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Abstract: Malnutrition is a prevalent condition associated with adverse health outcomes, requiring
accurate assessment of muscle composition and fat distribution. This study presents a novel method
for the automatic analysis of ultrasound images to estimate subcutaneous and visceral fat, as well
as muscle, in patients with suspected malnutrition. The proposed system utilizes computer vision
techniques to segment regions of interest (ROI), calculate relevant variables, and store data for clin-
ical evaluation. A dataset of abdominal and leg ultrasound images, captured in both longitudinal
and transversal planes, was analyzed. Results showed higher precision for longitudinal scans com-
pared to transversal scans, particularly for length-related variables, with the Y-axis Vastus interme-
diate achieving a precision of 92.87%. However, area-based measurements demonstrated lower pre-
cision due to differences between manual adjustments by experts and automatic geometric approx-
imations. These findings highlight the system's potential for clinical use while emphasizing the need
for further algorithmic refinements to improve precision in area calculations.

Keywords: ULTRASOUND IMAGING; MUSCLE COMPOSITION; MALNUTRITION; IMAGE
SEGMENTATION; COMPUTER VISION; CLINICAL DIAGNOSTICS

1. Introduction

Body composition is a fundamental aspect in determining an individual's health sta-
tus, influenced by environmental, genetic, and lifestyle factors[1]. Health professionals
utilize body composition assessment as an essential tool to measure their patients' nutri-
tional status and to identify and diagnose conditions such as overweight, obesity, malnu-
trition, osteoporosis, and sarcopenic obesity [2]

From the perspective of diagnosing and treating nutrition-related diseases, the iden-
tification and measurement of fat, muscle, bone, and water are critical. Therefore, body
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composition evaluation is a crucial element, involving the separation of an individual's
total mass into fat mass and fat-free mass, where fat-free mass includes muscles, organs,
ligaments, tendons, and water [3].

Ultrasound has established itself as a fundamental tool in clinical medicine due to its
ability to evaluate body tissues and structures. This non-invasive, portable, cost-effective,
real-time technique that does not emit ionizing radiation offers multiple advantages [4],
although it presents the challenge of accurately interpreting the obtained data. Musculo-
skeletal ultrasound is a technique that uses high frequencies to obtain detailed images of
skeletal muscle [6], allowing the observation of hierarchical relationships of soft tissues
and their internal structures, as well as extracting characteristics such as muscle texture
and echogenicity.

The analysis of these ultrasound images provides important clinical variables such
as muscle thickness, the area of subcutaneous fat zones, and other variables directly re-
lated to the patient's health status. These variables allow a precise evaluation of the evo-
lution of certain pathologies. Through ultrasound, it is possible to obtain relevant infor-
mation from variables such as thickness, echo intensity, echo variation, grey-level co-oc-
currence matrices, and echo texture parameters. These variables have been described in
both healthy individuals and those with various diseases [7], [8], [9].

Accurately quantifying both muscle and fat tissue status is essential for assessing a
patient's health status. There is a growing interest in using ultrasound as a tool for body
composition analysis, especially concerning sarcopenia [8]. Although several studies have
suggested its potential, more research is still needed to validate its use in different popu-
lations [7], [10]. Particularly, in malnourished patients, there is a shortage of studies eval-
uating body composition estimation using ultrasound images. Using ultrasound for body
composition evaluation in this population could be promising, as it is a non-invasive and
low-cost technique [11]. Identifying new biomarkers from ultrasound images could help
in the early detection and monitoring of malnutrition and its complications, thereby im-
proving the care and treatment of these patients [12].

The analysis of ultrasound images is a laborious process due to the presence of noise
and the geometric complexity of the structures. Typically, this analysis requires a special-
ist to manually select the area of interest using interactive software, which can lead to
errors, especially in patients with complex body structures. Moreover, this manual
method is not suitable for analyzing large batches of serial images. For these reasons, an
automated analysis method is necessary, allowing specialists to accurately obtain the var-
iables of interest, thus improving diagnoses.

Various methods have been proposed to measure structural parameters through ul-
trasound images, especially muscle parameters. For instance, the MUSA method, pro-
posed by Caresio and Salvi et al. [13], automates the measurement of muscle thickness in
ultrasound images by detecting muscle fascicles using the Hough transform and an itera-
tive heuristic search to identify aponeurosis contours and calculate muscle thickness.
However, noise and the presence of blood vessels can hinder accuracy, and the method
only measures muscle thickness. To address these limitations, TRAMA [14] was devel-
oped, using the Sobel operator and a Gaussian filter to segment cross-sectional ultrasound
images of muscles, improving the identification of aponeuroses.

Zheng et al. proposed an automated method based on segmentation with Residual
Shrinkage-Unet [15], achieving precise and comprehensive measurement of muscle pa-
rameters by eliminating complex noise. On the other hand, Burlina et al. [16] explored the
automatic diagnosis of myositis using deep neural networks, achieving an accuracy of
79.2%. Marzola et al. [17] developed a method for diagnosing abnormal muscles based on
the grey level of the cross-sectional area, achieving a classification accuracy of 91.5%. Zhou
et al. [18] implemented a multitasking model, MMA-Net, for segmenting the cross-sectio-
nal muscle area and classifying abnormal muscles, achieving very high performance.

In general, the aforementioned automatic methods present several problems [15];
they are typically not fully automatic, relying on manual selection of filters or areas of
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interest and are often highly sensitive to images with significant noise or the presence of 100
unusual shapes. 101

In this article, we propose a method for the automatic analysis of ultrasound images 102
based on computer vision. This system automatically segments the area of interest and 103
analyzes the segmented image to automatically extract the clinical variables of interest. 104
This automated analysis method can reduce the diagnostic burden on physicians and pro- 105
vide an effective basis for subsequent treatment. The method is based on the use of com- 106
puter vision and predefined ultrasound zone templates to automatically detect areas of 107
interest. 108

2. Materials and Methods 109

In this article, we propose a method for the automatic analysis of ultrasound images 110
aimed at estimating muscle composition in patients with suspected malnutrition using 111
computer vision techniques. 112

2.1. Data 113

A large volume of anonymized images was compiled from two areas (abdomen and- 114
leg) and two planes (transverse and longitudinal). These images were captured using a 115
commercially available portable ultrasound system with a 4-10 cm linear tube (UProbe 116
L6C Ultrasound Scanner, Guangzhou Sonostar Technologies Co., Ltd., Guangzhou, 117
China). From March to December 2022, consecutive patients aged 18 to 85 years admitted 118
to the medical-surgical departments of the participating hospitals (excluding intensive 119
care units [ICUs]) were eligible for inclusion if they were identified as being at risk of 120
malnutrition during the first week of hospitalization and had provided informed consent. 121

Allimages were obtained from patients at collaborating hospitals [22,23], with ethical =~ 122
approval from the relevant committees. The study protocol was approved by the Ethics 123
Committee for Clinical Research (CEIC) of the Health Council of the Andalusian Health 124
Service (protocol code ALM-DRECO-2021-01, approval date 1 February 2022) and the in- 125
dividual Institutional Review Boards of the participating hospitals. Written informed con- 126
sent was obtained from all patients. 127

Image Acquisition Procedure 128

The following procedure was followed for image acquisition: For the leg images, the 129
patient lay down and the structure was located using the upper edge of the patella and 130
the anterior superior iliac spine. The transducer was placed 14 cm above the patella, cen- 131
tered on the thigh. For transverse scans, the transducer was positioned perpendicular to 132
the muscle fibers, and for longitudinal scans, it was rotated to align with the fibers once 133
the tendon was located. 134

For the abdominal images, the patient also lay down and the midpoint between the 135
xiphoid process and the navel was located. The transducer was placed transversely to the 136
muscle fibers and then rotated to the longitudinal position. 137

2.2. Data Analysis and Processing 138

Once the images are obtained, the Open CV system proceeds with their analysis and 139
processing. An Open CV system refers to a framework or software solution built using 140
OpenCV (Open-Source Computer Vision Library), which provides tools and algorithms 141
for real-time computer vision and image processing. The primary objective of this system 142
is to segment the image into specific regions, calculate the region of interest (ROI), and 143
extract relevant features. Once extracted, the images are automatically stored in a database 144
for subsequent consultation by clinical staff. 145

The images are uploaded to the system, allowing for the analysis of both individual 146
images and batches. The system supports the inclusion of images in. dem, .jpg, .bmp, and 147
.png formats. The image processing involves the following stages: 148
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Image Segmentation 149

Using a predefined code in the image notation, specific areas for segmentation are 150
identified. The image is divided into four main regions: Lateral Leg, Transverse Leg, Lat- 151
eral Abdomen, and Transverse Abdomen. This segmentation is crucial as it allows subse- 152
quent algorithm stages to focus on specific areas of the image, enhancing the accuracy and 153

relevance of the analysis. 154
Image Correction 155
Once segmented, the image undergoes an initial correction process. This process pre- 156
pares the image for further analysis through color conversion and scale adjustments. 157
Conversion to RGB: The initially loaded image is converted to RGB format to ensure 158
a standard color representation. 159

Conversion to Grayscale: Subsequently, the RGB image is converted to grayscale. 160
This conversion simplifies subsequent processing by reducing the amount of information 161
to be handled, focusing solely on pixel intensity. 162

Calculation of the Region of Interest (ROI) 163

The region of interest (ROI) is a specific section of the image containing the relevant 164
data for analysis. The ROI calculation is performed using a threshold-based approach on 165
horizontal and vertical axes. 166

Horizontal Thresholds: The region on the x-axis containing relevant data is deter- 167
mined. This is done by moving from a central position to the left and right, calculating the 168
mean of the data from the central point to the extremes. If the mean falls below a preset 169
threshold, that point is defined as the endpoint of the ROI on the x-axis. 170

Vertical Thresholds: Using the previously cropped image with horizontal thresholds, 171
the region on the y-axis containing relevant data is determined. This is done by moving 172
from a central position upwards and downwards, subsequently calculating the mean of 173
the data as in the previous case. 174

Image Filtering 175

The next step of the algorithm is filtering the image to remove noise and improve 176
data quality. A bilateral filter is used to remove noise while preserving edges. A bilateral 177
filter with a standard deviation for the range distance of 5 and a standard deviation for 178
the color set at 0.1 is applied. 179

Image Normalization 180

Finally, the filtered image is normalized to ensure consistent representation and fa- 181
cilitate subsequent calculations. The image is converted to a range of values between 0 182
and 255. 183

Template Matching and Contour Detection 184

After normalization, template matching and contour detection are performed to 185
identify and delineate the structures present in the image. 186

For contour detection, the binarized image of the ROI is used. This process utilizes 187
the open-source package OpenCV version 4.8.074 in Python 3.10. Subsequently, the de- 188
tected contours are compared with predefined templates for each area. These templates 189
have been previously annotated and extracted from images analyzed by an expert profes- 190
sional. Template matching is performed using the match Template method, with template 191
matching correlation as the comparison method. 192

To enhance system performance, specific constraints are applied. Template detection 193
is performed in both directions: from the lower position (deepest muscle) to the upper 194
position (skin) and from the upper position to the lower position. The detection process 195
ensures that each template is identified within its designated range, considering the 196
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relative positions between templates. For each match found, the corresponding contouris 197
extracted. This approach allows for precise identification and delineation of the structures 198
within each region of interest while ensuring consistency across both search directions. 199
The following figure 1 shows the delimited zones detected using the templates. 200

200

600

800

0 100 200 300 400 500 600 201
Figure 1. Zones detected corresponding to the templates. 202
Calculation of Distances and Areas 203

With the positions of the detected contours, the algorithm proceeds to calculate the 204
relevant distances and areas. Distances between different zones of interest, such as the 205
distance between muscles and skin, are calculated. This involves calculating the distance 206
between the edges of the contours to determine the height. The width is the width of the 207
image, which was previously defined during the initial processing. 208

Once the height and width of the zone are determined, the area is calculated using 209
rectangular and elliptical approximations, depending on the shape of the zone. For ellip- 210
tical areas, the direct least squares method [23] is used to fit the ellipse shape to the image 211

shape. 212
Feature Extraction 213

Finally, the algorithm extracts various variables of interest from the obtained data 214
and the initial image 215
2.3. Variables of Interest 216

In this article, various ultrasound variables have been extracted and classified into 217
two main categories: length and area variables, and image characteristic variables. 218
Length and Area Variables 219

The study includes four types of images: transverse abdomen, longitudinal abdo- 220
men, transverse leg, and longitudinal leg. Length and area variables allow for the quanti- 221
fication of physical dimensions within the images. Table 1 includes the variables depend- 222
ing on the area and cut. 223



Diagnostics 2022, 12, x FOR PEER REVIEW 6 of 14

Table 1. Length and area variables according to cut and zone. 224

Abdomen Leg

Y-axis Anterior Rectus

X-axis Anterior Rectus
Total Subcutaneous Fat .

) . Anterior Rectus Area
Longitudinal Superficial Subcutaneous Fat . i
Y-axis Vastus Intermedius
Peritoneal Fat i

X-axis Vastus Intermedius

Vastus Intermedius Area
Y-axis Anterior Rectus

X-axis Anterior Rectus
Total Subcutaneous Fat
. Anterior Rectus Area
Transverse Superficial Subcutaneous Fat ) )
Y-axis Vastus Intermedius
Peritoneal Fat ) .
X-axis Vastus Intermedius

Vastus Intermedius Area

Image Characteristic Variables 225

In addition to the length and area variables, various image characteristic variables 226
were analyzed for all the mentioned types of images. These variables are based on the 227
textural and statistical properties of the ultrasound images: 228

e Angular Second Moment (ASM): Also known as uniformity or energy, this 229

measure evaluates the repetition and uniformity of gray levels. A high ASM 230
value indicates greater uniformity. 231
e Contrast: Measures the variation in gray levels between neighboring pixels. 232
High contrast indicates a clear distinction between light and dark areas. 233
e Correlation: Assesses the linear dependence between the gray levels of pixels 234
in a specific direction. A value of 0 indicates no correlation. 235
o Dissimilarity: Measures the difference between the gray levels of adjacent 236
pixels. A high value reflects greater variability. 237
e Entropy: Used to evaluate the lack of uniformity in the image texture. Higher 238
entropy indicates lower uniformity. 239
e Histogram: Represents the normalized distribution of gray levels in the im- 240
age, providing the mean of these levels. 241

e Homogeneity: Indicates the similarity between the gray levels of the pixels 242

in the image, being a measure of textural uniformity. 243

2.4. Data Storage 244
The calculated values of the characteristics are returned and stored in a database for 245
further analysis and use in research or medical diagnostics. 246
Interface 247

Once the data is in the database, the end user can query and download all extracted 248
variables through a web interface designed for this purpose. Users can query individual 249
patients or groups based on hospital, visits, regions, cuts, etc. 250
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2.4. Statistical Methods 251

The Bland-Altman analysis method was employed to evaluate the agreement be- 252
tween two measurement techniques. This approach uses a scatter plot to display the dif- 253
ferences between the two methods against their mean, offering a clear view of the agree- 254
ment, bias, and limits of agreement. Statistical analysis and calculations were conducted 255
using RStudio 2023.06.0 Build 421 (Posit Software, PBC, formerly RStudio, PBC. The open- 256
source data science company, located at 250 Northern Ave, Suite 420, Boston, MA, USA 257
02210, 844-448-1212) 258

3. Results 259

The analysis of ultrasound muscle segmentation for subcutaneous and visceral fat, 260
as well as muscle characteristics, yielded the following results. Table 2 summarizes the 261
adjusted precision percentages for each evaluated variable. The variables were compared 262
with manual analysis performed by an expert operator using a modified version of the 263
application that allows for area selection. 264

For the abdominal region, subcutaneous fat measurements showed higher precision 265
in longitudinal scans compared to transversal ones, with subcutaneous fat total reaching 266
71.42% and subcutaneous fat superficial at 68.77%. Precision for peritoneal fat was slightly 267
lower, reaching 63.00%. Transversal cuts in the abdominal region demonstrated consist- 268
ently lower precision, particularly for subcutaneous fat superficial, which reached 55.65%. 269

In the leg region, both longitudinal and transversal scans demonstrated variability in 270
precision. For longitudinal cuts, the Y-axis Rectus femoris achieved a precision of 80.43%, 271
while the precision for the Rectus femoris area was significantly lower at 43.29%. Simi- 272
larly, for transversal cuts, the intermediate area of the Vastus reached only 41.05%, while 273
the Y-axis Vastus intermediate exceeded expectations with a precision of 92.87%. 274

Overall, area analyses show lower precision compared to manual calculations. How- 275
ever, areas such as the Rectus femoris area and subcutaneous fat superficial demonstrated 276
room for improvement, suggesting potential algorithmic refinement or dataset adjust- 277
ments. The figure 2.1 (longitudinal section) and figure 2.2 (transverse section) shown the 278

agreement between two measurements techniques. 279
Table 2. Accuracy of the analysis. 280
Member Section Type Accuracy
Subcutaneous fat total 71.42
Longitudinal Subcutaneous fat superficial 68.77
Abdomen Peritoneal fat 63.0
Subcutaneous fat total 54.3
Transversal Subcutaneous fat superficial 55.65
Peritoneal fat 51.02
Y-axis Rectus femoris 78.73
Transversal Rectus femoris area 28.09

Y-axis Vastus intermediate 81.65

Vastus intermediate area 43.31

Leg Subcutaneous fat 40.82
Y-axis Rectus femoris 83.85
Longitudinal Rectus femoris area 46.33

Y-axis Vastus intermediate 81.39

Vastus intermediate area 36.52
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4. Discussion 296

The proposed method for the automatic analysis of ultrasound images successfully 297
segmented muscle structures and estimated fat composition in patients with suspected 298
malnutrition. The results demonstrate that longitudinal scans generally provide higher 299
precision compared to transversal scans, particularly in measuring subcutaneous fat and 300
muscle axes. For example, the Y-axis Vastus intermediate in the leg region achieved the 301
highest precision of 92.87%, while other variables such as Rectus femoris area and subcu- 302
taneous fat superficial showed significant room for improvement. 303

One key observation is the consistent discrepancy in precision for area calculations 304
when compared to manual analysis performed by expert operators. This can be attributed 305
to the differences in measurement approaches: manual analysis allows precise adjustment 306
of areas, while the automatic method approximates the shapes to geometric figures, such 307
as rectangles or ellipses. These approximations inherently introduce variability and limit 308
the precision of the algorithm in delineating complex anatomical regions. This study un- 309
derscores the importance of incorporating expert-annotated datasets and exploring hy- 310
brid approaches that combine manual and automated analysis to bridge the gap in preci- 311
sion and ensure the method’s clinical applicability. 312

Despite these limitations, the system demonstrated its potential as a reliable tool for 313
estimating relevant variables in ultrasound images, particularly for length-related 314
measures. First, it was conducted exclusively in patients with malnutrition associated 315
with disease, limiting its generalizability to this specific population. Second, while ultra- 316
sound (US) is not widely utilized for assessing muscle mass in patients with disease-re- 317
lated malnutrition (DRM), clinical guidelines recommend its use, and a recent study 318
demonstrated good accuracy of this automatic methods based on IA analysis [24]. Third, 319
the study focused on a single muscle, the rectus femoris. Lastly, the automated method 320
used requires replication and cross-validation with another cohort and comparison 321
against MRI/CT. Despite these limitations, the study has notable strengths: the ultrasound 322
imaging of the RF was meticulously standardized. 323

Future work should focus on refining the segmentation and shape-fitting algorithms 324
to reduce discrepancies in area calculations. Additionally, increasing the diversity and 325
quality of the training dataset could enhance the system's robustness across different pa- 326
tient profiles and ultrasound devices. 327

5. Conclusions 328

In this report, an automated method for the analysis of ultrasound images was de- 329
veloped to estimate muscle composition in patients with suspected malnutrition. The ap- 330
proach leverages computer vision techniques to automatically segment regions of interest 331
and extract clinically relevant variables, reducing manual workload and improving diag- 332
nostic accuracy. The system processes images through stages of segmentation, correction, 333
filtering, normalization, and contour detection, utilizing OpenCV and bilateral filtering. 334
Key variables, including thickness and texture features, are extracted and stored in a da- 335
tabase for clinical use. Despite challenges with noisy or low-quality images, the method 336
shows promise for enhancing the assessment of body composition, particularly in mal- 337
nourished patients. Future research will focus on improving robustness by use of ad- 338
vanced neural networks and the automatic detection of the area and type of scan to elim- 339
inate the need for file annotation. 340
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