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Abstract

Lung cancer varies in size, shape, and location. Furthermore, isolated tumors located in the lung parenchyma have clear boundaries,
whereas tumors attached to surrounding structures with similar intensity values have indistinct boundaries, making tumor
segmentation challenging. To address these issues, we propose a transformer-based lung cancer segmentation method using dual-
window images to resolve the boundary ambiguity of lung cancers attached to structures such as the mediastinum and chest wall in
chest CT images. To effectively represent the characteristics of lung cancer, we generate lung window and mediastinal window images
using two window settings. The proposed method utilizes SegFormer as the backbone and employs a dual-encoder architecture, where
each image is input into a different encoder to generate multi-scale feature maps. In the decoder, feature map concatenation and
channel attention blocks are applied to assign weights to the key features. Through experiments, the proposed method demonstrated
the best performance in overall lung cancer segmentation, achieving a DSC of 75.74% and a recall of 80.44%. Additionally, in the
segmentation results by the location of the lung cancer, the proposed method achieves the highest recall.
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Figure 1. Examples of lung Cancers with various sizes, shapes and
locations on chest CT images: (a) isolated cancers, (b) mediastinum
attached cancers, (c) chest wall attached cancers. The lung cancer
boundary is represented in yellow.
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(a) isolated cancer, (b)

Figure 2. The generated images using lung window(left) and

mediastinum window(right) settings:
mediastinum attached cancer, (c) chest wall attached cancer
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Figure 3. Architecture of the SegFormer network used as the

baseline.
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Figure 4. Overview of the proposed Dual-window SegFormer
network for lung cancer segmentation: (a) the proposed network
with a dual-encoder and channel attention mechanism, (b) the
architecture of the channel attention block
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Table 2 Performance evaluation of lung cancer segmentation into
two groups according to their location type. Mean and standard
deviations are provided, with the highest values highlighted in bold.

(%)

Methods DSC Recall Precision Ba}:?:ed
**% Jsolated cancers ***
Sezlgfi;er 76.79 76.56 81.80 88.04
(lung window) (17,,37) (17.91)  (20.48) (8.84)
Single-
SegFormer 74.65 71.18 83.62 85.40
(mediastinum (18.06) (19.42)  (19.38) (9.60)
window)
Late fusion 74.56 67.57 88.87 83.67
(18.36) (20.29) (17.87) (10.08)
c AS]e);l?L_rmer 7663 8275 7492 90.98
(Ours) (15.73) (16.12)  (19.46) (7.92)
**% Attached cancers ***
Sesglgfﬁer 7443 7329 78.89 85.88
(lung window) (1530) (17.84) (16.50) (8.74)
Single-
SegFormer 74.55 7232 80.25 85.48
(mediastinum  (15.15)  (18.47) (16.46) (9.05)
window)
Late fusion 72.65 66.60 84.94 82.85
(17.60)  (20.38) (14.50) (10.08)
Se;:ilr_ner 75.24 78.54 75.35 88.31
(Ours) (13.07) (14.84) (16.04) (7.28)
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