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Abstract

Aquatic non-indigenous species (NIS) incur significant cultural, environmental and economic costs worldwide,
and human surveillance is expensive and impractical at large scales. Computer vision models (CVMs) deployed
on remote and autonomous vehicles can reduce the burden on trained human observers, but aquatic environ-
ments present unique challenges and lack frameworks for biosecurity-focused development and deployment.
We present a practical framework for developing and deploying new species-specific CVMs for real-time use
across surface vessel and remote vehicle platforms. We demonstrate the utility of our framework through its
application to several taxonomically and ecologically diverse NIS in New Zealand: Mediterranean fanworm
Sabella spallanzanii, South African oxygen weed Lagarosiphon major, and exotic Caulerpa (Caulerpa brachy-
pus and C. parvifolia). For S. spallanzanii, we demonstrate efficient training from small datasets and deploy-
ment for real-time detection. Using exotic Caulerpa, we show how CVMs can be rapidly improved during an
early incursion response. For L. major, standardised field validation methods enable the comparison of CVM
and human detection rates across diverse locations and operating conditions. Collectively, these case studies
demonstrate that our framework enables accurate detection and the robust assessment of model effectiveness
under realistic field conditions and can be effectively applied to imagery from multiple platforms.

Keywords Artificial intelligence - Biosecurity - Invasion ecology - Machine learning - Remote operated
vehicle - Surveillance

Introduction

Non-indigenous species (NIS) incur significant cultural, environmental and economic costs to marine and fresh-
water environments worldwide'. The rate of marine and freshwater NIS incursions continues to rise with the
globalisation of people and goods®, with a projected rise of 36% by 2050 across marine regions and habitat
types*. Surveillance of aquatic pests has traditionally been a challenging and expensive operation. Improving the
coverage and efficiency of aquatic pest surveillance has the potential to translate to effective management and
intervention, with tangible economic and environmental benefits to aquatic ecosystems and related industries.
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The early detection and delimitation of NIS incursions is critical as control and eradication is often only pos-
sible when an NIS population is small and spatially restricted” ®. Human divers with a high level of taxonomic
expertise are typically considered to be the ‘gold standard’ for detecting NIS incursions, due to their fast pace and
ability to detect a wide range of target species’. However, human surveillance is expensive and labour intensive,
requiring extensive technical and taxonomic training, and divers can only investigate a small proportion of the
aquatic environment®, which makes it unfeasible for the current and growing scale of aquatic NIS incursions.

Camera systems such as remotely operated vehicles (ROVs), autonomous underwater vehicles (AUVs),
unmanned surface vehicles (USV), and towed or fixed cameras are increasingly used to capture images or video
footage for aquatic biosecurity monitoring’. Notably, computer vision models (CVMs) deployed on commer-
cially-available ROVs and USVs integrated with camera systems have the potential to empower amateur pilots
and citizen scientists interested in NIS surveillance. Tait, et al.” investigated the application of ROV for marine
NIS surveillance using both human and CVM detection methods. They found ROVs with either human review in
post or CVM based detection to be equally accurate but less time efficient (excluding CVM model development
time) than human divers due to ROV piloting time and image assessment time in the case of human review’. The
use of CVMs eliminated the imagery assessment time, and greatly reduced the costs of remote methods’. While
AUVs can circumvent human piloting'®!!, they require reliable CVMs to manage the scale of image data gath-
ered'?. The development and deployment of CVMs remains a challenge for improving the efficiency of aquatic
biosecurity surveillance'*!3.,

Bounding box-based object detection is commonly used to identify aquatic species™'*!°. Although there are
a myriad of different architectures dedicated to performing object detection, these are typically extensions of a
convolutional neural network (CNN) architecture'®. Popular CNN architectures are commonly trained for CV
across large, labelled image datasets (e.g. ImageNet, Caltech 101) and then used as a backbone model to develop
new two-stage models via ‘transfer learning’. This approach results in improved performance for small image
datasets'®'®. Data augmentation, where training datasets are enlarged and diversified by randomly manipulat-
ing image samples (e.g. flipping, rotation, hue variation, or the addition of noise), is another technique used to
improve the performance of CV models trained on small datasets.

Transfer learning and data augmentation are important for the development of aquatic NIS CVMs, given the
difficulty and cost of acquiring underwater imagery, as well as factors such as turbidity, variable lighting, and
complex backgrounds leading to images with noise, distortion, uneven illumination, low contrast, and limited
visibility! %% Jian et al.! reviewed models for underwater object detection, noting several key challenges—
including poor quality imagery compounded by outdated equipment, a lack of sufficient quality, underwater image
datasets, and architectural limitations in small object detection and distinguishing foreground and background
distortions. Jeong, et al.>! found that some of these limitations, specifically dataset size, turbidity and lighting,
can be mitigated by the choice of utilised backbone model (in their case, EfficientNet). However, Jeong, et al.!
also noted that the accuracy and precision of object detection models is significantly impacted by the quality of
the training and validation imagery (e.g. resolution, sharpness, noise, contrast, colour accuracy, artefacts, bright-
ness and exposure, motion blur, occlusion, and clutter), with higher quality training images generally leading to
better performance and poor quality training images degrading performance, which highlights the importance of
training imagery quality guidelines in an aquatic context.

Field deployment is a significant expense in aquatic biosecurity and so the concurrent detection and removal
of pest species is optimal to reduce the overall expense of a biosecurity programme. This goal requires deployed
CVMs to be capable of achieving near or actual real-time inferencing. In practical terms, for a model to be con-
sidered real-time, the frames per second (FPS) achieved by a CVM during inferencing must match the video
rate (typically 24FPS or greater). Various model architectures exist that are capable of real-time detection’>??,
however Jeong et al.! struggled to achieve real-time inferencing with an architecture that is suitable for real-time
detection (EfficientNet) at the standard video resolutions of 1024 x 576 (PAL) and 1280 x 736 (HD) reporting FPS
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of only 0.7 to 11FPS. Depending on the architecture, various techniques (e.g. quantization aware training) exist
for reducing run-time memory overhead and increasing inference speed.

Although there are increasing examples of CVMs used for detecting and delimiting aquatic NIS*!>!62! exist-
ing examples have lacked a clear approach or standardised assessment framework. This makes comparisons
across species and biosecurity programmes challenging. We present a biosecurity specific framework to improve
the quality and efficiency of CVM development, deployment and evaluation for use in aquatic biosecurity sur-
veillance (Fig. 1). We demonstrate the utility of our framework through its application to several aquatic NIS in
New Zealand: the invasive marine species Mediterranean fanworm Sabella spallanzanii, and exotic Caulerpa
(Caulerpa brachypus and C. parvifolia), and the invasive submerged freshwater macrophyte South African oxy-
gen weed Lagarosiphon major. Following these case studies, we highlight challenges and avenues for further
improvement.

Methods

We present a generalised framework for CVM development and deployment suitable for use in a range of aquatic
NIS (Fig. 1). This provides a standardised approach for efficiently developing, evaluating and deploying CVMs
in aquatic biosecurity programmes. We outline our approach in three main stages: (1) data collection, (2) model
development, and (3) deployment.

Data collection

Data collection includes data acquisition, review and annotation; we consider image preprocessing, data augmen-
tation and dataset splitting in the model development stage. Data acquisition is the most challenging of these steps
given the inherent difficulties in underwater image acquisition compounded by the potential for NIS specimen
scarcity early in a new incursion.

NIS incursion Data collection Model development Deployment

Human vs Machine
, a - Reproducible workflow _
: s
Lagarosiphon _): >

. Reilew ’
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Fig. 1 Top: A general framework for the development and deployment of aquatic NIS detectors for biosecurity applications.
Data acquisition, and deployment require biosecurity and aquatic specific considerations. Bottom: an indication of the shared
hardware, software and processes used to develop and deploy the NIS CVMs presented in the case studies.
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Data acquisition

Given the importance of training image quality and dataset size on CVM performance?®!, we recommend the fol-

lowing guidelines to improve the quality of acquired imagery. (1) Use a high-quality camera sensor and lens with
imagery captured at high resolution. (2) Minimise turbidity, bubbles, distortions, blur and control lighting, (3)
Collect images with the NIS as the main subject, without blurred or partial instances of the NIS in the foreground
or background. (4) Collect images of the NIS from a range of angles and positions, (5) Collect images of many
different individuals of the target NIS organism, (6) focus on specimens of characteristic appearance before col-
lecting footage of atypical individuals. (7) Collect imagery of the wider aquatic ecosystems where the CVM will
be deployed without the NIS present.

Imagery can be collected by a wide variety of cameras and deployment platforms. Across our case studies,
we used a BoxFish ROV, a Blue Robotics ROV, snorkeler-held and surface vessel-mounted GoPro cameras, and
a diver-held DSLR camera to acquire imagery of the target NIS and wider aquatic ecosystem. Imagery can be
collected as video or still photos by ecologists with taxonomic expertise performing biosecurity surveillance and
control fieldwork. Labelled image repositories (e.g. iNaturalist, FishNet) are another potential source of imagery
for CVMs'?, although these were not used for this study.

Data review

The acquired NIS and aquatic ecosystem imagery must be reviewed to select individual images for annotation
and model training. We organised unlabelled imagery by location and date and then triaged files into potential
imagery of the target NIS or the wider aquatic ecosystem. Organising unlabelled imagery is particularly impor-
tant as the scale of imagery increases. While automated clustering approaches can provide order to an unorgan-
ised image dataset'?, in our mid-size organisation we found direct consultation with taxonomists involved in pest
control to be an efficient way to both narrow down the imagery to screen, and to discuss the characteristic features
that may best be used to identify the target organism.

Potential imagery should then be reviewed using the image acquisition guidelines to select images and video
frames for annotation. We used the OpenCV Python library or FFmpeg command line tool to extract relevant
frames from video, while preserving their frame size and resolution. Specifically, we thinned video to between
one to five FPS depending on any movement of the pest and the relative camera to pest movement to reduce
interframe duplication of target angle and position.

Data annotation

The selected images must be annotated to define bounding boxes around all target NIS (or other defining NIS
characteristics) in each frame. We used CVAT.ai to streamline the annotation process. Given the small size and
fine detail of some of our NIS, we found it important to preserve the full resolution of the images during visuali-
sation for annotation. When video frames were annotated, we used hotkeys to streamline the annotation process,
and bounding box tracking between annotated frames extracted from a video.

The initial annotation of each NIS was performed by a single investigator. These annotations were reviewed
with another team member to discuss the strategy and how to treat any images where the extent or presence of NIS
was ambiguous. The agreed strategy was documented to allow subsequent annotations by the future personnel.

Model development
We used a Cylc?* scheduler to create a fully integrated workflow for reducibly and efficiently performing model

development across different NIS. The workflow behaviour was controlled by a configuration file to enhance
reproducibility. The configuration file specified the selected datasets for training and validation, model size,
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training epochs, model architecture, pretrained classifier, and the full set of datasets for testing. This approach
facilitated iterative CVM improvement through repeated model training as the training data, model architecture,
and the pre-trained classifier were varied. Inference with video reconstruction of unseen footage was also imple-
mented to facilitate qualitative review prior to deployment. All model development was performed on the New
Zealand eScience Infrastructure high-performance computer.

Dataset splitting

We used Python scripts within our workflow to randomly subdivide the annotated imagery into validation, train-
ing and test datasets based on the split ratios specified in the configuration file. Each annotated dataset was subdi-
vided separately so that previously trained models can be reevaluated across all test data as more data is collected,
streamlining iterative CVM development. A split ratio of 8:1:1 for train, validation and test was applied across
all annotated datasets for each NIS.

Model training

We used NVIDIA’s TAO toolkit to perform model training as it integrates with the hardware (Jetson Orin) used
for deployment. Specifically, our workflow used Python scripts to perform data preprocessing and to create TAO
compliant configuration files and bash scripts before performing model training using TAO. The main prepro-
cessing steps included resizing the split datasets to match the CVM resolution, running k-means clustering to
characterise the default annotation box sizes of the dataset, and populating the portions of the TAO configuration
file that were varied between runs. The varied portions of the TAO configuration file included the default annota-
tion box sizes, the model architecture, the pre-trained classifier, the training dataset, the model resolution, and the
number of training epochs to run. We used the NVIDIA recommended data augmentation steps (e.g. jitter, hue,
exposure, random mosaic). Model training was performed on a NVIDIA A100 GPU. Upon training completion,
the trained model with the largest mean average prevision (mAP) was selected for evaluation and export. Our
workflow also supported ‘hot starts’ for partially completed training runs that were interrupted before completion
to reduce overall time and compute during completion of training.

Model evaluation

Our workflow used the mAP, Recall (R), and false negative rate (FNR) to evaluate each trained model across the
test datasets specified in the workflow configuration file. These test datasets can be updated to include more test
images than those used in training to allow for comparison between CVMs as the amount of available training
imagery grows. mAP is the mean across all classes of the model’s precision across a range of different intersec-
tion over union’s (IOU) and thresholds. R is the true positives over actual instances at a fixed IOU and detection
threshold. The FNR is the false negatives over true positives and false negatives at a fixed IOU and detection
threshold*!*>. We used a 50% IOU and detection threshold. Further implementation specific details of how our
workflow calculated the CVM mAP, R and FNR can be found in the Zenodo repository: https://doi.org/10.5281
/zen0do.22103946.

Deployment

The field deployment of any NIS detector is critical given the operational focus of biosecurity. For our case
studies, we developed a system for deploying the CVMs for aquatic biosecurity surveillance on an NVIDIA
Jetson AGX Orin to perform real-time NIS detection. This system has flexibility to receive video from a range
of different ROV, surface vessel and handheld camera systems. Using this method, NIS detections are integrated
alongside timestamp and GPS information, which is displayed in real-time through a webpage interface. The
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webpage interface supports CVM selection, the selection of the detection confidence thresholds, starting or stop-
ping inferencing, and the ability to download inferenced video, still images and detection location files. The still
images allow for validation of target detections.

Hardware configuration

Since the hardware for deployment differs from that used in CVM training, our NVIDIA A100 trained CVMs were
reconfigured and compiled for deployment on the NVIDIA Jetson AGX Orin using NVIDIA’s TensorRT SDK.
Similarly, the smaller memory and processing footprint of the NVIDIA Jetson AGX Orin, required Quantization
Aware Training (QAT) to allow for the optimised selection of FP32, FP16 or INTS precision for each model layer
to achieve real-time inference while maintaining model accuracy during conversion (Table 2; explored further
in the case studies below). Our system also processed the video feed of the attached camera system to match it
to the expected video format, resolution and frame rate of the CVM. We integrated our hardware with BoxFish
ROV and GoPro camera platforms.

Field validation

Field validation provides an assessment of the CVM performance in the operational environment. This can be
performed live or with prerecorded footage. Qualitative assessment may be sufficient early in the development
of a CVM for a new NIS as instances of poor performance are identified and used to target the collection of new
training imagery. However, the quantitative assessment through the calculation of model R and false positive
count (FPC) compared to a human expert is important for any operationalised CVM. We calculated these esti-
mates relative to each organism encountered across the video feed. This meant that each organism only needed to
be detected once within a single frame to be counted. R and FPC can be filtered to consider only detections across
multiple frames (e.g. two frames) if detection persistence is a desired feature of a CVM. These formulations of R
and FP differ to the frame-by-frame metrics used during model development to ensure that these estimates align
with practical aims of a biosecurity surveillance programme.

While quantitative CVM assessment can be applied to ad hoc video of variable duration, flight path, and speed,
such variation makes it difficult to compare R and FPC between location or different operational settings (e.g.
speed or distance to target). Therefore, field validation ideally involves multiple transects representing different
pest abundance levels across several locations at several fixed camera speeds and heights. Such standardisation
allows for the assessment of current and future CVMs at different operational settings and pest abundances, prior
to potential operational deployment.

Case studies

We used our framework to develop and deploy CVMs for the surveillance of three aquatic pest in New Zealand
marine and freshwater environments. For S. spallanzanii we explored the impact of CVM architecture on perfor-
mance, and training configuration on inference speed. For the exotic Caulerpa case study we demonstrate rapid
CVM improvement through successive field deployments. For the Lagarosiphon major case study, we demon-
strate how field validation allows for comparison of model performance between locations and other operational
settings.

Case study 1: Sabella spallanzanii

The Mediterranean fanworm Sabella spallanzanii is a highly invasive marine pest first recorded in New Zealand
in March 2008. It is currently present at multiple locations across both the North and South islands**?’. The
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species is demonstrably harmful to benthic ecosystems and shellfish aquaculture’®=!, and is a target for ongoing

monitoring within the long-running, six monthly New Zealand Marine High Risk Site Surveillance (NMHRSS)
programme®. S. spallanzanii tube length typically ranges from 10-50 cm with a tentacle crown width of 15 cm.
We developed an ROV-deployed CVM for S. spallanzanii and evaluated against a human across two videos from
two different locations (Fig. 2). Full methods and results are provided in the Supplement.

Data collection

A Boxfish ROV was utilised alongside divers during the 2019 survey season to give approximately 12 h 15 min
of 4 k video footage. The video footage was reviewed over approximately 18 h 45 min to identify 19 twenty-
second video clips of suitable quality for training. This footage contained 11 S. spallanzanii organisms from
the Auckland Viaduct, and representative marine ecosystems from the Auckland Viaduct, Nelson Marina, and
Whakaraupd Lyttleton Harbour. The video clips were thinned to approximately five FPS, yielding 100 frames
per video clip and a total of 1900 frames. These video clips were annotated and reviewed within the CVAT.ai
platform. A total of 43 h was spent in video review and annotation.

Model development

The model development workflow was used to explore the impact of dataset size, diversity, model resolution and
CVM architecture on model performance (Supplement 1), before the model architectures (YOLOv4 ResNet50
and GoogLeNet) and resolutions (PAL (1024 x 576) and FHD (1920 x 1080) with the best mAP, R and FNR were

selected for deployment.

Deployment

We used QAT to improve the inference speed of the deployed models. QAT allows for the optimised selection
of FP32, FP16 or INT8 precision for each model layer during CVM compilation to the deployment hardware to
reduce the model size and memory requirement. The CVM throughput was reported (Table 1) by the on-device
queries per second (QPS). This showed that with FP32-16 or INT8 optimised layer weights provided the fastest
QPS. Multiple detections in a frame will result in a lower inference FPS than the reported QPS. The inference
FPS of the FP32-16 or INTS8 optimised CVMs was recorded (Table 1) with both CVMs achieving greater than
real time inference rates. The configured camera frame rate of 30 FPS provided an upper limit on the overall
system FPS.

Deployment
Human vs Machine

NIS incursion Data collection Model development

FHD (1920x1080) .
O TR ) i i
YOLOv4 Architecture &

o IR

. ResNet50 28
GooglLeNet 30

Sabella

Auckland Viaduct

Fig. 2 The workflow to CVM development and deployment as applied to S. spallanzanii.
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Table 1 The inference rate in QPS as measured on device with all model layer numeric precision at FP32, optionally FP32
or FP16, optionally FP32, FP16 or INTS; and the inference rate in FPS, the R, and the FPC when applied to 60 s videos from
two field deployments of four S. spallanzanii CVMs deployed on a Jetson Orin.

Model Input size Jetson throughput (QPS) Auckland Viaduct Whangarei Harbour
Height x width FP32 FP32-16 FP32-16, INT8 FPS FPC R (%) FPS FPC R (%)
ResNet50 576x1024 322 623 136.4 30.0 0 66.7 28.2 0 16.6
GoogLeNet 576x1024 455 88.6 105.9 30.0 1 73.3 30 18 16.6
ResNet50 1920% 1080 10.3 19.7 325 283 0 66.7 30 0 16.6
GoogLeNet 1920% 1080 14.9 28.5 41.5 30.0 12 53.3 30 3 16.6

No satellite duta available.

Fig. 3 Frames illustrating the relative performance of the S. spallanzanii ResNet50 YOLOv4 FHD CVM collected at Auck-
land Viaduct (top), and Whangarei Harbour (bottom) showing instances of false negatives (left), and successful detections

(right).

We assessed the performance of the deployed models across two videos of S. spallanzanii that was not used in
CVM development. The R and FPC we calculated across each video filtered to consider detections across at least
two frames (Table 1). The Auckland Viaduct video was collected on the same day and location as the imagery
used to train the models, while the Whangarei Harbour video was collected in 2025 at a different location. Both
videos include a mix of front and side-on S. spallanzanii individuals with differing levels of blur, turbidity, and
size (Fig. 3).

Results (Table 1) demonstrated the importance of exploring different approaches for improving the inference
rate during model deployment, and field validation in CVM evaluation. Comparing the Googl.eNet and ResNet50
CVMs showed that the GoogLeNet produced far more false detections, despite similar performance during model
development (Supplement). Finally, a comparison of model performance across the two sites showed a substan-
tial degradation in performance at Whangarei Harbour (Table 1, Fig. 3). This video was both from a different site
and included a greater proportion of side-on and distant imagery of S. spallanzanii.
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Fig. 4 The workflow to CVM development and deployment as applied to exotic Caulerpa.

Table 2 Evaluation results during the exotic Caulerpa CVM development.

Training dataset Test imagery of all iterations (105 frames, 499 instances)

Iteration Caulerpa instances mAP (%) R (%) FNR (%)
1 1216 26 11 89

2 3557 51 17 83

3 4904 59 26 68

The evaluation metrics were rerun over the complete test dataset from all three iteration of training data to ensure a fair comparison.

Case study 2: exotic Caulerpa

Caulerpa brachypus and C. parvifolia are two species of non-indigenous marine algae (collectively referred to
as exotic Caulerpa) that were first detected at Aotea Great Barrier Island in the Hauraki Gulf in July 20213373,
Biosecurity New Zealand subsequently initiated a biosecurity response to delimit exotic Caulerpa distribution,
manage its spread, and eliminate local populations at several locations. As of 2026, exotic Caulerpa is present at
multiple locations around the Hauraki Gulf, the Coromandel, and Northland in northern New Zealand. Surveil-
lance has primarily been undertaken using spot-dives, transect surveys, and radial mapping. Exotic Caulerpa
fronds typically range from one to 10 c¢m tall and 0.5 to 2 cm wide. We developed successive ROV-deployed
CVM for exotic Caulerpa for field campaigns (Fig. 4). Full methods and results are provided in Tait et al.>*.

Data collection

Since C. brachypus and C. parvifolia are morphologically indistinguishable in the field®®, the species were treated
as a single NIS for CVM development. During our initial model development, we only had access to 2 h 20 min
video footage of exotic Caulerpa video from a single location (Waiheke Island) collected over a three-day period
in June 2024. For our first CVM, we identified a 15 s section of suitable Caulerpa (close up, in focus, low turbid-
ity, a range of angles) in 30 min of video review, which was thinned to five FPS to give 75 frames which were
annotated over an 8-h period to produce 1216 instances of Caulerpa.

Model development and model iteration
The annotated imagery was used alongside the representative marine ecosystem imagery identified during the S.
spallanzanii CVM development to produce a WQHD (2560 x 1440) model (Table 2). A WQHD resolution was

used given the small size of the exotic Caulerpa fronds especially during emergence of new fronds to ensure a
reasonable number of pixels were retained for each frond. This was qualitatively accessed on the deployment
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hardware using another segment of the prerecorded exotic Caulerpa video over a 30-min period. Two snippets
(25 s and 20 s) of video with high FNR were identified and thinned to two FPS. The first was annotated over an
additional 8-h period to give an additional 2341 (total of 3557) instances of Caulerpa. This was combined with
the previous training data and used to produce another CVM (Table 2).

Deployment and model iteration

This second CVM was deployed during survey at Waiheke Island in March 2025 at several sites with depths
of 4-18 m. This showed the CVM was able to identify individual fronds but struggled in densely overlapping
patches of Caulerpa and instances of small Caulerpa frond size. Prior to the next field campaign, the second of
the previously identified video snippets with high FNR which had more instances of both dense and small Cau!-
erpa was annotated over another 8-h period and used to train a third model (Table 2).

In late March 2025, the third CVM was deployed during a field campaign in response to the emerging Caul-
erpa invasion in the Bay of Islands at several sites with depths of 20-35 m. This showed the latest CVM could
both detect more Caulerpa fronds in an area of dense infestation and also from a greater distance.

Exotic Caulerpa is morphologically variable and can be found in dense or sparse patches, and individual
fronds often vary in length and shape. It can also be interspersed with other organisms (Fig. 5a), or covered in
sediments (Fig. 5b). Despite this variability, the CVM was able to identify individual fronds within every imaged
clump, and in some cases at a reasonable distance (Fig. 5¢). A small number of false-positives were noted when
samples were interspersed with seagrass (Zostera muelleri), although detection confidence in such cases was very
low (Fig. 5d). The reduced time to produce three models (a total of 25 h) demonstrates the increased efficiency
through repeated use of the framework.

Fig.5 Detection of exotic Caulerpa by the ResNet50 YOLOv4 WQHD CVM. (top left) Exotic Caulerpa on rocky reef habi-
tat, (top right) Exotic Caulerpa on soft sediment habitat, (bottom left) Exotic Caulerpa detected at distance, (bottom right)
False detection of seagrass as exotic Caulerpa.
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Fig. 6 The workflow to CVM development and deployment as applied to L. major.

Fig. 7 Frames illustrating the L. major detections by the CVM during field testing.

Case study 3: Lagarosiphon major

South African oxygen weed (Lagarosiphon major) is an invasive, submerged freshwater macrophyte first recorded
in New Zealand in 1950°°. It is widely naturalised in the North Island and locally abundant and actively spreading
in South Island waterbodies. It impacts indigenous plant biodiversity, hydrogeneration, irrigation, flood protec-
tion and recreational values. Reproduction is vegetative by stem fragments and dispersal between waterbodies is
human mediated (e.g. via watercraft and trailers, fishing nets or drainage machinery contaminated with L. major
fragments). Only female plants are known to be present in New Zealand**—%. We developed and field tested a
surface vessel-deployed CVM for L. major (Fig. 6). L. major is a bottom-rooting perennial with stems reaching
lengths of up to 5 m. Leaves and shoots are dark green and leaves are alternate, arranged spirally around the stem
and typically are curved downwards, 6-20 mm long?®. Full results are provided in the Supplement.

Data collection

Video footage was collected with GoPro 7 and 9 cameras by divers from the Kawarau River and Frankton Arm of
Lake Whakatipu in the South Island across multiple fieldwork trips between December 2021 and May 2023. All
images had a resolution of 2704 x 1520. These were reviewed for low blur images containing L. major represent-
ing a range of abundances, and plant sediment cover. In total 657 frames were selected for annotation to give a
total of 4155 instances of L. major (Fig. 7).
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Table 3 The overall detection rates (%) and average number of false positive detections for the CVM across all sites at dif-
ferent camera-to-target distances (m) for the combined boat speeds and plant sedimentation runs.

Site Number of plants ~ Abundance  Distance to target (m) R Average false posi-
tives per run
Mean (%) SE Mean SE
Kawarau River Site 1 1 Sparse 0.85 15.6 01 0 0
1.25 0.0 01 0 0
Site2 7 Medium 0.2 61.5 01 0 0
0.7 0.0 01 0 0
Site 3 2 Sparse 0.3 61.5 0.2 1.4 1.0
0.7 7.7 02 0.1 0.3
Lake Wanaka Wanaka  Site4 2 Medium 0.3 81.3 02 21 0.9
0.75 6.3 02 0 0
Site5 4 Medium 0.45 9.4 01 09 1.4
0.85 0.0 01 0 0
Site6 4 Medium 0.35 70.0 0.1 1.1 1.4
0.85 4.2 01 0 0

Model development

A single 1920 %1080 resolution YOLOv4 ResNet50 pretrained classifier CVM was developed in 2024 using
the workflow. The selected architecture was that of the best performing CVM in our S. spallanzanii and exotic
Caulerpa case studies.

Deployment

The model was deployed on a small boat with a video captured with a GoPro7 or GoPro9 mounted on a sub-
merged, 45° downward-facing pole. The depth of the pole could be controlled during each flight to maintain
a constant distance above the lake or riverbed. The CVM was field tested along fixed transects at six sites in
December 2024—three in the Kawarau River and three in Lake Wanaka. The sites were selected to evaluate
detection of isolated infestations across a range of L. major plant abundance (sparse or medium, early stage plant
detection). At each site the CVM was tested at two boat speeds, two camera distances to target, and pre- and post-
sediment removal from the plants (dirty and clean plants, respectively).

Each transect was first surveyed by an ecologist to identify all L. major plants (ranging from a single shoot
through to a dense clump with many shoots) and then surveyed two times by the boat-mounted CVM system
for each speed (1kn, 3 kn), camera distance (Table 3) and plant sedimentation (dirty or clean). A detection was
reported if at least one of the plants shoots were detected per individual plant, and a false positive was reported for
a detection of anything aside from a surveyed L. major shoot. As no statistical difference was observed between
the two boat speeds or plant sedimentation (p>0.05, t-test, Supplement), average detection rates and false posi-
tive counts across the eight runs are combined (Table 3). No significant difference in performance between the
Kawarau River and Lake Wanaka was found (p>0.05, t-test) demonstrating good transferability of the CVM to
other locations. The CVM showed significantly reduced performance at the greater distances to target in all but
one site (p<0.05, z-test) suggesting a higher resolution CVM may be beneficial.

Discussion
Here we present a biosecurity-focused framework for aquatic pest CVM development and deployment, which

we applied to three aquatic NIS in New Zealand: Mediterranean fanworm S. spallanzanii, South African oxygen
weed L. major, and exotic Caulerpa (C. brachypus and C. parvifolia). The framework was purposefully flexible
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to allow seamless application to a wide range of aquatic pests in different aquatic environments across several
imaging platforms. Our case studies span ROV-based deployment to depths of 35 m for exotic Caulerpa in marine
environments, and surface vessel deployments to depths less than 3 m for L. major in freshwater lakes and rivers.

We investigated the CVM training and hardware configuration required to achieve real-time inferencing on a
Jetson Orin in our S. spallanzanii case study, before we applied the same general configuration to the L. major and
exotic Caulerpa case studies. We found our framework suitable for rapid CVM improvement through repeated
CVM deployment to the Jetson Orin for inference of both prerecorded video, as well as live video captured in the
field. This approach allowed for qualitative assessment of the CVM performance in a field setting and the rapid
inclusion of footage targeting instances of poor performance in the next CVM. The exotic Caulerpa CVM was
produced by the same team as the S. spallanzanii CVM in a substantially reduced timeframe from 45 h for one
iteration of training imagery to 25 h for three iterations of training imagery.

Across our case studies we identified several key parameters that were essential to achieve accurate and repeat-
able detections. In the L. major case study, we identified that plant sedimentation, vessel speed and the field
locations tested did not have a significant impact on the CVM performance, while increased distance to target
resulted in reduced performance. Distance to target was a key contributor to model performance in the Caulerpa
study. We show that the impact of an increased distance to target on the size (and number of pixels) of the image
target can be offset by increasing model resolution. Increasing the resolution of inferencing is essential for small
targets, or species where the discriminating characteristics require detailed information. In this regard, all CVM
models must find a balance between the resolution required for feature preservation and constraints on model
processing capabilities®”*.

Across our different CVMs, we had different dataset sizes and diversity. While we cannot directly compare our
CVMs given different levels of field assessment, we can make some broad observations. Unsurprisingly, greater
dataset size and diversity (organisms, positions, camera orientation, location, etc.) resulted in greater CVM per-
formance. We also identified that CVMs for more visually characteristic NIS can be produced from a smaller
dataset size. This is suggested by our S. spallanzanii CVM compared to our Caulerpa and L. major CVMs. These
results are corroborated by studies on highly characteristic insects*!, compared to more subtle tasks like plant
disease detection*?. Finally, we show that rapid CVM field deployment, qualitative review and identification or
imagery for iterative improvement, and eventual field validation for a future CVM is an operationally efficient
approach to aquatic NIS CVM development and deployment.

Across our case studies, we have found that the involvement of trained taxonomists throughout the CVM
development and deployment process reduces the development time and increases model performance through
their in-depth knowledge of the operating environment and morphology of the target species*. This finding is
especially true for field validation design, which was exemplified in the L. major case study.

In the interest of improving rapid surveillance of aquatic ecosystems for invasive species, it is essential that
robust guidance for how to optimise imagery capture for training and implementation of models. While advances
in terrestrial and agricultural landscapes have been rapid**, far less has been achieved in aquatic ecosystems. We
point to the unique challenges of visual detection in aquatic environments and identify key limitations relating
to distance to targets and challenges with visibility due to water clarity’. Our studies provide a framework for
model development and improvement unique to aquatic pests and will ideally pave the way for the use of imaging
autonomous platforms.

We anticipate that future studies will further demonstrate the transferability of our framework by using it to
develop CVMs for other aquatic NIS worldwide. We note, however, that not all NIS lend themselves to detection
by CVMs. NIS that are visually indistinguishable from non-target species in operationally representative imagery
will require other detection strategies. Here our framework could be extended to incorporate data from alterna-
tive sensors such as echosounders, hydrophones or eDNA sensors alongside updated data acquisition guidelines,
model architectures, and deployment hardware'>!®. Similarly, the framework is purposefully agnostic to model
architecture so that it can easily be adapted to the latest CVM architecture suitable for aquatic imagery. While we
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have focused on NIS detection, the framework presented here could also be used to develop aquatic CVMs for
non-biosecurity applications such as fisheries or ecological research.

Supplementary Information The online version contains supplementary material available at https://doi.org/10.1038/
s41598-026-72212-8.
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