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Introduction
Plastic inati in coastal i is an
increasingly relevant global issue, receiving growing
attention due to its environmental and public health
impacts. Traditional monitoring approaches often rely
on in situ detection, which can be limited by logistical
constraints, cost, and the need for specialized training. As
a result, remote sensing techniques, such as hyperspectral
imaging from satellite platforms, have emerged as
isi | i for itori However,
reliable relationships between spectral
signatures acquired remotely and laboratory-verified
i remains challengi due
to sparse labeled observations, differences in spatial
resolution, and the limited availability of synchronized
datasets.  This work validates machine learning
classification methods on benchmark hyperspectral
datasets and integrates them into the interactive
PR-CREWmgq ishing the ion for
future PFAS monitoring using satellite imagery and in situ
measurements.

Project Objective. Perform a binary classification to
distinguish between healthy and contaminated water
sources.

Methodology

For the analysis of standard hniques, the

Data Limitation. Majority of water quality monitoring
research suffers from a lack of sufficient labeled data
from remote sensing [4]. Our classification approach
must achieve high accuracy with a limited number of
samples.

Preliminary Results

The metrics used to evaluate the classifiers are ones present
in the Scikit Learn standard: average accuracy, precision,
and recall, see Tables 1 and 2.

Analysis and Discussion

Overall, the supervised Random Forest and K-Nearest
Neighbors models obtained the most accurate results. It
is evident that the unsupervised KMeans classifier, while
acceptable, delivered the poorest performance out of all
the chosen methods. However, it is crucial to improve the
accuracy of unsupervised approaches for upcoming water
quality monitoring research due to the lack of accessible
labeled data.
To achieve this, it may be viable to extend the data
preprocessing pipeline. This experiment showed that
normalizing the data presents a slight improvement
on KMeans results, but a simultaneous downgrade
to the supervised alternatives. Reducing the data
imensionality using principal component analysis

(PCA) and introducing a spatial bias may improve the

Model Accuracy Precision Recall

KMeans 0.690 0.676 0.699

RF 0.944 0.953 0.930

ED 0.935 0.927 0.941

Table: pines

Model Accuracy  Precision  Recall P of pe
KMeans 0.713 0.707 0.702

RF 0.943 0.953 0.930

ED 0.933 0.925 0.939

Table 2: Comparison of classifications on the Indian Pines dataset using scaled data.

The unsupervised KMeans algorithm yielded the lowest
accuracy, precision, and recall scores (71%, 71%, and 70%,
respectively). Meanwhile, the supervised Random Forest
classifier obtained the highest accuracy and precision,
yielding 94% and 95% respectively. The K-Nearest

ig] i with K = 1 P ing to the
Euclidean distance classifier obtained a recall score of 94%

Indian Pines dataset (Figure 1) was utilized prima;'i]y. The
dataset consists of 145 x 145 pixels, 200 spectral bands
ranging from 400 nm to 2500 nm, and a spatial resolution
of 20 meters per pixel. The ground truth identifies 16 land
cover classes [1].

Figure 1: (s) Indian Pines hyperspectral data cube. (b) Indian Pines ground truth.

The data was preprocessed using the ing proced

1. Convert the ground truth to a binary map.
2.Flatten the 145 x 145 x 200 cube into a 21,025 x 200
matrix of samples and features.
3.Normalize data using the Scikit Learn StandardScaler
[2].
4.Split the data into a training set consisting of 70% of the
samples and a test set with 30% of the samples.
Afterwards, three classifiers [3] were applied to both the
original flattened data and the normalized data in two
separate runs:
+ KMeans: unsupervised clustering algorithm partitioning
the data into two clusters based on spectral similarity.
*Random Forest (RF): supervised approach using 10
decision trees using majority voting for prediction.

+Euclidean Distance (ED): supervised K-Nearest
Neighbors (KNN) algorithm with K = 1 and brute
force neighbor calculation, corresponding to a standard
Euclidean distance classifier.

References

of all samples, the highest of the three models.

Figure 2 compares the predicted classification maps
obtained by the three evaluated methods against the
binary ground truth.

Ground truth KMears prediction

” - (o) Keans.

Future Work

The next steps for the research shall be:
1.Extend data preprocessing. Apply PCA and spatial
bias to data to achieve higher accuracy.
2.Apply binary classifiers to NASA data. Apply
these models tested on the Indian Pines to several
hyperspectral images captured by the PACE OCI,
NOAA-20 VIIRS, and Aqua MODIS sensors.
3.Provide accessibility and validation.  Integrate
the developed models into the public PR-CREWmq
interactive dashboard (Figure 3), enabling researchers
to analyze satellite imagery and correlate the
predictions with laboratory PFAS measurements
collected from field samples (Figure 4).
4.Increase the number of classes. Once accurate
binary distinction between healthy and contaminated
water is achieved in satellite data, it will be
crucial to allow for more specific detection between
contents of such as p
I (PFBS), per (PFOS),
and perfluorooctanoic acid (PFOA), among others.
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Abstract Prellmlnary Results Analysm and Discussion
Accurate cell ion is essential for ing quan- varied across p bi varied with cell morphology
titative information from microscopy images. This project -Smaller/mtermednate dnameter values generally de- and image dmaractensnm These results highlight the im-
Cellpose toi igi how selection tected more visible cellular regions. portance of parameter optimization for adapting Cellpose
affect: in py images of to brightfield microscopy.

fibroblasts. The generated masks will support

+Some settings missed larger cells or produced incom-

quantitative analysis of cellular morphology. ’

+ Model: Cellpose
* Goal: Identify suitable segmentation parameters

« Application: Q cell morph analysis

Introduction

Fibroblasts play an important role in tissue repair and ex-
matrix i During ivation, fibrob-

lasts can ition toward a ph

producing changes in cellular morphology such as cell
size, shape, and structural organization.
+Brightfield and phase-contrast microscopy provide
a label-free approach to monitor these changes over
time[ 1], enabling:
©Quantitative morphological analysis
© Automated and accurate cell segmentation
+Cellpose|2] provides a deep-learning-based approach
for automated cell segmentation:
1.diameter,
2. cell probabilities,
3.flow threshold,

4.nomralize and invert

Objective. Optimize Cellpose parameters to improve
cell detection and reduce false detections.

Effect of Diameter on Segmentation

« Cell diameter strongly affected which regions were de-
tected.

« Different diameter values changed mask completeness
and cell detection.

Figure2: Efect o the assumed cel diameter on Cellpose segmentation. The same

250 pixes bottom),

Figure 1: 16 images,

manual

otati

Methodolo 8y

htfield and ph i py images (1920 x
1440 pixels) were processed using Cellpose with GPU ac-
celeration.

+ Parameter Search. Tested multiple Cellpose

Key Findings
« Cell detection and mask completeness were highly sen-
sitive to the estimated cell diameter.
« Different diameter values produced substantially differ-
ent masks from the same microscopy image.
« No single configuration consistently captured all visible
cells without segmentation errors.

« Large and irregular cells were more difficult to segment

+ Weak boundries created in incomplete masks.

+ Promising parameter settings improved visual cell de-
tection and reduced apparent false detections.

Segmentation Challenges
Segmentation quality varied across parameter configura-
tions. Some semngs missed vlsually evldent cells, while

others i spurious d hlighting the
difficulty of selecting a single conﬁgurahon for all images.

mmwow top imag

Sdiameterof
detections much smaller than the specified diamete

Future Work

The next steps of this research will focus on improving the
reliability and generalizability of the Cellpose segmenta-
tion workflow:

1. Quantitati ion. Evaluate ion per-

« These observahons highlight the need for

combinations.

+Mask Generation. A segmentation mask and overlay
generation of images.

+ Cross-Image Evaluation. Compared results across im-
ages and time points.

Method 1: Parameter Optimization

across different brightfield mi-
croscopy images.
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2. Parameter Generalization. Determine whether the se-
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Abstract

Photoplethysmography (PPG) is a non-invasive optical technique
that measures blood-volume changes in the microvascular bed of
tissue. This research uses a Monte Carlo-based computational
model to study light propagation in a simulated biological tissue
and to generate synthetic PPG signals under different skin
conditions and physiological parameters, while maintaining high
computational efficiency using limited hardware resources.

Background

The optical behavior of PPG signals can be modeled using the
Radiative Transfer Equation (RTE), which describes light
propagation through scattering and absorbing media. Monte Carlo
(MC) methods provide a statistically robust approach for solving
the RTE by simulating photon trajectories.
aLie NI L+ p,f LP(3,3)dsY + §
a ax
This research builds upon these principles to create a computational
model that simulates PPG signals across different skin optical

properties. Mefhod O|Ogy

Geometry illustration

0.2

z [em]

0.6

08

06 04 02 0 D2 -04 -08
y [em]

To recreate and customize tissue geometry and optical parameter
mapping we use MC-MATLAB. This is done by integrating a 3D
voxel-based light propagation model to extend the simulation into
volumetric domains. This model consists of water and blood. The
domain is defined as a grid of 201 x 101 x 201. Computational
efficiency is achieved by using this domain size and by maintaining the
simplified model with only blood and water. The simulations are
currently executed on the CPU.
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Monte Carlo Simulation of PPG Signals Using Computational Modeling
Gladymar Colon-Montanez
gladymar.colon@upr.edu
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Material | go (em™!) py(em™) g n
Water 0.00036 10 1.0 1.3
Blood 0.0327 75.76 09 14

The geometry function geometryDefinition_BloodVessel constructs
this structure, media properties function mediaPropertiesFunc
assigns the optical constants for each medium at 660 nm. These
functions together define how light interacts with the different parts
of the model created.

Currently we perform five trials using MC, in which it shifts the vessel
position parameters pl1 and plL2, which adjusts the elliptical
dimensions IDx across a range from 0.8 [cm] to 1.25 [cm].

The equation:

X\® [Z-d\?® [Y-pL\®

—) + + <1,

a b c
defines the shape of the vessels, the parameters pL1 and pl2 shift
the shape along the Y-axis, producing movement.

The equation:

X\ (Z-d\* [(Y+pL\®
+ (22 <y,
a—t b—t c—t
creates the smaller ellipsoids; The equation forms the inner shape

that represents the blood volume which is surrounded by the water
layer.

Preliminary Results

The MATLAB model successfully generated 3D representations of
tissue sections and optical interactions, providing a clear basis for
incorporating more complex scattering and absorption models. We
approximate the PPG signal by integrating the normalizedFluenceRate
vector, that corresponds to the relative photon density distribution
within the simulated tissue. The minimum and maximum range of the
fluence signal.

| IDz:0.33 IDz:0.41
2.0391 2.0518
2.0347 2.0516

min
max
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Fluance Rate Signal in terms of Ellipsoid Geometries
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This is the example of a signal generated using the MC solver in two media, where the
ellipsoid diameter is controlled by the parameter IDx = 0.33.

Fluence Rats Signal in terms of Ellipsoid Geometries

ience Rate
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Example of a signal generated using the MC solver in two media, where the ellipsoid
diameter is controlled by the parameter IDx = 0.41.

Conclusion and Future Work

The MATLAB implementation enables flexible contral of optical and
geometric parameters to visualize light—tissue interactions. The
results show that the model can reproduce basic signal changes due
to variations in geometry and optical properties. Future work will
focus on improving computational efficiency and incorporating more
realistic physiological variables for biomedical and educational use.
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Instructional Code Editing Using Transformer Models

Model & Dataset Selection Training Seript

o
Salesforce/codet5-base O Training
2o & Arguments:
and
google/flan-t5-base
~248M Eval Strategy =
steps
Eval Steps =
1500
Train Batch
Size=4
Eval Batch Size
{ =4
“instruction”: “Add Learning Rate
support for..” =le-4
Epochs = 5.7
“input”: “def Save Steps =
display_document()....” 1500

“output”: “import ? (ot |
bidi.algorithm..” = =)
L o =
Instruction-Input-Output Triplets

Evaluation
Process \%»
Q:Dggn

¢ Input: Dataset Triplets

* Models: FlanT5, CodeT5,
GPT-40, CodelLLama
* Metrics:
= Char-Level Accuracy
(Levenshtein)
= Word-Level Accuracy
(Levenshtein)
= Sentence & Corpus BLEU
* Qutput:
= Similarity Bins (0-100%)
= BLEU Comparison Table
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