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ABSTRACT- Ultrasound is the first-line imaging modality for assessing the ovary, both for monitoring follicles in fertility care and
for characterising adnexal and ovarian tumours. Interpretation, however, depends on operator skill and is affected by speckle noise,
low contrast, and ambiguous boundaries. Deep learning, and in particular the U-Net family of encoder-decoder networks, has
become the dominant approach for automating segmentation of the ovary, follicles, and masses. This paper reviews the literature
on automated follicular and ovarian tumour analysis from ultrasound using U-Net variants. It summarises the clinical background,
the architectural variants (plain, attention, nested, self-configuring, recurrent, and transformer-hybrid U-Nets), their application
to follicle segmentation and adnexal mass segmentation, and the downstream tasks of quantification and classification. The
reviewed studies report high overlap with expert outlines, for example Dice coefficients of 0.912 for the ovary and 0.858 for follicles
with a composite U-Net, and 0.91 for adnexal masses using a bounding-box-guided U-Net. Evidence nevertheless remains
constrained by small, single-centre, and retrospective datasets, limited external validation, device variability, and the scarcity of
Indian data. The paper presents a conceptual analysis pipeline, compares key studies, and outlines research directions toward
robust, clinically integrated tools.
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1 INTRODUCTION in gynaecologic imaging document its growing role [7],
while reviews of machine learning for ultrasound describe

The ovary is examined by ultrasound for two broad purposes. e Particular difficulties of the modality [8].

In reproductive medicine, transvaginal ultrasound revealsthe  Among deep learning architectures, the U-Net and its
number, size, and position of follicles and their response to  descendants have become standard for medical image
biological stimuli, which supports infertility assessment and  segmentation because they produce pixel-level masks from
assisted reproduction; manually screening large numbers of  relatively modest training sets. Many variants now exist, and
images is strenuous and prone to human error [5]. several have been tailored to ovarian ultrasound[22],[23].

In gynaecological oncology, ultrasound is the main tool for
evaluating adnexal masses, which are common and mostly
benign, although ovarian cancer is the most lethal
gynaecological malignancy and carries a 5-year survival of
only about 30% when diagnosed at an advanced stage [1].

This review brings the follicular and tumour applications
together under one framework. Its objectives are to: (i)
outline the clinical and technical challenges of ovarian
ultrasound; (ii) describe U-Net variants relevant to the task;
(iii) review follicle segmentation and ovarian tumour
Standardised ultrasound risk models such as the I0OTA  analysis studies; (iv) compare key studies and metrics; and
Simple Rules [2], the ADNEX model [3], and the O-RADS  (v) identify limitations and future directions, including
US system [4] have improved assessment, but they rely on  relevance to the Indian setting.

qualitative judgments that are subject to inter- and intra-
observer variability, and expertise in ultrasound
interpretation is not universally available [1]. Measuring the
ovary and follicles by hand is likewise time-consuming and
operator-dependent [6]. These limitations motivate
automation, and systematic reviews of artificial intelligence

Il. REVIEW METHODOLOGY

A structured narrative review was undertaken. Searches
combined terms for the anatomy and pathology (ovary,
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ovarian follicle, polycystic ovary, adnexal mass, ovarian
tumour, ovarian cancer) with terms for the modality and
method (ultrasound, transvaginal ultrasound, segmentation,
U-Net, attention, deep learning, transformer). Landmark
architecture papers were included for context, and priority
was given to studies that applied U-Net-type networks to
ovarian or adnexal ultrasound, supplemented by selected
classification and detection studies for downstream context.
Table 1 summarises the scope. As this is a narrative review,
no meta-analysis or formal risk-of-bias assessment was
performed, and results are reported as stated by the original
authors.
Table 1: Review scope and criteria

Element Criteria
Topic scope Automated analysis of ovarian
follicles and ovarian or adnexal
tumours on ultrasound using U-Net
or related segmentation networks
Evidence Original studies, architecture papers,
types and reviews; selected classification
and detection studies for context
Imaging 2D B-mode transvaginal and pelvic
focus ultrasound; 3D and cine data where
reported
Exclusions Non-ultrasound-only studies without
relevance to the pipeline; studies
without a segmentation or deep
learning component; opinion pieces
Synthesis Thematic synthesis by architecture,
task (follicle versus tumour), and
evaluation

I11. CLINICAL CONTEXT AND
TECHNICAL CHALLENGES

I. Follicular Analysis
Follicle monitoring involves identifying the ovary, counting
follicles, and measuring their size, tasks that are central to
fertility assessment and are carried out manually by
sonographers [5], [6].

The follicle is typically a dark fluid-filled structure within a
textured ovary, but boundaries are often indistinct and
neighbouring follicles may touch. Segmentation therefore
underpins automated counts and measurements.

2. Ovarian And Adnexal Tumour Analysis\Adnexal
masses can be benign, borderline, or malignant, and
incidence is about 35% in premenopausal and 17% in
postmenopausal women, with roughly 85% benign [1].
Assessment depends on morphology, margins, echogenicity,
solid components, acoustic shadowing, and vascularity [1].
Segmenting the mass from surrounding tissue is the first step
in a computer-aided pipeline; manual outlining requires
expertise, is time-consuming, and is error-prone even for
experts [1].

3. Technical Challenges Of Ultrasound

Ultrasound images suffer from poor image quality, low
contrast, boundary ambiguity, and complex anatomical
shapes [6]. Images also vary by equipment manufacturer,
sonographer preferences, acquisition approach, and
processing parameters such as depth and gain, and are
affected by speckle noise, artefacts, and acoustic shadowing
[1]. These factors make ultrasound a demanding modality for
machine learning [8] and explain why architectural
refinements, careful preprocessing, and rigorous validation
matter

1 U-Net And Its Variants

The U-Net, introduced for biomedical image segmentation,
is a symmetric encoder-decoder network in which a
contracting path captures context and an expanding path
restores resolution, with skip connections passing fine detail
between them; it relies on strong data augmentation to learn
from limited annotated samples [9].

Subsequent work has modified this template to improve
boundary accuracy, context modelling, and robustness. Table
2 summarises variants relevant to ovarian ultrasound.

Attention gates aim to focus the network on relevant
structures [10]; nested skip pathways aim to reduce the
semantic gap between encoder and decoder feature maps
[11]; self-configuring frameworks adapt the whole pipeline
to a dataset [12]; and transformer hybrids add global context
to the local features of convolutions [13], [14].

For ovarian ultrasound, such additions are plausible
responses to noisy, low-contrast data, but each should be
judged by its measured performance on ovarian data rather
than by general medical-imaging results.

The rationale column describes motivation, not reported
results, except for CR-UNet and DC-UNet, which were
designed and evaluated on ovarian ultrasound.
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Table 2: U-Net variants and their relevance

Variant Key Rationale for ovarian
modification ultrasound
U-Net [9] Encoder- Works with limited
decoder with annotated data;
skip common baseline for
connections; follicles and masses
heavy
augmentation
Attention | Attention gates May help suppress
U-Net [10] on skip speckle and
connections to background in low-
highlight salient contrast images
regions
UNet++ Nested, dense Narrows the gap
[11] skip pathways between encoder and
decoder features; may
refine small follicle
boundaries
nnU-Net | Self-configuring Reduces manual
[12] pipeline tuning on small,
adapting heterogeneous datasets
preprocessing
and training to
the dataset
TransUNet Transformer Captures global
[13] encoder context across the
combined with ovary
U-Net decoder
Swin-Unet Pure Swin- Global context with
[14] transformer U- hierarchical features
shaped network
CR-UNet | Spatial recurrent Designed for ovary
[6] network inside a and follicle
plain U-Net; segmentation in TVUS
self-supervised
refinement
DC-UNet | Two contracting Designed for fully
[5] paths in a U-Net automatic follicle
segmentation

2. Follicle Segmentation Using U-Net Variants

CR-UNet incorporates a spatial recurrent neural network into
a plain U-Net to learn multi-scale and long-range spatial
context, and uses self-supervision to iteratively refine
segmentation. On 3204 transvaginal ultrasound images from
219 patients, it reported Dice similarity coefficients of 0.912
for the ovary and 0.858 for follicles, the best among the
compared methods [6]. This study is notable for segmenting

the ovary and follicles together, reflecting the anatomical
relationship between them.

DC-UNet restructures the U-Net with two contracting paths
to segment follicles with higher accuracy. It was trained and
tested on approximately forty-two thousand annotated 2D
ultrasound images from the USOVA3D Training Set 1 and
was reported to outperform other U-Net-based models on the
same dataset [5]. Earlier work explored U-Net-based
approaches for segmenting ovarian follicles in
gynaecological ultrasound [15]. Together these studies show
that purpose-built U-Net variants can reach high overlap with
expert annotation for follicles, and that public datasets such
as USOVA3D support comparison between methods.

Reliable follicle masks enable downstream measurements
such as follicle count and size, which are the quantities
clinicians use to follow ovarian response during fertility
treatment [5]. They also provide the basis for decision
support in conditions assessed by ovarian morphology,
although the studies reviewed here evaluate segmentation
quality rather than clinical outcomes.

V. OVARIAN TUMOUR AND ADNEXAL
MASS ANALYSIS

Segmentation Of Masses

A U-Net guided by a clinician-drawn bounding box
segmented adnexal masses on transvaginal ultrasound; on a
test set from a cohort of 54 masses (36 benign and 18
malignant) from 53 patients, it achieved a median Dice
coefficient of 0.91 against expert outlines.

An unsupervised fuzzy c-means step then separated internal
hypoechoic and hyperechoic components, which correlated
well with clinical review and could support radiomic analysis
by component [1]. The authors noted that U-Net
segmentation does not need very large training sets,
especially with augmentation, because it operates at the pixel
level [1].

Other studies provide context. A study of ultrasound images
from 127 patients with ovarian cancer evaluated multiple U-
Net variants, reporting mean Dice scores between 0.81 and
0.87 and examining the stability of radiomic features
extracted from the segmentations [16].

Another reported a segmentation and classification approach
in which the best U-Net had a median Dice of 0.85 on an
external test set of 184 masses [17]. Work on adnexal mass
segmentation with synthetic ultrasound data has also
identified internal components such as cyst locules, solid
elements, and papillary projections [18]. Most ultrasound
radiomics classification studies for adnexal masses have
relied on manual segmentation [1], which segmentation
networks could replace.
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V. CLASSIFICATION AND DETECTION

Segmentation is usually a step toward diagnosis. A deep
convolutional network trained on pelvic ultrasound images
from ten hospitals across China, with 34,488 images from
3,755 patients with ovarian cancer and 541,442 images from
101,777 controls, exceeded the average diagnostic level of
radiologists, matched expert readers, and improved
radiologists' accuracy, although prospective evaluation was
recommended [19]. An international multicentre study of
transformer-based models, using 17,119 images from 3,652
patients across 20 centres in eight countries, reported above-
expert-level accuracy and strong generalisation, and
addressed the earlier lack of external validation [20]. These
studies are classification studies rather than U-Net
segmentation studies, but they show where segmentation fits:
it localises the lesion, and supports quantification and
explanation alongside end-to-end classification.

1. Proposed Analysis Pipeline And Evaluation

Figure 1 gives a conceptual pipeline synthesised from the
reviewed work. It is not an implemented system. Images are
acquired by transvaginal or pelvic ultrasound, preprocessed
(speckle reduction, normalisation, resizing, augmentation,
and an optional clinician-provided region of interest), and
segmented by a U-Net variant to produce ovary, follicle, or
tumour masks. Quantification yields follicle counts and sizes
or tumour shape, margins, internal components, and radiomic
features, which feed decision support aligned with clinical
systems such as O-RADS [4]. A clinician reviews the output.

1 Image boquation L Peprecensng 1t Sepreiatin 4 Guntfotin 3 Ceosmn Sapgort
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Figure 1: Conceptual pipeline for automated follicular and
ovarian tumour analysis from ultrasound

Segmentation quality is usually reported with the Dice
similarity coefficient [21], which measures overlap between
predicted and reference masks, and with boundary-distance
measures such as the Hausdorff distance, reported in one

study as a ratio to the effective diameter of the mass [1].
Overlap metrics alone can hide boundary errors, so both
types of measure are useful. Table 3 compares the key
segmentation studies, as reported by their authors.

Table 3: Comparison of key segmentation studies (values as
reported by the original authors; datasets and protocols
differ, so results are not directly comparable)

Study Task and Data Reported
model result
Lietal. Ovary and 3204 Dice 0.912
[6] follicle; U- TVUS (ovary), 0.858
Net with images, 219 (follicles)
spatial RNN patients
(CR-UNget)
Sarkar et | Follicle; two- About Outperformed
al. [5] contracting- 42,000 other U-Net-
path U-Net annotated based models
(DC-UNet) | 2D images, on same
USOVA3D dataset
Setl
Whitney Adnexal 54 masses, | Median Dice
etal. [1] | mass; U-Net | 53 patients, 0.91[0.78,
with single 0.96]
bounding centre
box, plus
fuzzy c-
means
Jinetal. Ovarian 127 Mean Dice
[16] cancer; patients 0.81t00.87
multiple U- (as
Net variants summarised
in [1])
Barcroft Adnexal External Best U-Net
etal. mass; test set of median Dice
[17] segmentation | 184 masses 0.85 (as
plus summarised
classification in [1])

2. Challenges And Limitations

Data size and diversity. Several studies use modest cohorts,
such as 54 masses in the adnexal mass study, which was also
single-centre and retrospective with strict exclusion criteria,
including exclusion of images with incomplete borders or
visible Doppler or measurement markings [1]. Such selection
limits applicability to routine, imperfect images.

Domain shift. Differences between ultrasound systems,
operators, and acquisition settings affect image appearance
[1], and lack of external validation was a recognised gap in
ovarian cancer deep learning until multicentre international
validation appeared [20]. Segmentation models in particular
need to be tested across vendors and centres.
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Annotation and variability. High-quality masks require
expert annotation, which is costly, and expert outlines
themselves vary [1]. Datasets such as USOVA3D help
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