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Leveraging synthetic imagery and YOLOVS for a
novel colorimetric approach to paper-based
point-of-care male fertility testingy
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The development of paper-based systems has revolutionized point-of-care (POC) applications by enabling
rapid, robust, accurate and sensitive biochemical analysis, infectious disease diagnosis, and fertility monitoring,
in particular, in male fertility monitoring, offering portable, cost-effective solutions compared to traditional
methods. This innovation addresses high costs and limited accessibility of male fertility testing in resource-
poor settings. Male infertility, a significant issue globally, often faces stigma, hindering men from seeking care.
This study introduces a novel approach to male fertility testing using colorimetric analysis of paper-based
assays, enhanced by synthetic imagery and the YOLOV8 (You Only Look Once) object detection algorithm.
Synthetic imagery was employed to train and fine-tune YOLOVS8, enhancing its capability to accurately detect
color changes in paper-based tests. This colorimetric detection leverages smartphone imaging, making it both
accessible and scalable. Initial experiments demonstrate that YOLOV8’s precision and efficiency, when
combined with synthetic data, significantly enhance the system'’s ability to recognize and analyze colorimetric
signals, positioning it as a promising tool for male fertility POC diagnostics. In our study, we evaluated 39
semen samples for pH and sperm count using standard clinical tests, comparing these results with a novel
paper-based semen analysis kit. This kit utilizes reaction zones that exhibit color changes when exposed to
semen samples, with images captured using a smartphone under varied lighting conditions. Despite a limited
number of images, our synthetically trained YOLOv8 model achieved an accuracy of 0.86, highlighting its
potential to improve the reliability of colorimetric analysis for both home and clinical use.

Introduction

Male infertility is a critical global health issue, affecting
millions of couples and posing a challenge in contexts where
access to laboratory-based fertility testing is limited. Infertility
affects approximately 15% of couples worldwide, with male
factors contributing to about half of these cases.” In fact,
male factor infertility has been identified as the sole cause of
20-30% of infertility cases. Suboptimal sperm parameters
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account for 40-50% of infertility cases in males, and sperm
analysis can enable the assessment of several factors that
can lead to an infertility diagnosis, including sperm
concentration, morphology, motility, pH, and DNA analysis.’
Traditional semen analysis relies on skilled healthcare
professionals and expensive, complex equipment. This
dependency on specialized resources limits access to semen
analysis in resource-poor areas and can discourage men from
seeking testing due to cultural norms or privacy concerns.
Furthermore, traditional methods often involve high medical
costs and slow processing times. Among semen parameters,
pH plays a critical role, as it influences the stability of
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biomolecules and supports sperm functionality essential for
fertilization. According to World Health Organization (WHO)
guidelines (2010), a healthy semen pH should be between 7.2
and 8.0." Alongside pH, sperm count, or the concentration of
sperm cells in a semen sample, serves as a vital indicator of
male fertility. It directly reflects fertility health by helping to
diagnose potential issues in sperm production, which may
arise from hormonal imbalances, genetic factors, or lifestyle
influences.” A sperm count of 15 million per milliliter or
more is considered to be within the normal range based on
the WHO laboratory manual.* Accordingly, evaluating both
the pH and sperm count is essential for a comprehensive
fertility assessment, as low sperm counts combined with an
imbalanced pH can significantly hinder conception potential.

Paper-based sensor systems offer a solution to many
existing challenges by enabling user-friendly sperm testing in
the comfort and privacy of a patient's home.® Additionally,
paper-based microfluidics integrated into POC tests can
provide low-cost, disposable, rapid, and sensitive sperm
analysis’ to: (i) assist clinicians in initial infertility screening
without imposing significant financial burdens on patients,®
(ii) facilitate male infertility diagnosis in resource-limited
settings, and (iii) help alleviate concerns and stigma
associated with male infertility testing.”" Colorimetric
detection using a mobile phone camera is challenging due to
variations in lighting, angle, and camera quality, which can
lead to inconsistent color readings and reduced accuracy in
quantitative analysis. Additionally, differences in color
calibration across devices and ambient light interference can
complicate the reliable detection and interpretation of color
changes, especially for subtle variations.'* YOLO is a high-
speed, object detection model capable of
recognizing and locating items in images, making it ideal for
real-time applications. For colorimetric detection in home-
based paper tests, YOLO can be fine-tuned to detect and
analyze specific color changes or intensities on test strips,
enabling accurate, automated interpretation of results from
smartphone-captured images, even in variable lighting and
environments."> However, the number of images required to
fine-tune a YOLO model effectively can vary depending on
the complexity of the task, the variation within the dataset,
and the accuracy desired. Generally, a minimum of 500-1000
labeled images per class is recommended for initial fine-
tuning, but more images (often in the range of 5000-10 000)
can significantly improve performance, especially for
challenging or nuanced detection tasks like colorimetric
analysis.™*

To create a YOLO model capable of accurately capturing
custom sensing regions and assigning correct labels, the
dataset should include high-resolution images of the paper-
based sensors with bounding box annotations around each
region of interest (ROI), labeled according to the analyte level
or test result. Additionally, a variety of lighting conditions,
color variations, augmented samples, and synthetic images
(if necessary) will help the model adapt to real-world
variations and detect subtle color changes -effectively.

accurate

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Obtaining a dataset for a colorimetric semen test kit is
challenging due to the need for precise color variations that
represent different fertility levels, which may not be naturally
abundant or easy to replicate. Additionally, capturing
consistent, high-quality images under diverse real-world
conditions, while also labeling and annotating each sensing
region accurately, requires extensive time, specialized
equipment, and rigorous quality control to ensure the
model's effectiveness in various environments.

Unreal Engine and Unity are popular, powerful game engines
widely used for creating 3D environments, simulations, and
interactive experiences due to their sophisticated rendering and
lighting capabilities, physics engines, and flexible development
tools. They enable developers to design realistic scenes by
combining advanced shaders, global illumination, and ray
tracing techniques to simulate natural light behaviors. Through
these tools, artists and developers can fine-tune lighting and
textures, allowing for highly accurate visual renderings that are
essential for realism in games, simulations, and even
architectural visualization. We utilized Unity to generate
synthetic images that closely mimic actual semen test kits by
implementing custom shaders that procedurally generate
varying sensing regions based on the sensing regions of actual
semen test images under varying lighting conditions.

Here, we present a paper-based colorimetric semen
analysis sensor to accurately measure the sperm count and
pH along with a mobile application that includes an ML-
enabled colorimetric image analysis system which can
overcome several drawbacks associated with conventional
semen testing and provide a low-cost, accurate, and user-
friendly male fertility monitoring strategy. A laser cutter was
used to fabricate multiple channels and reaction zones on
Whatman filter paper. Reaction zones were chemically
modified to allow color changes based on the sperm count
and pH values of patient semen samples and the resulting
color changes captured using a smartphone. The captured
images are standardized by two pre-processing steps.
YOLOvV8 by Ultralytics employed to detect and quantify color
changes and map the corresponding labels, thereby
minimizing inter-user variability in result interpretation,
and the pipeline of this study is shown in Fig. 1. Following
the development of paper-based tests, samples with known
pH and sperm count values (established using conventional
clinical laboratory tests) were applied onto test strips.
Images of test strips were then captured using a
smartphone at various orientations and light conditions.
The sensing regions of those images are then used for
procedural image generation to fine tune the YOLOv8
model. Although the model achieved 0.86 accuracy, it is
significant to acknowledge the success of the classification
approach under highly varying disturbances of the smart
phone imaging with a scarce dataset. Leveraging computer
graphics algorithms, synthetic images with the fine-tuned
powerful YOLO-based model prove to be a highly promising
tool for addressing paper-based colorimetry, since it
eliminates troublesome data gathering processes. This

Sens. Diagn., 2025, 4, 336-344 | 337
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Fig. 1 Proposed instrument and workflow for enabling colorimetric paper-biosensor sensing with scarce semen samples. (A) Proposed instrument.
i) Dimensions of the reference color paper and cellulose paper of the assay. All dimensions are given in millimeters. r: radius; @: diameter. ii) Key
elements of the instrument. AruCo markers for edge detection. 6 pH-sensing regions and 2 sperm count-sensing regions. Color barcodes to
experiment with color formations under varying lighting conditions. iii) Actual image of the designed instrument. (B) Preprocessing steps after
imaging interfaced paper using a mobile phone. i) AruCo markers are detected, and perspective warp is applied to the image by stretching the
detected corner coordinates to the edge of the image. ii) Pattern matching is applied to separate a flower-shaped sensing region. iii) Obtained
flower shape resized to a 256 x 256 image. (C) Due to the challenging nature of obtaining a well quantified, representative semen analysis dataset,
a procedural image generator is designed to produce synthetic images to fine tune the YOLOv8 by Ultralytics to obtain bounding boxes and the

corresponding labels. (D) Fine-tuned model prediction.

system can revolutionize male fertility tracking particularly
in areas with limited access to healthcare resources and
simultaneously support clinicians in screening for male
infertility.

Materials and methods

The detailed information is provided in the ESIL}

Results and discussion
Effectiveness of laser cutting

The laser cutting method significantly improved channel
precision and eliminated leakage issues observed with
traditional hydrophobic marker plotting. Unlike ink-based
barriers, which were disrupted by the surfactant molecules in
semen samples, laser-cut channels and double-sided tape
provided robust hydrophobic barriers, ensuring consistent
test performance. Details and illustrations of the design are
provided in the ESI} (Fig. S1).

338 | Sens. Diagn., 2025, 4, 336-344

pH analysis

In this study, we examined the effects of pH variations on
semen samples using a microfluidic testing platform. One of
the semen samples was precisely adjusted across a pH range
of 5 to 10 using 1 M NaOH and 1 M HCI, with each pH
condition tested in duplicate for robustness. Following
sample application to the tests, the tests were incubated for
10 minutes at room temperature to permit chemical
interactions to be apparent. The results indicated a specific
response correlating with pH adjustments, aligning closely
with theoretical expectations. Notably, the platform we
developed demonstrated robust pH measurement capability,
which, combined with the use of synthetic images, enhances
the potential for improved results and insights (Fig. 2B).

MTT assay and the calibration curve

The MTT assay was utilized to evaluate the sperm concentration
by assessing the conversion of yellow tetrazolium dye to purple
formazan, catalyzed by the flavoprotein enzyme diaphorase
present in metabolically active human sperm (Fig. S21). This

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Effect of key parameters on the test signal response. (A) A schematic representation of the sensor layout, indicating the design
arrangement and specific detection function of each indicator dye. The indicators are labeled as follows: TB (thymol blue), BG (bromocresol
green), BB (bromothymol blue), and MTT (3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide); (B) sequential image results captured on
the device, showing the response of a single semen sample tested under varying pH conditions. The dynamic color changes of the indicators
illustrate their sensitivity to pH variations; (C) results obtained by applying serially diluted semen samples to the device with control group distilled
water. (D) and (C) The graph demonstrates a strong linear correlation (R? = 0.977) between the sperm concentration and the mean gray value, with
inverted mean gray values calculated by subtracting the mean value from 255. (E) Selectivity assay for the MTT-indicator test, revealing a significant
increase in the semen sample compared to control substances, indicating specific binding and response.

conversion was directly proportional to the sperm count, with To further investigate the relationship between sperm
higher concentrations resulting in increased formazan  concentration and MTT assay results, a sperm dilution series
production. Absorbance measurements of formazan at 570-590  was prepared. Initial sperm concentrations were determined
nm allowed for a linear correlation between sperm  using a hemocytometer,’® and semen samples were
concentration and color intensity.'"> Through this assay, the  subsequently diluted to a series of concentrations. Each
sperm count in each sample was quantified, offering valuable  diluted sample was applied to a paper-based semen assay
insights into the sperm concentration across samples. developed for this study, as illustrated in Fig. 2C. A clear

© 2025 The Author(s). Published by the Royal Society of Chemistry Sens. Diagn., 2025, 4, 336-344 | 339


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d4sd00348a

Open Access Article. Published on 31 January 2025. Downloaded on 3/31/2026 3:03:04 AM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Paper

correlation was observed between formazan intensity and
sperm concentration; higher sperm counts consistently
produced more formazan, indicating greater metabolic
activity.

Images captured with a smartphone were analyzed and
validated using Image] software, and a calibration curve was
constructed based on these results (Fig. 2D). From this result,
the limit of detection (LOD) and limit of quantification (LOQ)
for sperm concentration were determined to be 8.27 million
sperm per mL and 25.3 million sperm per mL, respectively,
underscoring the assay's sensitivity and quantitative
capability.

Selectivity assay

The selectivity assay for the semen sensor aimed to assess the
sensor's response to a variety of analytes commonly found in
biological fluids, emphasizing its specificity for the
metabolically active sperm count. Unlike pH, which does not
require selectivity, we focused on assessing selectivity
specifically for sperm count using the MTT indicator assay.
Tested substances included artificial urine, PBS, chymotrypsin,
deionized water, urea, NaCl, glycine, glucose, sodium citrate,
CaCl,, MgCl,, BSA, Na,SO,, and KCIl. Each test was carefully
conducted to evaluate the sensor's selectivity towards individual
analytes under controlled conditions, providing insights into its
ability to detect specific biomarkers in complex biological
samples.

The assay results revealed distinct responses of the sensor to
the range of tested chemicals. Only PBS, sodium citrate, and
MgCl, produced measurable signals, suggesting potential
interaction with the sensor. Notably, these substances displayed
only modest responses relative to the baseline, implying a level of
specificity in the sperm sensor's detection capabilities for sperm
count. Conversely, chymotrypsin, urea, KCl, glycine, glucose,
CaCl,, BSA, Na,SO,, and NaCl exhibited minimal or no response,
indicating limited or no interaction (Fig. 2E). This response
highlights the sensor's selectivity towards metabolically active
sperm count like we expected.

Deionized water served as a blank to create baseline
responses in Fig. 2E, also, with the unadjusted results shown
in ESIf Fig. S5, providing a complete view of the responses to
each analyte tested. This comprehensive dataset underscores
the sensor's ability to selectively detect metabolically active
sperm within complex biological matrices.

Procedurally generated images

A significant challenge in biological sample-based research is
often the quantity and quality of samples. In our studies,
after successfully demonstrating the sensor's functionality
and selectivity through initial experiments, we encountered
limitations while obtaining representative semen samples. To
overcome this problem and enable highly accurate
colorimetric detection, we implemented a strategy involving
the generation of synthetic images. This approach allowed us

340 | Sens. Diagn., 2025, 4, 336-344
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to expand our dataset and refine our analysis, mitigating the
impact of limited biological samples on our research.

YOLOVS is an object detection model that operates in a
single-stage process, directly predicting bounding boxes and
class probabilities for objects in an image. It efficiently
extracts features from the input image using convolutional
layers and then generates bounding box predictions and class
probabilities using a prediction head where non-maximum
suppression is applied to filter out redundant detections,
resulting in a set of bounding boxes with associated class
labels and confidence scores."”” YOLOvS is known for its
speed, accuracy, flexibility, and scalability, making it suitable
for various real-time object detection applications.

To enable capturing class probabilities that the model
hasn't seen before, a representative collection of images
containing the target in a compatible format (image and its
corresponding .txt file that contains class ID, bounding box
coordinates, and the bounding box size between 0 and 1) and
training the model on the dataset using a pre-trained model
is required. Then, the model's performance on validation
and testing sets are evaluated to assess accuracy. Therefore,
detecting custom classes relies on the protocol-compliant
dataset and data augmentation techniques to make sure the
dataset effectively captures the desired features and the
model learns them effectively.'® In our case, obtaining a
dataset with similar class distribution is a challenging task
since regular semen pH clusters within the 7.2-8 range, and
sperm count clusters within 15-200 million,"® but images
with pH and sperm count values that do not fall into these
ranges are also needed in a similar amount. Besides the
challenging nature of obtaining well-distributed class
instances, trained operators, a significant number of donors,
time-consuming lab procedures and expensive lab equipment
to obtain gold standard semen analysis data are strict
requirements. In addition, varying lighting conditions also
affect the bitwise spatial information of the captured image.
Therefore, sample images need to be populated under
varying lighting conditions to enable accurate prediction.

Procedural image generation can be a valuable tool for
augmenting or creating training datasets and improving the
generalization capabilities of YOLOv8 models. By generating
synthetic images with diverse variations of the target objects,
one can increase the model's exposure to different scenarios
and reduce the risk of overfitting. Techniques like GANs
(generative adversarial networks) can be used to create
realistic-looking images that mimic the appearance and
variations of real-world objects.”® This can be particularly
useful when dealing with limited or biased training data, as
it allows us to artificially expand the dataset and introduce
new variations that might not be present in the original
images. By incorporating procedurally generated images into
the training process, YOLOvS8's ability to detect and localize
target objects in a wider range of conditions can be
enhanced.”

To procedurally generate images that preserve the
disturbances and dynamics of the real images and applicable to

© 2025 The Author(s). Published by the Royal Society of Chemistry
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the YOLOvV8 convention, we organized our dataset with 3 labels
for pH (5 < pH < 7,7 < pH < 8, and 8 < pH < 10) and 2 labels
for sperm count (sperm count <10 million and sperm count
>10 million); we manually extracted the region of interests for
each label and combined cropped sensing regions falling into
label intervals in the same group (Fig. 3A). Texture
transformation function is employed to manipulate texture
coordinates with different mapping algorithms (Fig. S9t),
resulting in varying flow patterns and color distribution,
mimicking spatial and bitwise information of the real sample
(Fig. 3B). These transformed textures are then inserted into the
corresponding locations on top of the 3D paper body mesh. A
virtual camera is placed to obtain the top-down view of the
generated 3D sample and saves the rendered results as an
image file to create the desired dataset (Fig. 3C). Game engines
like Unity and Unreal Engine employ a variety of techniques to

View Article Online
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simulate realistic lighting in virtual worlds. These techniques
include ray tracing for highly accurate and realistic effects,
hybrid rendering for a balance of quality and performance,
rasterization for speed and efficiency, screen space ambient
occlusion for depth and realism, lightmaps for pre-calculated
lighting, and deferred shading for efficient handling of multiple
light sources. By carefully selecting and combining these
methods, game engines can create visually stunning and
immersive lighting effects that enhance the overall player
experience. Therefore, with a bare-minimum virtual scene and
custom designed algorithms using Unity, we manage to control
various parameters of the paper sensor such as the texture array
index (spread pattern type), shear strength, shear rotation
inclination (left-right-up-down) and lighting conditions such as
the incident light angle, intensity, hue, and saturation. As a
result, we obtained 2500 images capturing the target domain by
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Fig. 3 Proposed procedural image generation for achieving a comprehensive dataset to fine-tune the YOLOv8 model to detect sensing regions
with their labels. A) Prepared dataset and decided labels. i) Quantified, scarce semen samples are divided into 5 groups (5 < pH < 7,7 <pH < 8,8
< pH < 10, sc < 10 M, and sc > 10 M). ii) Sensing regions falling into the intervals as labels indicated are manually cropped and grouped (only 7 <
pH < 8 is shown). (B) In Unity, UV mapping is applied to cropped sensing regions to algorithmically manipulate the cropped sensing regions. (C)
Output texture obtained from the UV mapping function is placed on top of the actual image while the camera renders from the top view. (D) The
result of the procedural image generator, synthetic images to fine-tune the YOLO model.
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slightly mimicking the lateral flow patterns and real-life
disturbances applicable to the YOLO training format (Fig. 3D).

YOLOVS8 assessment

We utilized a lightweight pretrained model “yolov8s.pt” to
transfer the weights that we are interested in with their
corresponding labels. With a small YOLOv8s model, we
achieved a high mean average precision (mAP) of 0.987 on
the validation dataset indicating that it learned the ROIs and
corresponding labels effectively from our synthetic dataset.
When test images were used as input, the results revealed
that the model achieved 0.71 accuracy for 5 < pH < 7, 0.875
for 7 < pH < 8, and 0.75 for 8 < pH < 10; the model
predicted sperm count labels without any error for protocol-
compliant dataset while it struggled to assign the correct
labels to the 7 < pH < 8 label, achieving 0.75 for 5 < pH < 7
and 0.24 for 7 < pH < 8. (Fig. 4A). In addition, the model
accurately detected regions of interest (ROIs) and produced
well-bounded boxes (Fig. 4B and C). The results highlight the
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significance of the testing conditions and the limitations of
using synthetic data for training. The YOLOvV8s model,
trained solely on synthetic images, demonstrated promising
accuracy when the waiting time and protocols were strictly
followed, as observed in the protocol-compliant dataset test.
However, the challenging dataset introduced additional
complexity. This dataset used artificial solutions with varying
pH values, interfaced with the instrument without adhering
to a standardized protocol. Moreover, the image quality
varied significantly—images were captured in less than 3
minutes after interfacing, often while the solutions were still
wet (Fig. 4C). These factors, combined with inconsistent
lighting and environmental conditions, contributed to the
model's poor accuracy, particularly for the 7 < pH < 8 range,
underscoring the importance of controlled conditions.

Our approach, utilizing a YOLOv8 model trained with
synthetic images, effectively demonstrates the potential of this
methodology for colorimetric sperm analysis. The results
suggested that by employing a more sophisticated virtual scene
setup, higher classification accuracy might be achievable. In our
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Fig. 4 YOLOvV8 model evaluation. (A) Ground truth - prediction comparison. i) Sperm count classification accuracy on the protocol-compliant
dataset. ii) pH classification confusion matrix on the protocol-compliant dataset. iii) pH classification confusion matrix on a challenging dataset. (B)
All the misclassification results of the model over protocol-compliant input images indicated with their correct label on top. (C) Example images
from the challenging dataset obtained from YOLOV8 prediction with their corresponding label on top.
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case, the difficulty of obtaining gold-standard sperm image data
in large quantities is mitigated by algorithmically generating
sample images by preserving the significant features in actual
images. Procedural image generation emerged as a powerful
tool for creating a representative dataset, became an essential
tool for us to tackle various challenges related to colorimetric
sperm analysis using mobile phone cameras. We explored a
single-step solution using paper-based colorimetric sensing and
it holds significant promise with the potential to significantly
reduce the workload associated with time-consuming
procedures for obtaining ground truth samples, while
simplifying the real-life applications, eventually leading to the
more adopted continuous health-monitoring platforms.**

Conclusion

Male infertility is a widespread problem that affects millions of
families worldwide, and because males are typically reluctant to
request clinical tests in conventional healthcare settings, early
diagnosis and treatments are sometimes hampered.”>** This
study illustrates the potential of paper-based colorimetric
microfluidic test kits in combination with ML-based image
analysis as a strong POC diagnostic tool for male infertility in a
variety of situations, including resource-limited regions. Our
custom-designed paper-based semen analysis kit provides
numerous advantages, including cost effectiveness, simplicity in
manufacturing, portability, disposability, and the capacity to
achieve POC testing in the comfort of a person's home. This
easy kit can greatly increase access to male infertility diagnoses
by removing the requirement for external power sources and
knowledgeable clinicians.

Our study emphasizes the significance of integrating cutting-
edge ML methodologies with breakthrough diagnostic
technology to address urgent healthcare concerns. We further
demonstrated an effective approach for enabling colorimetric
detection that requires a minimal number of precious samples
and expensive laboratory hardware with trained personnel. By
relying on a YOLO model, fine-tuned with synthetic data,
generated by bare-minimum rendering settings and a virtual
scene setup, we achieved 0.86 when the test protocol was strictly
followed. We aim to increase the early detection of male
infertility and ultimately give millions of couples who are trying
to start families hope by bridging the accessibility and accuracy
gap. These paper-based diagnostic kits can be enhanced and
made more comprehensive through additional research and
development, making them more potent weapons in the global
war against infertility.
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