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Abstract— The application of ultrasound imaging to the

AQ:1

1

diagnosis of lung diseases is nowadays receiving growing2

interest. However, lung ultrasound (LUS) is mainly limited to3

the analysis of imaging artifacts, such as B-lines, which cor-4

relate with a wide variety of diseases. Therefore, the results5

of LUS investigations remain qualitative and subjective,6

and specificity is obviously suboptimal. Focusing on the7

development of a quantitative method dedicated to the lung,8

in this work, we present the first clinical results obtained9

with quantitative LUS spectroscopy when applied to the10

differentiation of pulmonary fibrosis. A previously devel-11

oped specific multifrequency ultrasound imaging technique12

was utilized to acquire ultrasound images from 26 selected13

patients. The multifrequency imaging technique was imple-14

mented on the ULA-OP platform and an LA533 (Esaote, Flo-AQ:2 15

rence, Italy) linear-arrayprobe was utilized. RF data obtained16

at different imaging frequencies (3, 4, 5, and 6 MHz) were17

acquired and processed in order to characterize B-lines18

based on their frequency content. In particular, B-line native19

frequencies (the frequency at which a B-line exhibits the20

highest intensity) and bandwidth (the range of frequencies21

over which a B-line shows intensities within −6 dB from its22

highest intensity), as well as B-line intensity, were analyzed.23

The results show how the analysis of these features allows24

(in this group of patients) the differentiation of fibrosis with25

a sensitivity and specificity equal to 92% and 92%, respec-26

tively. These promising results strongly motivate toward27

the extension of the clinical study, aiming at analyzing a28

larger cohort of patients and including a broader range of29

pathologies.30

Index Terms— B-lines, in vivo, pulmonary fibrosis (PF),31

quantitative lung ultrasound (LUS).32

I. INTRODUCTION33

RESPIRATORY diseases are among the main causes of34

death and disabilities in the world [1]. A well-known35
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example is represented by the recent COVID-19 pandemic [2]. 36

Another significant group of pulmonary diseases is represented 37

by interstitial lung diseases (ILDs), which comprehend over 38

100 disorders of the lung that often lead to the fibrosis of this 39

organ. Particularly, idiopathic pulmonary fibrosis (IPF), which 40

represents about 30% of ILDs [3], is one of the most common 41

forms of lung scarring and affects approximately 3 million 42

people in the world [4]. However, since pulmonary fibrosis 43

(PF) can derive also from known secondary causes (contrary 44

to IPF, which is a subgroup of PF whose causes are unknown), 45

the overall number of patients affected by PF is likely higher. 46

This disease is generally characterized by a poor prognosis, 47

also due to the delayed diagnosis, which is particularly com- 48

mon in IPF [5]. Therefore, to begin early treatment and slow 49

down the progression of the disease, a timely diagnosis is fun- 50

damental. The high-resolution computed tomography (HRCT) 51

represents the most utilized imaging instrument to derive a PF 52

diagnosis [4], [5]. Nevertheless, the availability of a faster and 53

more accessible preliminary instrumental examination would 54

be extremely useful to better and more rapidly evaluate the 55

state of the lung and direct the patients to the most suitable 56

clinical path. 57

Lung ultrasound (LUS) currently represents an exploitable 58

resource that is potentially able to satisfy the aforementioned 59

requirements [6]. LUS is indeed a cost-effective, safe, and 60

portable technology that allows real-time imaging. Its clinical 61

relevance has been receiving growing attention only since 1997 62

[7]. However, the presence of air, whose acoustic character- 63

istics significantly differs from the soft tissues [8], strongly 64

complicates the use of ultrasound technologies. Standard ultra- 65

sound imaging is indeed designed to anatomically investigate 66

the human body by assuming a quasi-homogeneous speed of 67

sound. Furthermore, the acoustic impedances of soft tissues 68

and air are extremely different, hence creating an interface 69

(pleural line) having a high reflection coefficient [8], [9]. For 70

this reason, the healthy lung behaves essentially as a perfect 71

reflector. As a consequence, ultrasound waves bounce multiple 72

times between two strong reflectors, i.e., the pleural line and 73

the probe, hence generating the horizontal artifacts known as 74

A-lines [6]. In contrast, when the lung becomes pathological, 75

vertical artifacts called B-lines appear in the reconstructed 76

image. The correlation between the appearance of B-lines 77

and numerous pathological conditions of the lung are largely 78
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mentioned in the literature [7], [9]–[13]. These pathological79

conditions are characterized by the partial replacement of the80

lung volume previously occupied by air with fluids or tissue,81

consequently decreasing the acoustic impedance mismatch82

between soft tissues and the lung surface [8], [9]. Particularly,83

this replacement causes the formation of acoustic channels (or84

traps) made of media, such as tissue, water, or blood, where85

ultrasound can propagate, thus generating the aforementioned86

vertical artifacts [6], [7], [9], [14].87

Hypothesis on the origin of B-lines, and their link to the88

presence of acoustic traps, has been discussed since similar89

artifacts were observed in a bubbly medium generated by shak-90

ing soapy water [15], rigid structures surrounded by a homoge-91

neous medium [16], foamy phantoms [17], and bubbly media92

[18]. These studies demonstrate that these artifacts cannot beAQ:4 93

only associated with the presence of very specific anatomical94

structures of the lung (e.g., interlobular septa). On the other95

hand, both the pathological lung and the phantoms described96

in the previously cited literature have in common the presence97

of acoustic traps. Understanding and characterizing the inter-98

action between ultrasound waves and these traps could explain99

the generation of B-lines. Indeed, after having partially trapped100

the energy of the emitted acoustic waves, these traps probably101

act as secondary ultrasound sources, which gradually reradiate102

the energy to the probe [16].103

Nonetheless, the genesis of B-lines still remains unclear104

[19]. Consequently, diagnoses today are only based on the105

visual interpretation of these artifacts and are, thus, subjec-106

tive and qualitative [9], [18]. The so-called semiquantitative107

approaches are mainly characterized by counting the verti-108

cal artifacts which appear in the image and are particularly109

spread in the clinical world [20]–[22]. Moreover, the visual110

recognition of specific ultrasound patterns and the consequent111

introduction of scoring systems for evaluating the state of112

the lung have been recently introduced also in the context of113

the COVID-19 pandemic [23], [24]. Notwithstanding the clear114

potentiality of LUS in investigating the lung, these approaches115

remain strictly dependent on the subjective evaluation of116

physicians.117

Therefore, to provide clinicians with objective information,118

a quantitative characterization of B-lines is needed. Recent119

studies indeed focused on developing ultrasound imaging120

techniques designed for the lung, which aim at providing a121

quantitative measure describing the state of the organ [18],122

[25], [26]. While the study by Zhang et al. [26] was based onAQ:5 123

measuring the surface wave speed on the lung, Demi et al. [18]124

and Mohanty et al. [25] investigated the relationship between125

the multiple reflections of ultrasound waves occurring within126

the acoustic traps and the signal received by the transducer127

[27]. Of particular interest is the characterization of B-lines128

with respect to their frequency spectrum [18], which could129

provide an indirect estimation of both size and shape of130

acoustic traps [28].131

PF represents a disease where the alveolar disposition132

is heterogeneous and completely subverted with respect to133

its normal structure [28]. Therefore, the acoustic traps are134

irregularly distributed and have complex and various shapes,135

differently from other diseases, such as acute cardiogenic136

pulmonary edema, where the original alveolar distribution 137

is almost entirely preserved [28]. These irregularities in the 138

pleural plane could be potentially characterized by a frequency 139

analysis of B-lines, whose spectrum is expected to have a 140

broad bandwidth when generated by heterogeneously sized 141

and distributed traps such as with PF [16]. 142

In this article, the frequency content of the B-lines observed 143

in 26 patients with lung pathologies is quantitatively evaluated 144

by exploiting the multifrequency approach presented in [18]. 145

In particular, this research investigates the potentiality to dis- 146

criminate patients affected by PF by exploiting the frequency 147

dependence of B-lines, which is quantified with a new parame- 148

ter called “total intensity.” This parameter provides a measure 149

of the B-line strength independently of the transmitted pressure 150

amplitudes (assuming that no saturation occurs), which are 151

generally different depending on the transmission parameters 152

(e.g., number of transmitting elements, focal point, and center 153

frequency of the emitted pulse). 154

This article is organized as follows. The utilized equipment 155

and acquisition methods are presented in Section II-A, whereas 156

Section II-B describes the procedure used to extract the 157

total intensity parameter. Section II-C introduces the utilized 158

features and their statistical analysis, whereas Section II-D 159

presents the exploited classifiers. Then, the main results are 160

shown in Section III, and the conclusions are presented with 161

the discussion in Section IV. 162

II. METHODS 163

A. Data Acquisition 164

A multifrequency approach based on orthogonal subbands 165

centered at different center frequencies (3, 4, 5, and 6 MHz) 166

was implemented with an ULA-OP programmable platform 167

[29], which was used together with an LA533 (Esaote, Flo- 168

rence, Italy) linear-array probe to acquire raw RF data from 169

26 patients. This specific set of frequencies was adopted 170

following the results obtained from a study on controlled lung- 171

mimicking phantoms, which showed how analyzing B-lines 172

within this frequency range allowed discriminating between 173

phantom types made to model different levels of lung alter- 174

ation [18], [27]. The utilized probe has a −6- and −12-dB 175

bandwidth from 3.8 to 12 MHz and from 3.2 to 13.2 MHz, 176

respectively. The maximum of the transducer transfer function 177

is at 8 MHz. A Gaussian pulse having a 2-µs time length 178

was transmitted for every center frequency, guaranteeing each 179

subband to have a narrow bandwidth, i.e., 1 MHz at −10 dB. 180

The amplitude of each pulse was properly defined with respect 181

to the probe bandwidth in order to equalize the pressure out- 182

puts. Adopting a strategy based on the transmission of pulses 183

with a narrow bandwidth is indeed fundamental to better 184

detect B-lines and precisely evaluate their frequency spectrum 185

[18]. A dynamic sinc apodization function was utilized. Focal 186

point and maximum imaging depth were set at 2 and 6 cm, 187

respectively. Given that the pleural line generally sits at a depth 188

of about 2 ± 1 cm, this choice allowed the analysis of artifacts 189

for depths up to at least twice the depth of the pleural line. The 190

ultrasound signals were transmitted and received by means of 191

a subaperture of 64 elements, which was linearly shifted over 192
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Fig. 1. Procedure applied to the ultrasound data to compute the total intensity of B-lines. In step 1, a sixth-order bandpass Butterworth filter centered
at the transmitted center frequency and having a 1.8-MHz bandwidth was applied. In step 2, the obtained image was displayed in logarithmic scale
with a 35-dB dynamic range to manually segment the clearest B-line by defining a specific region of interest (ROIB), represented by a white box in
the figure (center). In step 3, the total intensity parameter was computed in ROIB to quantitatively evaluate the B-line strength.

the entire array to reconstruct an image composed of 129 lines.193

This process was repeated sequentially alternating between194

the different center frequencies. A pulse repetition frequency195

(PRF) equal to 4 kHz was utilized. Each image was, thus,196

formed at a frame rate of PRF/129 = 31 Hz, although a frame197

rate of 7.75 Hz was obtained when considering the images that198

belong to the same frequency.199

Given the imaging settings described above, the −12-dB200

lateral resolution measured at focus by means of a wire201

phantom equals 0.81, 0.66, 0.65, and 0.54 mm when imaging202

at 3, 4, 5, and 6 MHz, respectively.203

The received signals were digitized at a 50-MHz sampling204

frequency. To increase the signal-to-noise ratio (SNR), the time205

gain compensation (TGC) was experimentally set by consider-206

ing the dependence of attenuation on both depth and frequency207

[30]. A value equal to 1.5 dB/MHz cm was adopted.208

The examined patients represent a subgroup of a larger209

population of 101 patients, who signed an informed consent210

form to participate in this study (approved by the ethics211

committee for clinical studies: study number 1089—comitato212

etico sperimentazione clinica CEAVNO). Subjects consec-213

utively admitted to the Pulmonary Medicine Unit of the214

Gabriele Monasterio Tuscany Foundation of Pisa in the period215

November 2017–December 2018 were evaluated. No selection216

was made for pathology. Subjects younger than 18 years were217

excluded. During their stay, all subjects underwent thoracic218

ultrasound by a single operator (GS) with more than ten219

years of chest ultrasound experience. The patients were not220

requested to hold their breath during the ultrasound investiga-221

tion.222

Moreover, all patients were investigated for their symptoms223

according to the procedures usually used in the institution224

when indicated, without any restriction, at the discretion of225

the clinician (RP). Instrumental examinations, in addition to226

the physical examination, were standard radiographs, com-227

puted tomography, radioisotopic investigations, and cardiac228

catheterization. Thoracic ultrasound was performed blindly,229

and the operator who performed the ultrasound examinations230

was unaware of the clinical or anamnestic data of the patients.231

Patients had posterior, basal, paravertebral, and apical scans in 232

a sitting position. In the supine position, front and side scans 233

on all explorable areas, including supraclavicular areas, were 234

acquired. Video clips and RF data of the significant findings 235

were stored. 236

In this work, to compose a balanced data set, we selected 237

all the patients diagnosed with IPF and an equal number of 238

randomly selected patients without lung fibrosis. Therefore, 239

the investigated subgroup consists of 13 patients (ten males 240

and three females, with age ranging from 56 to 89 years and 241

the mean equal to 76.8) suffering from IPF (Patient ID from 242

14 to 26) and 13 patients with other diseases (eight males and 243

five females, with age ranging from 55 to 85 years and the 244

mean equal to 74.9), such as chronic obstructive pulmonary 245

disease (COPD) (Patient ID 1, 4, 5, 6, 7, 8, 9, 10, and 13), 246

emphysema (Patient ID 2), pneumonia (Patient ID 3, 4, 7, 13), 247

pulmonary hypertension (Patient ID 8 and 11), and allergic 248

asthma (Patient ID 12). Some of the nonfibrotic patients suf- 249

fered from multiple diseases. Standard clinical examinations 250

(e.g., CT) were performed to derive these diagnoses. 251

B. Quantification of B-Lines’ Intensity 252

B-lines’ intensity was quantitatively evaluated by exploiting 253

the three-step procedure depicted in Fig. 1. In step 1, to min- 254

imize the contributes due to unwanted frequency components, 255

especially the harmonics, a sixth-order bandpass Butterworth 256

filter centered at the transmitted center frequency and having a 257

1.8-MHz bandwidth was applied. This value was empirically 258

chosen as a tradeoff aimed at minimizing pulse distortion and 259

maximizing noise removal. Moreover, the Hilbert transform 260

was applied to extract the envelope, and the image was 261

normalized with respect to its maximum value (displayed 262

at the pleural line). In this way, the variability introduced 263

by different thickness of intercostal layers on the relative 264

amplitude associated with each B-line artifact (which start at 265

the pleural line) is mitigated. In step 2, the obtained image was 266

displayed in logarithmic scale with a 35-dB dynamic range to 267

visually detect the clearest B-lines over the different imaging 268
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frequencies. Each B-line was then manually segmented by269

defining a specific region of interest (ROIB). Given a con-270

secutive block of four images obtained at the four different271

frequencies, the ROI was manually selected from the image272

with the largely extended B-line, starting from 3 mm below273

the pleural line and in order to contain the entire artifact as274

visualized from a normalized image with a dynamic range275

of 35 dB. The same ROI was then utilized for the other276

three images of the block. In the final step, the total intensity277

parameter was used to quantitatively evaluate the strength of278

the selected B-lines. First, an arbitrary threshold was set at279

−35 dB, hence considering only the values above the threshold280

in the computation of the total intensity. This choice was made281

based on the noise level observed with the data. Then, the total282

intensity in logarithmic scale was obtained as follows:283

ITOT = 20 log10

⎛
⎝Apix

∑
i, j

10
ROIB (i, j)

20

⎞
⎠ (1)284

with Apix being the pixel area (equal to 3.6 × 10−3 mm2), i and285

j are the indexes referring to the pixel located in ROIB at the286

i th row and j th column, and ROIB(i,j) represents the intensity287

(in decibels) of the pixel at the i th row and j th column.288

Hence, this new metric introduced the possibility to quantify289

the relevance of a given B-line by considering both the inten-290

sity of the artifact and its spatial extension (implicitly included291

in the total intensity computation by summing all the pixels292

contained in ROIB). Furthermore, thanks to the normalization293

operation (step 1), the dependence of the total intensity from294

the received signal amplitudes is mitigated, hence increasing295

the robustness and the reliability of the analysis.296

A total number of 5980 frames (2944 frames acquired from297

the nonfibrotic group and 3036 frames from the fibrotic group)298

was processed by means of the aforementioned procedure,299

leading to the detection of 1029 B-lines.300

C. Features and Statistical Analysis301

In this study, we have considered three features, namely the302

B-line native frequency [18], bandwidth, and total intensity.303

The first two features correspond to the frequency at which a304

B-line exhibits the highest intensity and the range of frequen-305

cies over which a B-line shows intensities within −6 dB from306

its maximum (when the B-line’s intensity is higher than −6 dB307

for all the investigated frequencies, the bandwidth equals to308

4 MHz). The total intensity is introduced by (1). For each309

patient, multiple B-lines were analyzed with respect to these310

three features.311

To represent each patient as a function of native frequency312

and bandwidth of its B-lines, Gaussian distributions were313

generated. Specifically, we computed the mean value and314

the covariance matrix of the native frequency and bandwidth315

of the B-lines observed in each patient. Successively, for316

visualization purposes, the covariance matrix was scaled by317

a factor of 10. A distribution of multivariate normal random318

numbers was then generated for each patient by means of319

the MATLAB function mvnrnd, given the mean values of320

native frequency and bandwidth, and the covariance matrix as321

inputs. Finally, a normalized multivariate normal probability 322

density function was generated in MATLAB by means of the 323

mvnpdf function, given the previously computed distribution 324

of multivariate normal random numbers, the mean values of 325

native frequency and bandwidth, and the covariance matrix as 326

inputs. 327

To evaluate the performance of classifiers based on the three 328

features introduced in this article, each patient was character- 329

ized with the mean values of native frequency, bandwidth, and 330

total intensity of its B-lines (the average values of the B-lines 331

observed in the patient). We referred to these parameters as 332

“mean native frequency,” “mean bandwidth,” and “mean total 333

intensity.” 334

To evaluate the statistical significance of each feature, 335

an analysis of variance (ANOVA) test was performed between 336

the fibrotic and nonfibrotic groups. In particular, the mean 337

parameters were investigated. 338

The ANOVA tests were performed by means of the MAT- 339

LAB function anova1. 340

D. Classifiers 341

To objectively evaluate the potentiality of the mean native 342

frequency, mean bandwidth, and mean total intensity for 343

discriminating fibrotic patients, we trained and tested two 344

different well-known classifiers, i.e., support vector machines 345

(SVMs) with Gaussian kernels [31] and decision trees [32]. 346

More specifically, both the SVMs and decision trees classifiers 347

were implemented in MATLAB by means of the fitcsvm and 348

fitctree functions, respectively. Each classifier was trained and 349

tested by using k-fold cross validation, with k ranging from 350

2 to 26, where 26 is the number of samples (patients) in the 351

data set. Since k-fold cross validation strictly depends on the 352

randomly chosen groups, we performed a repeated k-fold cross 353

validation by repeating 20 times the cross validation process 354

for each value of k. Then, the performance results (accuracy, 355

and specificity and sensitivity with respect to the fibrotic 356

group) were averaged to obtain more objective measures 357

of performance. To evaluate the classifiers’ performance by 358

testing all the possible combinations of the aforementioned 359

features, the process was repeated seven times, i.e., by testing 360

each feature separately, each couple of features, and the three 361

features together. Finally, an empirical evaluation with respect 362

to the classifiers’ parameters was performed, and the SVM 363

(BoxConstraint and KernelScale, set to 10 and 1, respectively) 364

and the decision tree (MinParentSize set to 10) having the 365

best accuracy were chosen. Moreover, an empirically defined 366

binary classifier was introduced to show the best performance 367

achievable with this data set. This classifier was defined by 368

visually observing the samples’ distribution in a bidimensional 369

plot with the mean native frequency and bandwidth as coor- 370

dinates and setting two bounds (lower and upper) for each of 371

these two features. Successively, to achieve the best specificity, 372

an additional empirical upper bound was defined for the mean 373

total intensity. Since the empirically binary classifier perfectly 374

overfit the data set, it obviously outperforms the SVM and the 375

decision tree. The scope of this classifier is in fact to show 376
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Fig. 2. Number of B-lines for each patient. The patients with ID from 1
to 13 (blue bars) are diagnosed as nonfibrotic, whereas the patients with
ID from 14 to 26 (red bars) are diagnosed as fibrotic.

what the best achievable performance for this data set is and377

not to define a reproducible classification criterion.378

III. RESULTS379

A. B-Lines’ Initial Evaluation380

Fig. 2 shows how many B-lines were detected for each381

patient, highlighting the difference between the patients suf-382

fering from PF (611 B-lines) and the others (418 B-lines).383

Indeed, even though the number of B-lines is generally greater384

in patients suffering from PF, some of these patients (ID 14,385

15, and 16) present a low number of artifacts. Fig. 3 (top and386

center) shows how the distributions representing the fibrotic387

patients are located within a specific range of native frequency388

and bandwidth, whereas the group of patients affected by389

other diseases is more heterogeneous and covers a larger390

range. To evaluate the possibility to discriminate the fibrotic391

patients from the others, each patient was represented as a392

point in a 2-D plane with the mean native frequency and mean393

bandwidth as coordinates (see Fig. 3 at the bottom). Then,394

a binary classifier was empirically defined so that the patients395

with the mean native frequency between 3.95 and 5.00 MHz396

and the mean bandwidth between 2.3 and 3.5 MHz are397

classified as fibrotic. Despite the simplicity of this classifier,398

a sensitivity approximately equal to 92% and a specificity399

about 77% were achieved. To further improve the classification400

performance, the mean total intensity was evaluated. Indeed,401

the literature suggests that B-lines probably originate from402

acoustic traps, whose characteristics depend on the pathologies403

affecting the lung parenchyma [28]. In particular, in PF, these404

traps are composed of fibrotic content, whose attenuation405

is significantly higher than fluids, such as water and blood.406

Hence, it is expected that B-lines would generally show a407

lower intensity in fibrotic patients [28], as observable in Fig. 4.408

This concept is further confirmed by the histograms of the total409

intensity depicted in Fig. 5 (top). The mean of the histogram410

representing the nonfibrotic patients is indeed significantly411

higher (−0.64 dB) than fibrotic patients (−4.76 dB). As a412

consequence, to exclude patients with more intense B-lines,413

a threshold empirically fixed at 1.6 dB was applied to the mean414

total intensity. The introduction of this new discrimination415

criterion allowed the correct classification of six nonfibrotic416

patients, two of whom were previously misclassified. There-417

fore, as observable in Fig. 5 (bottom), thanks to the mean total418

Fig. 3. Gaussian distributions representing the 13 fibrotic patients
(top) and the 13 nonfibrotic patients (center). The Gaussian distributions
were generated by considering the mean native frequency, the mean
bandwidth, and the covariance matrix of native frequency and bandwidth
of B-line artifacts. The covariance matrix was divided by a factor of 10
to improve the visualization. The 26 patients are jointly depicted in the
2-D plot (bottom), where the x-axis and the y-axis represent the mean
native frequency and the mean bandwidth of the B-lines observed in each
patient, respectively. The patient IDs are written near the corresponding
points. The patients within the black box are classified as fibrotic by the
empirically defined binary classifier.

intensity evaluation, the specificity increased from about 77% 419

to approximately 92%. 420

B. Classifiers’ Performance 421

Fig. 6 shows the performance of the selected classifiers 422

(SVM and decision tree) in discriminating fibrotic patients 423
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Fig. 4. Multifrequency images of the fibrotic patient labeled with ID 16 (top) and the nonfibrotic patient labeled with ID 7 (bottom). The regions of
interest (ROIB) that were used to compute the total intensity are represented as white boxes. The images are shown with a 35-dB dynamic range.

from the other group. The best accuracy was obtained when the424

decision tree was used. In particular, the maximum accuracy425

(76.9%) was achieved by exploiting the mean native frequency426

(singular feature) or the mean native frequency together with427

the bandwidth (multiple features) as parameters. The SVM’s428

accuracy trend is similar, even though the achieved accuracy429

(maximum value equal to 74% when only the mean native430

frequency was used as feature) is lower than for the decision431

tree. The performance of both the decision tree and the SVM432

decreases when all the features were exploited (maximum 433

accuracy about 72.5% and 68.3%, respectively). This accuracy 434

decrement is likely due to the higher complexity of the model, 435

whose discrimination power hardly increases with such a low 436

number of samples. The decision tree’s sensitivity is generally AQ:6437

higher than the SVM (maximum sensitivity is, respectively, 438

about 75.8% with the mean native frequency and mean total 439

intensity as features and 71.5% with only the mean native 440

frequency as feature), whereas its maximum specificity is 441
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Fig. 5. Histograms of the total intensity for fibrotic (red bars) and
nonfibrotic (blue bars) patients are depicted on the top. The occurrence
represents the number of B-lines as a function of the total intensity
(x-axis). The 2-D plot (bottom) represents the patients as a function of the
mean native frequency and mean bandwidth of the B-lines observed in
each patient after the application of a 1.6-dB threshold to the mean total
intensity. The nonfibrotic patients are reduced to 7, with a consequent
increase of specificity to 92%. The patient IDs are written near the
corresponding points. The patients within the black box are classified
as fibrotic by the empirically defined binary classifier.

lower than the SVM (respectively, about 86.64% and 92.24%442

with the mean total intensity as feature).443

C. Features’ Statistical Analysis444

The p-values obtained by performing the ANOVA test445

to compare the overall difference between the fibrotic and446

nonfibrotic groups are 0.0236, 0.3190, and 0.0056 for the mean447

native frequency, mean bandwidth, and mean total intensity,448

respectively.449

IV. CONCLUSION AND DISCUSSION450

Due to its portability, cost-effectiveness, and safety, lung451

ultrasonography represents nowadays a key instrument to452

provide clinicians with important information on the state453

of the lung surface. The aforementioned characteristics make454

LUS extremely useful especially in emergency and critical455

care settings [6], such as in the monitoring of COVID-456

19 pneumonia [23], [24]. The potentials of LUS in supporting457

clinicians during the diagnostic process have been studied458

since the 1990s, when, for the first time, the vertical artifacts459

known as B-lines were observed in patients with alveolar460

interstitial syndrome [7].461

B-lines appear generally different in the presence of dif-462

ferent pathological conditions of the lung [6]. For example,463

the possibility to qualitatively differentiate cardiogenic from464

Fig. 6. Performance of the selected SVM and decision tree is shown. The
accuracy, sensitivity with respect to the fibrotic group, and specificity with
respect to the fibrotic group are represented as error bars in blue, red,
and green, respectively. The upper and lower values of each error bar
represent the maximum and minimum values of accuracy, sensitivity, and
specificity obtained by varying k parameter of k-fold cross validation. The
points of the error bars represent the average value of the performance
obtained by averaging the performance values obtained with k-fold cross
validation, with k ranging from 2 to 26. The x-axis represents the features
exploited in the selected model, where A is the mean native frequency, B
is the mean bandwidth, and C is the mean total intensity. When multiple
features were exploited, a comma is used in the x-axis to separate them
(e.g., A, B).

pneumogenic interstitial syndrome is well recognized in the 465

literature [6]. The appearance of B-lines is indeed different in 466

these two groups of pathologies, likely due to different shape 467

and size of the acoustic traps that form on the diseased lung 468

surface [28]. 469

The characteristics of acoustic traps could be detected by 470

analyzing the frequency spectrum of B-lines [16], which were 471
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already proved to be frequency dependent [18]. Of particular472

interest is the discrimination of patients affected by PF, which473

is characterized by more attenuated and diffused B-lines,474

probably due to the heterogeneity and composition of acoustic475

traps [28].476

In this article, we have presented a study investigating477

the potentials of a B-line frequency characterization method478

with respect to the differentiation of patients affected by PF.479

We exploited the multifrequency approach introduced in [18],480

which provided images of the same region acquired with481

four different center frequencies. The raw RF data acquired482

from 26 patients, half of whom affected by PF, were then483

processed and the total intensity parameter was extracted to484

quantitatively evaluate the B-line intensity. To characterize all485

the 1029 B-lines, the total intensity was evaluated as a function486

of frequency, hence determining the native frequency and the487

bandwidth of each B-line.488

The results show differences between the vertical artifacts489

observed in fibrotic patients with respect to patients affected by490

other diseases (Figs. 3 and 4). Indeed, while fibrotic patients491

are more homogeneously distributed within a specific range492

of native frequencies and bandwidths (native frequency near493

the average of the investigated frequency range, i.e., 4.5 MHz,494

and bandwidth within 2.3 and 3.5 MHz), the other group is495

characterized by a more heterogeneous distribution covering a496

wider range (Fig. 3). This is consistent with the pathological497

conditions affecting the two groups of patients. The nonfibrotic498

patients are in fact affected by different diseases (e.g., pneumo-499

nia, COPD, and pulmonary hypertension), whereas the fibrotic500

patients are specifically characterized by their histopatholog-501

ical pattern, which is almost unique. The heterogeneity of502

the nonfibrotic group is further confirmed by the total inten-503

sity histogram (Fig. 5 at the top), whose standard deviation504

is relatively higher (6.9 dB) compared to the other group505

(4.9 dB). Moreover, the mean total intensity of all the B-lines506

representing fibrotic patients is significantly lower (−4.76 dB)507

than the mean value of the nonfibrotic group (−0.64 dB). This508

difference is likely associated with the physical composition of509

acoustic traps, which, in several diseases different from PF, are510

generally consisted of less attenuating media (e.g., water and511

blood) than fibrotic tissue [8], [9]. As further confirmation, the512

introduction of a threshold to the mean total intensity allowed513

the specificity of the empirically defined binary classifier to514

be improved up to 92% (+15% compared to the binary515

classification that consider as discriminating parameters only516

the mean native frequency and bandwidth).517

The discrimination power of the three features (native518

frequency, bandwidth, and total intensity) is reported by the519

statistical analysis. When investigating the overall differences520

between the PF and non-PF populations, a p-value equal to521

0.0236, 0.3190, and 0.0056 for the mean native frequency,522

mean bandwidth, and mean total intensity was obtained,523

respectively. Considering a threshold to p-values at 0.05, both524

the native frequency and total intensity are significant for525

discriminating the two groups. Differently, the bandwidth is526

not. Furthermore, the statistical analysis’ results seem to be527

consistent with the performance achieved by the SVM and528

decision tree (Fig. 6), where the native frequency has the529

strongest discrimination power, followed by the total intensity 530

and finally the bandwidth. 531

In conclusion, the quantitative evaluation of B-lines by 532

means of both the multifrequency analysis and the total inten- 533

sity is potentially able to discriminate fibrotic patients. These 534

promising results could open to the definition of an ultrasound 535

imaging technique specifically designed for the lungs. How- 536

ever, there exist cases where the artifactual pattern is similar 537

to fibrotic patients and, hence, the analyzed discrimination 538

parameters (total intensity, native frequency, and bandwidth) 539

are not sufficient. As a consequence, further investigation 540

is necessary. Of particular interest could be the analysis of 541

patients with specific diseases, such as cardiogenic pulmonary 542

edema (CPE), that show artifactual and histopathological pat- 543

terns extremely different from fibrotic patients. Through the 544

evaluation of a larger group of patients affected by PF and 545

another group of patients affected by CPE, the potentiality of 546

the method described in this article could be further explored. 547
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