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Abstract

On January 12th, 2010, a catastrophic 7.0M
earthquake devastated the country of Haiti.
In the aftermath of an earthquake, it is im-
portant to rapidly assess damaged areas in
order to mobilize the appropriate resources.
The Haiti damage assessment effort intro-
duced a promising model that uses crowd-
sourcing to map damaged areas in freely
available remotely-sensed data. This paper
proposes the application of machine learning
methods to improve this model. Specifically,
we apply work on learning from multiple, im-
perfect experts to the assessment of volun-
teer reliability, and propose the use of im-
age segmentation to automate the detection
of damaged areas. We wrap both tasks in an
active learning framework in order to shift
volunteer effort from mapping a full catalog
of images to the generation of high-quality
training data. We hypothesize that the inte-
gration of machine learning into this model
improves its reliability, maintains the speed
of damage assessment, and allows the model
to scale to higher data volumes.

1. Introduction

Earthquakes are a major natural disaster associated
with large-scale destruction and high mortality rates.
The January 12th, 2010 Haiti Earthquake killed close
to a quarter of a million people, left over a million in-
dividuals homeless, and leveled approximately 20 per-
cent of the buildings in greater Port-au-prince in less
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than a minute (Eguchi et al., 2010). The latest events
in New Zealand (September 4, 2010 and February 22,
2011) and Japan (March 11, 2011) confirm that both
developing and developed countries are equally suscep-
tible to large scale earthquake-induced damages, the
impact of which can be greatly reduced with accurate
and timely damage assessment.

There are four phases of disaster management: mitiga-
tion, preparedness, response, and recovery. The most
critical and challenging phase is the response phase
(Steinle et al., 2001), which consists of a series of both
short-term and long-term measures taken to mitigate
the effects of the disaster and reestablish normalcy.
The overall cost of a disaster after the event, both in
terms of fatalities and economic damage, is minimized
when the response phase is quickly and efficiently man-
aged (Kerle & Oppenheimer, 2002). Effective man-
agement of the response phase requires accurate and
timely damage assessment.

The post-disaster needs assessment (PDNA) effort for
Haiti led by the World Bank was the first to use crowd-
sourcing to map damage in remotely-sensed images.
Crowdsourcing is an emerging business model largely
enabled by Web 2.0 technologies that outsources tasks
to an undefined collection of individuals via an open
call (Howe, 2006). For the Haiti earthquake, an open
call for volunteers from the geoengineering commu-
nity was issued for the rapid assessment of damage
in remotely sensed imagery. Each volunteer received a
block of images, completed mapping it for earthquake-
induced damage by the visual comparison of a pre- and
post-event image, then received another block, and so
on. In less than a week, volunteers mapped close to
30,000 severely-damaged buildings.

Despite its successes, the model used during the Haiti
earthquake can be improved. With so many involved,
and only one image assigned per volunteer, the reliabil-
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ity of the mappings varied greatly with each volunteers
expertise. Indeed, field analysis later revealed a large
number of errors of omission (or false negatives) pro-
duced by the volunteer PDNA effort (EC et al., 2010).
The volunteers competently mapped sites that were
severely damaged or totally destroyed, but were less
successful at finding moderate levels of damage.

This paper suggests a new model for crowdsourced
PDNA of earthquake-induced damage that uses ma-
chine learning to semi-automate the effort and improve
the reliability of the damage assessment. In contrast
to the Haiti model, our model assigns a single image to
multiple volunteers in order to robustly estimate both
the damage in the image and the volunteer’s reliability.
However, the use of multiple volunteers per image can
inflate the overall time of the effort. To maintain the
speed of the assessment effort, we propose the semi-
automation of the effort via an active learning frame-
work which shifts the volunteer effort from mapping
and classifying the entire database to generating reli-
able training data. This paper discusses relevant work
in machine learning and research opportunities that
arise from adapting existing machine learning meth-
ods for this problem setting.

2. Haiti PDNA Model

The use of crowdsourcing for earthquake-induced dam-
age assessment was prototyped in the wake of the 2008
Sichuan, China earthquake. A “highly-motivated”
network of scientists participated in a “community-
based” damage assessment effort examining private
aerial and commercial satellite data (Bevington et al.,
2010). This effort spurred the development of the on-
line Virtual Disaster Viewer (VDV) by ImageCat, Inc.
for the analysis of pre- and post-event high-resolution
imagery.

When the Haiti earthquake happened in 2010, high
resolution remotely-sensed images provided compre-
hensive coverage of Haiti in real-time. The World
Bank tasked ImageCat to assess damage in these now
freely available images. ImageCat expanded the net-
work of scientists used during the Sichuan earthquake,
and formalized it as the Global Earth Observation
Catastrophe Assessment Network (GEO-CAN). Dur-
ing the Haiti PDNA effort, GEO-CAN grew to include
over 600 participants from academia and private in-
dustry worldwide. The dissemination of images via
VDV to GEO-CAN reduced the overall time required
for image review to less than a week, and proved to be
promising model for rapid damage assessment.

Figure 1 shows the workflow of the mapping effort

Figure 1. Workflow of Haiti Model

performed in the aftermath of the Haiti earthquake.
Each volunteer received a block of images, and was
tasked with drawing polygons around earthquake-
induced damage by visually inspecting the overlay of
pre- and post-event images in VDV. In this model,
each image is mapped by only one volunteer and re-
sults are accepted as-is.

On March 10, 2010 a damage assessment report was
released that also included results from field survey. In
verifying the results of GEO-CAN’s effort, the report
cited that the PDNA effort on remotely-sensed data
produced a large number of errors of omission (EC
et al., 2010). The PDNA effort correctly mapped sites
damaged at levels four (very heavy damage) and five
(destruction), but were less successful mapping areas
that were either moderately or less damaged (classes
1, 2 and 3).

3. Proposed Model

In our opinion, the primary drawback of the Haiti
model is that the quality of the effort is subject to
the variability of expertise in the crowd. There was
no check on the credentials of the 600 volunteers who
joined the Haiti effort, or whether they were even
familiar with this type of mapping task on remote-
sensing data. Even a qualified volunteer may not be
familiar with all possible data sources (optical, radar,
infrared and microwave). Scoring each volunteer ac-
cording to their reliability on each data source may
improve damage estimates and inform the image dis-
semination process.

3.1. Volunteer Reliability

Our model proposes the application of recent work on
learning from multiple, imperfect experts to robustly
estimate an example’s label (Sheng et al., 2008), score
each volunteer for reliability, or both (Raykar et al.,
2009; Donmez et al., 2009; Dekel & Shamir, 2009; Yan
et al., 2010). Much of this work is inspired by the ad-
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vent of low-cost services (e.g., Mechanical Turk, Rent-
A-Coder) (Sheng et al., 2008; Donmez et al., 2009)
with a focus on tasks related to natural language pro-
cessing (Donmez et al., 2009), or medical diagnosis
(Raykar et al., 2009; Yan et al., 2010).

Each method differs in its approach. Sheng et al.
(2008) assumes uniform labeler reliability, and ex-
amines the trade-off of getting another label versus
another example. Raykar et al. (2009) uses an ap-
proach that jointly estimates expert reliability along
with an example’s label via the Expectation Maxi-
mization (EM) algorithm. Yan et al. (2010) extends
this work by estimating labeler reliability per exam-
ple. Donmez et al. (2009) modifies active learning
to account for multiple, unreliable labelers and selects
only those oracles that score above a certain thresh-
old. Their approach trades off between exploration in
the early rounds and exploitation in the later rounds,
as the more reliable oracles are identified and targeted
for labeling.

3.2. Semi-automation

Algorithm 1 Iterative Framework for Training Data
Generation using Multiple Volunteers
1: Given: learning algorithm L, labeled images L,

unlabeled images U , volunteers V with weights W
2: Train(L,L)
3: while true do
4: X ← Select(U)
5: for objects x ∈ X do
6: l̂← Label(X,V,w)
7: L ← L ∪ {(x, l̂)}
8: U ← U − {x}
9: end for

10: Update(W)
11: Train(L,L)
12: end while

The use of multiple experts to map a single image in-
creases the magnitude of the effort and risks inflating
the overall time of assessment. One can address this
problem by recruiting more volunteers. However, it is
likely that increasing data rates and availability will
outpace the ability to recruit out of the geoengineer-
ing communities. In order to use multiple experts per
image but maintain the speed of the current model, we
propose shifting the volunteer effort to the generation
of high-quality training data using an active learning-
style framework (Donmez et al., 2009).

Algorithm 1 outlines a generic algorithm which is ini-
tialized with a learning algorithm L, a small set of
labeled images L, the unlabeled images U , and a set of

expert volunteers V with associated scores W. After
training the classifier (line 2), learning proceeds with
the selection of images for analysis by V. Typically,
active learning selects examples on which the classi-
fier is most uncertain (Lewis & Catlett, 1994). Once
an image is selected, all volunteers in V analyze the
pre- and post-event image, identify damaged objects
and label them. The predictions of the volunteers in
V are unified according to their reliability scores W
(e.g., weighted majority vote). The unified label l̂ is
adopted, the training set L and unlabeled pool U are
updated, L is re-trained, reliability scores W are up-
dated, and the process repeats until terminated. The
approach of (Donmez et al., 2009) best fits our pro-
posed model since it is an active learning framework
that uses multiple experts.

3.3. Image Segmentation

Our second time-saving solution is to use image seg-
mentation and change detection (Shapiro, 2001) to
find damaged objects (e.g., buildings, roads) in the
post-event image, rather than have a volunteer identify
them and draw polygons manually. This frees the vol-
unteer to focus on the classification of damage states,
and may reduce errors of omission. The challenge
of using image segmentation for earthquake-induced
damage assessment is that damaged areas tend to ex-
pose bare rock and debris, which are easily confused
with “rocky outcrops, roads, water bodies, and river
beds” (Martha et al., 2010). Image segmentation may
not produce objects that represent true damage unless
methods are improved to recognize post-earthquake
landscape features. However, this challenge enables an
interesting research direction: use the volunteer pool
to provide feedback on both the newly-segmented ob-
jects and their classification. This requires integrat-
ing the image segmentation process into the iterative
learning framework and simultaneously unifying ob-
ject boundaries and their predictions.

4. Conclusion

This paper presents an alternate model for crowd-
sourced PDNA that improves reliability by amassing
multiple opinions on the damage present in each im-
age, while maintaining time efficiency through the use
of machine learning methods for image segmentation
and classification. In proposing this model, we have
identified two interesting areas of research. The first is
the development of image segmentation methods that
are robust to earthquake-induced damage, and the sec-
ond is the integration of expert feedback on both image
segmentation and classification into an active learning
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framework for multiple experts.

We are currently investigating these issues and plan to
evaluate them on remotely-sensed data used for map-
ping damage in the aftermath of the Haiti and New
Zealand earthquakes. For both earthquakes we have
field survey results that serve as ground truth. We
have access to images mapped via GEO-CAN for the
Haiti PDNA effort, and plan to simulate crowdsourc-
ing results for the New Zealand earthquake.
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