
for accurately capturing crack patterns of varying widths.

The main innovation of CrackFormerSV2 lies in its encoder architecture, which adopts the Swin
Transformer V2. This contrasts with CrackFormer-II, which employs custom transformer encoder
modules [3].

To optimize the training process, we employ a scheduling strategy that commences with a
learning rate warm-up phase, followed by a cosine annealing schedule. Notably, we assign distinct
learning rates to different network componentswith the pre-trained encoder receiving a lower rate
(typically one-tenth) relative to the more intensively trained decoder.

We evaluate CrackFormerSV2 on established public benchmarks, such as Crack500 [6], as well
as on our proprietary dataset, Fig. 1 shows an example. Compared to a baseline UNet-ResNet
model which achieved an IoU of 0.466, recall of 0.642, precision of 0.629, and an F1 score of 0.635.
CrackFormerSV2 demonstrates projected improvements with IoU values in the range of 0.565 -
0.620 (a 21.2 - 33.0% improvement), recall between 0.725 - 0.780 (a 12.9 - 21.5% improvement),
precision between 0.735 - 0.780 (a 16.9 - 24.0% improvement), and F1 scores from 0.730 - 0.780 (a
15.0 - 22.8% enhancement).
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(a) Image (b) Mask (c) Prediction

Figure 1: Example segmentation prediction. Source: from authors.

With further optimization incorporating gradual unfreezing and more appropriate loss func-

tions, our approach holds significant potential to achieve metric values that are not only competi-
tive with but may well surpass state-of-the-art results.
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