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ARTICLE INFO ABSTRACT

Dataset link: https://doi.org/10.11588/data/7 The disease transmitting mosquito Aedes Aegypti is an increasing global threat. It breeds in small artificial
LLXFP containers such as rainwater tanks and can be characterized by a short flight range. The resulting high spatial
Keywords: variability of abundance is challenging to model. Therefore, we tested an approach to map water tank density
Aedes Aegypti as a spatial proxy for urban Aedes Aegypti habitat suitability. Water tank density mapping was performed by a
Eco-epidemiology semi-supervised self-training approach based on open accessible satellite imagery for the city of Rio de Janeiro.
GeoAl We ran a negative binomial generalized linear regression model to evaluate the statistical significance of water
Object detection tank density for modeling inner-urban Aedes Aegypti distribution measured by an entomological surveillance
Ovitrap system between January 2019 and December 2021. Our proposed semi-supervised model outperformed a

Rio de Janeiro
Semi-supervised self-training
Urban health

Vector control

supervised model for water tank detection with respect to the Fl-score by 22%. Water tank density was a
significant predictor for the mean eggs per trap rate of Aedes Aegypti. This shows the potential of the proposed
indicator to enrich urban entomological surveillance systems to plan more targeted vector control interventions,

Water tank presumably leading to less infectious rates of dengue, Zika, and chikungunya in the future.
1. Introduction Zika, chikungunya, yellow fever, and dengue with a 30-fold increase
in incidences over the last 50 years (Ebi and Nealon, 2016). The WHO
The recurring worldwide outbreaks of the severe acute respiratory is estimating that by 2080 over 60 percent of the world’s population
syndrome (SARS)-associated coronavirus in 2003 and 2020 demon- will live under direct risk of Aedes Aegypti (WHO, 2017; Messina et al.,
strate how frequently and rapidly infectious diseases can spread in 2019). This turns this disease vector into an emerging global threat (Ebi
a globalized world. However, it is not globalization alone that is and Nealon, 2016).

a driving factor for increased occurrences of infectious diseases but
also climate change (Semenza et al., 2022). This is particularly true
for mosquito-borne diseases, as rising global temperatures lengthens
annual transmission seasons and leads to larger suitability areas for
mosquitoes (Colén-Gonzalez et al., 2021; Rocklov and Dubrow, 2020).
Considering all pathogen transmitting mosquitoes worldwide, Aedes Ae-

gypti is the most prevalent one (European Centre for Disease Prevention ; ) )
and Control, 2016; Wilke et al., 2020). It is the primary vector for diseases (Wilson et al., 2020; Hladish et al., 2020; Lobo et al., 2018).

As of now there is no effective vaccine for dengue (WHO, 2022;
Amorim and Birbrair, 2022; Schwartz et al., 2015), Zika, or chikun-
gunya (Kantor, 2018; Schrauf et al., 2020). Accordingly, vector control,
involving the process of eliminating vector breeding habitats and the
application of insecticides to maintain mosquito populations at ac-
ceptable level, remains the most effective countermeasure for these
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Vector control, however, is very costly as it requires a massive work-
force and is often limited by regulative constraints on the use of
insecticides, especially in urban areas where most infections by Aedes
Aegypti occur (Knerer et al., 2020; Taborda et al., 2022). Therefore,
mapping of Aedes Aegypti on the urban scale is of particular interest in
order to implement local vector control measures in a more targeted
manner and, above all, at lower costs (Runge-Ranzinger et al., 2014;
Boser et al., 2021; Limkittikul et al., 2014; Da Queiroz and Medronho,
2022). This is especially important for the Global South where public
health budgets for disease prevention are often scarce despite financial
support from the WHO (Yukich et al., 2008).

The mapping of Aedes Aegypti, however, is not trivial. Aedes Aegypti
is an urban favoring mosquito with a short flight range of around 200
meters and thus limited habitat size (Honério et al., 2003; Bomfim
et al.,, 2020; Harrington et al., 2005). It lives in close vicinity to its
breeding sites. These can be characterized as small artificial water
containers, such as discarded tires (Getachew et al., 2015), buckets,
barrels, pet dishes, construction blocks (Morrison et al., 2004; WHO,
2012), storm drains (Paploski et al., 2016), trash (Banerjee et al., 2015),
flower pots (Vezzani, 2007), or water tanks (Trewin et al., 2021). Many
of these containers occur with great spatial variance due to social urban
structures (David et al., 2009). This, in combination with the small
size and the limited flight range of mosquitoes, leads to a high spatial
variability of Aedes Aegypti abundance. It differentiates Aedes Aegypti
strongly from other mosquito species such as the malaria transmitting
Anopheles mosquito, which tends to breed in large natural water bodies
and thus occurs in higher concentrations (Chavasse, 2002; Gwitira
et al., 2018; Youssefi et al., 2022). Consequently, the task of spatial
mapping of mosquito distribution is more challenging for Aedes Aegypti
than for other mosquito species (Boser et al., 2021).

Currently, there are two Aedes Aegypti mapping approaches in use
to implement vector control in a more efficient and cost-saving man-
ner. One of them are sample-based entomological surveillance systems
including the positioning of mosquito traps and the conduction of
household surveys (Pan American Health Organization, 2019; Bowman
et al.,, 2014). These monitoring systems require a large amount of
manual work but provide valid information on mosquito abundance,
such as precise counts of mosquito eggs, larvae, and pupa. Nevertheless,
they are hard to scale due to their labor-exhaustive nature, often cannot
cover larger areas in high resolution and need trained personnel, which
all together limits its practical scope (Vasconcelos et al., 2021). The
alternative approach is based on the modeling of mosquito abundance
via spatial proxies using modern computing techniques and harnessing
big spatial data such as satellite imagery. These methods are less pre-
cise, because proxies by definition only provide indirect evidence of a
phenomena. However, they require less manual work and consequently
offer the possibility for a much broader spatial coverage as well as
continuous mapping to capture the high spatial variability of Aedes
Aegypti abundance in urban areas (Boser et al., 2021; Louis et al., 2014).

There are several approaches in literature showing the benefits
of Aedes Aegypti mapping with spatial proxies. Some studies retrieve
proxies from citizen science (Caputo et al., 2020; Cho et al., 2021; Low
et al., 2021, 2022; Muiioz et al., 2020; Agarwal et al., 2014), others
from remote sensing (Lorenz et al., 2020; Cunha et al., 2021; Dand-
abathula, 2019; Fernandes et al., 2020; Chang et al., 2009; McFeeters,
2013; Machault et al., 2014; Uusitalo et al., 2019), street view (An-
dersson et al., 2018; Haddawy et al., 2019; Su Yin et al., 2021), or
drone imagery (Passos et al., 2020; Dias et al., 2018; Haas-Stapleton
et al.,, 2019; Mehra et al.,, 2016; Schenkel et al., 2020). However,
these approaches have shortcomings. Remote sensing studies, based on
not very-high-resolution (VHR) satellite imagery, are presumably too
coarse to detect small scale features that provide breeding habitats.
Approaches that rely on citizen science, drone imagery, or street view
are hard to transfer to other case studies since the data used is only
available for selected sites or expensive to get. Put differently, most
of these approaches neither derive high resolution proxies with open
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accessible data, nor use scalable workflows to map Aedes Aegypti below
200 m to consider limited mosquito flight ranges (Louis et al., 2014;
Sallam et al., 2017). The application of object detection models for
urban Aedes Aegypti breeding site mapping based on open accessible
satellite imagery is rare. The same applies for the combination of
entomological surveillance data with automatic mapping workflows in
the field, although there is a WHO pillar of action called “scale up and
integrate tools and approaches for global vector control” (WHO, 2017).
This paper addresses the following research gaps:

» Research Gap 1: There is a need for high resolution proxies to
enrich entomological surveillance data of Aedes Aegypti to conduct
vector control with more focus and lower costs.

» Research Gap 2: There is a need for scalable approaches based
on open accessible data to retrieve high resolution proxies for
the mapping of inner-urban Aedes Aegypti distributions.

We analyze how far recent advances in deep learning can help
to close these research gaps. We envision that these can be applied
to create both, more scalable and also more precise methods for the
mapping of urban Aedes Aegypti abundance to support vector control.
From our perspective advances that allow to capture small Aedes Aegypti
breeding containers with low manual labeling effort are particularly
promising. Especially the semi-supervised self-training (SSST) of object
detection networks, as SSST can reach similar prediction performance
as supervised methods but with less manual labels (Rosenberg et al.,
2005).

In this paper, we demonstrate the potential of SSST for the mapping
of urban Aedes Aegypti distributions. We apply deep learning based
object detection models on VHR satellite imagery and design a SSST-
based fine-tuning algorithm to map the density of rainwater tanks,
a typical Aedes Aegypti breeding spot in urban areas of the Global
South. We evaluate water tank density as a high-resolution proxy
to model entomological surveillance data originating from mosquito
traps. For our approach, we exclusively use open accessible data. This
increases the applicability of our workflow for real-world scenarios.
More specifically, we address the two following research questions:

* RQ1: To what extent can semi-supervised self-training outper-
form supervised learning methods with equal labeling effort for
water tank detection?

* RQ2: How well does water tank density capture the observed
inner-urban distribution of Aedes Aegypti in the case study?

2. Experimental design

In order to answer the derived research questions, we propose a
novel framework for the semi-automatic mapping of water tanks (cf.
Fig. 1). Our concept consists of mainly three parts: first open accessible
input data to increase the transferability of our experiment, second the
supervised and semi-supervised self-training of water tank detection
models to evaluate the usefulness of SSST over supervised learning
to support labor-intensive public health practices like entomological
surveillance, and third large-scale water tank predictions to evaluate
the significance of water tank density as a high resolution proxy to
model inner-urban Aedes Aegypti distributions presumably useful for a
more targeted planning of vector control interventions in the future.

2.1. Materials

2.1.1. Study site

We applied the proposed workflow to the city of Rio de Janeiro,
which is one of the highest effected mega cities for mosquito borne
diseases worldwide (Gibson et al., 2014; Wilson, 2011). The city be-
longs to the endemic regions for Aedes Aegypti transmitted diseases due
to its year long tropical climate (Franco dos Santos et al., 2022). With
a population of around 6.75 million people and a high connectivity
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Fig. 1. Overview of the proposed framework to support future vector control including the required open accessible study data (gray), the semi-supervised self-training loop for
water tank detection model fine-tuning (red), the evaluation of stated research questions (blue), and the ground truth evaluation set (green). (For interpretation of the references

to color in this figure legend, the reader is referred to the web version of this article.)

to other urban areas in Latin America, the second biggest city of
Brazil has often been a starting point for larger uncontrolled disease
outbreaks (Figueiredo, 2004; Da Silva et al., 2002). The proximity of
different types of urban structure, such as favela and other residential
areas, and the topography of the city account for a high variability
of possible Aedes Aegypti breeding sites. This makes the city of Rio de
Janeiro an interesting use case for our proposed method.

2.1.2. Study object

Our study object are water tanks, often used for drinking water
storage in the city of Rio de Janeiro and other Latin American cities.
Water tanks are known to be one of the main breeding spots for Aedes
Aegypti (Trewin et al., 2021). In the city of Rio de Janeiro they are
part of vector control measures as well as entomological surveillance
systems (Secretaria de Vigilancia em Satide, 2013). However, by far
the majority of water tanks are not monitored due to the labor intense
process. Since the locations of water tanks in the city of Rio de Janeiro
are not mapped, it was so far not possible to investigate the relationship
between water tank presence and mosquito abundance. Water tanks
usually have a radius of 1 to 2 meters and are objects in the format
of a cylinder with a approximated height of 1.5 m. They appear dark
blue, whereas some older ones might appear with brighter color due to
sun bleaching (cf. Fig. 2).

The urban appearance of water tanks can be strongly correlated
with the social structure of cities as shown by Cunha et al. (2021).
As expected and further revealed by visual inspection, this was also
the case for the city of Rio de Janeiro, where water tanks appeared
more frequently in socially weaker parts of the city such as favelas
due to the lack of piped water access. Thereby, the close proximity of
favelas and other urban structures in the city of Rio de Janeiro leads
presumably to a high spatial variance of water tanks. When observed,
water tanks were primarily located in backyards and on rooftops. Due
to their complex installation and heavy weight, it can be assumed that
the position of water tanks does not vary much over time. All this
makes the object detection of water tanks based on satellite imagery
an interesting task to close the targeted research gaps.

2.1.3. Study data

We used three datasets for our approach, namely: satellite imagery,
land use land cover (LULC) maps, and entomological surveillance data
(cf. Fig. 1). Satellite imagery downloaded from the Microsoft Bing Tile
Map Service (TMS) API (Microsoft, 2022) served as our main input
data source. For the high resolution detection of water tanks we chose
the highest available zoom level of 22 with an image resolution of

0.0373 meter per pixel. We retrieved 10,668,699 image patches of
256 x 256 pixels. In addition, we used administrative LULC data (Mu-
nicipality of Rio de Janeiro, 2022) to derive information about the
location and size of different urban structures, which was used to
stratify water tank labeling (cf. Fig. 6).

As evaluation data we had access to an entomological surveil-
lance database from January 2019 until December 2021 provided by
the health ministry of Rio de Janeiro. The purpose of entomological
surveillance is to monitor the distribution and impact of vector control
measures. The reliability of this data is highly affected by the spatial
coverage and temporal execution frequency. Examples for entomolog-
ical surveillance measurements are mosquito count or index data for
various development stages of Aedes Aegypti: eggs, larvae, pupa, and
adult. For our use case we used data collected with 1,207 ovitraps
distributed around the city (cf. Fig. 3). These are traps filled with
water of around 20 cm radius used in the city of Rio de Janeiro
for the collection of Aedes Aegypti eggs and larvae. When mature,
the mosquitoes cannot escape these traps. The amount of eggs and
larvae was collected on a monthly basis. As an evaluation indicator for
our proposed method we used the “mean eggs per trap” (MET) rate
aggregated over monthly time steps for Aedes Aegypti.

2.2. Methods

2.2.1. Manual water tank labeling

Since water tank locations were not available in sufficient amount
and quality from open datasets, manual labeling was necessary. We
manually labeled 2,000 water tanks in favelas and another 2,000
in residential areas for the training purpose. Labeling was done in
QGIS (QGIS Development Team, 2022). The strata (favela/residential
areas) were derived from the LULC map (Municipality of Rio de
Janeiro, 2022). We labeled another 1,000 water tanks for validation of
the model. Unlike the training labels, the labels for the test data were
sampled across all kind of urban structures to analyze the robustness
and generalization of our object detection model. All manual labels
including are provided in the supplementary material.

2.2.2. Supervised training

We trained a Single Shot Multibox Detection (SSD) Network (Liu
et al., 2015) on the manual water tank labels. The SSD was retrieved
from the TensorFlow Object Detection Model Zoo API (Google, 2022).
SSD networks are single-stage object detector architectures that have
been successfully applied for the detection and mapping of geospatial
objects of diverse size and shape. In addition, they offer a good balance
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Fig. 2. Rainwater tanks for water supply in the city of Rio de Janeiro occurring in high spatial variability due to different urban structure types like residential areas (bottom

left) and favelas (bottom right).
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Fig. 3. Sketch of the ovitrap used by the entomological surveillance system (left) and corresponding locations of the traps in the city of Rio de Janeiro. The color indicates the
“mean eggs per trap” (MET) rate for Aedes Aegypti between January 2019 and December 2021 (right.). (For interpretation of the references to color in this figure legend, the

reader is referred to the web version of this article.)

between training time and accuracy when compared to two-stage object
detection networks like Faster R-CNNs as shown in Model Zoo (Google,
2022). The output of an SSD network is a list of predicted features and
the corresponding probability scores.

The SSD network we used consists of mainly two parts (see Fig. 4).
First a feature extractor, which is in our case a backbone network
with 164 layers, namely the Inception-ResNet-V2 network, allowing
the model to learn deterministic features (e.g. colors and shapes) for
common object detection tasks (Liu et al., 2015). Second a multi-layer
detector together with a Non-Maximum Suppression (NMS) layer was
used to create multi-scale detection boxes and to calculate the confi-
dence scores of classification. This was needed for calculating the train-
ing loss. We used a SSD network pre-trained on the Microsoft COCO
dataset (Lin et al., 2014) as the starting point for the model training to

Table 1

Hyperparameters used for training.
Batch Size 24
Learning Rate 0.0004
IoU Threshold 0.5
Optimizer RMSprop
Optimizer Momentum 0.9
Optimizer Decay 0.9
Optimizer Epsilon 0.1

reduce training effort. The initial training process used 4,000 manual
water tank labels and 20,000 training iterations. The corresponding
training hyperparameters, also used for later model fine-tuning through
semi-supervised self-training, were listed in Table 1.
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Fig. 4. Single-Stage Object Detection Network consisting of Inception-ResNet-V2 as feature extractor and multi layer detector with Non-Maximum Suppression layer as used for
water tank detection models. The numbers at the bottom describes the dimension of the raster bands used at the different stages of the network. The output consists of bounding

boxes for detected water tanks together with a confidence scale.

2.2.3. Pseudo water tank labeling

After the initial training process we generated additional pseudo
water tank labels. Therefore, we applied the initially trained supervised
model to predict water tanks in an unlabeled region. The selected
region was approximately 15,000 ha and included all urban structure
types, not just favelas and residential areas such as the manual water
tank labeling process. Only water tank predictions with high confidence
were used as additional pseudo labels to further fine-tune the water
tank detection model. In our study, a confidence level of 80% was used
as a lower threshold. This resulted in 10,800 additional water tank
labels for the fine-tuning of our water tank detection model.

2.2.4. Semi-supervised self-training

The merged label set, combining the manual training labels and
the pseudo labels, was used to fine-tune five new instances of our
initial supervised model. The new instances differed in the number
of semi-supervised training iterations in which the model was shown
the additional pseudo-labels (cf. Fig. 5). For consistency, all new fine-
tuned instances were trained for further 20,000 iterations. This resulted
in five water tank detection models, all trained for 40,000 training
iterations using the same number of manual water tank labels. All
models were built upon the same initial supervised water tank detection
model used for model inference and thus pseudo label creation. One of
the new instances were fine-tuned without using the pseudo labels. This
model was named the base model (BM). It was trained to evaluate the
change in model performance reached through self-training.

2.2.5. Evaluation of semi-supervised self-training

Performance between all five water tank detection models was
evaluated based on precision, recall, and their harmonic mean, the F1-
score. Precision is defined as the ratio of the true positive objects to all
detected objects. Recall describes the fraction of relevant objects that
are successfully retrieved. The performance indicators were calculated
based on the comparison between the intersection of the bounding
boxes of the predictions and of the validation labels. The level of
agreement of the two boxes was based on the Intersection over Union
(IoU) value. The IoU takes values between 0 and 1. For a value of O
the two boxes do not overlap at all. For a value of 1 they overlap
completely. An IoU Value of 0.5 or higher for a detected object was
considered a true positive. An IoU value lower than 0.5 as a false
positive. In order to measure generalization capabilities of the models,
we compared the change in model performance, in terms of the F1
score, between test sets from urban structures used in the manual label
set and urban structures not used in the manual label set (see Fig. 6).

2.2.6. Large-scale predictions

The model with the best Fl-score was used to predict water tanks
for the whole metropolitan area of Rio de Janeiro. The prediction
used over 10 million satellite image patches in parallel tasks. For data
management we used the mapproxy API (Omniscale GmbH & Co. K.G.,
2022). This allowed to store satellite imagery in subset folder structure.
As for the detected water tanks, we pushed our predictions on each
image patch to a PostGIS database. The database was then used for a
post-processing step of filtering predictions by confidence scores.

2.2.7. Evaluation of water tank density as entomological proxy for Aedes
Aegypti
To quantitatively evaluate our RQ2 of how well water tank density
can capture the inner-urban distribution of Aedes Aegypti measured by
entomological surveillance data, we ran a negative binomial general-
ized linear regression model (GLM) with a log-link function (Hilbe,
2012). The negative binomial GLM was selected as it allows the model
to account for the overdispersion present in the count data. Correspond-
ing equations are defined in Formula (1). As our response variable
we selected the “mean eggs per trap” (MET) rate. As our explanatory
variable we used water tank counts surrounding ovitrap locations in
the range of 200 m which corresponds to the estimated Aedes Aegypti
flight range. We used all 1,207 ovitrap locations with information on
the MET rate.
MET, ~ N B(4;,0)
E(MET)) = i; + (1 - )/
Var(M ET)) = i, * (1 — §)/62
log(f;) = ﬂAO + ﬁl * Watertank;

(€8]

3. Results and discussion
3.1. Comparison of training strategies

The results shown here are the outcome of the developed semi-
supervised self-training approach for the large-scale detection of water
tanks in the city of Rio de Janeiro (cf. Fig. 1). The workflow consisted
of three major configuration points: First the targeted selection of
suitable SSST regions, secondly the choice of an appropriate confidence
threshold for pseudo label filtering and thirdly the testing of various
ratios of supervised and semi-supervised training iterations (cf. Fig. 5).
Sensitivity analysis for changing the first two configuration points
were excluded from this result section. However, these parameters
were chosen carefully during experimental design to enable model
improvements through self-training. During experimental design, SSST
regions for model inference were chosen to be small enough to save
computational time, but large enough to generate a sufficient amount
of pseudo labels required to fine-tune the object detection model.
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Fig. 6. The Land use land cover (LULC) in the city of Rio de Janeiro with train, test and semi-supervised self-training (SSST) region and topography in the background.

In addition, SSST regions were selected to cover all urban structure
types present in the city of Rio de Janeiro to ensure a robust object
detection for large-scale predictions. The confidence threshold for the
filtering of model inference outcomes and thus for the generation of
pseudo labels was chosen with respect to the model performance of
our supervised base model with 20,000 training iterations. The results
for the third configuration point of the workflow, namely the variation
of different ratios of supervised to semi-supervised training iterations,
were analyzed in more detail and discussed in the following.

An increasing training time on the merged label set of manual
and pseudo water tank labels continuously improved the F1-score of
our object detection models (Table 2). The best water tank detection
model was the model that used the additional pseudo labels for the

longest SSST time (50% of the total 40,000 iteration, SSST-50) with an
overall Fl-score of 0.84 averaged over all test labels. This significant
improvement of 22% compared to the supervised base model indicates
a good balance of precision and recall. All SSST models showed a
slightly decrease in recall compared to the supervised base model
— i.e the proportion of correctly detected water tanks to the sum
of all true water tanks decreased. However, this was countered by
major improvements in precision, as the amount of correct water tank
predictions on all predictions was higher for all four SSST models used.

For the best (SSST-50) model, the relative increase in Fl-score (cf.
Table 3) was more obvious for urban structure types excluded in the
manual label set (e.g. Commerce and Service, Education and Health,
Industry) than for the urban structure types included in the manual
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Table 2

Performance metrics of trained water tank detection models. The SSST-12.5/25/37.5/50
model used the pseudo labels during 12.5/25/37.5/50% of the 40,000 training iteration
respectively.

Models Precision(%) Recall (%) F1 % F1 Improvement
BM 0.59 0.85 0.69 -

SSST-12.5 0.84 0.69 0.76 +10%

SSST-25 0.9 0.7 0.79 +14%

SSST-37.5 0.86 0.78 0.82 +19%

SSST-50 0.86 0.82 0.84 +22%

label set (Favela, Residential). The F1-score improved, however, for all
urban structure types. This makes the SSST-50 model more applicable
for large-scale predictions than the supervised base model. These results
were consistent with our expectations, namely that SSST models benefit
from the additional knowledge collected by the machine itself, leading
to more precise and robust water tank predictions across different ur-
ban structures relevant for large-scale predictions. The trained SSST-50
model is provided in the supplementary materials of this work.

However, we also identified several limitations in the results. First,
not all urban structure types were used for model evaluation. We
focused only on five of eleven land classes included in the LULC map
where we expect human population and thus the largest risk for infec-
tions by Aedes Aegypti. The second limitation results from the manual
labeling process. We generated the test set on the basis of satellite
imagery instead of a field study. Non-visible water tanks underneath
shelters were thus not included in our test labels for model evaluation.
However, we assume that a field study for the labeling of water tanks
would not mitigate the achieved performance improvement of the semi-
supervised self-training approach. Much more likely, it would have an
impact on the absolute performance metrics, but to the same extent on
those of the supervised BM as on those of the SSST models. The third
limitation of our study is the low amount of manual training labels
(4,000) compared to the amount of pseudo labels used for training
(10,800). This implies a relatively high risk of an inappropriate training
with potentially incorrect pseudo labels which can accumulate the
error in the iterative self-training process. To reduce such a bias, one
could either develop a debiased self-training algorithm similar to the
one proposed by Chen et al. (2022) or apply co-training of classifiers
originally proposed by Blum and Mitchell (1998).

Further limitations of our study become apparent when visually
inspecting raw prediction images of the SSST-50 model (cf. Fig. 7).
Common false negative predictions included water tanks in the shade
or partial shade. To minimize the amount of these false negative
predictions one could further fine-tune the SSST-50 model by feeding it
with more shaded water tank labels. It is noteworthy that the number of
objects in our study area which appear similar to water tanks was quite
high resulting in high numbers of false positives. While similar objects
such as blue cars and rooftop ventilators were rarely labeled as water
tanks by our models, circular water pools or blue sunshades on beaches
were frequently false positives. The false positive detection of water
pools could be solved by applying a size filter. The detection of blue
sunshades on beaches could be eliminated by applying an automatic
land use map based filtering. However, these solution methods would
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only work to a limited extent. For very small water pools and blue sun-
shades not located on beaches this solution method becomes obsolete.
Another solution would be the filtering of predictions by confidence
score as applied during SSST training.

Further improvements of our models might be achieved by chang-
ing parameters of our semi-supervised self-training framework. This
includes the size of the areas used for supervised model predictions
to generate pseudo labels, the confidence threshold score applied
for pseudo label filtering, the overall training time for object detec-
tion models, and the corresponding point for conducting the semi-
supervised self-training loop. The training of a two-stage object detector
like Faster-RCNNs as proposed by Cao et al. (2019) could also be an
option for further investigations.

An alternative method for the reduction of manual labeling effort
for object detection could be data augmentation. Data augmentation de-
scribes the technique of increasing the training set by creating slightly
modified copies of provided training samples, for example by changing
the rotation of the label (Shorten and Khoshgoftaar, 2019; van Dyk and
Meng, 2001). It is a widely used method especially applied to avoid
overfitting. However, for our use case of generating a robust model
for large-scale predictions over various urban structure types, semi-
supervised self-training seems to be more suitable. Instead of creating
label copies, self-training can create completely new water tank labels
(pseudo label) that can appear in different shape, color, and with
varying shadow coverage. In addition, it allows to incorporate back-
ground features in the training process, like different rooftop types or
water tank densities, not necessarily present in the limited manual label
set used. All these additionally features gathered during pseudo label
generation via self-training are extremely relevant, when trying to train
robust object detector using Convolutional-Neural-Networks (CNNs).
Especially for applying these models on over 10 million satellite image
patches covering all types of urban structures. Semi-supervised self-
training can avoid overfitting similar to data augmentation (Nartey
et al., 2020). Of course, do both methods, data augmentation and
self-training, allow a cost-sensitive creation of additional labels, which
is relevant for our use case to minimize the manual labeling effort
and associated cost and time. However, the capability of learning
additionally background features, not present in the manual label set,
is only possible through self-training in an automatic manner. Never-
theless, self-training requires a relatively high configuration effort to be
successful compared to data augmentation techniques as described in
the beginning of this result section.

3.2. Modeling of urban mosquito abundance

As a highlight of this work, water tanks predicted by the SSST-50
model were distributed throughout the whole metropolitan area of Rio
de Janeiro with a high spatial variability (cf. Fig. 8). The occurrence
of water tanks was strongly dependent on inhabited areas. Forest areas
were almost empty of water tanks. Water tank density within single
neighborhoods also varied strongly. In addition to Fig. 8, we provide
a raster layer with a spatial resolution of 200 m in the supplementary
materials of this work. This consists of a raster value for water tank
counts with confidence score above 90 percent and is intended to
represent the spatial variance of water tanks at the resolution of an

Table 3
Goodness of fit indicators for the base model and the best performing SSST model for different urban structures. The performance was based on independent test data points.
Method BM SSST-50
Precision(%) Recall(%) F1 Precision(%) Recall(%) F1 % F1 Improvement
Favela 0.63 0.85 0.73 0.87 0.78 0.83 +14%
Residential 0.59 0.86 0.70 0.81 0.82 0.82 +17%
Industry 0.51 0.85 0.64 0.8 0.80 0.8 +25%
Education and Health 0.54 0.93 0.68 0.91 0.91 0.91 +34%
Commerce and Service 0.66 0.76 0.71 0.90 0.78 0.84 +18%
Average weighted by instance 0.59 0.85 0.69 0.86 0.82 0.84 +22%
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False negative True negative

False positive True positive

Fig. 7. Example for false negative, true negative, false positive, and true positive water tank predictions. Water tanks identified by the best performing SSST model are indicated

by green bounding boxes together with the confidence of the prediction.

(] city boundary
Neighborhood boundaries
B Water tank predictions

Rio de Janeiro

Fig. 8. Water tanks predicted by the best performing SSST model for the case study region. For orientation, the administrative boundaries of the neighborhoods are overlaid. The

inset map to the lower left indicates the position of Rio de Janeiro in Brazil.

Table 4

Coefficients, standard errors, and p-values for negative binomial generalized linear
regression model. Regression coefficients and standard errors are reported at the link
scale. The dispersion parameter ¢ indicates underdispersion.

Estimate Std. Error p-value
Intercept 1.535 0.709 <2e-16
water tank count in 200 m ovitrap buffer 0.058 0.014 <2e-16
[4 0.649 0.027 -

estimated Aedes Aegypti flight range for the whole city of Rio de Janeiro
which could be used for urban mosquito modeling.

The results of our negative binomial generalized linear regression
model (cf. Table 4) indicated that water tank density was a highly
significant proxy for modeling the Aedes Aegypti MET rate. This was in
line with our expectations and implicates that water tank density maps
can be a useful indicator to enrich entomological surveillance data
and thus support future vector control by providing more continuous
and high resolution insights for urban mosquito distributions. The
explained deviance for this regression model was 0.11. It was measured
by Cohen’s pseudo—R2 (Cohen, 2013) (cf. Formula (2)) indicating that
about 11% of the deviance in the response are explained by the
model. The deviance function of the negative binomial GLM captured
the increasing variance with the mean that is typical for count data.
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The dispersion parameter captured thereby how strong the variance
increases with the mean relative to a Poisson GLM, for which the
variance equals the mean. The theta value of 0.649 corresponded
to a significant overdispersion. This can be explained by the large
number of zero values in the entomological dataset, which is why a
negative binomial GLM was applied. Another reason for this is the low
number of predictors used to model urban Aedes Aegypti distribution.
However, other potentially relevant predictors have deliberately not
been included in the model, which also explains the low value of the
explained deviance. The addition of further explanatory variables is
planned for follow-up activities.

del devi
Cohen's pseudo R* =1 — —odel cevianee
null model deviance

Negative binomial model deviance =2 (y - log(f) —(y+ k™ Dlog(

y+k~1
Htk=1 ))

2
4. Conclusion

The emergence of open-accessible big spatial data in combination
with modern computing technologies has great potential to revolution-
ize the treatment of emergent infectious diseases transmitted by Aedes
Aegypti. Especially for those that are missing effective vaccines and are
therefore treated mainly by local vector control, namely dengue, Zika
and chikungunya which cause thousands of deaths each year. In this pa-
per we demonstrated how deep learning based object detection models
in combination with open-accessible satellite imagery can be applied
to extract a fine-grained and informative proxy for the urban modeling
of Aedes Aegypti distribution, namely water tanks. Such models are es-
sential to derive more targeted vector control interventions, allow cost
savings in entomological surveillance, and most importantly a more
efficient overall disease control. The results of this paper indicate that
the burden of manual labeling necessary for large-scale and robust wa-
ter tank detection can be substantially reduced by the development of
a semi-supervised self-training workflow without compromising model
accuracy. This increases not only real world applicability of our water
tank detection model, but also its robust transferability to other Aedes
Aegypti endemic cities where water tanks are common mosquito breed-
ing sites. The measured significance in the association between water
tank density and abundance of Aedes Aegypti showed the potential of
the generated indicator to augment entomological surveillance gaps
that occur when limited mosquito flight ranges are considered. The
developed urban-specific indicator can thus bring novel insights into
the high spatial variability of urban Aedes Aegypti distributions that
can hardly be explained by commonly used low resolution features for
Aedes Aegypti mapping. However, as the abundance of Aedes Aegypti
depends on other predictors such as climatic conditions, upcoming
research will explore the predictive power of water tank density in
combination with these indicators. With these combined models for the
fine-scale mapping of Aedes Aegypti distributions we hope to reveal hid-
den patterns not only with regard to urban Aedes Aegypti populations,
but also for inner-urban pathogen transmission for dengue, Zika, and
chikungunya. With these major contributions of our interdisciplinary
research we hope to create new pathways for the science of computa-
tional eco-epidemiology and provide useful datasets as well as methods
to public health authorities especially in the city of Rio de Janeiro,
Brazil.
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