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Abstract

Semantic edge detection strives to accurately delineate object boundaries and assign category la-
bels to individual pixels, which poses a dual challenge to achieve accurate localization and classifi-
cation. This study introduces language-driven semantic edge detection, a simple framework that
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enhances semantic contour detection models. Language-driven semantic edge detection aims to lev-
erage the semantic information embedded in text representations to recalibrate the attention of edge
detectors, thereby enhancing the discriminative ability of high-level image features. To achieve this,
we introduce text feature information and use cross-modal fusion to enhance the localization and
classification of edge detectors. Experimental results on SBD and CityScapes datasets show that model
performance is significantly improved. For example, adding text feature information to CASENet im-
proves the average ODS score on the SBD dataset from 70.4 to 72.6. Ultimately, language-driven se-
mantic edge detection achieves a leading average ODS of 77.0, surpassing the competition. We will
show the effects of more additional combining methods and backbone networks.
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Figure 1. Overall structure of language-driven semantic edge detection method
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Table 2. Comparison of feature fusion methods. Despite its simplicity, our method outperforms the state-of-the-art methods
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Table 5. State-of-the-art comparisons are performed on the SBD dataset. Our method achieves the best performance
Fz 5. £ SBD #iR&E L ITRITLE. HNMIAERE T RIEMEE
T WHBRE & B ORTARKE W BT £ BT A S IE AN R £ DRAXERETY
CASENEet 83.3 76.0 80.7 63.4 69.2 81.3 74.9 83.2 54.3 74.8 46.4 80.3 80.2 76.6 80.8 53.3 77.2 50.1 75.9 66.8 71.4
SEAL 849 78.6 84.666.2 71.3 83.0 76.5 87.2 57.6 77.5 53.0 83.582.2 78.3 85.1 58.7 78.9 53.1 77.7 69.7 74.4
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Our  86.1 78.0 86.369.9 73.1 86.5 80.5 86.8 64.2 85.7 53.9 85.6 86.1 79.7 82.5 58.5 84.3 60.7 83.0 69.4 77.0

Figure 2. State-of-the-art comparison on the SBD dataset. The first column is the original image, the second column is the mask
file, the third column is the detection result of CASENEet, the fourth column is the detection result of DDS, and the fifth column is
our result. The results show that our method preserves fine object details while presenting fewer artifacts, proving its effectiveness
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Figure 3. State-of-the-art comparison on the CityScapes dataset. The first column is the original image, the second column is
the mask file, the third column is the detection result of CASENet, and the fourth column is our method. The results show that
our method performs well in preserving fine details
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