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Abstract
In vitro fertilization (IVF) treatment protocols require frequent monitoring of the ovarian follicle growth pro-
cess. Current treatment protocols are financially, physically, and psychologically burdensome for the patient. 
Mechanistic models of folliculogenesis have the potential to improve outcomes by personalizing treatments to 
the individual patient, but require high-fidelity data of reliable quality. We report FollicleFinder, an open source 
pipeline for automated, 3D segmentation and measurement of ovarian follicles in ultrasound images. Follicle-
Finder was developed using local shape descriptors as an auxiliary task to improve segmentation accuracy. It 
was validated using expert-labeled ground truth data. To make FollicleFinder amenable for use by clinicians, 
we created a graphical user interface for performing the segmentation and interactively exploring the results. 
Further, we are releasing our 533 sets of raw images and expert-labeled ground truth as a benchmark dataset. 
Together, the open source segmentation pipeline, graphical user interface, and benchmark dataset provide a 
suite of tools for accurate 3D follicle segmentation and measurement instrumental for more predictive per-
sonalized IVF treatment models capable of guiding critical clinical decisions, such as dosage adjustments and 
trigger timing.

Introduction

Assisted reproductive technology (ART) offers a range of treatment options to couples having trouble conceiving. 
In vitro fertilization (IVF) treatment protocols include the collection of gametes. IVF commonly requires a set of 
multiple oocytes and ovarian stimulation is therefore used to support the maturation of a large number of ovarian 
follicles. During the hormone stimulation, the ovarian response is monitored by repeated transvaginal ultrasound 
(TVUS) examinations, and clinical decisions regarding the dosage and timing of hormonal stimulation are based 
on the follicle number and size. Current IVF treatment imposes significant financial, physical, and psychological 
burden on patients owing to the frequent doctor visits and the hormonal treatment1,2.

The current IVF live birth rate often requires patients to undergo multiple rounds of treatment. Recent advances 
in endocrinology and mathematical modeling have yielded mechanistic models that predict follicle growth 
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dynamics from hormonal concentrations and manual 2D follicle diameter measurements3–7. These models are an 
important step towards improving IVF treatment by model-driven personalized treatment. Using such models, 
one could optimize the hormone stimulation protocol for a given patient, decreasing unnecessary high hormone 
dosages and their side-effects, reducing the doctors time per patient and increasing the success rate6,8–11. While 
promising, in order to implement and validate these models in the clinic, there is a need for software that allows 
researchers to integrate 3D follicular measurements with models in a clinical setting.

Previously, only 2D slices were imaged in clinical settings, but 3D ultrasound scanners and 3D segmentation 
algorithms have since been developed12. Unlike traditional 2D approaches, automated 3D measurements elimi-
nate operator dependency and prevent the over- or underestimation of size in less spherical follicles, which are 
discrepancies that can lead to poor clinical decisions under current size-dependent protocols. Several companies 
now offer commercial software packages for the 3D segmentation of ovarian follicles12. General Electric (GE) 
offers two 3D segmentation algorithms, VOCAL and SonoAVC13, as add-ons to its ultrasound scanner. Both 
software packages measure the volume and surface area of follicles14. Unfortunately, the prevalence of segmenta-
tion errors requiring manual correction hinders the routine clinical adoption of these packages15. Measurements 
by hand introduce an operator-dependent variability16. Furthermore, proprietary systems act as ‘black boxes’ 
that withhold full phenotypic data, such as exact follicle geometry and spatial distribution, thereby obstructing 
integration with comprehensive computational models. Accordingly, there is a need for improved algorithms that 
enable the automatic, accurate detection and 3D segmentation of ovarian follicles in a modular package that can 
connect the 3D follicle morphometric measurements with computational models to guide patient treatments.

Deep learning approaches have improved image segmentation in biological images17,18, and have recently 
been explored in the context of ovarian follicle detection and segmentation. CR-UNet, which combines a spatial 
Recurrent Neural Network (RNN) with a standard 2D U-Net, yields promising results with 2D TVUS images12,16. 
While promising, the CR-UNet has lower accuracy with large follicles, which are clinically important as the 
largest follicle is generally the ovulating follicle. A subsequent study used an S-Net architecture for the simul-
taneous segmentation of ovary and follicles in 3D TVUS volumes19. More recently, Potočnik et al.20 introduced 
'USOVA3D', the first public database of annotated 3D ovarian ultrasound volumes and evaluated a standard 3D 
U-Net along with deeply-supervised variants21. Additionally, a weakly-supervised framework has been proposed 
to label 3D follicles by segmenting 2D slices using ‘USOVA3D’ and an alternative dataset of 2D ultrasound 
images called the ‘FUID’ dataset22. While these diverse deep learning and database developments represent valu-
able milestones in automated follicle tracking, they focus on dataset releases under highly restrictive licenses or 
architectural evaluations without accompanying open-source model weights, or end-user graphical interfaces. 
Consequently, a critical gap remains for fully reproducible, open-source 3D tools that clinicians and researchers 
can readily deploy, adapt, and build upon to improve clinical outcomes.

To facilitate the translation of 3D image-derived features into the clinic and the development of new models 
of follicular selection, there is a need for open-source software that will serve as the basis for these innovations. 
To fill this gap, we have developed FollicleFinder, an open source platform for the detection and measurement of 
follicles from transvaginal ultrasound images and FollicleFinder a graphical user interface for segmentation and 
morphometric analysis of ovarian follicles from transvaginal ultrasound images. As the complete segmentations 
are directly available at the end of the pipeline new downstream analysis can easily be added. Finally, we have 
produced and made available the largest open dataset of 533 transvaginal ultrasound ovarian images with expert-
annotated labels for ovary, follicles.
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Methods

Approach

FollicleFinder (Fig. 1B) performs instance segmentation of the follicles from transvaginal ultrasound images 
using a 3D Resnet and a 3D UNet via a two stage segmentation pipeline (Fig. 1A). Instance segmentation is 
a technique that identifies and separates individual objects (follicles) as distinct entities rather than classifying 
them into a single class. First, we predict local shape descriptors from the raw image23. Next, concatenate the raw 
image with the predicted local shape descriptors and predict the follicles. We propose predict local shape descrip-
tors as an intermediate task as they have been shown to improve boundary predictions and separation of adjacent 
instances23. Morphological properties such as the volume, surface area, and effective diameter are directly mea-
sured from the segmented follicles. Thus, follicle population growth dynamics can be tracked over the course of 
the menstrual cycle (Fig. 1C).

To facilitate usage of the FollicleFinder pipeline in research and clinical settings, we have created a graphi-
cal user interface as a napari plugin (Fig. 1B, Figure S1). The FollicleFinder plugin loads images from standard 
image formats (e.g., TIFF, DICOM, ZARR, HDF5) and renders them in 2D and 3D in the napari viewer. Via the 
graphical user interface, the user can use FollicleFinder to segment the follicles and measure their properties. 
Since FollicleFinder is written as a napari plugin with standard python libraries, we expect that others will be able 
to use and extend it with other analyses.

Ethical statement

The study was presented to and approved by the local ethics review board (BICYCLE Study: EKNZ ID 2016-
01824, Prospect Human Study: EKNZ ID 2022-01969). All activities were conducted in accordance with 
the Declaration of Helsinki of 1975 (revised 2013), the International Council on Harmonisation of Technical 

Fig. 1  (A) Overview of the processing pipeline in which the local shape descriptors are predicted from the raw image, the 
follicles are segmented, and morphological measurements are made. (B) The FollicleFinder pipeline can be run via the 
command line or via the FollicleFinder napari plugin graphical user interface (GUI). With the GUI, users can perform the 
segmentation and then interactively view the resulting geometries and measurements. (C) Example of the longitudinal mor-
phometry of ovarian follicles when segmenting ultrasound images of Patient A17 Cycle 2 images with the fold 0 model. Note 
the emergence of the dominant follicle in the right ovary on day 10.
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Requirements for Registration of Pharmaceuticals for Human Use Good Clinical Practice guidelines and current 
national guidelines. All participants provided written informed consent.

Image acquisition

We use transvaginal ultrasound images of both ovaries from 29 women between 21 and 39 years old, that partici-
pated in the BICYCLE study24. To compare the analysis time with FollicleFinder and SonoAVC, we measured 
the time to complete the 3D image acquisition as well as the time to complete the 3D image segmentation and 
analysis versus the time to complete all 2D measurements, which includes 5 follicle measurements per ovary and 
one endometrial thickness measurement. We conducted this timing analysis with 6 different doctors, as part of 
the PROSPECT study.

The imaging as part of the BICYCLE study was carried out using a GE Healthcare Voluson E8 ultrasound 
machine and RIC5-9-D ultrasound probe. For the timing analysis and the comparison to SonoAVC we used GE’s 
Voluson Signature 20 ultrasound machine and RIC 5-9-D ultrasound probe with the latest version of SonoAVC13 
on April 6th 2026.

Image export and ground-truth dataset generation

The 3D images were exported in the DICOM format using GE 4D View software and converted to tiff images. 
For initial training and testing, a clinical expert hand-segmented 98 ovaries using the separate 3D slicer pro-
gram25. If the expert was unsure one other expert was included in the process to find an agreement. For a subset of 
the segmentations a second clinical expert reviewed the segmentations and corrected obvious mistakes (merges, 
splits, clearly missing follicle sections). All other mistakes were again discussed with the first clinician to find 
a consensus. For six ovary volumes from the first ultrasound segmentation dataset, three experts independently 
segmented all follicles from scratch using the napari plugin26 without access to each other's annotations or an 
initial model output. The remaining 385 validated segmentations were corrected by a clinician or an ultrasound 
expert starting from the segmentation results of the first version of the model trained on the initial 98 hand seg-
mented images or based on later interim versions. Similar to the initial labelling process, another clinician was 
involved in the process if the expert was unsure.

Pre-processing

To prepare the ultrasound images for processing, we first rescaled the images to 0.157288 mm × 0.157288 mm 
× 0.157288 mm voxels. We then padded images, so they have a minimal length of 80 along each axis as both 
models had a context chunk size of 80 × 80 × 80 voxels. We then replaced the padding voxels to the mean ultra-
sound intensity and applied some Gaussian blurring to the transition towards the padding voxels. The padding 
voxels are the voxels added to yield a rectangular image from cone shaped detection volume. Next, we applied 
Contrast Limited Adaptive Histogram Equalization (CLAHE) to the image to improve the local contrast of the 
different regions. After we added a Gaussian blurring with sigma = 10 on the image and converted the image back 
to uint8. During training the images were then sliced into 80 × 80 × 80 chunks, and a final z-score standardization 
was applied to each chunk.

To prepare the labels for the second model we calculated the combined inner and outer follicle boundaries 
and expanded them by 1 voxel. We then combined the ovary, follicle and follicle boundary masks into a single 
multiclass label array.
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Model architecture

We predicted the local shape descriptors using a 3D Resnet27,28. The Resnet had a single input size channel corre-
sponding to the pre-processed image. We used a feature map of (16, 32, 64, 128, 256) with 8 different groups. The 
model predicted the four local shape descriptors as described in “Local shape descriptors” section. For the follicle 
segmentation we used a 3D UNet28,29. The 3D UNet had five input channels corresponding to the four predicted 
local shape descriptors and the pre-processed image. The model predicted the four output classes: background, 
ovary, follicle and follicle boundary. We used a feature map of (32, 64, 128, 256) with a single group. We used 
both models as implemented by Wolny et al.28.

Post-processing

To post-process the follicle predictions we used a 0.5 threshold to extract the follicle voxels. We then identified 
individual follicles via connected component analysis. Next, we expanded each follicle by one voxel while keep-
ing the individual follicles separate by at least one voxel.

Local shape descriptors

To improve the segmentation of follicles, we implemented an auxiliary task to predict local shape descriptors. 
Sheridan et al.23 used local shape descriptors to improve neuron segmentation performance in volume electron 
microscopy images. Shape descriptors provide local information that helps separate proximal follicles and reduce 
merge errors. Following their work, we implemented shape descriptors for the vector pointing to the centroid of 
the follicle. We also implemented a new shape descriptor, which is the inverse squared distance of each ovary 
pixel to the nearest follicle boundary with a per-image 98th-percentile normalization applied to the distance 
(Fig. 2).

Training local shape descriptors

We trained the local shape descriptor neural network using the ADAM optimizer. We set the initial learning rate 
to 2.5E-4 and the weight decay to 1E-5. We reduced the learning rate by multiplying a factor of 0.2 after no 
improvement over 10 validation runs. We used a weighted mean squared error loss defined in Eq. (1).

	 𝐿𝐿𝑀𝑀𝑀𝑀𝑀𝑀 =
∑𝑁𝑁

𝑛𝑛𝑛𝑛 𝑤𝑤𝑤𝑤𝑤𝑤𝑛𝑛 − 𝑦𝑦𝑛𝑛)2
𝑁𝑁

� (1)

𝑥𝑥𝑛𝑛 and 𝑦𝑦𝑛𝑛 are the voxel-wise prediction and ground truth respectively and 𝑁𝑁 is the total number of voxels. The 
weight 𝑤𝑤 is defined as in Eq. (2).

	
𝑤𝑤 𝑤 { 𝑐𝑐 if𝑥𝑥 𝑥 𝑥𝑥

1 if𝑥𝑥 ≥ 𝑡𝑡 � (2)

𝑐𝑐 is a constant weight applied when the given voxel is less than the threshold 𝑡𝑡. We set 𝑐𝑐 𝑐 𝑐𝑐𝑐𝑐 and 𝑡𝑡 𝑡 𝑡𝑡𝑡𝑡𝑡.
We set the batch size to 30 and validated after 1000 iterations. We used the weighted mean squared error loss 

defined in Eq. (1) as our validation metric. To augment our training data, we applied random flips, random 90 
degree rotations, random rotations (± 30 degrees), random elastic deformations, additive Gaussian noise (execu-
tion probability 0.2), and additive Poisson noise (execution probability 0.2). We stopped training when the learn-
ing rate was reduced to below 1E-6 or using an early stopping mechanism that stops training if after 24 validation 
steps the validation loss has not been improved by a minimum delta of 1E−4.
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Training follicle segmentation

We trained the follicle segmentation network using the ADAM optimizer. As an auxiliary task, the network 
predicted the ovary and follicle boundaries in addition to the follicles themselves. We set the initial learning 
rate to 2E−4 and the weight decay to 1E−5. We reduced the learning rate by multiplying a factor of 0.2 after no 
improvement over 10 validation runs. We used a weighted cross entropy loss as described in30 and written below 
in Eq. (3).

	
𝐿𝐿𝑊𝑊𝑊𝑊𝑊𝑊 = − 1

𝑁𝑁

𝑁𝑁

∑
𝑛𝑛𝑛𝑛

𝑤𝑤𝑐𝑐𝑦𝑦𝑛𝑛log (𝑥𝑥𝑛𝑛) + (1 − 𝑦𝑦𝑛𝑛) log (1 − 𝑥𝑥𝑛𝑛)� (3)

𝑥𝑥𝑛𝑛 is the voxel-wise predictions corresponding to float vector with a float ranging between 0 and 1 for each class. 
𝑦𝑦𝑛𝑛 is the ground truth corresponding to a vector with a binary entry for each output class c. 𝑁𝑁 is the total number 
of voxels. The class weight 𝑤𝑤𝑐𝑐 is defined as

	
𝑤𝑤𝑐𝑐 =

1 −∑𝑛𝑛 𝑥𝑥𝑛𝑛𝑛𝑛𝑛
∑𝑛𝑛 𝑥𝑥𝑛𝑛𝑛𝑛𝑛

� (4)

Fig. 2  Visualizing the local shape descriptor spatial features used to identify follicles. To help the AI accurately separate 
individual follicles, we provide it with specific “shape descriptors.” (A) A mask showing the boundary of the ovary. (B) The 
target map where each individual follicle is assigned a unique color/ID. Panels (C–E) represent the relative position (offset) 
of each pixel from the center of its follicle along the x, y, and z axes; these gradients help the model distinguish where one 
follicle ends and another begins to reduce the number of merged follicles. (F) A distance map showing how far each part of 
the ovary is from the nearest follicle, providing the model with additional spatial context for segmentation.
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where 𝑥𝑥𝑛𝑛𝑛𝑛𝑛 is the softmax-normalized voxel-wise prediction for class 𝑐𝑐. This loss function therefore includes two 
terms, where the second term handles the case where voxels correspond to the background (𝑦𝑦𝑛𝑛 = 0). We used inter-
section over union of the follicle and ovary predictions as our validation metric. We set the batch size to 15 and 
validated after 1000 iterations. To augment our training data, we applied random flips, random 90 degree rota-
tions, random rotations (± 30 degrees), and random elastic deformations. We stopped training when the learning 
rate was reduced to below 1E−6 or using an early stopping mechanism that stops training if after 24 validation 
steps the validation loss has not been improved by a minimum delta of 1E−4.

Inference

For both the local-shape-descriptor and the follicle-segmentation networks, we predict on full volumes by slid-
ing-window inference with a patch size of 80 × 80 × 80 voxels and a stride of 20 × 20 × 20 voxels. Before infer-
ence we apply a 16 × 32 × 32 mirror padding to the input volume so that voxels at the volume edges still receive 
contributions from multiple overlapping patches; the mirror padding is removed from the final prediction map. 
Per-voxel patch scores from overlapping patches are averaged.

Volume, surface area, and diameter measurements

We measured the volume of the segmented follicles with the scikit-image31 regionprops_table function. To mea-
sure the surface area of the follicles, we computed the surface area of a triangular mesh fit to the surface of the 
segmented follicle. First, we generated a mesh using the scikit-image marching cubes algorithm. Then we cleaned 
up the mesh (i.e., made it watertight) using pymeshfix32. Next, we smoothed the mesh using the trimesh33 fil-
ter_taubin function (a Laplacian filter). Finally, we calculated the surface area using the Trimesh.area() method.

We also calculated the effective diameter using the volume by assuming the follicle is perfect sphere using 
Eq. (5).

	 d = 2 ( 3
4π𝑉𝑉)

1/3
� (5)

where d is the effective diameter and V is the volume.

FollicleFinder graphical user interface

We developed the graphical user interface (GUI) as a plugin for napari26, a GPU-accelerated nD data viewer. 
Within the plugin, users can explore the data in both 2D and 3D. Our plugin is structured in three parts: IO (i.e., 
Input–Output: Functions defining how data is loaded and saved.), GUI (Fig. 9) and Model (Fig. 3).

napari allows users to import 3D images in various formats by drag-and-dropping them into the GUI. This 
includes images saved in the standard DICOM format. Note, that some GE ultrasound machines have a feature 
to save 3D ultrasound images as "DICOM", but then do not save them using the universal DICOM standard but 
a proprietary image file format34.

Through the controls on the napari plugin GUI, users can start the segmentation of ovarian ultrasound images 
and morphological feature analysis, such as volume, surface area, effective diameter, sphericity, follicle centroid, 
distance to ovary centroid, distance to ovary boundary of all detected follicles.

The model that processes and analyses the input ovary images is implemented separately from the GUI to 
ensure all variables, images and settings only have one state. The model computation is run in a separate thread 
than the GUI, so that the viewer remains responsive during segmentation and analysis. Any intermediate results 
are directly sent back to the user interface thread and added to the viewer. The intermediate results are the local 
shape descriptors, the follicle predictions, and the processed follicle segmentation. The follicle morphological 
measurements are then displayed as a table and a plot.
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The FollicleFinder plugin allows users to save every 3D ultrasound image together with intermediate results 
and the final segmentations as hdf5/zarr/dcm files for each ultrasound image. The plugin can also export the mea-
surements table as a csv file using the “Export Meas.” Button. The saved segmentations can then be reopened and 
edited in napari using the FollicleFinder plugin.

Comparing image acquisition and analysis times

To compare the clinical usability of FollicleFinder, we compared the time required for conventional 2D slice-
based measurements with the time required for 3D volume acquisition of the uterus, left ovary, and right ovary. 
For the 3D approach, we recorded the time needed to acquire three high quality volumes immediately after probe 
insertion; when multiple attempts were required to obtain volumes of sufficient quality, this additional time was 
included in the acquisition time. After 3D acquisition was complete, clinicians restarted the timer and performed 
their standard 2D measurement workflow, consisting of locating and measuring the five largest follicles in each 
ovary together with the endometrial thickness.

We calculated the average 3D segmentation and analysis time for each substep in the 3D pipeline across 50 
BICYCLE images.

Installation and code availability

All source code for FollicleFinder and for producing the plots in this manuscript is released under the 3-clause 
BSD license, and is publicly available as a git repository. One line installation and usage instructions are available 
on the README of each code repository.

	● FollicleFinder (training and predicting 3D follicle segmentations, graphical user interface, publication figures): 
https://git.bsse.ethz.ch/iber/follicle-finder

Fig. 3  FollicleFinder provides a graphical user interface for the ultrasound segmentation pipeline. FollicleFinder is imple-
mented as a napari plugin and has a modular architecture. The modular architecture allows for rapid segmentation, segmenta-
tion correction and validation, and integration with mathematical models.

 

https://git.bsse.ethz.ch/iber/follicle-finder
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	● The deep learning weights of the fold 0 model that are trained during this study are openly available in the git 
repository under src/follicle_finder/segmentation_model/lsd3dunet/weights/

Results

Dataset

To help others further improve follicle segmentation algorithms, we are releasing our image dataset of raw images 
plus ground truth masks. The dataset contains 533 3D TVUS images annotated by medical doctors or ultrasound 
experts. These data were collected by vaginosonographic examination as part of the BICYCLE study24. The 
release of this dataset represents a 15 × increase of 3D ultrasound images with segmentations from the previously 
published USOVA3D dataset20. The image and ground truth segmentation data is available via the ETH research 
collection.

We also compared the 2D vs. 3D clinical timing and also evaluated the performance of GE Healthcares Sono-
AVC performance. Both of these analyses have been conducted under the human PROSPECT Study.

Quantitative benchmarking of ovarian follicle segmentation

To validate our segmentation algorithm, we measured performance using a test set consisting of 10% of our 
dataset and employed a 5-fold cross-validation strategy during training. To eliminate the risk of data leakage, 
all images from any individual patient were strictly assigned to either the same training fold or isolated entirely 
within the test set.

We evaluated object detection and segmentation performance using instance-level Precision and Recall on the 
test set. To capture instance-level clinical nuances, we classified error modes using the framework established by 
Greenwald et al.35:

	● True Positive (TP): A predicted object that shares an Intersection-over-Union (IoU) > 0.5 with a single match-
ing ground truth object.

	● False Positive (FP): A predicted object that does not match any ground truth object.
	● False Negative (FN): A ground truth object that does not match any predicted object.
	● Merge Error: A single predicted object encapsulates multiple ground truth objects by at least 50%.
	● Split Error: A single ground truth object is broken up across multiple predicted objects by at least 50%.

To ensure statistical independence between traditional detection metrics and topological segmentation errors, 
instance-level Precision and Recall are calculated strictly using clean True Positive, False Positive, and False 
Negative counts:

	● Precision = TP / (TP + FP)
	● Recall = TP / (TP + FN)

Under this framework, instances flagged as Merge or Split errors are excluded from the True Positive count and 
are tracked entirely independently in Table 2. The reported merge and split rates represent the number of affected 
ground truth instances divided by the total number of ground truth instances.

We benchmarked FollicleFinder against a leading deeply supervised model, EXT 1 + DS21, using the same 
BICYCLE dataset and their standard 80:20 train-validation split to ensure a direct, fair comparison (Tables 1 
and 2). For broader context, we also include a secondary comparison with CR-Unet12 (Table 1). However, these 
values are taken from the original publication and were obtained on a separate, proprietary dataset. Other recent 
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architectures, such as S-Net36, were excluded from quantitative benchmarking because their authors did not 
report precision metrics or share their source code.

FollicleFinder consistently outperforms the deeply supervised EXT 1 + DS model across all size cohorts at 
the instance level (Table 1), achieving near-perfect metrics in larger follicles. For small follicles, FollicleFinder 
achieves a 15% higher instance precision and a 13% higher recall over the EXT 1 + DS model. For medium-sized 
follicles FollicleFinder exhibits excellent performance with a 4% higher precision and an 8% higher recall. Lastly 
for large follicles (> 10 mm) we achieve a flawless 1.0 in both precision and recall, notably outperforming EXT 
1 + DS with a 6% higher precision and 11% higher recall.

For merge errors, FollicleFinder shows a substantially lower merge rate than EXT 1 + DS across all size cat-
egories, improving of 13, 15 and 21 percentage points for the small, medium and large size categories, respec-
tively. Split errors remain low for both methods, averaging 3% for FollicleFinder and 1% for EXT 1 + DS.

Although a direct comparison with CR-Unet is limited by differences in test sets and the unspecified event-
calling methodology in their original publication12, FollicleFinder achieves highly competitive or superior results 
despite being trained on only ~ 19% of the imaging volume used by CR-Unet (483 vs. 2509 images).

Overall, these results demonstrate that FollicleFinder delivers highly accurate instance segmentations, achiev-
ing the best performance on our evaluation dataset and placing it among the top-performing methods reported for 
this task. As explored in the following section, these minor error rates do not compromise FollicleFinder’s capac-
ity to provide reliable clinical measurements, such as automated follicle counts and volumetric sizing.

Inter-operator segmentation agreement

Three ultrasound experts independently segmented all follicles in six 3D ovary volumes using our napari anno-
tation plugin, without access to model predictions or each other's labels. Agreement was assessed at the whole-
ovary level using voxel-wise Dice on the complete follicle masks, and using ICC(2,1) (two-way random effects, 
absolute agreement, single rater) for per-image and per-follicle measurements.

Across all six cases, mean pairwise follicle mask Dice was 0.69 with standard deviation at 0.11, with an 
ICC(2,1) of 0.8 for follicle count and 0.91 for total follicle volume across cases. For the 30 follicle instances 
annotated by all three observers with one-to-one spatial correspondence, per-instance ICC(2,1) was 0.87 for 

Table 1  Benchmarking of FollicleFinder performance versus the deeply supervised model “EXT 1 + DS” from21 and CR-
Unet from12.
Model Dataset ≥ 2 & < 5 mm ≥ 5 & ≤ 10 mm > 10 mm

Precision Recall Precision Recall Precision Recall
FollicleFinder BICYCLE 0.9 ± 0.01 0.88 ± 0.0 0.97 ± 0.0 0.99 ± 0.0 1.0 ± 0.0 1.0 ± 0.0
EXT 1 + DS BICYCLE 0.78 0.78 0.93 0.92 0.94 0.9
CR-Unet Proprietary 0.96* 0.85* 0.99* 0.85* 0.88* 0.95*
Values are represented as mean ± standard deviation across all trained folds. (*) CR-Unet benchmarks are taken from their own manuscript and 
therefore not evaluated on the same test set.
Significant values are in bold.

Table 2  Merge and split benchmarking of FollicleFinder performance versus the deeply supervised model “EXT 1 + DS” 
from21.
Model Dataset ≥ 2 & < 5 mm ≥ 5 & ≤ 10 mm > 10 mm

Merge Split Merge Split Merge Split
FollicleFinder BICYCLE 4 ± 1% 1 ± 0% 8 ± 2% 4 ± 1% 1 ± 3% 4 ± 1%
EXT 1 + DS BICYCLE 17% 0% 23% 2% 22% 0%
Values are percentages and if multiple folds were trained represented as mean ± standard deviation across all trained folds.
Significant values are in bold.
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volume and 0.91 for effective diameter, showing that agreement remained high when comparing matched indi-
vidual follicles rather than only case-level totals.

Agreement was lowest for expert 1 (mean pairwise Dice 0.68 vs. expert 2 and 0.66 vs. expert 3), who was seg-
menting 3D follicles for the first time and, on qualitative review, missed more follicles and produced more merge 
errors, particularly in lower-contrast volumes. This variance highlights how different operators, especially new 
operators will measure follicles differently which leads to suboptimal treatment outcomes due to standard rigid 
protocols relying on the measured follicle sizes.

As a comparison, all fold models across all test images have an average Dice score of 0.91 with a standard 
deviation of 0.05, which shows the robust performance of our model. This does not mean our model exceeds 
expert judgment on follicle presence. The difference in performance values should be interpreted cautiously, 
because manual 3D annotation is performed slice-by-slice using interpolated contours and a spherical brush, 
yielding irregular boundaries that reduce Dice relative to fully 3D algorithmic segmentations even when follicle 
identity is agreed. The inter operator Dice and the ICC(2,1) image level scores are therefore sensitive to boundary 
smoothness and interpolation artefacts, not only to disagreement about which follicles are present. As a conclu-
sion, these results show a high variability between human operators and our high consistent model Dice scores 
reflect the robust 3D surface definition.

Clinically-relevant measurements

To characterize the performance of FollicleFinder on clinically-relevant metrics, we compared the values obtained 
from our fold 0 model predictions to the ground truth values. In particular, we compared the follicle counts 
(Fig. 4), follicle sizes (Fig. 5), and follicle localization (Fig. 6).

Follicle count and follicle sizes are measurements that can be used to inform in vitro fertilization treatment. 
For example, the number of antral follicles (2–5 mm in diameter) is a marker of the ovarian reserve and can be 
used as a predictor of the response to the hormonal stimulation used in IVF37,38. Further, follicle size, is often 
used to guide the timing of the treatment in the controlled ovarian hyperstimulation step common in IVF39. Thus, 
accurate measurements of follicle sizes and counts is important in clinical practice.

First, we compared the number of detected follicles to the number of follicles in the ground truth. Follicle-
Finder has a mean absolute error of 3.3 follicles (Fig. 4B), which is 50% higher than CR-Semi40 (2.2 mean follicle 
error). FollicleFinder counts are well correlated with the ground truth and tend to perform less well in images 
with many small follicles.

Fig. 4  (A) Predicted follicle counts are well-correlated with ground truth for all follicle classes. (B) Mean absolute count 
error is 3.3 follicles across all follicle classes. In the legend, D represents the effective diameter of each follicle.
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Next, we considered how accurately the size and location of the follicles was measured. To do so, we compared 
the effective diameter and volumes measured on the FollicleFinder predictions to those measured in the ground 
truth. For both effective diameter and volume, the measurements were highly correlated (Pearson's correlation 
coefficient, r = 0.99, Fig. 5). Finally, we calculated the localization error when comparing the centroid detected by 
FollicleFinder to the centroid calculated from the ground truth. FollicleFinder had a median localization error of 
0.09 mm, which is within one voxel (Fig. 6).

Additionally, we compared the measured follicle sizes to the manual measurements made by clinicians when 
the images were acquired. A standard clinical practice is to manually measure the biggest five follicles of each 

Fig. 6  Median follicle localization error is 0.09 mm, which is less than one voxel. In the legend, D represents the effective 
diameter of each follicle.

 

Fig. 5  (A) Measured effective diameters from the predictions are well-correlated with ground truth measurements. (B) Mea-
sured follicle volume from the predictions are well-correlated with ground truth measurements. Horizontal and vertical axes 
for the volume subplot are log scale. The gray dotted line in each plot is a line with a slope of 1 and an intercept of 0. In the 
legend, D represents the effective diameter of each follicle.
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ovary, judged by eye of the clinicians. The manual measurement of each follicle is made by averaging the major 
and minor axis of the follicle in the 2D plane where it appears biggest. Our dataset only contains the measurement 
of the biggest follicle. The equivalent 3D measurement is the average of the oriented bounding box extents of the 
segmented follicle. This measurement should coincide with the manual measurements if the clinicians find the 
optimal ultrasound probe orientation with the maximum 2D follicle cross section and then accurately measures 
the largest perpendicular follicle diameters. As the follicle shape becomes less spherical, the harder it becomes for 
clinicians to find the optimal ultrasound probe orientation. We therefore colored each follicle depending on their 
sphericity (1 corresponding to a perfect sphere), measured using Eq. (6).

	
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠 𝜋𝜋1/3∗(6∗𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉2/3

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 � (6)

When fitting a line to the comparison of the automated segmentation to the manual measurements, we obtained 
a slope of 1.09, which indicates that the manual measurements are overestimating the diameter of the follicles 
(Fig. 7). Further the Pearson's correlation coefficient is 0.96, which is lower than that when comparing the auto-
mated segmentations to the ground truth, indicating our measurements are better correlated with the ground truth 
measurements than the manual measurements. We additionally compared the manual measurements to our auto-
mated measurements and the ground truth over one cycle of a patient (Fig. 8). In agreement with the comparison 

Fig. 7  Comparison to manual follicle measurements. The linear fit has a slope of 1.09 shows that the manual measurements 
tend to overestimate the follicle diameters.
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of manual and automated measurements in Fig. 7, the automated measurements follow the ground truth more 
closely than the manual measurements.

We evaluated the clinical efficiency of the proposed 3D ultrasound workflow against the conventional 2D 
standard of care (Table 3). The manual 2D workflow, encompassing real-time localization, slice selection, and 
measurement of the five largest follicles per ovary alongside the endometrial thickness, required a mean total 
time of 169 ± 52 s per examination. In contrast, the 3D volume acquisition phase alone (capturing the uterus, 
left ovary, and right ovary) required 121 ± 47 s, representing a 28.4% reduction in direct ultrasound examination 

Steps Mean Std
2D Acquisition and Analysis 169 52
3D Acquisition 121 47
Pre-processing 4 1
LSD prediction 17 6
Segment follicles 31 12
Post-processing 17 7
Measurement 1 0
Total Single 3D Analysis 71 15
Total 3D Acquisition and Analysis 253 28

Table 3  Comparison of 
acquisition and analysis 
times (mean and standard 
deviation in seconds) 
between the standard 2D 
workflow and the proposed 
3D pipeline.

Significant values are in bold.

 

Fig. 8  Comparison of manual and automated diameter measurements over a cycle. Automated measurements enable profil-
ing of all of the follicles. The manual diameter measurements were made a clinician by averaging two manual diameter 
measurements made in the plane in which the follicles appeared largest. The FollicleFinder measurements are the average of 
the dimensions of a bounding box fit to the automated follicle segmentation. The lines represent the biggest follicle at each 
time point and each point is an individual follicle.
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time. This acquisition time natively accounts for instances where clinicians required multiple attempts to secure 
high-quality diagnostic volumes.

The automated 3D analysis pipeline required a total mean processing time of 71 ± 15 s per volume, distrib-
uted across pre-processing, LSD prediction, follicle segmentation, post-processing, and automated measurement. 
When integrated directly into the ultrasound server, the system runs asynchronously to complete the dual ovarian 
analyses within 182 s and when including the uterine analysis within 253 s from exam initiation. Consequently, 
this autonomous workflow utilizes routine post-examination downtime, such as probe sanitization and patient 
dressing, to deliver fully synthesized diagnostic reports without prolonging the clinical encounter. We note that 
the times reported here describe image acquisition and downstream processing rather than the total time until 
diagnostic information reaches the clinician. The latter also depends on the local infrastructure, such as hardware, 
network bandwidth, and the reporting workflow, and may therefore vary between clinics.

FollicleFinder accurately extracts clinically relevant parameters from 3D ultrasound images. When comparing 
to both 3D ground truth and 2D manual measurements, FollicleFinder is able to accurately count and measure 
individual follicles, without negatively impacting imaging time. Future work will explore the accuracy and util-
ity of other 3D morphometric features such as surface area in improving mechanistic models of folliculogenesis.

GE healthcare SonoAVC comparison

To contextualize our model's performance against existing commercial solutions, a preliminary qualitative eval-
uation was conducted using GE Healthcare’s SonoAVC software13. Due to software compatibility and data-
transfer limitations with the newer ultrasound hardware hosting SonoAVC, this evaluation was restricted to a 
representative subset of two high-quality 3D ovarian images independent of the main BICYCLE dataset. The 
commercial software exhibited notable segmentation errors; for instance, in one image, six of the ten largest 
identified ‘follicles’ were false positives located entirely outside the ovarian boundary with an effective diameter 
of up to 21.3 mm. Across both images a total of 39% (11 out of 28) of follicles were false positive objects that 
were outside the actual ovary and evenly distributed among the three size categories. In contrast, our proposed 
model demonstrated high anatomical fidelity, yielding 0% false positive rate for follicles > 10 mm outside the 
ground truth ovary, and 1.4% rate for 5–10 mm follicles and 3.0% for the 2–5 mm range. Additionally, SonoAVC 
failed to recognize and segment some follicle within the ovary, and in one case segmented a single follicle as two 
separate objects. Given the two-image sample, these results characterize SonoAVC's failure modes rather than its 
comparative accuracy; a matched benchmark was precluded by the constraints noted above.

Graphical user interface

To facilitate testing of segmentation algorithms and modeling integration in the clinic, we have also developed 
and released a GUI (Fig. 9). The FollicleFinder GUI wraps the segmentation and measurement pipeline in a 
napari plugin26 such that it can be operated via a graphical user interface without requiring coding experience. Via 
the FollicleFinder GUI, users can load raw DICOM ultrasound images, run the segmentation and measurement 
pipeline, and interactively view the results. The user can explore the raw ultrasound image and segmentations in 
2D and 3D, as well as view plots of the morphological measurements. By virtue of being implemented as a napari 
plugin, any python compatible computational folliculogenesis model can be easily integrated in FollicleFinder. 
In future work, we will explore directly integrating mechanistic models of folliculogenesis into FollicleFinder as 
well as other useful segmentation tasks such as segmenting the endometrium.
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Limitations

This study has several limitations. All BICYCLE images were acquired within a single clinic, on a single ultra-
sound machine and with a single probe type. How well FollicleFinder transfers to data from other probes, 
machines, and clinics therefore remains to be established, and some degree of retraining or recalibration is likely 
to be required, given the well-known problem of domain shift in medical image analysis41; however, our open-
source code enables straight-forward retraining on new data. How much additional data from a new setting 
would be needed to reach comparable performance will be quantified in future multi-center work. We have not 
yet trained or evaluated our model on 3D ultrasound images from stimulated women with multiple large follicles 
in the same ovary. While we compared our results to manual measurements by clinicians, we did not assess the 
impact on clinical outcomes, as our focus here was on developing open-source pipelines that can be integrated 
into and built upon for personalized healthcare research. Finally, recent advances in image analysis, including 
image transformers42 and self-supervised pretraining methods43, represent promising directions for future inte-
gration and evaluation.

Conclusion

In conclusion, we have developed a segmentation algorithm and accompanying software that achieves top-tier 
performance for clinically relevant measurements. We expect that model performance can be further improved 
by increasing the amount of training data. By releasing both our code, model and dataset as open resources, we 

Fig. 9  The FollicleFinder napari plugin provides a graphical user interface for follicle segmentation. (A) Image layers: The 
three layers are the ovary mask, the follicle labels and the raw ultrasound image. (B) Rendering controls: There are rendering 
controls in the lower left-hand corner of the viewer window. (C) Layer properties: In the top left you can modify layer prop-
erties such as the layer opacity, which is useful for superimposing multiple layers and to only show the contour of labels. (D) 
FollicleFinder plugin tools: The plan on the right contains the run segmentation button, segmentation correction tools, and 
measurement tools. (E) Follicle size table: Following segmentation, you can run the measurement analysis and explore the 
results using the table that pops up as a separate window. In the current view you can see a 3D view of all the follicle instance 
segmentations over the respective ultrasound image. Note that in this view the ultrasound image cannot be interpreted.
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anticipate that other researchers will be able to build upon and improve these segmentation algorithms and to 
integrate the resulting rich 3D information into personalized health models and clinical practice.
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