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Abstract
Introduction
Ultrasound-guided rectus sheath block (RSB) requires local anesthetic spread between the posterior surface
of the rectus abdominis muscle and the posterior rectus sheath. Injectate distribution is usually assessed
visually, and standardized quantitative assessment methods have not yet been established. Previous
artificial intelligence (AI) applications in regional anesthesia have primarily targeted anatomical structures;
automatic segmentation of dynamic local anesthetic spread remains underexplored. This exploratory study
aimed to develop an AI model for automatic segmentation of local anesthetic spread during RSB and
evaluate its performance.

Materials and methods
This prospective, single-center observational study included 40 adults who underwent abdominal surgery
and received ultrasound-guided RSB between April 2025 and February 2026. Still images were extracted at
10 frames per second from left-sided RSB videos. Cases were divided equally between training and test
datasets. Experienced anesthesiologists manually segmented the local anesthetic distribution area to create
manually annotated reference masks. A Mask R-CNN (region-based convolutional neural network) model
implemented in Detectron2 was trained on the training dataset. Predicted masks were compared with
reference masks. The primary outcome was the case-level mean Dice coefficient; secondary outcomes were
case-level mean sensitivity and precision. Differences in the Dice coefficient among area groups were
assessed using a linear mixed-effects model with case as a random effect, followed by pairwise comparisons
of estimated marginal means with Holm adjustment.

Results
The training and test datasets contained 3,808 and 4,218 still images from 20 cases each, respectively. In the
test dataset, the median case-level mean Dice coefficient, sensitivity, and precision were 0.822, 0.867, and
0.874, with interquartile ranges (IQRs) of 0.662-0.865, 0.703-0.929, and 0.796-0.911, respectively. The Dice
coefficient differed significantly among area groups (p<0.001), with significantly higher values in the
medium- and large-area groups than in the small-area group and in the large-area group than in the
medium-area group after Holm adjustment.

Conclusion
The AI model demonstrated promising segmentation performance for the local anesthetic distribution area
on ultrasound images obtained during RSB. These findings support the feasibility of AI-based segmentation
of dynamically changing injectate spread and provide a basis for further technical and clinical investigation.

Categories: Healthcare Technology, Anesthesiology
Keywords: artificial intelligence, deep learning, image segmentation, local anesthetic spread, rectus sheath block,
regional anesthesia, ultrasound imaging

Introduction
Rectus sheath block (RSB) is a regional anesthetic technique that targets the terminal muscular and anterior
cutaneous branches of the thoracoabdominal nerves to provide somatic analgesia for midline incisions [1]. It
is widely used for perioperative analgesia in abdominal surgery [1,2] and has been reported to reduce
intraoperative and postoperative opioid consumption and postoperative pain [1,3,4]. RSB is performed by
depositing local anesthetic in the fascial plane between the posterior aspect of the rectus abdominis muscle
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and the posterior rectus sheath, known as the rectus sheath space. Injection outside the intended fascial
plane may result in intramuscular deposition, inadequate spread, and reduced block efficacy [2,5].
Therefore, accurate deposition within the intended plane is essential [1].

During ultrasound-guided regional anesthesia, local anesthetic spread appears as a hypoechoic area and may
be recognized through displacement of surrounding tissues and separation of fascial layers. However,
visibility varies with the spread pattern and echogenic contrast with adjacent tissues, making the local
anesthetic distribution area difficult to identify from standard ultrasound images alone [6]. A previous study
used a mixture containing an ultrasound contrast agent during ultrasound-guided RSB and suggested that
contrast-enhanced ultrasonography may improve visualization of local anesthetic distribution and help
inform decisions regarding additional injection [6]. These findings underscore the need for objective
assessment of injectate distribution during RSB. However, automatic extraction of the local anesthetic
distribution area from standard ultrasound images without contrast agents remains insufficiently
investigated.

Artificial intelligence (AI) applications in medicine have expanded, including clinical applications in
anesthesiology [7,8]. AI-based image analysis techniques have also been applied to ultrasound-guided
regional anesthesia [9]. During these procedures, operators must identify anatomical structures, the needle
tip, and local anesthetic spread on ultrasound images [10]. Even among experienced anesthesiologists,
anatomical identification may be imperfect, and variability in image interpretation has been reported [11].
AI-assisted systems can provide color-overlay displays of structures such as nerves, vessels, fascia, muscles,
bones, pleura, and peritoneum, thereby supporting ultrasound image interpretation and potentially helping
to reduce block failure and complication risk [12,13]. Segmentation models have been developed for the
brachial plexus at the interscalene level and for multiple nerve block regions [14,15]. Such AI-based
visualization is expected to support image interpretation and education [16,17].

Nevertheless, previous AI studies in ultrasound-guided regional anesthesia have primarily focused on
anatomical structures, including nerves, vessels, fascia, and muscles. Automatic segmentation of local
anesthetic spread, a dynamic procedural feature whose size and contour change throughout injection,
remains insufficiently investigated. Therefore, applying AI-based image analysis to ultrasound images
obtained during RSB could enable more objective assessment and quantification of injectate spread.

Accordingly, in this exploratory study, we aimed to develop an AI model for automatic segmentation of the
local anesthetic distribution area on ultrasound images obtained during RSB and to evaluate its
segmentation performance using manual segmentation by anesthesiologists as the reference standard.
Although in the present study we focused on offline post-hoc analysis, the results can be used as an initial
step toward the development of real-time intraprocedural guidance.

Materials And Methods
Study design and patients
This exploratory, prospective, single-center observational study aimed to develop an AI model for automatic
segmentation of the local anesthetic distribution area on ultrasound images obtained during RSB and to
evaluate its segmentation performance. Adults who underwent abdominal surgery at Showa Medical
University Northern Yokohama Hospital between April 2025 and February 2026 and received ultrasound-
guided RSB based on the attending anesthesiologist's clinical judgment were eligible. Ultrasound videos
were recorded during RSB.

For the present analysis, cases in which 20 mL of 0.25% levobupivacaine was administered per side and the
ultrasound recordings were analyzable were included. The study was conducted in accordance with the
Declaration of Helsinki and approved by the institutional ethics committee (Showa Medical University
Research Ethics Review Board; approval number, 2025-0196). Informed consent was obtained using an opt-
out approach.

Ultrasound-guided RSB
Ultrasound-guided RSB was performed using a Sonosite ST ultrasound system (Fujifilm Medical Co., Tokyo,
Japan) with a 15-6-MHz high-frequency linear transducer. The procedures were performed by
anesthesiologists with varying levels of experience, ranging from those in their first year of anesthesiology
practice to board-certified anesthesiologists. All blocks were performed under the supervision of an
anesthesiologist experienced in ultrasound-guided RSB. The local anesthetic solution was prepared by
diluting 10 mL of 0.5% levobupivacaine with 10 mL of normal saline to yield 20 mL of 0.25%
levobupivacaine. A total of 20 mL was administered per side (40 mL bilaterally). A 20-gauge, 80-mm Pencan
II needle (B. Braun Aesculap, Tokyo, Japan) was used. After skin disinfection, the rectus abdominis muscle
was visualized in a short-axis view lateral to the umbilical level, and the posterior aspect of the rectus
abdominis muscle, posterior rectus sheath, and adjacent vessels were identified. The plane between the
posterior aspect of the rectus abdominis muscle and the posterior rectus sheath was defined as the target
plane. The needle was advanced from medial to lateral using an in-plane technique, and its tip was
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positioned in the target plane. After confirming the absence of blood on aspiration, 20 mL of 0.25%
levobupivacaine was injected over approximately 20 s. Ultrasound videos spanning the entire injection
period were saved in Digital Imaging and Communications in Medicine (DICOM) format. Ultrasound depth
and gain were adjusted by the attending anesthesiologist according to routine clinical practice and were not
standardized.

Dataset construction
We included 40 patients in the analysis. To standardize image orientation and procedural conditions, only
ultrasound videos obtained during left-sided RSB were analyzed. Still images were extracted from each
DICOM video at 10 frames per second, saved in Portable Network Graphics (PNG) format, and retained at a
resolution of 864×1,152 pixels. After image extraction and manual segmentation, the first 20 cases for which
annotation was completed were assigned to the training dataset, and the remaining 20 cases were assigned
to the test dataset. All frames from a given case were retained within the same dataset. This process yielded
3,808 images in the training dataset and 4,218 images in the test dataset. No cases overlapped between the
datasets.

Reference standard segmentation
Two anesthesiologists experienced in ultrasound-guided RSB annotated the cases in which they had either
performed or supervised the RSB. Each case was annotated by one anesthesiologist. Before annotation, the
two anesthesiologists agreed on the criteria for identifying the local anesthetic distribution area. Newly
appearing hypoechoic or anechoic regions attributable to local anesthetic spread were considered the
distribution area, and the target area was defined as the local anesthetic spread between the rectus
abdominis muscle and the posterior rectus sheath. Structures such as the needle or muscle tissue located
within the identified distribution area were not excluded from the segmented region. No independent second
review or formal inter-rater reliability assessment was performed. The visible local anesthetic distribution
area was manually delineated on every extracted still image using 3D Slicer (version 5.10.0; Slicer
Community; https://www.slicer.org/). Pixels within each delineated contour were labeled as the local
anesthetic distribution area, generating one mask per image (Figure 1). These masks served as supervised
labels for model training and as manually annotated reference masks for comparison with AI predictions in
the test dataset.
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FIGURE 1: Representative ultrasound image, manual delineation,
reference mask, and AI-predicted mask
(A) Original ultrasound image acquired during ultrasound-guided rectus sheath block.
(B) Manual delineation of the local anesthetic distribution area by an anesthesiologist using 3D Slicer.
(C) Reference mask generated from the manually delineated region in panel B.
(D) Local anesthetic distribution area predicted by the AI model.
The blue outline in panel B indicates the manual delineation, and the blue overlay in panel C represents the
corresponding reference mask. The yellow overlay in panel D represents the AI-predicted mask.
Medial and lateral orientations are shown in each panel. AI, artificial intelligence.

AI model development
Detectron2 Framework

Detectron2 (version 0.6, Meta AI, Menlo Park, CA), an open-source framework for object detection and
image segmentation [18], was used to develop the AI model. The local anesthetic distribution area was
treated as a single target class, and instance segmentation was used to generate pixel-level masks for each
detected region.

Model Architecture and Training

The manually created segmentation labels were converted to Common Objects in Context (COCO)-style
annotations and used to train the Detectron2 model. The architecture was Mask R-CNN [19] with a ResNet-
50 feature pyramid network backbone (R50-FPN), based on the COCO-
InstanceSegmentation/mask_rcnn_R_50_FPN_3x.yaml configuration in the Detectron2 model zoo. Training
was initialized with weights pretrained on the COCO dataset [20]. The local anesthetic distribution area was
the only detection target; therefore, the number of classes was set to one. Training was performed with a
batch size of 25. The initial learning rate was 0.004, and the maximum number of iterations was 2,080. After
a 62-iteration warm-up, the learning rate was reduced by a factor of 0.1 at iterations 1,372 and 1,913. The
workflow for dataset construction, model training, and evaluation is shown in Figure 2.
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FIGURE 2: Workflow for AI model development and evaluation
Still images were extracted from ultrasound videos, manually segmented, and converted to COCO format. Cases
were then assigned to either the training or test dataset at the case level, with all frames from a given case
remaining within the same dataset. The training dataset was used to develop the Mask R-CNN model
implemented in Detectron2, and the test dataset was used to generate the predicted masks and evaluate
segmentation performance using the Dice coefficient, sensitivity, and precision. AI, artificial intelligence; COCO,
Common Objects in Context; R-CNN, region-based convolutional neural network.

Model Evaluation and Outcomes

The trained model was applied to all still images from the 20 cases in the test dataset. Predicted instances
with a confidence score of at least 0.5 were included in the evaluation. If no predicted instance met this
threshold, the predicted mask for that frame was treated as empty.

As Mask R-CNN is an instance segmentation model, it can output multiple predicted instances within a
single frame. Therefore, segmentation performance was evaluated by frame-level binary mask comparison
rather than instance-level assessment. When multiple instances were predicted in a frame, their masks were
merged using a pixel-wise logical OR operation to generate one binary mask. This mask was compared with
the reference mask.

For performance evaluation, the Dice coefficient quantified overlap between predicted and reference masks,
whereas sensitivity and precision characterized false-negative and false-positive detection, respectively.
Each metric was calculated at the pixel level. Pixels predicted by the AI model as part of the local anesthetic
distribution area and included in the reference mask were defined as true positives (TP). Predicted pixels
outside the reference mask were defined as false positives (FP), and pixels in the reference mask that were
not detected by the model were defined as false negatives (FN). The Dice coefficient, sensitivity, and
precision were calculated as 2TP/(2TP+FP+FN), TP/(TP+FN), and TP/(TP+FP), respectively. When the
predicted mask was empty, TP and FP were both 0; therefore, the Dice coefficient and sensitivity were set to
0. Precision was undefined in these frames and was treated as missing.

The primary outcome was the case-level mean Dice coefficient, calculated by averaging the frame-level Dice
coefficients within each case. Secondary outcomes were the case-level mean sensitivity and precision.
Frames with missing precision values were excluded from the calculation of mean precision.

As a supplementary analysis, all still frames in the test dataset were divided into tertiles according to the
pixel area of the reference mask and classified as small-area frames (≤42,124.67 pixels), medium-area
frames (>42,124.67 to ≤80,899 pixels), or large-area frames (>80,899 pixels). The Dice coefficient,
sensitivity, and precision were summarized at the frame level for each group. Frames with missing precision
values were excluded from the corresponding precision summaries. To explore changes in reference mask
area as injection progressed, we identified the last frame in the small-area group and the first frame in the
large-area group for each case. As videos were converted at 10 frames per second and 20 mL of local
anesthetic was injected over approximately 20 s, each successive frame was assumed to represent
approximately 0.1 mL of injected volume under a constant injection rate. Estimated volume was calculated
by multiplying the frame order after injection began by 0.1. Cases without large-area frames were excluded
from calculations involving the first large-area frame and its estimated injected volume.

Statistical analysis
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The Dice coefficient and sensitivity were calculated for each still frame and then averaged within each case.
Precision was averaged within each case after excluding frames with missing values. In the primary analysis,
case-level values were summarized as medians and interquartile ranges. In the supplementary analysis,
frame-level metrics were summarized by area group as medians and interquartile ranges. Differences in the
Dice coefficient among area groups were evaluated using a linear mixed-effects model, with case included as
a random effect to account for repeated frames within cases and area group included as a fixed effect.
Estimated marginal means were used for post hoc pairwise comparisons, with Holm adjustment for multiple
comparisons.

Continuous patient characteristics and image data are presented as mean±standard deviations, whereas
categorical variables are presented as numbers (%). Statistical analyses were performed using R version 4.5.1
(R Foundation for Statistical Computing, Vienna, Austria).

Results
Patient characteristics and image data are summarized in Table 1. Among the 40 patients, the mean age was
59.7±16.1 years, and 23 patients (57.5%) were men. Laparoscopic surgery was the most common approach
and was performed in 33 patients (82.5%). The mean depth from the skin surface to the target plane was
2.0±0.6 cm, and the mean number of PNG images per case was 201±57.

Variables Overall (n=40) Training dataset (n=20) Test dataset (n=20)

Age, years 59.7±16.1 58.4±16.1 61.1±16.4

Male sex 23 (57.5) 14 (70.0) 9 (45.0)

Height, cm 163.2±8.9 166.2±10.1 160.2±6.6

Weight, kg 61.4±9.3 64.0±8.3 58.7±9.7

BMI, kg/m² 22.9±3.0 23.0±2.3 22.9±3.6

ASA PS    

1 6 (15.0) 4 (20.0) 2 (10.0)

2 32 (80.0) 16 (80.0) 16 (80.0)

3 2 (5.0) 0 (0.0) 2 (10.0)

Type of surgery    

   Laparoscopic surgery 33 (82.5) 18 (90.0) 15 (75.0)

   Robot-assisted surgery 6 (15.0) 2 (10.0) 4 (20.0)

   Open surgery 1 (2.5) 0 (0.0) 1 (5.0)

Skin-to-target plane depth, cm 2.0±0.6 2.0±0.4 2.0±0.7

Number of PNG images per case 201±57 190±57 211±51

TABLE 1: Baseline patient characteristics and image data
Values are presented as mean±standard deviation or number (%). BMI, body mass index; ASA PS, American Society of Anesthesiologists physical status;
PNG, Portable Network Graphics.

In the test dataset, the median case-level mean Dice coefficient, the primary outcome, was 0.822, with an
interquartile range (IQR) of 0.662-0.865. The median case-level mean sensitivity and precision, the
secondary outcomes, were 0.867 (IQR, 0.703-0.929) and 0.874 (IQR, 0.796-0.911), respectively (Table 2).
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Metric Median (IQR)

Case-level mean Dice coefficient 0.822 (0.662-0.865)

Case-level mean sensitivity 0.867 (0.703-0.929)

Case-level mean precision 0.874 (0.796-0.911)

TABLE 2: Case-level segmentation performance of the AI model in the test dataset
AI, artificial intelligence; IQR, interquartile range.

In the supplementary analysis, test-dataset frames were classified into the small-, medium-, and large-area
groups based on tertiles of reference mask area, with 1,406 frames in each group. The median Dice
coefficients were 0.735 (IQR, 0.416-0.851), 0.894 (IQR, 0.806-0.932), and 0.935 (IQR, 0.895-0.957) in the
small-, medium-, and large-area groups, respectively. The corresponding median sensitivities were 0.844
(IQR, 0.579-0.944), 0.918 (IQR, 0.821-0.969), and 0.944 (IQR, 0.850-0.972), and the corresponding median
precisions were 0.792 (IQR, 0.577-0.918), 0.903 (IQR, 0.794-0.955), and 0.952 (IQR, 0.920-0.976) (Table 3).

Group No. of frames Median Dice coefficient (IQR) Median sensitivity (IQR) Median precision (IQR)

Small 1,406 0.735 (0.416-0.851) 0.844 (0.579-0.944) 0.792 (0.577-0.918)

Medium 1,406 0.894 (0.806-0.932) 0.918 (0.821-0.969) 0.903 (0.794-0.955)

Large 1,406 0.935 (0.895-0.957) 0.944 (0.850-0.972) 0.952 (0.920-0.976)

TABLE 3: Frame-level segmentation performance by tertile of reference mask area
IQR, interquartile range.
Small area, ≤42,124.67 pixels; medium area, >42,124.67 to ≤80,899 pixels; large area, >80,899 pixels. Precision was calculated only for frames with
calculable values. The numbers of evaluable frames were 1,204 in the small-area group, 1,381 in the medium-area group, and 1,397 in the large-area
group.

The linear mixed-effects model showed a significant effect of area group on the Dice coefficient (p<0.001).
In pairwise comparisons with Holm adjustment, the Dice coefficient was higher in the medium- and large-
area groups than in the small-area group and higher in the large-area group than in the medium-area group
(small vs. medium, p<0.001; small vs. large, p<0.001; medium vs. large, p=0.030).

Small- and medium-area frames were present in all 20 cases, whereas large-area frames were present in 14
cases and absent in six. The last small-area frame occurred a mean of 72 frames after injection began across
all 20 cases. The first large-area frame occurred a mean of 111 frames after injection began among the 14
applicable cases. Under the constant-rate assumption, these time points corresponded to estimated injected
volumes of approximately 7.2 mL and 11.1 mL, respectively.

Discussion
In this exploratory study, we developed an AI model to automatically segment the local anesthetic
distribution area on ultrasound images obtained during ultrasound-guided RSB. Evaluation using 4,218 still
images from 20 test cases yielded a median case-level mean Dice coefficient of 0.822, suggesting promising
segmentation performance.

A previous study of brachial plexus segmentation at the interscalene level reported a mean Dice coefficient
of 0.748±0.190 and described a value near 0.75 as a benchmark for good overlap [14]. Another study
segmenting nerve regions across multiple nerve block sites reported that R2U-Net achieved the highest
performance among the evaluated models, with a mean Dice score of 0.7619 across all target regions [15].
The median case-level mean Dice coefficient in the present study was similar to or higher than those
reported in these previous studies. However, direct comparisons should be interpreted cautiously because
the target structures, model architectures, and imaging conditions differed.

In addition to the Dice coefficient, we evaluated sensitivity and precision. The Dice coefficient measures the
overlap between the predicted and reference masks, whereas sensitivity and precision reflect false-negative
and false-positive tendencies, respectively. These secondary outcomes were relatively high, suggesting that
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the model achieved reasonably balanced performance in detecting the local anesthetic distribution area.

RSB provides analgesia to the anterior midline abdominal wall by depositing local anesthetic between the
posterior aspect of the rectus abdominis muscle and the posterior rectus sheath. Because sensory blockade
depends partly on injectate spread within this fascial plane [1], assessment of injectate distribution is an
important element in evaluating procedural quality. Contrast-enhanced ultrasonography has been reported
to improve visualization of local anesthetic distribution during RSB [6]. The present exploratory study
applied AI-based segmentation to standard ultrasound images. After further technical and clinical
validation, automatic segmentation could support objective recording of the area, shape, and temporal
evolution of injectate spread rather than relying solely on visual judgment. Such information may eventually
assist intraprocedural interpretation, education, and standardized documentation.

Recent AI research in ultrasound-guided regional anesthesia has focused mainly on the automatic
identification and segmentation of anatomical structures [12-15], with potential educational applications
for novice training and instructor support [16,17,21]. AI-assisted color overlays may help operators recognize
anatomy and reduce the risk of block failure and complications [12,13]. Previous segmentation studies have
targeted nerve regions at the interscalene level and across multiple block sites [14,15], suggesting potential
contributions to improved clinical and educational quality [15]. A key novelty of the present study is its
focus on the temporally changing local anesthetic distribution area rather than anatomical structures such
as nerves, vessels, fascia, and muscle layers. We demonstrated that an AI model can automatically extract
the injectate distribution area from ultrasound images obtained during RSB. We used Mask R-CNN with an
R50-FPN backbone, implemented in Detectron2, to extract the local anesthetic distribution area. Detectron2
provides standardized implementations for object detection and image segmentation, facilitating model
development and reproducibility. Mask R-CNN simultaneously detects target regions and estimates pixel-
level masks [19], making it suitable for characterizing the area and shape of injectate distribution within
individual frames. However, because Mask R-CNN processes each frame independently, the present model
does not explicitly use the temporal continuity between successive video frames. The mean inference time
was 54.51±1.97 ms per frame, measured across all frames from the 20 test cases using an NVIDIA A100-
SXM4-80GB GPU. Although this provides an initial estimate of computational performance, further studies
evaluating hardware requirements, temporal stability across consecutive frames, and integration into the
ultrasound workflow are needed to assess the feasibility of real-time use. In clinical implementation, model
performance may be influenced by operator-dependent factors such as probe handling, needle trajectory,
injection technique, and level of experience, and further studies are needed to evaluate its robustness across
different operators.

In the supplementary analysis, frames with larger reference masks had higher Dice coefficients, with the
highest values observed in the large-area group. Across all 20 cases, the last small-area frame corresponded
to an estimated injected volume of approximately 7.2 mL. In contrast, among the 14 cases with large-area
frames, the first large-area frame corresponded to approximately 11.1 mL. This pattern likely reflects greater
visibility of the expanding local anesthetic distribution area as injection progressed, making segmentation by
the AI model easier. However, the estimated volumes were calculated assuming a constant injection rate,
and six cases had no large-area frames. Performance differences may therefore reflect not only injected
volume but also spread pattern, image quality, and imaging conditions. Moreover, contour deviations have a
proportionally smaller effect on overlap metrics when the target region is larger. Because ultrasound
imaging depth was not standardized, reference-mask area measured in pixels does not directly correspond
to the physical area of local anesthetic spread across patients. Therefore, the area-stratified analysis should
be interpreted as an assessment of segmentation performance according to target size within the image
rather than as a comparison of the physical extent of injectate spread. Improving performance during early
injection and in cases where visible spread remains limited despite sufficient injection volume is an
important objective for future model development.

This study should be interpreted in light of several limitations. First, this was a single-center exploratory
study of 40 cases, which limits generalizability. Second, the training and test datasets were obtained at the
same institution, and we did not perform external validation. Third, the procedural and imaging conditions
reflected the practice at a single institution. An 80-mm block needle was selected to provide sufficient length
for an in-plane approach from a medial puncture site near the umbilicus toward the lateral aspect of the
posterior rectus sheath. Only one ultrasound system was used; performance across devices and acquisition
settings remains unknown. Although the analysis pipeline may be transferable to other Digital Imaging and
Communications in Medicine (DICOM)-formatted videos, this possibility requires direct testing. Fourth, no
separate internal validation dataset was established, limiting hyperparameter optimization and formal
assessment of overfitting. Fifth, no cases in which local anesthetic failed to reach the intended target plane
because of unintended intramuscular or intraperitoneal injection were included in the dataset. Therefore,
the ability of the model to distinguish appropriate spread within the intended target plane from unintended
intramuscular or intraperitoneal injection has not been evaluated. Future studies should include such
erroneous injection patterns to assess the model's ability to distinguish appropriate from inappropriate
injectate spread. A key strength and novel aspect of this study is the development of an automatic
segmentation model for local anesthetic spread using real-world RSB videos and anesthesiologist-generated
masks across 8,026 images. The area-stratified supplementary analysis identified conditions under which
performance was stronger or weaker. These findings provide an initial basis for multicenter external
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validation, prospective real-time evaluation, and investigation of whether segmentation outputs correlate
with block quality or clinical outcomes.

Conclusions
This exploratory study developed an instance segmentation model for automatic extraction of the local
anesthetic distribution area from ultrasound images obtained during RSB. The model showed promising
segmentation performance when evaluated against manual segmentation. These findings support the
feasibility of AI-based segmentation of dynamically changing injectate spread and provide a basis for further
technical and clinical investigation.
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