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Abstract
Purpose  To develop an AI-based model for automated identification, thickness 
measurement, and pattern classification of endometrial tissues in uterine ultrasound 
images.

Methods  We utilized a multi-stage model building and training approach with 
different methods for segmentation, thickness measurement, and pattern assignment. 
5985 unique annotated ultrasound images were utilized in model training and 
validation. The annotated images were randomly divided into three groups (training 
data, validation data, and test data) at a 70%/10%/20% ratio. 4787 images were used 
to develop the model; 1198 images were used to evaluate performance. Identification 
of the endometrium was done utilizing direct object detection and instance 
segmentation systems with single stage object detectors (YOLO v8). A principal 
component analysis approach was adapted to determine endometrial thickness. 
We also trained computational models to assign an endometrial pattern of either 
‘trilaminar’ or ‘homogenous’. Intersection over union (IoU), confusion matrices, and error 
calculations were conducted to assess the model’s proficiency and accuracy.

Results  The endometrial segmentation model performed at 98% accuracy on 
the confusion matrix and 92.8% of test data had an intersection over union (IoU) 
value > 0.75. The endometrial thickness measurement achieved mean absolute error 
rates of: ± 0.89 mm in length, ± 2.81 mm in position (along the perpendicular-to-lumen 
axis), and 5.5-degrees in orientation relative to the lumen. Automatic assignment of 
pattern as either ‘trilaminar’ or ‘homogenous’ achieved a 92% accuracy rate.

Conclusions  A novel automated method for routine endometrial thickness and 
pattern assessment is demonstrated. We report a first-of-its kind method for automated 
endometrial pattern assignment (homogenous / triple-line) on uterine ultrasound 
images.
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1  Introduction
Ultrasonographic measurement of endometrial thickness (ET) and echotextural pat-
tern has been broadly adopted as the standard of care assessment of the endometrium 
prior to embryo transfer in medically assisted reproduction (MAR) cycles. There are 
two important considerations that must be acknowledged regarding routine ET and pat-
tern assessments. First, although ET and pattern assessment is commonplace for in vitro 
fertilization (IVF) therapy, measurement and pattern assignment are subject to broad 
interpretation and significant error. It is important to acknowledge that variability in the 
method of imaging, caliper placement, image interpretation, and potential human bias 
around target thickness cutoffs can be problematic [1, 2]. Second, the clinical utility of 
ET and pattern assessments is the topic of significant debate [2]. Irrespectively, ET and 
pattern assignments are widely utilized and are unlikely to be abandoned as a standard 
of care in MAR cycles. The question then becomes, how do we improve accuracy, reli-
ability, and expediency of these assessments? Standardization and automation of image 
interpretation could broadly improve measurement objectivity and accuracy, as well as 
reducing the workload for clinics.

Artificial intelligence (AI) and machine learning (ML) approaches to various aspects 
of reproductive care are actively being integrated into clinical assessments [3]. Several 
novel approaches to medical image interpretation are available. Automatic image inter-
pretation has been developed for morphologic oocyte and embryo quality assessments 
[4–6] and methods for automated ovarian follicle identification and measurement are 
well established [7, 8]. At present, the common theme among the AI/ML applications 
to medical image interpretation is that they rely upon imaging methods with high con-
trast ratios. In the case of automatic follicle detection, follicular fluid is visualized as 
black polygons in a field of lighter grey tones on the ultrasound images. The echotextural 
properties of follicular fluid enhances the capacity to execute high efficiency boundary 
detection between the pixels representing follicular fluid and ovarian stroma. Automatic 
oocyte and embryo image analytics are similar; the isolated target biomass is readily dis-
tinguishable from translucent media in digital microscopy images. The advantages of 
high contrast imaging lend themselves well to the current capacity of computer vision 
systems for efficient code development.

Automated approaches to assessing the endometrium are not as straightforward as 
those for oocytes and embryo quality. [9]. Endometrial tissues are in a constant state 
of development and differentiation in response to circulating reproductively active hor-
mones. Endometrial tissues cycle through distinct morphological changes over the men-
strual cycle: proliferation (follicular phase), differentiation (early luteal phase), functional 
(secretory phase), and degradation (menses). In addition, the endometrium is composed 
of two distinct tissue layers, stratum basalis and stratum functionalis, which can be dif-
ficult to distinguish from one another and surrounding myometrial tissue depending on 
cycle stage. The endometrial stratum basalis lines the uterine cavity, interfaces with the 
myometrium and remains stable in morphology and ultrasonographic appearance over 
the menstrual cycle. The stratum functionalis interfaces with the stratum basalis, faces 
the uterine lumen and undergoes significant changes over the menstrual cycle. The stra-
tum basalis is rich in stem / progenitor cells that primarily function to cyclically replen-
ish the stratum functionalis. The s. functionalis is thinnest after menses and becomes 
thickened through estrogen induced proliferation of endometrial epithelium during 
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the follicular phase. The follicular phase s. functionalis appears hypoechoic relative to 
s. basalis on ultrasound imaging, creating a tri-laminar pattern on ultrasound images. 
Maturation / differentiation of the functionalis layer occurs in luteal phase and progres-
sively shifts the ultrasonographic texture of the tissues to a homogenous hyperechoic 
appearance as branching and coiling of the endometrial glands under the influence of 
progestins progresses. The fully differentiated s. functionalis imaged in secretory phase 
is indistinguishable from stratum basalis on ultrasound imaging, creating a homogenous 
ultrasonographic appearance. During menses, the s. functionalis degrades and is shed 
while the basalis layer remains and re-initiates the cyclic endometrial changes as the 
cycle repeats if pregnancy is not established [10].

The significant microanatomic changes that occur over the menstrual cycle pose a 
challenge to automation of endometrial assessment. Standardization of the timeframe 
at which imaging is conducted is an obligate requirement with current technologies. In 
addition, the signal-to-noise ratio is high on ultrasound images of the uterine body and 
endometrium. Boundaries between tissue layers can be difficult to discern for computer 
vision systems and the challenge may be amplified when anatomic (such as fibroids 
or scar tissue) or pathologic features cast acoustic shadows on the endometrium. Few 
reports have been published with methods for automatic segmentation and measure-
ment of endometrium on ultrasound images [11–13]. All are based on small data sets. 
Other AI-based models for assessing endometrium have been proposed, however, one 
extends beyond endometrial assessment and requires manual measurements and input 
of patient chart data [14] and the other shows lackluster performance on image seg-
mentation [15]. To our knowledge, there are no prior reports of automated methods for 
endometrial pattern assignment (homogenous / triple-line).

Recent advances in computer vision modelling provides the opportunity to push 
the leading edge and develop standardized / automated approaches to assist in the 
assessment of the ET and pattern. Our objective was to develop an AI/ML approach 
for automation of three key features of routine endometrial assessment: 1) identifica-
tion and segmentation of endometrial echoes from ultrasound images of the uterus; 2) 
measurement of ET; and, 3) assignment of endometrial pattern as either trilaminar or 
homogenous.

2  Materials and methods
2.1  Ultrasound image acquisition and patient demographics

Ultrasound imaging was conducted in partnership with Canadian fertility clinics as their 
patients proceeded through standard of care IVF/MAR therapy. Patient records dated 
between 2014 and 2023 were accessed retrospectively. Ultrasound images and patient 
case information were de-identified for this project. The criterion for patient case selec-
tion was limited to availability of the required transverse ultrasound images; no other 
inclusion or exclusion criteria were considered. Transvaginal ultrasound images were 
captured according to the following parameters: 1) the probe was positioned to identify 
the thickest aspect of the endometrial echoes ~ 5–10 mm from the myometrial / endo-
metrial junction at the uterine fundus in mid-sagittal plane of section; 2) the probe was 
then rotated by 90-degrees to visualize the region of interest in transverse plane; and, 3) 
transverse images of the uterus were acquired at the thickest aspect of the fundus/body 



Page 4 of 17Pierson et al. Discover Imaging            (2025) 2:15 

at the level of the uterine cornu. Descriptive statistics were prepared to provide baseline 
patient demographics.

2.2  Data set

Five thousand nine hundred and eighty-five (n = 5985) unique ultrasound images from 
5985 corresponding individual patient cases were utilized in computational model train-
ing and validation. Each image was annotated by a team of skilled medical research per-
sonnel using purpose-built software developed in our laboratory. Image polygon and 
line annotations were utilized to demarcate the endometrial / myometrial interface, 
measure ET, and assign the endometrial pattern on each image. All images were success-
fully annotated. Annotations were conducted by a team of 3 individuals. To minimize 
inter-observer biases or inconsistencies in annotation each annotator received one-on-
one training and was provided with a detailed standard operating procedure manual on 
label creation and pattern assignment. Additionally, each image file annotated by one 
individual was reviewed and validated by one of the other two individuals. Cross-vali-
dation of the annotations by two individuals was designed to reduce errors and biases. 
Any case where a consensus could not be reached regarding appropriate placement of 
the annotation markers or pattern assignment was reviewed and confirmed by the most 
experienced senior individual.

Image preprocessing was limited to cropping-out patient identifiers from the top ~ 10% 
of the ultrasound images for de-identification purposes. In addition, the standard Yolo-
V8 model enables several image augmentations during training. The default image resiz-
ing (640px × 640px), mosaic augmentations, image scaling, translations, and horizontal 
flipping were utilized. Ad-hoc testing showed shear, HSV augmentation and vertical 
flipping either did not improve or slightly worsened the training results. The annotated 
image database was randomly divided into standard train/validation/test splits of 
70%/10%/20%, corresponding to 4189 training images, 598 validation images, and 1198 
testing images. These splits were selected as the standard machine learning splits. Fol-
low up of the training size versus accuracy metrics plateau between 500 to 1000 images. 
With a training size of 4189 images and no strong class imbalances, no cross validation 
was deemed necessary. The training and validation sets were jointly used for fitting and 
hyperparameter tuning while the 1198 test images were used for reporting accuracy and 
other performance metrics.

2.3  Model building: endometrial segmentation and thickness measurement

Image segmentation is a process that partitions an image into multiple regions based on 
visual or statistical characteristics [16]. Segmentation was used to delineate the endome-
trium in uterine ultrasound images. We employed a ML approach based on the You Only 
Look Once (YOLO) version 8 framework [17], a modern single-stage object detection 
model designed for real-time performance. The primary rationale for choosing YOLOv8 
was its ability to produce high accuracy while also having high inference speeds. The 
YOLOv8 model consists of a so-called backbone, neck, and head stages. The backbone 
is a typical convolutional neural network, the neck enhances features from the back-
bone, and the head is trained to predict bounding boxes, object classes, and segmenta-
tion masks. Specifically related to our clinical context, it allowed us to train and predict 
on ultrasound images in an efficient manner. A light-weight model with high inference 
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speed is also an important consideration for deployment on non-specialized hardware, 
making it more accessible for clinical use. U-Net based architectures may provide a 
slight increase in segmentation performance, however, its introductory paper quotes an 
IoU value of 0.92 [18], and newer versions have accuracies ranging from 70 to 95% [19] 
which were comparable to the performance in our model. Transformer models were not 
considered due to the larger dataset sizes needed for these types of architectures. The at 
the time available SAM (Segment Anything Model) from Meta was also briefly tested; 
however, it required substantial manual selection of the middle of objects and failed to 
provide valuable segmentation results in the grayscale and “fuzzy” ultrasound images.

The model was trained to identify anatomical features from ultrasound images and 
learned to detect the presence of the endometrium and generate corresponding segmen-
tation masks that defined its boundaries. To support accurate segmentation, the model 
incorporated a dual-path architecture that operated in parallel. One path generated a set 
of general-purpose image-wide masks that captured different spatial features while the 
other predicted how to combine the masks to isolate individual anatomical structures. 
These components were then combined linearly to produce a detailed mask for each 
detected region. This approach eliminated the need for slower sequential processing and 
preserved spatial accuracy by avoiding re-sampling of localized features. Additionally, 
the use of multi-resolution feature maps allowed the model to effectively capture both 
broad and fine-grained details—an essential advantage when segmenting the endome-
trium where precise boundary definition is critical for downstream measurements like 
ET.

Once the endometrial tissue region of interest (ROI) boundaries were defined using 
segmentation, a principal component analysis (PCA) approach was adapted to deter-
mine ET perpendicular to the uterine lumen at the thickest aspect of the endometrial 
echoes. Principal component analysis was examined as a robust way to determine the 
shape of an ellipse [20]. We utilized PCA to find the axis centered at the means of the 
points along the boundaries that maximize the variances along the founded axis. The 
shape of the endometrium is a slightly deformed ellipse which is transformed by dents 
or bulges on either one side or two sides of a standard ellipse around the minor axis. In 
the first step, an interpolation to the predicted boundaries was applied to smooth the 
curve and emphasize the interval where curvature was significant. Next, the PCA pro-
cess fetched major and minor axes of the deformed ellipse after which the means of the 
points outlining the ellipse were determined. The equation of the minor axis was gener-
ated (mathematical proof provided in Supplemental Materials, Appendix ). Finally, the 
intersection of the minor axis and the predicted boundaries were found by identifying 
the point closest to the minor axis after interpolation. This method was effective in find-
ing the thickest part of a slightly deformed ellipse (Fig. 1).

2.4  Model building: endometrial pattern assignment

Computational object detection models were trained to assess for the presence or 
absence of a stratum functionalis layer using segmentation. Presence of the s. functio-
nalis was used as an indication of tri-laminar layering of the endometrium thus allow-
ing the ability to assign a pattern value of either ‘trilaminar’ or ‘homogenous’. A small 
subset of the annotated dataset was prepared with 110 images displaying ROI polygons 
around the s. functionalis tissue layer. We prepared an object detection model utilizing 
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the 110-image subset to detect the presence of a visually distinct s. functionalis tissue 
layer. We also prepared a synthetic calculated stratum functionalis data set to implement 
in model training. This was done by calculating the difference in thicknesses between the 
s. functionalis and s. basalis layers (training based on skilled human annotations) and 
shrinking the endometrial polygon by a uniform thickness to generate an approximate 
stratum functionalis polygon. Visual inspection and comparison to a limited number of 
fully annotated s. functionalis polygons indicated relatively accurate synthetic s. func-
tionalis polygons were generated. Logic was written to process the output of the model 
to classify endometrial pattern as either homogeneous or tri-laminar [21]. If both an 
endometrial segmentation and a distinct functionalis segmentation were detected by the 
model, the classification label ‘tri-laminar’ was applied. Homogenous pattern classifica-
tion was assigned based upon the absence of a distinct s. functionalis tissue layer within 
the endometrial echoes.

2.5  Model parameters

The model parameters were default for YOLO v8. The learning rate was 0.01. Batch size 
for the training set was set to 16. The loss function was a combination of multiple com-
ponents, including box loss, class loss, and objectness loss, with respective values of 
7.5, 0.5, and 1.0. The number of epochs for training was set to 200. The following HSV 
augmentation parameters for HSV adjustments were utilized: ‘hsv_h’: 0.015; ‘hsv_s’: 0.7; 
‘hsv_v’: 0.4; ‘translate’: 0.1; ‘scale’: 0.5; ‘fliplr’: 0.5; ‘mosaic’: 0.5.

2.6  Model performance analysis

Intersection over union (IoU) was utilized to assess the model’s proficiency in segmenta-
tion of the endometrium. In brief, the area of overlap between the predicted mask and 
the actual endometrium is divided by the area of union between the predicted and actual 
endometrium. The closer the IoU is to 1.0, the better the match. A confusion matrix is 
a tool used to evaluate the predictive performance of an algorithm; usually on a binary 
question, such as “Did the algorithm correctly identify the endometrium?” (with a IoU 
of 0.50 or more). Within the confusion matrix, there is a tally of true positives (the algo-
rithm correctly identified endometrium where endometrium was present), false posi-
tives (the algorithm identified endometrium where it was absent), false negatives (the 
algorithm failed to identify endometrium where it was present) and true negatives (the 
algorithm did not identify endometrium where endometrium was absent). We did not 
provide any images that did not contain endometrium, so there were no true negatives 

Fig. 1  Determination of the position at which to measure ET. Following segmentation of the endometrial tis-
sues (dashed-line polygon) from myometrium the thickest aspect of the endometrial echoes, perpendicular to 
the luminal axis was identified (yellow mask points) and selected for thickness measurement (magenta line). The 
method was developed to minimize the impact of potential distortions in the uterine cavity caused by contractile 
waves, fibroids, and/or polyps on the accuracy of the final thickness measurement
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in our dataset. This tally allows us to calculate accuracy, precision (positive predictive 
value), specificity (true negative rate) and sensitivity (true positive rate) of the algorithm 
[21] as well as calculate the Matthews Correlation Coefficient (MCC) and Bookmaker 
informedness [22]; two other measures of the efficacy of the segmentation algorithm. 
The MCC provides a single value, the correlation between correct classifications and the 
predicted classifications (range poor, − 1 to good, 1). Confusion matrices and confidence 
curves were utilized to assess ET predictions and pattern.

3  Results
3.1  Patient demographics & ultrasound characteristics

Mean patient age (n = 5985) was 36.49  years ± 4.36 STDEV (range: 23.47  years to 
55.42 years), age distribution is provided in Supplemental Fig. 1. Age data were normally 
distributed (174 records did not have age listed). Frozen-thaw embryo transfer cycles 
(FET) represented 85% of the cohort (n = 5087); 15% of cycles were fresh embryo trans-
fers (n = 898). Mean endometrial thickness was 9.22  mm with a standard deviation of 
2.74 and right skew of 0.57. Homogenous endometrial patterns made up 48% of the 
image collection (n = 2873) while triple-line endometrial patterns made up the remain-
ing 52% (n = 3112).

3.2  Automated endometrial segmentation

The segmentation models trained on the uterine ultrasound images were standard 
object detection models that generated labels and image masks. The masks were then 
converted to polygon outlines. The resultant model has high accuracy and tended to 
identify one and only one endometrium (for the 1-class model) and zero or one s. func-
tionalis, but in some cases too many or zero segmentations can occur. The main endo-
metrium segmentation model achieved impressive results and on its test set and scored 
97.7% accuracy, 98.4% precision and 97.3% sensitivity (recall) for its metrics1 calculated 
at the standard IoU (50% mask overlap). Performance was categorized based upon stan-
dardized IoU cut-offs. High performance accuracy on annotated images after endo-
metrial segmentation was defined as an IoU greater than or equal to 0.75 (IoU ≥ 75%); 
moderate performance was defined as IoU between 0.5 and 0.749 (IoU ≥ 50% to < 75%); 
and low performance was defined as IoU below 0.5 (IoU < 50%). Additionally, 92.8% of 
test data had an intersection over union (IoU) value greater than the ‘high performance’ 
0.75 threshold (Fig. 2). YOLO v8 provides two metrics to help determine how a model 
is functioning during the training phase and validation phase, mAP50 and mAP50-
95. mAP stands for mean Average Precision with 50 referring to a 50% IoU threshold. 
mAP50 checks the performance of the model only at the IoU 50% threshold, provid-
ing a fast, easily calculated score, while mAP.5:0.95 provides an evaluation averaged over 
multiple thresholds of IoU from 50 to 95%. A good mAP50 score, anything over 50% 
indicates that the model works well with easier cases. If the mAP50-95 score is signifi-
cantly lower than the mAP50 score, this can indicate the model is not working as well 
for more complex images [23, 24]. In this study, the primary endometrial segmenta-
tion mAP50 score and mAP50:95 scores are similar, and both considered excellent [23]. 
Mean IoU value was 0.91 ± 0.058 STDEV. Sample images with both manual annotation 

1 Additionally, because there are no “true negative” for the object detection for “background” specificity is an unde-
fined value, and similarly the NPV or PPV values would not be appropriate.
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of the endometrial tissues and computationally modeled annotations are shown in Fig. 3. 
Confusion matrix provided values for accuracy, 0.98, precision, 0.99, specificity or true 
negative rate (Supplemental Figs. 3 and 4), 1.0, sensitivity or true negative rate, 0.99, 
Matthews Correlation coefficient 0.98, and Bookmakers informedness, 0.99.

3.3  Automated endometrial thickness measurement

Endometrial thickness was predicted by our model through placement of a linear anno-
tation at the thickest aspect of the endometrial echoes in the transverse plane. Accu-
racy of the predicted ET measurement on each image in test data set was assessed based 
on three parameters: 1) length (predicted thickness measurement compared to human 
annotated measurement), 2) position (placement of the predicted point at which the 
ET was measured), and 3) orientation (degrees off-axis relative to the human placed 

Fig. 3  Endometrial segmentation performance. Sample images with annotations of high performance (IoU ≥ 75%), 
moderate performance (IoU ≥ 50% to < 75%), and low performance (IoU < 50%) accuracies on annotated images 
after endometrial segmentation. The cyan polygons represent human annotation. Magenta polygons represent 
computational model predictions. The IoU value for each sample image is identified at the top right-hand corner 
of each panel

 

Fig.  2  Intersection over union for endometrial segmentation performance. The IoU calculation is shown (left) 
along with graphic representations of theoretical high, low, and moderate performance predictions for identifica-
tion of the region of interest (ROI). The distribution of IoU values for the test data (right) demonstrates a strong 
right-shifted distribution representing > 92.8% of test predictions with an IoU value ≥ 0.75
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annotation). These error conditions were not mutually exclusive. The ET measure-
ment achieved mean absolute error rates of: ± 0.89 mm in length; ± 2.81 mm in position; 
and ± 5.5-degrees in orientation relative to the lumen (Fig. 4). Absolute error rates were 
calculated in pixels and converted to mm (adjusted for scale / magnification on each 
individual image).

3.4  Automated endometrial pattern assignment

Automated prediction of the presence of a visually appreciated distinction between the 
s. functionalis and the s. basalis endometrial tissue layers was utilized as an indicator of 
the pattern (homogenous versus triple-line) (Fig. 5 / Supplemental Fig. 2). The s. func-
tionalis prediction model trained on both the ground truth endometrial segmentations 
and synthetic s. functionalis polygons had an overall accuracy of 83.1%, a precision of 
82.0%, and a recall of 80.5%; however as a basic classifier (sorting endometrial pattern 
by ‘homogenous’ versus ‘triple-line’) it performed at 91.9% accuracy on test the data set. 
This classifier strategy accurately predicted endometrial pattern on 1101 images of the 
1198 test data set and failed to predict endometrial pattern on 97 images. A detailed 
breakdown of the standard YOLO object detection and segmentation (box and mask 
metrics, respectively) is presented in Table 1. The proportion of ultrasound images rep-
resenting homogenous versus triple-line patterns in the train / validation / test data sets 
is shown in Table 2.

4  Discussion
Our primary objective was to develop an automated method for assessing ET and pat-
tern on ultrasonographic images. The signal-to-noise ratio is high on ultrasound images 
relative to other medical imaging modalities. Existing AI/ML applications for medical 
image interpretation tend to take advantage of high contrast anatomical features that 

Fig. 4  Endometrial thickness prediction performance analysis. The model prediction performance in endometrial 
line length (left), position at which the ET is assessed (center), and orientation relative to the luminal axis (right) is 
demonstrated. Histograms for each error / performance analysis are shown (above). Diagrammatic representations 
of the error being assessed on the endometrial line annotations are shown (below), the dashed polygon repre-
sents the endometrial polygon, the black horizontal line represents the luminal axis, the dark blue line represents 
a theoretical human placed annotation, the orange line represents a theoretical predicted annotation, the yellow 
spots represent the mask points, and the ‘*’ brackets indicate the error being assessed. Dashed-lines and numbers 
represent percentiles on the histograms, eg: for the length histogram, 90% of the images had a 14.7 pixel error or 
less in the length of the line compared to the original annotation of the line. The line on the left represents the 10th 
percentile, the middle line the 50th percentile, and the line on the right, the 90th percentile
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present clear boundaries upon imaging. The endometrial / myometrial junction is a 
clear anatomic boundary. However, the density of endometrial and myometrial tissues 
is similar, which results in an acoustic image where the two tissue layers can be resolved, 
but at low contrast. We chose to segment the endometrium from the myometrium in 
our model building to: 1) constrain the ET measurement and pattern assignment to the 
precise region of interest (the endometrium); and 2) structure the logic around identi-
fication of the widest aspect of the endometrial echoes. This approach was designed to 
improve the accuracy with which the ET measurements and pattern assignments were 
made.

Table 1  Standard YOLO computer vision metrics
Model Class Box Mask or segmentation

Prec Rec mAP50 mAP50-95 Prec Rec mAP50 mAP50-95
Main Segmentation Endometrium 0.989 0.978 0.994 0.855 0.984 0.973 0.99 0.831
Synthetic Functionalis All 0.904 0.887 0.918 0.706 0.802 0.804 0.804 0.465

Endometrium 0.978 0.978 0.99 0.854 0.816 0.816 0.775 0.438
s. Functionalis 0.831 0.796 0.847 0.558 0.825 0.791 0.834 0.492

Evaluated on the test data set (n = 1198). Box metrics are included for completeness and represent the success at finding 
a simple bounding box around the detected objects and are obviousnullly higher than the mask metrics which represent 
the per-pixel labelling of the images used to generate outlining polygons. The precision anext (COCO) evaluations. For 
all metrics values closer to 1.0 are better and can be interpreted as percentage-like fractions.d recall are computed at a 
standard IoU of 0.5, the mAP50 score is the mean average precision calculated by integrating the precision-recall curve at 
an IoU of 0.5 and the mAP[50::95] is the average over IoU values 0.50 through 0.95 as a more stringent evaluation metric 
as used in Common Objects in Cont ext (COCO) evaluations. For all metrics values closer to 1.0 are better and can be 
interpreted as percentage-like fractions

Table 2  Proportion of endometrial pattern
Homogenous pattern Triple line pattern

Total (N = 5985) 2811 3174 (53%)
Train (N = 4189) 1935 2254 (54%)
Validation (N = 598) 286 312 (52%)
Test (N = 1198) 590 608 (51%)
Homogenous versus triple-line patterns are represented at comparable levels in the training / validation /test datasets

Fig. 5  Examples of visually distinct functionalis and basalis layers as a discriminator for endometrial pattern. Top 
Row: Representative samples of automated detection of a single homogenous endometrial tissue pattern (red 
bounding box—labeled ‘endometrium’). Bottom Row: representative samples of automated detection of a distinct 
functionalis layer (pink bounding box—labeled ‘functionalis’) within the endometrial echoes (red bounding box) 
in a triple-line patterned endometrium
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Secondarily, we aimed to introduce precise standardization of the method by which 
the thickness and pattern assessments are conducted. To standardize, we first needed to 
identify and acknowledge sources of variability in standard of care endometrial assess-
ments. Two key variability points were identified: 1) the location at which ET was mea-
sured; and, 2) the subjectivity based on individual clinical experience. Therefore, we 
standardized ET measurement using a line drawn from the endometrial–myometrial 
interface at the visually thickest superior and inferior aspects of the endometrial cav-
ity, within 5 to 10 mm of the fundal aspect of the endometrium (baseline measurement 
location). Changes in ET over the ovarian cycle in a clinically typical population are 
demonstrable using this clearly defined baseline measurement location [10]. Rotation of 
the probe by ~ 90 degrees from the baseline mid-sagittal to transverse plane of visual-
ization achieves two goals: 1) it locks the imaging in the 5–10 mm zone of interest as 
endometrial echoes outside of this zone will not be visualized in transverse plane; and, 
2) it increases the number of pixels in the final captured image representing endometrial 
tissue. Importantly, the ET measurement remains unchanged between the mid-sagittal 
imaging plane and transverse plane upon rotation of the probe. Using the transverse 
imaging plane effectively reduces the potential for error by standardizing image cap-
ture in the target measurement location, while simultaneously providing more pixels for 
analysis for AI/ML training and validation.

The novel AI/ML-based method for assessing ET and pattern presented herein per-
forms three distinct tasks at levels exceeding 90% accuracy. First, the model accurately 
identifies and segments endometrial tissues from myometrium on 2D ultrasound 
images. Our automatic segmentation of endometrial tissues performs well, and the 
majority of predicted endometrial segmentations fell into the high-performance pre-
diction category with IoU values higher than 0.75. In addition to the standard metrics, 
the average IoU or overlap/agreement on the actual segmentation was high with a mean 
IoU of 0.916 and a mAP score of 0.995; both of which indicate the actual outlines gen-
erated have very high agreement beyond the typical 50% standards for reporting IoU 
thresholds. This high-acuity performance is in stark contrast to a previously published 
method that showed generally poor performance in segmentation of endometrial echoes 
[15]. The pool of ML based ET estimators to compare and contrast with the method 
we describe is very limited. The absolute error rate in ET measurement we report is 
less than 1 mm when compared to human annotation which represents a significantly 
tighter error margin than previously published reports [11–13], which showed measure-
ment errors of up to 4 mm. The work of Hu et al. [25] uses segmentation with a medial 
axis transformation. The sample size of the work described is < 300 images with a test 
set of 27 images, leading to the typical concerns with implementation of these types of 
approaches on small data sets. The absolute error in ET measurement is also more than 
double the method we propose. Many clinics utilize an ET cut-off of 7 mm to advance 
to embryo transfer, therefore measurement errors of up to 4 mm (meaning > 50% of the 
thickness cut off) are not acceptable. The low error (< 1 mm) our model achieved is not 
only a significant improvement from previous attempts at automated ET measurements; 
it is also further evidence that the upstream endometrial segmentation masks, on which 
the ET computations rely, are modeled with greater accuracy. The placement of the mea-
surement line in terms of position, axis and overall measurement error are all minimal 
and within error clinical tolerances.
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Our model measures thickness with an absolute error of 0.89 mm, which means that 
any endometria with a thickness greater than 7.9 mm would move forward to transfer 
without concern of error impacting the decision. Likewise, any endometria with thick-
ness lower than 6.11 mm would be screened out and transfer deferred. The described 
error rates will not impact clinical decision making for these cases as they would be 
clearly noted either above or below the 7 mm threshold of endometrial thickness widely 
considered to be a candidate for embryo transfer. The cycles with endometrial thickness 
between 6.11 and 7.9 mm could potentially be assigned for transfer, or deferral, errone-
ously with the degree of error present in our model. However, in our experience less than 
20% of cycles fall into this thickness range. While this is a significant number of cases, it 
is a minority of cases, which could potentially be flagged for human review. Alternatively 
individual clinics could choose to set their cut-off threshold to ~ 6 mm to offset this error 
potential, since ET of 6 and above have also been shown to be positive predictors of out-
come [26]. It is important to note that this same error potential exists with human mea-
surements, and it is known that human error in measurement is in the range of 10–20% 
of the total thickness [27]. The 0.89  mm absolute error our model exhibits is a lower 
absolute error than is tolerated by human image assessment [28–30].

Finally, our model performs endometrial pattern assignment. To our knowledge, this is 
the first report of automated endometrial pattern assignment. The performance metrics 
of our pattern recognition model appear moderate when compared to the endometrial 
segmentation and measurement model. This is likely attributed to the use of the approxi-
mate ‘synthetic’ polygons for training the computer vision system to identify the endo-
metrial s. functionalis layer. Alternatively, it is possible that distinguishing s. functionalis 
from s. basalis is a more difficult computer vision task, especially when one endometrial 
tissue layer is significantly thinner than the other (depending on the state of glandular 
development in response to circulating hormones), the underlying microanatomic struc-
tures are intermingled and the relative echotextural image attributes vary in response 
to circulating reproductively active hormones. When training the model, however, the 
performance was improved by the addition of the full endometrial segmentation poly-
gons (perhaps from learning from the higher quality outlines for identifying boundar-
ies in the ultrasound images). Evaluation metrics for the prediction / identification of 
s. functionalis had an overall accuracy of 83.1% (precision 82.0% / recall 80.5%). These 
metrics were calculated at the IoU overlap of 50% meaning the model generated poorer 
quality s. functionalis polygons than our over-all endometrial segmentation model. 
However, it was still able to identify at high accuracy when there was a visually appre-
ciable differentiation between the endometrial tissue layers correctly labelling portions 
of the endometrium as ‘functionalis’. This is more obvious if we consider the higher 
“box” metrics in Table 1. When we used this object detection model to predict only if 
an s.unctionalis layer is visually appreciable (without evaluating segmentation accuracy/
IoU) we increased performance by 8.8% and achieved a classifier2 with 91.9% accuracy.

We acknowledge that the utility of this method presupposes the utility of standard of 
care ET and pattern assessments which are the subject of significant debate within the 
literature. We also acknowledge the ultrasound image data set utilized for this research 
program were acquired outside of the standard imaging timing in many clinical practices 

2 When evaluating methods for classification, we tested a more traditional image classification model, the VGG image 
classifier, which performed worse with a 75% as a classification success rate.
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(~ 48 h prior to day-5 / day-6 embryo transfer), which may limit its implementation in 
the field. Further, we utilized transverse plane of section ultrasound images, acquired 
in the 5–10 mm fundal zone to train and validate our AI/ML models. While the ratio-
nale for this decision is discussed in detail, we acknowledge that standard clinic practice 
typically relies upon mid-sagittal ET measurement. However, transverse plane of section 
images may be acquired as described and the method may be implemented with mini-
mal adjustment to standard clinical imaging practices. Our initial predictive modeling 
results also indicated positive performance of this method on mid-sagittal images and 
future work may be undertaken to adapt this strategy to mid-sagittal images which are 
routinely utilized in clinical practice. Full analysis of the performance and clinical signifi-
cance will be explored and communicated in future studies.

Automation of these routine endometrial assessments could support clinical workflow 
and enhance patient care through time savings and standardization. Reduction of clini-
cal time load for patients, ultrasonographers, and clinicians is meaningful for all par-
ties. The inference time of this method is ~ 2.2 s per image, which constitutes significant 
time savings over annotation by human personnel. Conceivably, a full series of ultra-
sound images could be collected and the code could run post-hoc during down-time 
between patients, saving time for patients and clinical staff. Standardization of key pro-
cesses in IVF therapies has also been demonstrated to improve clinical workflows and 
outcomes [31]. As such, standardization through automation of these measurements has 
the potential to reduce inter-observer variability and enhance patient care. In the future 
it is plausible that such an automated measurement / pattern assignment system could 
be integrated into existing ultrasound machine software or photo archiving systems to 
aide in clinical workflows.

Constraints to deployment of this automated approach to ET/pattern assessment 
method in clinical settings are primarily related to image quality. Excessive motion 
artifact, imbalanced image gains, over/undersaturated pixel densities, and anatomic 
shadowing from fibroids or fluid may significantly impact the performance of these 
computer vision tools. However, it is noteworthy that 388 of the 5985 (~ 6.5%) of the 
images utilized in development of this model had notations for the presence of leiomy-
omas (uterine fibroids). Many fibroids cast shadows and/or caused deformation of the 
uterine cavity, which further demonstrates the utility of the method described herein 
in the real-world clinical setting. Utilization of modern ultrasound instrumentation by 
trained personnel can successfully eliminate the imaging concerns, however, anatomic 
structures which cast significant shadows or generate specular reflections would need to 
be addressed through more extensive training and validation of AI/ML systems on larger 
datasets in future work.

We understand that the utilization of one segmentation technique (YOLO v8) is a lim-
itation to the work. Exploration and/or integration of other modern segmentation tech-
niques, such as U-Net, DeepLabv3 + , or SAM will be the subject of future work.

The use of AI in the medical field is not without controversy. Utilizing computational 
models in medical decision making can have serious implications. The black box model-
ling often employed in AI/ML methods can limit clinician and/or patient confidence in 
decision making based on these types of tools. For this reason, explainable AI has been 
developed in some medical applications, to provide a greater transparency and improved 
confidence in the outputs. Some AI models used in medicine provide enhancements to 
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imaging that allow for more consistent diagnoses, without taking the human element 
completely out of the decision making process, giving those at the receiving end a 
greater connection to the end result [32]. In addition, ongoing assessment of the quality 
of image segmentation provided by AI/ML becomes a challenge once the training phase 
is complete. Once launched, the absence of human annotations of ground truth compar-
ator data for routine quality and improvement checks creates a need for more inventive 
methods of assessment about the reliability of decision making based on computational 
models [33].

We report an automated method to enhance, streamline, and standardize routine 
endometrial assessment. This method is intended to provide a tool that can reduce 
clinical workload if implemented but ultimately relies upon the clinicians utilizing the 
technology to make the final decision of whether or not their patient(s) proceed with an 
embryo transfer procedure.

5  Conclusions
A novel computer vision approach to automation of routine ET and pattern assessment 
has been developed. Our results were over 90 percent accurate in routine use, provide a 
new standardized tool for endometrial assessment, and pave the way for deeper inquiry 
into expanding the role of AI/ML in clinical assessment of endometrial function.

Appendix
Mathematical proof of using principal components analysis to find the thickest part of a 
slightly deformed elipse. A brief proof of using PCA to find the major and minor axis of a 
deformed ellipse is presented.

First, we use a mathematical expression to define a deformed ellipse using parameter-
ized equations, which can be imagined as an endometrial centered at the (0, 0) on a Car-
tesian plane with its major and minor axis sitting on y-axis and x-axis, respectively. To do 
so, we need to add transformation based on the standard ellipse in parametric equations:

x = a · cos(θ),

y = b · sin(θ)

Now we add some dents or bulges to the ellipse:

M(c, k, θ, h) = −c · e−k(1−sinθ−h)� (1)

y = b · sinθ · (1 + M)� (2)

x = a · cosθ� (3)

Here M adds the dents or bulges to the standard ellipses. The parameter c controls 
whether the deformation should be a “dent” or a “bulge”; k is the parameter to control if 
the deformation is more localized or less localized; h determines where the deformation 
happens, and if h = 0, the deformation happens around the y-axis. Here we discuss the 
situation where h is fixed at 0. The Eq. (1) turns into:

M(c, k, θ, h) = −c · e−k(1−sin(θ))� (4)
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By the process of PCA (Trevor et al 2009), we can get the PCA axis from applying Sin-
gular Value Decomposition on the covariance matrix of x and y data points and find the 
eigenvectors:

[
V ar(x) Cov(x, y)

Cov(x, y) V ar(y)

]

And when h = 0, we have:

Cov(x, y) = E[xy] − E[x]E[y]

=
ˆ ∞

−∞
a · cosθ · b · sinθ · (1 + M)dθ

=
ˆ ∞

−∞
a · cosθ · b · sinθ ·

(
1 + −c · e−k(1−sin(θ))

)
dθ = 0

Since:

E [x] = 0

And

a · cosθ · b · sinθ ·
(

1 + −c · e−k(1−sin(θ))
)

is an odd function, and thus its integral will be zero if the range of the integral is sym-
metric around (0, 0).

So the Covariance matrix of x and y becomes:

P =
[

V ar (x) 0
0 V ar (y)

]

And let v1= (1, 0)T  and v2= (1, 0)T
. Since:

Pv1 = V ar (x) v1

Pv2 = V ar (y) v2

We have the directions of the principal components, which is (1,0)T and (1,0)T which 
are the directions of x-axis and y-axis. To accommodate the shift of the means when the 
deformations are not around (0, 0), we use interpolation to address the intervals on the 
deformed ellipses where curvature is non-zero in our study. So instead of getting the axis 
centered at (0, 0), the means are now shifted to the region where the deformation is more 
significant, and the axis will be rotated.

A further improvement of this method can be found by utilizing mathematical models 
that emphasize on local curvatures, and advanced machine learning algorithms such as 
kernel principal components analysis, known as kernel PCA, which can capture the cur-
vatures without interpolation, and suitable for more deformed ellipse, such as a concave 
one.
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