SynShapes: A Synthetic Image-Annotation Dataset for Edge Detection
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In the edge detection area, generating ground-truth edge annotations is a time-consuming, costly and subjective

process, often leading to inconsistent labels and limited scalability. To address this issue, we propose Syn-
Shapes, a synthetic dataset composed of automatically generated image—annotation pairs designed to address
these limitations. The dataset is created using a Python-based pipeline that produces consistent ground-truth
edge maps from randomly generated geometric shapes; and in order to reduce the gap between synthetic and
real data, a Fourier Domain Adaptation (FDA) strategy is applied. Then, SynShapes is benchmarked by train-
ing the TEED edge detector model on multiple datasets: BIPED, BSDS500, MDBD and SynShapes with FDA;
evaluations across the training datasets and the UDED dataset show that SynShapes with FDA achieves perfor-
mance comparable to, and in some cases surpassing those trained on real-world datasets; all without the cost
and bias of manual annotation. The dataset is publicly available on: https://vision-cidis.github.io/SynShapes/.

1 INTRODUCTION

Edge detection is one of the most important low-level
tasks in computer vision, and it is often the first step
in many applications such as segmentation, recogni-
tion or image understanding. Classical algorithms,
such as, Canny (Canny, 2009) or Sobel (Marr and Hil-
dreth, 1980), among others, have been widely used
for decades to extract edges from intensity gradients.
However, these traditional techniques are not robust
when facing complex real-world scenes, where light-
ing changes, textures, or noise affect the results. In
recent years, deep learning has brought a significant
improvement in this field, providing models that learn
directly from data rather than relying on hand-crafted
filters. Well-known methods like HED (Xie and Tu,
2015), BDCN (He et al., 2019), DexiNed (Soria et al.,
2023b) or LDC (Soria et al., 2022) have shown that
convolutional neural networks can produce accurate
and thin edge maps, even in challenging conditions.
The success of deep learning models depends
strongly on the quality of the training data. The main
limitation in edge detection is that preparing a ground
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truth dataset is a very slow and subjective process.
Annotators must manually mark all edges in each im-
age, which is time-consuming and prone to human er-
rors. In many cases, it is difficult to decide which tran-
sitions are relevant as real edges and which are just
texture or shadow. As a result, the final annotations
are not always consistent between images or annota-
tors. In addition, some widely used datasets, such as
BSDS (Martin et al., 2001) or NYUD-v2 (Silberman
et al., 2012), were originally created for segmenta-
tion or boundary detection, not specifically for edges.
This makes the training less reliable, and models tend
to overfit or fail when evaluated on unseen images.

Several recent works have focused on improv-
ing efficiency and reducing the number of parame-
ters in deep models for edge detection. Approaches
like LDC or TEED (Soria et al., 2023a) demonstrate
that a small architecture can reach good performance
when trained on clean and well-defined datasets like
BIPED (Soria et al., 2023b). However, even in these
cases, the problem of the labeled data remains. Cre-
ating large and consistent edge datasets still requires
many hours of human work and careful validation,
which limits the scalability of current methods.

To overcome this limitation, synthetic data of-
fers a very interesting alternative. Using computer-
generated scenes, it is possible to obtain perfect and
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noise-free edge annotations directly from the render-
ing process, without any human labeling. Synthetic
images can be easily created under different condi-
tions, for example, with variations in illumination,
texture or viewpoint, and also for other modalities
like thermal or infrared images, where collecting real
labeled data is even more difficult. Combining syn-
thetic and real images, or applying domain adapta-
tions, could help to improve the generalization of
deep learning edge detectors on new real world en-
vironments.

In this paper, we explore the use of synthetic im-
ages for training deep edge detection models. We pro-
pose a simple strategy to generate synthetic data (im-
age—annotation pairs) and incorporate a domain adap-
tation technique to reduce the gap between real and
synthetic data.

For the evaluation, the Optimal Dataset Scale
(ODS), Optimal Image Scale (OIS) and Average Pre-
cision (AP) metrics are used in order to provide a
standardized edge detection benchmark. Experimen-
tal results show that models trained with synthetic
data achieve a comparable or in some cases better per-
formance than those trained with hand-labeled data,
while avoiding the high cost and human bias asso-
ciated with manual annotation. Our study suggests
that synthetic data represent a promising solution for
building more scalable and general edge detection
systems.

The manuscript is organized as follows. Section 2
presents works related to the edge detection problem,
including synthetic and real dataset. Section 3 details
the proposed approach, including the synthetic im-
age generation, the synthetic-to-real adaptation strat-
egy and the relevant details of the model used for
edge detection. Then, Section 4 presents quantitative
and qualitative results using the proposed SynShapes
dataset. Finally, discussion and conclusions are given
in Section 5.

2 RELATED WORK

As mentioned in the previous section, the perfor-
mance of deep learning-based edge detectors is
tightly coupled to the quality of their ground-truth
(GT) annotations. By quality, we refer to both the
completeness of annotated edges and the spatial preci-
sion of the edges themselves (Cetinkaya et al., 2024).

To address these two key challenges, several
datasets rely on annotations provided by multiple la-
belers (e.g., BSDS (Arbelaez et al., 2011), MDBD
(Mély et al., 2016)), with the aim of reaching a con-
sensus on the annotated edges. However, this strategy
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has been shown to be insufficient. On the one hand,
many datasets exhibit a lack of agreement among
annotators, which often results in multiple annota-
tions for the same physical edge (see Fig. 1(fop) and
(middle) rows). However, despite the involvement of
multiple annotators, the images still contain missing
edges; this can be observed by comparing the high-
lighted regions with the corresponding original im-
ages, where visually evident boundaries remain un-
labeled.

As a consequence, the problem of unreliable or
incomplete edge annotations remains open. For this
reason, in datasets such as BSDS, state-of-the-art
CNN-based methods—including HED (Xie and Tu,
2015) and RCF (Liu et al., 2019)—apply a consensus-
thresholding step to the multi-annotator labels prior to
training, ensuring that the model learns from more re-
liable edge maps. Following this strategy, subsequent
architectures—including BDCN (He et al., 2019)
and transformer-based EDTER (Pu et al., 2022)—
also rely on consensus-filtered GTs. Lightweight
approaches such as PiDiNet (Xu et al., 2022) and
PiDiNext (Li et al., 2025b) adopt the same prepro-
cessing step for BSDS.

More recent works explicitly address annotation
ambiguity. Models such as UAED (Zhou et al., 2023)
and MUGE (Zhou et al., 2024) incorporate uncer-
tainty modeling to capture the subjectivity inherent
in multi-annotator datasets. These methods convert
deterministic labels into learnable Gaussian distri-
butions, using the predicted variance as an uncer-
tainty estimate to guide training. This probabilistic
framework has achieved unprecedented performance
on BSDS dataset. The latest trend explores self-
supervised edge GT assistance using large-scale seg-
mentation models such as SAM, as demonstrated in
SAUGE (Liufu et al., 2025).

From a different perspective, the issue of multi-
annotator inconsistency was addressed through the in-
troduction of the BIPED dataset (Poma et al., 2020),
which was later refined in (Soria et al., 2023b).
BIPED provides high-quality, multi-level consensus
annotations for each image, enabling improved gener-
alization across edge detection models. Methods such
as DexiNed (Soria et al., 2023b), DiffusionEdge (Ye
et al., 2024), and EDMB (Li et al., 2025a) achieve
state-of-the-art performance under diverse architec-
tural paradigms. Likewise, lightweight detectors—
including LDC (Soria et al., 2022), TEED (Soria
et al., 2023a), and LED-Net (Ji et al., 2025)—bene-
fit substantially from the curated annotations provided
by BIPED, delivering strong results despite their com-
pact designs.

Despite these advances and the considerable ef-
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Figure 1: RGB images and their corresponding ground-truth annotations from different datasets. These examples highlight
several common issues: (i) lack of annotator consensus, illustrated by the differing edge maps in the zoomed regions of BSDS
and MDBD:; and (ii) incomplete edge annotations—BSDS500: edges corresponding to the green leaves at the top are missing;
MDBD: horizontal window edges as well as text contours in the panels are not annotated; and BIPED: edges related to brick
patterns on walls and fine details on the car, such as the windshield wiper, are absent.

SynShapes

With FDA

GT

Figure 2: Samples of images from the proposed dataset: (fop) Synthetic images; (middle) Synthetic images with Fourier

Domain Adaptation; (bottom) Ground Truth edge maps.

fort devoted to densely annotating nearly every edge
in BIPED, some images still contain unannotated
boundaries, as illustrated in the zoomed region of
Fig. 1 (bottom). These missing annotations ultimately
have a negative impact on training quality.

An alternative approach to mitigate the aforemen-
tioned issues is the use of synthetic imagery, which
enables fully reliable edge generation and provides
precise supervision for training future edge detection
models. Synthetic data has been successfully lever-
aged in a wide range of computer vision tasks, includ-
ing: (i) camera calibration (Charco et al., 2021), (ii)
object detection (Tian et al., 2018), (iii) image dehaz-
ing (Sappa et al., 2022), and (iv) depth map estimation
(Antunes et al., 2023), among others.

Inspired by these works, we introduce SynShapes

796

(see Fig. 2), a dataset composed of synthetic im-
ages paired with automatically and accurately gener-
ated edge maps derived directly from the underlying
synthetic geometry. These edge maps serve as pre-
cise ground-truth annotations, free from the ambigu-
ity and incompleteness inherent to manual labeling.
To the best of our knowledge, SynShapes is the first
synthetic dataset specifically designed for edge detec-
tion that provides exact, pixel-level ground truth.

3 PROPOSED APPROACH

This section describes the proposed pipeline for gen-
erating the synthetic image dataset along with its cor-
responding ground truth edge maps. In addition, we



present the strategy adopted to adapt the synthetic im-
ages to the real domain, as well as the edge detection
model selected to evaluate the usability of the pro-
posed dataset.

3.1 Synthetic Image Generation

To address the challenge of edge annotation, we pro-
pose the SynShapes dataset (Fig. 2), which is gener-
ated using a Python-based pipeline with fixed random
seeds to ensure full reproducibility. The images are
composed of geometric shapes, with randomness ap-
plied to selected parameters, including color, quantity,
size, and spatial position. Fixed parameters include
the image resolution (1280x720), the total number of
images (125), the edge thickness (1 pixel), and the
noise type (speckle). The set of geometric primitives
comprises ellipses, circles, rectangles, triangles, reg-
ular polygons, and irregular polygons.

Regarding the number of shapes, a random range
of [4-10] instances is sampled for each geometric cat-
egory; consequently, each image contains between 24
and 60 shapes in total. Each shape is rendered onto
a pixel-wise label map and assigned a unique iden-
tifier. Ground truth edges are then derived by mark-
ing pixels whose labels differ from those of any of
their eight-connected neighbors (horizontal, vertical,
and diagonal). This procedure naturally accounts for
occlusions, as shapes drawn later may partially or
fully overlap previously rendered ones; the complete
dataset generation process requires less than two min-
utes.

For the size parameter, distinct ranges are defined
for each geometric primitive to reflect their inherent
geometric properties, in contrast to the quantity pa-
rameter, for which the same range is applied across
all shape types. Additionally, certain shapes incorpo-
rate extra sources of variability: ellipses and triangles
may be randomly rendered in narrower or more elon-
gated forms; rectangles may have either their width or
height reduced; and irregular polygons may be gener-
ated with either straight or curved boundaries.

During experimentation, selecting the color
palette proved challenging due to the combinato-
rial nature of color choices, where even the ad-
dition or removal of a single color could signif-
icantly affect performance metrics. To mitigate
this variability, grayscale colors (identical values
across RGB channels) were adopted, resulting in
a final palette of eight intensity levels: (0,0,0),
(36,36,36), (73,73,73), (109,109,109), (146,146,146),
(182,182,182), (219,219,219), and (255,255,255).

Regarding noise modeling, the skimage library is
employed, specifically using the speckle noise model
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with a randomly sampled variance in the range of
[0.02-0.10]. Additional experiments were conducted
using Gaussian, Poisson, and salt-and-pepper noise;
however, these alternatives yielded inferior perfor-
mance and were therefore discarded.

Finally, it is worth noting that the selected pa-
rameter configuration results from more than 100 ex-
perimental trials exploring different combinations of
shape types, sizes, quantities, noise models, and color
palettes. The configuration described above consis-
tently produced the best performance during both
training and evaluation.

3.2 Synthetic-to-Real Adaptation

Once the dataset is generated, the Fourier Domain
Adaptation (FDA) method (Yang and Soatto, 2020)
is applied to reduce the synthetic-to-real domain gap.
Following the guidelines in (Yang and Soatto, 2020),
a P value of 0.01 was adopted, using the BIPED
dataset (Soria et al., 2023b) as the target domain. Fig.
2 (middle row) illustrates representative samples of
the images obtained after applying the FDA method.
Our implementation also incorporates portions of the
public code released by the authors.

3.3 Training Strategy

In order to evaluate the usefulness of the proposed
dataset, the TEED edge detector (Soria et al., 2023a)
was selected and trained on: Barcelona Images for
Perceptual Edge Detection, BIPED (Soria et al.,
2023b); Berkeley Segmentation Dataset, BSDS500
(Arbelaez et al., 2011); Multicue Dataset for Bound-
ary Detection, MDBD (Mély et al., 2016); and
SynShapes-with FDA-datasets (see Fig. 1 and Fig.
2), enabling a performance comparison among them.
In this case, modifications were made to the code re-
leased by the authors of TEED (Soria et al., 2023a),
with the main modification being the addition of a re-
producibility seed.

TEED has been chosen due to its strong balance
between efficiency and robustness in RGB edge de-
tection tasks. The model can be trained on the com-
plete BIPED dataset in a very short time while still
delivering results that match or surpass current state-
of-the-art methods in both quantitative metrics and vi-
sual quality. A particularly noteworthy aspect is its
ability to generalize: despite having a lightweight ar-
chitecture, TEED reliably captures fine-grained and
semantically relevant edges that are frequently missed
by substantially larger models with far higher param-
eter counts.

TEED is composed of three modules: a main fea-
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Figure 3: TEED architecture from (Soria et al., 2023a).

ture extractor (encoder), USNet, and the dfuse mod-
ule (see Fig. 3). The main feature extractor, also
referred to as the encoding network, extracts multi-
scale feature maps from the input image, which are
subsequently fed into USNet—the decoding module
where edge supervision is applied at each encoding
stage. Each USNet produces a preliminary edge-map
corresponding to a specific feature scale. These in-
termediate edge maps are then aggregated and adap-
tively modulated by the final edge prediction module,
denoted as dfuse. Overall, this lightweight architec-
ture generates thin, sharp, and noise-free edge-maps,
largely, due to the dfuse module, which effectively
refines the preliminary edge responses provided by
USNet in the edge space. Notably, these edge repre-
sentations are transformed from the original input im-
age features extracted by the encoding network. The
training of the entire architecture is regularized using
two loss functions, applied at different levels of edge-
map refinement—USNet and dfuse.

4 EXPERIMENTAL RESULTS
AND COMPARISONS

To ensure a more reliable and reproducible analysis
of each dataset’s behavior, three independent training
runs were performed per dataset using different ran-
dom seeds and the reported results correspond to their
average. This protocol was adopted after observing
non-negligible variability in the evaluation metrics
when TEED was exposed to different permutations
of the training images. In particular, this variability
persists despite the use of predefined and standard-
ized training-testing splits provided by the selected
datasets, highlighting the sensitivity of the training
process to initialization and data ordering. Addition-
ally, no data augmentation techniques were applied to
any of the datasets, and all reported results were ob-
tained using the raw unaltered datasets as originally
provided. Furthermore, to guarantee fair and com-
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parable experimental conditions across all datasets, a
single, fixed set of hyperparameters was employed for
every training session. The complete configuration is
reported in Table 1.

4.1 Evaluation Metrics

Three evaluation metrics commonly adopted in the
edge detection community are employed: fixed con-
tour threshold (ODS), per-image best threshold (OIS),
and average precision (AP) (Poma et al., 2020);
where only the F-score (F) of ODS and OIS is con-
sidered:

2PR
= — 1
P+R’ M
where P denotes Precision and R denotes Recall, de-
fined as:

TP
P=_——— @)
TP+FP
TP
R=——, 3
TP+FN

Table 1: Optimized hyperparameters used on the TEED
model.

Hyperparameter Value
Epochs 100

Batch Size 4
Learning Rate (LR) 1x1073

LR Adjustment [6x 10741 x 1074]
LR Adjustment Epochs [30,70]
Weight Decay 8x 1073
Num. Workers 8

Input Size 300 x 300
Optimizer AdamW
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Figure 4: Average metrics results (ODS, OIS and AP) obtained for each trained dataset.

here, TP, FP and FN represent: True Positives, False
Positives, and False Negatives, respectively.

For the evaluation and computation of the ODS,
OIS, and AP metrics, a modified version of the eval-
uator implemented in (Li et al., 2025b) was used,
which is itself a Python adaptation of the original
evaluator used in (Dollar and Zitnick, 2015). The
new modification consists of accelerating the evalu-
ation process without significantly altering the result-
ing metric values.

4.2 Quantitative Results

As mentioned above, multiple training runs with dif-
ferent random seeds are conducted for each dataset,
and the resulting metrics are averaged. The TEED
model trained on a given dataset is then evaluated on
the remaining datasets to assess both the usefulness
of that dataset and the model’s generalization capa-
bility. The performance is summarized using heatmap
visualizations, which enable a clearer and more intu-
itive comparison of metric behavior across all combi-
nations of training and test datasets (see Fig. 4). In
these heatmaps, deeper red tones indicate higher met-
ric values, whereas deeper blue tones indicate lower
performance. In addition to evaluations on the train-
ing datasets themselves, we include UDED, a dataset
specifically designed to assess generalization in edge
detection (Soria et al., 2023a).

From the heatmap analysis (Fig. 4), BSDS500 and
MDBD emerge as particularly challenging evaluation
benchmarks. This difficulty is likely attributable to
the presence of multiple annotator-derived edge maps
within the same image, which leads the evaluator to
penalize discrepancies between predicted edges and
the aggregated ground truth.

Overall, the model trained on BIPED achieves
the strongest performance. It attains the highest
metric values when evaluated on both BIPED itself
and UDED, and it also exhibits robust generalization
when tested on BSDS500, MDBD, and SynShapes

with FDA, relative to models trained on the other
datasets.

Focusing on the model trained using our syn-
thetic dataset, SynShapes, its performance is compet-
itive with that of models trained on real-world data.
Notably, when evaluated on BSDS500, it achieves
higher ODS and OIS scores than models trained on
MDBD and BIPED. Moreover, on UDED, it outper-
forms models trained on MDBD and BSDS500, and
attains results that are nearly on par with those of the
model trained on BIPED.

4.3 Qualitative Results

Finally, Figs. 5-9 illustrate representative edge pre-
dictions produced by TEED when trained on the dif-
ferent datasets. These qualitative results show that
SynShapes enables strong generalization and effec-
tive edge detection on real-world images, as internal
details of trees and buildings can be observed in most
cases; details that do not appear or do not appear com-
pletely in other trained models. As a consequence,
it is important to note that, when TEED is trained
on SynShapes, the evaluation metrics may penalize
some predictions due to missing edges in the ground-
truth annotations of real datasets. This contrasts with
the results shown in Fig. 9, where all datasets achieve
high metric values. Although the edge detection task
in this synthetic scenario is less complex than in real-
world scenes, none of the evaluated models are pe-
nalized by incomplete annotations, since the ground
truth is exhaustive by construction.

S CONCLUSIONS

In this work, we introduce SynShapes, which, to the
best of our knowledge, is the first dataset composed
of synthetic images paired with exact edge map an-
notations. SynShapes eliminates the need for time-
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consuming manual labeling while guaranteeing pre- factors that critically affect the quality of edge de-
cise and unambiguous ground truth, free from an- tector training. To further bridge the gap between
notator disagreement and missing-edge artifacts—two synthetic and real data, we incorporate a fast and ef-
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Figure 9: Samples predictions of TEED trained on different datasets and tested on SynShapes.

fective domain adaptation strategy based on Fourier
Domain Adaptation. As a result, models trained us-
ing SynShapes achieve performance comparable to
that obtained with real-world datasets, demonstrating
that competitive edge detection on natural images can
be learned from accurately annotated synthetic im-
age—edge pairs.

As future work, we plan to evaluate fine-tuning
strategies, such as training for a large number of
epochs on the synthetic dataset followed by continued
training on real-world datasets. Additionally, explor-
ing alternative parameter configurations for synthetic
dataset generation to further improve performance, as
well as evaluating other domain adaptation techniques
proposed in the literature, constitutes a promising di-
rection for future research.
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