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Abstract

Junctional hemorrhage has a high fatality rate due to how difficult it is to control rapid
bleeding from major vessels. The available methods to stop junctional blood loss are prone
to placement errors as well as failure during transport and during prolonged field care. On
the battlefield, medical imaging with a portable ultrasound can be leveraged for visualiza-
tion of the underlying tissue and application of compression at the anatomical junction to
effectively stop blood flow. In this work, we developed Al models for anatomical land-
mark tracking using a perfused human cadaver model. These AI models were paired with
an end-user clinical application to guide proper placement and compression, improving
junctional hemorrhage control on the future battlefield. The trained U-Net semantic seg-
mentation model demonstrated strong performance across predictions for both validation
and hold-out, blind subjects. Overall pixel accuracy across the dataset was 98.9% for train-
ing and 98.6% for blind subjects. The artery and vein predictions achieved the highest
class-specific training intersection-over-union scores, both at 0.73. This segmentation model
trained to interpret human tissue provides evidence that ultrasound visualization can help
guide compression at anatomical junctions. Future work will focus on improving blind
performance for implementation of this Al model into closed-loop control of hardware
prototypes, delivering real-time predictions and control.
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1. Introduction

Junctional hemorrhage control continues to be a major challenge in trauma situations
due to rapid bleeding from major vessels and limited effective resources to promptly stop
blood loss [1,2]. In contrast to extremity hemorrhage, where the widespread prehospital
use of circumferential tourniquets has had a positive effect on mortality reduction, these
tools are not applicable to anatomical junctions such as the groin, axilla, or neck [3-5]. In
these regions, the current standard of care for hemorrhage control is limited to manual
application of pressure, wound packing, and specialized tourniquets that are tailored for
the anatomy [6,7]. These methods, however, are prone to failure due to improper placement,
slippage during transport, operator fatigue, and risk of re-bleed, all of which are more
prevalent in austere environments where prolonged care may be required prior to definitive
medical care [4,8-10].
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To improve the efficacy of prolonged occlusion at anatomical junctions, recent research
has explored the possibility of using ultrasound technology for tissue compression [10]. By
utilizing an ultrasound transducer as the device with which to compress the vessel, the
medical provider can visualize the underlying anatomy, ensuring alignment of the vessels
with a hard, osseous surface to effectively occlude flow [11]. The precise alignment can
readily be achieved and recognized by a skilled and experienced sonographer, but this
skill-level may not be readily available at the point of injury, where hemorrhage control
is most critical. For instance, a user inexperienced in ultrasound interpretation may need
to manage hemorrhage control in a remote or battlefield environment. In these situations,
there is a need for automated analysis of the ultrasound scan to readily guide intervention
and provide clinical decision support [12,13].

For medical image interpretation, artificial intelligence (Al) has become a widely used
approach that can provide assistance by highlighting anatomical structures [14,15]. Al for
ultrasound image interpretation can take many implementations from classification models
to identify injury states, object detection models that can provide bounding boxes over
regions of interest, and segmentation models that provide pixel level detailed labels. Image
classification models have been used in ultrasound imaging applications for malignant
tumor classification [16], obstetric applications [17], and point-of-care ultrasound triage
applications [18]. However, image classification does not provide spatial information within
the ultrasound image about where features are present, making them less useful for guiding
a user to the proper occlusion site. Object detection has been used for tracking lesions [19],
fetal properties [20], and guiding needle placement for various applications [21,22]. While
object detection provides location and approximate geometrical properties, the bounding
boxes cannot accurately track irregular object shapes or angles accurately.

As such, for this hemorrhage control application, image semantic segmentation pro-
vides a superior level of interpretability, by delivering a pixel-by-pixel description of the
anatomy in view. Segmentation models can make use of fully convolutional networks
(FCNs), encoder-decoder architectures, transformer-based models, or even foundational
model types [23]. FCN models mark the initial semantic segmentation models, wherein
convolutional output layers export spatial pixel-level maps [24,25]. These models have
been used for tracking colorectal [26] or brain [27] tumors from MRI images and catheter
segmentation from ultrasound images [28]. FCNs often have low resolution outputs and
are less widely used for medical imaging applications. Encoder-decoder architectures use a
contracting path (encoder) to identify image features and an expanding path (decoder) to
provide precise feature location. These model types are widely used for medical imaging
applications, with U-Net being the most well-known architecture [29] that continues to be
widely used for various applications such as classifying stroke risk based on plaque build-
up [30], guiding vascular robotic interventions [31], and assessing proximity of shrapnel
to anatomical structures [32]. U-Net is lightweight but is built on convolutional models
that struggle to track global feature relationships [33]. U-Net++ was proposed to introduce
additional dense short-range connections to improve feature tracking [34]. Furthermore,
U-Net has been modified with transformer and attention mechanisms to better track global
trends across images [35]. For example, TransUNet [36,37] has been used for tracking brain
tumors [38], and Swin-UNet [39] has been used for medical device placement tracking
within the Inferior Vena Cava [40]. Each of these improvements suffers from similar chal-
lenges, primarily that larger datasets are required to properly train these models. The
final segmentation model type is foundational models pre-trained on large diverse image
datasets, allowing for zero-shot learning of new applications through interactive model
training [33]. The most common foundation model is Meta’s segment anything model
(SAM) that is built with an encoder-decoder and transformer architecture with a 1 billion
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mask dataset [41]. While a promising advancement, SAM is heavily biased by its prompt
and higher order transfer learning is needed to achieve clinical accuracies as described in
other recent studies [33].

A segmentation mask delineating the features of interest generated by an Al model
is ideal for guiding junctional hemorrhage control and further implementation within
novel tourniquet designs. The segmentation Al model can provide both dynamic guidance
to the correct anatomical location and then assessment of vessel compression to achieve
occlusion. For initial application of these models with limited datasets U-Net was selected,
for proof-of-concept, as it is widely used and less data intensive compared to other semantic
segmentation model types.

Previous work has shown how paired Al models can track occlusion [42] and be
integrated with hardware prototypes [43] as a prototype for ultrasound-based junctional
tourniquets. However, these studies utilized tissue-mimicking phantoms which have
limited anatomical complexity and subject variability compared to human tissue, lessening
the translation-level for these technologies. Further, these prior studies used a combination
of classification and object detection Al models instead of a single segmentation model.
Here, we show how a sole segmentation AI model can be used to track anatomical features
and vessel compression in the femoral region of a perfused human cadaver. We hypothesize
that a segmentation model trained on high-fidelity human anatomical data can robustly
identify the artery, vein, and underlying osseous landmarks with sufficient accuracy to
guide automated compression. By establishing the visual interpretation of the automated
system, this work lays the foundational logic required for a closed-loop, robotic junctional
tourniquet capable of functioning autonomously in pre-hospital trauma environments.

2. Materials and Methods

The work described in this article encompasses data capture from a perfused human ca-
daver model to an Al-guidance application to track junctional compression as summarized
in the flow diagram on Figure 1 and detailed in the subsequent sections.

[ (A) Data Capture and Preparation (B) Segmentation Model Training (C) Junctional Compression Logic

N N\ N

Perfuse the femoral region of Dataset split for training, Find bone edge, artery, and
the human cadaver model validation and blind testing vein prediction centroids

l l

Collect multiple ultrasound Train U-Net model with Test for anatomical alignment
scans with features of interest balanced class weights with horizontal threshold

l l

Generate pixel masks for each Determine performance with Use vertical threshold and
anatomical feature of interest class accuracy and IOUs height to track compression

J \ J J

Figure 1. Flow diagram of methods to develop a segmentation model to guide junctional compression.
Overall steps taken are detailed for each stage of the work: (A) data capture and preparation,
(B) segmentation model training, and (C) junctional compression logic application development.

2.1. Perfused Human Cadaver Model

A human research determination was submitted along with a request for OHARO
approval for regulatory oversight of image capture in the human cadaver model. Once
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all approvals were obtained, prospective ultrasound data was collected from recently
deceased, consented, serologically screened (negative), fresh (never frozen), unembalmed,
human specimens without external evidence of previous vascular surgery or injury to the
femoral area.

The perfused cadaver model was set up with both arterial and venous flow. For
arterial access, a 4-5 cm longitudinal incision was created medial to the femur, within the
adductor canal, to gain access and appreciate the femoral artery. Visualization of the artery
was accomplished with blunt dissection, isolation, and subsequent elevation. Following
elevation, a finder needle and guidewire (Teleflex, Wayne, PA, USA) were inserted cephalad,
using the Seldinger technique, followed by dilation and placement of a Triple-Lumen
Central Venous Catheter (Teleflex, Wayne, PA, USA). The arterial catheter was then sutured
into position where, once secured, the catheter was connected to a LifeFlow (410 Medical,
Durham, NC, USA) rapid infusion syringe pump system to generate manual pulsatile
arterial flow. Ultrasound color flow and Doppler were then utilized to confirm catheter
placement and dynamic flow in the femoral junction region.

For venous access, a 2 cm vertical incision was made anterior to the medial malleolus,
offering visual appreciation and access to the greater saphenous vein. The vein was then
isolated with blunt dissection and elevated. Following elevation, a finder needle and
guidewire (Teleflex, Wayne, PA, USA) were inserted cephalad, followed by placement of a
7 Fr Cordis Introducer Sheath (Teleflex, Wayne, PA, USA). The sheath was then sutured
into position and connected to a LifeFlow (410 Medical, Durham, NC, USA) rapid infusion
syringe pump system to manually generate steady venous flow. Ultrasound color flow was
also used to confirm catheter placement and dynamic flow in the region of interest.

2.2. Ultrasound Data Capture

All ultrasound scans were captured with a portable ultrasound system (L7 HD3 Linear
Scanner, Clarius, Vancouver, BC, Canada) at the femoral junction region as three 10 s clips
for various motions around the inguinal crease. For each motion, the scan capture started
with the major artery and vein aligned with the bone. These motions included a lateral
swipe, a vertical sweep, cranial to caudal tilting, lateral rocking, light compressions, and full
compressions. During the light compression motion, the femoral junctional area was lightly
compressed approximately three times within each clip duration, wherein the vein collapsed
under pressure but the artery maintained patency. In contrast, during the full compression
clips which attempted to achieve complete flow stop using the ultrasound transducer
to apply pressure, fully collapsing both vessels against the underlying osseous surface.
Occlusion was confirmed with a secondary ultrasound in the abdomen, downstream of the
direction of fluid flow in the perfused human cadaver model.

2.3. Dataset Preparation

All data processing and scripts were performed and written using MATLAB. To
prepare the data for curation, the ultrasound scans for each motion were merged into a 30 s
video and downsampled to every 5th frame to streamline the data annotation process. The
processed videos were imported into MATLAB video labeler (2024b, Mathworks, Natick,
MA, USA) application along with the label definitions template. The definitions included
pixel labels for: (i) major artery, (ii) major vein, (iii) any vessel branches, (iv) bone edge,
(v) where the ultrasound probe had no contact with the skin, and for the compressed
(vi) artery and (vii) vein. These last two labels were reserved for when the secondary
ultrasound had confirmed flow stop for the full compression motion scans. Once datasets
were fully annotated, all labels were verified before further processing. A script was written
to process the downsampled video and extract frames to match each frame with an existing
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pixel label, generating a directory of matching frames and pixel label data ready for use in
Al model training. Added functionality allowed to generate the directory specifying what
classes to include.

2.4. Segmenatation Model Development

A semantic segmentation U-Net architecture was trained to generate prediction masks
for multiple classes [44]. Approximately 15% of the dataset, or 3 complete subjects, were
separated from training as a blind holdout group. For the remaining subjects, the dataset
was split 85:15 training to validation from the total remaining images and paired to their
respective pixel label masks before resizing both to 512 x 512 pixels. A detailed breakdown
of total images by use, yields: 12,009 images for training, 2119 images for validation, and
2519 images for testing; all testing images were from three independent subjects while
training and validation images were both from the other 19. All training was performed
using MATLAB (v. R2024b, Mathworks, Natick, MA, USA) on a computer with Windows 11
Pro operating system, Intel Xeon Gold processor and a PNY NVIDIA RTX A6000 graphics
card with 48 GB of video RAM. The U-Net architecture was 4 layers deep with 64 encoder
filters, and had a total of 31 M trainable parameters. Training used the Adaptive Moment
Estimation (adam) [45] as the architecture optimizer, with an initial learning rate of 1 x 103
using a piecewise schedule to reduce the rate by a factor of 10 every 10 training epochs.
To improve model generalizability, data was shuffled prior to every epoch, and training
was allowed up to a maximum of 100 epochs with a validation patience of 5 epochs set as
an early stop criterion, which would halt training if validation accuracy did not improve
for five consecutive epochs. Validation was performed every 371 iterations to ensure at
least one validation check per epoch and using a batch size of 32. In addition, some model
iterations were trained with an added U-Net pixel classification layer to account for class
imbalance, using the median frequency of each pixel to balance class weights [46] which
utilizes a weighted cross-entropy loss function. The hyperparameters used during model
training were selected based on previous experience using U-Net for interpretation of
ultrasound images [32], and modified based on available computational power.

2.5. Model Performance Evaluation

The predictive performance of trained segmentation models was assessed on both
the validation data and the blind holdout data described above. Model predictions were
compared against the corresponding ground truth pixel masks for each anatomical class
and the overall video frame. True positive, true negative, false positive and false negative
classifications were determined at a pixel level and were analyzed globally and for each
class of the testing dataset. The target pixel accuracy goal for blind predictions was set
at 85%, evaluating the models’ overall capability to differentiate the anatomical features
of interest from the background. Recognizing that these features of interest are a small
percentage of the total image, a secondary metric intersection-over-union (IOU) was used
to evaluate the spatial overlap between the prediction and the ground truth mask. The
target IOU threshold was set at 0.5.

2.6. Clinical Logic for Junctional Compression

For evaluating the clinical application of the Al model, an algorithm was written to
retrospectively process videos and determine if anatomical vessel features were aligned
with the bone edge, followed by tracking vessel compression. To do this, the trained
segmentation model was used to generate prediction masks for all the blind subject videos.
Then, resulting predictions for the bone edges, arteries and veins were processed to measure
the centroid of each prediction and its height. With this information, a series of logic gates
were used to determine proper anatomical alignment of the vessels and underlying bone.
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The first logic step determined whether the bone was centered in the frame, defined as
threshold within the central, horizontal 40% of the image. If not, instructions would be
displayed to slide the probe left or right, depending on where the bone prediction was
identified. When no bone prediction was found, the display would instruct to reposition
probe at or near the inguinal crease.

Once the bone was aligned in the center, the script assessed for any vessel prediction,
artery or vein, to test for anatomy alignment. If the vessels were found, the script would
trigger compression; otherwise, it would suggest fanning the probe while keeping the
bone centered to potentially detect any vessels. Finally, when both criteria were met, and
compression initiation triggered, the algorithm would keep track of the vertical distance
traveled by the bone prediction and the height of the vessel prediction(s), which should
decrease during effective compression. If the bone reached a vertical threshold in the image,
the compression was considered successful. If at any point the bone traveled to its original
position or the height of the vessel prediction increased, then the compression action ended.
Retrospective ultrasound scans for several subjects were analyzed through the compression
algorithm to evaluate the functionality of the developed logic.

3. Results
3.1. Dataset Description

Ultrasound scans were captured in 23 re-perfused human cadavers of which 22 datasets
were annotated after curation; one subject was excluded from data annotation and further
use due to poor visibility of the anatomical features of interest in the captured ultrasound
scans. The average age of the population was 77 years, and there was a near equal split be-
tween female and male subjects. In total, 16,647 frames were labeled across the six motions
capture including seven classes: major artery, major vein, vessel branches (as a single label),
bone edge, no contact from ultrasound probe (at the top of the image), compressed artery,
and compressed vein, where appropriate. As expected, the overwhelming majority of pixels
in the dataset pertained to the background at 97.1%. Excluding the background, the bone
edge was the most prevalent category at 32.5% of labeled, non-background pixels, followed
by vein at 27.8%. A summary table of pixel distribution by class labeled is included in

Table 1. Example labels for all classes are shown in Figure 2 from different motions.

Figure 2. Representative annotated frames. Frames from the rocking (A,B) and full compression
(C) motions are shown to illustrate the various classes labeled. In yellow is the bone edge, lighter red
for the artery, lighter blue for the vein, green for the vessel branch, orange for areas where ultrasound
probe had no contact, darker red for compressed artery, and darker blue for compressed vein. Depth
of ultrasound imaging for the shown frames was enhanced in each image for clarity.
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Table 1. Pixel distribution by class. Summary of pixel counts and percentages including or excluding
background to highlight the pixel distribution for each annotated class.

. Pixel Percentage, Pixel Percentage,

Class Pixel Count With Backgrouid No Backgrom;gd
Artery 3.97 x 107 0.523% 18.042%
Vein 6.10 x 107 0.804% 27.721%
Vessel Branch 4.14 x 107 0.545% 18.814%
Bone Edge 7.16 x 107 0.943% 32.538%
No Probe Contact 458 x 10° 0.060% 2.081%
Compressed Artery 9.31 x 10° 0.012% 0.423%
Compressed Vein 8.37 x 10° 0.011% 0.380%

Background 7.37 x 10° 97.101%

3.2. Segmentation Model Performance

The U-Net model demonstrated strong performance across predictions for both vali-
dation and the hold-out subjects. Overall pixel accuracy across the dataset was 98.9% for
training and 98.6% for blind subjects. Global metrics were noticeably higher than class-
specific performance for both training and blind datasets. Acknowledging the role of the
background class in these metrics, class-specific scores are reported in Table 2. The artery
and vein predictions achieved the highest training class-specific IOU scores, both at 0.73,
with a noticeable decline for the blind subjects at 0.41 and 0.31, respectively. The classes
with the worst accuracy and IOU scores were compressed artery and compressed vein
with training accuracies of 32.5% and 3.6% as well as IOUs of 0.26 and 0.03, respectively.
These values show a large difference from the overall training and blind metrics which
were skewed by the background class, i.e., the IOU score for the overall data set was 0.98
for both training and blind subjects.

Table 2. Segmentation model performance metrics. Summary of accuracy and IOU scores for the
global dataset and each class for training and blind hold-out datasets.

Class Training Training Blind Blind
Accuracy IOU Scores Accuracy IOU Scores

Background 99.5% 0.99 99.6% 0.99
Artery 84.0% 0.73 48.1% 0.41
Vein 81.8% 0.73 38.6% 0.31
Vessel Branch 62.5% 0.55 11.5% 0.10
Bone Edge 76.9% 0.63 72.3% 0.54
No Contact (Probe) 84.5% 0.69 34.0% 0.29
Compressed Artery 32.5% 0.26 0.64% 0.00
Compressed Vein 3.6% 0.03 0.05% 0.00
Global Pixel Metrics 98.9% 0.98 98.6% 0.98

For the functional application of the segmentation Al model the classes of focus were
artery, vein, and bone edge, since these were the main drivers of the compression and
alignment logic. Among these classes, the Bone edge was the only class to supersede a
0.5 IOU score for blind predictions, achieving 0.54. Although the blind IOU scores for
the other classes are below 0.5, qualitative assessment of the predictions showed general
tracking of the relevant features (Figure 3).
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Bone Edge: 0.76
:0.49
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:0.73
Bone Edge: 0.28
:0.59

Vessel Branch: 0.00

Figure 3. Predicted anatomical features for a blind subject. Shown are representative predictions for
the blind subjects with predicted mask (left) and ground truth mask (right) along with IOU scores for
each predicted class for frames with: (A) IOUs around 0.5, (B) above average IOUs for all classes, and
(C) a missed vessel branch and below average bone prediction. Depth of ultrasound imaging for the
shown frames was enhanced in each image for clarity.

3.3. Junctional Compression Guidance Application

To translate the predicted segmentation masks into actionable guidance for junctional
compression, the center and boundaries of the anatomical features were extracted from the
predictions. Testing at this stage was constrained to the lateral swipe, light compression
and full compression motions for proof-of-concept evaluation of the guidance logic. The
post-processing algorithm successfully calculated the center of the bone, artery and vein
predictions, across the retrospectively tested videos. The average error of the centroid
of each class for the blind subject predictions was 15.33, 18.36, and 11.58 pixels for each
class, respectively. For purposes of this evaluation, both artery classes (compressed and
normal)were merged, as well as both vein classes. A functional display of the video analysis
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(A)

ANATOMY ALiGNED: START COMPRESSION

P——

shows the horizontal bounds of the bone prediction to be qualified as in the center of the
image (Figure 4A). Text in the top of the video playback displays if the bone is centered
or if the ultrasound probe needs to slide left or right (Figure 4). Another horizontal line
represented the threshold distance for vertical travel of the bone edge prediction when
performing compression.

COMPRESSING...

Figure 4. Representative visual output of the compression guidance. In the display output, (A) the
user is shown a horizontal center threshold (white dotted lines) to consider the anatomy aligned and
thus inform the user to begin compression. (B) An occlusion zone vertical threshold (in red) monitors
compression. For the images shown, the predicted masks for the artery are in red, vein in blue, and
bone in yellow. Depth of ultrasound imaging for the shown frames was enhanced in each image
for clarity.

4. Discussion

The continuity of hemorrhage as a leading cause of death following trauma requires
innovative solutions to help stop the bleed at the point of injury [47]. Junctional hemorrhage
is known to be particularly difficult to control, which is why a smart, adaptive intervention
can greatly reduce the burden of care for these types of complex injuries. The utilization
of ultrasound for aiding this technical gap leverages an already well-known, portable
medical imaging technology, integrated with automated interpretation Al models [48]. This
provides the end-user visualization during positioning and occlusion, as well as continuous
monitoring if prolonged use is required.

The primary finding of this work is that a semantic segmentation model can accurately
identify key anatomical structures for guiding femoral compression using a portable
ultrasound system. This work specifically evaluated performance of a segmentation model
instead of classification or object detection because of the ease-of-interpretation provided by
delineation of anatomical landmarks. A classification model would only provide an overall
assessment of the entire image returning a categorical output without any visualization. An
object detection model does provide a bounding box around each object of interest found
but lacks the detail of a pixel-by-pixel prediction mask. This additional level of detail is
key when the Al model has two very important tasks: identifying and aligning anatomical
landmarks to then analyze vessel patency to track compression.
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The trained U-Net model achieved and surpassed the threshold performance metrics
for the training dataset; however, this was not true for the blind dataset. The lower IOU
scores for the blind prediction indicate that the model did not have enough training data to
generalize predictions for the various features. A larger training dataset would provide
more robust model training, and introduce sufficient biological variability to improve blind
performance, which will be pursued in future work. However, the trained model was
able to achieve the expected performance metrics thresholds within the training dataset.
Despite the lower blind performance metrics, the Al model predictions could demonstrate
the compression guidance logic was able to identify the three classes of interest, determine
alignment, and trigger compression. This is likely due to the bone being the primary
driver of anatomical alignment and compression tracking, with an IOU score of 0.54. As a
proof-of-concept, these results show that a segmentation model can be used for both tasks,
as opposed to having to swap between Al models for anatomical feature detection and
then for tracking compression. This methodology can be successfully implemented when
the final task of the second model is a diagnostic decision that would not require hardware
control [49]. For this initial study, we only focused on a single U-Net model architecture
which may not be optimal for this application. A wide range of semantic segmentation
models have been developed, and, while U-Net is strong performing consistently, it has
less global context compared to transformer model types [33]. Future work will evaluate
other segmentation model architectures to further improve on model performance.

Demonstrating an AI model capable of interpreting human tissue from re-perfused
human cadavers “moves a step closer” to clinical applications from previous work done in
tissue-mimicking phantoms [43]. Tissue-phantoms have a purpose for benchtop modeling,
allowing to implement new, experimental techniques before evaluating in preclinical or
clinical models [50]. However, there is a known limitation of phantom models lacking the
heterogeneity of human tissue, which is captured in the cadaver model [51]. Nevertheless,
the diverse data set captured for this work has its own inherent limitations. Because of
the nature of the population the demographics are skewed towards older individuals
who sometimes had calcified plaque visible in their vessels. While the ultimate goal
is to have a generalized model that can provide accurate intervention guidance for the
widest population possible, the trauma-prone demographic is often younger, e.g., military
personnel. A benefit of the re-perfused model is that it provided a controlled developmental
environment where the motions of interest can be isolated from the dynamic nature of
live-human physiology. Establishing this baseline functionality in biological tissue serves
as proof-of-concept for functionality of the Al-based clinical application.

5. Conclusions

This study demonstrates the feasibility of utilizing a semantic segmentation model to
guide automated junctional hemorrhage control in human tissue. Even with a small dataset
and generalizability challenges, the Al model was able to both find anatomical alignment
and track vessel compression. Future work will focus on improving blind performance
of this single segmentation Al model for implementation into a closed-loop control of
a hardware prototype, delivering real-time predictions and mechanical control, to treat
junctional hemorrhage injuries at or near the point of injury.
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