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ABSTRACT
Evaluation of interaction related aspects is an important step
for comparing interactive segmentation algorithms and also
for the development of new and better algorithms. However,
as experiments with users are not simple, simulations with
robot users are becoming a common practice for evaluating
marker based interactive segmentation methods. We propose
a novel interaction model for hierarchy based segmentation
methods. Simulations of the model with some proposed policies are compared to experiments with real users in order to
evaluate and validate the proposed model.
Index Terms— interactive segmentation, hierarchical
segmentation, user interaction simulation
1. INTRODUCTION
Interactive image segmentation is an intermediary approach
between automatic and manual approaches, coping with the
inability of automatic approaches to generate correct results
and also with the excessive workload of purely manual approaches. In an interactive approach, users guide the segmentation process through a set of interaction operations. A group
of such operations consists in placing markers on the objects
or their contours, which are then used as region seeds or as
anchor points to delineate region contours [1, 2, 3]. Another
group of operations consists in merging or splitting regions to
achieve a desired result [4], common in hierarchical segmentation, where an image partition in a stack of nested partitions
can be quickly selected and individual regions can be merged
or split in order to refine the selected partition [5, 6, 7, 8]. Hierarchies are suitable when segmentations with different levels of details are desired or when there are too many objects
to be segmented.
An important characteristic in interactive segmentation is
to allow users to achieve the desired segmentation results with
minimum effort. Thus, both segmentation results [9, 10] and
issues related to user effort [11, 12] should be taken into consideration for the evaluation of these methods. As experiments involving users are not simple, a frequently used approach to evaluate interactive methods is to perform simulations with robot users that mimic real users. While using
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robot users allows automatic evaluation of interactive segmentation methods, it requires a previous validation of the
robot interaction model.
In [11] a model for simulating user interaction for segmentation algorithms based on markers is proposed and validated. In the proposed model, markers are successively generated according to a probabilistic distribution that is based on
the segmentation error at each step. The use of robot users to
evaluate marker based interactive segmentation systems and
algorithms seems to be already a common practice in the literature [13, 14].
With respect to hierarchical segmentation, most hierarchies usually do not contain partitions that are close to the
desired segmentation and therefore additional region splitting
and merging operations are often used. To the best of our
knowledge, there are no reports on interaction models for hierarchy based segmentation. One of the contributions of this
work, presented in Section 2, is an interaction model based
on policies that determine at each step of the segmentation
process which regions are to be merged or split.
To validate the proposed model, we performed experiments with users as detailed in Section 3. Although several
aspects related to interaction are important, investigation of
any cognitive aspects of interaction is beyond the scope of
this paper. We are interested in the sequence of operations
performed by the users. However, explicit comparison between sequences of operations from different simulations are
not practical because they vary greatly in terms of number
and types of operations (due to variation in image content and
differences among users). Thus, in order to relate model and
user simulations, we compute quality measures for each of the
partitions generated during the simulation, and represent each
simulation as a time series that expresses the evolution of the
measure throughout the segmentation process. Although the
evolution of these measures can not model the sequence of
operations performed by the users, we assume that in a certain degree it reflects the choices made by the users. Thus
by analyzing the evolution profile, we may correlate distinct
simulations. We analyze and discuss the simulations from
this perspective in Section 4, and present our conclusions in
Section 5.

2. INTERACTION MODEL
A hierarchy in the context of image segmentation is a nested
set of partitions of an image, with the finest partition at the
bottom and the coarser one, consisting of the partition with
only one region (the whole image domain), at the top. A
partition at a given level t is built by merging two adjacent
regions of the partition at level t − 1. These types of hierarchies can be represented by a binary tree, where the leaves
correspond to the atomic regions in the finest partition, and an
internal node corresponds to the region obtained by merging
the regions corresponding to its child nodes.
Given a hierarchy of partitions represented as a binary
tree, we assume that one can apply the following operations [5, 7]:
• global threshold operation: selects a level of the hierarchy (in watershed hierarchies, it corresponds to selecting a
threshold for the metric used in the hierarchy construction);
• local splitting: splits a selected region in the two regions
that were merged when building the hierarchy;
• local merging: merges the selected region with all the regions under its parent region in the hierarchy;
• manual merging: allows the user to select adjacent regions to be merged, independent of the structure imposed
by the metric used to build the original hierarchy.
Note that the local merging operation, contrary to the manual
merging that allows users to specify which regions should be
merged, is a blind one in the sense that a user has no ways
to know to which of the adjacent regions the selected region
will be merged. Hence, in our model the local merging operation is not considered. Regarding the threshold operation,
it acts globally in the hierarchical structure and can undo the
effect of previous operations. Thus a thresholding should be
used only at the beginning of the process. Then, in our model
we consider that the threshold operation can be used at most
once, as the first operation in the segmentation process.
Supposing that the contour of a desired segmentation
(hereafter, ground truth) is a subset of the contours in the
finest partition, at any step of the segmentation process one
of the following holds for each region: (1) it corresponds
to a region of the ground truth, so it should not be affected
by posterior operations, (2) it intersects with more than one
region of the ground truth, so it should be split in a posterior
operation, and (3) it is properly contained in a single region
of the ground truth so it should be merged afterwards with
adjacent regions also in the same condition.
Thus, in each step of the simulation, the following operations can be considered: (i) any region of type 2 can be split
into two regions by using the local splitting operation and (ii)
any two or more regions of type 3 that are adjacent to each
other and contained in the same ground truth region can be
merged together using the manual merging operation. The
simulation ends when there are only regions of type 1, that is,

when the current partition corresponds to the ground truth.
To fully define the simulation model, we propose three
policies to establish the order in which the local splitting and
the manual merging operations are performed:
• Policy 1: perform all the necessary splittings before any
mergings. In this case, the number of merging operations
is minimized, as it is necessary to perform at most N of
these operations, where N is the number of regions in the
ground truth. Note that the interaction effort of each one
of these operations can be high, as it could be necessary to
select a lot of small regions to be merged together.
• Policy 2: perform a manual merging as soon as it is possible, executing a local splitting only when there are no regions that can be merged together. In this case, the number
of performed merging operations is maximized. Nevertheless, the interaction effort of each one of these operation
tends to be small.
• Policy 3: if a merging is possible, execute it according to a
probability function P given by the ratio between the size
(in pixels) of the regions to be merged and the total image
size. This probability function privileges the formation of
more general structures, postponing the refinement of details, in a coarse to fine strategy.
Policies 1 and 2 can be viewed as particular cases of policy 3, for P = 0 and P = 1, respectively. Policy 3 is a
trade-off between policies 1 and 2 and should better represent
the overall behavior of the users, which is not deterministic.

3. SIMULATIONS
To cover diverse levels of segmentation complexity, a set
of 20 segmentation tasks was designed, considering images
ranging from microscopy to natural scenes photography. The
ground truths were created so as to contain only contours
present in the finest partition of the hierarchy, to guarantee
that it can always be achieved in the hierarchy. Moreover, the
ground truth was not generated using the hierarchy to avoid it
being easily found. Besides that, image sizes were restricted
to up to 800 × 600 pixels, sufficient to require several steps
of interaction but not overly time demanding. The images are
available online [15].
A particular hierarchy may or may not favor a specific
segmentation goal depending on how it was built, and it is
possible that in some cases a segmentation can be straightforwardly accomplished using a marker based approach (as is
the case of some tasks in our dataset). Nevertheless, since the
goal of the experiment is not to evaluate hierarchies, but aspects related to user interactions on a hierarchy, we used watershed hierarchies built based on the volume criterion [16] in
all the tasks.

3.1. User experiments
The user experiments were performed using the segmentation tool SegmentIt [17], that implements the hierarchical operations listed in Section 2, with the following features
added to support the experiments: (a) a video demonstrating
its usage and a test image so that volunteers could test and
get acquainted with the hierarchical operations; (b) an online
scheduling system that selects a segmentation task aiming to
have each task executed by a similar number of volunteers;
(c) the possibility for the volunteer to pause the experiment
after executing one segmentation task and then continuing
to execute other tasks later; (d) no time restriction imposed
to execute each task; (e) automatic sending of the data related to the execution to a server for posterior analysis after
each segmentation task is executed; (f) a textual description
of the segmentation result to be achieved. A thumbnail of the
ground truth is also made available during the experiment to
clear up any doubts about the textual description (showing the
ground truth does not compromise the experiment, as the interest is not to evaluate the final quality measures achieved by
the volunteers, but how it varies throughout the process; also,
showing a thumbnail of the ground truth allows the volunteers to apply any desired operations until he/she is confident
about having obtained a partition close to the ground truth,
and this avoids the need to determine a stop criterion for the
robot users, for which the simulation process is run until the
actual ground truth is achieved).
Volunteers were invited to participate in the experiments
and they were instructed to segment as much images as they
desired, not being required to perform all the 20 tasks. A total
of 15 volunteers collaborated with the experiment, resulting
in 200 segmentation tasks being executed.
3.2. Robot user experiments
For simulating each of the policies described earlier, an important issue is how to establish the order in which regions are
processed under each policy. Users usually adopt a strategy
such as segmenting one object at a time, following a coarse to
fine approach, or other strategies that depend on image content. Hence, the order in which regions are selected to be
split or merged is not arbitrary. For the model simulation, we
need to consider a processing order that reflects this non arbitrary behavior. For that end, regions of type 2 (those that
should be split) are processed following the order of a queue.
Using a queue, regions will somehow be processed in the order they appear in the partition and also those spatially close
to a previously processed region tend to be processed earlier.
For the regions of type 3 (those to be manually merged), we
use a hash map structure that imposes no ordering. In fact,
under policy 1, the order in which merges are performed is
irrelevant since the merge operations are performed in the last
steps only; under policy 2, a region is merged as soon as it is
classified as a region of type 3; and under policy 3, the regions

to be merged are determined by the probability function.
Policies 1 and 2 were simulated once for each task, and
policy 3, which is probabilistic, was simulated 10 times for
each task to reflect distinct users. Since the result of a threshold operation is equivalent to the result of a sequence of local
operations, thresholding was not included in the robot user
simulations.
4. ANALYSIS AND DISCUSSION
As quality measures of the generated partitions, we computed
accuracy (Rand index), precision, and recall, three measures
that are commonly used for comparing partitions [18]. In
the context of image segmentation, these measures are usually computed examining pairs of pixels [10] whereas here
we compute them for pairs of atomic regions.
These measures were computed for each simulation.
Thus, the total number of time series for each measure (accuracy, precision and recall) is 440, corresponding to 200
executions of segmentation tasks by human users plus 240
simulations with robot users. Among these 240 robot user
simulations, 40 correspond to simulations using the deterministic policies 1 and 2 (one for each of the 20 tasks), and
200 correspond to 10 simulations using policy 3 for each of
the 20 tasks.
Since the time series have different lengths, we first expanded them linearly to have the same number of points.
Then, for each measure, the expanded time series were separated in four groups (one for each of the three policies of
robot users plus one for human users) and then averaged by
group for each of the measures, generating the four profiles
for each measure used in the analysis.
In the experiments, some operations that are not included
in the robot user simulations (such as thresholding, undo or
redo operations) were available for the users and they are
present in the user time series. As these operations may result in characteristics not present in the robot time series, we
considered filtering these operations from the user time series.
However, as the only difference between filtered and non filtered time series were small fluctuations that did not affect
the general profile evolution, in the analysis we consider user
time series with no filtering.
4.1. Model evaluation
The obtained profiles are shown in the charts (a) - (c) of Figure 1. Note that the robot users always reach the maximum
values for the measures, as the final result is always equal to
the ground truth partition. For this reason the robot users usually perform a higher number of operations than the human
users.
The accuracy and recall profiles of policy 1 are the ones
that most differ from the others. This is due to the fact that
under policy 1 all manual merging operations are performed
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Fig. 1. Profiles computed from the experiments relative to
each proposed policy and to the human users, for each of the
three measures considered: (a) accuracy, (b) precision and (c)
recall. The correlation of each measure between human user
profiles and each proposed policy profiles are shown in (d).

at the end of the process, causing a high number of false negatives (regions that are disconnected in the current partition
but should be connected, according to the ground truth) and
a low number of true positives (regions connected in the current partition and in the ground truth) before the mergings
are performed. For this same reason, these time series ascend
abruptly at the end of the process. All the other profiles have a
smoother behavior. In particular, policies 2 and 3 are visually
similar to each other, and human user profiles also have an
overall evolution that is similar to those two policies profiles.
To quantify the similarities, we computed the correlation
(Pearson product-moment correlation coefficient) [19] between robot user and human user profiles, which is shown
in Figure 1(d). The correlation between the precision profile
of each of the three policies and the human user profile are
very high. On the other hand, the correlation for accuracy
and recall profiles are not that strong. However, notice that
the correlation is positive for policies 2 and 3, whereas it is
negative for policy 1.
Although the correlations between the polices profiles and
the human users profiles are not that strong, note that the policies profiles falls mostly within the variability of the human
users time series, shown in the filled areas of the charts (a) (c) of Figure 1. The bounds of these areas, for each of the
measures, are defined by the user average time series, computed for each of the users that took part in the experiments.
Regarding the probability function P used in policy 3, we
simulated it for a range of constant values to examine whether

Fig. 2. Policy 3 profiles in a range of constant values for P.

5. CONCLUSIONS
We have presented three policies to model user interaction
with respect to the sequence of performed operations in a
hierarchical segmentation context. After analyzing the segmentation accuracy, precision and recall profiles of the three
policies and also of the users, we conclude that policies 2 and
3 present similar performance and are better related to user
profiles than policy 1. Although not strongly correlated to human users, profiles of policies 2 an 3 falls within the human
variability range and therefore could be used to automatically
evaluate more complex experimental scenarios (for instance,
experiments involving high resolution images, or on large set
of images, or with different types of hierarchies). We consider that policy 3 is preferable because it is non deterministic, better reflecting the nature of choices made by human
users during an interactive segmentation process. To convert
these profiles to an estimation of user effort, a function that
takes into consideration, for instance, the number and type of
operations employed, could be computed.
To perform the experiments for evaluating the proposed
model, we have used a tool that implements watershed hierarchies with the described operations. However, the model can
be used with other types of hierarchies and other interaction
operations can be included. The proposed benchmark, using the same quality measures or with new measures, remains
valid for new scenarios.
We believe that the proposed model will contribute to the
development of algorithms for building hierarchies that are
semantically more expressive, and therefore that will require
less interaction effort.
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