
Tarpenning et al. Parasites & Vectors           (2025) 18:93  
https://doi.org/10.1186/s13071-025-06706-1

RESEARCH

Comparison of unmanned aerial vehicle 
imaging to ground truth walkthroughs 
for identifying and classifying trash sites serving 
as potential Aedes aegypti breeding grounds
Morgan S. Tarpenning1, Juliet T. Bramante2, Kavita D. Coombe3, Katherine E. Woo1, Andrew J. Chamberlin4, 
Paul S. Mutuku5, Giulio A. De Leo4, Angelle Desiree LaBeaud6, Bryson A. Ndenga7, Francis M. Mutuku5 and 
Joelle I. Rosser3* 

Abstract 

Background  Trash piles and abandoned tires that are exposed to the elements collect water and create produc-
tive breeding grounds for Aedes aegypti mosquitoes, the primary vector for multiple arboviruses. Unmanned aerial 
vehicle (UAV) imaging provides a novel approach to efficiently and accurately mapping trash, which could facilitate 
improved prediction of Ae. aegypti habitat and consequent arbovirus transmission. This study evaluates the efficacy 
of trash identification by UAV imaging analysis compared with the standard practice of walking through a community 
to count and classify trash piles.

Methods  We conducted UAV flights and four types of walkthrough trash surveys in the city of Kisumu and town 
of Ukunda in western and coastal Kenya, respectively. Trash was classified on the basis of a scheme previously devel-
oped to identify high and low risk Aedes aegypti breeding sites. We then compared trash detection between the UAV 
images and walkthrough surveys. 

Results  Across all walkthrough methods, UAV image analysis captured 1.8-fold to 4.4-fold more trash than the walk-
through method alone. Ground truth validation of UAV-identified trash showed that 94% of the labeled trash sites 
were correctly identified with regards to both location and trash classification. In addition, 98% of the visible trash 
mimics documented during walkthroughs were correctly avoided during UAV image analysis. We identified advan-
tages and limitations to using UAV imaging to identify trash piles. While UAV imaging did miss trash underneath vege-
tation or buildings and did not show the exact composition of trash piles, this method was efficient, enabled detailed 
quantitative trash data, and granted access to areas that were not easily accessible by walking.

Conclusions  UAVs provide a promising method of trash mapping and classification, which can improve research 
evaluating trash as a risk factor for infectious diseases or aiming to decrease community trash exposure.
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Background
The geographic range and incidence of dengue contin-
ues to grow annually, with more than half of the global 
population currently at risk [1]. In 2019, 5.2 million den-
gue cases were reported to the World Health Organiza-
tion, with total infection numbers estimated to be closer 
to 390 million per year [2, 3]. The Aedes aegypti mosquito 
is the primary vector for dengue, chikungunya, and Zika 
viruses, making it an important target for infectious dis-
ease mitigation strategies. Ae. aegypti have already been 
identified in 167 countries, and their endemic zone is 
expected to increase 10–30% by the end of the century on 
the basis of climate change projections [4]. They thrive in 
urban tropical and subtropical climates owing to climate, 
predator reduction, proximity to human hosts, and ideal 
habitat creation; in particular, water storage containers, 
discarded tires, and trash that fill with rain water provide 
ideal breeding grounds for these mosquitoes [5–13].

The rate of global plastic production and disposal 
grows annually, with a projected 60% of all plastics end-
ing up in landfills or the natural environment [14]. With 
increased waste, and without extensive waste collection 
services, trash accumulates outside and is exposed to the 
elements. Rain and flooding fill plastic containers and 
abandoned tires with water that remains stagnant, a hos-
pitable Ae. aegypti breeding ground [8, 11, 13, 15–18]. 
Amplified by the fact that household trash piles and com-
munity dumps are often located adjacent to populated 
areas for convenience, spikes in Ae. aegypti populations 
can lead to significant surges in arbovirus transmission 
[19–22]. Conversely, implementing waste collection 
interventions can decrease the prevalence of Ae. aegypti 
pupae around households [23, 24].

While the connection between trash and vector prev-
alence is well documented, the distribution of trash 
throughout a community remains difficult to quantify. In 
some cases, trained researchers or health workers walk 
through neighborhoods recording the binary presence 
or absence of trash [25], counting individual containers 
[8], or surveying participants to gather data about trash 
in proximity to households [26, 27]. These processes 
are labor and time intensive, lack detailed quantita-
tive information, and are difficult to perform frequently 
or over large areas. The lack of a reliable, reproduc-
ible way to quantify the amount of trash in an area also 
impedes rigorous research evaluating the impact of trash 
interventions.

Unmanned aerial vehicles (UAVs) are increasingly 
being utilized to study environmental drivers of dis-
ease [28–31]. UAVs can collect much higher resolution 
images than satellites, and flights can be deployed at spe-
cific intervals, enabling researchers to evaluate environ-
mental variables at finer spatial and temporal scales. In 

contrast to walking through a study site, UAVs can survey 
a significantly larger region in a fraction of the time [32]. 
Using UAV imaging to identify mosquito habitats has 
been piloted in various infectious disease applications, 
including mapping surface water bodies [33], high risk 
land cover [34–36], and household water containers [37]. 
Quantifying trash with UAV imaging has been piloted in 
the context of onshore and offshore marine waste [38–
40], individual container types [41], and illegal dump-
ing sites [42]. However, the application of UAV-derived 
imaging to identify and quantify trash through the lens of 
Ae. aegypti breeding habitat risk remains limited.

Although the development of UAV technology pre-
sents an opportunity for efficient, versatile, and detailed 
quantification of trash distribution, potential limitations 
include visual artifacts distorting regions of the image, 
inaccurate trash classification or reviewer bias, and visual 
obstacles obscuring trash from the aerial view [43]. The 
objective of this study is to evaluate the efficacy of using 
UAVs for the identification and classification of trash 
piles that could serve as Ae. aegypti breeding sites by 
comparing UAV imaging with traditional walkthroughs 
in two communities in Kenya where trash has been 
linked to arboviral exposure risk [8, 11, 12, 16, 44].

Methods
Study site
The UAV flights and walkthroughs took place in two sites 
in Kenya: Kisumu City and the town of Ukunda. The two 
sites exhibit distinct climate and topographical features, 
with Kisumu characterized by its urban inland envi-
ronment and Ukunda by its semi-urban coastal setting. 
These variations impact trash accumulation patterns and 
mosquito habitat characteristics. The study sites were 
selected on the basis of the prevalence of trash accumula-
tion and documented incidences of dengue and chikun-
gunya, ensuring the relevance of the findings to high-risk 
areas [8, 11–13, 16, 45–62].

Trash classification
Images obtained from UAV flights were reviewed for 
the presence of trash with manual visual inspection, and 
each trash pile was placed in a category aligned with the 
classification scheme. Trash was identified and catego-
rized by a trained individual using a trash classification 
scheme that we previously developed for these sites [31]. 
This scheme accounts for the visual appearance of trash 
and assigns a risk score to each trash category on the 
basis of factors that would impact the likelihood of the 
trash site being a productive Ae. aegypti breeding ground 
[31]. Trash categories included: trash collection center, 
large community dump, medium community dump, 
small household trash pile, trash pile next to water canal, 
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discarded car tire, mixed trash and rubble, scattered 
trash in the grass, and scattered trash by the road. The 
broader label of “higher risk trash” was assigned to trash 
collection centers, large community dumps, and medium 
community dumps because the size, density, and level of 
disturbance of these categories make them more likely to 
serve as good Aedes aegypti breeding sites [31].

Using QGIS version 3.24, a 5 × 5 m grid was applied to 
the UAV image and each grid square was inspected by 
visual review to ensure that all sections of the map were 
addressed. A polygon was drawn around each trash pile 
identified on the UAV image, and each polygon was indi-
vidually classified by trash category. During community 
walkthroughs, trash was observed in person and catego-
rized according to the same classification scheme. The 
trash location and classification were compared between 
the UAV images and the walkthrough data (Fig. 1).

UAV flight planning and image acquisition
Flights were conducted using a DJI Mavic 2 UAV in col-
laboration with SwiftLabs (https://​swift​lab.​tech/) and in 
accordance with Kenyan Aviation Authority regulations. 
Flights were conducted at an altitude of approximately 
100 m over 8 days in January 2023 and August 2023.

UAV image processing
Image processing was done using AgiSoft Metashape 
Professional version 1.8.4 and base maps were generated 
in geographic coordinate system WGS 84 with a resolu-
tion of 3 cm per pixel, and exported as a geotiff.

Four types of community walkthrough methods
To provide ground truth data to compare with the UAV 
image data, we conducted walkthroughs of the commu-
nities through which trash sites were identified by visual 
inspection on the ground and their location and trash 
type were recorded. Although walkthrough-based trash 
counting is frequently used to observe trash distribu-
tion, this study took a unique and iterative approach to 
the walkthrough process; we  employed four distinct 
approaches to improve the reliability of walkthroughs as 
a ground truthing method for UAV trash identification. 
Initially, we used exploratory walkthroughs of the envi-
ronment to highlight potential obstacles to UAV imag-
ing and to determine which common objects found in 
the study site region mimicked trash piles when viewed 
from an aerial perspective. As information was gath-
ered, we fine-tuned the walkthrough process; ultimately, 
four methods of walkthroughs were developed and 

Fig. 1  Comparison of UAV and walkthrough images. Trash piles visible on the UAV images are shown in a side-by-side comparison with photos 
taken during walkthroughs. These trash sites are classified as (A), a large community dump with “higher risk trash” and (B), a lower risk, household 
trash pile. Comparison of UAV images and walkthrough photos of the complete trash classification scheme has previously been described [31]. UAV 
unmanned aerial vehicle

https://swiftlab.tech/
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used across the two study sites (Fig.  2). Walkthroughs 
occurred on the same day as the UAV flight for a given 
area or, when not possible, within 2 days. s

1	 Paths: general trash site identification along major 
walking paths (Ukunda, January 2023)

Initial walkthroughs followed a route that covered 7 
km and was distributed throughout the study site. Using 
an eTrek10 GPS device and a smartphone, trained study 
staff marked the trash coordinates, noted trash classifica-
tion details, and took a photo of high and medium risk 
trash along the route, documenting trash site charac-
teristics including size and category. Additionally, non-
trash objects and piles that looked similar to trash were 
marked and labeled as a mimic. Post-walkthrough, a 
15-m buffer was overlaid on the walking route with QGIS 
to represent the visual field from the path for analysis 
purposes, resulting in a total walkthrough coverage area 
of 0.21 square km (sqkm). The buffer distance was deter-
mined by reviewing the UAV image and accounting for 
the visual obstruction of houses along the path.

2	 Leader-led polygon: identification of major trash 
sites within a community boundary (Kisumu, January 
2023)

Community leaders and trained study staff walked 
through a 0.33 sqkm region of Kisumu with the goal of 
finding all large and medium trash sites well-known to 
the local community leaders. Smaller trash sites includ-
ing small household piles, scattered trash, and tires were 
also documented throughout, although not with the 

same level of detail as was used in the systematic walk-
through described below.

3	 Systematic polygon: identification of every trash site 
within an established boundary (Kisumu, January 
2023)

Trained study staff walked systematically through a 
0.23 sqkm region delineated by a predefined boundary 
polygon defined on QGIS and uploaded to maps. Study 
staff walked through the area guided by the Google Maps 
boundary with the intent of identifying every trash site, 
regardless of size, within the study area. All visible trash 
points were marked, along with a description of the trash 
classification and a photo.

4	 Reverse ground truthing: verification of trash identity 
post-UAV image processing (Kisumu and Ukunda 
August 2023)

Immediately following the UAV flight and initial map 
processing, one trained individual reviewed the UAV 
images and identified trash points within an area deter-
mined to be representative of the region and contain-
ing a variety of trash types, given the broader context of 
previous flights—0.03 sqkm in Ukunda and 0.04 sqkm in 
Kisumu. The trash points and ground truthing areas were 
labeled on Google Maps, which was used by trained team 
members to complete the reverse ground truthing pro-
cess, that is: 10–12 days after the UAV flight, trash points 
that were identified on the UAV image were visited by 
the team member on-site to confirm or correct the trash 
location and categorization.

Fig. 2  Walkthrough methods. A, A section of the path walkthrough route through Ukunda, with a 15-m buffer shown in red to represent land 
covered by visual inspection. B, The three red polygons outline the regions in Kisumu where leader-led walkthroughs were conducted. C, Two areas 
in Kisumu that were systematically examined for all visible trash during the walkthrough. D, The reverse ground truthing area in Kisumu, with trash 
points labeled via UAV image shown in red. GT ground truth
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Trash mimics
Throughout the path and leader-led walkthroughs, the 
study team recorded objects and areas that could con-
ceivably be mistaken as trash from an aerial perspective 
owing to similar coloring, size, and texture. These trash 
mimics included construction supplies, such as bricks, 
tarps, and rubble, as well as organic materials, such as 
leaves and wood, and miscellaneous objects, including 
livestock and fabric [31]. Mimics, unlike trash and tires, 
do not collect water as effectively and thus do not confer 
a significant risk of Ae. aegypti breeding.

Analysis
Individual associations between the walkthrough trash 
points and those found with UAV imaging were deter-
mined by referencing GPS data, photos captured during 
the walkthroughs, and the UAV map. Image and GPS 
analysis was initially conducted using QGIS version 3.24 
and later processed with R version 4.4.0 to aggregate and 
summarize the data.

Assessment of UAV imaging advantages 
and disadvantages
The relative advantages and disadvantages of identifying 
Ae. aegypti breeding sites by UAV imaging versus com-
munity walkthroughs were then qualitatively evaluated 
by the study team on the basis of four criteria: visualiza-
tion, spatial accuracy, temporal accuracy, and logistics.

Results
Trash identification by walkthroughs versus UAV method
Together, all “forward” walkthrough methods—paths, 
leader-led, and systematic—identified and classified 214 
trash features across all nine trash categories, 18% (39) 
of which fall into a “higher risk trash” category owing to 
their size and density: trash collection centers, large com-
munity dumps, and medium community dumps. UAV 
image analysis of the same regions marked 60% (129/214) 
of the trash points identified during the community walk-
throughs. Although the UAV method did not successfully 
identify all of the walkthrough trash features specifically, 
the UAV technique identified threefold more trash than 
the walkthrough method within the walkthrough regions. 
The magnitude of this increase ranges from 1.8-fold 
to 4.4-fold when stratified by the walkthrough method 
employed in the area. However, the distributions of trash 
captured by each method follow a similar pattern; trash 
identified only with UAV imaging constitutes the largest 
percentage, followed by trash identified by both methods 
and trash found only on walkthrough (Fig. 3).

Identification by trash categories
The most common trash category documented was 
small household piles, followed by scattered trash 
and discarded car tires. Higher risk trash categories 
accounted for less than one tenth of the total trash 
found by both UAV and walkthrough methods com-
bined. Within this smaller subsection of trash, the UAV 
method identified 82% (32/39) of the higher risk piles 
that were found on walkthrough and contributed 27 
additional higher risk piles—all of which fell under the 
classification of medium community dumps (Table  1). 
Of the seven high-risk piles missed by UAV, two were 
large community dumps hidden under features that 
obscured the aerial view: a dump under the canopy of 
a large fig tree and a dump within a covered building.

Discarded car tires accounted for 13% of the total 
trash found by both methods. Although the UAV 
method identified less than a third (5/17) of the car 
tires that were documented during the walkthroughs, 
the UAV also found an additional 84 tires that were 
missed by the walkthroughs—more than a fivefold 
increase in the total number of tires identified.

Among all classification categories, 45% (38/85) of 
the trash points that were identified by walkthrough 
but missed with the UAV were not visible on the UAV 
image owing to visual obstructions. In addition to tree 
canopies and roofs, obstructions included awnings and 
vegetation.

Reverse ground truthing (UAV identification validation)
Using the reverse ground truthing method, 161 trash 
points were identified on UAV images and subsequently 
evaluated on-site with targeted ground truthing. These 
points were distributed between study sites—69 piles in 
the Ukunda site and 92 in Kisumu. Combined analysis 
of both sites concluded that 94% (151/161) of the UAV-
identified trash was verified as correct with regards to 
both location and classification. Six of the discordant 
trash features were objects moved before ground truth-
ing occurred. Specifically, six adjacent tires lying hori-
zontally in Ukunda were marked as abandoned tires on 
the UAV image but were not present at the time of the 
ground truth, 10–12  days later; we then verified that 
those tires had been moved in the intervening days out of 
the field of view. There were four classification errors in 
Ukunda as well: one pile of stones was incorrectly labeled 
as a small trash pile, and three areas that were labeled as 
small trash piles were, through ground truthing, deter-
mined to be completely burned ground. A fully burned 
area, evidence of a previous trash pile, does not have any 
trash present to hold water and therefore does not pose a 
mosquito breeding risk.
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Mimics analysis
There were 75 trash mimics, such as organic and 
building materials, that were documented during the 
walkthroughs. These included 14 mimics that were not 
visible on the UAV images owing to visual obstructions 
(Table  2). Of the mimic points that were visible, the 
UAV method correctly avoided 98% (60/61)—not iden-
tifying these lookalikes as trash. The one mimic mis-
takenly identified as trash was an additional instance 
of an area of burned ground where a trash pile had 
been previously, but which did not contain trash capa-
ble of holding water.

Qualitative comparison of UAV imaging 
versus walkthrough approaches
In addition to the quantitative comparison of the 
number of trash sites identified by UAV imaging ver-
sus walkthrough, we identified four broad categories 
of qualitative factors that warrant consideration in 
determining whether UAV imaging may be an optimal 
method for a particular study question or study site. 
These categories included: visualization, spatial accu-
racy, temporal accuracy, and logistics (Table 3).

Fig. 3  Overall trash identification by method. A–D, The ratio of trash identified by only the UAV, only on walkthrough, or by both methods is shown 
for each walkthrough method. Across all methods, UAV imaging captured more trash sites than walkthroughs and only missed 11.1% of total trash 
identified overall. UAV unmanned aerial vehicle
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Discussion
This study evaluated the performance of UAV imagery 
compared with ground truth walkthroughs in the iden-
tification and classification of trash to map and quan-
tify the distribution of potential Ae. aegypti breeding 
grounds. Comparing the UAV process with the conven-
tional walkthrough method of trash counting showed 
that the aerial perspective effectively provided visuals 
of a significant number of trash piles that were not seen 
during the on-site walkthrough. Notably, UAV imaging 
identified additional medium community dumps, which 
pose a high risk of infectious disease transmission owing 
to their size and trash density. Although the UAV method 
missed approximately 11% of the trash found in the walk-
through regions, there were more than three times as 
many trash sites identified using the UAV as compared 
with the walkthroughs alone. Furthermore, on reverse 
ground truthing and mimic analysis, we found that 
UAV trash identification had an extremely low rate of 

misidentifying something as trash that was in fact some-
thing else.

Our findings corroborate other studies that have dem-
onstrated the potential utility of using UAV imaging 
to identify containers that serve as mosquito breeding 
grounds or  to identify trash. However, our study adds a 
unique perspective by focusing on terrestrial trash that 
can serve as Ae. aegypti breeding sites. The successful use 
of UAVs to monitor trash in and around oceans and riv-
ers has been well documented [38, 39, 63–66]. However, 
while water and sand provide relatively neutral and con-
sistent backdrops for visual trash identification, diverse 
land cover can make accurate trash quantification more 
difficult [41, 43]. Despite this challenge, manual review 
of the UAV images in this study proved highly accurate 
in discriminating between trash and objects that mimic 
trash. In a trash visualization study in South Africa, 
Swanepoel et al. addressed a similar research gap related 
to the quantification of trash sites over a large land area 

Table 2  Identification of trash mimics

Various objects or environmental features were predicted on walkthrough to potentially resemble trash from an aerial perspective and thus were identified as 
potential trash mimics [31]. These mimics pose no risk of Aedes aegypti breeding and identification of these features as trash would be incorrect. For each mimic 
identified on walkthrough, the associated UAV image location was crosschecked to determine the presence or absence of a trash feature outlined on QGIS, or if the 
feature was obscured from the aerial view and could not be seen.

UAV unmanned aerial vehicle

Ukunda
January 2023

Kisumu
January 2023

Total
(both sites)

Total mimics identified via walkthrough 47 28 75

Correct (mimics not identified as trash on UAV image) 38 22 60 (80%)

Incorrect (mimics identified as trash on UAV image) 0 1 1 (1.3%)

Not visible on UAV image 9 5 14 (18.7%)

Table 3  Advantages and limitations of mapping solid waste with UAV imaging

There are several factors to be considered when selecting between using a UAV image versus walkthrough approach to map trash distribution across a community. 
Choosing one method over the other, or combining strategies, depends on the specific research needs and the local context.

UAV unmanned aerial vehicle

Qualitative comparison of UAV versus walkthrough for trash identification:

Advantages of UAV imaging Limitations of UAV imaging

Visualization Resolution down to 3 cm per pixel, depending on flight altitude
Views of hard-to-reach places (e.g., far from footpaths, 
inside yards or half-built buildings, and rooftops)

Cannot identify composition of trash
Items under trees or eaves may be obscured
Potential for misclassification

Spatial accuracy Can quantify the surface area of trash
Can get a crude estimate of trash volume based on trash 
density
Measure geospatial epicenter and extent of trash
Improved measures of places without trash

Precision of area is limited because trash boundaries are usually 
not discrete
Cannot determine precise trash volume because view is two-
dimensional

Temporal accuracy Quantification of trash enables monitoring of distribution 
and overall quantity over time

Cannot determine frequency of turnover of trash within a par-
ticular pile

Logistics Efficiently cover a relatively large area
Can retrospectively review other habitats or environmental fac-
tors deemed to be of interest

Requires trained, licensed pilots to fly
Review of images is time intensive
Flights susceptible to disruption by weather
Community may have concerns about purpose of flights
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using UAV imagery. They found that UAVs were a suc-
cessful method, although their study did not classify 
trash through an infectious disease lens, nor did it imple-
ment a ground truthing component [43]. In terms of 
container identification for mosquito habitat mapping, 
a study using UAV imagery to measure Aedes albopic-
tus breeding risk determined that the UAV was unable 
to identify all of the target water containers. However, 
the increased efficiency of UAV technology as compared 
with walkthroughs was hugely beneficial—the UAV was 
able to assess five times the number of houses in around 
one tenth of the time [32]. A second study, conducted 
in China, found the UAV method to be almost perfectly 
successful at Ae. albopictus container identification, with 
97% accuracy [67]. This work has built a foundation for 
the use of UAVs as a tool for both trash and infectious 
disease mapping applications. Our study adds to this 
growing field by demonstrating the feasibility and poten-
tial advantages of using UAV imaging to map trash types 
that serve as potential Ae. aegypti breeding sites.

Studies piloting the use of UAVs for mosquito breed-
ing ground mapping generally agree that a combination 
of survey approaches, including UAV and manual walk-
throughs, would provide the most accurate picture of risk 
distribution [32, 37, 68]. While other studies focus on the 
risk of standalone containers, such as water jugs and col-
lection bowls, our study similarly found that the combi-
nation of UAV imaging and walkthroughs would identify 
the largest number of potential trash breeding grounds. 
Previous studies using UAVs to identify individual con-
tainers have had variable success, concluding that walk-
throughs are typically more comprehensive and reliable 
for trash quantification [37, 41, 69]. By contrast, in this 
study, UAV image analysis found a much greater quantity 
of trash than manual walkthroughs alone, suggesting the 
increased value of the aerial perspective when the target 
objects are trash piles and tires rather than smaller scale 
objects. Building on a wealth of similar studies adopt-
ing UAV imaging to assist with pollution, infectious dis-
ease, and environmental management projects, this study 
addresses a novel application of UAV technology in its 
scale, vector focus, and region. Uniquely, this study uses 
UAVs to locate and categorize trash through the lens of 
Ae. aegypti breeding risk, rather than identifying envi-
ronmental hotspots or individual containers.

A key limitation of UAV imaging is the lack of visibility 
when trash sites are located under tree canopies or within 
covered structures, a finding consistent with studies ana-
lyzing UAV applications [32, 41, 68]. Features completely 
hidden from the aerial perspective accounted for 38/85 
(44.7%) of the trash that was identified by walkthrough 
but missed on the UAV image. Although this subset of 
hidden trash represents a meaningful portion of the trash 

sites, one way to mitigate this limitation is to use subcat-
egories that indicate when a pile appears to be partially 
hidden from view. In our previous study, we proposed 
subcategories such as “under a tree” and “mixed with 
vegetation,” as these are common features that obstruct 
the full visualization of a trash pile and suggest that the 
pile is likely larger in size and therefore higher risk than 
the measured size would suggest [31]. This approach does 
not completely negate the possibility of missing piles 
entirely obstructed from view, but can help mitigate this 
problem. Moreover, trash and tires located under roofs 
and building cover are often protected to some degree 
from rainwater and may serve as a less productive breed-
ing site owing to the reduced quantity of collected water. 
Future studies could explore the integration of LiDAR 
technology with UAV imaging to overcome limitations 
posed by visual obstructions, such as tree canopies or 
building roofs.

Classification subcategories can further be used, as 
proposed by Rosser et al., to address ambiguity in trash 
sites that have been burned and may or may not still 
serve as productive breeding ground, which can be dif-
ficult to discern with UAV imaging. Of the 11 features 
that were found to be incorrectly classified across the 
reverse ground truthing and mimics analysis, four mis-
takes were based on the differentiation between a par-
tially and fully burned area. The subcategory “burn” is 
useful to understand if there is a high disturbance rate 
of the trash—which corresponds to a lower risk of mos-
quito breeding—as areas are often used repeatedly to 
burn household trash. Therefore, the distinction between 
the extent to which the trash has been burned may not 
be critical, as all trash with evidence of burning is lower 
risk. The remaining reverse ground truthing misses were 
a result of tires that were moved between UAV flight and 
ground truthing; these features reflect more the challenge 
of predicting trash movement patterns than the efficacy 
of UAVs for trash identification itself.

Our reverse ground truth accuracy was limited by 
delays between drone flights, map processing, image 
analysis, and ground truth verification in the field. In that 
10–12  day interval, we did find that several of the tires 
had been moved. If it had been possible to conduct the 
drone flights and ground truth walkthroughs on the same 
day, it is likely that our reverse ground truth accuracy 
would improve. This observation also highlights the vari-
ability of trash movement by trash type; tires and con-
tainers are more mobile than other classifications, such 
as large, stationary dump sites. However, the challenge of 
mapping dynamic breeding sites is consistent across both 
UAV and walkthrough methods.

In some areas, reviewers faced challenges distinguish-
ing trash from the background image, which led to the 
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under-identification of trash using the UAV method. 
Vegetation providing partial cover, low contrast with the 
background colors, resemblance to rocks or plant matter, 
or overexposure and shadowing artifacts from the UAV 
camera made certain trash areas difficult to identify, as 
has also been seen in other studies [38, 43, 64, 69]. This 
challenge impacted the identification of smaller trash and 
large dumps to a similar degree, suggesting that a finer 
pixel resolution of the UAV image would not necessarily 
improve the percentage of trash capture.

Despite these limitations, the aerial perspective and 
ability to visualize areas far from walking paths allowed 
the UAV images to reveal dumps in overgrown areas 
and trash piles behind walled courtyards, among other 
areas generally inaccessible by foot. Consistent across 
all walkthrough methods, the significant increase in tire 
identification using the UAV method indicates that tires 
are uniquely suited for UAV imaging. Their consistent 
shape and high contrast with the ground enable easy 
identification, and because of the frequency of tire stor-
age on roofs and in areas not visible from the ground, 
the aerial perspective is especially useful. UAV imag-
ing can not only facilitate higher detection rates but also 
significantly reduce the time and resources required for 
large-scale trash mapping compared with traditional 
walkthroughs. The timeline of UAV image analysis also 
allows the reviewer to take breaks and return to the trash 
identification task as needed after the initial UAV images 
are taken. In contrast, the walkthrough method is more 
labor-intensive, and the identification process cannot be 
segmented, replicated, or reviewed later. Furthermore, 
the UAV images can be used to develop machine learn-
ing algorithms for automatic trash recognition, a step 
that will streamline the identification process, improving 
consistency and efficiency, and allow for serial assess-
ments and the evaluation of larger areas. In addition to 
the increased number of trash sites identified, UAV tech-
nology generates detailed quantitative data about trash 
surface area. Surface area data is difficult to accurately 
measure with a walkthrough, but it is valuable informa-
tion because of the range of pile sizes within one trash 
classification category.

One limitation of this study was the comparison of the 
UAV method with ground truthing walkthroughs.  The 
walkthrough method does not capture the entirety of 
trash in the region and is therefore a poor gold stand-
ard. To account for this fact, we used multiple walk-
through approaches—three methods to evaluate the 
ability of the UAV to capture all trash in a given area, 
and two approaches to evaluate the accuracy of the UAV 
method in identifying trash and not mislabeling mim-
ics as trash. We found similar results across these differ-
ent methods, suggesting that in future studies, selecting 

a single forward ground truth approach and a single 
reserve ground truth approach may be sufficient when 
evaluating a new site. However, the approaches were opti-
mized for assessment of different types of trash, and thus, 
the highest priority trash targets should be considered 
when selecting a ground truth approach. Another limi-
tation of this study was the use of only two study sites, 
both in Kenya with relatively similar climates and hous-
ing construction. Despite these similarities, our sites did 
have some notable differences: one was an urban, inland 
site and the other was a semi-urban, coastal site. Moreo-
ver, while brick piles were found to be common mimics in 
both sites, the differences in the type of earth in the two 
regions altered the color of these bricks and thus their 
appearance on the UAV images. The fact that we found 
similar results and good overall UAV performance across 
both sites suggests that our findings could be applicable 
to many settings. Climate change will increase the abun-
dance and geographic spread of Ae. aegypti mosquitos, 
thus requiring more effective strategies for vector habitat 
mitigation [70]. As UAV imaging as a method of mapping 
vector breeding habitats expands, it is critical to evaluate 
the accuracy and potential pitfalls of adapting this meth-
odology to new locations with different soil, climate, and 
construction features.

Efficiency and access are major advantages of UAV 
imaging as a tool for vector habitat mapping and risk 
assessment. While the UAV method showed improved 
trash identification in the two Kenyan field sites explored 
in this study, applications of this technology to more 
difficult-to-reach locations may be even more impactful. 
UAVs facilitate the quantification of Ae. aegypti habitat in 
areas where walkthroughs are not possible, enabling the 
implementation of vector abatement strategies and study 
of the dynamics between infectious disease and envi-
ronmental factors. This technology has the potential to 
increase the reach and efficacy of existing public health 
resources, as well as provide improved data collection as 
a foundation for innovation.

Conclusions
Comparable or superior trash identification, accurate 
classification, and more detailed quantification, relative 
to walkthroughs, suggest that UAV technology is a prom-
ising method of trash mapping for infectious disease 
applications. A combination of UAV imaging and com-
munity walkthroughs may provide the most complete 
catalog of the trash in an area, especially when working 
with community leaders who can ensure that known 
dumps and high-risk sites are not overlooked. This study 
supports the application of UAV imaging to map and 
quantify trash that serves as high-risk Ae. aegypti habi-
tat. This tool can be applied for a variety of uses, such as 
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quantifying changes in trash over time, across different 
seasons, or before and after an intervention.
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