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The HumBug Project (www.humbug.ox.ac.u‘)
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MOSQUITO BORNE

DISEASES ~

1MILLION |

DEATHS EACH YEAR FROM YELLOW FEVER:
207 THOUSAND CASES
MOSQUITO BORNE DISEA ’ e r
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THE DISEASES
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CASES PER YEAR ALMOST HALF OF THE WORLD'S
POPULATION ARE AT RISK OF MALARIA

Mosquito surveillance is essential for effective malaria control
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Dangerous malaria
I-" vectors (40)

All other
mosquitoes
(3460)

Africa

I:l An. arabiensis; An. funestus;
An. gambiae

- An. arabiensis, An. funestus

[ An. funestus, An. gambiae
An. arabiensis

- An. gambiae L

[ An. funestus




Mosquito vector surveillance

Time consuming;

Expensive;

With current methods, can only
be done over limited spatial
areas.

‘Gold standard’ methods also can
have notable ethical issues...

Overall aim: To develop a mobile technology that people can use in
remote areas to record the diversity and distribution of mosquitoes

HumBug bednet with
smartphone running

Host seeking mosquito Mozzwear
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Species identity data is

logged in the HumBug
B database along with its
- ! |5: location

Mozzwear app \ .
captures flight [restioabdten

tone and g
uploads it to the g
HumBug server *
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) The flight tone is
disaggregated to its

component features and run
through our species
identification algorithm
pipeline
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Can we capture the
sound of mosquitoes
as they try and bite
people in their homes?

?

Can we identify the
mosquitoes just using
their flight tone as they
try and bite people in
their homes?
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Anopheles
arabiensis

Ae. aegypti

An. squamosus
An. coustani
An. maculipalpis
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MozzWear - our frontline data capture app

e Android & iOS apps with a cross-
platform app in development
Scheduled recording
Live event detection & smart recording s

00:45

0 Rk

MozzWear

1
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18 00

System initialised
Recording (blocks of 60 seconds)

saving to 2022-10-30_10.34.51.261_v0.wav
file size: 931KB

(Creating new file!

saving t 2022-10-30_10.35.51.567_v1.wav
file size: 930KB

(Creating new file!
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A mobile technology that people can use in remote areas
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Tanzania full field trials (2021-)

A

Tulizamoyo

/\  HumBug Net
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The database: HumBug DB

1.20 hours of mosquito sounds from 36
species recorded over 8 experiments
globally Atlanta, USA

Mosquito (s) 133
17

2.15 hours of corresponding background species

3. Complete metadata, such as capture e R
method, feed status, recording device

4. Well-maintained and publicly released

HumBugDB: a large-scale acoustic mosquito

dataset
Bednet field trial

Alarge:scale multh-species dataset of acous

IHI, Tanzania

Mosquito (s) 54,116
Species 17| @ p
Experiments 2 4

Cow-baited nets

Oxford, London, UK

Mosquito (s) 7,686
Species 5
Experiments 3

USAMRU-Kenya

Mosquito (s) 2,475
Species 1
Experiments 1 Mosquito (s) 9,306
Species 5
Experiments 1

Cup recordings

o 4
| HumBug
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The detection pipeline

I PostgreSQL
% ¢ B 1 '.L
o 1 { )8 1e @

Bayesian Neural

MozzWear Central server Network - Mosquito
Primary mosquito  92tabase
detection

1. MozzWear records audio

2. Audio sent to central server

3. Bayesian Neural Network (BNN) estimates mosquito detection probability
4. positive predictions screened and stored in database

5. Predictions can be visualized on server and used to update model

%é HumBug
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The detection model: Bayesian convolutional neural network

1. Predict with uncertainty quantified: human-readable, robust & flexible outputs
2.Model was used to tag data from over 2,000 hours of Tanzanian bednet
recordings (now in database)

V| 1000 10:15 10:30 10:45 11:00 Test A: Tanzanian bednet data
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Dense (15360x128) Predicted label

Conv2D (3x3x1x32) Conv2D (3x3x32x64)

Input (Nx1x40x128) S // \ Output (2)
Dropout / \
MaxPool2D 1‘?\ /| oropout

“ﬁﬁé HumBug
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* True/positive clips of
mosquito flight tone

number of clips

hour

over the sampling ]
night .
* Note the peak o,
activity period I II
- II I H_
18 19 20 21 2 22 0 1 2 3 4 5 6 NA

% HumBug
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Species identification, not phone identification!

Shared encoder

Location/
9 domain
c|asses 2 classes

L == aLMSC + bLDC
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Shared encoder

Gradient reversal
layer

Location/

domain
2 classes

sc + bLpc
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Multi-species Classification

® Pipeline uses mosquito detector to find

® Convolutional (Bayesian) neural network

Power spectral density

‘mosquito only’ events

(CNN) for multi-species classification
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A global map of dominant
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Euro. & M.East

albimanus M An. atroparvus
albitarsis s.I. W An. labranchiae
aquasalis [ An. messeae
darlingi [ An. sacharovi
freeborni B An. sergentii
marajoara An. superpictus
nuneztovari s.I

pseudopunctipennis

quadrimaculatus s.I.

map

malar

ia atlas

project

Africa

:Ii; ;:,‘,JE,Z:/S' An. funestus;

W An. arabiensis, An. funestus

[ An. funestus, An. gambiae
An. arabiensis

B An. gambiae

[ An. funestus

India/Western Asia

- o

malaria vector species

> <

South-East Asia and Pacific

An. culicifacies s.1.; An. stephensi, - An. farauti s.|.; An. koliensis; An. koliensis
An.

An. fluviatilis s.I.
[ An. culicifacies s.I.
W An. fluviatilis s.1.

An. stephensi

Parasites
&\Vectors

punctulatus s.1. n. lesteri
I An. dirus s.1.; An. minimus s.I. @l An. leucosphyrus/iatens

>

W An. lesteri; An. sinensis [ An. maculatus
[_1An. balabacensis [0 An. minimus .|
I An. barbirostris s.1. B An. punctulatus s.1.
[ An. dirus s.I W An. sinensis

[ An. farauti s.I [ An. sundaicus s.I.

An. flavirostris

Sinka et al. Parasites & Vectors, 2012 ?:
??
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* Aedes albopictus arrived in
the USA in 1987

* Inten years it had spread to
678 counties in 25 states

* Itis now fully established
across ltaly, across south
and mid France and moving
into the north, eastern
Spain and now crossing into
northern Africa

* First local transmission of
Chikungunya in the south of
France in September 2010

Since the 1980s — Aedes albopictus has spread

ecdc
[

Aedes albopictus, May 2024
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hornet (Vespa velutina)

Coming to a hive near you!
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Passive
monitoring

y% +
Asian Hornet E
Flight tone .
detected HumBug ”@%

A/

Alert notification
generated and
delivered to hive
owner and logged via
Asian Hornet Watch

app

Positive siting
location mapped
and nearby hive
owners alerted
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