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Abstract
Annotation of aerial imagery of disaster relief sites
is a critical and time sensitive task, for disaster
relief organisations. Manual annotation requires
large teams of volunteers and a significant time
commitment. Despite the improved performance
of segmentation models they still struggle, particularly in new environments. Thus, manual annotation is still the standard, as these organisations
need accurate and verified information. This paper
explores the use of points as a supervisory signal
in an interactive correction scenario to obtain accurate semantic segmentation of large scale aerial
imagery: (1) we show that a few points increases
mIoU performance by 15% and (2) it works on
and provides larger performance increase for outof-distribution data.
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We focus here on interactive segmentation in response to this
problem.
While interactive segmentation has been well studied in
the traditional computer vision settings, the effectiveness of
interactive semantic segmentation for this large scale remote
sensing setting is unclear (where there is more than simply
a few objects to label per image). Furthermore, the utility
of interactivity for out-of-distribution data is also unclear, in
both the traditional and remote sensing setting.
Our contribution is summarised as follows:
• In section 4, we provide a refined framework for experimentation, that addresses the real-world problem faced.
• In section 5.1, we show that a small number of interactive corrections (9 or less) improves segmentation masks
in large scale semantic segmentation, with qualitative results being particularly compelling.
• In section 5.2, we show that interactive corrections
improves out-of-distribution performance significantly,
with mIOU increasing from 0.66 to 0.76 from 9 interactions.

Introduction

Disaster relief organisations, such as the American Red
Cross and Médecins sans Frontières, need accurate maps of
disaster affected regions to reach those in need, prioritise
resources, determine local rally points, and set evacuation
routes. In many cases, maps of these areas do not exist or
are inaccurate and so need to be generated rapidly. These
organisations currently leverage an army of volunteers to
complete the mapping [Dittus et al., 2017].
Currently, the workflow developed to map certain objects
(e.g. buildings) using computer vision involves doing
segmentation on aerial imagery, followed by converting the
segmentation masks into polygons for each object. During
the initial stage of our collaboration with American Red
Cross, to help speed up mapping of disaster relief areas, a
number of insights with regards to the mapping process were
gleaned: (1) areas requiring mapping are fairly heterogeneous and likely differ from any previously acquired training
data; (2) given the critical nature of the task and current state
of segmentation (particularly in the context of heterogeneous
areas), volunteers would still be required to validate and
correct the generated maps before they could be uploaded
and used. Thus, the question has become how could we
better leverage current automated segmentation models and
the volunteers’ interactions to speed up the mapping process.
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Related Work

Interactive Segmentation: Until the advent of deep learning, graphical models formed the basis of interactive segmentation. The seminal pieces of literature in the area is
work of [Boykov and Jolly, 2002], which uses graph cuts to
segment objects in images based on labelled pixels provided
by user, and GrabCut [Rother et al., 2004], which segments
from bounding boxes by iteratively updating the model. More
recent methods make use of fully convolutional networks.
iFCN [Xu et al., 2016] makes use of positive and negative
clicks, in the spirit of [Boykov and Jolly, 2002], to guide the
segmentation. This deep learning pipeline was extended to
GrabCut, with Deep GrabCut [Xu et al., 2017]. Other forms
of supervision have been employed with similar success, such
as bounding boxes [Dai et al., 2015], scribbles [Lin et al.,
2016] and extreme points [Maninis et al., 2018].
The current state-of-the-art have moved beyond just providing an initial supervisory signal towards a corrective approach, with one [Mahadevan et al., 2018] or more models
[Benenson et al., 2019] used in the pipeline.

An alternative approach was developed in Polygon-RNN
[Castrejon et al., 2017] and further developed in [Acuna et
al., 2018]. These methods predict a polygon outlining of the
object to be segmented. The polygons can then interactively
be corrected. Of note, all these methods perform single or few
object segmentation. We study multi-object segmentation on
the scale of 10 to 100 of objects per image.
In the context of remote sensing or aerial imagery, interactive segmentation has largely been unexplored. GrabCut
has been applied to remote sensing images with some success [Yang et al., 2017], however the no interactive methods
involving a deep learning pipeline have been tested.
Semantic Segmentation: There is significant body of literature pertaining to semantic segmentation for aerial imagery. The progress in the field has largely followed the
progress in the computer vision field, with the use of deep
fully convolutional networks being pervasive [Long et al.,
2015]. Notably, the architectures in widespread use are
encoder-decoder networks [Ronneberger et al., 2015; Badrinarayanan et al., 2017]. In order to create finer segmentation
masks the use of CRFs were introduced [Chen et al., 2018].
These models have been adapted for large scale semantic
segmentation[Maggiori et al., 2017; Bastani et al., 2018;
Iglovikov et al., 2018], where breaking an image into patches
for processing is common strategy.
Out-of-Distribution Adaption: Performance degradation
of deep learning models, when they are used on out-ofdistribution data is well-documented. Given the large quantities of labelled data required to train deep learning models, tackling the domain adaption problem has been at the
forefront of the vision community recently with a number
of different approaches being taken [Wang and Deng, 2018].
In remote sensing community this problem has also surfaced. The performance discrepancy in segmentation models
between different cities, weather and seasonality is evident
[Mnih, 2013]. We show quantitatively this the degradation,
and that interactivity can significantly improve a models outof-distribution performance, given cheap additional signals at
test time.

3

Models

We assess two models: U-Net [Ronneberger et al., 2015] as a
baseline and our own. We made a conscious decision against
testing certain algorithms that are considered state-of-the-art,
such as DEXTR [Maninis et al., 2018] and RIS-Net [Liew et
al., 2017], or baselines in the field [Rother et al., 2004; Xu et
al., 2017] as they are ill-suited to this task. These algorithms
require bounding boxes to be drawn around the objects and/or
multiple interactions per object. For large scale annotation of
buildings/bridges, this sort of interactivity does not provide a
significant reduction in annotation time, due to the numerous
initial interactions required for each object.
The focus of this paper is to assess the utility of the interactive correction algorithm. As such we use the simple
encoder-decoder architecture, U-Net, as both the baseline
and the backbone for our network. This architecture could
be replaced by a more recent and performant one, such as
Deeplabv3 [Chen et al., 2018] or the DenseNet Tiramisu [Je-

gou et al., 2017].

3.1

U-Net

The U-Net architecture [Ronneberger et al., 2015] has developed into the baseline for any semantic segmentation task,
due to its simplicity and effectiveness. We use this as baseline for this task too. The U-Net architecture used is almost
a replica of the original net. Two minor adaptions are made:
(1) batch normalisation is included and (2) we only have 5
steps in the encoder the last of which has 512 filters.

3.2

Proposed Model

Our proposed model is guided by the following: (1) the principle that less manual annotations (clicks) is better, (2) that
the performance of current segmentation models is of decent
quality and (3) that corrections should take less time than
clicking on each object for manual segmentation. We used
the insights gained [Mahadevan et al., 2018] and [Agustsson
et al., 2018; Benenson et al., 2019].
Overall Model As opposed these works however, we do
not have the user provide any initial interaction – no bounding
box, extreme points or initial clicks. We have a base network
provide the initial segmentation mask, and the use a second
network to incorporate the corrections. This is not dissimilar
from what [Benenson et al., 2019] propose; the difference being that their base network takes in a bounding box input. To
incorporate the output from the base network and the clicks
from the user, we concatenate the inputs.
Training Strategy The base network is trained prior using
the same data. We then adopt the iterative training strategy
initially proposed in [Mahadevan et al., 2018] and further established in [Benenson et al., 2019] to train the correction
network, where corrections are iteratively added. This strategy involves the use of multiple rounds of corrections for each
image, with the error backpropogated each round. We use the
insights from [Benenson et al., 2019] to train with 3 rounds
of corrections, with 3 clicks provided in each round. Further
clicks in each round or more rounds do improve performance
further, but the increase is marginal.
Simulated Click Strategy The simulated clicks are placed
at the largest error regions in that order (i.e. largest 3 error regions have clicks each round). This is done by comparing the
output, from the previous round, with the groundtruth. The
pixels at which the errors are located are grouped together
using connected component labelling. The 3 largest of these
pixel clusters are selected and the centroid of each used as a
click.
Click Encoding As per our results in our initial experimentation (which we have not included here) and the results
of [Benenson et al., 2019], the choice of click encoding has
little impact at best and at worse degrades performance. As
such, in place of Guassians or Euclidian distance encoding
for this model, we simply use a binary disk to indicate the
click. A 3x3 binary disk is placed on the centre of each click,
with the relevant positive or negative encoding.
Loss We optimise using a soft Dice loss.

Figure 1: The proposed model: Mb indicates the base network and Mb+c indicates the correction network. This examples shows 3 negative
clicks being used, but this could be any combination of positive and negative clicks. Adapted from [Benenson et al., 2019].
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Experiments

We conduct a comparison of the two models on a single
dataset to assess the utility of the interactivity. We try to
replicate the scenario that a volunteer mapper would likely
be placed in, if they are assisted by a computer vision algorithm during mapping. In addition, we specifically design an
experiment to investigate out-of-distribution performance.

4.1

Evaluation

The evaluation is the same as the training procedure of our
model. The (robot) user provides 3 clicks each round, for a
total of three rounds. The method places a click at the centroid of error region, mimicking a user’s behaviour under the
assumption that the user clicks in the middle of the region of
greatest error.
We evaluate performance on the mean Intersection over
Union (mIoU) metric.
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Model
U-Net
Interactive

Number of Clicks
0
9

mIoU
0.893
0.921

Table 1: Performance of models on in-distribution validation subset.
Interactivity shows a minor improvement quantitatively.

The results show that the interactivity, quantitatively, provides a marginal increase in performance over the base network. And while this improvement is still significant, we can
see this translate into more qualitatively pleasing results, as
illustrated by figure 2.

5.2

Out-of-Distribution

Model
U-Net (OOD)
Interactive (OOD) - simple
Interactive (OOD) - normal
Human

Number of Clicks
0
9
9
330

mIoU
0.66
0.76
0.72
> 0.95

Table 2: Performance of models on validation subset, where the distribution differs from the training subset. Interactivity shows a significant improvement quantitatively.

Training

Each model was trained for 30 epochs with a batch size of 8
patches, with the Adam optimiser [Kingma and Ba, 2014].

4.3

In-Distribution

Datasets

We perform our experiments on the INRIA Aerial Image Labeling Dataset [Maggiori et al., 2017], which contains pixelwise semantic labelling of buildings for 5 cities. Each city has
36 5000x5000 pixel tiles. The imagery is RGB aerial imagery
with 0.3 meter resolution. For training and testing purposes
we generate 100 576x576 pixel patches from each tile.
For our in-distribution experiments, we use random sampling from all fives cities to provide test and validation subsets, with an 80/20 split.
For the out-of-distribution experiments, we use four of the
five cities as the training data and the remaining one (Vienna)
as a test of out-of-distribution performance. It has been previously noted that performance degrades significantly on this
sort of out-of-distribution data, which we also confirm in our
results.
Both training and evaluation are done on the patches.

4.2

5.1

Results

We split the results section into in distribution and out-ofdistribution results.

Clearly the iterative clicks improve the resulting segmentation masks significantly. In fact, the out-of-distribution performance increase from the clicks exceeds that of the indistribution. Prior to this result, it was unknown whether interactive models would perform on out-of-distribution data.
We show here that it not only works, but provides more useful signal than in the in-distribution setting.
We test a number of configurations involving the base and
correction networks. We report on two here. Namely, one
where the corrections network is an additional U-Net as described earlier and one where it a U-Net with substantially
less filters (we divided the number of filters by 4). We found
that both networks yield substantial improvements in mIoU,
with the corrections network with less filters performing better in this case (given better hyperparameter optimisation, we
think the performance of the corrections network with more
filters is likely to improve). But nonetheless it shows that a

Figure 2: Example showing the performance for in-distribution data. The segmentation masks are smoother and more correct.

Figure 3: Example showing the performance for out-of-distribution data. A round of clicks shows a significant improvement with the
segmentation error in the top left.

simple corrections network, which is substantially less computationally intensive, can provide a meaningful performance
increase with minimal additional computation.
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In this paper, we investigated the utility of interactive corrections for semantic segmentation of buildings from aerial imagery, for fast disaster relief mapping, complementing, rather
than attempting to automate, existing efforts. We show that
the proposed interactive approach achieved an improvement
of 15% on out-of-distribution inputs. Furthermore, we show
a qualitative improvement in the segmentation masks produced, which make the masks more appropriate for uploading
to mapping databases such as OpenStreetMaps.

6.1

Figure 4: Effects of number of clicks on mIoU per region on average
out-of-distribution

Figure 4 shows the effect of number of clicks on mIoU during testing. This model was trained with 3 rounds of 3 clicks.
We see that the first round of clicks provides the largest increase in performance, with further rounds providing more
smaller increases. This is likely due to the clicks in the first
round removing the largest error regions.
Lastly, it is useful to put the number of clicks used in perspective. By counting the number of corners across polygons,
we estimate that it would take on average 330 clicks for a human to segment each patch. Our interactive method is able
to provide segmentation masks with a relatively high mIoU,
with a substantially less clicks (we show the performance at
9 clicks). This would substantially reduce the time required
from volunteers to map disaster relief sites.

Conclusion

Further Work

We believe this work provides a suitable foundation for further development segmentation algorithms that speed up annotation and rapidly adapt to new environments:
Continual and/or Online Learning We have observed
from the experiments on out-of-distribution performance that
a few points can allow the model to correct itself in a new environments. If the model could use this information to update
itself, this would allow the model to adapt to new environments permanently. This would mean that the model gradually improves over as annotations arrive.
Active Learning Certain samples provide more information to the model that the others. To adapt to new environments, an algorithms that could obtain samples from the
new data that contain the most information would be tremendously useful. We could then have the user provide the segmentation mask and use these to update the model.
Lastly, a more comprehensive ablation study on the correction network will be performed, with respect to the model
and training strategy. The use of CRFs and better segmentation backbones (such as DeepLab) should provide far better
absolute results.
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