Acta Tropica 279 (2026) 108120

Contents lists available at ScienceDirect

ACTA
TROPICA

Acta Tropica

FI. SEVIER

journal homepage: www.elsevier.com/locate/actatropica

Mapping mosquito flight dynamics and directional responses: A scalable
deep learning model for behavioural research

Manuela Carnaghi ™" ®, Khaled Mostafa "', Mohamed Hany "', Ayman Atia"

2 Agriculture, Health, and Environment Department, Natural Resources Institute, University of Greenwich, United Kingdom
Y Faculty of Computer Science, MSA University Giza, Egypt

ARTICLE INFO ABSTRACT

Keywords:
Behavioural analysis
Machine learning

Mosquitoes are important vectors of pathogens that affect millions of people worldwide. Understanding their
flight patterns and behaviours is crucial for developing novel control and surveillance tools. Mosquito flight track
analysis using traditional manual methods can be time-consuming and laborious. In this study, we employed

1?111 ht track advanced image processing and deep learning techniques, specifically using a GRU model, to analyse 2D video
Mogsquitoes recordings of three medically important mosquito vector species. Videos were recorded in controlled laboratory

settings using simple, low-tech equipment. Our model integrates background subtraction, YOLOv5 detection, and
the DeepSORT matching strategy to detect and track mosquitoes with high accuracy, achieving detection rates
between 99.7% and 99.9% depending on the mosquito species, effectively mitigating challenges posed by
background noise, occlusions, and tracking labels inconsistencies. In addition, a Gated Recurrent Unit (GRU)
model was employed to classify mosquito movement directions with ~97.6% accuracy. The system also gen-
erates visual outputs, including heatmaps and videos that illustrate mosquito flight trajectories, facilitating the
interpretation of mosquito behavioural responses under experimental conditions. These findings demonstrate
that integrating computer vision with deep learning techniques provides an effective method for tracking
mosquito flight paths, classifying movement patterns, and assessing behavioural responses. This approach offers
a promising avenue for automating video analysis in mosquito research and may be adapted for studying other
small flying insect species.

Directional analysis

process difficult, time-consuming, and labour intensive (Morris et al.,
2022). Direct observation of the mosquitoes is impractical due to their
small size and rapid flight speed. Furthermore, as mosquitoes are he-
matophagous and naturally attracted to humans, the presence of an

1. Introduction

Mosquitoes transmit pathogens that affect nearly 700 million people
annually, resulting in over 700,000 death every year (World Health

Organization, 2024). These staggering statistics underscore the global
health threat posed by mosquito vectors. Understanding the biology,
ecology, and behaviour of mosquitoes is crucial for developing effective
control strategies against mosquito-borne illnesses (Carnaghi et al.,
2021). In particular, studying mosquito movements and behavioural
patterns can drive the creation of new strategies or the improvement on
current strategies used for disease prevention and control. Furthermore,
studying their flight parameters could also shed light on the factors that
influence their dispersal, which is a key aspect that interests ecologists
and medical entomologists. However, tracking mosquito movements
and analysing its behaviour can be challenging, as behavioural studies
generally require continuous observation, making the monitoring
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observer in the experimental room can influence their behavioural re-
sponses. These constraints significantly limit experimental designs. A
viable solution to this problem is to record mosquitoes on video and
analyse the footage. Multiple tracking systems have been developed and
applied to record mosquito flight tracks (Bredt et al., 2025; Javed et al.,
2024b; Spitzen and Takken, 2018). However, these systems often
require complex high-tech setups and expensive equipment, thus
limiting their use in neglected tropical disease vector research where
resources are generally scarce. There is a need to develop simple
recording systems that can be paired with automated methods of video
analysis. By utilizing automated approaches capable of rapidly pro-
cessing large volumes of data, it may be possible to uncover minor
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patterns or connections that might have otherwise gone unnoticed with
human analysis alone (Hashimoto et al., 2018). Automated video anal-
ysis methods also enable continuous observations, saving time and re-
sources (Kong and Peng, 2023).

Recent developments in artificial intelligence (AI) offer promising
solutions for automated video analysis. Artificial Intelligence has
emerged as a transformative force across industries, revolutionizing task
execution and decision-making processes (Xu et al., 2021). Systems
using Al are capable of automating tasks, provide new insights, and
facilitate complex problem-solving through the analysis of vast datasets,
which enables them to identify hidden patterns (Joksimovic et al.,
2023). Two Al subdomains, machine learning (ML) and computer
vision, are particularly relevant. Machine learning enables machines to
learn from data and improve their performance without explicit pro-
gramming, whilst computer vision is used to train machines to analyse
visual information, e.g. photos and videos (Kitaguchi et al., 2021) Over
the past decade, significant advancements have been made in object
detection and tracking by improving algorithms and computer vision
technologies. Particular advancements have been made in recognizing
objects in various states of action, i.e. objects moving or remaining still
(Murthy et al., 2020). One of the most prominent algorithmic structures
in this field is You Only Look Once (YOLO), which delivers high accu-
racy and rapid processing speeds through an efficient neural network
design (Diwan et al., 2023). The adoption of this neural network design
facilitates real-time object detection and tracking across various appli-
cations (Rane et al., 2023). Moreover, it enables efficient resource
allocation and scalability for large-scale object detection tasks.

The remarkable diversity of behaviours exhibited by insects, ranging
from complex social systems to intricate mating rituals, has long
attracted scientists’ attention. The use of Al could significantly enhance
researchers’ ability to conduct research related to insect classification,
biology, and behaviour. For example, the use of Al could enable detailed
investigation of swarm dynamics, feeding methods, and communication
patterns, all complex factors that are crucial in the study of insect
communities (Sumpter and Pratt, 2003). In recent years, several studies
have demonstrated the value of Al, including ML, in behavioural and
classification studies on animals (Hu et al., 2023; Jiang et al., 2020;
Maekawa et al., 2020), including mosquitoes (Javed et al., 2024b).
Recent advances in Al have enabled more detailed investigation of
mosquito flight behaviour. For instance, a recent study applied ML
models to classify flight trajectories of Anopheles gambiae around
insecticide-treated nets, revealing an immediate onset of erratic
behaviour upon exposure to permethrin, including in resistant strains
(Qureshi et al., 2025). Using SHAP analysis, their model identified tra-
jectory features predictive of insecticidal disruption with high classifi-
cation accuracy. Similarly, FlightTrackAl (Javed et al., 2024a)
integrated convolutional neural networks with multi-object tracking
and spline interpolation to achieve 99.9% tracking accuracy and over
91% success in identity reassignment following occlusions in videos of
Aedes aegypti. This represented a substantial improvement over the
group’s earlier work (Javed et al., 2023), in which a Mask RCNN model
was used under similar conditions but was less resilient to occlusions
and background interference. Collectively, these studies addressed key
challenges posed by mosquito morphology and flight variability. Other
applications of ML in mosquito research have focused primarily on
identification and taxonomy, where these approaches have demon-
strated useful for classification tasks. For example, a YOLOv3 deep
learning model accurately distinguished mosquitoes from other insects,
and when mosquitoes were detected, the model identified the species
and the sex of the specimen with an average precision rate of 99% and a
sensitivity rate of ~92% (Kittichai et al., 2021). Similarly, a model based
on deep learning algorithms classified different Aedes species using wing
interferential patterns, with identification accuracy exceeding 70% for
eight out of the ten species studied (Cannet et al., 2023).

Here, we present a model that uses computer vision and deep
learning algorithms to analyse 2D videos of mosquitoes in laboratory
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settings using low-tech equipment. In addition to mosquito detection
and tracking, the model incorporates a directional movement classifi-
cation feature, enabling it to identify whether a mosquito is moving to
the right, to the left, upwards, downwards, in a zigzag pattern, or not
moving at all; the model can then display such information as super-
imposed tags on videoframes. The directional movement classification
can be informative when analysing the behavioural approach that
mosquitoes display close to baited traps or control tools. We tested the
model on three mosquito species, all major vectors of human pathogens:
Ae. aegypti, Anopheles coluzzii, and Culex quinquefasciatus. The model
proposed here provides further tools to track and analyse mosquito
flight paths and behaviours, thus offering insights that could inform
innovative disease prevention strategies.

2. Materials and methods
2.1. Mosquito rearing and experimental set up

All three mosquito species were maintained under the controlled
laboratory conditions with a 12: 12 h light: dark photoperiods, tem-
perature of 26 + 2 °C, and a relative humidity of 60 + 5%. Rearing was
carried out following established protocols (Carnaghi et al., 2024a). In
summary, mature female mosquitoes were fed defibrinated horse blood
using artificial feeders (Hemotek, UK). Gravid females were allowed to
oviposit eggs in oviposition dishes, which consisted of a Petri dish lined
with a layer of damp cotton wool covered by moist filter paper. Eggs
were transferred into 1 L of deionized water solution with 0.1% of
aquarium salts (Tropic Marin, Germany). Larvae were fed ad libitum
until pupation with organic baby rice (4-6+ months, Aptamil,
Netherlands) and a source of protein, which was either fish flakes
(TetraMin Tetra Werke, Germany) for Anopheles mosquitoes, or dog food
(Purina Bakers Adult 100% Complete, UK) for Culex and Aedes
mosquitoes. Pupae were transferred daily into 30 x 30 x 30 cm cages
(BugDorms, Taiwan), and emerged adults were provided a 10% sucrose
solution, until ready to be used in experiments. Mosquitoes used in the
assay were between five to seven days post-emergence.

To enhance responsiveness during video recording, An. coluzzii and
Cx. quinquefasciatus mosquitoes were starved for five hours prior to the
experiment commencement, whilst Ae. aegypti mosquitoes were starved
for 24 h. One hour prior to the experiment, mosquitoes were selected
and transferred into 25 mL tubes (i.e. habituation vials) and were kept in
light habituation conditions as follows: Ae. aegypti mosquitoes were
subjected to dusk light for 30 min, whilst An. coluzzii and Cx. quinque-
fasciatus were habituated to night darkness conditions by keeping them
in darkness for one hour. Lighting conditions during the habituation and
experimental time were designed to simulate natural light levels at
which mosquitoes are most active. As Ae. aegypti is known to be a
crepuscular or day-time biting mosquito, a suffused warm-white light
that mimicked dusk lighting was placed at a one metre distance from the
experimental cage. On the other hand, as An. coluzzii and Cx. quinque-
fasciatus mosquitoes are known to be nocturnal or night-time biting
mosquitoes, an array of warm-white LEDs was placed around the cage,
mimic light levels equivalent to starlight (Carnaghi et al., 2024b). For
each experimental run a new group of mosquitoes were transferred from
the habituation vial into the experimental cage (20 x 20 x 45 cm). The
experimental cage consisted of a metal frame covered with 100% nylon
sheer tights (15 deniers, nude; George ASDA, UK), secured on the right
side with a small knot, producing a slightly darker region in the
lower-right corner. The fine seams of the nylon introduced minor linear
patterns detectable by the camera, which did not affect recording
quality. Mosquitoes were left in the experimental cage for five to ten
minutes to habituate before recording. Each video lasted for two to five
minutes, after which, the recording was stopped, mosquitoes were left to
rest undisturbed for ten minutes before starting a new recording. Each
batch of mosquitoes was filmed three times, each video was considered a
technical replicate. At the end of the third recording, each batch of
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mosquitoes was removed from the cage, the room was left to air for 15
min before commencing a new set of recordings which were carried out
using a freshly assembled cage, i.e. the nylon case was changed for each
mosquito batch. For each species the following experimental groups
were tested: 1) group of six male mosquitoes; 2) group of six female
mosquitoes; and 3) group of six female mosquitoes to which host cues
were presented. To present host cues, a black terrarium heating pad
(ProRep, UK), of 10 x 15 cm surface area, set at 35°C was presented 3
cm away from the cage, along with a nylon sock which was worn for 24 h
by the experimenter (Carnaghi et al., 2021). This set up presented a
combination of thermal, visual, and olfactory cue, which are known to
be attractants for host-seeking female mosquitoes. For each experi-
mental group, four batches of mosquitoes were used, each group rep-
resenting a biological replicate. Thus, a total of 72 mosquitoes were used
per species.

The recording system consisted of a simple camera (acA2440 — 75
um, Basler, Germany), with 2448 x 2048 pixel resolution, fitted with
HF6XA-5 M lenses (Fujinon, Japan), positioned 15 cm from the cage.
The camera was connected to a laptop using Basler Video Recording
Software (Basler, Germany) to record the videos at a rate of 25 frames
per second. The camera’s field of view captured the entire cage. To
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ensure visibility in low-light conditions, three infrared (IR) lamps
(IRINB20UK, JC, China), each containing an array of twelve LEDs
emitting light > 800 nm, were arranged around the cage to create a
diffused and evenly distributed IR light illumination visible to the
camera but undetectable to mosquitoes (Gibson, 1995). Note that the
addition of IR LEDs is not necessary when recording in daylight
conditions.

2.2. Overall model training, testing, and output

The detection, tracking, and behavioural classification pipeline
employed in the model presented here used a combination of the
following algorithms: YOLOVS5, background subtraction, DeepSORT,
and deep learning, as indicated in the flow chart outlined in Fig. 1.

Training and testing of the YOLOV5 and the deep-learning classifiers
were conducted independently. For the YOLO model, training and
testing were performed at the frame level, where a frame is intended as a
single static image, using a total of 782 video samples (i.e. 15,640
frames). Each video sample consisted of 20 sequential frames extracted
from the six original recordings. The data was divided into a training set,
comprising of 80% of the data (625 video samples, for a total of 12,500
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Fig. 1. Representation of the detection, tracking and behaviour classification pipeline. The data is captured as video format, which is then input in the model. The
detection and tracking sequence uses YOLOV5, background subtraction, and Deep Sort algorithms. The data is then fed into the behavioural classification analysis
where deep-learning classifiers produce the directional movement classification outcome. The final output of the model consists of a comprehensive report including

spreadsheets and videos.
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frames), and a test set, which contained the remaining 20% of the data
(157 video samples, 3,140 frames). The model was trained on 100
epochs, with a detection threshold set to 70%, and all detections below
this threshold were excluded from the analysis, following the protocol
outlined in previous studies (Javed et al., 2023). The dataset was an-
notated using ‘Labellmg’ tool (Tzutalin, 2015). Similarly, training and
testing for the deep-learning classifiers, used for the mosquito move-
ment classification, were done using 1,248 video samples extracted from
ten recorded videos. The dataset was annotated manually. Of those
samples, one third (416) were used for training of the model, i.e. su-
pervised training, one third (416) were used for testing the model, and
one third (416) were used for the validation process. Each frame
included the x and y coordinates of the detected mosquito’s centroid
(the centre of the detected mosquito) along with the rate of positional
changes in both axes. The deep-learning models were trained on 150
epochs using an early stopping technique to prevent overfitting. The
model outputs a spreadsheet with information regarding the frame
number, the mosquito identification code (ID number), and the co-
ordinates of the centroid, i.e. x and y coordinates.

2.2.1. Ground truth and metric based evaluation

To validate the tracking algorithm’s performance and evaluate the
accuracy and reliability of the model, the ground truth centroids were
compared to predicted centroids. Ground truth centroids were extracted
manually from the videos. These were analysed frame-by-frame, and the
experimenter used a mouse cursor to mark the centroid values to the
nearest pixel. The evaluation employed two metrics previously
described (Javed et al., 2023): the centre error, and the average accu-
racy. The centre error calculates the average (Eq. (1)) between the
Euclidean distance (Eq. (2)) of the predicted mosquito centroids and the
ground truth centroid across n frames. As values of the centre error are
averaged across multiple frames, the parameter could result in numbers
that are fractions of pixels. Here, df denotes the Euclidean distance be-
tween estimated and ground truth pixel in frame f, where x; and y,
represent the estimated x-axis and y-axis coordinates, and x; and y,
represent the ground truth coordinates.

Average=1 /n Z df (@]
=

dy = \/((xp _xg)z + <}'p _Yg)z) ()]

The second metric used was the average accuracy, which quantifies
the absolute positional error in both axes. This metric reports an esti-
mation of the average accuracy of the model predictions. Accurate
centroid predictions have been previously defined as those in which the
error between estimated and ground truth fell within 8 pixels from each
other (Javed et al., 2023), therefore this value was taken as threshold for
the model presented here. This corresponded to approx. 0.7 mm at the
centre plane of the flight cage, based on the spatial resolution of the
imaging system.

2.3. Detection and tracking of mosquitoes

Mosquito detection was achieved through the combined use of
YOLOV5 and a background subtraction algorithm. While YOLOV5 is
capable of operating as a standalone system on raw video data, its
integration with background subtraction enhanced sensitivity to small,
moving objects such as mosquitoes. This combined approach mitigated
the limitations of each individual method and aimed to improve accu-
racy and consistency in detection outcomes. The components are
described in detail below. Following detection, individual mosquito
identities were assigned using the DeepSORT strategy. Trajectories were
then computed by quantifying mosquito displacement over time, with
outputs exported as annotated videos or spreadsheets for downstream

Acta Tropica 279 (2026) 108120
analysis.

2.3.1. Mosquito detection based on background subtraction

The algorithm was fed raw video data, and Gaussian blur was applied
to reduce high-frequency sensor noise and smooth local intensity vari-
ations prior to object detection. Subsequently, the absolute difference
between the current frame (f;)) and the previous frame (f; 1) was
computed to highlight areas of object movement. To separate the
moving object, i.e. the mosquito, from the background, a binary
threshold was applied. The threshold value (T) was set to 30, after
establishing it in exploratory analyses. Pixels exceeding T were classified
as foreground, and were classed as white, while pixels below T were
considered part of the background and were assigned the colour black.
This resulted in a binary image where white regions represented moving
objects while black regions indicated the background. To overcome
erroneous attribution of white spots, the morphological opening oper-
ation sequence, comprising erosion and dilation, was used to eliminate
noise and enhance detection (Said and Jambek, 2021). Erosion was
applied to remove small white regions while dilation was set to expand
white areas, thus closing gaps between regions. White regions with an
area between 350 and 3500 pixels were recorded as mosquito de-
tections; this was based on measurements of average mosquito size from
sixty mosquitoes across ten videos. The contours of these valid regions
were extracted and classified as mosquitoes.

2.3.2. Mosquito detection using YOLO

Given the small size of mosquito silhouettes, YOLOv5 was selected
due to its superior performance in small object detection (Liu et al.,
2023). The model was fed raw video data, which generated predictions
for the boundary boxes, i.e. the spatial regions where mosquitoes were
detected. The model provided information on the position and size of the
mosquito in each image, along with the classification probability of each
detection, i.e. the likelihood that the detection corresponded to a mos-
quito, which was set to 70% following protocols indicated in previous
studies (Javed et al., 2023) (see Overall model training, testing, and
output section above). The system obtained detections with high cer-
tainty and accuracy, as overlapping or duplicate detections were
removed using non-maximum suppression techniques (Saidani, 2023).
This process ensured that the final output, i.e. the boundary box co-
ordinates and the classification scores, were precise and reliable.

2.3.3. Integration of the two detection models

To achieve optimal results, the background subtraction algorithm
and YOLOV5 outputs were integrated. Both models processed the raw
video data independently, and their outputs were merged in a comple-
mentary manner. Specifically, once the background subtraction algo-
rithm detected a mosquito, a confirmation-check was performed by
YOLOVS. If both algorithms detected a mosquito in the same area, i.e. if
the areas of interest in both algorithms overlapped at any point, then the
detection was confirmed (Fig. 2). In instances where the two algorithms
detected the same mosquito but the outlined areas of interest did not
intersect, or in cases when the YOLOv5 model failed to detect the
mosquito, localisation was done using the nearest virtual tracking region
created by the background subtraction algorithm (Fig. 2). A virtual
tracking region was the area corresponding to the last known positions
of the mosquito. Once the mosquito was identified, either by both sys-
tems or by using the nearest tracking region, the exact position of the
mosquito within the boundary box was extracted using the background
subtraction algorithm, as this algorithm presented a higher localisation
accuracy. When the mosquito remained stationary, the background
subtraction algorithm could not detect it, so only the YOLOvV5 model was
used (Fig. 2). This dual-model integration ensured accurate and
consistent detection across scenarios, including moving and stationary
mosquitoes. After detection, each mosquito was assigned a unique vir-
tual tracking region three frames after initial detection, and it retained it
for multiple frames to provide spatial references for re-identification if
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B)

State : Flying

State : Flying

State : Resting

Virtual Tracking Region YOLO Boundary Box

Background Subtraction Boundary Box

Fig. 2. Mosquito detection using the combination of YOLOv5 and background subtraction algorithm. (A) Example view of a still frame extracted from a video of Ae.
aegypti. The number above the mosquito represents the mosquito ID. The yellow squares represent the virtual tracking region of each mosquito. The light blue
squares indicate the boundary box from YOLOVS5, while the purple squares indicate areas where mosquitoes were detected using background subtraction algorithm.
Mosquitoes with ID number 1, 2, and 6 are localised using solely the YOLO model, mosquito 5 is localised using solely the background subtraction, mosquitoes 3 and
4 are localised by both methods, as the output areas of both models overlap. The red arrows highlight the black metal frames or shadowed areas that obstructed
mosquito detection, as when mosquitoes flew in front of these areas their dark silhouettes merged with the dark areas. (B) Mosquito localisation based on movement
state. The left diagram represents a moving mosquito localised solely using the background subtraction system (purple box), the middle diagram shows combined
detection of a moving mosquito using YOLOV5 (blue box) and the subtraction model (purple box), note the overlap of the boundary boxes. The right diagram shows a
resting mosquito, which is detected only by YOLOVS5, as the background subtraction model cannot detect stationary objects.

detection by either model failed (Wojke et al., 2017). The distance be-
tween the virtual tracking region and the mosquito was calculated using
the Euclidean distance equation (Eq. (2)).

2.3.4. Enhancement of tracking using the DeepSORT matching strategy
To enhance the tracking, a DeepSORT strategy was used. This is an
advanced version of the SORT algorithm (Bewley et al., 2016). Mosquito
position and coordinates were extracted from the background subtrac-
tion and YOLOvV5 models and used as input for the DeepSORT strategy.
This strategy used Kalman filters and Hungarian algorithms to track the
objects, predict their future position in the subsequent frames, and
assign a unique ID to each mosquito, and ensured that the IDs remained
consistent throughout the tracking sequence. The DeepSORT model
recorded the individual positions of each mosquito along with the
timestamp, thus allowing for the reconstruction of their spatial
displacement in x and y axes. During occlusion events the algorithm
presented difficulties keeping track of the mosquitoes ID. Occlusion
events occurred when two or more mosquitoes crossed paths, causing

their silhouettes to merge temporarily, or when mosquito silhouettes
overlapped with dark objects in the background, such as the cage frame
(Fig. 2). When an occlusion event occurred, a mosquito was considered
lost if it was not detected for more than three consecutive frames. In such
cases, the model scanned the area around its last known position to
reacquire detection (Fig. 3). Upon re-detection, a temporary new ID was
assigned to the mosquito, as if the new ID were made permanent, the
new track would not be matched with the previous track, thus resulting
in a sequence of short fragmented contiguous tracks. To avoid this, the
model checked in every frame if any mosquito's identity had changed by
comparing the IDs present in the frame with those attributed at the start
of the video. If a new ID was found, the model cross-checked it against
original IDs, and the temporary ID was replaced with missing original
ID. In instances where two or more mosquitoes’ flight paths intersected,
the model applied the same re-identification logic described above, with
an additional step to reduce identity-swapping errors. Specifically, to
preserve original ID continuity, the model analyzed the recent trajectory
segments of each mosquito prior to the intersection. Based on the
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Temporary new ID
—_—

<
Original ID

-

Fig. 3. Diagram showing the DeepSORT matching strategy flow with ID enhancement. The sequence shows a mosquito detected for three consecutive frames (blue
boxes indicating model detection area), then becomes undetected. The model searches for the mosquito in the virtual tracking region (yellow boxes) or adjacent areas

until the mosquito is found again, and the original ID is restored.

directional consistency and continuity of each path, the model inferred
the most probable trajectory for each individual and reassigned the IDs
accordingly. The ID re-assignation when two mosquitoes intercepted
paths was manually verified in 47 cases, and it was noted that the correct
ID was assigned in over 75% of the cases. While this approach did not
entirely eliminate ID swaps during path crossings, it substantially
reduced their occurrence, thereby improving the overall accuracy of
identity maintenance across frames. Overall, this enhanced strategy
mitigated the impact of occlusion events on the tracking results.

2.4. Mosquito movement classification

The section below presents the three different models used to classify
mosquito directional movement, intended as the direction of displace-
ment. Movement was divided into nine categories: movement upwards,
downwards, to the left, to the right, up-left, up-right, down-left, down-
right, or no movement. All three models were fed the time points, x and y
coordinates of the mosquito’s centroids, and the rate of change along
both axes. The models assessed the direction of the movements at each
timepoint. A timepoint was defined as the conjunction of 20 consecutive
frames extracted from the video, with the first twelve frames deriving
from the preceding timepoint, and the remaining eight frames consisting
of new frames, i.e. new information. This approach allowed the model to
incorporate temporal context of the previous movement, while contin-
uously updating the input data. The output (directional movement) is
saved in individual spreadsheet for each mosquito, and it can also be
displayed as a stamp next to each mosquito in the video format. Given
the method in which the direction of movement is assessed, the direction
stamp in the video format appears with a lag time of approx. 0.8 s. A
detailed explanation of each model is provided below.

2.4.1. Long short-term memory

Long Short-Term Memory (LSTM) is an advanced variant of Recur-
rent Neural Networks (RNN) designed to bypass the obstacle of
capturing long-term information inherent in basic RNN. The LSTM cell
consists of three gates: input, forget, and output, each controlling the
flow of information. The input gate determines how to update the in-
ternal state using the current input and the prior state information; the
forget gate decides how much of the previous state should be retained,
and the output gate controls how memory data is used to generate the
output (Liu et al., 2020). In this study, a Multi-Layer Sequential LSTM
(MLS LSTM) was employed to analyse video sequences and classify

mosquito movements. The MLS LSTM consisted of four layers, as this
was found to be the optimal number of layers for accurate results (IVid
et al., 2023). The first layer had 64 cells, the second and third layer had
128 cells each, and the fourth contained 64 cells. The output of the four
LSTM layers was then processed by three dense layers, each with 64
units. Following this, information passed a dropout layer to reduce
overfitting and then was fed to a dense layer with a softmax activation
function (Eq. (3)) to classify the direction of the movements. Here,
where z; represents the logit for class i, e denotes the Euler’s number, and
j indexes the summation over all classes, where k is the total number of
classes.
et

softmax(z;) = ——— 3
=17

2.4.2. Gated recurrent unit

Gated Recurrent Unit (GRU) is a variant of RNN architecture that
addresses short-term memory limitations, while offering a simpler
structure compared to the LSTM model (Abbaspour et al., 2020). The
GRU model merges the input and the forget gates into a single update
gate. A GRU unit consists of three main parts: an update gate, a reset
gate, and current memory content. The Multi-Layer Sequential GRU
model used here contained four GRU layers responsible for capturing
temporal dependencies from input data. The first two layers had 64 cells
each, while the last two had 128 cells each. This was followed by three
dense layers, activated by the Rectified Linear Unit (ReLU) function (Eq.
(4)), which outputs the input value if it is positive and zero if negative. In
Eq. (4), x represent the scalar input of the activation function, O denotes
the constant threshold used to suppress negative values, while max is the
maximum function that returns the larger value between 0 and x. To
reduce overfitting, a dropout layer with a rate of 0.3 was applied after
each dense layer, randomly setting 30% of the input units to zero,
thereby preventing the model from overly rely on any one unit. Finally,
the information was moved to a dense layer with five neurons activated
by the softmax function, and the final movement classification was
chosen based on the highest probability.

ReLU(x) = max(0, x) 4
2.4.3. Convolutional neural networks and long short-term memory network

The Convolutional Neural Networks and Long Short-Term Memory
(CNN-LSTM) is a hybrid architecture that combines CNN and LSTM
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layers for classification tasks (de Costa, 2020). The CNN component
consisted of two convolutional layers, each using the ReLU activation
function to introduce non-linearity by setting negative values to zero.
These layers were followed by max-pooling layers, which reduced
spatial dimensions by selecting the maximum value within each pooling
window, thereby down-sampling the input and enhancing computa-
tional efficiency. The LSTM component captured temporal dependencies
within sequential data. It comprised of four LSTM layers with 50, 128,
128, and 64 cells, respectively, enabling the model to remember tem-
poral patterns over different time spans. A dropout layer followed the
LSTM layers to prevent overfitting, after which a final dense layer
activated by softmax function produced the classification of the direc-
tion of movement.

2.5. Heatmap extraction

This method was employed to generate a comprehensive heatmap
that visually represented mosquito activity levels by tracking their
physical displacement over time. The model returned an image or video
that shows mosquitoes trail, where the trails were colour-coded based on
the movement rate per unit area, with blue indicating low activity, green
and yellow indicating moderate activity, and red denoting high activity.
Resting mosquitoes did not generate any colour trail and were instead
visualised as raw static objects in the video. As the system employed a
single camera, the image generated was bidimensional; consequently, in
the rare event that a mosquito moved exclusively along the third plane
(i.e. depth), it would have been recorded as stationary. Based on
behavioural observations, such movement patters were considered un-
likely, and this limitation was therefore deemed acceptable for the
purpose of the system. To create the heatmap, firstly, each mosquito had
to be detected and assigned a unique identifier. The pixels of the
boundary box containing the mosquitoes were rendered black, i.e. were
set to an intensity value of 1. Subsequently, the intensity value of the
pixels within the boundary box was set to dynamically increase based on
movement rate per frame. This step was crucial for standardising
movement per unit area and ensuring that the final output accurately
reflected the frequency of mosquito movements within specific regions.
Independent heatmaps were initially generated for each mosquito and
subsequently combined for all mosquitoes in the frame into a single
composite heatmap. In cases where mosquito paths intersected, the pixel
colour at the intersection was set to the highest intensity value from
among the overlapping images. This approach facilitated a clearer rep-
resentation of movement patterns and areas of preference, emphasizing
regions with high activity. The resulting composite image, initially
black, was normalised by dividing each pixel intensity by the maximum
intensity observed in the image, thus ensuring consistent pixel in-
tensities across the heatmap, allowing for meaningful comparisons.
Following normalisation, pixel intensity was scaled by multiplying each
value by 255, thus adjusting the values to range from 0 (black) to 255
(white) according to the universal pixel format. This step enhanced the
visual clarity of the heatmap, as it provided information at a higher
resolution. Finally, the grayscale image was converted to the BGR colour
scale and then transformed into a jet colour map. This visual enhance-
ment was particularly effective for identifying hotspots of mosquito
activity, offering clear and intuitive representation of movement
patterns.

3. Results
3.1. Mosquito detection and tracking

The model developed and tested as described above was then used to
analyse an independent additional set of videos, two per species, for a
total of six videos analysed. For Ae. aegypti and An. coluzzii, a total of
1,000 frames were examined for each video, with four mosquitoes flying
and two mosquitoes resting in all frames. For Cx. quinquefasciatus, a total
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of 1,050 frames per video were analysed, and in all of them three
mosquitoes were flying and three were resting. By combining YOLOV5
and the background subtraction algorithms, the proposed model suc-
cessfully detected and tracked mosquitoes in the x and y axes, regardless
of whether individuals were in motion or stationary. When comparing
the model flight paths to ground truth trajectories, results indicated a
high reliability and precision which remained consistent across all
species (Fig. 4), demonstrating that the model can be used across species
with different morphological and behavioural characteristics, e.g. body
size, and flight speed.

Furthermore, the integration of the DeepSORT matching strategy
was instrumental in maintaining mosquito identity over time, including
after occlusion events. Without this enhancement, the model would
assign a new ID to mosquitoes re-detected after occlusions, resulting in
fragmented tracks and incorrect mosquito counts (Video S1). It is
important to note that although DeepSORT re-identification was
consistently accurate in cases of background-induced occlusion, its
reliability was reduced during mosquito path interceptions, where oc-
casional ID swaps were observed (correct ID reassignment confirmed in
over 75% of manually verified cases). Nonetheless, the DeepSORT
enhancement allowed for long, continuous tracks and preserved the
original identification codes (Video S1).

The performance of the tracking system varied depending on the
mosquito species and the detection methodology employed, specifically,
on whether only the standalone YOLOv5 model was used or whether the
new combination of YOLOvV5 and background subtraction method was
used. Each video was evaluated using different three threshold tolerance
values: eight, six, and four pixels. For each threshold, the models were
run in triplicates, and the average accuracy was calculated as a mean of
the three runs. Detection accuracy for resting mosquitoes was 100%
across all conditions. While both methodologies accurately detected and
tracked mosquitoes, the proposed model offered the advantage of better
managing occlusion and variable light conditions, thus yielding a better
performance. Even when using the most restrictive threshold value (four
pixels), the proposed methodology maintained an average accuracy
above 97%, and in five cases out of six the average accuracy was over
99%. In contrast, YOLOV5 alone achieved average accuracies below
99% in five cases out of six (Table 1). The superiority in the performance
of the proposed methodology was also reflected in the mean centre
error, which was consistently lower in the combined methodology
compared to the use of YOLOvV5 alone (Table 1). Particularly, in video
number two of Ae. aegypti, the mean centre error fell over two-fold, from
1.7 to 0.72, when the methodology incorporated background subtrac-
tion. Similarly, in video number one of An. coluzzii, the metric decreased
over two-fold, from 0.294 to 0.089, by incorporating the use of the
background subtraction. Overall, the proposed methodology out-
performed the standalone YOLOvV5 model, yielding overall higher ac-
curacy and lower centre error values across all tested conditions.

3.2. Directional movement classification

For Ae. aegypti, An. coluzzii, and Cx. quinquefasciatus, the model was
evaluated on 4,260, 4,520, and 4,860 frames respectively. Ground truth
movement directions were manually annotated for validation. The re-
sults indicate that the models were able to detect mosquito movement
direction, with the GRU model achieving the highest performance across
all evaluation metrics (Table 2). Specifically, the GRU model obtained
values over 97% accuracy for the three mosquito species, whereas the
other models produced lower accuracies, ranging from 65% to 72%.
These findings highlight the GRU superior ability to capture and classify
directional movement patterns, establishing it as the best model for this
application. In addition to quantitative outputs, the model generated
annotated videos displaying the directional movement tags adjacent to
each mosquito (Video S2), rendering possible to visually validating the
movement predictions, and facilitating intuitive interpretation of
directional movement over time.



M. Carnaghi et al.

A Cx. quinquefascatus B

Ae. aegypti c

Acta Tropica 279 (2026) 108120

Estimated tracks Ground truth

Ground truth
"o © L

Estimated tracks
o

An. coluzzii
1 \(
L]
5 6
4
3
2
Ground truth

Estimated tracks
° °

Fig. 4. Comparison between the model-estimated and ground truth trajectories for flying and resting mosquitoes across the three tested species. (A) Cx. quin-
quefasciatus, (B) Ae. aegypti, and (C) An. coluzzii. In each panel, the estimated trajectories closely overlap with the ground truth trajectories, underscoring the high

accuracy and reliability of the proposed model.

Table 1

Mosquito tracking evaluation results comparing average accuracies and mean centre errors for the two methodologies, the standalone YOLOvV5 and the
proposed methodology combining YOLOvV5 and background subtraction. Accuracy was calculated for three different pixel tolerances (eight, six, and four). The
mean centre error indicates the deviation between the model-predicted centre point and the ground truth centroid position.

Methodology Mosquito species Video Average Accuracy 8-Pixels Average Accuracy 6-Pixels Average Accuracy 4-Pixels Mean centre error
YOLOV5 Ae. aegypti One 99.43% 99.23% 98.3% 0.62
Proposed methodology Ae. aegypti One 99.8% 99.56 % 99.03% 0.5
YOLOvVS Ae. aegypti Two 97.76% 97.06% 94% 1.7
Proposed methodology Ae. aegypti Two 99.4% 99.16% 97.1% 0.72
YOLOvVS5 Cx. quinquefasciatus One 99.7% 99.3% 98.3% 0.34
Proposed methodology Cx. quinquefasciatus One 99.87% 99.5% 99% 0.174
YOLOV5 Cx. quinquefasciatus Two 99.0% 98.7% 98% 0.44
Proposed methodology Cx. quinquefasciatus Two 99.8% 99.6% 99.2% 0.3
YOLOVS An. coluzzii One 99.46% 99.2% 98.9% 0.294
Proposed methodology An. coluzzii One 99.94% 99.91% 99.87% 0.089
YOLOV5 An. coluzzii Two 99.8% 99.7% 99.6% 0.353
Proposed methodology An. coluzzii Two 99.83% 99.83% 99.7% 0.241
Table 2 meaningful information, such as spatial preference, heatmaps were
able

Results of the directional movement classification models. Models were
evaluated using the following metrics: accuracy, precision, recall, and F1-Score
values.

Mosquito species Model Accuracy  Precision  Recall F1-
Score

Ae. aegypti GRU 97.56% 97.825% 97.56% 97.65%
LSTM 66.5% 69.05% 62% 65.33%
CNN- 69% 68% 63.7% 65.78%
LSTM

An. coluzzii GRU 97.78% 97.9% 97.8% 97.74%
LSTM 72.44% 65.4% 63% 62.4%
CNN- 71.56% 73% 72% 71%
LSTM

Cx. GRU 97.4% 97.3% 97.1% 97.1%

quinquefasciatus
LSTM 65.9% 60.4% 65% 60%
CNN- 66.5% 68.5% 66% 66%
LSTM
3.3. Heatmaps

Activity patterns were visualised using heatmaps, which highlighted
mosquito movement rate per space unit. The system was tested with
videos of cages containing either male or female mosquitoes. Heatmaps
were generated consistently in all cases where mosquitoes were detected
and tracked successfully, and this was irrespective of the species or sex of
the mosquitoes. Heatmaps provided a clear visual interpretation of ac-
tivity levels, capturing both static positions and dynamic flight behav-
iours, and revealed spatial patterns of high and low activity within the
cage (Fig. 5). To test whether heatmaps could provide biologically

generated from videos of female mosquitoes exposed to host cues, as
host-seeking behaviour is well-characterised and therefore could serve
as positive control. The resulting heatmaps indicated that host-seeking
females consistently concentrated their activity in areas near the host
cue source (Fig. 5, Video S3), with repeated visits and hovering
behaviour in the relevant area. This outcome aligned with expectations
and supported the value of heatmaps for rapid visual interpretation of
mosquito activity levels, and by proxy, behavioural patterns.

4. Discussion

The model developed in this study integrates three algorithms,
namely background subtraction, YOLOv5, and DeepSORT, for the
detection and trajectory tracking of mosquitoes. The integration lever-
ages the strengths and the different functions of each component (Huang
et al., 2020). YOLOV5 offers robust object detection, enhanced by the
background subtraction component, and DeepSORT resolves the iden-
tity inconsistencies created after occlusion events, particularly those
caused by background clutter, thus providing continuous long tracks.
However, the integration of multiple algorithms requires careful
handling to ensure compatibility of information flow, and it may also
impose significant computational demands, with high-resolution video
data. Therefore, balancing model complexity and system performance is
essential. The model presented here achieves this balance, operating
without noticeable delays while delivering precise tracking, as high-
lighted by the validation using ground truth data manually extracted
from the videos.

Behavioural classification has been a key focus in ethological studies,
with automated extraction of information from large datasets being a
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Fig. 5. Example of a heatmaps produced from two-second videos of six Ae. aegypti females. (A) Non-host-seeking females, (B) host-seeking females. Heatmap use
colour gradient to display movement intensity, with blue indicating low activity, green and yellow moderate activity, and red high activity rate per unit area. In (A)
the white circles indicate the position of two static mosquitoes, the white arrow indicates a mosquito hovering near the top of the cage (red area), and the orange
arrows indicate two flying mosquitoes. In (B) three mosquitoes can be seen hovering on the top left corner of the cage, near the host cue source, indicated by the
green arrow. Two mosquitoes cam be seen flying near the top side of the cage, and the sixth mosquito remained static at the rear of the cage, position indicated by the

white circle.

desirable goal for researchers studying different organisms (Kain et al.,
2013). Advancements in tracking technologies and equipment have
permitted simultaneous observation of multiple individuals and have
enhanced the efficiency and the complexity of experimental designs
(Wang et al., 2024). Recent applications of deep learning models to
animal tracking and behaviour demonstrated the versatility and accu-
racy of Al-based classification methods across different organisms and
experimental settings. For example, YOLOv4 and Region-Based Con-
volutional Neural Networks (RCNN) were employed to analyse the
following behaviours in pen-kept goats: moving, eating, drinking, and
stationary (Jiang et al., 2020). They achieved high accuracy rates of
96.86%, 97.87%, 98.27%, and 96.92%, respectively. Similarly, in
another study applied YOLOv5 was applied to recognize three sheep
behaviours, namely feeding, standing, and lying down (Hu et al., 2023).
Using a cross-validation approach, in which the model was trained on
images from handheld cameras and evaluated on images from fixed
cameras (and vice versa), they obtained mean average precisions
ranging from 72.4% to 83.5%. In the present study, directional move-
ment classification of mosquitoes was achieved using three different
models, with classification accuracies spanning from 65.9% to 97.7%,
and precisions ranging from 60.4% to 97.9%, depending on the model
used and the mosquito species analysed. Cross-validation in this case
was not used to avoid data leakage and bias resulting from
cross-validation on correlated samples; instead, the dataset was split
into separate samples to be used independently for either training,
validation, and testing. The GRU architecture consistently outperformed
the two other models, across all tested species and evaluation metrics.
Due to its simpler architecture and fewer parameters, GRU is particu-
larly advantageous when working with smaller datasets or under limited
computational resources (Yang et al., 2020). Here we show that GRU
delivered stable and robust performance with minimal need for adjust-
ments, further supporting its suitability in systems aimed at streamlining
the workflow. Directional classification can be a useful resource in the
interpretation of mosquito movement to or from a specific treatment.
For example, this classification could quantify the number or proportion
of mosquitoes approaching an attractant or trap, or avoiding specific
stimulus, thus offering a practical tool for evaluating intervention effi-
cacy. By embedding temporal information alongside spatial coordinates,
the model also enables assessments of mosquitoes responsiveness over

time, allowing to differentiate between transient and sustained behav-
ioural responses, which is critical when evaluating dynamics of
vector-stimulus interaction. Moreover, heatmaps generated from mos-
quito flight data allow for intuitive and rapid interpretation of activity
levels and spatial preferences. For example, when applied to assays with
host-seeking females, the heatmaps accurately indicated areas of ag-
gregation near the host-cues. These dual visualisation tools, i.e. heat-
maps and directional classification videos, enable rapid identification of
activity patterns and behavioural hotspots, and could be incorporated
into behavioural assays aimed at evaluating mosquito response to at-
tractants or repellents.

Scalability is an important consideration in automated behavioural
analysis pipelines, particularly with respect to the number of tracked
individuals and recording duration. Object detection using YOLO-based
architectures enables high frame rates inferences, making them suitable
for long recordings. The DeepSORT tracking stage introduces relatively
limited overhead because it relies on efficient Kalman filtering for mo-
tion prediction and the Hungarian algorithm for frame-to-frame asso-
ciation, both of which scale efficiently with the number of objects. As a
result, the computational complexity of the tracking component in-
creases approximately linearly with the number of individuals and video
length, allowing the pipeline to remain practical for behavioural ex-
periments involving extended recordings or moderate group sizes. In our
setup, videos were recorded at 25 frames per second and analysed
frame-by-frame without noticeable delays, indicating that the approach
is suitable for routine behavioural assays involving small mosquito
groups. Importantly, the computational load was primarily driven by the
detection stage rather than by trajectory linking, suggesting that further
optimisation, such as the use of other YOLO variants, could allow the
pipeline to scale to longer recordings or larger insect groups. Similar
optimisation strategies have been proposed in recent multi-object
tracking studies to maintain efficiency in computationally constrained
environment (Magdin and Balogh, 2025).

The design of the current study has some limitations. Models that use
YOLO require a well-annotated training dataset to achieve optimal
performance (Terven et al., 2023), which could represent a considerable
burden for the experimenter, especially at early stages of the study when
labelled data are not yet available. However, the initial effort investment
is offset by the speed and scalability at which, after the model is trained,
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the data is analysed. The proposed model is better suited for projects
with large datasets or that involve repeated measurements, whereas it
would be less appropriate for those where only a few videos require
analysis. Additionally, upscaling the system to monitor large areas
would necessitate greater computational power, which comes associated
with increased operational costs (Jain et al., 2019). A second limitation
is that summary statistics of contiguous track length were not recorded,
as this metric was not defined within the original analysis framework.
Such measures could provide additional insight into trajectory charac-
teristics and should be considered in future studies. Another limitation is
the current restriction to two-dimensional tracking. While the current
methodology proved effective in tracking mosquitoes in the x and y axes,
future studies should aim to incorporate 3D tracking and 3D directional
classification outputs. Lastly, maintaining accurate mosquito identity
across frames is contingent on several factors, including video quality
and the number of insects tracked. In videos featuring higher densities of
flying mosquitoes, particularly when multiple individuals move simul-
taneously or intersect flight paths, the likelihood of ID swaps increases,
resulting in occasional interruptions to trajectory continuity. This
challenge is exacerbated under visually complex backgrounds or sub-
optimal lighting, which can hinder detection and feature matching.
While our experiments focused on relatively short laboratory re-
cordings, previous studies have successfully tracked mosquitoes in more
complex or extended scenarios, including mating swarms in the field
(Butail et al., 2012), flights near insecticide-treated bed nets with het-
erogeneous lighting (Angarita-Jaimes et al., 2016; Voloshin et al.,
2020), and flights around house entry points in field settings (Spitzen
et al., 2025). While the current model demonstrated reliable identity
preservation in low-to-moderate density settings, further studies using
larger and more complex datasets are recommended to assess scalability
and improve tracking robustness under more demanding experimental
conditions.

5. Conclusion

The work presented here builds upon recent advance in deep
learning technologies and focusses on mosquito activity and behaviour,
offering a streamlined, scalable solution for automated behavioural
analysis. Crucially, our methodology does not require specialized high-
tech equipment or complex set-ups. Accurate data were obtained from
simple 2D videos recorded using a single camera, making this approach
accessible for laboratory operating with limited resources. This is
particularly relevant for entomological research in low-resource or field
settings, where high-end imaging equipment may not be available.
Additionally, the model provides automated analysis with minimal
intervention, as once trained, the model returns features such as
tracking, directional classification, and heatmaps in a fully automated
manner. Although the system was tailored to mosquitoes or small flying
insects, it can be used to study other organisms. For instance, the same
model was successfully employed to track rat movements (Mostafa et al.,
2024), demonstrating its broader potential. Overall, our streamlined
robust approach constitutes a valuable tool for mosquito behavioural
research, and more broadly, for behavioural entomology, enabling
detailed, quantitative analysis of mosquito flight dynamics and activity
levels, which could be used in the study of novel surveillance or control
tools.
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