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Abstract

Field-captured video enables detailed study of animal locomotion, decision-making, and environmen-
tal interactions such as predator–prey dynamics and habitat use. While low-cost hardware makes data
capture accessible, the storage, processing, and transmission demands of high-resolution video remain
a major hurdle for field-deployed edge computing devices. Motion tracking in natural environments
presents unique challenges that require tailored video compression strategies not well addressed in
other domains. We present a novel end-to-end system comprising a motion analysis-based video com-
pression algorithm specifically designed for camera traps, and a custom video processing methodology
for automated analysis of compressed footage to extract behavioural data. We evaluate it through
a case study on insect–pollinator motion tracking using three popular edge computing platforms.
The compression algorithm operates alongside standard codecs, identifying and storing only image
regions containing motion relevant to monitoring tasks, reducing data size by an average of 87%
across diverse datasets. When combined with the H.265/HEVC codec, our approach achieved an addi-
tional 47.1% improvement in compression compared to stand-alone H.265. The accompanying video
processing algorithm builds upon existing Polytrack software, incorporating new preprocessing and
trajectory reconstruction techniques for automated processing of compressed footage with a 97.5%
detection rate. Our experiments demonstrate that the system retains critical behavioural informa-
tion, as verified through both automated and manual analyses. The method presented in this paper
enhances the applicability of low-powered computer vision edge devices to remote, in situ animal
motion monitoring, and improves the efficiency of playback during behavioural analyses.

Keywords: camera traps, edge computing, wildlife monitoring, video compression, motion analysis, insect
monitoring, insect tracking
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1 Introduction

Camera traps are indispensable to monitor how
increasing environmental change impacts animal
behaviour (Caravaggi et al., 2017), habitat use
(Dharmarathne, Jayasekara, Mahaulpatha, & de
Silva, 2022; Head, Robbins, Mundry, Makaga,
& Boesch, 2012; Lovell, Li, Turner, & Carbone,
2022), species abundance and distributions (Feng
et al., 2021; Reece, Radlo�, Leslie, Amin, &
Tambling, 2021). Currently, their use to collect
high resolution video in remote areas is lim-
ited by transmission bandwidth constraints when
data is transferred over wireless cellular or satel-
lite networks (Wong & Kachel, 2024). Therefore,
enhancements in data compression, processing,
and transmission, are required to capitalise on
the availability of cheap data capture devices. In
this article, we explore this general problem by
highlighting properties speci�c to data-rich video
camera traps for wildlife monitoring. These needs
suggest avenues to improve monitoring device
autonomy that are arguably more important for
this domain than in the domains dominating algo-
rithm development, such as Closed-circuit televi-
sion (CCTV) for security and surveillance.

Animal video monitoring often involves long
periods of inactivity, punctuated by bursts of
activity that can be di�cult to predict or cap-
ture. This requires us to consider which periods of
video data are essential to record, maintain, and
which might be discarded or compressed. The need
to survey a wide �eld of view to capture animal
movement con
icts with requirements for detailed,
focused data to identify and track individuals,
especially small, fast animals like insects (Rat-
nayake, Amarathunga, Zaman, Dyer, & Dorin,
2023). This requires us to consider which sections
of an individual video frame must be maintained,
and which might be compressed or discarded.
Environmental variations, such as the arrival or
loss of 
owers, water and shade, in
uence ani-
mal behaviours. This requires an accurate record
of the environment and animals to analyse their
interactions. Together, these factors present an
opportunity to develop speci�c techniques for data
capture, compression, management and analysis.

Camera traps can collect still images or video.
Still image traps capture single or short-burst
sequences at predetermined intervals or when
triggered (Collett & Fisher, 2017). Video traps

may record continuous, sometimes lengthy, image
sequences at sampling rates above 30 fps at
preset intervals, or when triggered. Video data
allows analysis of dynamic interactions (Green,
Stephens, Whittingham, & Hill, 2023; Janisch et
al., 2021; Rampim, Sartorello, Fragoso, Haber-
feld, & Devlin, 2020), including animal polli-
nation (Krauss, Roberts, Phillips, & Edwards,
2018; Melidonis & Peter, 2015; Ratnayake et al.,
2023), that are not fully captured in still images.
However, video is costly to store, process, and
transmit from remote devices with limited access
to power, storage, and transmission bandwidth.
Some systems, therefore, run for limited peri-
ods, avoid onboard processing, and require manual
data transfer (Droissart et al., 2021). This can
reduce their value. Ideally, traps would be capable
of remote autonomous operation with infrequent
service visits, and all data would be streamed con-
veniently to the cloud. It is this need for increased
camera trap autonomy that drives us to reduce
storage and transmission bandwidth requirements
by compressing video data. We apply a compu-
tationally low-cost algorithm modi�ed speci�cally
for the situation and demonstrate its bene�ts on
insect pollinator monitoring as a case study.

Insect pollinator monitoring is a valuable case
study as pollination underpins natural ecosystems
(Food & Agriculture Organization, 2019) and sus-
tains global food production (Gazzea, Bat�ary,
& Marini, 2023). Insects' natural foraging envi-
ronments are subject to frequent change due to
wind and sunlight. Insect species vary widely in
size, morphology, microhabitat preferences, and
motion characteristics. All of these factors con-
tribute to the di�culty of monitoring insects,
making video capture at high spatio-temporal res-
olution invaluable, but as noted, costly (Nyk•anen,
P•oys•a, Matala, & Kunnasranta, 2023; Ratnayake
et al., 2023; Sheard et al., 2024; Van Klink et al.,
2024).

In this paper, we introduce software requir-
ing low computational resources that substantially
compresses videos without compromising insect
monitoring data. We process videos frame-by-
frame and pixel-by-pixel to identify image regions
depicting motion, and store only information rel-
evant for animal identi�cation and for construct-
ing motion paths and habitat (
ower) interac-
tions. The approach can be seamlessly integrated
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with common video compression (lossless and
lossy) and recording methods (continuous, time-
lapse, motion-triggered) to improve performance.
In addition, we extend the existing open-source
outdoor insect tracking software Polytrack (Rat-
nayake et al., 2023) with the method to extract
and reconstruct motion trajectories from com-
pressed videos, enabling automated behavioural
analysis. By combining edge video compression
with Polytrack video analysis, we establish a cam-
era trap-based monitoring pipeline for automated
video compression and analysis. We tested our
algorithm on six datasets from diverse application
environments. Alongside this article, we publish
the compression algorithm (EcoMotionZip), doc-
umentation, and extended Polytrack software.

2 Related Work

Storage optimisation in resource-constrained
video camera traps can be achieved in two
ways. Video compression optimisation reduces
�le sizes by removing unimportant information
while preserving regions of interest in high detail.
This approach retains the video's full tempo-
ral information. Event-driven data collection uses
time-lapse or motion-triggered recording to min-
imise the storage of irrelevant or non-informative
data. However, this method captures only spatio-
temporal snapshots of the observed scene. In
practice, a combination of these two strategies
is commonly employed in video camera trapping
to minimise storage requirements while retaining
critical data.

2.1 Video compression optimisation

Lossless video compression preserves all data,
ensuring high-quality output but this may result
in large �le sizes. Lossy compression reduces �le
size by discarding what are considered to be unim-
portant image details, attempting to strike a bal-
ance between image quality and storage e�ciency.
As a result, lossy compression is commonly used in
video camera traps. Such compression is typically
achieved through the use of video codecs, which
encode raw video streams into more compact rep-
resentations. Early camera trap systems employed
Motion JPEG (MJPEG) (Pennebaker & Mitchell,
1992), a legacy codec that applies JPEG com-
pression independently to each frame (Fairhurst,

Nazir, & Verdicchio, 2013). More advanced codecs
have since been adopted. Advanced Video Coding
(AVC / H.264) (Wiegand, Sullivan, Bjontegaard,
& Luthra, 2003) has become widely used in edge
computing{based camera traps, primarily due to
its broad hardware acceleration support and com-
patibility across devices. More recently, High E�-
ciency Video Coding (HEVC / H.265) (Sullivan,
Ohm, Han, & Wiegand, 2012) has been introduced
as the successor to H.264, o�ering signi�cantly
improved compression while maintaining compa-
rable quality. However, the computational com-
plexity of HEVC and the limited availability of
hardware acceleration on low-power devices have
restricted its adoption in resource-constrained
edge environments.

Recent research has proposed methods to
improve the processing speed and compression
of lossy and lossless algorithms. For example,
mean predictive block matching is designed to
enhance lossy and lossless compression in human
video surveillance (Ahmed et al., 2020). However,
while e�ective for human surveillance in urban
environments, this is unsuitable for insect mon-
itoring because insects make erratic movements
that are hard to predict, reducing the algorithm's
performance.

Region of Interest (ROI)-based encoding, such
as ROI-based neural video coding, is an e�ec-
tive technique for video compression (Dou, Cao,
& Zhang, 2024; Le et al., 2022; Liu, Li, Lin, Li, &
Wu, 2020; Perugachi-Diaz et al., 2022; Ungureanu,
Negirla, & Korodi, 2024). This method identi�es
any ROI within a video frame and encodes it
at a high bitrate, while less important areas are
encoded at a lower bitrate to reduce �le size. Neu-
ral network-based approaches are commonly used
for ROI encoding to adapt to the variability of
recording environments. However, this technique
makes high computational demands and is there-
fore not always suitable for remote camera traps
(Liu et al., 2020). It may also fail to identify
animal species that it has not been trained to
recognise, and may discard potentially valuable
background information.
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2.2 Event-driven data collection

Continuous video recording requires signi�cant
storage even during periods of no animal activ-
ity. Time-lapse and scheduled recordings con-
serve storage by capturing videos at intervals,
but risk missing relevant activity (Wittmann,
Gamal Ibrahim, Straw, Klein, & Staab, 2024).
Reducing temporal resolution reduces �le sizes
e�ectively for slow-moving animals but fails to
capture the rapid and erratic movements of fast-
moving species like insects (Schindler & Steinhage,
2021). Other video compression methods produce
a \summary" of multiple motion paths or animal
appearances by simultaneously displaying events
that in reality spanned a long period of time (Peleg
& Pritch, 2012). While e�ective for reducing video
review time, this approach is unsuitable for ani-
mal behaviour studies as it does not preserve
environmental changes or the temporal relation-
ships between potentially interacting organisms
and habitat features.

Hardware or software motion-triggers aim to
optimise resource usage by activating recording
only when animal activity is detected. Com-
monly used hardware triggers, such as Passive
Infra-Red (PIR) sensors, are ine�ective for detect-
ing small insects (Naqvi, Wol�, Molano-Flores,
& Sperry, 2022; Ortmann & Johnson, 2021).
Software-based triggers employing deep learning
(Sittinger, Uhler, Pink, & Herz, 2024) can sig-
ni�cantly reduce storage requirements by record-
ing only when animals are detected. However,
these models typically require substantial com-
putational resources, specialised hardware, and
extensive training datasets. The reliance on train-
ing data can lead to false negatives where the
presence of new species is overlooked. This issue
is particularly pronounced in insect monitoring,
as insects are small and often possess subtle
morphological features that make them di�cult
to detect in natural environments. Alternatively,
foreground-background segmentation-based trig-
gers (van der Voort, Gilmore, Gorrell, & Janes,
2022) are computationally e�cient but susceptible
to false positives caused by environmental wind
or lighting changes, leading to the recording of
video segments without animal activity (Swinnen,
Reijniers, Breno, & Leirs, 2014). Despite this lim-
itation, their ability to e�ciently record extensive
data without signi�cant loss make them suitable

for edge devices and a good choice for animal video
monitoring.

Video compression techniques for camera traps
in animal monitoring must reduce �le size while
preserving spatiotemporal information about ani-
mal morphology, behaviour, interactions, and the
environment. These techniques should enable both
human and automated analysis, be computation-
ally e�cient for deployment on edge devices, and
retain detail for reconstructing animal motion and
ecological interactions. Existing algorithms fail to
meet these speci�c requirements. To address this,
we propose EcoMotionZip. This method is specif-
ically designed for ecological video camera traps.
It leverages computationally inexpensive motion
analysis principles to achieve e�cient compres-
sion without compromising critical spatiotemporal
information.

3 Materials and Methods

In this section, we describe the system architecture
(Fig. 1). The proposed complete system consists
of two components; (i) edge video compression
(Sec. 3.1) and (ii) o�ine video processing and
behavioural analysis (Sec. 3.2).

3.1 Edge video compression
algorithm

In this section we describe the algorithm's multi-
threaded architecture designed to compress videos
and improve data throughput in edge devices.

3.1.1 Reader component

The Reader captures video frames from a camera
stream or pre-recorded video �le and adds them
to a queue for processing. Once all frames from
the input stream have been passed to the Motion
Analysis component for processing, the Reader
terminates.

3.1.2 Motion Analysis component

The Motion Analysis component processes frames
captured by the Reader thread to identify regions
with motion. It is designed to extract only infor-
mation from video frames critical for animal
behaviour analysis. It discards the remaining
information to save storage space. Maintained
data includes information for algorithms (and
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Fig. 1: System Overview comprising two components. (i) edge video compression (EcoMo-
tionZip) and (ii) o�ine video processing (Extended Polytrack). EcoMotionZip includes three
sub-components: (1) Reader, (2) Motion Analysis, and (3) Writer, each implemented as a separate thread.
Videos compressed at the edge are transferred wirelessly or manually for o�ine analysis. The o�ine
pipeline uses an extended version of Polytrack (Ratnayake et al., 2023), incorporating frame prepro-
cessing and trajectory reconstruction to enable automated insect tracking and behaviour analysis on
EcoMotionZip-compressed videos. \Deep learning{based Detection" and \FGBG Detection" denote the
HyDaT detection models (Ratnayake et al., 2021b) used within Polytrack. Dots along tracks indicate
recorded and estimated insect positions. Example footage is from van der Voort et al. (2022).

human viewers) to gauge (1) animal type / species,
(2) movement paths / gaits, (3) observation time,
and (4) a snapshot of the environment within the
camera view.

Motion analysis begins by down-scaling each
captured frame and converting it to greyscale to
reduce computational load and improve process-
ing e�ciency (Bjerge, Frigaard, & Karstoft, 2023;
Ratnayake, Dyer, & Dorin, 2021a). Subsequently,
inter-frame changes are detected by calculating

the absolute intensity di�erence between pixels in
adjacent frames. Pixel regions displaying an abso-
lute intensity di�erence greater than a user-set
threshold are preserved and expanded to include
a surrounding bu�er region. Users can adjust the
sensitivity of the motion capture by modifying the
threshold value to suit the monitored environment
and target species. The bu�er region allows the
algorithm to maintain detailed information about
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the animal and its immediate surroundings, facil-
itating subsequent behavioural analysis. The size
of the bu�er region can be customised by the
user. Subsequently, the frame containing motion
regions is converted into a binary image, where
pixels of non-zero intensity are retained while the
rest are zeroed. Frames with no regions of motion
are discarded completely. Frames with regions of
detected motion undergo upscaling of the binary
image to the original frame size and a bitwise
product is generated between the upscaled binary
image and the original frame. The resultant frame
is then passed to the Writer component for stor-
age. The Motion Analysis component terminates
once all frames from the Reader have been pro-
cessed. In addition, the algorithm captures full
frames at the start and at user-speci�ed intervals
during motion sequences to provide an overview
of the scene and document any gradual changes
in the environment that occur over the recording
period. Alongside processed motion frames sent to
the Writer, the Motion Analysis component trans-
mits the frame numbers of the input and output
videos, and whether or not a full image frame has
been saved. This information is stored in a CSV
�le for later reconstruction of animal motion and
behaviour.

3.1.3 Writer component

The Writer component receives processed frames
from the Motion Analysis component and re-
assembles them into a video �le. It extracts the
codec, frame rate, and resolution from the input
video and applies the same properties when gen-
erating the output. Users may opt for state-of-
the-art codecs (e.g. H.264, H.265 etc.) within the
Writer component to achieve further improved
compression or enhanced compatibility with spe-
ci�c processing pipelines. Additionally, the Writer
stores a CSV �le alongside the video �le contain-
ing the supplementary data sent by the Motion
Analysis component.

3.1.4 Software implementation

We have implemented the proposed algorithm
as EcoMotionZip available on GitHub via the
link provided under the Code Availability section.
EcoMotionZip was developed using Python
3.11.2, Computer Vision Library (OpenCV) 4.6.0,
Numpy 1.24.2, and FFMPEG 5.1.4. In addition to

processing and compressing pre-recorded videos,
the software supports real-time video recording
and processing with the PiCamera2 library. Detail
on software dependencies, installation and user
guides appear on GitHub.

3.2 O�ine video processing and
behavioural analysis

The ability to automatically process camera
trap data for behavioural information is cru-
cial for analysing data collected over long peri-
ods. While current software options are limited,
Polytrack software (Ratnayake et al., 2023) has
shown promise in tracking multiple insect species
simultaneously and monitoring their 
ower vis-
iting behaviour outdoors. Polytrack features a
hybrid detection and tracking (HyDaT) algo-
rithm that combines a deep learning-based
detection model with a foreground-background
segmentation-based detection model for insect
detection (Ratnayake et al., 2021b). This hybrid
approach allows Polytrack to accurately track
insects in outdoor environments with high pre-
cision and recall, even when using a deep learn-
ing model trained on a limited dataset. How-
ever, Polytrack's current architecture prevents it
from processing compressed videos, such as those
from EcoMotionZip. We therefore incorporated
new frame pre-processing and track reconstruc-
tion steps into Polytrack to handle compressed
videos more e�ectively. The frame pre-processing
step enables the extraction of insect trajectories by
utilising information from compressed videos and
supplementary details provided in separate CSV
�les. The track reconstruction step addresses spa-
tiotemporal gaps in insect trajectories caused by
dropped frames and removed pixel areas (resulting
from stationary insects), generating a complete
trajectory of insect movement.

3.2.1 Frame pre-processing

Polytrack employs a hybrid detection and track-
ing model (Ratnayake et al., 2021b) that combines
a deep learning-based object detector with a fore-
ground/background (FGBG) segmentation model
to track insects and 
owers. However, motion
regions captured in compressed videos from Eco-
MotionZip often include a bu�er region show-
ing the animal's immediate surroundings. This
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can reduce the accuracy of insect bounding box
calculations made by the FGBG segmentation
detector in Polytrack. The objective of the frame
pre-processing step is to eliminate the bu�er
region, allowing Polytrack's FGBG segmentation
model to calculate a bounding box that tightly
�ts around the insect's body, thereby improv-
ing detection precision. Pre-processing starts by
retrieving information from the CSV �le about
the positions of full frames in the video sequence,
where snapshots of the entire scene are captured.
Subsequently, frames are sequentially extracted
from the video, and the full frames are stored
as reference frames after their conversion to
grayscale. Frames containing motion data are
then processed with the stored reference frames,
as outlined in Equation 1 to obtain the respec-
tive reconstructed frames with both motion and
environmental pixels.

P (n) =

8
<

:

F(n); n 2 S full ;

F (n) + jF (n) � F last full j; n =2 S full :
(1)

where P (n) is the preprocessed frame, F (n)
denotes the current frame at time step n, Flast full

represents the most recent \full" frame, and Sfull

is the set of frame indices corresponding to full
frames.

The subsequent equations describe the compo-
nents of Equation 1 in detail. For frames where
n 2 S full , the current frame F(n) is stored as
the most recent full frame, Flast full , and directly
assigned to P (n):

Flast full  F (n) (2)

For frames where n =2 Sfull , the absolute dif-
ference between the current frame F(n) and the
most recent full frame Flast full is computed as:

Di�(n) = jF (n) � F last full j (3)

This di�erence frame is then added to the
current frame to produce the preprocessed frame
P(n):

P (n) = F (n) + Di�(n): (4)

The reconstructed frames, along with the orig-
inal compressed video frames, are subsequently

transferred to Polytrack for insect tracking and
behaviour analysis.

3.2.2 Trajectory reconstruction

Insect trajectories generated from compressed
videos often exhibit gaps in spatio-temporal data
due to the unavailability of continuous frame
sequences. These gaps can occur when insects
remain stationary for an extended period, caus-
ing EcoMotionZip to interpret them as part of
the background. When these stationary insects
resume movement, the trajectory extraction pro-
cess restarts, leaving gaps in the recorded data.
Filling these gaps is essential for accurately
analysing insect behaviour and ensuring the com-
pleteness of the trajectory.

To address this, a trajectory reconstruction
post-processing step is applied that interpolates
missing spatial (x, y) and temporal (f ) data
points.

To reconstruct missing data points in insect
trajectories, the following method is used.

D = f(f i ; x i ; yi )g (5)

where, D denotes the insect trajectories
extracted with missing spatio-temporal data
points, f i is the frame number in the original
video, and xi ; yi : spatial coordinates correspond-
ing to the recorded frame fi .

The reconstruction process consists of the fol-
lowing steps:
Sorting and frame range de�nition

The insect track D, extracted with missing
spatio-temporal data, is initially sorted by frame
number f i . The range of frames is de�ned as:

F = ff : f 2 [f start ; f end ]g (6)

where, F is the set of all frame numbers within
the de�ned range [f start ; f end ], f start is the smallest
frame number in the input data D, and f end is the
largest frame number in the input data D.

For each frame f 2 F , the processed and
interpolated data P (f ) is de�ned as:

P (f ) =

(
(f; x; y); if f 2 ff i g;

(f; None; None); if f =2 ff i g:
(7)

Interpolation of missing coordinates
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Let V = ff i g denote the set of frames with
valid coordinates (x; y). For any frame f =2 V with
missing coordinates, the nearest valid preceding
and succeeding frames are de�ned as

f p = maxf t 2 V j t < f g; (8)

f n = minf t 2 V j t > f g: (9)

Missing coordinates are estimated according to
the availability of f p and f n as

c(f ) =

8
>>>>><

>>>>>:

c(f p ) +
f � f p

f n � f p

�
�
c(f n ) � c(f p )

�
;

f p ; f n exist;

c(f p ); f p exists only;

c(f n ); f n exists only:
(10)

where, c 2 fx; yg. The second case
(f p exists only) in Equation 10 assumes the insect
remains stationary at its last known position. The
third case (f n exists only) assumes that the insect
is already at its next known position until the
missing frame is reached. However, this scenario
is unlikely to occur in practice, as all tracks are
initiated only after a valid insect detection.

After interpolation, the reconstructed trajec-
tory is de�ned as

P = f(f; x(f ); y(f )) j f 2 Fg: (11)

3.2.3 Software implementation

We extended Polytrack to incorporate frame pre-
processing and trajectory reconstruction steps
for compressed videos. This is available open-
source on GitHub via the link provided under
the Code Availability section. The deep learning-
based insect detection model used in Polytrack
is Ultralytics YOLOv11 (Jocher & Qiu, 2024),
trained on a subset of the annotated dataset
published in (Ratnayake, Amarathunga, Zaman,
Dyer, & Dorin, 2022). Further details on the
dataset and detection models are provided in the
Supplementary Information.

3.3 Test datasets

To assess our video compression algorithm we
used six real-world datasets of multiple videos
encompassing a range of insect monitoring scenar-
ios, application contexts, scene complexities, and

recording modes (Table 1). Fig. 2 shows snap-
shots of application environments and Fig. 3 shows
an analysis of inter-frame variations across the
test datasets, highlighting changes caused by ani-
mal and insect movement, weather conditions,
background disturbances, and illumination shifts.
These factors result in both dense and sparse
motion scenarios within each dataset.

4 Results

We conducted experiments evaluating perfor-
mance of our algorithm to compress videos and
its ability to retain information critical for auto-
mated tracking and manual insect behavioural
analysis. In this section we present the results
of these experiments. A detailed description of
experimental results is available in Supplementary
Information.

4.1 Video compression

We conducted two sets of experiments to evaluate
the presented EcoMotionZip. The �rst experi-
ment (Sec. 4.1.1) assessed �le size reduction and
frame count reduction achieved through EcoMo-
tionZip for the test datasets. The second experi-
ment (Sec. 4.1.2) compared its video compression
performance with state-of-the-art codecs used in
video compression that are commonly employed
in camera traps.

4.1.1 File size and frame count
reduction

We evaluated video compression performance by
comparing the reduction in �le size and frame
count. We preserved the original video character-
istics, including resolution, frame rate, and codec,
to enable a clear and controlled evaluation of our
algorithm's compression performance. Results are
shown in Table 2. This experiment was carried out
on a Raspberry Pi 5 (8 GB) microcomputer.

The proposed algorithm achieved an average
of 87% video compression across all test datasets.
The minimum recorded compression was 71% for
the Droissart et al. (2021) dataset. The compres-
sion ratio was particularly high for datasets where
the environment remained relatively stationary
during data collection, such as those in Ratnayake
et al. (2022, 2020); van der Voort et al. (2022).
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Table 1: Test video dataset information.\Application Environment" describes the monitoring envi-
ronment and plant species recorded in the videos. \Recording Method" presents the video capture method.
\Camera" describes the camera model used, \No. Videos" shows the number of videos in each dataset,
\Video Codec" is the codec used, \Video Resol." is the video resolution, \FPS" is the recording frame
rate.

Dataset Application
Environment

Recording
Method

Camera No.
Videos

Video
Codec

Video
Resol.

FPS

Naqvi et al.
(2022)

Urban garden
(Mixed native and
exotic species)

Motion trig-
gered /
Time Lapse

Bushnell Nature-
View
HD 119740

3 H264 1920,
1080

30

Ratnayake
et al. (2020)

Urban garden
(Scaevola sp.
native)

Continuous Samsung Galaxy
S8

7 H264 1920,
1080

60

Ratnayake
et al. (2022)

Commercial farm
(Fragaria Ö
ananassa,
Strawberry crop)

Continuous Raspberry Pi V2 10 MPEG4 1920,
1080

30

van der
Voort et al.
(2022)

Controlled
environment
(Orchidaceae sp.)

Motion trig-
gered

Raspberry Pi V2 1 H264 1920,
1080

24

Nest Moni-
toring

Bee nest
(Amegilla sp.)

Continuous Sony Handycam
HDR-CX405

3 H264 1920,
1080

25

Droissart et
al. (2021)

Semi-controlled
environment
(Multiple sp.)

Continuous Raspberry Pi V2 3 H264 1296,
972

-

� Droissart et al. (2021) dataset contains videos with di�erent frame rates.

Notably, for all test videos, the �le size reduc-
tion exceeded the frame count reduction. This
di�erence was much more prominent for datasets
recorded with motion-based triggers (Naqvi et al.,
2022; van der Voort et al., 2022). This suggests
that pixel-wise analysis of video frames, compared
to simple motion detection, can achieve a higher
compression rate (see Discussion).

4.1.2 Performance comparison with
state-of-the-art video codecs

To benchmark the performance of our proposed
video compression method against established
standards, we evaluated it with three codec
schemes: MJPEG (Motion JPEG) (Pennebaker
& Mitchell, 1992), H.264/AVC (Wiegand et al.,
2003), and H.265/HEVC (Sullivan et al., 2012).
MJPEG was included as a legacy baseline, H.264
as the current industry standard used in camera-
traps, and H.265 as the successor to H.264. Com-
pression e�ciency was assessed in terms of �le size

reduction and processing time. For each dataset,
videos were �rst re-encoded independently using
these codecs to establish baseline performance.
Subsequently, the same codecs were employed as
the encoder within the EcoMotionZip Writer com-
ponent (Sec. 3.1.3), allowing us to measure the
additional compression achieved when our method
was integrated with each standard codec. The
video resolution, frame rate, and bitrate were
preserved as in the original recordings. MJPEG
was stored in the AVI container, whereas H.264
and H.265 were packaged within the MP4 con-
tainer. The experimental results are summarised
in Table 3.

Across the six datasets, integrating the codecs
into EcoMotionZip (Codec+EMZ) consistently
improved compression e�ciency compared to
stand-alone encoding. Among the three codecs,
H.265 achieved the strongest compression, yield-
ing the smallest �le sizes overall, followed by H.264
and MJPEG. The largest reduction in �le size
was observed with H.265+EMZ, which produced
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