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In this supplementary material, we provide additional
details, including more experiment results on NYUDv2 [12]
as well as visualization results on BSDS500 [1],
NYUDv2 [12], and Multicue [11].

A. More Results on NYUDv2
In addition to RGB images, NYUDv2 [12] also provides

depth images. Most works [2, 8, 9, 13, 15, 16] leverage the
depth information to improve performance. Although our
method is designed for RGB images, we still provide re-
sults of HHA and RGB-HHA. The depth information is
encoded into three channels: horizontal disparity, height
above ground, and angle with gravity [6]. Following previ-
ous works [2,8,9,13,15,16], we regard the HHA feature as
color images to train the model. The predictions of RGB-
HHA are generated by averaging the outputs of the RGB
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model and the HHA model.
The quantitative results are shown in Table 1, and Fig. 1

shows Precision-Recall curves of most methods. The HHA
features are generated from the depth images, thereby only
reflecting geometric information. However, our model fo-
cuses on modeling context information in RGB images.
Thus, EDTER can bring significant gains for RGB inputs,
but the performance is slightly worse on HHA. For the
RGB-HHA, EDTER still produces competitive results and
achieves 78.0%, 79.7%, and 81.4% in terms of ODS, OIS,
and AP, respectively.

B. Qualitative Results

In this section, we report qualitative results on
BSDS500 [1], NYUDv2 [12], and Multicue [11]. Specifi-
cally, we provide more qualitative results of different stages
in EDTER on BSDS500, as shown in Fig. 2. The predicted

Table 1. Quantitative comparisons on NYUDv2 [12]. The best two results are highlighted in red and blue, respectively. All results are
computed with a single scale input.

Method Pub.’Year
RGB HHA RGB-HHA

ODS OIS AP ODS OIS AP ODS OIS AP

Tr
ad

iti
on

al

gPb-ucm [1] PAMI’11 0.632 0.661 0.562 - - - - - -
Silberman et al. [12] ECCV’12 0.658 0.661 - - - - - - -
gPb+NG [4] CVPR’13 0.687 0.716 0.629 - - - - - -
SE [3] PAMI’14 0.695 0.708 0.679 - - - - - -
SE+NG+ [5] ECCV’14 0.706 0.734 0.738 - - - - - -
OEF [7] CVPR’15 0.651 0.667 - - - - - - -
SemiContour [17] CVPR’16 0.680 0.700 0.690 - - - - - -

C
N

N
-b

as
ed

HED [15] ICCV’15 0.720 0.734 0.734 0.682 0.695 0.702 0.746 0.761 0.786
COB [10] ECCV’16 - - - - - - 0.784 0.805 0.825
RCF [9] CVPR’17 0.729 0.742 - 0.705 0.715 - 0.757 0.771 -
AMH-Net [16] NeurIPS’17 0.744 0.758 0.765 0.717 0.729 0.734 0.771 0.786 0.802
LPCB [2] ECCV’18 0.739 0.754 - 0.707 0.719 - 0.762 0.778 -
BDCN [8] CVPR’19 0.748 0.763 0.770 0.707 0.719 0.731 0.765 0.781 0.813
PiDiNet [13] ICCV’21 0.733 0.747 - 0.715 0.728 - 0.756 0.773 0.813
EDTER(Ours) - 0.774 0.789 0.797 0.703 0.718 0.727 0.780 0.797 0.814
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Figure 1. The precision-recall curves on NYUDv2.

edges of Stage II are more clear and crisp, which shows the
effectiveness of the two-stage strategy for edge detection.
In Fig. 3, we also present more visualizations of the pro-
posed EDTER on BSDS500 [1]. Moreover, Fig. 4 shows
the visual comparisons for BSDS500 [1]; Fig. 5 illustrates
our visual examples on NYUDv2 [12]; and Fig. 6 depicts
qualitative results for Multicue Edge and Multicue Bound-
ary [11].
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(a) Image (b) Ground truth (c) EDTER-Stage I (d) EDTER-Stage II

Figure 2. Qualitative comparison of different stages in EDTER on BSDS500. From left to right are the input images, the results of EDTER-
Stage I and EDTER-Stage II, respectively.



(a) Image (b) Ground truth (c) DETER(Ours)

Figure 3. Qualitative results of EDTER on BSDS500.



(a) Image (b) Ground truth (c) RCF [9] (d) CED [14] (e) BDCN [8] (f) EDTER

Figure 4. Qualitative comparisons on the testing set of BSDS500.



(a) RGB (b) EDTER (RGB) (c) HHA (d) EDTER (HHA) (e) EDTER (RGB-HHA) (f) GT

Figure 5. Qualitative results on NYUDv2.



(a) Input (b) GT-Edge (c) EDTER-Edge (d) GT-Boundary (e) EDTER-Boundary

Figure 6. Qualitative results on Multicue Edge and Multicue Boundary.


