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Abstract

Background

Prenatal care disparities significantly impact rural areas due to limited access to advanced medical
technology, shortages of trained healthcare professionals, and inadequate infrastructure for
comprehensive prenatal services. Ultrasound imaging is a critical component of prenatal monitoring
but typically requires specialized personnel to acquire and interpret the imaging, limiting its
accessibility in low-resource settings. Volume Sweep Imaging (VSI), a standardized ultrasound
acquisition protocol independent of region and operator, presents an opportunity to bridge this gap. Yet,

VSI still necessitates expert interpretation. To overcome this limitation, we propose integrating VSI
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with computer vision algorithms and artificial intelligence (Al) to fully automate fetal monitoring tasks,
including placenta localization, fetal presentation detection, fetal biometry, and gestational age (GA)

estimation.

Methods

This study assessed the epidemiological generalizability and computational efficiency of an Al-enabled
VSI protocol across distinct regional contexts in Peru. A dataset consisting of ultrasound videos from
30 patients in Lima was used for model training and hyperparameter tuning via Leave-One-Out Cross-
Validation. A second independent dataset comprising ultrasound videos from 86 patients across three
diverse Peruvian regions was employed for hold-out testing to validate algorithmic performance and
robustness. The Al system was evaluated based on sensitivity, specificity, accuracy, precision, and

correlation with manual annotations provided by healthcare professionals.

Results

The developed Al model achieved a sensitivity of 98.6% and specificity of 85.7% for fetal presentation
detection, indicating high diagnostic reliability. Placenta localization demonstrated an accuracy of
83.7% and a precision of 74.4%. Automated fetal biometry showed robust correlation with physician
manual measurements, specifically for biparietal diameter (BPD) and head circumference (HC), with
Spearman correlation coefficients indicating no significant difference from manual annotations.
Furthermore, automated GA estimation correlated strongly with physician assessments, confirming its

clinical validity.

Conclusions

This investigation highlights the potential of an Al-driven VSI system as an effective and scalable
solution to prenatal care disparities in remote and resource-limited regions. By automating fetal
monitoring tasks through integration of computer vision and Al, the proposed system reduces
dependency on specialist interpretation and improves access to high-quality prenatal diagnostics. The
study demonstrates that such technology can reliably support clinical decision-making, enhancing

prenatal care delivery in underserved areas.
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Introduction

Monitoring of the fetus is important for ensuring a successful birth and the well-being of both mother
and child. World health organization suggests at least a trimester evaluation should happen for a correct
monitoring of the fetus (1). In developed countries, access to fetal monitoring is commonly available
due to the presence of numerous obstetric clinics and healthcare professionals. However, in low-middle
income countries (LMICs), this essential service is often compromised by the lack of available
sonographers and the sparse medical facilities(2). This discrepancy highlights the critical need for
enhanced healthcare support and resources in rural communities to ensure equitable access to prenatal
care for all expecting mothers. In addition, it is difficult for people in these areas to access hospitals as

they may feel that going to a health facility is unwelcoming, ineffective and time-consuming (3).

Obstetrics ultrasound imaging is widely used, particularly for monitoring fetal growth and detecting
potential complications during pregnancy or assessing characteristics of the fetus_(4). In recent
advancements, obstetrics ultrasound can be benefited from Computer Vision Algorithms powered by
Artificial Intelligence (AI). These developments can revolutionize prenatal diagnostics, particularly in
monitoring fetal growth and identifying pregnancy complications. For instance, Jing Lin et al.
accurately detected cephalic and breech presentation (Figure 1) with Al to aid in choosing the right
delivery method (AUC = 0.89, C.1. 0.77 - 1.00), as abnormal positions often result in cesarean sections
(5). Crucial metrics such as fetal head circumference and placental location (Figure 2) are now more
accurately determined, assisting in critical decision-making for delivery methods. Particularly, Al-
driven techniques have shown promise in fetal biometry, enhancing the accuracy of measurements such
as head circumference (HC) and biparietal diameter (BPD)(6-8). Van den Heuvel et al. developed Deep
Learning (DL) models for classification of fetal segmentation and subsequent HC calculation with a
mean difference, mean absolute error and Dice similarity coefficient (DSC) of 0.6+5.9, 4.843.4 and
97.2+1.2, respectively for the third trimester(8). In the same line, Schilpzand et al. and our previous
work have used U-Net for placenta segmentation with post-processing, while other researchers use 3D
convolutional neural networks (CNN) architectures, as Yang et al(9-11). These works have the potential

to aid in diagnosing conditions such as hydrocephalus and placenta previa, thereby significantly
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contributing to maternal and fetal health. The ongoing evolution of Al in obstetrics US underscores its
potential to improve outcomes in maternal-fetal medicine, especially in resource-constrained settings

where access to advanced diagnostic tools is limited (9-14).

Cephalic Breech

Figure 1. Head presentation. Breech position is a risk pathology. Cephalic: normal case. Created in

https://BioRender.com

Placenta

Low-lying No Low-lying

Figure 2. Placenta localization. Low-lying placenta is considered a risk pathology. No low-lying:

normal case. Created in https://BioRender.com

Asynchronous ultrasound acquisition protocols have been developed for the rural areas scenarios, and
previous studies underscore the feasibility of technologies in scenarios characterized by limited
resources, where Volume Sweep Imaging (VSI) stand out significantly. In VSI for obstetric applications
(VSI-OB), a simplified process as described in Figure 3 is employed where the ultrasound probe is

methodically moved across the region of interest, where no acquisition expertise is needed(2). However,
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while the acquisition removes the need for a trained sonographer, the interpretation of the medical

images requires a trained physician

Al algorithms are often tested on high-end scanners, potentially compromising their performance in
real-world implementations, especially in rural areas with limited access to advanced equipment. Not
only VSI-OB have been tested clinically in rural areas using a low-cost equipment(15), but similar
protocols made by other groups were also enhanced by AI(11). Gomes et al. showed high AUC-ROC
(0.98, C.I. 0.95-1.00) in a model to predict fetal malpresentation and gestational age (GA) by just using
BUS for women in USA and Zambia, responding to shortage of adequately trained healthcare workers
in low-to-middle-income countries(16). Comparatively, an Al for a VSI-OB protocol was implemented
in Peru. A U-Net model matched specialist diagnosis perfectly for fetal presentation (100% agreement,
Cohen x=1) and showed 76.7% agreement for placental location (Cohen x=0.59), with 100% sensitivity
and specificity for fetal presentation and 87.5% sensitivity and 85.7% specificity for anterior placental

location(10).

Al models trained with a particular dataset may be biased by the operator and the acquisition protocol
used(17). In this study, we hypothesized that an Al model trained with VSI-OB data from one clinical
site can be directly used in images/sweeps acquired at a different clinic demonstrating that operator
training and performance have little impact in AI models applied to VSI-OB. In each site, operators
were trained independently, and data was collected by different teams. The Al model is designed to
detect fetal biometry (i.e. HC and BPD) to compute gestational age, as well as estimate fetal presentation
and placenta localization. Additionally, and as an improvement to our previous work that required two
separate Al models to segment the head and the placenta independently(10), we utilize a unique Al
model responsible for head and placenta segmentation simultaneously with the inherent use of less

computational resources which is key in rural settings.

This work aims to build upon our previous proof-of-concept study, where we demonstrated the
feasibility of using Al algorithms trained on VSI-OB data collected from a single clinical site(10). In
this study, we specifically evaluated the generalizability and transferability of these Al algorithms

across three distinct Peruvian regions, irrespective of the operator who performed the ultrasound
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acquisition. We developed and validated an automated method for measuring fetal biometry (HC and
BPD), detecting fetal presentation, localizing the placenta, as well as estimating gestational age (GA)
in third-trimester pregnancies. Initially, a dataset of thirty patients was employed for hyperparameter
tuning and model development, considered sufficient for robust algorithmic generalization.
Subsequently, we tested the algorithm's performance on a separate dataset of eighty-six patients from
geographically diverse locations. Additionally, the algorithm's practical applicability was assessed
measuring the pipeline inference time using a low-cost tablet, further reinforcing its feasibility and

potential for broad deployment in rural healthcare environments.

Material and Methods

Dataset

Two datasets previously collected for a telemedicine study(2) by the Peruvian startup Medical
Innovation & Technology were used after approval by Cayetano Heredia National Hospital Ethics
Committee. Each case comprises video clips of the VSI-OB protocol, acquired from women in the third
trimester of pregnancy. The protocol follows eight video acquisitions presented in Figure 3. The
ultrasound sweeps were performed in a standardized upward direction, sequentially progressing from
the right side of the abdomen towards the left. During each sweep, the transducer captured a
comprehensive three-dimensional dataset of the targeted anatomical region. The sweep protocol was
systematically defined using easily identifiable anatomical landmarks, designed specifically to

minimize the requirement for advanced technical proficiency or detailed anatomical knowledge.



137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

Obstetric Protocol

* Probe orientation marker
Start Start Start Start
Midline, tranducer placed One transverse transducer length to the One transverse transducer length to the One longitudinal transducer length to
at the pubic symphysis right of the midiine at the pubic symphysis left of the midline at the publc symphysis the left of the pubic symphysis

Stop Right hip
(anterior superior iliac spine)

2 Stop
Rib cage

Start Start Start Start
One longitudinal transducer length to One longitudinal transducer length above the The level of the umbilicus, One longitudinal transducer length above
the right of the publc symphysis public symphysis, at the left mid-axillary line at the left mid-axillary line level of the umbilicus, at left mid-axillary line

S

Stop
Right mid-axillary fine

5 Stop Left hip 6 Stop
(anterior superior iliac spine) Right mid-axillary line

Figure 3. Volume Sweep Imaging (VSI) Protocol for Obstetric Ultrasound Assessment. The protocol
begins with the transducer positioned at the midline, near the pubic symphysis, and proceeds with a
series of longitudinal and transverse sweeps across the abdomen to cover key anatomical landmarks.
These sweeps include movements toward the xiphoid process, the rib cage, and the anterior superior

iliac spines on both sides, as well as along the mid-axillary lines.

Figure 4 shows the location of all the Peruvian regions from where the datasets were collected. Dataset
1 included thirty cases from Conde de la Vega Health Center in Lima, Peru, with videos annotated at a
pixel level of the head and placenta, acquired by portable Mindray DP-10 ultrasound scanner (Mindray,
China) with a 4.5 MHz transducer. Dataset 2 includes eighty-six cases acquired in in the Peruvian
regions of Ancash, Cerro de Pasco and Ica, with the same ultrasound scanner. The purpose of each
dataset consists of the following activities: Dataset 1 was used for grid search for hyperparameter
tuning, Leave-One-Out-Cross-Validation (LOO-CV), and final model for semantic segmentation;
Dataset 2 was used for testing of fetal malpresentation (80 cephalic and 6 podalic presentations),
placenta location (86 no low-lying cases), gestational age and fetal biometry. Table 1 summarizes the

distribution of the Dataset, information, and purpose of each dataset.
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Figure 4: Map of Peru showing the regions from which the datasets were collected. The regions with

data from the study are highlighted in dark blue, including Ancash, Ica, Lima, and Pasco.

Table 1: Distribution of the provided datasets. Dataset 1 was used for tuning hyperparameters and
model validation. Dataset 2 was used for cephalic or breech presentation, placenta location and fetal -

biometry such as BPD and HC
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Number of Cases Clinical Pixel-Level Purpose

Information Annotations

Dataset 1 Thirty Yes Yes Training: Head
and Placenta
Segmentation

Testing: Cephalic
or Breech
Dataset 2 Eighty-six Yes No Presentation,
Placenta Location,
Fetal Biometry,
Gestational Age

Pre-Processing

A pre-processing for each frame of the videos was performed. The Contrast Limit Adaptive Histogram
Equalization (CLAHE) algorithm(18) with a clip limit of 2.5 with a kernel size of 4x4 was used for

each image of the video for enhancement purpose.
Multi-Input Attention U-Net

A multi-class semantic segmentation architecture was performed to identify head circumference and
placenta. Multi-Input Attention U-Net(19, 20) was used. In comparison with U-Net, Multi-Input
Attention U-Net allows more attention to specific areas or locations to integrate multiple data inputs.
The detail of the architecture is shown in Figure 5. As a starting point, the selected static
hyperparameters were learning rate: 0.01, momentum: 0.90, and decay 10 using a stochastic gradient

decanter (SGD). Based on the results, it was decided to keep these hyperparameters.
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Figure 5. Multi-Input Attention U-Net architecture. Multi-scale inputs that are passed through a
series of 3x3 convolutional layers and 2x2 max-pooling operations, represented by red connections.
Skip connections (dashed lines) are used to retain spatial information across the network. The
upsampling path consists of learnable 2x2 up-convolutions, and attention gates (AG) are applied at
different stages to refine the feature maps, focusing on relevant regions in the input data. The final

layers utilize I1x1 convolutions followed by a sigmoid activation for output prediction.

Training strategy

a. Grid Search

A grid search strategy was applied to obtain the best configuration of two hyperparameters: filter size
and type of activation function. Dataset 1 was used for this purpose, following a distribution of 80%
and 20% of the thirty patients for training and validation, respectively. In addition, a data augmentation
strategy was considered by horizontal flipping and rotation of 5°. ReLU, Leaky ReLU activation
functions, as well as Categorical Focal Jaccard Loss and Categorical Cross Entropy loss functions were

tested(21, 22). The selection of the best configuration was performed by the DSC.

b. Leave-One-Out-Cross-Validation

After selection of hyperparameters in the previous section, a LOO-CV strategy was followed. The
validation process was performed by training twenty-nine patients and extracting the model. Thirty

models were evaluated with unseen test data.

Cephalic-Breech Presentation and Placenta Location

10
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Heat maps were constructed to determine “cephalic” or “breech” presentation and placenta location
(“low lying”, “no low-lying” and “undetermined”). For each class, two matrices were created projecting
the object along the width and detecting the presence of any non-zero element for every sweep of the
VSI-OB protocol. The heat map is generated by the summation of two matrices. The first matrix is
created by performing a horizontal concatenation of sweep 2, sweep 1, and sweep 3 using a resize
algorithm with the nearest neighbor approach with the largest value of the frames from these sweeps.
The second matrix is generated by a vertical concatenation of sweep 8, sweep 7, and sweep 6 with a
horizontal concatenation of sweep 5 and sweep 4 resizing with the largest value of sweep 8,7 or 6. After
obtaining both matrices, a summation is performed. This procedure is separately applied to each of the
two classes. Finally, a Gaussian filter is applied to improve the visualization of the segmented object.
The resultant object in the heat map is used to determine the object's centroid position. In the case of
Cephalic-Breech Presentation, if the centroid is in the heatmap's upper section, it is labeled as 'cephalic’;
otherwise, it is designated 'breech'. In the case of the placenta, if the centroid is located within the top
three-quarters is classified as 'low-lying', if it is in the bottom quarter is classified as 'no low-lying'.

Figure 6 shows this process to identify the spatial location in the mother's womb. This process is the

same for both head and placenta but using their corresponding labels.

11
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Figure 6. Heat Map Generation Process for Cephalic—Breech Presentation and Placenta Location
Using the VSI-OB Protocol. (a) Two matrices, Matrix 1 and Matrix 2, are constructed based on a
coronal view of the uterus. Matrix I merges sweeps 2, 1, and 3 horizontally, while Matrix 2 first

stacks sweeps 8, 7, and 6 vertically, then concatenates sweeps 5 and 4 horizontally. (b) Each matrix is
resized via nearest-neighbor interpolation, selecting the maximum response across frames for each
sweep. The matrices are then summed to form a combined output matrix. (c) A Gaussian filter is
applied to the combined matrix, resulting in a heat map that highlights the spatial location of the

relevant anatomical structure (e.g., fetal head or placenta).

Fetus Biometry

Automatic Pixel Spacing

An algorithm for Automatic Pixel Spacing (APS) was designed considering the image characteristics

of the ultrasound equipment Mindray DP-10 used for VSI obstetrics applications (Figure 7.a). A manual
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region of interest (ROI) of the ultrasound image ruler was selected in two parts to identify the
dimensions of the image. The first part corresponded to vertical lines uniformly separated to store the
amplitude of the lines of the ultrasound image ruler. Indices of elements in the line that are greater than
60% or brightness were kept and sorted in ascending order to calculate the distance between them. The
second image corresponds to the numbers of each line in centimeters. For enhanced image resolution,
a resize of 500% was applied. The numbers were identified by using the Optical Character Recognition

(OCR) algorithm with the EasyOCR library from Python(23).

Amplitude

I3
S

N
S

20

JALALALY

0 100 200 300 400 500

Depth of the rule [pixels]

a) b) c)

Figure 7. Automatic Pixel Spacing (APS) algorithm applied to ultrasound imaging. Figure 5.a, a
manual region of interest (ROI) was selected from the ultrasound image, dividing it first to capture
the uniform vertical lines. Figure 5.b shows the second ROI division, containing the corresponding
numeric values of the depth ruler in centimeters. The algorithm identified the center column of the

image, storing the amplitude values of the detected lines. Figure 5.c, the algorithm computed the pixel

spacing by analyzing the amplitude of vertical lines.
Frame Selection for fetus biometry

The eight videos from each case of Dataset 2 were used as input in the algorithm. A selection of the
largest area of all the frames from the eight segmented videos was extracted. The selected frame is a

representative frame of the case. The prediction of this frame was fitted with an ellipse to obtain the

13
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minor and major axes to calculate the BPD and the Occipitofrontal Diameter (OFD). The HC was

calculated as proposed by Borges et al. (Eq. 1)(24).

HC = 1.62 X (BPD + OFD) (D

Metrics - Statistical Analysis

The automatic classification of Cephalic-Breech presentation was compared with physician clinical
annotations using sensitivity and specificity as key metrics. Placenta location was measured by focusing
on low-lying cases but with three possible classifications: low-lying, no low-lying, and undetermined.
The presence of placenta was determined by accuracy (Eq.2). The performance in the classification was

determined by the True Negative Rate (TNR) - (Eq. 3).

TN
Accuracy = Total

2)

TN

TNR = TN+FP (3)

Automated calculations for BPD and HC were assessed against physician measurements using linear
regression with Spearman correlation coefficient, and Bland-Altman compared with a theoretical mean

of 0 using a one-sample t-test.

Results

The demographic statistics of the participants included in the study are presented in Table 2
(Supplementary material). The patients' age ranged from under 25 to over 45 years, with a mean age
0f31.67 +£5.42 years. In terms of body mass index (BMI), the average BMI was 33.29 + 7.95, indicating

an overweight population. In terms of body mass index (BMI), the average BMI was 33.29 + 7.95,
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indicating an overweight population. Regarding geographic distribution, participants were recruited
from four regions in Peru: Lima (25.86%), Ica (25.86%), Ancash (25.86%), and Cerro de Pasco
(22.42%). The parity data revealed an average of 1.11 + 1.35 previous births. Regarding amniotic fluid
and placental assessments, the average DVP oligo and AFV oligo values were 1.56 + 0.89 and 2.8 +
1.76, respectively, while the mean DVP poly was 8.72 £+ 1.2, Prevalence of various maternal conditions
in the cohort was notable. Among these, chronic hypertension (15.87%) and gastrointestinal disease
(20.73%) were prominent, while endocrine diseases affected 14.95% of the patients. Cardiac disease
was present in 5.76% of the cases, and 7.45% of the patients had gestational diabetes. Other conditions
observed included hematologic disease (15.03%), neurologic disease (18.13%), and pulmonary disease
(18.04%). Additionally, 12.17% of patients developed pre-eclampsia, while 7.33% had pregestational

diabetes. A small percentage (2.63%) of the cohort experienced preterm labor.

Grid Search

Table 3 shows the results of the Grid Search methodology. For these experiments, based on the Dice

coefficient it was found that the best hyperparameter selection was with a Filter Size of 512 using ReLU.

Table 3: Results of Dice coefficient using Grid Search for hyperparameters tunning

Categorical Cross-Entropy Categorical Focal Jaccard

Filter Size Leaky ReLU ReLU Leaky ReLU ReLU
32 61.46 62.21 64.05 63.45

64 64.04 63.33 66.33 66.56
128 66.51 66.70 72.05 73.96
256 67.35 66.32 73.24 70.22
512 65.49 67.03 75.86 76.33

Leave-One-Out-Cross-Validation

Table 4 shows the results of the sensitivity, specificity, accuracy, Positive Predictive Value (PPV), and

Negative Predictive Value (NPV) on the detection of the head and placenta in Dataset 1. After these
15
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results, a unique final model was trained using this Dataset for further spatial location of the head and

placenta.

Table 4: Results of Sensitivity, Specificity, Accuracy, PPV and NPV of the Leave-One-Out-Cross-

Validation
Sensitivity Specificity Accuracy PPV NPV
Head 0.93 0.98 0.97 0.80 0.99
Placenta 0.74 0.95 0.91 0.80 0.94

Head Presentation

Figure 8.a and Figure 8.b show a representative result of cephalic and breech presentations. Table 5

shows the results of the sensitivity, specificity and Cohen’s kappa coefficient by region in Dataset 2.

Table 5: Results of Sensitivity, Specificity and Cohen’s Kappa Coefficient for Cephalic-Breech

Presentation by region.

Head Presentation

Region Sensitivity (%) Specificity (%) Cohen’s Kappa
coefficient
All sites 98.6 85.7 0.84
Ancash 96.6 50.0 0.46
Ica 100.0 100.0 1.00
Cerro de Pasco 100.0 100.0 1.00

16
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Figure 8. Heat Map Visualization for Cephalic and Breech Presentations in VSI-OB. Figure 6.a, the
heat map shows a case of cephalic presentation, where the centroid is in the lower section of the heat
map, indicating the fetal head's position near the cervix. In Figure 6.b, the heat map represents a
breech presentation, with the centroid in the upper section, corresponding to the fetal head positioned

near the upper abdomen.

Placenta Location

In the case of the placenta, the classes of low-lying, not low-lying, and undetermined were considered
due to the nature of the heatmap. From Dataset 2, only low-lying placenta cases exist. Table 6 shows

the results for this dataset.

Table 6: Results of the algorithm using the class low-lying, no low-lying, and undetermined by

region. In addition, the accuracy and precision were calculated

Region Automatic Placenta Location

Not low-lying ~ Low-lying  Undetermined  Accuracy (%)

17
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Peru (Total)
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HC: 300.82 mm

a)

HC: 317.64 mm

b)

Figure 9. Representative Ultrasound Results with BPD and OFD Calculations Using Multi-Input

Attention U-Net. In both cases, the model's predictions are fitted to an ellipse, outlined in white. The

Biparietal Diameter (BPD) is derived from the ellipse's minor axis and is displayed in green, while

the Occipitofrontal Diameter (OFD) is calculated using the major axis, shown in blue. Head

circumference (HC) is also calculated and displayed at the bottom of each image.

Fetal biometry and gestational age

Figure 9 shows two representative results of two different cases. The prediction of the Multi-Input

Attention U-Net was fitted to an ellipse which is represented in white color. The BPD is calculated by

using the minor axis of the ellipse and the OFD is calculated by using the major axis. These values are

represented in green and blue, respectively. Table 7 shows the results of the metrics in mm of the BPD,

HC and GA from manual annotations and automatic annotations. Figure 10, Figure 11 and Figure 12

18



323  illustrate the statistical analysis using linear regression, Spearman correlation coefficient, and Bland

324  Altman for BDP, HC, and GA, respectively.

325 Table 7: Results of mean + standard deviation of the BPD, HC and GA measured by the manual
326 segmentation realized by a physician and the automatic measurement by the representative frame of
327 the VSI-OB using the proposed algorithm

Physician Automatic Bland-Altman (95% p-value

Measurement Measurement Cl) (p>0.01)
BPD (mm) 85.25+8.32 86.93 +7.09 -1.97 (-8.47,4.52) 0.23
Ancash 85.97+10.84 87.86+9.13 -1.89 (-7.99, 4.21) 0.33
Ica 84.71 £ 6.69 86.11 + 6.35 -1.40 (-7.64, 4.84) 0.44
Cerro de Pasco 84.02 + 6.56 87.77+9.13 -1.88 (-7.99, 4.21) 0.21
HC (mm) 307.63 +£28.10 300.69 + 24.82 5.58 (-26.08, 37.25) 0.05
Ancash 307.80 +38.39 29993 +31.89 7.88 (-15.92, 31.68) 0.16
Ica 304.14 +21.39 300.17 = 24.05 4.26 (-19.75, 28.27) 0.27
Cerro de Pasco 307.33 +£20.57 303.08 = 17.69 3.97 (-38.54, 46.49) 0.40
GA using only 34.67 +3.60 35.16+3.14 -0.48 (-4.12, 3.14) 0.42

BPD (weeks)

Ancash 35.16 +4.63 35.52+391 -0.35 (-3.99, 3.28) 0.84
Ica 34.42 +3.09 34.90 +2.70 -0.48 (-4.23, 3.26) 0.51
Cerro de Pasco 34.38 +2.65 35.04 £2.56 -0.67 (-4.26, 2.92) 0.39
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Figure 10. Statistical Analysis of Biparietal Diameter (BPD) Measurements Using Linear Regression,

Spearman Correlation, and Bland-Altman Plot
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Figure 11. Statistical Analysis of Head Circumference (HC) Measurements Using Linear Regression,

Spearman Correlation, and Bland-Altman Plot
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Figure 12. Statistical Analysis of Gestational Age (GA) Measurements Using Linear Regression,

Spearman Correlation, and Bland-Altman Plot

Inference time analysis

The processing time was analyzed as a direct result in a clinical environment, using the Medical Box as
seen in figure 13 (Medical, Innovation & Technology, Lima, Peru)(25). This device is designed for use
in low-resource settings. For an obstetric patient, the prediction times for the models tested in CPU
mode (since the Medical Box does not have a GPU, making it a low-cost solution) with a test dataset
were as follows: the Al prediction time (8 sweeps, CPU mode, test dataset) was 5.35 + 1.45 minutes,
while the total time, including both pre- and post-processing, was 12.05 £ 3.25 minutes. Therefore, in
a real-world environment, we could achieve a complete workflow result in less than 15 minutes in a

rural area, without adding significant computational overhead such as the use of a GPU.
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Figure 13. Medical Box, proposed device to incorporate in the flowchart. This device can be added in

any commercial ultrasound device.

Discussion

The findings of the presented work support the initial hypothesis that an Al model trained with VSI-
OB data from one clinical site can be effectively applied to other sites when using similar equipment,
reflecting minimal operator dependency and robust generalizability. The high sensitivity and specificity
for breech fetal presentation (98.6% and 85.7%, respectively) indicate reliable detection in varied
environments. This high sensitivity ensures nearly all breech presentations will be accurately identified.
In the case of false positives for cephalic presentations, the clinical risk remains minimal, as subsequent

follow-up by trained healthcare personnel is standard practice, even in low-resource settings.

Similarly, the model’s ability to accurately localize the placenta (83.72% accuracy) underscores its
potential utility for identifying high-risk conditions, such as low-lying placenta. Although these results
suggest promising capabilities for risk stratification, a dedicated study specifically focused on the
detection and differentiation of placenta previa is required to fully validate clinical applicability and

performance in identifying this critical obstetric condition. Furthermore, the close agreement between
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automatically measured fetal biometry (BPD, HC) and physician annotations reinforces the clinical

viability of an integrated VSI-OB + Al approach.

Concerning cephalic and breech presentations, high values of sensitivity and specificity were obtained,
as seen in Tables 4 and 5. These values are comparable with the baseline of twenty-eight cases; from
Dataset 2, eighty-one cases were cephalic and five were breech, and only one cephalic case was
misclassified as breech despite ground truth indicating cephalic. Regarding placental analysis, Dataset
2 contained no placenta previa cases, consistent with its 3—5 per 1 000 incidence worldwide (26), yet
overall placenta detection accuracy reached approximately 90 % as seen in Table 4, and no low-lying
(normal) placenta detection performed robustly (Table 6), with just thirteen scans deemed indeterminate
due to absence of placental views across all sweeps and a single false negative. These outcomes likely
reflect the placenta’s irregular, heterogeneous echogenicity in the third trimester(27), occasional
indistinct placenta—cervix boundaries necessitating transvaginal imaging, and the impact of some
sweeps containing fewer than ten useful frames or lacking heatmap overlap, while the consistent
visibility of the placenta in key sweeps underscores the pipeline’s screening potential. Automated fetal
biometry showed high correlation with physician measurements—particularly biparietal diameter
versus head circumference (Table 7)—surpassing the baseline and yielding gestational age estimates
with a mean difference of 0.48 months (CI —4.12, 3.14), comparable to the 17-day (=0.56-month) third-
trimester error reported by physician measurements(28) without evident regional bias, demonstrating

the clinical viability of the VSI + Al approach for comprehensive prenatal assessment.

Collectively, these outcomes suggest that an Al-driven VSI-OB protocol can be deployed successfully
across different remote regions, thereby advancing equitable prenatal care in resource-limited settings.
This is of particular importance in Peru; for instance, the most populated region in the Peruvian Amazon
is Loreto, which has the lowest percentage (74.5%) of hospital deliveries in the country. In fact, in rural
areas, it is even lower (48.79%)(29). In these areas, such as the Peruvian Amazon, prenatal care often
involves traditional midwives or other healthcare workers. The VSI-OB protocol can be utilized by

these caregivers, enhancing their capacity to provide more comprehensive prenatal assessments without
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the necessity of direct physician involvement. Previous evidence indicates that standardized VSI-OB
training, significantly minimizes inter-operator variability. For instance, ultrasound-naive operators
trained for only 3 hours achieved diagnostic-quality images in 96.4% of examinations, with protocol
deviations affecting diagnostic potential in just 7.7% of cases. Importantly, operator variability

improved notably over time (30).

VSI-OB empowered by Al presents a quick and efficient solution to provide relevant information to
accurately refer risky pregnant patients to the hospital. This work also technically improves our previous
study which is considered a baseline(10). We previously used U-Net as a starting point. However,
Parvathavarthini et al.(31) showed that Attention U-Net generated more accurate results for HC
calculation. In addition, Multi-input Attention U-net outperformed the traditional U-net on open
ultrasound datasets such as BUS 2017 and ISIC 2018(19) in detecting breast nodules and skin lesions
respectively. Based on this, using this new model, we obtained an improvement in the metrics in
comparison with the baseline results from our previous work in both head (0.97 vs 0.91) and placenta
(0.91 vs 0.80) detection(10). The improvement could be achieved due to the deep supervision

mechanism and the focal-Tversky loss; characteristics that differ from original U-NET(19).

Finally, these experiments demonstrated the robustness of VSI-OB when conducted on high-
performance computers with GPUs. Looking forward, the application of VSI-OB in low-resource
settings offers an exciting opportunity for broader impact(2). Based on this it was necessary to deploy
these systems in low-cost devices. Our results, measured with the Medical Box, demonstrate that these
models can run efficiently on low-compute-power hardware, validating their suitability for resource-

limited environments.

Our future work will focus on developing a platform and reporting tool for rapid triage of at-risk
patients. To achieve this, we will extend the VSI-OB pipeline by adding new classes—such as heart
segmentation, amniotic fluid detection and femur segmentation—to enrich automated fetal monitoring,
and by validating the ROI selection and APS on alternative and portable ultrasound systems to support

teleultrasound applications beyond Mindray equipment. We also plan to expand our dataset to include
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first and second trimester scans, increasing case diversity and volume well beyond the current 30
training patients, the small number of breech (six) and the lack of low-lying placenta cases to improve
failure-mode analysis and robustness. Placental segmentation in the third trimester remains challenging
due to its irregular, heterogeneous echogenicity and sometimes indistinct placenta—cervix boundary,
issues that may require transvaginal imaging, while some sweeps contain too few frames or lack
heatmap overlap, and potential errors in automated head-circumference calculation demand careful
validation and refinement of the processing formulas. By addressing these limitations and broadening
both the equipment tested and the gestational stages covered, we aim to enhance the generalizability

and clinical utility of VSI + Al for rural and resource-limited settings.

Conclusion

The findings of this work support the initial hypothesis that an Al model trained with VSI-OB data from
one clinical site can effectively generalize to other clinical sites, as demonstrated by consistent results
across diverse regions using similar equipment. The minimal variability in operator performance further
highlights VSI’s potential as a standardized data collection method, independent of regional differences
or operator experience. High sensitivity (98.6%) and specificity (85.7%) for fetal presentation and
reliable placenta localization (83.72% accuracy) confirm robust algorithmic generalizability.
Additionally, the algorithm's computational feasibility was validated with the low-cost cpu device,
reinforcing its practical applicability in resource-limited rural environments. Overall, our findings
provide a proof of concept that Al-driven VSI-OB protocols could standardize obstetric ultrasound
imaging across diverse regions, thereby promoting equitable access to accurate prenatal monitoring
irrespective of geographic or resource constraints, and lay the groundwork for large-scale deployment

of these protocols.

Availability of data and materials statements

The database used for the analysis in this study was provided by the company Medical Innovation &
Technology and contains proprietary information. Due to the sensitive nature of the data and

confidentiality agreements with the company, the raw data cannot be made publicly available. However,
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