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ABSTRACT

Conventional optical microscopes face limitations in detecting certain water pollutants, such as transparent
microplastics. Rotifers, microscopic freshwater organisms, are effective bio-indicators for assessing aquatic health
due to their sensitivity to environmental changes. However, traditional rotifer-based water quality assessments
are hindered by complex sample preparation, inaccuracies from sample transportation, and the use of bulky
optical systems that require specialized expertise. To address these challenges, we present a low-cost, portable,
Al-powered rotifer tracking microscope for on-site water quality assessment. This system integrates a 3D-
printed open-source microscope with custom Al algorithms on a Raspberry Pi, enabling automated rotifer
tracking and analysis without the need for sample transportation or specialized skills. Its compact, user-friendly,
and cost-efficient design enhances accessibility for resource-limited areas. Validation with samples polluted by
microplastics demonstrated the system’s ability to detect changes in the behavioral dynamics of rotifers, proving
its reliability for real-time aquatic health monitoring. This innovative system offers a practical, scalable solution
for water quality management in diverse settings.

Keywords: water quality assessment, 3D-printed microscope, portable system, in-situ analysis, real-time as-
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1. INTRODUCTION

Real-time water quality assessment is critical for ensuring the safety and sustainability of aquatic ecosystems.
In-situ monitoring plays a vital role in achieving this goal by enabling direct, on-site evaluation of water condi-
tions.! However, many pollutants, such as nanoplastics (NPs) and microplastics (MPs), are challenging to detect
using conventional microscopy without fluorescence staining due to their small size and transparency.?? These
materials often require advanced imaging techniques or chemical modifications to become visible under tradi-
tional optical systems, which increases the complexity and cost of monitoring. Recent works have demonstrated
innovative approaches to address these challenges, including the use of multi-sensor information,*® machine
learning algorithms,” and alternative imaging methodologies for indirect detection.®® This growing body of re-
search highlights the importance of developing indirect detection methods to enable real-time, in-situ monitoring
of these pollutants. Among these, the indirect approaches based on biological indicators offer several advantages,
including high sensitivity to environmental changes, ease of observation, and ecological relevance. Rotifers, as
bio-indicators, are valued for their quick response to changes in water chemistry, temperature, and pollution,
serving as early warnings of environmental degradation.””'° Due to their rapid responsiveness and widespread
distribution, portable systems plays a crucial role in tracking rotifer activity for assessing and monitoring water
quality directly in the field, minimizing issues associated with the transition time from the sampling site to
laboratory conditions.

3D printing has emerged as a powerful and accessible tool for designing and developing portable devices
for scientific research. Its flexibility, reproducibility, and low-cost production using standard components and
plastic parts make it an ideal choice for creating custom scientific instruments.!! This advancement has given
rise to numerous open-source science hardware projects, enabling researchers and science enthusiasts to use,
iterate, and adapt existing designs for a variety of applications.'> ' Among these, the OpenFlexure Microscope
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(OFM)!* stands out as a portable microscopy platform that combines precise mechanical sample manipulation
with a lightweight and compact design. The OFM has been successfully utilized in a wide range of applications,
demonstrating its versatility and reliability as a tool for field-based scientific investigations.!?

In this study, we develop a portable, Al-powered microscope system specifically designed for in-situ rotifer-
based water quality assessment. By integrating a 3D-printed open-source microscope with Al-assisted track-
ing algorithms, the system enables real-time monitoring and analysis of rotifer behavior directly in the field.
The hardware combines the OFM'# platform with Raspberry Pi camera modules, while the software employs
lightweight YOLOvS8-based algorithms for real-time detection and tracking of rotifers. Behavioral metrics such
as trace length, net displacement, mean speed, mean turning angle, and efficiency ratio are extracted to quanti-
tatively assess rotifer movement and responses to environmental contaminants. We validate the system through
experiments with water samples contaminated by nanoparticles (NPs) and microplastics (MPs), which allows us
to distinguish between contaminated and uncontaminated samples and investigate the size-dependent effects of
these contaminants on rotifer behavior. This portable, cost-effective system bridges the gap between advanced
water quality assessment techniques and practical field applications, offering a scalable solution for real-time
aquatic ecosystem monitoring.

2. METHOD

2.1 Al-powered water quality assessment system
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Figure 1. Flowchart of rotifer tracking system for in-situ water quality assessment.

The overall flowchart of our portable in-situ water quality assessment system is illustrated in Fig. 1. The
process begins with collecting a water sample, which is then transferred using a pipette and placed on the
sample stage of the portable microscope. Real-time imaging and tracking algorithms are executed directly
on the Raspberry Pi via its command-line interface. The tracking algorithm used in this study is based on
the YOLOVS framework, which has shown exceptional performance in object detection tasks.!®'” YOLOvVS is
lightweight and energy-efficient, making it ideal for field deployment where power and computational resources
are limited.'® Once the model is trained, it enables real-time object detection even on devices with constrained
processing capabilities, such as the Raspberry Pi.

2.2 Behavioral Metrics Extraction

After detecting and tracking the rotifers, their movement trajectories are extracted, and a series of behavioral
metrics are calculated to quantitatively assess their activity. These metrics include trace length, net displacement,
mean speed, mean turning angle, and efficiency ratio. The trace length L and net displacement D are two metrics
that reflect the spatial extent of movement. The trace length represents the total distance traveled by a rotifer
during the observation period, computed as the sum of the Euclidean distances between consecutive positions
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along its trajectory. In contrast, the net displacement measures the straight-line distance between the start and
end points of the trajectory, ignoring the intermediate path. These are expressed mathematically as:

N-1
L= Z \/(I¢+1 —x3)? 4+ (Yiy1 — ¥i)?%, (1)

D=/(zn —21)2 + (yn — 1) (2)

Here (z;,y;) are the coordinates of the rotifer at time step 4, and N is the total number of recorded positions.
While trace length provides insight into the detailed motion activity, net displacement highlights the efficiency and
directionality of the movement. The movement efficiency, also known as the efficiency ratio F, is characterized
by the ratio of net displacement to trace length:

E==. (3)

An efficiency ratio of 1 indicates highly directed movement, while lower values suggest more exploratory motion.
The mean speed S = % is the average distance traveled per unit time, reflecting the overall pace of the rotifer’s
activity during the observation period T'. It is defined as:

S = % (4)

The mean turning angle 6 quantifies the angular changes in direction between consecutive trajectory segments,
which is computed as:
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These behavioral metrics collectively provide a comprehensive assessment of the rotifer’s movement characteris-
tics. They are indicative of the water’s quality and potential contamination levels.

3. RESULTS
3.1 Tracking Rotifer Movements and Quantitative Analysis of Behavior

We first demonstrate the system’s capability to track rotifer movements in real time using water samples contam-
inated with polystyrene (PS) nanoparticles (NPs) of varying sizes (30 nm, 500 nm, and 5 pm) and concentrations
(0, 0.1, 1, 10, and 20 ng/ml). Rotifers were exposed to these conditions in 20 ng/ml culture tubes without food
to mimic environmental exposure. Sampling and observations were conducted at 3h, 6h, 12h, and 24h, following
standard protocols for acute toxicity studies.!?>20

Fig. 2 illustrates the performance of our portable system in tracking rotifer movements. Ten randomly selected
rotifer trajectories, extracted over a 3-minute observation period, are shown in Fig. 2(b). These trajectories
demonstrate the system’s ability to capture and represent the complex movement patterns of rotifers. The
heatmap in Fig. 2(c) visualizes the movement intensity of rotifers across the observation area, weighted by their
speed. To enhance visibility, the intensity values are scaled logarithmically. Brighter regions indicate areas
where rotifers move with higher speeds or greater frequency, while darker regions represent lower-speed or less
frequent movement. Black regions correspond to areas with no rotifer activity. Using the tracked trajectories,
a series of behavioral metrics are calculated to quantitatively characterize rotifer movements as introduced in
Section 2.2. These metrics are further analyzed in the following section to quantitatively assess the effects of
pollutant exposure.
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Figure 2. Demonstration of the proposed system in tracking rotifer movements. (a)lllustration of detected rotifer on a
single frame by the system. (b)Ten randomly selected rotifer trajectories extracted over a 3-minute observation period,
showcasing the system’s ability to capture complex movement patterns. (c)Heatmap of rotifer movement intensity,
weighted by speed and scaled logarithmically to enhance visibility. Brighter regions indicate areas of higher-speed or more
frequent movement, while darker regions represent lower-speed or less frequent movement.
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Figure 3. Unsupervised clustering of contaminated and uncontaminated samples using K-Means.(a) Box plots illustrating
the process of outlier removal across different features. The upper row shows the data before outlier removal, and the
bottom row displays the data after removal. The horizontal line within each box represents the median, while the boxes
indicate the interquartile range (IQR). Whiskers extend to 1.5 times the IQR, with points outside this range identified
and removed as outliers. (b) Visualization of K-Means clustering results after dimensionality reduction using PCA. Two
clusters are represented in blue and orange, with red crosses indicating the centroids of each cluster.

3.2 Distinguishing Contaminated and Uncontaminated Samples

In this section, we demonstrate the application of our system in distinguishing contaminated and uncontaminated
samples using behavioral metrics extracted from rotifer movements. Metrics introduced in Section 3.2.1 are
analyzed to evaluate their effectiveness in differentiating between NPs-exposed experimental groups and control
groups. To validate this approach, 100 randomly selected tracked trajectories from samples exposed to 30 nm
NPs at a specific concentration of 10 ng/ml are compared to those from the control group after a 6-hour exposure
period. Both unsupervised clustering (K-Means) and supervised classification (XGBoost) methods are employed
to demonstrate the effectiveness of the selected behavioral metrics in distinguishing between contaminated and
uncontaminated samples. These analyses highlight the potential of our system to utilize rotifer behavioral
changes as reliable indicators for water quality assessment.

3.2.1 Unsupervised Clustering Analysis

For the unsupervised clustering analysis, K-Means clustering is employed with two clusters to distinguish between
contaminated and uncontaminated samples. To account for the sensitivity of K-Means to feature scaling, the
data is normalized using StandardScaler. Additionally, outliers are identified and removed to minimize their
potential impact on clustering results. Outliers are defined as data points lying beyond 1.5 times the interquartile
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Figure 4. Performance evaluation of the supervised XGBoost classifier. (a) Learning curve plot. (b)ROC curve illustrating
the classifier’s performance to distinguish between the two classes across various decision thresholds. The random guess
is represented by the diagonal line (AUC = 0.5).

range (IQR) above the third quartile (Q3) or below the first quartile (Q1). The effectiveness of this outlier
removal process is shown in Fig. 3(a), where data points beyond the whiskers of the box plots are excluded as
potential outliers. The quality of clustering is evaluated using the Silhouette Score, which is calculated to be
0.49. This metric assesses the separation between clusters, where a higher score (closer to 1) indicates better-
defined clusters.?! To facilitate visualization, Principal Component Analysis (PCA) is applied to reduce the
dimensionality of the feature space to two dimensions. The resulting clustering is shown in Fig. 3(b), where the
centroids are positioned near the center of their respective clusters. However, the proximity of the centroids in
the reduced feature space suggests that the clusters are somewhat close, and the density of points within each
cluster is uneven, contributing to the moderate Silhouette Score. This analysis demonstrates the potential of
using behavioral metrics for unsupervised clustering, though further refinement may improve cluster separability.

3.2.2 Supervised Classification Analysis

Given the availability of labeled data, the supervised learning method can be utilized to train a machine learning
model for predicting group labels (contaminated or uncontaminated) based on the extracted features. In our
study, XGBoost is chosen for its ability to model complex decision boundaries effectively.?? While deep learning
methods could be considered for more complex classifications with larger datasets,?® and zero-shot learning for
entirely unseen samples,” we opted for a traditional machine learning algorithm (XGBoost) due to the specific
characteristics of our dataset and computational resource constraints. This approach nonetheless yielded strong
results, as demonstrated below. The dataset is split into a training set (80%) and a testing set (20%), and
randomized search is applied to search for the best combination of hyperparameters by testing 50 randomly
chosen configurations. The learning curve is shown in Fig. 4(a). As expected, the model achieves high accuracy
on the training set, while the accuracy on the validation set gradually converges to 1.0 as the training size grows,
demonstrating the model’s ability to generalize well to unseen data.

In addition to accuracy, evaluation metrics such as precision, recall, and F1-score are calculated to provide a
comprehensive assessment of the model’s performance on the test set, which is reported in Table 1. To further
evaluate the model’s performance as a binary classifier, the receiver operating characteristic (ROC) curve is
shown in Fig. 4(b), which plots the true positive rate (sensitivity) against the false positive rate across various
classification thresholds. The ROC curve reaches a true positive rate of 1.0 with a negligible false positive rate,
indicating near-perfect classification performance. The area under the curve (AUC) score is calculated to be 1.0,
highlighting the model’s exceptional ability to discriminate between the two classes.

Both the unsupervised clustering and supervised classification models demonstrate that the extracted met-
rics are key indicators of behavioral alterations caused by contamination. These findings confirm the system’s
potential as an effective tool for assessing water quality through rotifer behavior.

Proc. of SPIE Vol. 13570 135700S-5



Table 1. Classification performance

Precision Recall F1-Score

Control 0.98 1.00 0.99
Experimental 1.00 0.95 0.97

3.3 Investigation of Size-Dependent Impacts of NPs/MPs on Rotifer Behavior
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Figure 5. Trace length distributions before and after outlier removal. The initial distribution (left) shows significant
variability in trace lengths, while the filtered distribution (right) demonstrates narrower and more consistent ranges
across different conditions.

Our system’s ability to assess water quality is further utilized to investigate rotifer behavior under NPs/MPs
contamination of different sizes. Rotifer movement data under exposure to NPs/MPs with sizes of 30nm,
500nm, and 5pm were collected using our system at 3h, 6h, 12h, and 24h. Due to the limited field-of-view,
the collected traces may not capture the full movement of rotifers, leading to variability in trace lengths. As
described in Section 3.2.1, an outlier removal process is applied to trace length data to minimize variability and
ensure consistency in the analysis. This step allows us to focus on trajectories within a comparable range of
lengths, providing reliable behavioral metric comparisons across experimental conditions. Fig. 5 illustrates the
effectiveness of this pre-processing step. After applying outlier removal, the initial trace length distribution are
condensed into narrower, more consistent ranges across all experimental conditions.

Following this, we calculate the behavioral metrics, including net displacement, mean speed, mean turning
angle, and efficiency ratio, using the filtered data as shown in Fig. 6. The results demonstrate a size-dependent
impact of NPs/MPs exposure on rotifer behavior. For instance, both the 30nm and 500 nm groups exhibit a
sharper decline in efficiency ratio over time compared to the 5 um group, which remains closer to the control.
Similarly, the speed reduction is more pronounced in the 30 nm and 500 nm groups, while the 5 um group shows
a relatively milder decline. These findings suggest that smaller particles (30nm and 500nm) reduce overall
activity more significantly, likely due to their internal accumulation in rotifers, whereas larger particles (5nm)
have weaker effects, possibly due to their limited ability to accumulate internally and primarily causing external
physical interference. The observed size-dependent toxicity of MPs/NPs on rotifer behavior aligns with prior
studies on marine zooplankton.'® 20 However, our system achieves this using a simpler, more portable observation
method that does not require fluorescence staining or complex optical systems, making it a more accessible and
practical approach.

4. CONCLUSION

In this study, we developed a portable, Al-powered rotifer tracking system to enable in-situ water quality as-
sessment. By leveraging advanced Al-based tracking algorithms, our system provides precise and automated
behavioral metrics, including trace length, net displacement, mean speed, mean turning angle, and efficiency ra-
tio. These metrics are used to assess rotifer responses to water contamination. Through a series of experiments,
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Figure 6. Behavioral metrics of rotifers under exposure to NPs/MPs of different sizes (30 nm, 500 nm, and 5 um) over time
(3h, 6h, 12h, and 24h).

we demonstrated the effectiveness of this system in tracking rotifer movements and performing quantitative
behavioral analysis under various environmental conditions. Our system successfully distinguishes between con-
taminated and uncontaminated water samples and revealed size-dependent impacts of nanoplastics (NPs) and
microplastics (MPs) on rotifer behavior. The system’s simplicity, portability, and lack of dependence on fluo-
rescence staining or complex optical setups make it a cost-effective solution for real-time, in-situ water quality
monitoring. It offers a practical and efficient tool for assessing aquatic ecosystem health and advancing environ-
mental conservation efforts.
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