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Abstract. Phytoplankton are central to global biogeochemical cycles
and aquatic food webs, yet their monitoring remains constrained by
costly instrumentation and labor-intensive workflows. We present a mod-
ular, automated machine vision system for in situ, real-time detection,
classification, and tracking of phytoplankton using the open-source Au-
tonomous Flow-Through Imaging (AFTI) scope imaging platform. Our
approach systematically benchmarks one-stage, two-stage, and transformer-
based detectors, identifying YOLOv11 as the most effective balance of
accuracy and efficiency for resource-constrained deployment. To improve
species-level identification, we integrate an ensemble classifier (Efficient-
Net_B0 + Swin_T), boosting F1-scores to 0.9852, and couple this with
BoT-SORT tracking to enable robust, non-redundant abundance estima-
tion under dynamic flow conditions. Unlike prior systems, our pipeline
is designed for embedded GPU hardware (Jetson AGX Orin) and vali-
dated on real-world deployments, demonstrating feasibility for scalable,
autonomous plankton monitoring. This work presents an open-source
flow-through imaging system with a real-time machine learning pipeline,
along with integrated and standardized datasets combining public and
AFTI-scope imagery. It further provides comprehensive benchmarking of
detection, classification, and tracking architectures under in-situ condi-
tions, and demonstrates in-field validation of real-time species-level mon-
itoring with a design optimized for deployment on autonomous surface
vehicles. This work provides the first embedded, low-cost platform ca-
pable of continuous, automated phytoplankton observation, supporting
future large-scale marine ecosystem monitoring.

1 Introduction

Plankton, including unicellular photosynthetic phytoplankton, mixoplankton,
and heterotrophic multicellular zooplankton, are fundamental to aquatic ecosys-
tems and global biogeochemical cycles [34]. Phytoplankton contributes to nearly
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Fig. 1. AFTI-scope [16] imaging and analysis pipeline. Left: Schematic of the flow-
through AFTI-scope hardware, including optical and control components. It contains
the imaging backbone of the processing pipeline for automated detection, tracking,
and ensemble-based classification of phytoplankton instances, presented in this paper
(see flowchart in Figure 5 for more details). Right: Example output from a deployment
sequence, where individual plankton are detected, classified, and tracked across frames.

half of the planet’s oxygen and serves as the main primary producers of aquatic
food webs. Through the biological carbon pump, they also play a vital role in
long-term carbon sequestration. Due to their sensitivity to changes in abiotic fac-
tors (e.g. temperature, salinity, nutrient levels, pollution) and climate variability,
plankton populations are widely used as bioindicators of ecosystem health [8].

Monitoring plankton communities is critical, but traditional methods such
as net sampling and microscopy identification and quantification are labor-
intensive, time-consuming, and offer limited spatial and temporal resolution [22].
To be able to achieve real-time, large-scale temporal and spatial coverage and
rapidly process large volumes of samples, automated monitoring of phytoplank-
ton biodiversity is needed.

Recent technological advances have introduced imaging systems that sup-
port automated plankton monitoring in real-time. Instruments such as Imaging
FlowCytobot (IFCB, McLane, USA) and CytoSense (Cytobuoy, The Nether-
lands) combine flow cytometry with high-resolution imaging, allowing detailed
taxonomic analysis [13, 22]. The AILARON AI-Driven Mobile Robotic Explorer,
a mobile robotic platform for imaging, classifying, adaptive mapping, and revis-
iting plankton hotspots in situ, although with lower imaging magnification [30],
also brings the state-of-the-art regarding rapid quantification of plankton dis-
tributions. However, cost and operational complexity remain a limitation for
end users, both among plankton taxonomists and in autonomous robotic sys-
tems. Open-source, low-cost alternatives, such as the flow-through imaging mi-
croscope PlanktoScope (more recently Fairscope), address this gap by offering
modular, accessible imaging solutions for smaller research initiatives and citi-
zen science, increasing the scalability of plankton monitoring [27]. A strength of
PlanktoScope is its integration with open online platforms, such as Ecotaxa, a
web-based tool for the classification and annotation of plankton images. With
Ecotaxa, users can easily upload images from the PlanktoScope/FairScope and
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manually or semi-automatically identify plankton taxa, building a growing com-
munal database of labeled plankton imagery.

These systems, increasingly paired with machine learning models for plankton
identification and quantification, allow for scalable, in-situ ecological monitor-
ing. However, plankton identification still requires careful validation, which can
be as time-consuming. Tools such as PyOPIA, an open source Python package
for automated plankton image processing, is a pipeline for real-time plankton
identification that includes machine learning-based image analysis [11]. Beyond
PyOPIA, a broader set of recent research advances has focused on improving au-
tomated real-time plankton identification through deep learning methods. For
example, single-stage detection architectures have been explored for fast classi-
fication of zooplankton in streaming applications [2], while segmentation-based
approaches have been developed to allow in-situ instance and semantic labeling
of plankton taxa [4, 29]. Supporting these models, background extraction and
data augmentation techniques [6] help improve the segmentation of time-series
images, and active learning strategies have been proposed to make expert label-
ing more efficient and representative [15, 14]. Together with advances in visual
sensing frameworks, these efforts are part of a growing ecosystem of tools and
methods that aim to accelerate high-throughput and accurate plankton moni-
toring.

In response to these developments, this paper presents a modular, vision-
based pipeline for real-time in-situ detection, classification, and tracking of
plankton, incorporating recent advances in deep learning. The system is de-
signed for deployment on the AFTI-scope [16] a compact open-source imaging
platform that features a flow-through chamber and a microscope for continuous
image capture of waterborne microorganisms. This setup enables unattended,
high-throughput monitoring in marine environments.

While traditional laboratory-based systems remain unsuitable for autonomous
deployment, the AFTI-scope’s compact flow-through design, low power con-
sumption, and embedded GPU support make it adaptable to autonomous surface
vehicles for continuous open-ocean monitoring. In contrast, instruments such as
the IFCB or CytoSense provide high-resolution imaging but are intended for
stationary or ship-based use and remain too large, costly, and power-demanding
for autonomous vehicles. Open-source systems like the PlanktoScope emphasize
accessibility but lack integrated real-time processing. By combining affordabil-
ity, modularity, and embedded machine learning, the AFTI-scope enables au-
tonomous in-situ monitoring not achieved by previous systems.

From a robotics perspective, the AFTI-scope is designed as a perception
module for autonomous marine systems. Its compact form factor, low power
consumption, and embedded GPU-based processing enable tight integration with
unmanned surface vehicles (USVs) and other robotic platforms. The proposed
vision pipeline operates fully on-board, enabling closed-loop perception without
reliance on shore-based computation or post-processing. This allows autonomous
robotic systems to perform continuous, adaptive, and long-duration plankton
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monitoring missions, aligning the system with core challenges in marine robotics
such as autonomy, embedded perception, and real-time decision support.

The proposed pipeline integrates deep learning-based object detection, en-
semble classification, and multi-object tracking to support species-level identi-
fication and abundance estimation under realistic operating conditions. In par-
ticular, our approach combines state-of-the-art object detection paradigms, in-
cluding one-stage, two-stage, transformer-based, and algorithmic methods, and
demonstrates that YOLOv11 [19] offers the best combination of accuracy and
real-time performance for this application. We further enhance classification per-
formance through ensemble strategies that improve F1-scores while maintaining
efficiency. To address the critical challenge of robust, identity-preserving tracking
in dynamic aquatic environments, we integrate the BoT-SORT [1] multi-object
tracking algorithm, ensuring individual plankton are accurately counted even
under irregular movement (Figure 1, right). This pipeline is evaluated in both
live deployments and (harmful) algal bloom recordings, demonstrating its poten-
tial as a scalable solution for automated high-throughput plankton monitoring
in marine ecosystems. While individual components build on existing detection,
tracking, and classification methods, the novelty of this work lies in their system-
atic integration, benchmarking, and optimization under real-world, in-situ, and
embedded constraints required for autonomous robotic deployment. The main
contributions presented are:

– A modular, real-time pipeline that unifies detection, tracking, and ensemble-
based classification, optimized for low-power embedded deployment (NVIDIA
Jetson AGX Orin).

– Development of a domain-specific dataset combining public plankton repos-
itories with AFTI-scope imagery to address class imbalance and morpholog-
ical variability.

– Comprehensive model benchmarking, including one-stage, two-stage, and
transformer-based detectors, with quantitative trade-offs between accuracy,
speed, and resource usage.

– In-situ validation on real-world samples, demonstrating reliable species-level
abundance estimation and highlighting limitations in dynamic aquatic envi-
ronments.

– Demonstration of robotic deployment capability through tight integration
with an USV, enabling fully autonomous, embedded, real-time perception
for continuous open-ocean operation.

– Commitment to open science: upon acceptance, we will release code, trained
models, and datasets to support reproducibility and future research.

In the following we review existing work in Section 1.1. Section 2 introduces
the AFTI-scope imaging platform, datasets, and target plankton species under-
lying our pipeline. Section 3 details the proposed detection, classification, and
tracking pipeline. Section 4 presents experimental results from initial deploy-
ments. Finally, Section 5 discusses limitations and future work, and concludes.
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1.1 Related Work

The application of computer vision and deep learning to plankton image anal-
ysis has seen rapid growth over the last decade, driven by increased interest in
automated environmental monitoring. A major bottleneck in this domain is the
availability of high-quality, diverse training data for plankton species. Most exist-
ing datasets derived from the Imaging FlowCytobot (IFCB), such as WHOI22,
WHOI40, and Kaggle-121, are limited in class diversity or exhibit significant
class imbalance, making model generalization challenging [33, 26, 3]. Further-
more, plankton datasets often require expert-level annotation due to fine-grained
morphological differences between species, while object-level annotations (e.g.,
bounding boxes) remain scarce.

Early approaches relied on traditional feature engineering and classical clas-
sifiers like SVMs, using hand-crafted descriptors tailored to specific datasets [33,
37]. While effective within narrow domains, these pipelines lack generalizability.
Recent advances utilize convolutional neural networks (CNNs), often combined
with transfer learning and ensemble methods, improving classification accuracy
across benchmark datasets [24, 23, 10]. Techniques like test-time augmentation
and deep ensembling have been shown to mitigate the effects of dataset shift [9].

Object detection, essential for in-situ applications where images contain mul-
tiple overlapping organisms, has increasingly been addressed through one-stage
detectors like YOLO and two-stage detectors like Faster R-CNN. These mod-
els have demonstrated strong performance in multi-instance settings, especially
when paired with high-resolution imaging systems [20, 2]. However, challenges
remain in detecting small, transparent, or occluded objects, which are common
in plankton imagery.

To address the temporal dimension of in-situ monitoring, object tracking
methods like SORT have been proposed, enabling de-duplication and motion
analysis across frames [5]. Although not yet widely adopted in marine vision,
these methods offer promising avenues for real-time abundance estimation. This
work builds on these advances by integrating object detection, classification,
and tracking into a pipeline tailored for deployment on the AFTI-scope. Unlike
many prior works focused on lab-acquired datasets, our approach emphasizes
robustness under natural conditions, contributing towards the development of
scalable and autonomous in-situ marine monitoring systems.

2 Background

2.1 The AFTI-scope Imaging System

The AFTI-scope (Autonomous Flow-Through Imaging Scope) [16] shown in Fig-
ure 2 is a compact, open-source imaging platform designed for real-time, in-situ
observation of microscopic aquatic life. It enables continuous capture of high-
resolution images as water flows through a transparent imaging channel beneath
a microscope, eliminating the need for manual sampling.
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Fig. 2. Integration of the AFTI-scope imaging system for autonomous deployment.
Left: Internal view of the AFTI-scope [16] electronics and flow-through imaging setup,
including embedded GPU and control hardware housed in a waterproof case. Right:
The complete system mounted on an Otter unmanned surface vehicle (USV), enabling
continuous in-situ phytoplankton monitoring during open-ocean deployments.

Equipped with magnification levels ranging from 40x to 400x and a reso-
lution of 0.41 µm/pixel3, the AFTI-scope supports detailed imaging of both
phytoplankton and zooplankton (size range 5 µm - 1000 µm). Its modular de-
sign allows for sensor customization and integration with RGB or other camera
types. Stepper motors enable remote adjustment of focus and stage position,
making it suitable for deployment on USVs.

The system is fully operable via open-source GRBL firmware [32] and Python-
based control scripts, providing flexibility for field deployment and automation
[16]. This setup forms the imaging backbone of the detection and classification
pipeline presented in this paper.

2.2 Datasets for Detection, Classification and Tracking

The development of the pipeline’s detection and classification modules relied
on several distinct, custom-constructed datasets derived from both our own im-
agery and public sources. As summarized in Table 1, these include detection,
classification, and tracking datasets constructed from AFTI-scope imagery and
integrated with external repositories. Public datasets include the WHOI plank-
ton datasets (WHOI22, WHOI40) [33], the PMID2019 phytoplankton dataset
[20], and the Nalia-HAB dataset collected during a harmful algal bloom event
using the AFTI-scope.

For the initial deployment task, five phytoplankton species were selected,
sampled using the AFTI-scope [16], as shown in Figure 3. The selected target
species were: Tripos longipes, Tripos lineatum, Tripos fusus, Chaetoceros decip-

3 using a camera resolution of 2592x1944
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Fig. 3. Images captured using the AFTI-scope camera system [16] showing representa-
tive phytoplankton species: Tripos longipes, Tripos lineatum, Tripos fusus, Chaetoceros
decipiens, and Coscinodiscus sp., respectively.

iens, and Coscinodiscus sp. Representative samples from the WHOI dataset and
the combined AFTI/PMID2019 imagery are illustrated in Figure 4.

Object Detection Dataset Our object detection pipeline was trained on a
custom-built dataset designed to enhance class diversity. The foundation of this
dataset consists of 229 images collected using an AFTI-scope, which were selected
from over 2000 initial samples after a rigorous quality-filtering process. All images
were manually annotated in MakeSense [31] using an inclusive protocol where
all discernible instances were marked, a strategy chosen to reduce false negatives
in detection. Annotations were verified by domain experts.

The initial AFTI-scope dataset exhibited significant class imbalance. To mit-
igate this, we augmented our training data with a filtered subset of the public
PMID2019 dataset [20]. This added 633 relevant images, after we mapped five
overlapping species and adjusted class labels accordingly (e.g., Ceratium spp. was
mapped to Tripos longipes). Per-batch augmentations, including spatial (rota-
tion, flipping) and pixel-level transformations, were applied during training via
the Ultralytics framework [19] to improve model robustness.

Classification Datasets For the classification module, we prepared two key
datasets to support transfer learning and evaluate performance on target im-
agery. The first is a large external pre-training dataset combining images from the
WHOI-plankton repository with additional minority-class samples. Data stan-
dardization and cleaning were required, including manual re-classification (e.g.,
splitting a general Ceratium group into three species) and discarding irrelevant
WHOI classes. To mitigate class imbalance, the dominant Chaetoceros class was
down-sampled from over 10,000 images to create a more balanced training dis-
tribution.

The second dataset was designed for fine-tuning and evaluation. It consists
of image patches cropped from AFTI-scope bounding box annotations, ensuring
direct comparability between the detector and a separate classifier module. Fol-
lowing a context-preserving strategy, each crop was padded to at least 224×224
pixels to maintain detail and provide consistent classifier input. This final AFTI-
scope classification set is more balanced and serves as the primary benchmark
for evaluating performance on our own data.
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Multi-Object Tracking Dataset For the qualitative evaluation of the multi-
object tracking module, a dedicated video sequence from the AFTI-scope was
used. This sequence, referred to as the Nalia-HAB dataset, captures a Harm-
ful Algal Bloom (HAB) event of Tripos longipes over 398 frames. A 105-frame
segment was selected for the assessment because beyond this point, increased
pump speed compromised the smooth motion capture necessary for tracking.
Within this segment, the sampling rate was sufficient to resolve continuous tra-
jectories. It is important to note that due to resource limitations, ground-truth
tracks were not created for this dataset; therefore, the resulting evaluation is
qualitative only. Additionally, this footage was recorded using an older version
of the AFTI-scope’s camera system, which could potentially affect the detection
module’s performance.

To avoid data leakage, we ensured that images from the same video sequence
never appeared in both training and testing sets. All annotations were performed
using the MakeSense tool and cross-verified by domain experts. For the track-
ing dataset (Nalia-HAB), we excluded segments with pump speeds above 0.67
ml/min, where large frame-to-frame displacements prevented reliable manual
annotation. We report this limitation and plan to extend future work with fully
annotated, high-speed sequences to capture these challenging conditions.

Table 1. Overview of datasets used for detection, classification, and tracking.

Dataset (Usage) Source Classes Samples Notes

AFTI-Detection AFTI + PMID2019 subset 5 862 images Result on val. set
AFTI-Classification Crop AFTI det. + WHOI 5 4,200 patches Result on val. set
Nalia-HAB Tracking AFTI video 1 (Tripos) 398 frames 105 frames (qual.)
WHOI40 subset (pre-tr.) WHOI public repository 40 3,000 images ext. pre-train only

3 Real-time in-situ Abundance Estimation

In this paper, a modular phytoplankton analysis pipeline as shown in Figure 5
is proposed, decomposing the over all task of abundance estimation into three
main components (i.e. Object Detection, Object Tracking and Ensemble Clas-
sification). This modular design simplifies development and enables each stage
to be optimized independently. The detection component can prioritize recall,
deferring fine-grained classification to a more powerful ensemble-based classifier.
Tracking operates on detection outputs and can be evaluated with or without re-
identification using deep feature matching. Classification can be deferred or per-
formed on high-resolution crops of tracked instances. This sequential breakdown
facilitates targeted improvements, easier testing, and greater system flexibility.
New algorithms or models can be integrated into individual modules without
redesigning the entire system. A schematic overview of the pipeline is shown in
Figure 5. In the following, we provide a detailed description of each module,
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Fig. 4. Left: Examples from the WHOI dataset (cropped). Examples form the Na-
liaHAB Tracking dataset are shown in Fig. 6 and Fig. 7. Right: Examples images
(cropped) from the AFTI and PMID2019 dataset.

along with the rationale for selecting specific models, and an analysis of their
performance and suitability for the overall system.

3.1 Object Detection

In the following, we present a comparative evaluation of three object detection
architectures applied to plankton detection: YOLOv11 [19], RT-DETR-L [36],
and Faster R-CNN [28]. The analysis spans three dimensions: single-class de-
tection accuracy, multi-class detection robustness, and computational efficiency.
These aspects are critical for determining the most suitable model for deploy-
ment within the resource-constrained AFTI-scope platform.

To identify the best trade-off between detection accuracy and computational
efficiency for single-class plankton detection, we evaluated five YOLOv11 model
variants of varying sizes: n (nano), s (small), m (medium), l (large), and x (extra-
large). These models balance speed and accuracy differently: models n and s are
optimized for lightweight, real-time use with minimal computational demand,
while model m serves as a balanced option, and l and x offer higher accuracy at
the cost of increased computational complexity. YOLO11n is the lightest model
in the family, with 2.6 million parameters, offering fast inference while maintain-
ing competitive accuracy, whereas YOLO11m is a more complex variant with
20.1 million parameters designed to provide improved detection performance.
All models were trained and validated on 640 × 640 px images with a batch
size of 4 to assess detection accuracy, and computational benchmarks such as
framerate and latency were conducted with a batch size of 16 to better approx-
imate realistic throughput by amortizing fixed overheads (e.g., I/O and CUDA
launch costs). Testing, training and validation were carried out on a worksta-
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Fig. 5. Overview of the real-time phytoplankton analysis pipeline for species-level
abundance estimation. Solid arrows indicate the execution order: object detection is
tuned for high recall to minimize missed organisms, followed by multi-object tracking
to preserve identity and avoid double counting. Fine-grained species classification is
performed using an ensemble of classifiers operating on tracked instances, after which
track-level aggregation applies temporal voting and counting to produce stable abun-
dance estimates. Dashed arrows denote optional information flow and configuration
influence: depending on the selected configuration, the detector’s coarse class predic-
tion may be fused into the fine-grained classification stage.
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tion with Ubuntu 22.04, an AMD Ryzen 9 5900X CPU, 62GB RAM, and an
NVIDIA RTX 3070 GPU (8 GB VRAM). The results of the detection and com-
putational performance evaluations are summarized in Table 2 and Table 3,
respectively.

Model Precision Recall F1 50 75 50:95

YOLO11n 0.888 0.864 0.876 0.908 0.793 0.684
YOLO11s 0.886 0.842 0.863 0.889 0.809 0.683
YOLO11m 0.885 0.876 0.880 0.916 0.823 0.709
YOLO11l 0.884 0.866 0.875 0.906 0.788 0.682
YOLO11x 0.852 0.819 0.835 0.874 0.781 0.666

Table 2. Detection metrics for YOLO variants (640×640 px, batch size 4). Columns
50, 75, and 50:95 denote mAP at IoU thresholds of 50%, 75%, and averaged from 50%
to 95%, respectively.

Model FPS Lat. (ms) Mem (MB) GFLOPs MParams

YOLO11n 95.6 10.5 325 6 2.6
YOLO11s 81.9 12.2 575 22 9.4
YOLO11m 65.7 15.2 1066 68 20.1
YOLO11l 59.6 16.8 1235 87 25.3
YOLO11x 44.1 22.7 1886 195 56.9

Table 3. Computational performance of YOLOv11 variants (batch size 16). “FPS” =
frames per second; “Lat.” = latency per image (ms); “Mem” = GPU memory usage
in MB; “GFLOPs” = giga floating-point operations; “MParams” = million parameters.
Measurements exclude initialization overheads.

Table 2 shows that YOLO11m achieves the highest overall detection accuracy,
with leading Recall, F1-Score, and all mAP metrics. Notably, scaling up further
to YOLO11l and YOLO11x yields diminishing returns, likely due to suboptimal
default training hyperparameters for larger models.

Table 3 highlights the computational efficiency of smaller models, with YOLO11n
achieving the highest FPS (95.59) and minimal memory usage. YOLO11m, how-
ever, maintains robust computational performance with FPS reaching 65.69
while delivering superior detection accuracy.

Balancing these trade-offs, the YOLO11m model was selected for further
development, with YOLO11n serving as a lightweight benchmark in subsequent
analyses.

Following the selection of YOLO11m, the effect of varying training batch size
was investigated while maintaining an image resolution of 640× 640 px. Results
are shown in Table 4.
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BS Precision Recall F1-Score mAP50 mAP75 50:95

4 0.885 0.876 0.880 0.916 0.823 0.709
8 0.891 0.850 0.870 0.903 0.799 0.688

12 0.853 0.858 0.856 0.892 0.802 0.689

Table 4. Detection performance of YOLO11m with varying batch sizes (BS) at 640×
640 px resolution.

Table 4 indicates that a batch size of 4 yielded the highest F1-Score (0.8803)
and mAP50:95 (0.7091), while batch size 8 provided slightly better precision
(0.8906). Performance declined slightly with batch size 12. The relatively small
differences in performance observed across batch sizes (4, 8, 12) can be explained
by the Ultralytics YOLO framework’s use of gradient accumulation, which effec-
tively simulates a larger nominal batch size of 64 by summing gradients over mul-
tiple smaller hardware batches. This approach stabilizes learning and minimizes
sensitivity to hardware batch size. However, some residual variation remains be-
cause Batch Normalization layers compute their statistics independently within
each hardware batch, introducing subtle differences in training dynamics and
final model performance, so careful batch size tuning remains important.

In addition, different optimizer configurations, such as SGD and AdamW
within the Ultralytics framework [19] were tested to understand their impact
on training performance. All runs used consistent validation thresholds chosen
to better reflect true model quality. Results showed that the SGD optimizer
achieved the highest precision, F1-score, and advanced mAP metrics, while the
Auto (Default) setting produced the best recall and mAP50. Analysis indicates
that the ’Auto’ mode internally switches between SGD and AdamW while ap-
plying its own learning rates and momentum settings, which can override user-
specified values. AdamW performed less effectively overall, likely due to its sen-
sitivity to learning rate choices; the default rate used was too high for optimal
AdamW behavior. These findings suggest that while SGD offers robust perfor-
mance with default hyperparameters, adaptive optimizers like AdamW require
careful tuning of learning rate, betas, and weight decay to reach their full po-
tential.

Overall Single-Class Detection Performance

All three models (YOLO11m, RT-DETR-L, and Faster R-CNN) were bench-
marked on a single-class detection task using their optimal parameter settings,
and evaluated with mean Average Precision (mAP) scores as well as traditional
classification metrics. RT-DETR-L achieved the highest mAP across all thresh-
olds (e.g., mAP@0.50:0.95 = 0.6861), closely followed by YOLO11m (0.6701),
while Faster R-CNN lagged behind (0.6020). In terms of F1-score, RT-DETR-L
(0.8743) and YOLO11m (0.8651) performed comparably, with Faster R-CNN
slightly lower (0.8450) but exhibiting the highest recall (0.8770).
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Model Precision Recall F1 mAP50 mAP75 50:95

YOLO11m 0.875 0.856 0.865 0.930 0.773 0.670
RT-DETR-L 0.888 0.861 0.874 0.934 0.795 0.686
Faster R-CNN 0.814 0.877 0.845 0.896 0.677 0.602

Table 5. Comparison of Single-Class Precision, Recall, and F1-Scores for YOLO11m
and RT-DETR-L derived from Ultralytics validation output. Faster R-CNN reports
Precision, Recall, and F1-Scores at Score Thr: 0.4, IoU Thr: 0.6. Columns mAP50,
mAP75, and 50:95 indicate mAP at IoU thresholds of 50%, 75%, and averaged from
50% to 95%, respectively.

An examination of the standardized mAP scores (Table 5) shows that the
RT-DETR-L configuration achieves the highest performance, establishing it as
the most accurate model in this single-class comparison, with YOLO11m a close
second. Considering Precision, Recall, and F1-scores: RT-DETR-L also leads in
F1-score, but Faster R-CNN, which was specifically optimized for this metric,
achieves the highest recall (0.8770). However, these results should be contextual-
ized: Faster R-CNN’s lower mAP may reflect a less extensive tuning phase, while
RT-DETR-L used parameters guided by its source paper. YOLO11m’s strong
performance was achieved with general-purpose ‘Auto’ settings, suggesting room
for further optimization.
Multi-Class Detection Performance

Model Precision Recall F1 mAP50 mAP75 50:95

YOLO11m 0.8303 0.8671 0.8483 0.8751 0.7467 0.6237
RT-DETR-L 0.802 0.857 0.825 0.867 0.702 0.608
Faster R-CNN 0.832 0.858 0.845 0.833 0.585 0.537

Table 6. Comparison of Multi-Class detection performance.

The overall multi-class performance metrics in Table 6 highlight YOLO11m as
the top-performing model, achieving the highest scores across key categories.
In addition to its balanced detection accuracy, YOLO11m maintained a robust
65.69 FPS with a peak memory usage of 1065.50 MB, approximately 39% faster
than RT-DETR-L (47.15 FPS, more memory-intensive) and more than twice
as fast as Faster R-CNN (27.97 FPS, with the highest memory consumption
at 4873.81 MB). This combination of accuracy, robustness across classes, and
superior computational efficiency makes YOLO11m the most suitable choice for
real-time deployment on the resource-constrained AFTI-scope platform.

The tuned model YOLO11m showed consistent improvements across overall
metrics, with higher precision, F1-score, and mAP50:95 values. Per-species anal-
ysis further confirmed these gains, as shown in Table 7, with notable increases for
challenging classes such as Chaetoceros and Tripos fusus, demonstrating that the
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Class Precision Recall F1 mAP50 mAP75 50:95

Tripos longipes 0.946 0.886 0.915 0.975 0.853 0.727
Tripos fusus 0.878 0.944 0.910 0.923 0.923 0.737
Chaetoceros 0.742 0.695 0.718 0.709 0.335 0.343
Tripos lineatum 0.869 0.900 0.884 0.944 0.761 0.659
Coscinodiscus 0.940 0.935 0.937 0.973 0.850 0.707

Table 7. Per-species detection performance for YOLO11m (with AdamW hyperpa-
rameters). Columns 50, 75, and 50–95 indicate mAP at IoU thresholds of 50%, 75%,
and averaged from 50% to 95%, respectively.

optimized hyperparameters improved the model’s ability to accurately identify
difficult cases and generalized well to multi-class detection.

While RT-DETR-L led in single-class accuracy, YOLO11m emerged as the
most robust and efficient detector when considering all dimensions. Its superior
performance in the multi-class scenario, combined with its high computational
efficiency and out-of-the-box generalizability, makes it the most suitable candi-
date for deployment and further optimization.

3.2 Object Tracking

The tracking module is essential for enabling abundance estimation by facilitat-
ing the counting of individual plankton instances across video frames.

From the literature on visual tracking, it is evident that state-of-the-art on-
line trackers primarily follow the tracking-by-detection paradigm. BoT-SORT [1]
and ByteTrack [35], have demonstrated strong performance and were therefore
selected for evaluation and implementation.

The tracking module was integrated with the Yolo11m plankton detection
and classification modules. Since the Ultralytics framework does not support
re-identification (Re-ID) features, the BoxMot library [7] was adopted to enable
deep feature descriptor-based similarity matching.
The YOLO + BoT-SORT approach showed reliable performance in occlusion
scenarios, effectively distinguishing adjacent instances without merging them
into single detections. It also produced bounding boxes that more consistently
encompassed the full extent of target objects, supporting accurate classification.

To produce abundance estimates, two counting strategies were considered:
Counting objects only when they cross a predefined reference line (cf. blue line
in Figures 6, 7); Counting each unique track ID throughout the video. The first
method was selected to reduce double-counting due to identity switches. This
approach ensures that only consistent and complete trajectories contribute to
the final abundance estimate.

To ensure label stability during classification, a majority-voting mechanism
was applied to the sequence of predicted class labels for each track. This reduces
the impact of transient misclassifications that could otherwise affect abundance
estimates when classification is active.
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Fig. 6. Examples from the YOLO tracking test on the Nalia-HAB set. Frames shown
are 80, and 85 separated by 4-frame intervals to illustrate the movement of tracked
instances. A blue line was included as location and count reference.
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Fig. 7. Examples from the YOLO tracking test on the Nalia-HAB set. Frames shown
are 90, and 95, separated by 4-frame intervals to illustrate the movement of tracked
instances. A blue line was included as location and count reference.
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3.3 Ensemble Classification

The ensemble classification module, the final stage of the plankton detection
pipeline, is critical to achieving robust and accurate abundance estimates of
selected target classes. To ensure optimal performance, a diverse set of neural
network architectures was explored, including ResNet [17], DenseNet [18], Effi-
cientNet [25], Vision Transformer (ViT) [12], and Swin Transformer [21]. These
models were selected based on their prior success in visual classification tasks
and their varied inductive biases, offering complementary strengths.

Each model was trained on both legacy plankton datasets and newly col-
lected data with the AFTI-scope as listed in Section 2.2. A standardized training
pipeline was implemented, featuring runtime data augmentation, weighted sam-
pling to counter class imbalance, and fine-tuning for domain adaptation. Despite
applying transfer learning strategies, significant domain shift between datasets
limited pre-training benefits. However, the transformers, particularly ViT and
Swin, demonstrated greater resilience to domain shift.

Post fine-tuning, all models exceeded an F1-score of 0.9, with Efficient-
Net_B0 achieving the highest score of 0.962 (cf. Table 8). A comparative anal-
ysis of computational efficiency also revealed EfficientNet_B0 to be the most
resource-efficient model.

Method F1 Score GFLOPs

Individual Models
EfficientNet_B0 0.962 0.39
Swin_T 0.942 4.49
ViT_b_16 0.940 17.56
ResNet50 0.912 4.09
DenseNet121 0.908 2.83

Ensembles (True Positives Only)
YOLO11n + Swin_T 0.9777 –
YOLO11m + EfficientNet_B0 + Swin_T 0.9852 –

Table 8. Final classification performance (F1-score) and computational cost
(GFLOPs) for individual models and top ensemble configurations after fine-tuning
on the AFTI dataset.

Ensemble strategies were implemented to combine the best individual clas-
sifiers with YOLO-based detections, using both weighted and majority voting
schemes. These methods consistently improved classification accuracy on true
positive detections, with top-performing configurations achieving F1-scores of
0.9777 (YOLO11n + Swin_T) and 0.9852 (YOLO11m + EfficientNet_B0 +
Swin_T), compared to baseline scores of 0.9640 and 0.9809, respectively.
Table 8 summarizes these results, showing both the fine-tuned F1-scores and
computational costs for the evaluated architectures. EfficientNet_B0 stood out
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among individual models with the highest F1-score (0.962) and lowest computa-
tional complexity (0.39 GFLOPs), making it particularly well-suited for deploy-
ment on resource-constrained systems. Transformer-based architectures such as
Swin_T and ViT_b_16 offered strong robustness to domain shift but required
greater computational resources. These findings highlight the value of combin-
ing complementary model types while emphasizing the need to balance accuracy,
efficiency, and robustness in final system design.

4 Deployment and In-situ Measurements

Multiple combinations of detection, classification, and tracking modules were
tested to assess real-time performance and robustness during deployment of
the developed pipeline, which runs on an NVIDIA Jetson AGX Orin Devel-
oper Kit with 64GB RAM integrated into the AFTI-scope. Specifically, the
top-performing YOLO detectors (both single-class (YOLO11m) and multi-class
(YOLO11n)) were evaluated in combination with leading CNN (EfficientNet)
and transformer-based (Swin_T) classifiers. All setups employed BoT-SORT
via the BoxMot library for tracking.

To facilitate integration and testing independent of AFTI-scope hardware, a
Docker image identical to the on-device environment was deployed on an external
GPU-enabled workstation. A streaming simulator was implemented to loop over
the AFTI-scope Nalia-HAB dataset, enabling consistent and repeatable testing
conditions. The acquisition and pipeline parameters are summarized in Table 9.

Parameter Value

Acquisition Parameters
Exposure time 1400-2000 µs
Pump speed 0.335 - 6.5 ml/min
Frame rate 30 fps
Magnification/resolution 1920x1200

Pipeline Parameters
Confidence threshold 0.001
Min existence frames 5
Crop margin 10 pixels

Table 9. Test parameters overview.

Each pipeline successfully processed AFTI-scope video streams in real-time.
The YOLO11m + Swin_T setup exhibited slightly higher latency due to its
larger model size but remained suitable for real-time applications. A represen-
tative image is shown in Figure 1 to the right.

The deep learning pipelines displayed strong performance, effectively detect-
ing and classifying minority classes and exhibiting robustness against occlusion
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and visual artifacts. Despite some instances of under-sized bounding boxes and
occasional grouping of multiple objects into one detection, both classification
and tracking modules performed well. Misclassification of non-target objects was
observed when such objects were morphologically similar to the target classes.

The overall tracking performance was high, with consistent instance identity
preservation despite occlusions. Some weaknesses were noted near frame edges
and during rapid object rotation.

Runtime Speed for Pumps. Tracking reliability was tested across flow rates
ranging from 0.335 ml/min to 6.5 ml/min. Above 0.667 ml/min, tracklets were
not consistently initialized due to large object displacements between frames.
Optimal tracking was achieved at lower speeds (~0.335 ml/min).

Optimal Camera Exposure Time for Sample Detection. Controlled tests de-
termined 1700 µs as the optimal exposure time, balancing contrast and avoiding
overexposure. This value worked well across both test samples. Higher exposures
(e.g., 2000 µs) remained effective, particularly in Lugol-preserved samples.

5 Conclusion

This paper presented a modular pipeline for real-time detection, classification,
and tracking of phytoplankton using the AFTI-scope, a compact open-source in
situ imaging system designed for continuous, automated monitoring of marine
microorganisms.

A comparative evaluation of state-of-the-art object detection paradigms, in-
cluding the one-stage YOLOv11, two-stage Faster R-CNN, and transformer-
based RT-DETR, demonstrated that, despite varying strengths across models,
YOLOv11 offered the best overall balance between accuracy and real-time per-
formance. To enhance its classification capabilities, ensemble strategies that in-
corporated additional classifiers were explored. These approaches improved the
classification F1-score from 0.9640 to 0.9777 for the lightweight YOLO11n vari-
ant, and from 0.9809 to 0.9852 for the more complex YOLO11m, highlighting
the effectiveness of ensembling in this domain.

A key challenge addressed was ensuring reliable tracking to prevent double-
counting plankton. Due to the irregular and species-dependent nature of plank-
ton movement, simple frame-based heuristics were insufficient. Instead, a state-
of-the-art multi-object tracking algorithm, BoT-SORT, was integrated into the
pipeline. Qualitative assessments during live deployments and on a recorded
harmful algal bloom dataset confirmed its effectiveness, with future evaluations
using tracking-annotated datasets planned to further validate performance. From
a robotics standpoint, this work demonstrates how modern embedded vision
pipelines can be co-designed with sensing hardware to enable autonomous eco-
logical monitoring, positioning the AFTI-scope as a practical perception subsys-
tem for marine robotic platforms.

Limitations and Future Work. While our pipeline demonstrates feasibility
for real-time plankton monitoring, several limitations remain. First, our current
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evaluation covers only five phytoplankton species, restricting taxonomic diver-
sity. Second, all samples were collected from a limited geographic region and
season, which may reduce generalizability to broader oceanographic settings.
Third, our tracking evaluation was qualitative only, due to the absence of fully
annotated ground-truth trajectories in the Nalia-HAB dataset.

As a next step, we plan to expand the dataset to include additional eco-
logically relevant and toxic species (e.g., Karenia brevis), increase geographic
and seasonal coverage, and develop fully annotated multi-object tracking bench-
marks. This expansion will improve robustness and ecological relevance, while
enabling more comprehensive quantitative evaluation of the tracking module.
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