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Abstract

Edge labels are typically at various granularity levels owing
to the varying preferences of annotators, thus handling the
subjectivity of per-pixel labels has been a focal point for edge
detection. Previous methods often employ a simple voting
strategy to diminish such label uncertainty or impose a strong
assumption of labels with a pre-defined distribution, e.g.,
Gaussian. In this work, we unveil that the segment anything
model (SAM) provides strong prior knowledge to model the
uncertainty in edge labels. Our key insight is that the inter-
mediate SAM features inherently correspond to object edges
at various granularities, which reflects different edge options
due to uncertainty. Therefore, we attempt to align uncertainty
with granularity by regressing intermediate SAM features
from different layers to object edges at multi-granularity lev-
els. In doing so, the model can fully and explicitly explore
diverse “uncertainties” in a data-driven fashion. Specifically,
we inject a lightweight module (∼ 1.5% additional parame-
ters) into the frozen SAM to progressively fuse and adapt its
intermediate features to estimate edges from coarse to fine. It
is crucial to normalize the granularity level of human edge la-
bels to match their innate uncertainty. For this, we simply per-
form linear blending to the real edge labels at hand to create
pseudo labels with varying granularities. Consequently, our
uncertainty-aligned edge detector can flexibly produce edges
at any desired granularity (including an optimal one). Thanks
to SAM, our model uniquely demonstrates strong generaliz-
ability for cross-dataset edge detection. Extensive experimen-
tal results on BSDS500, Muticue and NYUDv2 validate our
model’s superiority.

Introduction
Edge detection is a fundamental AI task in low-level vision
that plays a crucial role in image understanding. It is of great
value in supporting various high-level vision tasks, includ-
ing semantic segmentation (Yu et al. 2021), image enhance-
ment (Nazeri et al. 2019; Xu, Wang, and Lu 2023), object
detection (Qin et al. 2019; Liu, Hou, and Cheng 2020; Yao
and Wang 2023), image translation (Jiang et al. 2023), etc.

However, due to the observers’ diverse levels of visual
perception (Zhou et al. 2023), there are often multiple
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Figure 1: Comparison of edges obtained by SAM and man-
ually annotated ground truth: (a) shows images from BSDS
set; (b) illustrates edge maps generated by SAM; (c) presents
edge annotations; (d) compares (b) and (c), where green in-
dicates the shared edges, red represents edges in (b) but not
in (c), and blue represents edges in (c) but not in (b).

ground truth edge maps for a given image. The inconsis-
tency between different edge maps can cause uncertainty in
decision-making, complicate the model training, and reduce
the overall performance. The scarcity of human annotations
may further exacerbate this issue.

Most previous works (Liu et al. 2017; He et al. 2019; Pu
et al. 2022) tend to overlook the uncertainty in annotations
by treating each edge map as equally valid, or fuse variant
edge maps into a unified version by a simple voting strat-
egy. As a result, these methods typically fail to capture the
inherent subjectivity in the annotations. They can only pro-
duce a single edge map for a given image, lacking the ability
to control granularity. This limitation severely declines their
applicability and scalability in real-world scenarios.

To cope with the uncertainty issue of edge labels is non-
trivial and remains relatively under-explored. UAED (Zhou
et al. 2023) handles edge labels from a probabilistic per-
spective. It is assumed that the uncertainty of edge labels
could be modeled using a Gaussian distribution, allowing
the generation of multiple edges by sampling from the distri-
bution. However, the distribution assumption imposes strict
constraints, yielding limited diversity and a lack of control
over granularity. RankED (Cetinkaya, Kalkan, and Akbas
2024) approached to calculate the label certainty of each
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pixel among different annotators, then favor the pixels with
higher confidence during training. Consequently, pixel an-
notations with high uncertainty are largely overlooked. More
recently, MuGE (Zhou et al. 2024) devised a granularity-
controllable edge detector, which remedies label uncertainty
by producing edge maps at various granularity levels. They
naively assign a binary granularity score to its most simple
(0) and complex (1) edge maps for an image to train a binary
classifier, which is then applied to assign granularity scores
(0-1) to rest edge maps. Then the granularity score is explic-
itly embedded in the edge detector, making it measurable
and controllable. Unfortunately, this may easily introduce
bias as a complex edge map might be incorrectly marked as
simple if all the annotations are complex, and vice versa.

In this work, following the core idea of MuGE which
models uncertainty by generating multi-scale edge maps,
we seek to develop an edge detector that can produce
granularity-controllable outputs without requiring granular-
ity labels for edge maps. This can be achieved by progres-
sively fusing and projecting intermediate features of the seg-
mentation foundation model SAM (Kirillov et al. 2023) to
edge map variants with increasing granularities. We demon-
strate that SAM is highly effective in edge detection in
the multi-scale setting. Intuitively, SAM excels in locating
object boundaries, thus potentially providing strong prior
knowledge of edge maps. Besides, we find out that the fea-
tures from intermediate layers of SAM naturally encode rich
information about various granularities for object edges.

However, unlocking the full potential of SAM for multi-
granularity edge detection presents significant challenges.
As aforementioned, SAM inclines to provide redundant de-
tails and coarse object boundaries rather than detailed in-
ternal edges, as shown in Figure 1 (d). To fill the gap and
capture uncertainty through granularity modeling, we incor-
porate a lightweight feature transfer network into SAM that
intermediate features are gradually fused and projected into
side outputs of edges at increasingly complex levels. To su-
pervise the transfer network, linear blending is performed to
the real edge labels to synthesize pseudo edges at diverse
granularities. This step crucially normalizes the granularity
levels of all edge labels, easing the convergence of network
training. Moreover, we develop a novel diversity loss to en-
courage the obtained side edge maps to be sufficiently di-
verse, further enhancing uncertainty modeling.

Our main contributions can be summarized as follows:

• We propose a novel edge detector, named SAUGE, which
sidesteps the uncertainty difficulty by modeling edge de-
tection in a multi-granularity setting based on SAM. The
obtained edge detector enables edge detection at any de-
sired granularity level.

• A lightweight module is proposed to be injected into the
frozen SAM to progressively fuse and transfer its inter-
mediate features to generate edges from coarse to fine.
Linear blending is performed to real edge labels to syn-
thesize normalized supervision cues.

• We conduct extensive experiments on the BSDS500,
Multicue and NYUDv2 datasets, and the results demon-
strate that our model achieves the new state-of-the-art

and suggest a strong generalizability on unseen datasets.

Related Work
Edge detection. Edge detection has been a significant re-
search area for a long time. Traditional techniques such
as (Kittler 1983; Canny 1986) rely on gradient computation
on low-level features which are easy to be affected by noise.
Over the past decade, deep learning-based approaches, such
as (Shen et al. 2015; Liu and Lew 2016; He et al. 2019; Su
et al. 2021), have risen to prominence, focusing on design-
ing network architectures that surpass human-level perfor-
mance. The majority of these methods, including RCF (Liu
et al. 2017), leverage pre-trained VGG16 (Simonyan and
Zisserman 2014) as their backbone. More recently, advanced
methods like EDTER (Pu et al. 2022) incorporated Trans-
formers to enhance edge detection. Research based on un-
certainty explores the uncertainty caused by multiple labels.
UAED (Zhou et al. 2023) models edge maps as multivari-
ate Gaussian distribution and use predicted variance to mea-
sures the uncertainty, RankED (Cetinkaya, Kalkan, and Ak-
bas 2024) sorts pixels to balance edge and non edge pix-
els and promote higher label certainty for high confidence
edges. MuGE (Zhou et al. 2024) integrates encoded edge
granularity into feature maps to produce edge maps at mul-
tiple granularities for alleviating uncertainty. Recent image
generation methods such as DiffusionEdge (Ye et al. 2024)
applies diffusion models to generate crisp edge maps.

Most of these methods do not utilize prior knowledge
from advanced tasks. In contrast, we explore the priors
of semantic-aware features in SAM and construct multiple
granularity edge maps to address the uncertainty.

Exploring SAM for downstream tasks. The Segment
Anything Model (SAM) (Kirillov et al. 2023) accepts in-
tuitive prompts (points or bounding boxes), and has estab-
lished a new benchmark in natural image segmentation. It
has demonstrated impressive performance across various
downstream tasks, including medical imaging (Ma et al.
2024; Gu et al. 2024), object segmentation in challenging
conditions (Chen et al. 2024; Zhang et al. 2024; Ke et al.
2024) and image inpainting (Yu et al. 2023).

The work most closely related to ours is EdgeSAM (Yang
et al. 2024), which introduces an adapter module to fine-
tune SAM for edge detection. However, their approach uses
SAM in a simplistic manner, without fully exploring its po-
tential and modeling the uncertainty. In contrast, we leverage
the granularity-aware prior knowledge embedded in SAM’s
features and attempt to align uncertainty with granularity.

Method
The overall framework of the proposed uncertainty-aligned
edge detector (SAUGE) is presented in Figure 2. As shown,
our SAUGE is built upon the pre-trained SAM, utilizing the
proposed lightweight Side Transfer Network (STN) to ex-
plicitly explore the knowledge embedded in SAM for multi-
ple granularity edge detection. STN gradually uses Feature
Fuse Block (FFB) to fuse intermediate features extracted
from different stages of SAM to supplement edge-aware de-
tails, thereby gradually constructing side outputs represent-

5767



Convolutional Layer

Hadamard Product Feature Fusion Block
Concat

Points Grid (8 x 8) Image Input X

Block

…Prompt
Encoder

Mask
Decoder

Mask Embedding

𝑬𝒎

Image Embedding

𝑬𝒊

Shallow Feature

𝑬𝒔

Object Mask

(a) The pipeline of our proposed SAUGE. (b) Extracting intermediate features from SAM. 
Points Grid

SAM

𝑬𝒊 𝑬𝒎𝑬𝒔
Si

de
 T

ra
ns

fe
r N

et
w

or
k 

(S
TN

)

𝐹𝐹𝐵1 𝐹𝐹𝐵2

𝑭𝒄 𝐹𝑚 𝐹𝑓

Head HeadHead

ሷ𝑭𝒎
ሷ𝑭𝒇

Conv

Conv Conv

Conv

Conv Conv

Conv

Conv

Sobel Filter

Object Mask

𝐿𝑔𝑢𝑖𝑑𝑒

Final Output ෡𝒀𝒖

Ground Truth 𝒀𝒖

Head

𝑭𝒄

ሷ𝑭𝒎

ሷ𝑭𝒇

Zero-Shot
edge prediction

𝑌𝑚𝑎𝑠𝑘

Coarse-grained
෡𝒀𝒄

Fine-grained
෡𝒀𝒇

𝐿𝑠𝑖𝑑𝑒

𝑌𝑐

𝐿𝑠𝑖𝑑𝑒

𝑌𝑚

𝐿𝑠𝑖𝑑𝑒

𝐿𝑑𝑖𝑓𝑓𝑒𝑟

෡𝒀𝒎

𝑌𝑓

SAM

(c) Generation of edge at arbitrary granularity ෡𝒀𝜶. 

𝐹𝐹𝐵

Im
ag

e 
En

co
de

r

Conv

Conv

Conv

Conv

Granularity 
level 𝜶 ෠𝑌𝛼 =

𝛼

0.5
෠𝑌𝑚 + 1 −

𝛼

0.5
෠𝑌𝑐 , 0 ≤ 𝛼 ≤ 0.5

𝛼 − 0.5

0.5
෠𝑌𝑓 + 1 −

𝛼 − 0.5

0.5
෠𝑌𝑚, 0.5 ≤ 𝛼 ≤ 1

Coarse-grained
෠𝑌𝑐

Medium-grained
෠𝑌𝑚

Fine-grained
෠𝑌𝑓

෡𝒀𝜶

Learnable

Frozen

X
Block

Block

⊙ ⊙

⊙

Figure 2: The overall framework of SAUGE. (a) illustrates the pipeline of SAUGE. We extract the intermediate SAM features
and feed them into STN, which constructs edges at multiple granularity levels to align uncertainty with granularity. The final
output Ŷ u is obtained by merging the features of side outputs. We devise losses {Lside, Ldiffer, Lguide} to supervise the side
outputs, promote the pairwise diversity among them, and guide edge learning using SAM masks, respectively. (b) shows the
features extracted from SAM. (c) demonstrates the generation of Ŷ α at any granularity level α in a controllable manner.

ing edge at varied granularity levels. Finally, STN fuses all
the features of side outputs to generate final output. To en-
sure the quality of side outputs, we construct pseudo labels
corresponding to varied granularity levels to supervise and
emphasize diversity of side outputs. We also propose to use
the masks outputted by SAM to improve our edge learning.

Aligning uncertainty through granularity modeling
The proposed Side Transfer Network (STN) aims to fill the
gap and capture uncertainty through granularity modeling.
Intermediate features of SAM are gradually fused and pro-
jected into side outputs of edges at increasingly complex
levels, allowing the model to fully and explicitly explore di-
verse uncertainties with granularity.

Specifically, we feed the image X ∈ RH×W×3 into the
frozen SAM with the prompt of 8× 8 points grid, obtaining
shallow feature maps Es (i.e. the output of the first block in
the encoder), image embeddings Ei from the SAM encoder,
and mask embeddings Em from the decoder.

For features {Es, Ei}, we transform them into edge-
aware features {Ees , Eei } ∈ RD×D×C1 using learnable con-
volution layers, where D × D represents the spatial reso-
lution and C1 is feature channels. For the mask embedding
feature Em, we first rescale the feature channel to C2 using
learnable convolutional layers, and then reshape the features
into edge-aware features Eem ∈ RD×D×(C2×(8×8)), ensur-
ing all edge-aware details from the prompt is integrated. The
detailed process is formulated as follows:

Eei =W t
i (Ei), E

e
s =W t

s(Es), E
e
m = R(W t

m(Em)) (1)

where W t
i (·),W t

s(·),W t
m(·) are convolution layers, R(·) is

the reshape operator.
The Feature Fusion Block (FFB) is developed in-

side the STN to gradually aggregate edge-aware features
{Ees , Eei , Eem}. Inspired by (Wu et al. 2023), we construct
the FFB as a stack of cross-attention operations and Gated-
Dconv Feed-Forward Network proposed by (Zamir et al.
2022). The process of constructing edge features at different
granularity levels can be summarized as follows:

F c =Wh
c (E

e
i ), E

m = FFB1(E
e
i ·W g

c (Fc), E
e
s),

Fm =Wh
m(Em), Ef = Em ·W g

m(Fm),

F f =Wh
f (E

f ′), Ef
′
= FFB2(E

f , Eem),

(2)

where Wh
c (·),W h

m(·),W h
f (·),W g

c (·),W g
m(·) are convolu-

tion layers, FFB(·) is the Feature Fuse Block. Specifically,
we directly generate the coarse-grained edge feature F c us-
ing the Eei . Then, we use the first FFB to fuse Eei and Ees
for including more details, which forms our medium-grained
edge feature Fm. The features are further fused with Eem by
another FFB, resulting our fine-grained edge feature Ff .

With the edge features {F c, Fm, F f} prepared, we then
employ a shared classification head H to generate the side
outputs {Ŷ c, Ŷ m, Ŷ f}, which represents edges at different
granularity levels. The features of these side outputs are then
concatenated to form the final output Ŷ u. The detailed pro-
cess is elaborated as follows:

Ŷ c = H(F c), F̈m =W a
m([Fm, F c]),

Ŷ m = H(F̈m), F̈ f =W a
f ([F

f , F̈m]),

Ŷ f = H(F̈ f ), Ŷ u = H(W a
u ([F

c, F̈m, F̈ f ])),

(3)
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(a) Input (b) RCF (c) EDTER (d) UAED (e) DifussionEdge (g) Ours (h) GT(f) SAM*

Figure 3: Qualitative comparison results on BSDS test set. * indicates the Zero Shot method.
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Figure 4: Precision-recall curves for the BSDS500 test set.

where W a
m(·),W a

f (·),W a
u (·) are convolutions, H is output

head shared across varied side outputs, [·] is concatenation.

Generation of edge at arbitrary granularity
Given side outputs at three granularity levels (coarse-grained
Ŷ c, medium-grained Ŷ m, fine-grained Ŷ f ), we propose to
generate edge maps of arbitrary granularity Ŷ α by a simple
linear weighting strategy. Specifically, following the work of
MuGE (Zhou et al. 2024), we measure the granularity level
using α ∈ [0, 1], where 0 represents the coarsest and 1 rep-
resents the finest. Then, the process of generating arbitrary
granularity edge graph Ŷ α can be formulated as follows:

Ŷ α =

{
α
0.5 Ŷ

m +
(
1− α

0.5

)
Ŷ c, 0 ≤ α ≤ 0.5

α−0.5
0.5 Ŷ f +

(
1− α−0.5

0.5

)
Ŷ m, 0.5 < α ≤ 1

(4)

Loss functions for model training
Three loss functions are formulated to train our framework
with three side outputs and one final output for detecting
edges at multiple granularity: the granularity-aligned loss
function for supervising side outputs with pseudo labels, the
diversity loss function for enhancing the difference between
different side outputs, and the guide loss constraints the pro-
duced edges to be compatible with SAM masks.

Pseudo labels at varied granularities. Given the input
image X and its manual annotations {Yn}Nn=1, where N is

the number of annotations, and Yn ∈ {0, 1}H×W is the an-
notation given by the n-th annotator. We sort all annotations
in ascending order based on the number of pixels labeled as
edges. Denote the sorted annotations as {Y Sn }Nn=1, then the
coarse-grained annotation Y c, medium grained annotation
Y m, and fine-grained annotation Y f can be constructed as:

Y c = Y S1 , Y
m = Y c ∨ Y S⌈N

2 ⌉, Y
f = Y m ∨ Y SN , (5)

where ∨ is element-wise OR operation. The side outputs at
different granularity levels {Ŷ c, Ŷ m, Ŷ f} are supervised by
the corresponding {Y c, Y m, Y f}.

In order to comprehensively consider all annotations and
catch the uncertainty caused by multi-label, inspired by
(Zhou et al. 2023), the distribution of final label Ỹ u is ob-
tained by randomly sampling from a multivariate Gaussian
distribution N(µY , σY ) and then binarizing Ỹ u to the final
label Y u using the threshold ζ, where the mean µY and vari-
ance σY are pixel-wise calculated by the label set {Yn}Nn=1.

Granularity-aligned loss for side outputs. Edge detec-
tion is a binary classification task where each pixel needs to
be predicted as an edge (positive) or not (negative), hence
binary cross-entropy(BCE) loss is widely used in this task.
However, the edge pixels in an image are usually only a tiny
fraction of all pixels. Following (Xie and Tu 2015), we
adaptively weight each pixel based on the ratio of positive
and negative samples in the ground truth. For the side out-
puts {Ŷ c, Ŷ m, Ŷ f}, we minimize the following BCE loss:

Lgdetect = −
HW∑
j=1

(Y gj ξlog(Ŷ gj ))

+ (1− Y gj )(1− ξ)log(1− Ŷ gj )),

(6)

where ξ is used to balance the contribution of varied pix-
els, g ∈ {c,m, f, u} represents the granularity level, and j
represents the j-th pixel in the prediction and ground truth.
In addition, ξ = |Y g−|/(|Y

g
−| + |Y g+|), |·| represents the to-

tal number of pixels, and Y g+ and Y g− represents positive and
negative samples in ground truth Y g .

Given the pseudo labels at varied granularities
{Y c, Y m, Y f}, the loss for supervising the side out-
puts to align granularity is defined as:

Lside =
∑

g∈{c,m,f}

Lgdetect, (7)
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Method Param. (M) ODS OIS AP
Si

ng
le

-S
ca

le
(S

S)
Canny (PAMI’86) - .611 .676 .520
OEF (CVPR’15) - .746 .770 .815
DeepContour (CVPR’15) 27.5 .757 .776 .790
DeepBoundary (ICLR’15) - .789 .811 .789
HED (ICCV’15) - .788 .808 .840
RDS (CVPR’16) - .792 .810 .818
RCF (CVPR’17) 14.8 .798 .815 -
CED (CVPR’17) 21.8 .803 .820 .871
BDCN (CVPR’19) 16.3 .806 .826 .847
DSCD (MM’20) - .802 .817 -
LDC (MM’21) - .799 .816 .837
EDTER (CVPR’22) 468.8 .824 .841 .880
UAED (CVPR’23) 69.2 .829 .847 .892
RankED (CVPR’24) 114.4 .824 .840 .895
DiffusionEdge (AAAI’24) 224.9 .834 .848 .815
EdgeSAM (TII’24) 7.4 .838 .852 .893
SAUGE (Ours) 1.3 .839 .860 .893
SAUGE-L (Ours) 2.1 .847 .868 .898

Si
ng

le
-S

ca
le

-V
O

C
(S

S-
V

O
C

) DeepBoundary (ICLR’15) - .809 .827 .861
RCF (CVPR’17) 14.8 .806 .823 -
CED (CVPR’17) 21.8 .812 .833 .889
BDCN (CVPR’19) 16.3 .820 .838 .888
DSCD (MM’20) - .813 .836 -
LDC (MM’21) - .812 .826 .857
EDTER (CVPR’22) 468.8 .832 .847 .886
UAED (CVPR’23) 69.2 .838 .855 .902
RANKED (CVPR’24) 114.4 .833 .848 .901
SAUGE (Ours) 1.3 .842 .862 .896
SAUGE-L (Ours) 2.1 .849 .869 .899

Table 1: Comparisons of approaches with single edge output
on BSDS500 test set. The best and second-best results are
shown with bold and underlined texts.

Emphasize the difference between side outputs. Differ-
ent side outputs represent edge maps at different granularity
levels, we use mean absolute error (MAE) to emphasize the
diversity of side outputs:

L
(i,k)
differ = −

HW∑
j=1

(|Ŷ ij − Ŷ kj |) · (Y ij ⊕ Y kj ), (8)

where (i, k) is about the combination of {c,m, f} with a
size of 2, |·| represents taking the absolute value, ⊕ rep-
resents element-wise XOR operation. In this way, different
pixels with edge definitions can be located, and two different
side outputs can have differences on these pixels. Ldiffer is
obtained by enumerating combinations (i, k) and summing
L
(i,k)
differ as:

Ldiffer = L
(c,m)
differ + L

(c,f)
differ + L

(m,f)
differ, (9)

The use of Ldiffer promotes the generation of rougher Ŷ c
(Figure 6), ensuring the difference between the side outputs.

Guide loss for final output. Here, we further use the
object masks outputted by SAM to guide our edge learn-
ing. Given the object mask M outputted by SAM, we use
the Sobel (Kittler 1983) operator to extract the edges of
each mask and denote it as Y mask. Meanwhile, we calcu-
late maps Y

mask ∈ RH×W which indicate the frequency of
the corresponding pixel is recognized as edge on each mask.

Method Param. (M) ODS OIS AP

SS

MuGE (M=3) (CVPR’24) 93.9 .845 .854 .876
SAUGE (M=3) (Ours) 1.3 .854 .865 .894
MuGE (M=11) (CVPR’24) 93.9 .850 .856 .882
SAUGE (M=11) (Ours) 1.3 .857 .865 .896

SS
-V

O
C MuGE (M=3) (CVPR’24) 93.9 .852 .859 .889

SAUGE (M=3) (Ours) 1.3 .857 .867 .900
MuGE (M=11) (CVPR’24) 93.9 .855 .860 .894
SAUGE (M=11) (Ours) 1.3 .859 .868 .901

Table 2: Comparison of multi-granularity approaches on
the BSDS500 test set. The best and second-best results are
shown with bold and underlined texts, respectively.

The loss for supervising the final output Ŷ u is defined as:

Lguide =
HW∑
j=1

e(ψj+ωj)Ludetect (10)

where ψj = −(Y maskj ) · (Y maskj ⊕ Yj) · Y
mask

j , ωj =

cos(Ỹ uj ). The weight map ψ is defined in the way such that
the easily confused pixels indicated by the object mask con-
tributes less in the edge learning. ω is constructed in order to
assign higher weights to edge pixels with lower confidence.

Overall loss function. The final optimization objective is
defined as the weighted sum of Lside, Ldiffer, and Lguide:

Ltotal = Lguide + λLdiffer + βLside (11)

where λ and β are the coefficient to control the balance of
different losses. In this work, we fix λ = 0.1, β = 0.5.

Experiments
Datasets
We conduct experiments on three widely-used edge de-
tection datasets: BSDS500 (Arbelaez et al. 2010), Multi-
cue (Mély et al. 2016) and NYUDv2 (Silberman et al.
2012). For data augmentation, we adopt the same strategy
as UAED (Zhou et al. 2023) across both datasets.

BSDS500 consists of 500 natural images, with 200 for
training, 100 for validation, and the remaining for test. Each
image has 4 to 9 manual annotations. Additionally, the PAS-
CAL VOC set (Everingham et al. 2010) with 10,103 images
is used as supplementary training data, with edge annota-
tions derived from semantic masks using Laplacian detector.

Multicue includes 100 images from complex natural
scenes, each of which is annotated by multiple individuals.
We randomly split these images into training and evaluation
sets, with 80 images for training and 20 for testing. This pro-
cess is repeated three times and average scores are reported.

NYUDv2 is a dataset for indoor scene parsing and edge
detection, containing 1,449 paired RGB-D images. Each im-
age has a single ground-truth edge map, with the dataset split
into 381 training, 414 validation, and 654 testing images.

Implementation Details
We implement SAUGE based on PyTorch (Paszke et al.
2019), and use SAM pre-trained on the SA-1B dataset (Kir-
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Methods ODS OIS AP
Human (VR’16) 0.750 - -
Multicue (VR’16) 0.830 - -
HED (ICCV’15) 0.851 0.864 -
RCF (CVPR’17) 0.857 0.862 -
BDCN (CVPR’19) 0.891 0.898 0.835
DSCD (MM’20) 0.871 0.876 -
LDC (MM’21) 0.881 0.893 -
EDTER (CVPR’22) 0.894 0.900 0.944
UAED (CVPR’23) 0.895 0.902 0.949
MuGE (CVPR’24) 0.898 0.900 0.950
DifussionEdge (AAAI’24) 0.904 0.909 -
SAUGE (Ours) 0.905 0.907 0.939

Table 3: Comparisons on Multicue. Best and second-best re-
sults are shown with bold and underlined texts, respectively.

illov et al. 2023) as our backbone. The Adam opti-
mizer (Kinga, Adam et al. 2015) is used to update all pa-
rameters. The learning rate is initialized as 1e-4 with step
scheduling and weight decay is set to 5e-4. For BSDS, we
set the ζ for the thresholding label to 0.2, and the model was
trained for 6 epochs with a batch size of 3. For Multicue, we
randomly crop the images into 512 × 512 and set ζ to 0.3.
The model is trained for 20 epochs using a batch size of 3.
All experiments were conducted on RTX 3090, where train-
ing the model on BSDS500 requires approximately 20 GPU
hours and 16GB GPU memory.

Evaluation Metric
We evaluate the performance using widely adopted metrics,
including F-scores for both Optimal Dataset Scale (ODS)
and Optimal Image Scale (OIS), as well as Average Pre-
cision (AP). ODS applies a fixed threshold to binarize the
predicted edge map across the entire dataset, while OIS
selects an optimal threshold for each image. We also re-
port the learnable parameter. Following previous works (Liu
et al. 2017; Pu et al. 2022; Zhou et al. 2023), we apply
non-maximum suppression (NMS) to the predictions be-
fore evaluation. The localization tolerance is set to 0.011 for
NYUDv2 and 0.0075 for other datasets, defining the max-
imum allowed distance for matching predictions with GT.
For AP evaluation, we select the candidate with the highest
F-value across M candidates at each threshold, providing a
more comprehensive assessment of the overall performance
across all candidates. To assess the quality of multiple granu-
larity edge maps (M=3, 11, etc), we follow the MuGE (Zhou
et al. 2024) that uses the best-matching strategy, selecting
the candidate closest to the GT from multiple candidates.

Comparison with State-of-the-arts
Existing methods can be divided into two categories: single
definite output and multi-granularity output. For single defi-
nite output, traditional methods include Canny (Canny 1986)
and OEF (Hallman and Fowlkes 2015). CNN-based meth-
ods, such as DeepContour (Shen et al. 2015), DeepBound-
ary (Kokkinos 2015), HED (Xie and Tu 2015), RDS (Liu
and Lew 2016), CED (Wang, Zhao, and Huang 2017),
BDCN (He et al. 2019), DSCD (Deng and Liu 2020), and

Methods ODS OIS AP
OEF (CVPR’15) 0.651 0.667 -
HED (ICCV’16) 0.720 0.734 0.734
RCF (CVPR’17) 0.729 0.742 -
BDCN (CVPR’19) 0.748 0.763 0.770
EDTER (CVPR’22) 0.774 0.789 0.797
SAM* (ICCV’23) 0.699 0.719 0.707
DiffusionEdge (AAAI’24) 0.761 0.766 -
EdgeSAM (TII’24) 0.783 0.797 0.805
RankED (CVPR’24) 0.780 0.793 0.826
SAUGE-L* (Ours) 0.794 0.803 0.813

Table 4: Comparisons on the NYUDv2. The best and
second-best results are shown with bold and underlined texts
respectively. * indicates the Zero Shot method.

LDC (Deng et al. 2021), are widely adopted. Transformer-
based methods involve EDTER (Pu et al. 2022), RankED
(Cetinkaya, Kalkan, and Akbas 2024) and EdgeSAM (Yang
et al. 2024). The diffusion-based method involves Diffu-
sionEdge (Ye et al. 2024). Currently, only MuGE (Zhou
et al. 2024) is developed for multi-granularity output.

Results on BSDS500. Since SAUGE can generate both
definite output Ŷ u and multi-granularity outputs Ŷ α, we
compare it with excellent representatives of these two types
of methods respectively. The quantitative results are pre-
sented in Table 1 and Table 2, where M=3 represents α={0,
0.5, 1}, and M=11 represents the 11 outputs generated from
0 to 1 at intervals of 0.1. Experiments were conducted under
two settings: Single-Scale input (SS) and Single-Scale input
with additional PASCAL VOC data for training (SS-VOC).

In Table 1, we report the performance of existing state-of-
the-art methods for definite output. As shown, our SAUGE
achieves the best performances in both ODS and OIS met-
rics under all experimental settings (SS and SS-VOC), which
significantly outperforms EdgeSAM with the same SAM
backbone. It is worth noting that our model only needs to
tune a very small number of parameters—82% fewer com-
pared to EdgeSAM. When using a larger SAM (ViT-L SAM)
as the backbone (denoted as SAUGE-L), the performance
improves by 0.009 in ODS and 0.016 in OIS under the SS
setting, and by 0.011 in ODS and 0.014 in OIS under the SS-
VOC setting. Qualitatively, Figure 3 compares our SAUGE
with other methods, demonstrating that SAUGE can pro-
duce more detailed predictions. We note that the background
edges missed by SAM can be successfully obtained by our
model. The Precision-Recall curve is shown in Figure 4.

For multi-granularity output, Table 2 shows that SAUGE
significantly outperforms MuGE in all settings. It can be
found that increasing the number of candidates (M) leads to
higher performance, demonstrating the advantages of multi-
granularity edge modeling in addressing uncertainty.

Results on Multicue. We also conduct experiments on
Multicue edges, and the results are illustrated in Table ??.
As can be seen, the proposed SAUGE outperforms the previ-
ous state-of-the-art in the ODS metric and achieves second-
place performance in the OIS metric, with scores of 90.5%
in ODS and 90.7% in the OIS metric. The relatively lower
performance in the AP metric may be attributed to overfit-
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Figure 5: Qualitative comparison with MuGE for different edge granularities α under the SS-VOC setting.

ODS: 0.839 ODS: 0.839

(a) Input (b) w/ (c) w/o 

Figure 6: Comparison of coarse-grained and fine-grained
side output {Ŷ c, Ŷ f} with/without Ldiffer. The ODS is ob-
tained on BSDS500 test set under Single-Scale (SS) setting.

ting, likely due to the limited size of the Multicue dataset.
Results on NYUDv2. To verify the generalization of our

SAUGE, we directly use the SAUGE-L model trained on
BSDS500 and PASCAL VOC for zero-shot edge detection
on this set. The results in Table 4 indicate that our method
outperforms previous supervised methods on both ODS and
OIS without parameter tuning, which demonstrates the ef-
fectiveness of our approach.

Ablation Study and Further Analysis
Effect of key components. The key designs of our SAUGE
lie in the lightweight Side Transfer Network (STN), the con-
straints on the multi-granularity side outputs, and the mask-
guided loss Lguide. To verify the effectiveness of these de-
signs, we begin with SAM as the baseline, and then sequen-
tially add the Side Transfer Network, the side output con-
straints (denoted as SOC), and the mask-guided loss. The
results on the BSDS500 dataset are presented in Table 5. As
shown, for both pre-trained ViT-B SAM and ViT-L SAM
baseline, the inclusion of our lightweight STN module leads
to a significant improvement across all metrics, by more than
9% in ODS, 8.7% in OIS, 10.8% in AP metrics. Also, with
the constraints on side output (SOC), our framework can
generate edges at arbitrary granularity and achieve a notable
enhancement in the AP metric. We attribute this to the fact
that SOC explicitly facilitates the model in capturing differ-
ent granularity information, thus enabling better alignment
with the uncertainty in edge decisions. Additionally, mask-
guided loss Lguide also contributes positively to all metrics.
To study the impact of Ldiffer, Figure 6 visualizes model
outputs with and without it. As shown, the Ldiffer ampli-
fies the differences between outputs at various granularities,
further enhancing alignment with edge decision uncertainty.

Method SOC Lguide ODS OIS AP MG
SAM* .768 .786 .794 ×

Ours
.837 .855 .880 ×

✓ .836 .857 .891 ✓
✓ ✓ .839 .860 .893 ✓

Ours-L
.844 .865 .822 ×

✓ .846 .866 .895 ✓
✓ ✓ .847 .868 .898 ✓

Table 5: Ablation study on key components of our model on
the BSDS500 set. MG refers to whether the method can out-
put multi-granularity edges. * indicates Zero Shot method.

Performance α = 0 α = 0.2 α = 0.4 α = 0.5 α = 1
ODS 0.832 0.836 0.839 0.839 0.836
OIS 0.851 0.857 0.859 0.859 0.858
AP 0.771 0.814 0.882 0.890 0.891

Table 6: Comparisons on BSDS500 for varied granularities.

Performance of specific granularity outputs. Given a
granularity level α, our method can generate edge maps at
arbitrary granularity in a controlled manner. In Figure 5, we
visualize the edge maps at different granularities generated
by MuGE and our SAUGE. For all α, SAUGE consistently
outperforms MuGE and produces edge maps with high qual-
ity. Furthermore, we report the quantitative results of various
granularity α={0, 0.2, 0.4, 0.5, 1} in Table 6. As shown, the
edge maps at varied granularities exhibit both good perfor-
mance and diversity in ODS, OIS and AP metrics.

Computational efficiency. We evaluate the inference effi-
ciency of our proposed SAUGE on a single RTX 3090 GPU.
SAUGE consumes 6.5GB of GPU memory and achieves
a speed of 5.3 FPS, exhibiting similar efficiency to the
transformer-based EDTER (6.0GB, 5.3 FPS) while outper-
forming the zero-shot-based SAM (8.1GB, 0.9 FPS) and the
diffusion-based DiffusionEdge (3.4GB, 0.4 FPS) in speed.

Conclusion and Limitation
In this paper, we designed a novel uncertainty-aligned edge
detector called SAUGE. In our SAUGE, we developed a
lightweight Side Transfer Network (STN) to explicitly ex-
plore the knowledge embedded in SAM for multiple gran-
ularity edge detection. Extensive experiments on three edge
sets are reported to demonstrate the superiority of SAUGE.

Limitation. Our SAUGE is constructed based on the SAM
backbone model. In the future, we would like to extend our
framework for a more efficient backbone model.
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