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Refugee camps and informal settlements provide accommodation to some of the
most vulnerable populations, with many of them located in Sub-Saharan Africa. Many of
these settlements lack up-to-date geoinformation that we take for granted in developed
settlements. Having up-to-date maps on the dimension, spatial layout are important for
assisting administration tasks such as crisis intervention, infrastructure development, and
population estimates which encourage economic productivity [1]. The data inequality
between the developed and developing countries are results of multiple reasons ranging
from a lack of commercial interest to knowledge gaps in data contributors [2–4]. Such
disparity can be reduced using assisted mapping technology. A combination of Very High
Resolution (VHR) satellite imagery and Machine Learning (ML) based methods that exploit
the textural, spectral, and morphological characteristics of VHR imagery are commonly used
to extract geospatial and imagery of these complex environments [5]. Although many have
shown promising results in satellite VHR scenarios (e.g. differentiating slum and non-slum
[6,7]), in drone imagery, however, results might suffer from noise caused by environment and
drone-based specific motion problems. Recent advances in Deep Learning (DL) based
Computer Vision (CV), however, might be able to address these issues [8].

In our pilot project, we investigated the capabilities of applying DL semantic
segmentation methods for delineating building footprints in refugee camps from open-data
drone imagery. This study is connected to a larger initiative to open-source the AI assisted
mapping platform in the current Humanitarian OpenStreetMap Team’s (HOT) ecosystem.
The study focuses on two refugee camps in East Africa located in a similar savannah
ecosystem. The first camp is located in Dzaleka, Dowa, Malawi, this area is split into the
Dzaleka North and Dzaleka main camp, home to ca. 40,000 refugees. The northern camp is
characterised by newer, spatially well-planned metal-sheeted roofs, while the southern main
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camp is characterised by arrangements of dense mud-walled buildings with stone-lined
thatched-roofs [9]. The second camp, the Kalobeyei settlement is home to ca. 34,800
refugees as of 2019, the settlement part of an extension for the larger Kakuma refugee
camp, located in the rural county of Turkana, North-West Kenya. This camp is significantly
more spacious and is characterised by spatially well-planned shelters with metal-sheeted
roofs [10]. VHR drone images were provided for both camps by the OpenAerialMap project
and vector labels produced by HOT volunteers were provided for the Dzaleka camps, and
vector labels for the Kalobeyei settlements were created specifically for this study.

DL and semantic segmentation applications aim at classifying each pixel of an image
into a predefined set of semantic classes. Semantic segmentation image classification
tasks require high quality of reference data. In particular, the motion artefact problem [8]
needs to be addressed. However, in the case of this study, a large quantity of available labels
from the Dzaleka camps were not created with these challenges in mind. These
imperfections in labelling could cause the trained model to misclassify. In order to have a
model which performs well on drone imagery, we hypothesise that this will be a significant
feature for the model to learn. Therefore, the Kalobeyei dataset was labelled to be the
pixel-aligned dataset accounting for motion artefacts. Through this unique combination of
different data quality levels, their influence on the classification results could be tested.

Several architectures of Convolutional Neural Networks (herein CNN) have recently
developed. From these, the U-Net architecture [11] was selected on the basis of applicable
ability in many domains, a proven track record of performance in remote sensing
segmentation tasks, and relative computational efficiency [12–14]. The symmetrical
encoder-decoder type architecture is able to extract deeper features in the encoder layers,
while the decoder layers recover and interpolate spatial features [15]. The ability to switch
out the encoder structure allows the DL practitioner to experiment with more up-to-date
architectures without changing the output shape. This drastically increases the combination
of experiments that allow testing the best combinations of encoder-decoder structure
suitable for the dataset. All the experiments in this study were carried out using the
high-level PyTorch API Segmentation-Model-PyTorch [16]. In this study, the experiments with
changed encoder came from the EfficientNet family. There are three reasons for this
selection: Firstly, at one of the last stages of the Open-Cities-AI-Challenge (OCC) competition
winning network [17], EfficientNet B1 was used as an encoder. Secondly, the EfficientNet
family is a set of network architectures that are structured and easy to scale up when
computational resources become available. Thirdly, they are an accepted representation of
generalised state-of-the-art architectures that have been tested and performed well in
classical CV datasets [18]. In essence, these are sets of experiments that mix and match old
and new architectural design. Regarding data pre-processing, the drone imagery was
normalised and resampled to 15 cm resolution, then subsequently cropped at two-thirds
overlapping steps to increase the quantity of training data. The training, validation, and
testing dataset were split on a 60, 30, and 10% ratio. With appropriate augmentation
techniques applied to the training and validation dataset.

The objective of this study is to test the U-Net and several variations of the
architectures’ performance for building footprint mapping, initially on the pixel-aligned and
simple Kalobeyei dataset. Subsequently, the models were introduced to the less-aligned
Dzaleka and Dzaleka North datasets of higher complexity. A comparison of the baseline
experiments, which kept the settings of hyperparameters to be consistent, were conducted
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between the architectures. Class-based accuracy assessments metrics were used to
evaluate performances between the baseline experiments setup. This allows evaluation into
which level of data quality is required to achieve acceptable classification results when
scaling DL assisted mapping efforts in the context of humanitarian mapping.

Initial baseline experiments suggest limited transferability from the competition
winning OCC model. This indicates that the OCC model might be over-generalised to the
competition test dataset, which mainly consists of a similar drone imagery of 10 different
urban areas in Africa. This is accentuated by this model achieving very high confidence on
metal-sheeted roofs, while not detecting any of the more complicated thatched roofs
common in the Dzaleka camp (see Figure 1, left). The OCC model was found to also struggle
with some of the more obscure drone motion artefacts occurring at the edge of the imagery
in the Kalobeyei camp.

Figure 1. Prediction example from further training of EfficientNet B1 U-Net of the OCC winning network.

In most of our experiments, precision and recall measures have both reached above
0.7. However, there are still significant variations among different architectures and between
the datasets. Precision and recall suggest that unmodified U-Nets were least affected by the
introduction of the less accurate samples from the Dzaleka dataset. Meanwhile, in absolute
terms, the EfficientNet encoder U-Nets performed better if only the Kalobeyei dataset is
considered. The results show that deeper versions of the respective network architecture
had not universally produced improvements, but they vary by dataset. Segmentation results
from the OCC model (see Figure 1), when adapted to the settlements of this study, did not
outperform the other tested architectures.

This study demonstrated the ability to use DL semantic segmentation to perform
building segmentation in complex humanitarian applications. Having increased access to
open-data VHR drone imagery such as the OpenAerialMap initiative is an advantage to
building AI-assisted humanitarian mapping. The study evaluated various U-Net based
architectures and data input setup. Yet, the variation of the results not only emphasised the
complexity of DL based methods, but also indicate that further efforts will be needed to
focus on the selection of suitable network architectures as they show varying resilience
towards imperfect reference samples.
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