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Abstract: The Vector Control Program in Mexico has developed operational research strategies to
identify entomological and sociodemographic parameters associated with dengue transmission in
order to direct targeted actions and reduce transmission. However, these strategies have limitations
in establishing their relationship with landscape analysis and dengue transmission. This study
provides a proof of concept of the use of unmanned aerial vehicle technology as a possible way
to collect spatial information of the landscape in real time through multispectral images for the
generation of a multivariate predictive model that allows for the establishment of a risk index relating
sociodemographic variables with the presence of the vector in its different larval, pupal, and adult
stages. With flight times of less than 30 min, RGB orthomosaics were built, where houses, roads,
highways, rivers, and trails are observed in detail, as well as in areas with a strong influence of
vegetation, detailing the location of the roofs or the infrastructure of the house, grass, bushes, and
trees of different dimensions, with a pixel resolution level of 5 centimeters. For the risk index, we
developed a methodology based on partial least squares (PLS), which takes into account the different
type of variables are involved and the geographic distribution of the houses as well. Results show
the spatial pattern of downtown low-risk housing, which increases as we approach the outskirts of
the town. The predictive model of dengue transmission risk developed through orthomosaics can
help decision makers to plan control and public health activities.

Keywords: Aedes aegypti; UAV; risk model; FAMD; PLS

1. Introduction

Unmanned aerial vehicle (UAV) technology has developed in recent years; its applica-
tions avoid many of the limitations associated with satellite data, such as long repetition
times, cloud contamination, low spatial resolution, and lack of homogeneity in camera
angle or shooting time [1]. It also offers the possibility of collecting detailed spatial infor-
mation in real time at a relatively low cost [2,3]. They carry out highly detailed imaging
work with essential high spatial resolution, spectral, and temporal characteristics [4–7].
Likewise, unmanned aerial vehicles (UAVs) are developing technology for remote-sensing
applications based on passive sensors, such as RGB, multispectral, hyperspectral, thermal
cameras, and active sensors, such as LiDAR or RADAR [8,9].

The UAVs can provide precise spatial and temporal data to understand the links
between disease transmission and environmental factors [2,3,10]. Moreover, it is a flexible
and low-cost solution for mapping mosquito breeding sites and the operational dissemi-
nation of strategies in mosquito-elimination campaigns. It can be used in communication
materials to demonstrate the specific risk conditions for a given area [5,11]. Through aerial
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surveillance, possible mosquito breeding sites could be identified in domestic areas inac-
cessible to traditional ground surveillance, which allows them to be proposed as a useful
and complementary tool in surveillance programs and mosquito control [12]. Likewise,
it can help operators of vector-control actions to optimize treatments by accurately iden-
tifying and mapping the coverage of breeding sites by using standard and multispectral
images [13,14]. Orthomosaics provide vital information for other public health planning
activities [11].

The physical landscape characteristics influence the distribution of adult female
mosquitoes [15] as interrelated socioeconomic, environmental, and behavioral factors
can explain the presence and abundance of Aedes aegypti [16]. Anthropogenic environmen-
tal changes can create an overabundance of resources responsible for sustaining vector
mosquito species’ invasion, spread, and colonization of urban areas [17]. Vegetation cover
is an important environmental factor that allows optimal conditions for mosquito life-cycle
development [18,19]. The organization of the backyard, knowledge about vector biology,
and cleaning containers are identified as the main topics for future prevention strategies
for the transmission of dengue in the local and national context [20].

New technologies for mosquito surveillance are growing; drones and specialized
cartography, machine learning, deep learning, big data, and citizen science can be added
as tools for better understanding the mosquito population dynamics and determining
the areas at risk to better conditions for spreading mosquito populations [21]. Predictive
models can be used for decision making in preventing various arboviruses transmitted
by Ae. aegypti in endemic urban and semiurban areas. Building a model that determines
the power and association of different variables is a necessary challenge because the Ae.
aegypti mosquito exists in complex environments with complex dynamics, where numerous
factors intervene in different dimensions, and each one can have a different role of lesser or
greater importance. However, it does not stop influencing the response of the vector to the
differences in the landscape.

In this study, by UAV cartography, field surveillance, and algorithm development, we
design a risk index to determine which houses have the environmental, demographic, and
socioeconomic characteristics to be classified as “aedic” houses for immature and adult
Ae. aegypti mosquitoes in Tapachula, Chiapas, a city on the Mexican southern border. This
proposed methodology can adapt the model to the different regions of our country, and
this flexibility is allowed mainly by the availability of real-time information provided by
UAV, one of its most important contributions.

Nonetheless, for the best performance of the UAV, it is necessary to consider the mete-
orological conditions and know the flight area [22,23] and the terrain’s characteristics, such
as tall trees and telecommunication antennae, to avoid electromagnetic interference [22].
As a user of UAVs, the national regulations must be observed [24]. Moreover, it should
be considered that one of the factors for UAV flight coverage depends on the battery
time [3,23]. Indeed, before the flights, the field teams should visit and talk with the health
authorities, principal neighborhood actors, and community leaders, who are necessary for
developing these new tools [25]. The costs of this technology must be taken into account
and considered as open-source software for affordable technology. A multidisciplinary
team is also required to address the entire strategy.

Therefore, this study answers the following. (1) How to take advantage of UAV
technology by obtaining landscape elements to be included in an index that responds to
the complexity of scenarios in which the mosquito develops. (2) How to combine the
information obtained from different sources, both from field data and the variables derived
from high-definition cartography, that have a practical utility, sense of reality, fidelity, and
opportunity to strengthen mosquito-surveillance and control programs.

2. Related Work

Studies on UAV applications in health are scarce. They addressed simulations on
using drones for out-of-hospital care in cardiac arrest emergencies, identification of people
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after accidents, transport of blood samples, and improvement of surgical procedures in
war zones [26]. UAVs can transport medical supplies, specimens, biological materials, and
vaccines to hard-to-reach areas at a reduced travel time. Moreover, the research on the use
of drones in health is almost limited to simulation scenarios [26,27].

In mosquito-surveillance and control programs, UAVs have been designed to control
mosquitos by spraying larvicides, dropping larvicide tablets, spreading larvicide granules,
the application of adulticides in ultra-low volume, sampling in bodies of water, and
surveillance of adult mosquitoes [28,29]. Likewise, drones can help operators of vector-
control actions to optimize treatments by accurately identifying and mapping the coverage
of breeding sites by using standard and multispectral images [14] and as tools for the
release of sterile mosquitoes [30,31].

Indeed, three years ago, different studies were conducted to evaluate the use of UAVs
to identify the larval breeding sites of different mosquito species. In Peru, multispectral
mapping was used with random forest analysis to identify Anopheles darling larval breeding
sites [32]. In Brazil, it was used to detect Ae. aegypti breeding sites [33]. In Mexico, the first
study evaluating UAVs was carried out to identify Ae. aegypti breeding sites [12].

In studies of spatiotemporal distribution models of Ae. aegypti vectors, the limited
availability of high-resolution data for physical variables stands out as part of the inconsis-
tencies in the number and influencing factors [34]. Few studies comprehensively highlight
the interaction between environmental, socioeconomic, meteorological, and topographical
systems [34]. Maximum entropy species-distribution models have been used, with human
population density, distance to vegetation, water channels [35], population density, and
poverty [36] being the main predictor variables of the vector suitability of a given area.

There are few works reported in the literature about the use of machine learning
(ML) and nonparametric techniques for mosquito surveillance. In [37], authors used
three ML models (nonlinear discriminant analysis, random forest, and generalized linear
models) to analyze the environmental suitability of three indigenous mosquito species in
the Netherlands: Culiseta annulata, Anopheles claviger, and Ochlerotatus punctor, where the
response variable is mosquito abundance sampled at 778 locations by using CO2-baited
mosquito magnet traps. As covariates, they used environmental variables obtained from
satellite images and meteorological data. The best results were achieved with random
forests, and they showed the most discriminative variables for each species. In [38], the
authors used classification methods based on k–nearest neighbor, support vector machines,
neural networks, and random forest to predict mosquito abundance in 90 sampling sites
from Charlotte, NC, USA. The data consisted of mosquito samples collected with gravid
traps and socioeconomic and landscape factors. The dependent variable to predict mosquito
abundance was binarized as low (0) and high (1) according to the median value, and the
independent variables or predictors were divided into seven socioeconomic variables and
seven landscape variables obtained from remote-sensing images. Two versions of the
input variables were used, one dichotomized into binary values according to the median
of each variable, and one with the raw continuous values scaled. The best performance
was achieved with the k–nearest neighbor algorithm in both cases; however, there are no
further details about the distance metric used in the binary input variables case, because,
except for random forest, all classification methods use Euclidean distance as the default
option, even when a nonlinear kernel or activation function is used; i.e., they are originally
formulated for continuous input variables. In [39], 1066 females adult Ae. aegypti were
collected by using battery-powered Prokopack aspirators from 128 indoor and outdoor
houses in northeastern Thailand to map and predict the female adult Ae. aegypti abundance.
They used five popular supervised learning models (logistic regression, support vector
machine, k-nearest neighbor, artificial neural networks, and random forest) based on
socioeconomic, climate change, dengue knowledge, attitude, and practices (KAP), and/or
landscape factors to predict the abundance considering only two classes (high and low). In
this work, the random forest method had the highest prediction model accuracy, and the
study demonstrated that climate change, KAP, and landscape factors were more important
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than socioeconomic factors in explaining mosquito abundance. Similar to [38], it is not
clear how the mixed input data (categorical and continuous) are managed, because the
classification models they used (except random forest) cannot naturally handle mixed-type
data. This may be the reason why random forest showed the best results.

Those approaches are interesting in terms of prediction, and the use of ML models
provides flexibility because most of them are nonparametric and do not assume a priori
any probability distribution of data. However, for us it is very important to gain some
insight into the local characteristics of the area of study, which makes it more prone to
mosquito-borne diseases. A study of the importance of the variables can be done based
on the parameters of the models [37,39], when it is possible, correlation analysis, or by a
specific hypothesis tested on the models [38], based, for example, on manually adding
or excluding individual variables or sets of variables [39]. All those approaches must be
carried out carefully when our variables are mixed-type data, particularly for ML models
based on Euclidean distance between observations. For this reason, in our approach we
pay special attention to obtaining an adequate distance metric for mixed-type data, which
allows us to obtain an index representing the local characteristics of houses that are related
in some way to dengue disease.

Despite the scientific evidence available, the objectives of each previous study—to
analyze the available entomological, epidemiological, and environmental data in defined
study areas and to consider different types of variables—have been limited in terms of
technology, resolution, and frequency of images available. Having high-resolution, real-
time, and more accessible images taken by UAVs dictates the need to evaluate their use
with predictive power within the prevention and control of vector-borne diseases. Prior
knowledge is a good foundation, but current technology allows us to analyze the dynamics
of different changes at different spatial scales, such as overpopulation, urbanization, and
climate change.

3. Materials and Methods
3.1. Study Area

Tapachula is the second-most important city in Chiapas, the economic capital of
the state and the main populated center of the Soconusco region. In 2018, it was first,
epidemiologically, in cases of dengue, with 876 cases registered, an increase of 188% in
relation to 2019. Tapachula city has 217,550 inhabitants and 78,039 houses, and is located
on the southern Pacific coast of Chiapas. It has an average annual temperature of 21.7 °C
and rainfall of 1000–5000 mm [40]. The climate is warm, humid, and temperate, with a
heavy rainy season from May to November. The area of study is El Vergel, a colony in
the northwest of Tapachula, with an extension of 433 km2 (Figure 1). It has an estimated
population of 2590 people (residents and workers) in 592 houses. There were 597 inhabitants
per km2, with an average age of 11 years and an average of seven years of schooling.

3.2. Field Surveys

Surveys were conducted in 216 houses in the El Vergel neighborhood in Tapachula,
Chiapas, from 19 November to 5 December 2020 (Figure 1). The surveys were carried out
among inhabitants of legal age.

Four household surveys were conducted in El Vergel neighborhood, Tapachula, Chia-
pas: (a) the Premise Condition Index (PCI, [41]) and the Modified Premise Condition Index
(PCI2, [42]), (b) the entomological survey for adults of Ae. aegypti, (c) the entomological
survey for larval breeding sites of Ae. aegypti, and (d) a demographic survey. These surveys
are described below.
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Figure 1. Orthomosaic of the El Vergel neighborhood, Tapachula, Chiapas, pointing out the houses
surveyed (left), more resolution details for landscape elements recognition (right).

3.2.1. Premise Condition Index (PCI)

This survey consists of nine questions related to the house appearance or house
condition, the yard condition, and the degree of shade; the value of this index oscillates
in three levels: low, medium, and high [41]. The modified premise condition index (PCI2)
was also obtained from this survey, including the yard conditions and the degree of shade,
without house conditions [42].

3.2.2. Entomological Survey for Adults of Ae. aegypti

These surveys were carried out once in all rooms of each house for the manual
collection of Ae. aegypti at rest by using backpack aspirators [43]; this tool also can collect
mosquitoes while flying at 10 or 15 cm from the mouth of the catch container. The mosquito
count was done manually in the field and recorded per house. Then, the adult mosquitoes
were transported in small cages covered with mash and labeled, one per house, into a
cooler to the laboratory. The adults were then identified morphologically, according to [44].

3.2.3. Entomological Survey for Ae. aegypti Breeding Sites

In the same manner, this survey was carried out once and consisted of a visual
inspection of each house, looking for all containers that could be holding water to look for
eggs, larvae, or pupae of Ae. aegypti, indoor, outdoor, and on roofs of houses when it was
possible. A container had eggs, larvae, or pupae of Ae. aegypti was identified as a positive
breeding site. The number of eggs, larvae per stage, and pupae per container were counted
manually and recorded per house [45].

Ladles, mesh nets, mosquito larvae dippers, and plastic pipettes were used to check
each container. The small and medium containers were emptied for larvae and pupae
counted, and for the large containers, the personnel used small containers for which all the
immature stages of Ae. aegypti were counted by depth until no larvae or pupal activity was
observed in the container [45]. The species were identified in the field according to [44].
Previous training was necessary for field personnel to strengthen their knowledge about
the vector and fill out the entomological surveys.
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3.2.4. Overcrowding

This index was constructed from the demographic and socioeconomic survey applied
once to each house. It consists of the number of inhabitants/number of house rooms of 216
houses surveyed.

3.3. Drone Photography and Cartography Construction

We use a Matrice 600 DJI® RPAS equipment [22] with a high-resolution 16-megapixel
X5 optical camera [46] and a MicaSense Rededge® multispectral camera [47] in order to
create cartographic products such as orthomosaics, contour lines, housing classification,
and vegetation indices (NDVI, GNDVI, NDVIRedEdge, and CIgreen) [10]. The drone
flights were made in collaboration with the National Centre for Disaster Prevention of the
Mexican Government (CENAPRED) by using the CENAPRED protocols [48] and following
the national normative law [49] and manufacturers’ recommendations [22]. The flight plan
was carried out by using the PIX4D software [50] which allows flight speed and height
variables, camera tilt angle, and overlap between images to be kept constant. All flights
were made at 100 m of altitude with a resolution of 2.59 cm/pixel by noon, trying to avoid
the shadows [12,51,52], and on the same week of the field surveillance. At the same time,
we take drone photographs on RGB by X5 optical camera and on five spectral bands (R, G,
B, RedEdge, and NIR) by Micasense® camera.

Once the flight plan is carried out over the study area, photographs captured by the
sensor are obtained in JPG format and transferred to the computer for processing. All aerial
photographs were processed by using PiX4D [50] software to obtain the georeferenced
orthomosaic. These models are created from the process on the point cloud generated
by the captured photographs to obtain products such as the orthophoto, digital surface
model (DSM), and digital terrain model (DTM) with a spatial resolution of 5 cm. These
cartographic products are obtained for both cameras, performing separate processing
(Pix4Dmapper version 4.3.31 [53]). Raster data of all structures and vegetation represents
the DSM and the development of the geodesic surface represents the DTM. For the clas-
sification of vegetation and houses, the RGB orthomosaic was subjected to radiometric
calibration by using the ENVI spectral signature library [54] with the empirical line com-
pute (ELC) factors algorithm, and thus it can perform postprocessing on the image, such
as supervised classification with the maximum likelihood estimation (MLE) method. The
RGB orthomosaic was obtained of the El Vergel neighborhood, where we can see houses,
roads, highways, rivers, and trails in detail. Areas with a strong influence of vegetation
can be observed, detailing the location of the houses’ roofs or infrastructure, as well as
the vegetation types, grass, bushes, and trees of different dimensions (see Figure 1). Once
the raster formats were obtained, the processing of polygons that cover the coverage of
buildings and vegetation continued. The 216 houses were located in the aforementioned
raster. Two types of polygons were digitized in the total area of each house: house coverage
by roofs and vegetation coverage by trees. Both were divided into three strata: 1. less
than 25%; 2. from 26 to 50%; and 3. more than 50%. Shade cover (ShadeDrone) was based
on the building cover (roofs) plus the tree cover per house. The cartography of different
vegetation indices (Normalized Difference Vegetation Index (NDVI), Green Normalized
Difference Vegetation Index (GNDVI), Normalized Difference Red Edge Index (NDVIre),
Green Chlorophyll Index (CIgreen) [55], and tree height cartography) were generated by
using the ArcMap software from the raster calculator tool [56] that allows the application of
different formulas already estimated previously to obtain them, using as inputs the bands
of our multispectral sensor (R-G - B- IR- RE).

Finally, the shapefiles of the houses (N = 216) of El Vergel, Tapachula, Chiapas were
individually separated house by house. Subsequently, 100 points were randomly created on
the ArcMap® 10.3 platform within each house. Each variable derived from the vegetation
indices (NDVIre, GNDVI, NDVI, and CIgreen), DSM, and DTM consisted of an average of
100 points per house. A summary of the variables we consider in our analysis is shown in
Table 1. Time photo capture and flight height were allowed the resolution necessary for
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recording data of the landscape variables for Aedes risk index (Table 1). The UAV photos
taken simultaneously with the data recorded through field surveillance reflect the elements
found in the field.

Table 1. Description of the variables obtained from field surveys and specialized cartography of El
Vergel neighborhood, Tapachula, Chiapas, Mexico.

Variable Type Description

Premise Condition Index (PCI) Discrete
A house score about the house condition, the yard
condition, and the degree of shade assessment of houses
surveyed. Score 3 to 9.

Premise Condition Index (PCI) weighted Categorical Qualification criteria based on the house score of PCI. 1
(Low) = 3, 2 (Medium) = [4, 6] and 3 (High) = [7, 9].

Modified Premise Condition Index (PCI2) Discrete A house score about the yard condition and the degree of
shade assessment of houses surveyed. Score 3 to 6.

Modified Premise Condition Index (PCI2) weighted Categorical Category criteria are based on the house score of PCI2. 1
(Low) = 2, 2 (Medium) = [3, 4] y 3 (High) = [5, 6].

Shade conditions Categorical
Category of the degree of shadow per house (PCI or PCI2)
1 : [0, 25%), 2 : [25%, 50%), 3 : [50%, 100%]. Based on
personnel criteria.

Male mosquitoes Continuous Number of Ae. aegypti male mosquitoes per house.
Female mosquitoes Continuous Number of Ae. aegypti female mosquitoes per house.
Mosquitoes Continuous Number of Ae. aegypti mosquitoes per house.
Pupae Continuous Number of Ae. aegypti pupae per house.
1st instar larvae Continuous Number of Ae. aegypti 1st instar larvae per house.
2nd instar larvae Continuous Number of Ae. aegypti 2nd instar larvae per house.
3rd instar larvae Continuous Number of Ae. aegypti 3rd instar larvae per house.
4th instar larvae Continuous Number of Ae. aegypti 4th instar larvae per house.
Larvae Continuous Number of Ae. aegypti all instar larvae per house.

Breeding sites Continuous Number of breeding sites of Ae. aegypti with eggs, larvae, or
pupae per house.

Overcrowding Continuous The number of inhabitants/Number of house rooms per
house.

ShadeDrone Categorical
Category of the degree of shadow per house, delimited on
aereal images made by drone: 1 : [0, 25%), 2 : [25%, 50%)
and 3 : [50%, 100%].

TreeCover Categorical
Category of the tree cover per house, delimited on aereal
images made by drone: 1 : [0, 25%), 2 : [25%, 50%) and
3 : [50%, 100%].

TreeHeight Continuous Tree high average per block, based on the houses surveyed
and trees identified on drone cartography per block.

NDVIRe Continuous Average of 100 random points per house of Normalized
Difference Red Edge Index (NDRE).

GNDVI Continuous Average of 100 random points per house of Green
Normalized Difference Vegetation Index (GNDVI).

NDVI Continuous Average of 100 random points per house of Normalized
Difference Vegetation Index (NDVI).

Digital Surface Model Continuous Digital Surface Model (DSM) per house on masl.

CIgreen Continuous Average of 100 random points per house of Green
Chlorophyll Index (CIgreen).

Digital Terrain Model Continuous Digital Terrain Model (DTM) per house on masl.

3.4. Methodology

Given the data gathered according to Section 3.2, our proposed index is based on two
steps (see Figure 2). First, we obtain a vectorial representation of each house included in
our study in such a way that we can obtain similarities among them. This step involves
an encoding procedure to the raw data, which takes into account the different types of
variables we have. In the second step, we obtain the index as a latent variable derived from
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a particular regression procedure by introducing a dependent variable related to the Ae.
aegypti. In the following sections, we describe in detail those steps.

Figure 2. Block diagram of the proposed methodology.

3.4.1. Vectorial Representation of the Data

The methodology we propose to obtain the risk index requires a vectorial represen-
tation of the data. In the case of medium- to high-dimensional data, it is recommended
that this representation be low dimensional, and therefore, a dimensionality reduction
procedure is envolved.

Principal Component Analysis (PCA [57]) and Multiple Correspondence Analysis
(MCA [58,59]) are well-known techniques to obtain low-dimensional representations of
quantitative and qualitative data, respectively. When we have mixed-type data, i.e., quanti-
tative and qualitative, as in our case, there are some proposals in the literature where, prior
to the dimensionality reduction, an encoding procedure is done to one or both types of
variables. The simplest encoding procedure is the discretization of the quantitative features
by mapping continuous values into predefined intervals (e.g., low, medium, high), in order
to obtain a complete categorical dataset; however, valuable information can be ignored, and
defining the appropriate intervals can be tricky. It is also possible to obtain a quantitative
dataset by introducing dummy variables, where qualitative features are transformed via a
one-hot encoding procedure, whereby each category is represented as a binary variable.
Although it is a common practice in regression models, several drawbacks have been
noted, such as the increase in size of the dataset, and mainly, the multicollinearity problems
that can be found [60]. Another approach is to construct a metric space with a similarity
measure between pairs of objects defined in such a way that it can handle mixed-type data,
such as multidimensional scaling (MDS, [61]) with Gower distance ([62]). Another sophisti-
cated method for encoding mixed-type data based on Shannon entropy has been proposed
in [63], where it is shown that the obtained representation can preserve the information in
the original data with a memory-efficient procedure, which is particularly useful for big
data scenarios (large and high-dimensional datasets). Another popular alternative for low
to medium-size datasets, is factor analysis for mixed data (FAMD, [64,65]), which can be
viewed as a mix between PCA and MCA. As is noted in [64], FAMD can be obtained by PCA
including quantitative variables with a particular metric, which includes the contribution
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of quantitative and qualitative variables (previously encoded) to the distance between pairs
of observations. This is the approach we use in our proposal, and in the next paragraph,
we will describe the FAMD methodology following [66].

Factor Analysis for Mixed Data

Let Xn×d be our data matrix, with n observations and d = c+ q variables, of which c are
quantitative and q are qualitative. Now, let us define the encoded data matrices ZC and ZQ

for quantitative and qualitative variables, respectively. For quantitative variables, we use
the centered-scaled version: ZC

ij = (Xij − x̄j)/σj for j ∈ C, where C is the set of quantitative

variables. For qualitative variables, ZQ is the so-called complete disjunctive table, which is a
multivariate indicator matrix, the rows of which are the concatenation of q one-hot encoding
vectors for each q ∈ Q, the set of qualitative variables. Suppose that the qth variable has Kq
categories and K = ∑q Kq is the total number of categories for all qualitative variables. Then,

ZQ is a matrix of size n× K, with entries ZQ
ik = 1 if observation i belongs to the kth category

and 0 otherwise, for i = 1, 2, . . . , n and k = 1, 2, . . . , K. Generally, we use the scaled version
of ZQ, where each entry is set to ZQ

ik /pk − 1, where pk is the proportion of observations
possessing category k. Those transformations give us a new data matrix Z = [ZC, ZQ],
with observations z ∈ Rs, where the dimension of this metric space is s = c + K. For
any two observations u, v ∈ Rs, a weighted norm is defined as ‖u‖2

W = u′Wu, and its
corrreponding weighted distance will be d2

W(u, v) = ‖u− v‖2
W = (u− v)′W(u− v).

In order to take into account the two types of variables in the distance defined before,
in the standard version of FAMD, the weight matrix is defined as W = diag([1c, p]),
where 1c is the vector of ones with length c, and p is the vector of category proportions of
length K. The latter implies a weighted scheme on the columns of ZQ when the distance
between encoded observations is computed, which together with the scaling defined
before, emphasizes the differences between observations with rare categories. However,
another weighting scheme is possible, as is noted in [66]. The fitting of the model is
similar to PCA on the transformed variables, based on singular value decomposition (SVD),
where an additional weighting scheme is applied for the row space of Z by means of
Bn×n = diag(1n−1); then, the solution is based on SVD(B1/2ZW1/2). See [64] for details.

Similar to PCA and MCA, FAMD gives us low-dimensional representations for vari-
ables and observations. In our case, we will only use the representations for observations,
which allow us to measure similarities in houses according to their characteristics.

3.4.2. Spatial Constraints

The spatial relationships between the houses in our study are based on their geographic
distribution. We used a ML methodology to generate a categorical variable for each
house, which we add to the original variables, corresponding to the cluster they belong
to, according to a particular clustering structure obtained with a clustering algorithm
with spatial constraints. The constraint we used is the contiguity in space, specifying in
this way which observations (houses) are considered connected. When we include these
connectivities in a clustering algorithm, the observations in a cluster are required not only
to be similar to one other according to their covariates, but also to comprise a contiguous
set of observations. To this end, we define a connectivity matrix Cn×n with entries Cij = 1 if
observations i and j are considered contiguous and 0 otherwise. A cluster is then considered
contiguous if there is a path between every pair of observations in that cluster, i.e., the
subgraph is fully connected. Several classical ML clustering algorithms have been modified
to take into account this type of constraint [67,68]. We decided to use an agglomerative
hierarchical clustering method adapted to handle connectivity constraints implemented in
the module cluster from sklearn package in Python [69]. We chose this method mainly
because of its simplicity and the good results that we obtained.
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3.4.3. Risk Index with Partial Least Squares

Our proposed index is based on partial least squares regression (PLS, [70,71]). PLS is
a class of techniques for modeling the association between blocks of observed variables
through latent variables.

Let X̃n×p and Yn×t, be the matrices representing a set of independent and dependent
variables, respectively, which we assume, are linearly related. PLS aims to find a set of
vectors of latent scores {α1. . . . , αR} and {ω1. . . . , ωR}, which are orthogonal and related
to the column space of X̃ and Y, in such a way that, for any value between 1 and R, this
set of vectors span the “most interesting” subspaces of the ranges of both matrices [72].
Taken separately, αr and ωr for r = 1, . . . , R, can be the PCA solution for X̃ and Y; however,
the solution of PLS is not accounting for X̃′X̃ or Y′Y only, but for the cross-covariance X̃′Y.
Let us focus on the first pair of latent scores α1 and ω1. In this case, PLS can be stated as a
method to find vectors a and b such that

Cov(α1, ω1) = max
‖a‖=‖b‖=1

Cov(X̃a, Yb). (1)

If a1 and b1 are the solution to (1), it can be shown that Cov(α1, ω1)a1b′1 is the best
rank-one approximation of X̃′Y in the least-squares sense [72].

In its classical form, the fitting procedure of PLS is based on the nonlinear iterative
partial least squares (NIPALS) algorithm [73], which give us the whole set of solutions
(αr, ωr) and (ar, br), for r = 1, . . . , R.

In our study, the data matrix X̃n×p is the p–dimensional representation of the orig-
inal mixed-type dataset obtained with the methodology described in Section 3.4.1. The
dependent variable Y is a n× 1 matrix (i.e., a vector). In this case, the solution is given by a
particular case of PLS known as PLS1 [71,72].

Our particular interest is the solution given by the first pair of PLS scores, because our
proposed index is given by X̃a1.

4. Results

We performed an extensive set of experiments in order to explore interesting patterns
and to select a good model to obtain our proposed index. Those experiments where carried
out based on a grid of parameters, which we consider important, and are described on
Table 2.

Table 2. Main parameters considered in our model. The possible values of those parameters were
chosen arbitrarily based on the results we observed.

Parameter Description Values

PCDroneImage
The number of principal components (PCA) used to represent the vegetation indices (NDVI,
GNDVI, NDVIre and CIgreen), and cartographic information (DSM and DTM) {1, 2}

nclust The number of clusters considered to model the spatial relationships between the houses. {2, 3, 4, 5, 6}

knn
The number of k nearest neighboring houses for defining the connectivities in the agglomerative
hierarchical clustering with spatial constraints {3, 4, 5}

PCFAMD The number of principal components to be used, obtained with FAMD {2, 3, 4, 5, 6}

PCPLS

The maximum number of principal components to obtain in PLS to generate our proposed index.
Observe that, altough we use just the first score of PLS (X̃a1), results may vary for different values of
PCPLS. Also, this parameter must satisfy PCPLS ≤ PCFAMD

{2, 3, 4, 5, 6}

As in any regression-based model, in PLS we can obtain some metrics accounting for
its predictive performance; however, it is not our objective (it is very easy to show that a
performance metric such as the coefficient of determination, can be artificially “inflated”,
resulting in an overfitted model). In our case, we want to take advantage of a unique
characteristic of PLS: to construct the best set of latent variables (components) based on
the set of factors we obtained with FAMD, which are correlated to our response variable of
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interest, as we explained in Section 3.4.3. In this sense, we want to exploit the explanatory
habilities of PLS, which will allow us to obtain a set of components that can represent all
covariates we used (from different sources and types) in a useful way to be considered as a
risk index.

Then, our main evaluation criteria was the explained inertia (covariance) obtained
with the FAMD procedure according to the PCFAMD variable, and the residuals on log
counts of the response variables. Because we have many possible combinations of the
parameters, we will not show here those experiments, but many of them can be found
as supplementary material to this paper in https://github.com/victorm0202/mosquito_
borne_viral_disease_paper.

We observe that the patterns of risk we found are consistent in most of the parame-
terizations we used, except on those where the model overfits, and we observed also that
this tends to occur when PCPLS is high (5 or 6, mainly). In this case, the risk index does not
show a particular spatial trend, even when we vary the other parameters.

Based on those experiments, we decided to use the following parameters of our
proposed model for the results we will show:

• PCDroneImage: 1
• nclust: 4
• knn: 3
• PCFAMD: 2
• PCPLS: 2

obtaining an explained inertia of 0.661.
Based on this set of parameters, and the geographic distribution of the houses included

in our study, we generate a cluster configuration by using agglomerative hierarchical
clustering with spatial constraints, as is explained in Section 3.4.2, where we included all
independent variables related to the houses of our dataset.

In Figure 3, we show the connectivities induced by C by using the centroids of the
polygons defining the houses and the cluster configuration of houses according to four
regions. We add a categorical variable to our dataset which represents the region assigned
to each house.

Figure 3. Hierarchical clustering with connectivity constraints. (a) Spatial distribution of houses and
their connectivities with k = 3 NN. (b) Cluster structure with 4 regions or clusters.

We apply FAMD to the complete dataset of independent variables, including that
for the region. As was explained in Section 3.4.1, we can obtain low-dimensional repre-
sentations for variables and observations, but it will be restricted to observations only,
because our interest is to have a useful representation for the houses according to all their
covariates. Because FAMD is based on MCA and PCA, we can obtain representations based

https://github.com/victorm0202/mosquito_borne_viral_disease_paper
https://github.com/victorm0202/mosquito_borne_viral_disease_paper
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on each type of variable, as we show in Figure 4. For visualization purposes, we show
two-dimensional representations of observations based on qualitative variables (Figure 4a),
quantitative variables (Figure 4b), and the complete set of variables (Figure 4c), which is
our main interest.

Figure 4. Two-dimensional representations of observations (houses) obtained with FAMD. (a) Based
on qualitative variables. (b) Based on quantitative variables. (c) Based on both quantitative and
qualitative variables

We can see that some patterns emerge when we use categorical and continuous
variables only, but perhaps it is more clear in the case of continuous variables (Figure 4b),
where we can observe a main cluster of houses, and three smaller clusters. Moreover, we
can see at least two clusters when we consider the whole set of variables, as is shown in
Figure 4c. We tried to explore a little more on this fact by applying k–means clustering
considering the 3 PC we get with FAMD and k = 4 clusters. The results are shown in
Figure 5. Initially, we wonder if those patterns corresponded to the spatial configuration
we found in Figure 3. This was not the case, but we will use the clusters we found with
k–means to compare with the results we obtained with the proposed index.

Figure 5. k–means clustering for observations (houses) obtained with FAMD. We used k = 4 clusters
considering 3 PC as input.

To construct our univariate index with PLS, as we explained in Section 3.4.3, we use
different dependent variables Y. In all cases, our index is defined as γ = X̃a1, a vector of
length n, and it corresponds to the first PLS score.

We use univariate and multivariate Y as dependent variables for PLS. The univariate
dependent variables are denoted by Ypupae, Ymosquitoes and Ystages. Meanwhile, the multi-
variate version includes all the previous variables concatenated by columns, resulting in a
matrix Yall of size n× 3.
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For visualization purposes, and in order to compare our proposed indices, we show in
Figure 6 the bivariate risk index, which corresponds to the first two scores obtained with
PLS for each Y. The points represent the houses, and the cluster assigned to each point
is the same that we obtained with k–means in the FAMD representation (Figure 5). We
observe similar patterns in the FAMD representation and the index obtained; furthermore,
we can see that all bivariate indexes in Figure 6 are very similar.

(a) (b)

(c) (d)

Figure 6. Bivariate risk index obtained with PLS for different response variables Y. (a) Ystages.
(b) Ymosquitoes. (c) Ypupae. (d) Yall. Points in the scatterplots represent the houses.

For practical purposes, our proposed index is univariate and, as we said before,
corresponds to the first score obtained with PLS, which was scaled between zero and one.
In Figure 7 we show the house-level risk index we propose based on PLS for each dependent
variable Y defined before. This figure confirms the similarity between all indices.
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Figure 7. House-level risk index based on PLS for different response variable Y.

In addition, we show in Figure 8 the geographic distribution of houses, depicted with
polygons, and the risk index for each house. Very interesting patterns can be seen in both
Figures 7 and 8. There are some evident peaks of the risk index, which mainly correspond
to houses on the periphery of the region of study. This spatial pattern of high-risk houses
corresponds to region 3 in Figure 3, and some houses of regions 0 and 1. Houses with
low risk can be found in the center of the study region and correspond to the region 2 of
Figure 3. The risk increases as we approach the periphery of the region, as can be seen in
Figure 8.

Figure 8. House-level risk index obtained with PLS for different response variable Y. Maps shows
the geographic distribution of houses.
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The house risk index of less than 0.5 for larvae, pupae, adults, and all stages was in
69.4% (150), 70.4% (152), 71.8% (155), and 70.4% (152) of houses, respectively. The major
part of the houses with low risk (less than 0.5) was located in the downtown of the El Vergel
neighborhood. The characteristics of this area are different from the rest of the dwellings
in several aspects: they have concrete slab roofs and tile floors, better-quality services,
and less tree cover, among other things, as opposed to the peripheral houses, which are
characterized by more vegetation cover, sheet metal roofs, deficiency in the provision of
services and constant population movement. This may represent a greater risk for dengue
transmission in these particular areas. For all of the above, the generated maps can be
added to the layers of geographic information that strengthen decision making on mosquito
prevention and control measures in the area. They can permit direct mosquito control
activities for those houses with high risk for Ae. aegypti in different life-cycle stages with
adequate activities can involve community participation.

5. Discussion

The use of new technologies such as UAV have proven useful in supporting the
implementation of entomological surveillance strategies for emerging and reemerging
diseases. For malaria, the use of drones has allowed vegetation to be associated with the
abundance and presence of the vector. On the other hand, methodology for monitoring
and identifying breeding sites of Ae. aegypti mosquitoes has recently been reported.

The traditional entomological surveillance was carried out in homes by the Vector
Control Program in Mexico and used entomological indices. The house (premises), index
(percentage of houses infested with Ae. aegypti, larvae and/or pupae), container index
(percentage of water-holding containers infested with Ae. aegypti larvae and/or pupae), and
the Breteau index (number of positive containers per 100 houses recorded) [74], showed
little relationship to adult densities. In some situations, their values were not associated
with cases in the locality [75–77]. Likewise, the national dengue program uses some indices
to determine risk areas where the vector develops. One of them is the Premise Condition
Index (PCI). This index considers the house’s appearance, the shade, and the disorder in
the patio of the dwellings to determine the degree of risk in the dwelling in the presence
or absence of the vector [42]. In [42], the potential of aerial surveillance for identifying
breeding sites of Ae. aegypti was demonstrated two decades ago. Satellite aerial photographs
intended to identify high-altitude breeding and resting sites of Ae. aegypti in residential
areas were compared with the modified Housing Condition Index (PCI2) application [41]
as a rapid assessment technique within the dwellings. However, that was limited to the
resolution of the images and could not identify small elements of backyards. Nevertheless,
the satellite images are taken at different seasons, daily times, and camera angles, which
does not allow the precise association of the environmental variables related to the Ae.
aegypti house biological cycle. In this study, the UAV photos were taken at 100 m, at
approximately noon, and simultaneously with house surveys [12,51,52], making it possible
to associate the vector’s biological activity with landscape elements because it allows us
to determine them precisely and according to the field data record. The dengue mosquito
vector Ae. aegypti has expanded its distribution, as the mosquitoes have gradually adapted
to climatic and environmental conditions, leading to a change in the epidemiology of viral
diseases, facilitating their establishment in new ecozones inhabited by immunologically
naive human populations [78]. Numerous research groups have generated evidence on the
factors that facilitate vector mosquitoes’ different life-cycle stages and that are associated
with the increase in their populations [34] and disease transmission [79,80]. In addition
to the scientific evidence, health programs must know the riches of other technologies to
obtain high-resolution images that can help understand the vector-borne diseases (VBD)
complex, dynamic, and multifactorial scenarios.

Although dengue and mosquito programs have indices and technological tools that
can help understand the mosquito population dynamics, the role of UAVs as a newborn
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technology can help build a house index more robust that can permit the anticipation of
the increase in the mosquito population in health programs.

The national dengue program needs a robust concept to determine an “aedic house”
that can have characteristics for allowing Ae. aegypti life cycles. We approach the simul-
taneity of UAV high-resolution images with field surveillances; data can also be defined,
taking into account different types of variables related not only to the dwelling but also
population–socioeconomic and other characteristics related to the landscape, such as cov-
erage, type of vegetation present, and topography. Due to the fact that most of the UAV
studies have been made on simulation scenarios, the contributions of this study demon-
strate the utility of UAVs in obtaining urban landscape data for building a strong, flexible,
and robust risk index, the methodology of which can be adapted to different places on
different socioeconomic neighbor levels in urban or semiurban areas.

Our model contemplates different types and natures of variables related to the immedi-
ate landscape of each house visited, including those made through specialized cartography
by aerial images, such as the vegetation present through the coverage and height of trees.
The vegetation indices that consider both the greenness and the plant density of the species
and values of the digital surface model were included, representing all the elevations
present on the surface, land, infrastructure, and vegetation. The plant species present,
their height, and their foliage will affect the local temperature and wind speed due to the
effect of shadows projected on the various surfaces. Indeed, evapotranspiration is the effect
of evaporative cooling of the water that plants transpire. Another small contribution is
due to soil moisture [81]. In addition, consider field survey data as the premise condition
index [41], the modified house condition index [42], and the number of positive breeding
sites for Ae. aegypti, as an indirect measure of the characteristics of the houses that allow
them to offer conditions that facilitate the life cycle of mosquitoes and oviposition [82–84]
and the overcrowding index, as a measure of the human population density can act, among
other things, as one of the factors for the female mosquitoes to move in search of food
sources [85]. The flight height is crucial to obtain the optimal resolution for identifying the
landscape elements according to different scenarios and depends on the elements or object
size needed to identify the landscape. It is specific to the research question. However, it
is crucial to know the flight area—in urban environments, to avoid high obstacles such
as telecommunications or wi-fi antennas, buildings, or tall infrastructure, and in rural
and semirural environments, mainly to avoid tall trees. An evaluation was carried out
to determine the best flight height for detecting and identifying specific plant communi-
ties. They found that the NDVI orthophotograph’s best flight height to identify tolares of
Parastrephialepidophilla was 25 m, followed by 50 m [86]. An optimum flight height for
our study purposes was 100 m. For operational purposes, we recommend flights of 80 to
100 m. Moreover, we recommended following the national regulations for security flights.
Another important flight issue is photo capture time, which should be at noon, to avoid
shadows limiting the object or element detection and identification [12,52]. As dependent
variables, all the immature stages of female and male Ae. aegypti mosquitoes that could
explain the model were included and made simultaneous with the UAV flights.

Nowadays, there is an evident trend in the ML research community to use data
from different sources in order to propose useful models for many phenomena of interest,
and entomological surveillance and public health in general are not an exception. In
addition to the variables coming from specialized cartography by aerial images explained
before, we include several variables coming from field and household surveys (Section 3.2).
Certainly, there could be many advantages to incorporating more information from many
sources, because more information could enrich our knowledge of the phenomenon we are
interested in, and arguably, could improve the model we used for solving some specific
task. However, it is very important to pay attention to the way this information is used
by our models, especially when different structures are present, giving us mixed-type
variables. We think the latter is crucial, particularly for models in which a distance function
among objects (houses, in our case) is involved, as is the case of ML-related models. This is
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because not all distance functions are capable of representing differences between objects
with mixed-type data. Consider for example, the Euclidean distance, which is used by
default in most of the supervised and nonsupervised ML algorithms, and is aimed at
continuous (real-valued) variables; then, if we use a model based on Euclidean distance
for categorical or mixed-type data, the results and conclusions we obtain with this model,
may not be correct. In our proposed index, we take into account the different types of
variables by using an efficient encoding procedure which gives us a shared metric space
with a corresponding norm capable of representing distances between any two objects
taking into account the two types of input variables we used, and we think this is one of
our main contributions, given that similar works reported in the literature [38,39] leave
unclear the way by which the mixed input data (categorical and continuous) are managed,
or the distance function they used. Although in these works the model takes into account
the characteristics (socioeconomic, climate change, dengue knowledge, and landscape
factors) of a house as input and returns the prediction of the mosquito to abundance (high
or low), our model takes into account the characteristics (environmental, demographic, and
socioeconomic) of a house and its spatial relationship with other houses to predict the risk
index for being classified as an “aedic” house. In addition, our implementation was carried
out with open-source software.

Moreover, in our study, the El Vergel neighborhood presented conditions that de-
termined, for most of the houses surveyed, a premise condition index with a medium
risk level, which does not allow focusing prevention and control actions of vectors at the
housing and block level in the area. Mexico’s southern border has a wide diversity of
ecotones, socioeconomic levels, climates, and a constant movement of migratory groups.
The models must be adapted to the particular conditions of the endemic region under study.
There is no ideal formula but a series of steps to determine which variables offer greater
predictive value for a given area. New spatial analysis tools and mathematical models
are fundamental methods in vector control activities [87], and even a multidisciplinary
group for analyzing it. In addition, the mapping and spatial modeling technologies and
methodologies need to increase affordability for use in public health [88], especially in
endemic areas that require certainty, coverage, and opportunity. Predictive models can
be used for decision making in preventing various arboviruses transmitted by Aedes in
urban and semiurban endemic areas based on the evidence of overlapping Aedes-borne
diseases (dengue, chikungunya, and zika) within geographic hotspots [89]. This methodol-
ogy can adapt the model to the different regions of our country. This flexibility is allowed
mainly by the availability of real-time information provided by drones, one of its most
important contributions.

Our model can be improved in many ways, which we mention as development and
future work. It is already advisable to have information at different times of the year to
strengthen our model. Tapachula is an area where the dry and rainy seasons are strongly
marked and determine a contrast in, at least, the availability and type of breeding sites
where the vector develops. Likewise, it is necessary to validate the model in different
neighborhoods of the municipality of Tapachula, where the conditions of the houses vary
mainly depending on their socioeconomic level. Moreover, it is in our interest to explore
some adaptations of PLS for count data, because it is not naturally designed to predict this
kind of data, and compare with the log-counts approach. We advise exploring artificial
intelligence methods, such as deep neural networks, to detect interesting objects (e.g.,
mosquito breeding sites) from the UAV images. Although there have been some attempts
to use those methods, such as convolutional neural networks [90,91] for aerial surveillance
of mosquitoes’ oviposition [52], our aim is to use state-of-the-art, real-time object-detection
methodologies, such as YOLO [92] and its different versions [93–95], and also, to explore
methods based on geographic object-based image analysis (GEOBIA) [96,97] to develop
tools for image segmentation and labeling to create training datasets, in order to expand
the information of the model in real time, and to strengthen the community’s perception of
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new technologies as is suggested by [98,99]. This helps to strengthen the timeliness and
fidelity of entomological and epidemiological, sociodemographic, and environmental data.

6. Conclusions

This study shows that the use of UAVs can be incorporated into vector surveillance
and control strategies, providing spatial and temporal data of the landscape components
that allow dengue vectors to continue transmitting the disease in real time. On the other
hand, the model based on ML and multivariate statistical techniques, proposed in this study
to estimate the risk of dengue transmission, demonstrates high reliability in identifying
high-risk areas within the study locality and managing control activities specifically.
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