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Abstract: Earth-observation-based mapping plays a critical role in humanitarian responses by pro-
viding timely and accurate information in inaccessible areas, or in situations where frequent updates
and monitoring are required, such as in internally displaced population (IDP)/refugee settlements.
Manual information extraction pipelines are slow and resource inefficient. Advances in deep learning,
especially convolutional neural networks (CNNSs), are providing state-of-the-art possibilities for
automation in information extraction. This study investigates a deep convolutional neural network-
based Mask R-CNN model for dwelling extractions in IDP/refugee settlements. The study uses a
time series of very high-resolution satellite images from WorldView-2 and WorldView-3. The model
was trained with transfer learning through domain adaptation from nonremote sensing tasks. The
capability of a model trained on historical images to detect dwelling features on completely unseen
newly obtained images through temporal transfer was investigated. The results show that transfer
learning provides better performance than training the model from scratch, with an MloU range of
4.5 to 15.3%, and a range of 18.6 to 25.6% for the overall quality of the extracted dwellings, which
varied on the bases of the source of the pretrained weight and the input image. Once it was trained
on historical images, the model achieved 62.9, 89.3, and 77% for the object-based mean intersection
over union (MIoU), completeness, and quality metrics, respectively, on completely unseen images.

Keywords: deep learning; dwelling extraction; refugee settlement; IDPs; Mask R-CNN

1. Introduction

As of 2019, there were around 79.5 million persons displaced from their homes as a
result of either natural or human-made disasters globally, and, in mid-2021, this number
surpassed 84 million [1]. These populations might either stay within their national borders
(internally displaced populations (IDPs)), or they may cross international borders (refuges),
and a considerable share of these people stay in refugee settlements [2]. The livelihoods
of refugees are dependent on support from the host government and international aid
organizations. Therefore, information related to the attributes of refugee settlements, such
as the residing population, the number of dwellings, and the available infrastructure, has
paramount importance for both emergency responses and the long-term socioeconomic
planning of refugee camps [3,4].

This information can be collected by being onsite, through physical observation and
measurement, and through other data collection approaches, which involve the presence of
data collection analysts/experts. This strategy is not efficient in terms of resources, time,
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and the safety of the data collectors, especially in camps with proximities to insecure and
conflict-stricken areas. More importantly, in camps where frequent and regular monitoring
with regular updates is needed, field data collection approaches are almost impractical. In
such situations, the use of remote-sensing approaches becomes a viable alternative as an
information source for the humanitarian response [2,5,6].

Remote sensing has been applied to monitor the various attributes of IDP/refugee
camps, including the infrastructure evolution [7], the environment [8-11], refugee camp
expansion [9,12-15], and natural hazard vulnerability analysis [16], towards an estima-
tion of the residing populations within the camps [17-19], using various interpretation,
prediction, classification, and modeling approaches. There are previous works that are
specific to dwelling detection in IDP /refugee camp [4,20-24]. While these strategies can
provide useful results, they always demand the partial or full intervention of experts in
the information extraction workflow, as these methods rely on either the creation of an
object-based ruleset, semiautomatic thresholding, or manual digitization.

IDPs and refugee camps change dynamically, and they are controlled by an influx of
incoming and outgoing populations, which subsequently change the extent of the camp,
the dwelling structures, and the population sizes [12,25]. Therefore, the close monitoring
of these changes requires frequent information updates and rapid information appraisal
for the humanitarian response [2]. Beyond immediate information retrieval, there is also
a significant challenge in dwelling feature extraction in refugee camps using a manual
approach, which is demonstrated by the inherent characteristics of the dwelling structures
themselves. This includes extremely small sizes, but extremely large numbers, and the
strong similarity of some of the dwelling features with the surrounding soil or background,
as most structures are made from unconventional building materials, such as grass, wood,
mud, and plastic. Both situations call for automatic information extraction strategies.

By leveraging advances in computer vision and the proliferation of very high-resolution
satellite imagery, deep convolutional neural networks (CNN) play a major role in segmenta-
tion and object detection tasks [26]. There have been promising works that use segmentation
and detection tasks for automatic building extraction [27-30]. Using the availability of
high-resolution images, high-performance computing, and advanced deep learning models,
there have also been mappings of buildings at the continental [31] and global scales [32].
According to an in-depth analysis by the authors of [33], the global datasets on built-up
areas are less representative for IDP/refugee settlements, which are characterized by a
low probability of detection, the underestimation of the built-up extent, and the complete
overlooking of a few refugee settlements. A comprehensive assessment on the relevance
of Open Street Maps (OSM) for monitoring the sustainable development goals in refugee
settlements, by the authors of [34], also concludes that although OSM has relevant thematic
layers for the intended goal, the information is mapped long after refugee settlements
form, and it is not frequently updated. From the qualitative inspection made on the test
site during the writing phase of this report, the underrepresentation of dwelling struc-
tures in IDP/refugee camps is also common in well-known generic open datasets, such as
OpenStreetMap (OSM), Bing Maps, and Google Maps (Appendix A Figures Al and A2 for
details in specific study sites), and specific thematic layers hosted by entities working on
IDP /refugee settlements [35]. All of this justifies the requirements for the detailed mapping
of IDP /refugee settlements from very high-resolution satellite images.

Recently, there have been a few encouraging studies dedicated to the deep-learning-
based dwelling extraction of refugee camps. The authors of [36] mapped dwelling features
with a combination of object-based image analysis (OBIA) approaches with CNNs. Similar
to this research, the authors of [37] used a CNN model to count the dwelling features in the
Rukban area at the border between Syria and Jordan. To use a deep learning approach as a
dwelling extraction pipeline in the operational setting of the humanitarian response, the
authors of [38] tested a Mask region-based convolutional neural network (Mask R-CNN) to
map IDP/refugee dwellings in Sudan, where they observed model performance variations
based on the input image and the test site characteristics. Similarly, after investigating the
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potential of CNN approaches for dwelling detection in comparison with OBIA strategies in
Cameroon, the authors of [39] recommended a further study on the temporal and spatial
transferability, with multisource and multitemporal imagery. While these findings have
provided promising results, our research answers the following research questions, which
still remained unanswered:

e  Transfer learning through domain adaptation [40]: Given that deep learning models are
data driven, can we gain leverage from openly available pretrained weights generated
from non-remotely sensed datasets through domain adaptation for dwelling detection?
Which datasets perform better with regard to the provision of weights? Is there a
pronounced performance difference if we train the model from scratch?

o  Temporal transferability: Given that camps are very dynamic (Figure 1), is it possible
to extract dwelling features using a model trained on images obtained in the past,
every time new imagery is obtained?

By evaluating the temporal transferability in combination with transfer learning
through domain adaptation, we believe our study makes a profound contribution to the
rapid mapping of IDP/refugee settlements to support operational Earth-observation-based
humanitarian responses.

2. Materials and Methods
2.1. Study Site

Minawao is situated in the northern part of Cameroon. According to the [41], this
study site hosted a large number of refugees. The camp consists of some facility buildings,
and a large number of UNHCR-issued standard tents and tukuls. UNHCR-issued standard
tents may vary in size on the basis of the intended family size and the phase of camp
transition [42]. Tukuls are dwelling structures made from either wood or thatch, which
have circular, rectangular, or square shapes, with either conical, pitched, or pyramid-
shaped rooftops [43]. The camp is situated in a semiarid environment, where the dry
season lasts from November to March. The rest months are grouped to the wet season,
with a small amount of rainfall that peaks in August, where the monthly total reaches
228 milometers [44].

2.2. Data, Processing, and Sample Preparation

The study used very high-resolution WorldView-3 and WorldView-2 images, with
spatial resolutions of 0.5 and 0.3 m, respectively, in the panchromatic band. Table 1 shows
the specifications of the utilized images. The images of the Minawao refugee camp in
Cameroon were taken at different times that accounted for both the dry and wet seasons
of the test site. Though the images were obtained as part of a remote-sensing-based
operational humanitarian response, the specific imaging years were selected on the basis
of the data availability in our in-house image archives, and on the possibility of capturing
the spatiotemporal dynamics of the dwellings in the test sites. The annotated shape files
used for the model training and testing were obtained as part of the long-term engagement
of our research group in generating dwelling features from very high-resolution satellite
images for humanitarian responses.
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Figure 1. IDP/refugee camp dwelling dynamics through time: Top (full camp) and (A) indicate
a rapid spatial expansion of dwelling structures; (B) indicates changes in presence and type of
dwellings, as dwellings in 2015 images were dismantled, and tunnel-shaped dwellings were replaced
by rectangular structures; and (C) indicates changes in dwelling type (structure) and number. Border
colors correspond to the same-colored boxes on the full camp image, where the subsets were taken.
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The labels were generated using both OBIA, manual digitalization, and a combination
of OBIA with manual digitization for the postprocessing. Before using the annotated
samples, quality assurance measures were undertaken by checking the congruency of
the annotated dwelling feature boundary with the dwellings on the image, correction of
the geometry, screening for the presence of systematic shifts, and the attribute correction
of mislabelled objects. They were then converted to a binary raster file, with the same
resolution as the input satellite images, for further operation.

Table 1. Summary of utilized images.

Date Sensor Ground Sampling Distance (m) Bit Depth Processing Level
10 March 2015 WorldView-3 0.5 16 bits Ortho ready standard product
21 June 2015 WorldView-3 0.5 16 bits Ortho ready standard product
3 June 2016 WorldView-3 0.3 16 bits Ortho ready standard product
12 February 2017 WorldView-2 0.5 16 bits Ortho ready standard product

As is indicated in Table 1, the World View-3 and World View-2 images were obtained
as an ortho-ready standard product. Products with this processing level from DigitalGlobe
are radiometrically corrected and projected to a plane surface using user-defined map
projection and datum [45]. The radiometric correction includes the removal of sensor-
related anomalies and a further conversion to absolute radiometric numbers, while the
geometric operations include corrections for errors in the spacecraft orbit position, the
attitude uncertainty, the effects of the earth curvature, and the panoramic distortion.

As the obtained images are radiometrically corrected, under the assumption that
deep learning models are robust for the scene variation that comes from variations in
the sun illumination, a further atmospheric correction was not applied on the images.
Pan sharpening was produced using the Gram—-Schmidt algorithm [46]. As DigitalGlobe
ortho-ready standard products are projected to the standard plane without accounting for
the local topography, the orthorectification was performed using the advanced spaceborne
thermal emission and reflection (ASTER) digital elevation model (DEM), accessed from
USGS Earth Explorer [47]. As the last step of the image pre-processing step, before ingesting
to the model, all the images were linearly scaled to 8-bit RGB images, with the enhancement
conducted by using histogram stretching, with 2.5 standard deviations. As indicated
in Figure 2A-C, all of the image and label pairs, together with the annotated binary
raster image, were partitioned into smaller image tiles of 256-by-256 pixels, in height and
width, respectively.

Though CNNs, in general, and Mask R-CNNSs, in particular, can handle smaller as
well as larger image tiles than the image tile we used, the sizes of the tiles were chosen
mainly by considering the computational efficiency and the provision of a model to better
learn the spatial features [48,49]. Subsequently, individual object masks and bounding
boxes were generated from the respective label tiles. Before training, these image tiles were
randomly shuffled with a user-defined seed value (to reproduce the results in subsequent
experiments), partitioned to the training, validation, and testing sets, with ratios of 60, 20,
and 20%, respectively.

The proper train—test ratio is acknowledged in machine learning research, which [50,51]
has investigated its impact on the model performance by randomly assigning split ratios,
while the authors of [52] implemented algorithmic approaches, which further require data
clustering. As in both cases, there is no hard rule, and we have allotted large samples to
the training for two reasons. The first reason is to allow the model to learn the existing
dwelling-feature-attribute heterogeneity from large datasets. The second reason is to reduce
the chance of the overfitting of the very deep model during transfer learning through
domain adaptation. The training set is used to adjust the model weights and biases during
training, while the validation set is used for the hyperparameter tuning (monitoring model
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performance during training and selecting optimal combinations) [53]. The test set is used
to evaluate the generalization performance of the trained model on unseen data.

(A)

(B) ©

Figure 2. Sample images: (A) input image is shown in RGB; (B) label raster, where blue indicates
background, and red indicates dwelling features; and (C) labeled raster on top of an input image
with RGB color.

For transfer learning through domain adaptation, the study used two pretrained model
weights, which were generated from a large number of non-remotely sensed datasets:
Common Object Context (COCO) [54] and ImageNet [55]. The weights from COCO were
generated from a large number of images with 81 object classes, while the ImageNet
weights were generated from more than 50 million images, with more than 20000 categories.
The ImageNet weights, contributed by the authors of [56], were obtained from an open
repository [57], while the COCO weights were obtained from [58].

2.3. Model and Training Procedure

For the overall training and testing operations, an instance segmentation Mask R-
CNN [59] was used. The model takes input images, object masks with class labels, and
the respective bounding boxes of each object, and it produces individual object masks,
object classes with bounding boxes, and detection probabilities. The model evolved from a
combination of object-detection models [60-63] and semantic segmentation models [64,65].

The model architecture is mainly built from three main engines: feature extraction
modules with ResNet architecture [56]; a regional proposal network (RPN) [60]; and a mask
head. The feature extraction module generates a stack of abstract features with different
levels of spatial detail on the basis of the provided anchor scale. The use of anchor ratios
and anchor scales is mainly intended to accommodate the existing size and dimension
variations of the objects within the study site. For example, the dwelling features range
from small 2-m? huts, to large facility buildings (~400 m?). In order to accommodate
this, the study used anchors of sizes 4, 8, 16, 32, and 64, which the feature extraction
module uses to produce an abstract feature layer of [B, A, C, W, H]. To accommodate the
length and width variations or the aspect ratios, the anchor sizes were further scaled with
ratios of 0.5, 1, and 2, respectively. Thereby, B is the batch size, which depends on the
parameter set of the number of image chips fed into the feature extraction module; A is the
number of anchor scales; C is the number of channels, which is determined by the number
of channels in the last convolutional layer; and H is the image height and width of the
output feature map. Using generated features, the RPN layer generates candidate object
proposals. These object proposals were further passed through a region of interest align
(RoIA) module, which produced fixed-size feature maps. These fixed-size feature maps,
aligned to the region proposals, were simultaneously fed into two independent branches.
The first branch has two fully connected subnetworks: a bounding box regressor and a
bounding box SoftMax, which further yielded bounding box coordinates and bounding box
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classes, respectively. The second branch is a fully convolutional network [66] that produces
object masks (Figure 3 for implementation detail).

FC
I Object bbox
—> regressor
Object bbox
> I class softmax

.

FCN

Rol features
%
(¢)
<

Region proposals

saamjeaq

RPN Rol
pooling

Figure 3. Mask R-CNN architecture.

During the training phase, the model is optimized with stochastic gradient descent
(SGD) [67] by recursively adjusting the cost from the multitask loss function [59,62] pro-
vided in Equation (1):

= Lpbx + Leis + Linsk 1

where L is the multitask loss, and Ly, and L. are the bounding box and class loss,
respectively. For the bounding box loss, the L1 smooth loss [62] is implemented for both
the regional proposal network (RPN) and the Mask R-CNN mask object bounding box
regression tasks. The L, is the mask loss [59]. For both the bounding box and mask
classes, a sparse categorical cross-entropy loss was implemented.

To achieve the objective of checking the performance of transfer learning through
domain adaptation, during the training phase, the model was trained by two weight
initialization approaches. The first approach starts the training from scratch, where the
model weights are initialized from a random normal distribution. The second approach is
domain adaptation through transfer learning, using pretrained weights generated from the
COCO [54] and ImageNet [55] datasets. Both sources of weights are designed to segment
objects for a large number of classes. As the current study has two classes (dwelling and
background), the last layer weights of the pretrained weights were excluded from usage.
This includes the weights for the bounding box regressor, the bounding box class logits,
and the object mask. The final SoftMax layer is removed and replaced with SoftMax,
which predicts the probabilities of the two classes. Then, the overall model weights are
hierarchically fine-tuned. Firstly, the head layers are fine-tuned with a learning rate of
0.01, followed by the first four layers, with a learning rate of 0.001. During this phase, the
weights of the other layers were set to freeze. While transferring the learned weights from
a deep model trained with a substantially large-source dataset, freezing the first few layers
boosts the accuracy [68,69]. Finally, all the layers were updated with a learning rate of
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0.0001. This approach enables the model to first learn the task-specific abstract features,
and then slowly transfer the model knowledge to learn the features from a new target task.

In both cases, though the model has many hyperparameters, the values of the ones
that we consider to be the most sensitive, are optimized. These are the minimum confidence
of detection, the minimum threshold for non-maximum suppression (NMS) [60,70], and
the learning rate. The NMS values control the double detection of a single object as
overlapping features, as well as the proliferation of false positives, especially the false
inclusion of the background as a part of the dwelling features. The ideal way to select the
optimal hyperparameters of the model would be through a grid search strategy; however,
given that the model is computationally demanding, the optimization was performed
by consulting the hyperparameters reported in previous studies [71,72], through trial
and error.

To achieve the objective of the testing, which is the transferability of the trained model
to learn across time, the model training, testing, and the transferring procedure, presented
in Figure 4, were implemented. At first, the model was trained and tested on a one-time
older image and was transferred to newly obtained images from both the same season and
from different seasons. To understand the performance difference of the mixing images
from both seasons, the model was first trained and tested on the combined images obtained
from the wet and dry seasons of 2015, and then transferred to unseen images obtained
in June 2016 and February 2017. Though both experiments can provide insights into
the impacts of the seasonal variation on the temporal transferability, to account for the
combined effects of the time gap and the seasonal variation, another model was trained,
with mixed images from 2015 and 2016 in the same season, and from 2015 and 2016 from
a different season, and all were transferred to 2017. In addition to these experiments, the
temporal transferability was also tested with the further fine-tuning of the trained model
with a few samples from the target images (20% of the samples), as implemented in [38].

!

June 2015 » June 2016 February 2017
\ A
y
Mix
y
March 2015 » June 2016 February 2017
+ A A
> Mix
» June 2015

[ Training and test data [____] Transfer data
—» Transfer direction —>»  Data mixing direction

Figure 4. Model training, testing, and transferring procedure.

To evaluate the segmentation performance of the model, the pixel label precision,
recall, and F-1 score [73], as well as the object-based mean intersection over union (MIoU)
were used, which are indicated in Equations (2)—(6). The F-1 score, also called the “dice
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score”, provides a measure for the holistic performance of the model by balancing the recall
and precision scores. The MIolU, which is also called the “Jaccard index”, provides the
geometric fit of the segmented and reference dwelling features [74]. The evaluation metrics
were computed as:

T,
Precision (Py) = £ 2
(Fr) T, +Fp @
T,
Recall (R;) = —F
ecall (R.) T, +E 3)
(Pr*R¢)
F-1 Fl) =2% —FH 4
score (F1) * (Pt R 4)
1 N
Mean Intersection over union(MIol) = N Y Il ®)
i=1
Intersection over Union (IoU) = m (6)

where T), F,, and T, are the true positive, false positive, and false negative pixels, respec-
tively, while N is the number of image tiles used in the test; the P and R are predicted,
and the reference dwelling features or object masks, and ¢ is a constant for a safe division,
which is 1076

A large number of extremely small-size buildings and a few larger buildings usually
dominate IDP/refugee settlements. If the model performs well to detect larger buildings,
and fails to accurately localize and detect smaller ones, the object-based and pixel-based
accuracy metrics could be misleading. Hence, accuracy metrics that account for the number
of detected objects, and their spatial fit with the reference objects, can provide a full picture
of the model performance. In humanitarian responses, the completeness and correctness
of the generated dwellings are more important than the pixel accuracy, as every further
subsequent decision is based on the numbers and types (size) of the dwellings. To serve
this purpose, the completeness, correctness, and quality metrics were computed as in [75]
and [76], and are provided in Equations (7)—(10):

Tpo

Correctness (Cy) = —— 7
orrectness (Cy) Tyo+ Fro (7)
Completeness (Cpy) = Tye ®)

§ " T+ Fuo
Quality (Q) = S| N )

Tpo +F po + Fno

. Cr*Cpy
Object — based F — Fly) =2 % —F0 1

ject — base score (F1,) * C.1C, (10)

where T), are the true positive objects that are detected and the overlap with the reference
objects; Fy, are the false positive objects, which are detected objects that are not actual
dwellings; and F,;, are the false-negative detections, which are the objects that are not
detected by the model. The overall workflow was implemented using Python. The core
TensorFlow [77] based implementation of the Mask R-CNN model from [58] was integrated,
with custom-made input-output, image pre-processing, accuracy, and visualization scripts.

3. Results

The results clearly show that training the model with weight initializations from the
weights generated from large-image sets through domain adaptation has profoundly better
results than training the model from scratch using the values from the random latent space.
It was also learned that, although the results obtained from both the ImageNet and COCO
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weight initializations outweigh the results obtained from the random initializations, there
are also performance and consistency variations among the pretrained weights. Similarly,
transferring the model across time has good potential for predicting the dwelling features
from completely unseen new images.

Asis indicated in Table 2, when the model was trained by different weight initialization
approaches, it showed strong variations in the dwelling detection performance. When
the model was initialized with pretrained weights, it performed better than a model
initialized with random values from normal distributions. During the testing phase, a
model initialized with random values has almost 10% lower MloU values than a model
initialized with ImageNet weights, and 12% lower than a model initialized with weights
from the COCO dataset. In terms of the number of detected objects, when the model
is initialized with randomly initiated weights, it strongly underestimates the number of
dwellings. Additionally, the detected numbers consist of contributions from a large number
of false-positive rates (2594 out of 9669 detected dwellings). The overall quality is also
almost 20% lower than in the models trained with pretrained weights.

When all the trained models were exposed for completely unseen images from June
2016 and February 2017, almost the same performance scenario was observed. The model
trained from scratch achieved lower performance than all the models trained with pre-
trained weights. This is evident from both the pixel-based and object-based metrics pre-
sented in Table 2. It is also clear that, when we look at it in terms of time, the performance
of all the June 2016 model images is better than the observed performance in February
2017, which is almost 10% for the overall quality and the MIoU values. Though a model
initialized with ImageNet almost performed better in terms of the overall completeness
and correctness of the detected objects in the testing phase, in all the transferability tests, a
model initialized with COCO weights showed consistently better performance. Because of
this, further transferability test experiments were performed using a model initialized with
COCO weights.

Similar to the quantitative measures presented in Table 2, the detection results, pre-
sented in Figure 5, also clearly show the better detection performance of the model initial-
ized with pretrained weights. The model trained from scratch has merged nearby objects
and the double prediction of a single object, which is an indication of the inability of the
RPN module to properly localize the dwelling objects. It also failed to predict even bright
objects, which contrast well with the background.

Table 2. Training and transfer performances with different model weight initializations trained on an
image from the wet season.

June 2015 trained and tested on samples from the same image

Pixel-based metrics

Object-based metrics

Model weights
R. F1 MIoU Refcount Pred count Tpo Fpo Fo C, Cm F1, Q
Scratch 0.845 0.809 0.804 0.493 10,383 9669 7075 2594 3296 0.682 0.732 0.706 0.546
ImageNet 0.865 0.871 0.857 0.593 10,383 10,015 8843 1172 1513 0.854 0.883 0.868 0.767
COCO 0.856 0.894 0.866 0.613 10,383 10,676 8914 1762 1484 0.857 0.835 0.846 0.733

Trained on June 2015 image and transferred to June 2016 image

Pixel-based metrics

Object-based metrics

Model weights

Rc

F1 MIoU Refcount Pred count Tpo Fpo Fo C, Cm F1, Q

Scratch 0.792 0.850 0.793 0.476 17553 21601
0.886 0.857 0.595 17553 16158
COCO 0.863 0.901 0.872 0.629 17553 16655

ImageNet 0.851

13087 8514 3864 0.772 0.606 0.679 0.514
14428 1730 2949 0.830 0.893 0.860 0.755
14720 1935 2450 0.857 0.884 0.870 0.770
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Table 2. Cont.

Trained on June 2015 image and transferred to February 2017 image

Pixel-based metrics

Object-based metrics

Model weights
R, F1 MIoU Refcount Pred count Tpo Fpo Fuo C, Cm F1, Q;
Scratch 0.842 0.730 0.753 0.387 20912 16649 11818 4831 9088 0.565 0.710 0.629 0.459
ImageNet 0.847 0.760 0.784 0.432 20912 17983 15403 2580 5895 0.723 0.857 0.784 0.645
COCO 0.850 0.812 0.820 0.507 20912 18239 15743 2496 5309 0.748 0.863 0.801 0.669

(A)

(B)

Figure 5. Sample model prediction results of the test dataset using different weight initializations

(©

(D)

during a training phase for the image taken in June 2015. (A) Reference image, (B,C) are predictions
from Mask R-CNN trained with weight initializations from COCO and ImageNet wights respectively,
(D) predictions from Mask R-CNN weight initializations with random weights and trained from
scratch and rows indicate patches from different locations in the test site.

The results presented in Table 2 were obtained from models trained in June 2015 (wet
season), and where the model performance was tested on wet- and dry-season images
from June 2016 and February 2017, respectively. To acquire further insight, a model was
also trained on the dry-season image obtained in March 2015, and its transferability was
tested on the same images from 2016 and 2017, and June 2015 (same year, different season).
As indicated in Table 3, except for the MIoU value, in all the performance metrics, the
transferability test achieved higher performances for the target images from June 2015
(smaller time gap with source images used to train the model), followed by an image from
June 2016.

Table 3. Model performance variations with a model trained on dry-season image (March 2015).

MIoU

Ref count  Pred count Tpo Fpo Fuo C, Cm F1, Q

Test March 2015

0.669

19,002 14,077 13,902 175 4844 0.742 0.988 0.847 0.735

Transfer

June 2015
June 2016
February 2017

0.460
0.546
0.465

2017
4579
5992

0.748
0.735
0.712

0.967
0.921
0.869

0.843
0.818
0.783

0.729
0.692
0.643

8146
17,553
20,912

6194
13,826
17,086

5988
12,728
14,845

206
1098
2241
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If we compare the results presented in Tables 2 and 3, there is performance variation
when the season of training and the transfer images are different. The performance is better
when the source and target images are taken from the same season. When the temporal gap
between the source and the target images widens, this does not always hold (for example,
for the year 2017).

As is indicated in Table 4, the combination of images from different seasons provides
better results than training the model using a one-time image. Compared to the results
presented in Table 3, using a one-time image for the model training, mixing images from
two seasons provided an improvement of 6% and 4.1% for the overall quality of the detected
objects for June 2016 and February 2017, respectively. Similarly, it also achieved 8.6% and
5.3% improvements for the MIoUs for June 2016 and February 2017, respectively. Though
the mixing provided better results than using one-time images for training the model, the
rate of improvement for newly obtained images with different times was not the same.
Compared to the performance of its transferability in the image from June 2016, the same
model shows a 6.6% degradation in the quality of the detected objects when transferred to
February 2017. Given that the mixed images contain both seasons, which is the common
denominator for both target images, this performance variation could be attributed to the
temporal gap.

Table 4. Performance of the model trained with images mixed from two seasons of the same year.

Test, June and MIoU Ref count  Pred count Tpo Fpo F.o C, Cm F1, Q
March 2015 0.625 28,656 24,782 22,693 2089 5664 0.800 0.916 0.854 0.745
Transfer
June 2016 0.626 17,553 15,928 14,247 1681 3059 0.823 0.895 0.857 0.750
February 2017 0.518 20,912 19,569 16,532 3037 4580 0.783 0.845 0.812 0.684
Training the model on combined images from two seasons in 2015 and comparing its
transferability in 2016 and 2017 with different seasons may not indicate the impact of a
temporal gap on the model transferability. The transferability was also tested by training
the model on images from the dry season of 2015 and the wet season of 2016, and, after
transferring them to 2017, it yielded an improved performance (Table 5). As the temporal
gap of the images decreased, the quality of the detected objects increased, from 68.4% to
71.2%. Similarly, the MIoU values show an increment from 51.8 to 53.2%.
Table 5. Model performance trained with mixed images from two seasons with different years.
Test, March 2015 MIoU Ref count  Pred count Tpo Fpo Fuo C, Cm F1, Q
and June 2016 0.466 8146 6658 6326 332 1614 0.797 0.950 0.867 0.765
Transfer
February 2017 0.532 20,912 17,104 15,440 1664 4572 0.772 0.903 0.832 0.712

All of the temporal transfer results presented in Tables 2-5 were without any further
fine-tuning of the trained model. As can be seen in Table 6, in all the experiments, the further
fine-tuning of the trained model, with little additional data, produced improvements in
the MloU values ranging from almost 1% to 6%. Despite its consistent improvement in
the MIoU values, the impacts on the overall quality of the detected objects are mixed. For
the transfers with wider temporal gaps and a cross-season between the source and the
target images (from 2015 to 2017), there was an improvement in the overall quality of the
detected dwellings. When the source and the target images have the same season and a
relatively small temporal gap, the performance improvement is either very small, or there
is a degradation in the overall quality of the detected dwellings. This is evidenced by
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the transfer test results from June 2015 to June 2016, and from March 2015 to June 2015
(Table 6).

As a general observation, from all the transferability tests obtained from the model
trained with weight initializations from the COCO dataset, there is an underestimation of
the absolute dwelling counts, which is characterized by the prevalence of false-negative
dwellings rather than false positives (wrongly detected non-dwelling features). For all the
transferability test sites, it took the model less than one hour to finish the inference for
the whole study site (Figure 6), when executed on a desktop computer equipped with an
Intel(R) Core(TM) i5-8500 CPU @ 3.00GHz.

Table 6. Dwelling detection improvement after further fine-tuning with a few samples from the
target image.

MlIolU Q
Training Without With o Without With o
(Source) Transfer (Target) Fine-Tune Fine-Tune oA Fine-Tune Fine-Tune olA
June 2015 June 2016 0.629 0.638 0.93 0.770 0.762 -0.77
June 2015 February 2017 0.507 0.551 4.39 0.669 0.720 5.05
March 2015 June 2015 0.460 0.508 4.83 0.729 0.734 0.52
March 2015 February 2017 0.465 0.525 5.98 0.643 0.705 6.18
»
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Figure 6. Model (initialized with COCO weights) prediction on unseen image from February 2017
for the full camp extent, with detailed subset RGB images overlaid with detected dwellings.

4. Discussion

As is indicated in Table 2, all of the test results obtained from the model with the
weight initialization from the pretrained weights performed much better than the results
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obtained from training the model from the scratch (almost 18.6-25.6%, in Q; and 3.4 to
12% in MloU, based on the images of different sites). As reported in [78], whether the
model is initialized with pretrained weights through transfer learning, from either related
or distant domains in a specific task, the results are better than starting the model training
from random weight initializations. An extended experiment in [79] for medical imaging
segmentation also reports that pretraining through domain adaptation improves the seg-
mentation tasks, but the transfer learning was significantly better if it was pretrained with
the same domain images. Contrary to these, the authors of [80] present counterarguments
with their experiments, which state that, with the exception of speeding up the convergence
time, pretraining from ImageNet does not improve the accuracy performance, which is
contrary to our findings.

The results reported in the current study are better in both the testing and transferabil-
ity phases than the model performance reported by [28,81,82] on the Mask R-CNN based
on building detection, while the authors of [83] report that the model performance results
are slightly better than the results in the current study. The performance variation could be
attributed to the variability in the input data in terms of the size and the proper selection
of the model hyperparameters. It should also be noted that, except for [28], which reports
object-based accuracy metrics, pixel-based metrics are not always comparable. In the tent
detection task similar to the current study, a study by the authors of [37], using a modified
VGG16 image segmentation model, achieved an MIoU of 67%, and dwelling count errors
ranging from 1.55 to 15.88%, based on the input images in the Rukban refugee area, near the
Syria—Jordan border. It should be noted that the dwelling counts reported in their study are
just gross counts, which do not indicate the percentage of true positives, number of falsely
detected non-tent objects, and number of tents their model failed to predict (false negatives),
it is not easy to make a fair comparison. Similar to this, the authors of [84], in their study
conducted in Darfur using mathematical morphology, report predicted dwelling counts
that are in good agreement with the manual counts, but without the disaggregation of
the correctly and wrongly predicted dwellings. In a study that combines a self-designed
CNN with an object-based image analysis approach in a refugee camp, the authors of [36]
report an F-1 score that ranges to 91% in the same study site. This inflated accuracy report
is mainly attributed to the inclusion in their study of only bright dwellings with different
sizes, without accounting for the small grey and dark dwelling structures, which is in
contrast to our study:.

Building extraction studies that utilize Mask R-CNN have hybrid findings, which are
governed by the complexities of the building structures. For example, a study undertaken
in Las Vegas, Paris, Shanghai, and Khartoum [72] reports F-1 scores of 0.881, 0.760, 0.646,
and 0.578, respectively, which are lower than our findings obtained by transfer learning
through domain adaptation (Table 2). A study with an improved version of Mask R-CNN,
implemented in a well-developed urban setting, achieved a pixel-based F-1 score of 0.887,
which is in fair agreement with the results we report for the test phase (Table 2). Their study
also acknowledges the complexity posed by the extreme variation in the building sizes,
shapes, structures, and aspect ratios. As is shown in the comparisons provided in Table 7,
the Mask R-CNN yielded comparable, or even better, results than the studies applied in
urban settings with less complex building structures than IDP /refugee camps.
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Table 7. Comparison of past study results using commonly used pixel- and object-based accu-
racy metrics.

Studies R, P, F1 MlIoU F1, Model
[28] - - - - 0.78 Mask RCNN
[72] - - 0.578-0.881 * - - Mask RCNN
[72] . _ 0.568-0.879 * _ . Mask R-CNN V.Vlth. boundary
regularization
[38] ) ) 0.390-0.930 * ) ) Mask R-CNN with point rendering in
mask head
[71] - - - 0.48-0.70 * - Mask R-CNN
[83] 0.863 0.895 0.878 - - Mask RCNN (ResNet101 backbone)
Mask RCNN with rotation anchors and
[83] 0.872 0.904 0.887 - - replacement of 2D convulation with
receptive field block (RFB) in mask head
[76] - - 0.923 - 0.936 Multiconstraint graph segmentation
Ours (test) ** 0.856 0.894 0.866 0.613 0.846 Mask R-CNN (ResNet101 backbone)
Ours (Transfer 1) ** 0.863 0.901 0.872 0.629 0.870 Mask R-CNN (ResNet101 backbone)
Ours (Transfer 2) ** 0.850 0.812 0.820 0.507 0.801 Mask R-CNN (ResNet101 backbone)
* results from model initialized with COCO weights, ** based on complexities of different test sites included in
the study.

One of the general observations in all the temporal transferability tests is the under-
estimation of the dwelling counts, which is characterized by the prevalence of the false
negatives over the false positives (Figure 7). This is because of the nature and evolution
of some dwellings within the period between the source and the target image sensing
dates [36], for example, tukuls. As tukuls are dynamic, there is no sufficient number of
tukuls in the 2015 images and that were proliferated in the testing phase, which creates a
sample imbalance during the model training and a distribution problem in the transferabil-
ity phase. This is most evident in the June 2016 and February 2017 images. The authors
of [23] also note the challenges posed from the variations in the dwelling types and the
changing geographical variables because of the seasons, for effective model transferability.

As is indicated in the results section, in the transferability test, there are occasions
where the model has a lower MIolU, but performs better on the overall completeness,
correctness, and quality of the detected objects than other tests that have relatively better
MloUs. This could be attributed to the detection of dwelling features with inaccurate
localizations of the object boundaries, where some dwelling structures are detected, but
their boundaries are not precise, especially for dwellings that have half-bright or half-brown
or half-grey rooftops (Figure 8A).

(A) (B) (©)

Figure 7. Model performance on tukuls: (A) input image from June 2016 shown in RGB; (B) tukul
labels on top of RGB; and (C) predicted green and false negatives (red) on top of input RGB image.



Remote Sens. 2022, 14, 689

16 of 22

Mar 2015 -> Feb 2017
Mar 2015 -= Jun 2016
Mar 2015 -= Jun 2015
Jun 2015 ->Feb 2017
Jun 2015 -> Jun 2016

Figure 8. Imperfect predictions of the model: (A) prediction with inaccurate object-boundary local-
ization; and (B) missing dwelling features (false negatives).

In humanitarian responses, the prediction of dwelling features with precise boundaries,
as is demanded in the cadastral application, may be less important than an accurate number
of the dwellings and their locations [28]. These kinds of predictions are still valid for
estimating dwelling counts and for mapping the distribution of dwellings in IDP/refugee
settlements. More importantly, the tests or transfer experiments with relatively lower
MloUs, but with better completeness and quality metrics, indicate the use these metrics
with caution in dwelling detection tasks for the humanitarian application. If the model
detects relatively few but large-size dwellings better, and fails to properly detect many
smaller ones, the model could still have a good MIoU value.

As can be observed from the analysis results, the performance of the transferring
trained model to detect dwelling objects on completely unseen images is synchronized
with two main factors. The first factor is the seasonal similarity of the images taken. As can
be easily compared in the results from Figure 9, in the experiments where the training and
transfer images were taken in the same season (either wet or dry), the performances are
relatively better than those in the cross-season transfer. As can be seen in Figure 10, this
can be somewhat overcome by mixing the images from different seasons, depending on
the availability of the images and their respective labels. The second factor is the temporal
gap between the training and transfer images. The wider the gap between the training and
transfer images, the more evident are the changes in the dwelling spectral characteristics
and dwelling types. In this study, the individual contributions of the seasonal difference
and the temporal gap are not quantified separately.

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
EMIoU mQuality

Figure 9. Model transfer performance with the varying seasonal and temporal gaps between the
training and transfer images. Initial dates are imaging dates of input images used for training and
testing, while end dates are imaging dates of images used for the transfer.
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Mar 2015 + Jun 2016 -> Feb 2017
Mar 2015 + Jun 2015 -> Feb 2017
Jun 2015 ->Feb 2017
Mar 2015 ->Feb 2017

o

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

H Quality mMIoU

Figure 10. Impacts of combining training samples during training on transfer performance.

Further fine-tuning of the trained model, with few images and respective labels for
the temporal transferability, did not provide a consistent result, which is contrary to the
findings of [38]. The further fine-tuning of a model trained with the same season as the
target image, or with a small temporal gap, did not improve the performance, and even
degraded the results. This is mainly related to the overfitting of the model with few datasets,
and the quick convergence, without learning additional features in the wider target image,
where the learned knowledge is going to be transferred. Further fine-tuning improves the
results of transfer learning if there is cross-seasonal variation between the source and target
images, or if there is a wider temporal gap. This is because it enables the model to learn
new features from the new image, added as a result of the spectral variation by season and
dwelling evolution, within the source- and target-image sensing dates.

As is stated in [78], while the use of a pretrained network to boost the model perfor-
mance has been acknowledged, when the source input and the target input datasets are
distant or not related, or the adaptation data are very few compared to the source dataset
and the network is deep, transfer learning leads to the overfitting of the model. In general,
although Mask R-CNN with pretrained weights has been reported to achieve high accuracy
performance in tasks that are not taking overhead satellite images [85], it should be noted
that transfer learning through the domain adaptation to target tasks with resembling objects
in the source task can produce a better performance [78]. Even pretraining with the same
domain is reported to produce a significant performance boost [79].

If we assume that some parts of the false negatives were offset by false positives,
the model is providing reasonable dwelling counts (e.g., 6.5% deviation from reference
counts on 2017 image (Table 4)). If this is coupled with proper postprocessing, it could be
a good way to shorten the information delivery time in an operational setting. As can be
learned from [28], in humanitarian responses, accuracy and timeliness are tradeoffs when
urgent information retrieval is at stake, which suggests that Mask R-CNN-based dwelling
extraction, combined with postprocessing operations, is a relief from the strain of manual
digitization. The potential of deep-learning-based dwelling detection to boost the efficiency
and accuracy in operational settings specific to the humanitarian response on IDP /refugee
camps is also noted in [38].

5. Conclusions

On the basis of these analyses and previous studies, we draw the following conclusions.
Transfer learning with domain adaptation from different tasks is much better than training
the model from scratch with initializations from a random normal distribution. The
temporal transferability of a model is affected by the seasonal similarity and temporal
distance between the source and target images, where a trained model is supposed to
undertake the dwelling extraction. The model performs better in same-season images
than in cross-season images. Similarly, the model performs better when the time gap
between the source and target images is smaller. The combined effect of the seasonal
variation and the time gap can be achieved by training a model with combined cross-
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season images from different years. If constrained by the unavailability of cross-season
images, the transferability of a model trained with one-time images could be improved
by further fine-tuning the model with a few samples from newly obtained images. As
can be observed from all the test and transfer results, the model can detect dwellings with
good completeness and quality, ranging from 86-96% and 69-77%, respectively. With this
level of accuracy, the model detects all the dwellings in the test site in less than one hour.
Therefore, if the model is implemented in an operational setting where there is a request for
an immediate information appraisal for an emergency response, deep convolutional neural
network-based Mask R-CNN outputs, with minimum postprocessing, generate the relevant
information with less time and effort. As the current study is mainly focused on dwelling
extraction, transfer learning by domain adaptation, and temporal transferability, we are
envisioning further innovations on the model side, which will evaluate the scalability of
the model across geographies, and more hybrid sensors.
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Figure A1l. OSM maps for some part of a test site. As indcicated on the map, except block outlines
and few grey polygons, there are no sufficient building footprint on the map that can help for camp
planning and monitoring.
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Figure A2. Print screen of Google Maps for some part of a test site. As indicated on the figure, except
few leapforingly digitized building footprints, there is no detailed building features in the test site.
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