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Abstract

Despite the progress of interactive image segmentation
methods, high-quality pixel-level annotation is still time-
consuming and laborious — a bottleneck for several deep
learning applications. We take a step back to propose in-
teractive and simultaneous segment annotation from mul-
tiple images guided by feature space projection and opti-
mized by metric learning as the labeling progresses. This
strategy is in stark contrast to existing interactive segmen-
tation methodologies, which perform annotation in the im-
age domain. We show that our approach can surpass the
accuracy of state-of-the-art methods in foreground segmen-
tation datasets: iCoSeg, DAVIS, and Rooftop. Moreover, it
achieves 91.5% accuracy in a known semantic segmentation
dataset, Cityscapes, being 74.75 times faster than the origi-
nal annotation procedure. The appendix presents additional
qualitative results. Code and video demonstration will be
released upon publication.

1 Introduction

Convolutional Neural Networks (CNNs) can achieve ex-
cellent results on image classification, image segmentation,
pose detection, and other images/video-related tasks [1, 2,
3, 4, 5], at the cost of an enormous amount of high-quality
annotated data and processing power. Thus interactive im-
age segmentation with reduced user effort is of primary
interest to create such datasets for the training of CNNs.
Concerning image segmentation tasks, the annotations are
pixel-wise labels, usually defined by interactive image seg-
mentation methods [6, 7, 8, 9, 10, 11] or by specifying poly-
gons in the object boundaries [12].

Recent interactive image segmentation methods based
on deep learning can significantly reduce user effort by per-
forming object delineation from a few clicks, sometimes
in a single user interaction [13, 14]. However, such deep
neural networks do not take user input as hard constraints
and so cannot provide enough user control. Novel methods
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Figure 1: Our approach to interactive image segmentation:
candidate segments are sampled from the dataset and pre-
sented in groups of similar examples to the user, who anno-
tates multiple segments in a single interaction.

can circumvent this issue by refining the neural network’s
weights while enforcing the correct results on the annotated
pixels [15, 16, 17]. Their results are remarkable for fore-
ground segmentation. Still, in complex cases, segmentation
may be unsatisfactory even by extensive user effort.
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The big picture in today’s image annotation tasks is that
thousands of images with multiple objects require user in-
teraction. While they might not share the same visual ap-
pearance, their semantics are most likely related. Hence,
thousands of clicks to obtain thousands of segments with
similar contexts do not sound as appealing as before.

This work presents a scheme for interactive large-scale
image annotation that allows user labeling of many simi-
lar segments at once. It starts by defining segments from
multiple images and computing their features with a neu-
ral network pre-trained from another domain. User anno-
tation is based on feature space projection, Figure 1. As it
progresses, the similarities between segments are updated
with metric learning, increasing the discrimination among
classes, and further reducing the labeling burden.

Our goal is to demonstrate that other forms of human-
machine interaction, notably feature space interaction, can
benefit the interactive image segmentation paradigm.

This work is organized as follow: Section 2 reviews re-
lated works. Our approach, with a new way to conceive
user interaction, is presented in Section 3. We evaluate
our work, with an ablation study, in Section 4, and ad-
ditional experiments using state-of-the-art interactive seg-
mentation methods and the budget reported to produce the
original ground-truth. The methods are evaluated on sev-
eral datasets: iCoSeg [18], DAVIS [19], Rooftop [20], and
Cityscapes [21].

2 Related Works
In this work, we address the problem of assigning a label
(i.e. class) to every pixel in a collection of images, denoted
as image annotation in the remaining of the paper. This
is related to the foreground (i.e. region) segmentation mi-
crotasks, where the region of interest has no specific class
assigned to it, and the delineation of the object is of primary
interest — in standard image annotation procedures, this is
the step preceding label assignment [12].

Current deep interactive segmentation methods, from
click [13, 14, 22, 17, 15, 16], bounding-box [22, 23] to
polygon-based approaches [24, 25, 26] address this micro-
task of segmenting and then labeling each region individu-
ally to generate annotated data.

A minority of methods segment multiple objects jointly;
to our knowledge, in deep learning, this has been employed
only once [27]; in classical methods, a hand-full could do
this efficiently [28, 29, 10].

Fluid annotation [30] proposes a unified human-machine
interface to perform the complete image annotation; the
user annotation process starts from the predictions of an
existing model, requiring user interaction only where the
model lacks accuracy, further reducing the annotation ef-
fort. The user decides which action it will perform at any

moment without employing active learning (AL). Hence,
the assumption is that the user will take actions that will
decrease the annotation budget the most.

This approach falls in the Visual Interactive Labeling
(VIAL) [31] framework, where the user interface should
empower the users, allowing them to decide the optimal
move to perform the task efficiently. Extensive experi-
ments [32] have shown that this paradigm is as competitive
as AL and obtains superior performance when starting with
a small amount of annotated data.

Inside the VIAL paradigm, feature space projection has
been employed for user guidance in semi-supervised label
propagation [33, 34] and for object detection in remote-
sensing [35]. However, its use for image segmentation has
not been explored yet.

Other relevant works and their relationship with our
methodology are further discussed in the next section.

3 Proposed Method

Our methodology allows the user to annotate multiple
classes jointly and requires lower effort when the data are
redundant by allowing multiple images to be annotated at
once. Multiple image annotation is done by extracting can-
didate regions (i.e. segments) and presenting samples of
the same class simultaneously to the user; multiple exam-
ples can be annotated in a single interaction. The candidate
segments are displayed closer together according to their vi-
sual similarity [36] for the label assignment of multiple seg-
ments at once. Hence, user interaction in the image domain
is only employed when necessary — not to assign labels but
to fix incorrect segments. Since, this action is the one that
requires the most user effort and has been the target of sev-
eral weakly-supervised methodologies [37, 38, 39, 40] that
try to avoid it altogether. Therefore, this approach is based
on the following pillars:

• The segment annotation problem should be evaluated
as a single task [30]. While dividing the problem into
microtasks is useful to facilitate the user and machine
interaction, they should not be treated independently
since the final goal is the complete image annotation.

• The human is the protagonist in the process, as de-
scribed in the VIAL process [31], deciding which ac-
tion minimizes user effort for image annotation while
the machine assists in well-defined microtasks.

• The annotation in the image domain is burdensome;
thus, it should be avoided, but not neglected, since per-
fect segmentation is still an unrealistic assumption.

• The machine should assist the user initially, even when
no annotated examples are present [32], and as the an-
notation progresses, labeling should get easier because
more information is provided.
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3.1 Overview

The proposed methodology is summarized in Figure 2 and
each component is described in the subsequent sections.
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Figure 2: The proposed feature space annotation pipeline.

The user interface is composed of two primary components,
the Projection View and the Image View. Red contours in
Figure 2 delineate which functionalities are present in these
widgets. The former is concerned with displaying the seg-
ments arranged in a canvas (as shown in Figure 1), enabling
the user to interact with it: assigning labels to clusters, fo-
cusing on cluttered regions, and selecting samples for seg-
mentation inspection and correction in the image domain.

Image View displays the image containing a segment se-
lected in the canvas. It is highlighted to allow fast compo-
nent recognition among the other segments’ contours. Sam-
ples already labeled are colored by class. This widget al-
lows further user interaction to fix erroneous delineation,
as further discussed in Section 3.7. Segment selection also
works backwardly, when a region is selected in the Image
View, its feature space neighborhood is focused on the pro-
jection canvas, accelerating the search for relevant clusters
by providing a mapping from the image domain to the pro-
jection canvas.

The colored rectangles in Figure 2 represent data pro-
cessing stages: yellow represents fixed operations that are
not updated during user interaction, red elements are up-
dated as the user annotation progresses, and the greens are
the user interaction modules. Arrows show how the data

flows in the pipeline.
The pipeline works as follows, starting from a collection

of images, their gradients are computed to partition each
image into segments, which will be the units processed and
annotated in the next stages.

Since we wish to cluster together similar segments, we
must define a similarity criterion. Therefore, for each seg-
ment, we obtain their deep representation (i.e. features).
Their Euclidean distances are used to express this informa-
tion — they are more dissimilar as they are further apart in
the feature space.

The next step concerns the notion of similarity between
segments as presented and perceived by the user. We pro-
pose communicating this information to the user by dis-
playing samples with similar examples in the same neigh-
borhood. Hence, the segments’ features are used to project
them into the 2D plane while preserving, as best as possible,
their relative feature space distances.

The user labeling process is executed in the 2D canvas
by defining a bounding-box and assigning the selected la-
bel to the segments inside it. As the labeling progresses,
their deep representation is updated using metric learning,
improving class separability, enhancing the 2D embedding,
thus, reducing the annotation effort. We refer to [31] for a
review in visual interactive labeling and [36] for interactive
dimensionality reduction systems.

This pipeline relies only upon the assumption that it is
possible to find meaningful candidate segments from a set
of images and extract discriminant features from them to
cluster together similar segments. Even though these prob-
lems are not solved yet, existing methods can satisfy these
requirements, as they are validated in our ablation studies
(Section 4.3).

3.2 Gradient and Image Partition

Gradient computation and watershed-based image partition
are operations of the first step of the pipeline, obtaining ini-
tial candidate segments. In the ideal scenario, the desired
regions are represented by a single connected component,
requiring no further user interaction besides labeling.

However, obtaining meaningful regions is a challenging
and unsolved problem. Desired segments vary from appli-
cation to application. On some occasions, users wish to
segment humans and vehicles in a scene, while in the same
image, other users may desire to segment the clothes and
billboards. Thus, the proposed approach has to be class ag-
nostic and enables the user to obtain different segment cat-
egories without effort.

The usual approach computes several solutions (e.g.
Multiscale Combinatorial Grouping (MCG) [41]) and em-
ploys a selection policy to obtain the desired segments.
However, it does not guarantee disjoint regions, and it gen-
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erates thousands of candidates, further complicating the an-
notation process.

Given that segments should be disjoint, and they are also
task dependent, we chose to employ hierarchical segmenta-
tion techniques for this stage. Most of the relevant literature
for this problem aims at obtaining the best gradient (edge
saliency) to compute segmentation.

In Convolutional Oriented Boundaries [42], a CNN pre-
dicts multiple boundaries in multiple scales and orientations
and are combined into an ultrametric contour map to per-
form the hierarchical segmentation – Refer to [43, 44] to
review the duality between contours and hierarchies.

Recently, various CNN architectures for edge estima-
tion were developed [45, 46, 47, 48, 49], where the multi-
scale representation is fused into a single output image. In
such methods, boundaries that appear in finer scales present
lower values than the clearest ones.

While segmentation can be computed from the gradient
information directly, performing it in learned features has
shown to be competitive. Isaacs et al. [50] propose a novel
approach to use deep features to improve class agnostic seg-
mentation, learning a new mapping for the pixels values,
without considering any class information and further sepa-
rating their representation apart.

Other tasks also employ edge estimation to enhance
their performance, notably PoolNet [51] switches between
saliency object prediction and edge estimation in the train-
ing loop with the same architecture to obtain saliency with
greater boundary adherence. We noticed that this approach
produces less irrelevant boundaries for image segmentation;
thus, we chose this method for our experimental setup.

We opted to employ the flexible hierarchical watershed
framework [52, 53] for delineating candidate segments on
the gradient image estimated by PoolNet [51] architecture.
The hierarchical watershed allows manipulation of the re-
gion merging criterion, granting the ability to rapidly up-
date the segments’ delineation. Besides, hierarchical seg-
mentation lets the user update segments without much effort
(e.g. , obtaining a more refined segmentation by reducing
the threshold, but as a trade-off, the number of components
increases). Further, a watershed algorithm can also interac-
tively correct the delineated segments (Section 3.7).

Starting from a group of N images without annotations,
{I1, I2, ... , IN}, their gradient images are computed. For
each gradient Gi, i ∈ [1, N ], its watershed hierarchy is
built and disjoint segments {Si,1, . . . , Si,ni} are obtained
by thresholding the hierarchy. The required parameters
(threashold and hierarchy criterion) are robust and easy to
be defined by visual inspection on a few images. More de-
tails about that are presented in Section 3.7.

3.3 Feature Extraction
Before presenting the regions arranged by similarity, a fea-
ture space representation where dissonant samples are sep-
arated must be computed. For that, we refer to CNN archi-
tectures for image classification tasks, without their fully
connected layers [54] used for image classification.

Each segment is treated individually; we crop a rectan-
gle around the segment in the original image, considering an
additional border to not impair the network’s receptive field.
In this rectangle, pixels that do not belong to the segment
are zeroed out. Otherwise, segments belonging to the same
image would present similar representations. The segment
images are then resized to 224×224 and forwarded through
the network, which outputs a high-dimensional representa-
tion, φi,j . In this instance φi,j ∈ R2048, for each Si,j . We
noticed that processing the segment images without resiz-
ing them did not produce significant benefits and restricted
the use of large batches’ efficient inference.

Since our focus is on image annotation, where labeled
data might not be readily available, feature extraction starts
without fine-tuning. It is only optimized as the labeling
progresses. Any CNN architecture can be employed, but
performance is crucial. We use the High-Resolution Net-
work (HRNet) [5] architecture, pre-trained on ImageNet,
but without fully connected layers. It is publicly avail-
able with multiple depths, and its performance is superior
to other established works for image classification, such as
ResNet [1]. During the development of this work, Efficient-
Net [55] was proposed, significantly improving the classifi-
cation performance while using comparable computing re-
sources. It was not employed in our experimental setup, but
it might improve our results.

3.4 Dimensionality Reduction
Dimensionality reduction aims at reducing a feature space
from a higher to a lower dimension with similar characteris-
tics. Some methods enforce the global structure (e.g. PCA);
other approaches, such as non-linear methods, focus on lo-
cal consistency, penalizing neighborhood disagreement be-
tween the higher and lower dimensional spaces.

In some applications, the reduction aims to preserve the
characteristics of the original features; in our case, we wish
to facilitate the annotation as much as possible. Hence, a
reduction that groups similar segments and segregates dis-
sonant examples is more beneficial than another one that
preserves the original information.

The t-SNE [56] algorithm is the most used technique
for non-linear dimensionality reduction. It projects the data
into a lower-dimensional space while minimizing the diver-
gence between the higher- and lower-dimensional neigh-
borhood distributions. However, we employed a more re-
cent approach, known as UMAP [57], for the following
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reasons: the projection is computed faster, samples can be
added without fitting the whole data, its parameters seems to
provide more flexibility to choose the projection scattering
— enforcing local or global coherence — and most impor-
tantly, it allows to use labeled data to enforce consistency
between samples of the same class while still allowing un-
labeled data to be inserted.

Note that dimensionality reduction is critical to the
whole pipeline because it arranges the data to be presented
to the user, where most of the interaction will occur.

The 2D embedding can produce artifacts, displaying dis-
tinct segments clustered together due to the trade-off be-
tween global and local consistency even though they might
be distant in the higher-dimensional feature space. There-
fore, the user can select a subset of samples and interact
with their local projection in a pop-up window, where the
projection parameter is tuned to enforce local consistency.
The locally preserving embedding (Figure 3) separates the
selected cluttered segments (in pink) into groups of simi-
lar objects (tennis court, big households, small households,
etc.), making it easier for label assignment.

Figure 3: Local re-projection example: Global projection
with a region highlighted in blue; A subset of segments is
selected by the user, in pink; Their local embedding is com-
puted for a simpler annotation.

On images, CNN’s features obtain remarkable results
consistent with the human notion of similarity between ob-
jects. Considering that an annotator evaluates images visu-
ally, sample projection is our preferred approach to inform
the user about possible clusters, as explained in the next sec-
tion. Other visualizations must be explored for other kinds
of data, such as sound or text, where the user would have
difficulty to visually exploit the notion of similarity [31, 36].

3.5 Embedding Annotation
Each segment is displayed on their 2-dimensional coordi-
nate, as described in the previous section. To annotate a set
of segments, the user selects a bounding-box around them in
the canvas, assigning the designed label. Hence, each Si,j

inside the defined box is assigned to a label Li,j . Finally, to
obtain annotated masks in the image domain, the label Li,j

of a segment Si,j is mapped to its pixels in Ii, thus resulting
in an image segmentation (pixel annotation).

Due to several reasons, such as spurious segments or
over-segmented objects, a region could be indistinguish-
able. Hence, when a single segment is selected in the pro-
jection, its image is displayed in the Image View as pre-
sented earlier. This action also works backwardly, the user
can navigate over the images, visualize the current seg-
ments, and upon selection, the segments are focused in the
projection view. Thus, avoiding the effort of searching in-
dividual samples in the segment scattering.

Additional care is necessary when presenting a large
number of images, mainly if each one contains several ob-
jects — the number of segments displayed on the canvas
may impair the user’s ability to distinguish their respective
classes for annotation. Therefore, only a subset of the data
is shown to the user initially. Additional batches are pro-
vided as requested while the labeling and the embedding
progress, reducing the annotation burden.

3.6 Metric Learning

The proposed pipeline is not specific to any objects’ class
and does not require pre-training, but as the annotation pro-
gresses, the available labels can be employed to reduce user
effort — less effort is necessary when the clusters are ho-
mogeneous and not spread apart.

For that, we employ a metric learning algorithm. Fig-
ure 4 shows an example of how metric learning can make
clusters of a same class more compact and better separate
clusters from distinct classes in our application.

Initially, metric learning methods were concerned with
finding a metric where some distance-based (or similarity)
classification [58, 59] and clustering [60] would be opti-
mal, in the sense that samples from the same class should
be closer together than adversary examples. Given some
regularity conditions, learning this new metric is equivalent
to embedding the data into a new space.

The metric learning objective functions can be grossly
divided into two main varieties, soft assignment and
triplet-based techniques. The former, as proposed in
NCA [59], maximizes a soft-neighborhood assignment
computed through the soft-max function over the negative
distance between the data points, penalizing label disagree-
ment of immediate neighbors more than samples further
apart. Triplet-based methods [58] select two examples from
the same class and minimize their distance while pushing
away a third one from a different class when it violates a
threshold given the pair distance. Thus, avoiding unneces-
sary changes when a neighborhood belongs to a single class.

More recently, these methods began to focus mostly on
improving embedding through neural networks rather than
on the metric centered approach. Notably, in computer vi-
sion, it gained traction in image retrieval tasks with im-
provements in triplet mining methods [61, 62] and novel
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(a) (b)
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Figure 4: Example of metric learning in the Rooftop
dataset: (a) Segment arrangement from an initial batch (10
images). (b) Displacement after labeling and employing
metric learning, foreground (rooftops) in blue and back-
ground in red. (c) Projection with additional unlabeled data
(plus 20 images). Most rooftops’ segments are clustered to-
gether (the cyan box). The magenta box indicates clusters
from mixed classes and spurious segments. They suggest
where labels are required the most for a next iteration of la-
beling and metric learning. The remaining clusters can be
easily annotated.

loss functions [63, 64].
In our pipeline, the original large-margin loss [58] was

employed using our previously mentioned feature extractor
network due to its excellent performance with only a single
additional parameter. We follow here Musgrave et al. [65],
which showed that some novel methods are prone to over-
fitting and require more laborious parameter tuning.

3.7 Segment Correction
Since segment delineation is not guaranteed to be perfect,
component correction is crucial, especially for producing
ground-truth data, where pixel-level accuracy is of utter-
most importance.

Segments with multiple objects (under segmentation) are
corrected by positive and negative clicks, splitting the seg-
ment into two new regions according to the user’s positive
and negative cues.

Given an under-segmented region Si,j , we define an
undirected graph G = (V,E,w) where the vertices V
are the pixels in Si,j , the edges connect 4-neighbors, con-
strained to be inside Si,j , and each edge (p, q) ∈ E is
weighted by w(p, q) = (Gi,j(p) + Gi,j(q))/2. A segment
partition is obtained by the image foresting transform [29]
algorithm for the labeled watershed operator given two sets
of clicks Cpos and Cneg as defined by the user. This oper-
ation offers full control over segmentation, is fast, and im-
proves segment delineation.

Further, the user can change the hierarchical criterion
for watershed segmentation, preventing interactive segment
correction in multiple images. For example, in an image
overcrowded with irrelevant small objects, the user can bias
the hierarchy to partition larger objects by defining the hi-
erarchy ordering according to the objects’ area in the image
domain, filtering out the spurious segments.

Therefore, the Image View interface allows inspection of
multiple hierarchical segmentation criteria and their result
for given a threshold. The segments are recomputed upon
user confirmation, maintaining the labels of unchanged seg-
ments. Novel segments go through the pipeline for feature
extraction and projection into the canvas.

4 Experiments
This section starts by describing the datasets chosen for
the experiments and the implementation details for our ap-
proach. Since our method partitions the images into seg-
ments and solves the simultaneous annotation of multiple
objects by interactive labeling of similar segments’ clus-
ters, we present an ablation study of two ideal scenarios
to evaluate each main step individually. In the first experi-
ment, the images are partitioned into perfect segments con-
strained to each object’s mask, the rest of the pipeline is ex-
ecuted as proposed, evaluating the feature space annotation
efficiency. Next, we assess the image partition by assum-
ing optimal labeling, thus, only investigating the initial seg-
mentation performance. Hence, the ablation study evaluates
the limitations of the initial unsupervised hierarchical seg-
mentation techniques, description with metric learning, and
projection. Subsequently, we describe the state-of-the-art
methods used for comparison and present the quantitative
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and qualitative results.
Note that our goal goes beyond showing that the pro-

posed method can outperform others. We are pointing a re-
search direction that exploits new ways of human-machine
interaction for more effective data annotation.

Typically, a robot user executes the deep interactive seg-
mentation experiments; in contrast, our study is conducted
by a volunteer with experience in interactive image segmen-
tation. Thus we are taking into account the effort required
to locate and identify objects of interest.

4.1 Datasets

We selected image datasets from video segmentation, co-
segmentation, and semantic segmentation tasks, in which
the objects of interest are to some extent related.

1. CMU-Cornell iCoSeg [18]: It contains 643 natural im-
ages divided into 38 groups. These groups contain fa-
mous landmarks, animals, and other images with dis-
tinct foregrounds. Within a group, the images have
the same foreground and background but are seen from
different point-of-views.

2. DAVIS [19]: It is a video segmentation dataset con-
taining 50 different sequences. Following the same
procedure as in [15], multiple objects in each frame
were treated as a single one, and the same subset of
345 frames (10 % of the total) was employed.

3. Rooftop [20]: It is a remote sensing dataset with 63
images, divided into 32 images for training and 31 for
testing, and in total containing 390 instances of disjoint
rooftop polygons.

4. Cityscapes [21]: It is a semantic segmentation dataset
for autonomous driving research. It contains video
frames from 27 cities divided into 2975 images for
training, 500 for validation, and 1525 for testing. The
dataset contains 30 classes (e.g. roads, cars, trucks,
poles), we evaluated using only the 19 default classes.

4.2 Implementation details

We implemented a user interface in Qt for Python. To seg-
ment images into components, we used Higra [66, 67] and
the image gradients generated with PoolNet [68]. We com-
puted gradients over four scales, 0.5, 1, 1.5, and 2, and av-
eraged their output to obtain a final gradient image. For
the remaining operations, including the baselines, we used
NumPy [69], the PyTorch Metric Learning package [70]
and the available implementations in PyTorch [71].

For segment description with metric learning, we used
the publicly available HRNet-W18-C-Small-v1 [72] config-
uration pre-trained on the ImageNet dataset. In the metric-
learning stage, the Triplet-Loss margin is fixed at 0.05. At
each call, the embedding is optimized through Stochastic

Dataset Avg. IoU Median IoU Time (s)
iCoSeg 95.07 99.96 5.32
DAVIS 98.54 99.97 7.82
Rooftop 95.10 99.99 3.96

Table 1: Average IoU, median IoU, average total processing
time in seconds per image.

Gradient Descent (SGD) with momentum of 0.8 and weight
decay of 0.0005 over three epochs with 1000 triplets each.
The learning rate starts at 0.1 and, at each epoch, it is di-
vided by 10.

We used UMAP [57] with 15 neighbors for feature pro-
jection and a minimum distance of 0.01 in the main can-
vas. The zoom-in canvas used UMAP with five neighbors
and 0.1 minimum distance; when labels were available, the
semi-supervised trade-off parameter was fixed at 0.5, penal-
izing intra-class and global consistencies equally.

4.3 Ablation Study
Our approach depends on two main independent steps: the
image partition into segments and the interactive labeling
of those regions. The inaccuracy of one of them would sig-
nificantly deteriorate the performance of the feature space
annotation for image segmentation labeling. Therefore, we
present an ablation study that considers two ideal scenar-
ios: (a) interactive projection labeling of perfect segments
and (b) image partition into segments followed by optimal
labeling.

In (a), the user annotates segments from a perfect image
partition inside and outside the objects’ masks. Hence, ev-
ery segment will always belong to a single class. Table 1
reports the results. The Intersection over Union (IoU) dis-
tribution is heavily right-skewed, as noticed from the differ-
ences between average IoU and median IoU, indicating that
most segments were labeled correctly. Visual inspection re-
vealed that user annotation errors occurred only in small
components. Table 1 also reports the total time (in seconds)
spent annotating (user) and processing (machine), starting
from the initial segment projection presented to the user. It
indicates that feature space projection annotation with met-
ric learning is effective for image segmentation annotation.

In (b), we measure the IoU of the watershed hierarchical
cut using a fixed parameter — the threshold of 1000 with
the volume criterion. The segments were then labeled by
majority vote among the true labels of their pixels. Table 2
shows the quality of segmentation, which imposes the up-
per bound to the quality of the overall projection labeling
procedure if no segment correction was performed.

For reference, Click Carving [73] reports an average IoU
of 84.31 in the iCoSeg, dataset when selecting the optimal
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Dataset Avg. IoU Median IoU
iCoSeg 84.15 91.86
DAVIS 82.46 88.50
Rooftop 75.14 76.77

Table 2: Automatic segmentation results with their respec-
tive dataset.

segment (i.e. highest IoU among proposals) from a pool
of approximately 2000 segment proposals per image, pro-
duced with MCG [41]. In contrast, we obtain an equivalent
performance of 84.15 with a fixed segmentation with dis-
joints candidates only. Moreover, with just a few segment
corrections, our approach can beat other interactive segmen-
tation methods, as it will be shown next. The appendix con-
tains additional examples, displaying that the candidate seg-
ments are not over segmented.

4.4 Quantitative analysis using baselines

We used the reported IoU from baselines on Rooftop and
iCoSeg datasets and evaluated state-of-the-art interactive
segmentation method, f-BRS [74], on all three datasets.
This method optimizes the feature representation after the
ASPP layer minimizing the errors in the annotated pixels
in the f-BRS-B configuration; the backbone used is from
Resnet101, and it was trained on the SBD dataset [75]. The
results are reported over the final segmentation mask, given
a sequence of 3 and 5 clicks.

Tables 3–5 report the average IoU and the total time
spent in annotation. Our baselines perform segmentation as
microtasks, and so it is possible to measure the instance IoU
across each disjoint segment in the Rooftop dataset. Note
that both image and instance measurements are similar, as
shown for f-BRS (Table 5).

For click-based methods, when it was not available, the
interaction time was estimated as 2.4s for the initial click
and 0.9s for additional clicks [76]. For methods based on
bounding boxes, the interaction time is reported in between
7s and 42s [73]. We considered 7s. As observed, our ap-
proach can outperform the baselines in foreground segmen-
tation with comparable time and superior accuracy. A few
results are presented in Figure 5 and additional images are
shown in the appendix.

4.5 Qualitative analysis for semantic segmen-
tation

To validate the proposed approach in a domain-specific
scenario, we evaluate its performance on Cityscapes [21].
Since the true labels of the test set are not available, we

Method IoU Time (s)
GrabCut 83.14 7
Poly-RNN++ 72.46 7
Click Carving* 82.13 10.36
f-BRS (3 clicks) 79.82 4.2
f-BRS (5 clicks) 82.14 6
Ours 84.29 5.96

Table 3: iCoSeg dataset - Average IoU and time across im-
ages. *Click carving validated with only 20% of the dataset.

Method IoU Time (s)
f-BRS (3 clicks) 79.87 4.2
f-BRS (5 clicks) 82.44 6
Ours 84.53 8.74

Table 4: DAVIS dataset - Average IoU and time across im-
ages.

Method Image IoU Instance IoU Time (s)
Poly-RNN++* - 65.67 7
Curve-GCN* - 66.78 7
Spline-GCN* - 68.33 7
f-BRS (3 clicks) 62.57 65.00 4.2
f-BRS (5 clicks) 74.53 74.74 6
Ours 77.28 - 7.02

Table 5: Rooftop dataset - Average IoU, average time
across instances. *Poly-RNN++ and Curve/Spline-GCN
were fine-tuned on training set, accuracy reported for a sub-
set of the test set only.

took the same approach as [24], by testing on the valida-
tion set. Further, the annotation quality was evaluated on 98
randomly chosen images (about 20% of the validation set).

PoolNet was optimized based on the boundaries of the
training set’s true labels for five epochs using the Adam
optimizer, a learning rate of 5e−5, weight decay of 5e−4,
and a batch of size 8. Predictions were performed on a sin-
gle scale. The fine-tuned gradient ignores irrelevant bound-
aries, reducing over segmentation.

The original article reports an agreement (i.e. accuracy)
between annotators of 96%. We obtained an agreement of
91.5% with the true labels of the validation set (Figure 6),
while spending less than 1.5% of their time — i.e. our ex-
periment took 1 hour and 58 minutes to annotate the 98 im-
ages, while producing the same amount of ground-truth data
took approximately 6.1 days with other approaches, consid-
ering an average of 1.5 hour per image [21] — our method
is then 74.75 times faster than the original procedure.

8



Ground-truth Ours

iC
oS

eg
D

AV
IS

R
oo

ft
op

Figure 5: Resulting segmentation. Rows indicate dataset,
the first column is the original image with ground-truth con-
tour, and the second column presents our results.

Im
ag

e
G

ro
un

d-
tr

ut
h

O
ur

R
es

ul
ts

Figure 6: Cityscapes result, each column is a different im-
age, row indicates which kind.

5 Conclusion

We presented a novel interactive image segmentation
paradigm for simultaneous annotation of segments from
multiple images in the projection space of their deep fea-
tures. The feature embedding is optimized with metric
learning as the labeling progress, reducing the annotation
burden. Its feasibility is confirmed by surpassing the perfor-
mance of state-of-the-art methods in multiple datasets. The
proposed paradigm creates opportunities to investigate new
applications and interactive machine learning mechanisms
(e.g., active learning, semi-supervised labeling, weakly-

supervised methods). We intend to improve segment delin-
eation without over segmentation, given its incredible im-
pact in the final results, as shown in the ablation study.
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Appendix
This appendix presents additional qualitative results of
the methodology presented in the main article in the
DAVIS [19], iCoSeg [18] and Rooftop [20].

A Ablation Study Qualitative Results
Figures 7–9 presents examples of the unsupervised seg-
mentation obtained with fixed parameters defined by the
user, watershed volume attribute with threshold 1000. The
method is not sensitive to parameter choice even across
multiple datasets with images with different characteristics
and sizes. These segments were employed in the ablation
study (b) of Section 4.3 of the main text.

Note that, during the interactive experiments, the user
can adjust these parameters to correct the segmentation.
However, this is undesirable because it requires additional
interactions.

B Interactive Segmentation Qualita-
tive Results

Figures 10–12 presents qualitative results from the experi-
ments of Section 4.4 from the main article. The magenta
contour delineates the objects’ boundaries, the top rows are
the ground-truth data, and the bottom rows are our results.
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[35] J. E. Vargas-Muñoz, P. Zhou, A. X. Falcão, and
D. Tuia, “Interactive coconut tree annotation using

13



feature space projections,” in IEEE International Geo-
science and Remote Sensing Symposium, pp. 5718–
5721, IEEE, 2019. 2

[36] D. Sacha, L. Zhang, M. Sedlmair, J. A. Lee, J. Pel-
tonen, D. Weiskopf, S. C. North, and D. A. Keim,
“Visual interaction with dimensionality reduction: A
structured literature analysis,” IEEE Transactions on
Visualization and Computer Graphics, vol. 23, no. 1,
pp. 241–250, 2016. 2, 3, 5

[37] N. Araslanov and S. Roth, “Single-stage semantic
segmentation from image labels,” in IEEE Confer-
encee on Computer Vision and Pattern Recognition,
pp. 4253–4262, 2020. 2

[38] Y. Zhou, Y. Zhu, Q. Ye, Q. Qiu, and J. Jiao, “Weakly
supervised instance segmentation using class peak re-
sponse,” in IEEE Conferencee on Computer Vision
and Pattern Recognition, pp. 3791–3800, 2018. 2

[39] Y. Zhu, Y. Zhou, H. Xu, Q. Ye, D. Doermann, and
J. Jiao, “Learning instance activation maps for weakly
supervised instance segmentation,” in IEEE Confer-
encee on Computer Vision and Pattern Recognition,
pp. 3116–3125, 2019. 2

[40] K.-J. Hsu, Y.-Y. Lin, and Y.-Y. Chuang, “Deepco3:
Deep instance co-segmentation by co-peak search and
co-saliency detection,” in IEEE Conferencee on Com-
puter Vision and Pattern Recognition, pp. 8846–8855,
2019. 2

[41] J. Pont-Tuset, P. Arbelaez, J. T. Barron, F. Marques,
and J. Malik, “Multiscale combinatorial grouping for
image segmentation and object proposal generation,”
IEEE Transactions on Pattern Analysis and Machine
Intelligence, vol. 39, no. 1, pp. 128–140, 2016. 3, 8

[42] K.-K. Maninis, J. Pont-Tuset, P. Arbeláez, and
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