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Abstract
Human segmentation of point clouds for the creation of datasets for deep learning is a tedious
and especially time-consuming task. Interactive segmentation methods from the domain of
RGB images reduce this time effort by using an
iterative scheme of deep neural networks and human labelers. We apply this interactive segmentation scheme to the point cloud domain, using
PointNet as our backbone and exploiting user
marker-information by label propagation. The
evaluation was based on a user study and suggests a significant increase in segmentation speed,
which is traded off for mask quality. On average, our approach decreased segmentation time
by 21.1%. We consider this work as an important first step into the domain of interactive point
cloud segmentation.

1. Introduction
Point clouds are used in a variety of domains, from large
scale scans in geomorphic analysis, vegetation and urban monitoring, to applications on smaller scales like
self-localization and environment scanning in autonomous
driving or indoor-/object scanning and reconstruction for
VR applications (Otepka et al., 2013; Xie et al., 2020). Inexpensive sensor systems, like the Microsoft Kinect (Jungong
et al., 2013), opened the field of point cloud scanning to the
end-consumer market. With the developments in hardware
and the resulting increasing availability of data, the research
of processing techniques for point clouds gained traction in
the deep learning community (Su et al., 2015; Maturana &
Scherer, 2015; Qi et al., 2017a).
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Deep neural networks approximate arbitrary functions, finding application in a wide range of problems, but are prone
to overfitting. To avoid this, the parameter count has to
be matched with an appropriately sized set of labeled samples. To this end, the scientific community has created many
datasets and benchmarks that can be used for training and
evaluating new approaches (Deng et al., 2009; Geiger et al.,
2012; Lin et al., 2014; Hackel et al., 2017).
Creating labeled datasets for training requires human annotators. Annotating big sets of data is therefore expensive
and time-consuming. For this reason, ongoing effort is put
into minimizing the demand of human intervention by optimizing the processes and increasing the efficiency in which
user-provided data is used. One possible way is to create an
interactive processing pipeline, in which a human corrects
potentially erroneous predictions of a segmentation network.
This was recently successfully applied to the task of image
segmentation (Benenson et al., 2019).
To the best of our knowledge, similar deep-learning based
approaches were not yet applied in the domain of point
cloud annotation. Here, interactive annotation strategies
still mainly focus on traditional annotation-/selection methods, like for example using screen-space bounding-box- or
polygon-selection (Cignoni et al., 2008; Hitachi Automotive And Industry Lab, 2019; CloudCompare Community,
2019). In general, working on 3D data on a 2D screen introduces extra complexity to the labeling task, which makes
efficient workflows, like proposed in the domain of RGB
segmentation, additionally desirable.
We propose a data-based, interactive method for instancebased point cloud segmentation. To show the flexibility
of the approach, training is performed in a class-agnostic
fashion. We evaluate our pipeline in a user study by comparing to a traditional annotation tool, with a main focus on
segmentation quality, -speed and minimality of user intervention. To this end, we implemented both functionalities
in a custom UI. We show that our pipeline is able to use
provided user information to improve segmentation masks
and does significantly decrease segmentation time. However, in the current form the pipeline does not yield the same
quality as a human labeler does. We therefore do not yet
consider our approach as an alternative to the existing tradi-
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tional workflows, but a baseline we strive to improve upon.
Hence, this work gives insight in a possible realization of
an interactive pipeline for point cloud segmentation.
1.1. Related Work
Interactive segmentation methods have been studied extensively in the past, with a heavy focus on image processing
(Kass et al., 1988; Mortensen & Barrett, 1995; Jianbo Shi
& Malik, 2000; Boykov & Jolly, 2001; Rother et al., 2004;
Grady, 2006; Bai & Sapiro, 2007; Gulshan et al., 2010).
Early interactive point cloud segmentation methods often
directly adapted successful approaches from image processing, like graph-cuts (Li et al., 2004; Liu & Boehm, 2014).
Aforementioned approaches share their strong dependence
on local, low level features for segmentation. In many cases,
this is insufficient when distinguishing the object from its
background, making excessive user interaction necessary.
Consequently, deep-learning based approaches were soon
incorporated into interactive pipelines.
For image segmentation, Xu et al. (2016) were one of the
first to directly use user-input in a deep learning segmentation network by the usage of euclidean distance maps
created from the user input. Further publications investigated the usage of gradient-based geodesic distance maps
(Wang et al., 2019) or the usage of super-pixels (Majumder
& Yao, 2019) for a better content awareness. Recently,
Benenson et al. (2019) conducted a large scale study exploring interactive annotations, producing 2.5 million instance
masks.
Directly learning on point cloud data is a relatively new, but
very active area of research. Early segmentation approaches,
using deep learning transformed the data into regular formats (Su et al., 2015; Maturana & Scherer, 2015). The
pioneering work of Qi et al. (2017a) introduced PointNet
as a way to learn directly from point cloud data by the use
of symmetric functions. Since then, a variety of new architectures were proposed (Qi et al., 2017b; Engelmann et al.,
2017; Wang et al., 2018; Landrieu & Simonovsky, 2018; Li
et al., 2018; Su et al., 2018).
Deep learning approaches – to the best of our knowledge –
were not yet applied to interactive point cloud segmentation.
Therefore, we propose the adaption of interactive image
segmentation pipelines to the domain of point clouds.

2. Segmentation Pipeline
The proposed interactive segmentation pipeline is a twostage process. The first stage proposes an initial point-mask,
segmenting the object in the center from its surrounding
clutter, i.e. walls, floor, etc. Due to inexact labels in the
training data and the class-agnostic prediction of the sam-
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Figure 1. Overview of the interactive segmentation pipeline. Given
a point cloud sample, network A proposes an initial segmentation
mask (non-filled points). A human annotator adds 3D corrections indicating false-positive or -negative errors (empty/crossed
squares). Given the corrections, network B improves the prediction.

ples, the proposed mask of the first stage is expected to
contain errors. In the second stage, a human is indicating
errors by placing 3D markers in error regions. This information is used to update the mask, yielding a new proposal.
After that, based on the new mask, further corrections can
be given in multiple correction-proposal rounds.The overall
process is visualized in figure 1.
In section 2.1 the extraction of training samples is presented,
followed by details for the two stages of our pipeline in sections 2.2 and 2.3. Pipeline training and evaluation-metrics
are described in sections 2.4 and 2.5.
2.1. Training Data
We used the SUN RGB-D dataset (Song et al., 2015) as a
basis for sample extraction. It contains 10k RGB-D images
of various indoor scenes captured with four different sensor
systems, annotated on a per object basis. For training and
testing of the separate stages of our pipeline, object-instance
based point clouds were extracted from the RGB-D images.
SUN RGB-D offers labels for about 800 object categories,
from which we selected ten for the feature extraction.
Starting from the 37 most common classes, we removed
stuff-cases (e.g. wall, floor, ceiling) and excluded categories in which the mean pixel-amount per cloud fell below
128 points. Furthermore, classes were not considered, if
more than 5% of the annotation polygons covered more
than 20% of the total RGB-D image. After this 16 classes
remained, from which we sampled randomly.1
The dataset offers independent 3D bounding box and 2D
polygon labels for the scene objects. Due to their greater
amount and precision, we opted for using the 2D polygons.
Analogous to Qi et al. (2018), point cloud samples were
extracted based on camera-aligned frustums. The bounding
box for the annotation polygon was extruded into the scene,
capturing the object and surrounding clutter. Likewise, the
1
Note that the remaining six classes were used for evaluating
class-agnostic prediction in section 4.1.
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Table 1. Total counts of extracted samples for selected object
classes. Bold printed classes were selected for pipeline training.
Remaining ones were used to demonstrate class agnostic prediction
(section 4.1.2).
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672
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segmentation mask was created by extruding the annotation
polygon. Extracted samples were normalized by rotating
the points so that the center of the bounding box matched
the principal ray of the camera, mean-centering and scaling
by standard-deviation.
In a last filtering phase, we first removed samples containing
less than 256 points. Due to inaccuracies in the polygons,
in some cases neighboring objects were unintentionally included in the mask, which introduced big jumps in the depth.
If the depth exceeded the minimal bounding-box width by a
factor greater than five, the sample was also not considered.
We derived our test-train split from the official test-train
splits from the dataset. We than further split the samples
into two subsets for each of the pipeline stages. Table 1
gives an overview of the total amount of extracted samples
per object category.
2.2. Initial Segmentation Network
The initial segmentation model A was implemented using
the PointNet architecture (Qi et al., 2017a). As the network
uses a fixed input size, 1024 points were randomly subsampled. Afterwards, the prediction was redistributed to the
original points using a distance-weighted k-nearest neighbor
classifier with k = 3.
We converted the RGB values of the points to a single luminance value l using the BT.601 luma conversion L =
0.299R + 0.587G + 0.144B. This standardized conversion
was used, as it is based upon the sensitivity of the human
vision to each of the color channels of RGB (Poynton, 2003)
and hence corresponds to the task of interactive segmentation. We observed that using luminance over RGB increases
mask accuracy by 2%. The input for network A is therefore:
Ain = {(Xi , Yi , Zi , Li )},

∀i ∈ {1, . . . , N }

2.3. Interactive Segmentation Network
The interactive segmentation network B improves a proposed mask Mp , that was either created by network A or by

network B in a previous round. Our round based correction
scheme is characterized by two quantities: The amount of
clicks that can be given in a single round C and the amount
of rounds itself R. In the following, we denote different
round-click-configurations as R×C. For our pipeline, we
used a 3×3 setup.
We implemented network B as an extension of network A,
inheriting the architecture and input size. We extended the
input by Mp and a per-point input Mc , generated from the
aggregated 3D markers placed by the human annotators over
the course of the correction rounds. The input for network B
is:
Bin = {(Ain;i , Mp;i , Mc;i )},

∀i ∈ {1, . . . , N }

Correction Propagation The per-point correction mask
Mc was generated by propagating a correction’s label ej to
nearby points of the point cloud. The label indicates if the
corrected error is of type false-positive (1) or false-negative
(-1). For each sample point pj , the distance to the closest
correction cj was thresholded using  to determine if the
label should spread:

ej , if kcj − pj k2 < 
Mc;i =
(1)
0, else
In addition, we assessed a Gaussian based propagation in
which weights were assigned based on the inverse distance
to the correction. This was dismissed after a 5% performance loss was observed.
Click Simulation Training network B required corrective
clicks. As training with human input is not feasible, this step
was approximated by a click simulation. Given the current
mask proposal Mp and the actual segmentation ground truth
from the dataset, the current set of wrongly classified points
was extracted. From these, C point positions were selected
randomly. For the final correction cj , each sampled point pj
was perturbed by a random vector and combined with the
error label ej :
cj = (pj + N (0, 0.1), ej ) ,

∀j ∈ {1, . . . , C}

(2)

We also investigated training using an approach based on
unsupervised spectral clustering of the error points. It was
rejected after yielding worse results.
2.4. Pipeline Training
We used the PointNet implementation of the Kaolin PyTorch
Library (Jatavallabhula et al., 2019) for our experiments and
trained on a Nvidia Titan Xp. Both segmentation networks
were trained using the Adam optimizer with a learning rate
of 0.001 and a batch size of 8. For network B a correction
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spread distance of  = 0.025 was used. The task was set up
as a per-point two-class classification problem (object=1 and
clutter=0). The optimization loss was binary cross entropy.
Network A was trained directly on the extracted samples
of the according sub-split. After training was finalized,
network A was used for generating samples for network B,
which used A’s mask proposal as an input feature.
For training network B, we found that a high amount of
rounds also improved segmentation quality in early correction rounds. Because of this, the network was trained as a
25×3 random click setup, although it was used as a 3×3
one during the study. For each of the simulation rounds, we
re-sampled 1024 new points from the point cloud sample.
2.5. Evaluation Metrics
We evaluated the per-point accuracy, recall and precision of
the masks. Additionally, we used the IOU score (Jaccard,
1912) for comparison, because the object/clutter ratio was
unbalanced (60:40). As shown in table 1, object classes
were heavily unbalanced. To avoid the evaluation focusing
on the most frequent classes, metrics were reported as the
mean of the per-class means.
The simulation of clicks for network B was based on the
selection of random points that were classified incorrectly
(section 2.3). To get a more stable evaluation, we predicted
each sample five times and averaged the results.
We furthermore analyzed the development of the segmentation masks over the course of the simulated correction
rounds. Self-agreement was calculated as the IOU over the
five masks that resulted from the separate runs per sample,
to gain insight into the effect of varying click positions and
the resulting deviations in the correction masks. Analogously, cross-agreement was calculated over the generated
masks for one round and the masks of the previous round as
a measurement of the rate-of-change in the masks.

3. Study Design
The proposed annotation pipeline was evaluated in a user
study. The study followed a repeated measures design. To
this end, participants labeled a set of samples, both manually using a polygon selection tool and guiding using the
proposed approach. Both methods were implemented in a
custom segmentation tool.2 Segmentation quality over time
was measured and logged.
Participants were searched in the age range between 20 and
40. As the study focused on novice point cloud labelers,
prior knowledge for this task was an exclusion criterion.
2
See supplementary material for more information on the tooling and detailed workflows.

The study was conducted on 13 test-samples of network B.
Samples were selected in a way that the range of difficulty
was reflected. In the KITTI benchmark (Geiger et al., 2012)
samples’ bounding box sizes were used as an indicator for
difficulty.3 Similarly, we sampled over the range of point
cloud sizes. To mitigate learning effects from the sample
being shown once for each method, the sample-approachcombinations’ order was randomized for each subject. This
also reduced effects of fatigue.
3.1. Activities
In the introduction phase, questionnaires were conducted4 ,
the tools’ controls were explained and subjects trained on a
set of practice-samples. After the introduction, participants
worked independently on the combinations.
For the guiding approach, up to three clicks in three rounds
were provided. To make full use of the extrapolation capabilities of network B, participants were instructed to mark
the center of error volumes, starting with the biggest ones.
They were free to give fewer corrections if they felt the
current markers were already sufficient, or no further corrections if they were content with the mask. In the latter case,
remaining rounds were skipped and the next combination
was displayed.
For the manual approach no direct external limit (i.e. restricted clicks and rounds) for possible user actions was
given. Attendants were instructed to refine the mask until
they were satisfied with the result. For extreme cases, an
extensive time limit of 10 minutes was put in place.
After all combinations were finished, another questionnaire
was conducted focusing on usability aspects, assessing possible problems and shortcomings of the tool that might have
interfered with the process. An overview of the major study
steps is given in figure 2.
3.2. Comparison of Methods
The proposed approach was evaluated in terms of the mean
relative per-participant speed difference between the two
methods, in relation to the segmentation quality. Due to
artifacts and inaccuracies, a direct comparison based on
the SUN RGB-D dataset’s ground-truth was not possible,
as many of the point labels did not match the human intuition of object boundaries in 3D space. The network on the
other hand learned on data containing this error and might
have been able to reproduce them, leading to distorted re3
In addition to bounding box height, in the KITTI dataset
occlusion and truncation were used to distinguish hard and easy
cases.
4
See supplementary material.
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Figure 2. Overview of the major steps of the conducted study. After the introduction phase, a sample-tool combination was selected
based on the randomized order for the current participant. When the participant was ready, the segmentation with the current tool started.
In parallel, time and user interactions were logged. After finishing the sample, the user either continued with the next combination, or
entered the debriefing stage.

Table 2. Training results of the pipeline’s segmentation networks.
Configurations marked with uc were evaluated on unknown classes.
Reported values for network B were measured after the third simulation round.
IOU

ACC .

R EC .

P REC .

N ET. A
N ET. B

67.0
75.5

74.3
83.6

85.2
86.7

80.3
84.4

N ET. A ( UC )
N ET. B ( UC )

64.6
74.9

69.4
81.8

86.6
86.3

67.3
84.8

sults. Instead, the ground truth for one specific sample was
derived by averaging all masks created with the manual
segmentation tool throughout the study.
In addition, the segmentation process was evaluated by tracking quality over time. To be able to compare and average all
times from all participants, the manual segmentation time
was used for normalizing. This way, different absolute work
speeds did not influence the time comparison between both
tools.

4. Results & Discussion
We present our results in two parts. In section 4.1 we evaluate the pipeline based on simulated clicks. Section 4.2
describes results of the user study.
4.1. Simulation Results
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Figure 3. Development of evaluation metrics for network B over
progressing, simulated correction rounds. Values for round 3 are
marked by the dotted line.

Network B was trained over 147 epochs. As mentioned in
section 2.4, we used a 25×3 setup with simulated, random
clicks. Note that due to every batch being simulated over
25 rounds, each epoch contained approximately 25 times
more optimization steps than for network A. At round three,
an IOU of 75.5% was measured. Given the full set of 75
cumulative clicks after 25 rounds, 84.2% IOU was reached.
Figure 3 shows the development of evaluation metrics over
the simulation rounds. We observe a steady increase in mask
quality. The measured self-agreement of the network predictions indicate that predicted masks converged towards a
similar solution, even if the correction-positions and -orders
were varied. The growing cross-agreement showed that
subsequent mask proposals became increasingly similar, i.e.
every additional round produced a smaller deviation from
the current mask.

We evaluated our pipeline using samples from classes selected for training (section 4.1.1) and additionally a set of
classes that were unknown to the pipeline (section 4.1.2).
An overview of the evaluation scores is given in table 2.

When run over an extensive amount of simulated correction
rounds, IOU scores >80% were reached. Therefore, corrective information was successfully used by the pipeline.
However, the quality gained per round was low and decreased with progressing rounds.

4.1.1. N ETWORK P ERFORMANCES

4.1.2. P REDICTING U NKNOWN C LASSES

Both networks were trained separately. We trained network A over 343 epochs before overfitting set in, reaching
an IOU of 67.0%.

Additionally, we evaluated the generalizability of our approach to classes not seen in the training phase. For this,
the remaining six classes of the class-selection process (sec-
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tion 2.1) were used. For network A the mean segmentation
IOU was 64.6%. After running network B for three correction rounds, the overall IOU of the predictions rose by
10.3% to a total of 74.9%.
This indicates network A operating on the classes that have
been used for learning is beneficial, which is expected. On
the other hand the gap in IOU between evaluating on known
and unknown classes is relatively small (2.4%) and became
even smaller (0.6%) after applying the correction network B.
Therefore, we conclude that the overall pipeline does offer
class-agnostic segmentation. Network B forms the major
factor, because the regularization effect of the (simulated)
user clicks and the sense of locality given by the resulting
correction mask might have promoted the learning of more
general features.
Note that good initial mask proposals still are important, as
the mask is passed to the interactive segmentation network
as an input. Reported high cross-agreement values over successive correction rounds (section 4.1.1) indicate that mask
updates happen in relatively small iterations. Therefore,
a major error introduced by a faulty initial configuration
might slow or prevent convergence towards the solution.
4.2. Study Results
The study group consisted of 9 males and 7 females aged
from 21 to 33 years with a mean age of 26.2 years. The
segmentation-runs lasted between 43 and 93 minutes, with
a mean duration of 65 and a median of 64 minutes.
4.2.1. Q UALITATIVE A NALYSIS
Figure 4 gives examples for the masks created during the
study. We show how many of the participants labeled a
point as part of the object by using color coding. Varying
colors in an area of the sample indicate disagreement among
the masks created by the subjects.
For the manual masks, all subjects labeled the major structures of the scene in a similar fashion, with low noise towards the edges. Fine structures, like chair legs (example c)
or the leaves of a plant (example d) showed an increased
amount of disagreement. Masks resulting from the guiding approach showed a noticeably higher amount of noise.
The areas of high agreement roughly followed those of the
manual masks, but showed strong noise towards the object
borders. Like for the manual masks, fine structures posed a
challenge, with the mask for the plant sample (example d)
only very roughly following the shape of the object.
4.2.2. M ANUAL M ASK AGREEMENT
Study evaluation was based on the manual segmentation
masks of the participants, combined by majority-voting for
each point of a sample (section 3.2). To verify that this

is sensible, we evaluate the general quality of the manual
masks. Following the approach of Hackel et al. (2017),
pairwise IOU scores of all participants and samples were
calculated for the manually created masks. A high agreement throughout the subjects was considered an indicator
for good mask-quality.
Figure 5 shows the distribution of the mean IOU over all
samples for each of the subject-pairs. Per-pair IOU scores
primarily clustered around 80%, with a second distinct cluster center at roughly 68%, resulting from one subject differing noticeably from the remaining study participants. The
cluster for the diverging subject and the remaining pairs
were each found to be normal-distributed using the ShapiroWilk test (Shapiro & Wilk, 1965) (α=0.05, p=0.99 and
p=0.81, respectively). Comparing the clusters using a t-test
reported a significant difference for the IOU values (α=0.05,
p<0.001), i.e. the subject differed from the general intuition about the locality of the objects. This indicates, that
the participant either did not fully understand the task at
hand or did not work conscientiously. For this reason, the
subject was declared an outlier and excluded from further
evaluations. After exclusion, the remaining pairs showed a
mean IOU of 80% with minimum and maximum values of
73.2% and 88.7%, respectively.
To set this into context, the PASCAL VOC object detection
benchmark (Everingham et al., 2010) uses the IOU score
threshold of 50% as a measure to determine correct detections. They reported this threshold was ”set deliberately
low to account for inaccuracies” and is hence seen as a
lower bound for acceptable IOU scores in this work. For
the Semantic3D.net benchmark (Hackel et al., 2017) pairwise annotator agreements were assessed, by calculating
IOU scores from overlapping areas. They reported agreement values >95% IOU. User-agreements for our study
surpassed the 50% threshold, but did not reach values over
90%. Hackel et al. used LIDAR-based point clouds in an urban setting, labeling major structures like man-made terrain,
natural terrain, etc. We argue that labeling indoor RGB-D
data, whose acquisition modality offers less accuracy (Xie
et al., 2020), is more challenging.
In addition, we directly compared the majority-voted user
masks to the labels extracted directly from the SUN RGB-D
dataset. In spite of deviations due to label noise, we expected
an overall high agreement. IOU sample scores reached from
54.2% to 95.5% with a mean of 81.6% and a median of
87.4%. When comparing based on accuracy, values ranged
from 73.6% to 96.5%, with a mean of 88.5% and a median
of 91.0%.
Nevertheless, some user masks did diverge from the original
ground truth with an IOU <60%: In examples d) and f) in
figure 4 users were asked to segment plants in low-resolution
areas of the image, making distinction difficult. In addition,
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Figure 4. Examples for study samples and results. Each set shows from left to right: RGB-D point cloud, SUN RGB-D ground-truth, user
created ground-truth (majority vote from manual masks), summed labels from the manual approach, summed labels from the guiding
approach. For the summed labels, the color represents how often a point was labeled as an object during the study.
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Figure 5. Density of pairwise manual user mask agreement, averaged over all samples. Ticks on the x-axis give the discrete
measurements, with the red ticks marking pairs originating from
the excluded subject.

the dataset-based plant-masks were extracted from rough
polygons, which did not accurately follow the objects’ borders. This mismatch between the labeling modalities of the
SUN RGB-D dataset (polygons) and the implemented manual labeling tool (per-point labels) is an additional cause
for lower IOU scores. For example in b), the inside of
the cup handle was included in the polygon, while it was
successfully cut out during the study. Nonetheless, visual
inspection of created masks shows that most user masks do
follow or even improve the dataset ground-truth. Following
the approach for the pairwise agreements, given the mean
IOU of 81.6%, we conclude that the mean user masks are
reasonably similar to the original dataset.
Given the aforementioned factors, we state that subjects
did follow a common, correct intuition, making comparing
against the overall mean mask sensible.
4.2.3. S PEED AND Q UALITY C OMPARISON
Figure 6 shows the distribution of all participants’ segmentation IOU scores and times for all samples per approach.
Using the Shapiro-Wilk test (α=0.05), segmentation times
were found to be log-normal (Choi, 2016), while segmentation quality measures did not follow a normal distribution. Given those results, log-segmentation-times were compared using a two-sided t-test (Student, 1908). For the
mask IOU scores the Wilcoxon signed-rank test (Wilcoxon,
1945) was used. We found significant differences for both
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Figure 6. Distribution of IOU and segmentation time in seconds
over all participation runs of the study, grouped by the approach
(M=manual, G=guiding).
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Figure 7. Average IOU per tool over normalized time. Vertical
line-ticks mark end-times of guiding annotation runs.

the log-times (p<0.001) and IOU scores (p<0.001), i.e.
our approach significantly improved segmentation time, but
reached lower IOU scores.
IOU over Time Mask quality was logged throughout the
subjects’ participations. We normalized every annotationrun’s duration by using the respective manual segmentation
time (section 3.2). This way the average mask quality development over time for each of the tools was analyzed
(figure 7).
Both approaches’ IOU was 0% at the beginning, as the
study’s start configuration was set to an empty mask, i.e. all
points were labeled as ”clutter”. Guiding IOU quickly rose
to ∼60% from the initial prediction of network A. From
there, network B only slowly increased mask quality to a
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final 73.3%. Compared to this, manual IOU rose distinctly
faster, while also reaching a higher final quality of 86.1%.
Both curves intersected after 31% of average manual segmentation time, at an IOU of 69%.
End-times of the guiding runs spread from 11.5% to 386%
of their respective manual time. Overall, mean relative
duration for guiding runs was 78.9%, i.e. segmentation with
the guiding approach on average took 21.1% less time than
with the manual one. In total, 75.4% of all samples were
finished faster using the proposed approach.
The development of IOU over time showed that, equally
to the training samples created using simulated clicks (section 4.1), corrective information given by the subjects did
improve mask quality. Compared to the manual results,
mask quality did not reach sufficient values. We showed
that the proposed pipeline led to significantly shorter annotation times, with a majority of the samples being completed
faster than using the traditional approach. However we want
to note, that while the manual approach was not bounded,
the guiding approach did impose an upper limit in terms of
clicks and rounds. This was done to enforce the minimality
of user intervention and to follow previous work on the topic
(Benenson et al., 2019), but also introduced a prior towards
lower segmentation times.
From this we conclude that even though segmentation times
were improved, the overall extrapolation capabilities of the
presented interactive segmentation network B are not sufficient. Due to this, the pipeline is not considered an alternative to traditional segmentation workflows in terms of mask
quality.
4.2.4. U SER I NTERACTIONS
As initially stated, the proposed segmentation pipeline was
aimed at being minimal in terms of user intervention. This
was examined by counting central interactions that were
done by the subjects during the study. For the manual segmentation approach, the creation of a new point-selection
using the polygon selection tool was considered the central operation. For the guiding segmentation approach the
additions of new corrections to the scenes were counted.
For all manual segmentation a mean of 7.14 and a median of
5 interactions per sample were measured with the minimum
and maximum being 1 and 35, respectively. For the guiding
approach a mean of 9.47 and a median of 9 interactions
were counted. Guiding interactions ranged from 2 to 18.
Given the 3x3 configuration of the proposed pipeline, an
average interaction count close to 9 was expected.
For both approaches, the expected workflows contained
more interactions than the ones previously stated, like for
example setting the mask-/correction-label or moving the
camera. They were not counted as central operations, as they

were realized analogously for both workflows and therefore
did not influence our comparison.
Simply counting interactions omits their respective complexities. Placing a correction marker in the scene required the
subjects to click error clusters once. In contrast, the creation
of a manual selection by drawing a polygon requires at least
three clicks to span an area. Multiplying the aforementioned
mean interaction-counts for the approaches with a respective weighting therefore gives 7.14 × 3 = 21.42 for the
manual and 9.47 clicks for the guiding approach, assuming
only minimal polygon-selections of vertex count 3. Hence,
taking individual mouse clicks into account, the guiding
segmentation approach needed at most half as many clicks
as the manual one.
Obtained results are highly dependent on the way the segmentation tools were implemented during the study. Yet,
it is plausible to assume that results will not differ greatly
when implemented in a more advanced UI, because guiding segmentation requires single points, whereas manual
segmentation on a 2D screen still requires the creation of
areas. We conclude that the approach used in the study was
minimal in terms of user intervention.

5. Conclusion & Future Work
We evaluated an interactive, data-based segmentation approach for RGB-D indoor point clouds in which a user
corrected the predictions of a segmentation networks over
multiple correction rounds. We showed that the interactive
stage of our pipeline was able to bridge the gap to unknown
classes given minimal user input, i.e. the approach can be
run in a class-agnostic fashion. For quality and speed analysis, a user study was conducted to directly compare our
method with a traditional one. Our pipeline was able to gain
segmentation mask quality given user input and to decrease
segmentation time. However the quality gain per correction
round was small and the method did not reach values better
or equal to the traditional approach.
We used the PointNet architecture as a well known and
tested baseline. Recent research for deep learning on point
clouds proposed a multitude of new architectures more sensitive to the local spatial contexts inside the point cloud (Qi
et al., 2017b; Li et al., 2018; Wang et al., 2018). We expect
that the application of an according approach will increase
the positive effect of the user input on the final masks and
therefore promote the adaptation of the pipeline.
The success of interactive approaches in the domain of image processing and the ongoing research considering deep
learning on point cloud data makes us confident that similar
approaches will achieve satisfactory results in the near future. Our work is a first step in this direction and forms a
baseline for future work.
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