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Abstract 

Posterior acoustic shadowing is a key diagnostic feature in ultrasound imaging of calcified 
lesions, such as gallbladder and kidney stones. However, conventional assessment relies 
primarily on qualitative interpretation, and its underlying structural characteristics re-
main insufficiently quantified. This study aimed to quantitatively characterize posterior 
acoustic shadows using wavelet-based texture analysis and to investigate their diagnostic 
relevance across different expert-defined shadow confidence groups. Ultrasound B-mode 
images were analyzed from gallbladder stone and kidney stone datasets. Regions of in-
terest (ROIs) were extracted from gallbladder and kidney stone images across three 
shadow confidence levels (50–60%, 60–80%, and >80%), and multi-scale wavelet features 
were computed. The results demonstrated a substantial reduction in high-frequency com-
ponents with increasing attenuation. Total detail energy decreased by approximately 80% 
in the gallbladder group and 55–60% in the kidney group from low to high shadow con-
fidence levels. Similarly, normalized ratios (Edetail/approx and Edetail/total  showed consistent de-
creases, with inter-group differences of approximately 2.3–2.5-fold at 50–60%, which con-
verged to negligible levels (<2.4% difference) at >80%. These findings suggest that wave-
let-based energy distributions may provide acoustically interpretable quantitative de-
scriptors of posterior shadow formation in ultrasound stone imaging. 

Keywords: posterior acoustic shadow; wavelet transform; frequency-domain analysis;  
attenuation characterization; gallbladder and kidney stones; ultrasound imaging 
 

1. Introduction 
Ultrasound imaging is widely used as a primary diagnostic modality for detecting 

calcified lesions such as gallbladder stones and kidney stones due to its real-time capabil-
ity, cost-effectiveness, and non-ionizing nature [1,2]. Among the various sonographic fea-
tures, posterior acoustic shadowing is considered one of the most important diagnostic 
indicators, particularly for identifying highly attenuating structures. This phenomenon 
arises when ultrasound waves encounter a strong acoustic impedance mismatch, leading 
to significant reflection and attenuation of the transmitted signal, and resulting in a char-
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acteristic dark region distal to the structure [3]. Posterior acoustic shadowing is funda-
mentally governed by acoustic wave interactions at and beyond highly attenuating struc-
tures. When an ultrasound beam encounters a stone, acoustic impedance mismatch be-
tween the stone and surrounding soft tissue produces strong reflection at the interface. In 
addition, absorption and scattering within the stone and at its irregular boundary reduce 
the amount of acoustic energy transmitted to deeper regions. These processes collectively 
generate a distal hypoechoic region, which is visually recognized as posterior acoustic 
shadowing. Importantly, this shadow is not merely a uniform dark region; rather, it rep-
resents the cumulative effect of reflection, absorption, scattering, beam geometry, and fre-
quency-dependent attenuation. Clinically, the presence and appearance of acoustic shad-
ows are frequently used to differentiate pathological conditions and estimate lesion prop-
erties such as size and composition [4]. However, despite its diagnostic importance, pos-
terior acoustic shadowing is still predominantly assessed qualitatively, relying heavily on 
operator experience and subjective interpretation. This limitation introduces variability 
and reduces reproducibility, particularly in borderline or low-contrast cases. 

From a physical perspective, posterior acoustic shadowing is not merely a homoge-
neous low-intensity region but rather a complex phenomenon influenced by multiple 
acoustic interactions, including absorption, reflection, scattering, and beam-related arti-
facts [5]. Ultrasound images inherently contain speckle patterns, which arise from the con-
structive and destructive interference of backscattered waves from sub-resolution scatter-
ers [6,7]. Although speckle has traditionally been regarded as noise, it has been increas-
ingly recognized as a meaningful signal that reflects underlying tissue characteristics and 
structural heterogeneity [8,9]. Furthermore, shadow regions may still contain residual 
speckle, reverberation effects, and system noise, leading to non-uniform intensity distri-
butions and subtle texture variations [10]. These observations suggest that posterior 
acoustic shadows may encode additional structural information beyond simple attenua-
tion, motivating the need for quantitative approaches capable of capturing such complex-
ity. 

Several studies have attempted to quantitatively analyze posterior acoustic shadow-
ing using intensity-based statistics, probabilistic modeling, and texture analysis [11,12]. 
However, most existing approaches rely primarily on spatial-domain features, such as 
mean intensity, entropy, or gray-level co-occurrence matrix (GLCM)-based descriptors 
[13]. These methods are inherently limited in capturing multi-scale structural variations, 
as ultrasound images exhibit frequency-dependent characteristics arising from the inter-
action of attenuation, scattering, and speckle [14]. Moreover, many previous studies im-
plicitly assume that posterior acoustic shadows are homogeneous regions, which neglects 
the presence of residual high-frequency components within the shadow. Importantly, 
these limitations indicate that posterior acoustic shadows cannot be fully characterized 
using spatial-domain features alone, as they inherently involve frequency-dependent 
structural variations. Therefore, an image-domain analysis framework is required that can 
separately quantify low-frequency components reflecting broad attenuation-related inten-
sity variation and high-frequency detail components reflecting residual speckle, edge-like 
structures, and local heterogeneity within posterior acoustic shadow regions. In this 
study, these frequency components refer to spatial-frequency information extracted from 
B-mode images by wavelet decomposition, not to the transmitted ultrasound center fre-
quency. 

To address these limitations, this study proposes a wavelet-based quantitative frame-
work for characterizing posterior acoustic shadow regions in ultrasound images. The dis-
crete wavelet transform (DWT) provides a multi-resolution decomposition of the image 
into approximation (low-frequency) and detail (high-frequency) components, enabling 
simultaneous analysis of global intensity patterns and fine structural variations [15]. In 
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the context of ultrasound imaging, the approximation component primarily reflects the 
overall attenuation and brightness distribution, whereas the detail components capture 
edge information, speckle patterns, and high-frequency structural variations. Wavelet-
based texture analysis has been widely used in medical image processing for capturing 
multi-scale structural information [16]. By computing quantitative features such as total 
detail energy, total approximation energy, and their normalized ratios, the proposed 
method aims to quantify the relative contribution of high-frequency content within 
shadow regions. This approach allows for a more comprehensive representation of 
shadow characteristics compared to conventional intensity-based methods. 

The novelty of this study does not lie in the development of a new wavelet transform 
or an ultrasound-specific wavelet basis. Rather, the contribution of this work is the acous-
tically interpretable application of wavelet energy distributions to posterior acoustic 
shadow regions, which remain primarily assessed by qualitative visual interpretation in 
routine ultrasound practice. By focusing on the internal frequency-domain structure of 
posterior shadows, this study investigates whether attenuation-related shadow patterns 
can be objectively quantified and related to expert-defined shadow confidence levels and 
anatomical stone location. Unlike previous approaches that primarily focus on shadow 
detection or segmentation [17], this work emphasizes the quantitative characterization of 
shadow structure itself. The ultrasound data analyzed in this study were two-dimensional 
B-mode grayscale images. In these images, posterior acoustic shadowing is usually inter-
preted visually based on reduced brightness and morphological appearance. Wavelet-
based quantification provides a multi-scale image-domain representation and allows 
broad attenuation-related intensity patterns and fine-scale structural components to be 
evaluated separately. Intensity-based descriptors, including ROI mean intensity, standard 
deviation, and entropy, were included as baseline spatial-domain features rather than as 
complete clinical diagnostic comparators. The purpose of this comparison was not to sug-
gest that clinical ultrasound interpretation relies on mean intensity alone, but to evaluate 
whether simple global intensity statistics are sufficient to characterize posterior shadow 
structure compared with multi-scale wavelet energy descriptors. Ultimately, this frame-
work has the potential to enhance diagnostic accuracy, reduce operator dependency, and 
contribute to the development of more robust computer-aided diagnosis systems in ultra-
sound imaging [18]. 

2. Materials and Methods 
2.1. Ultrasound Data Acquisition and Clinical Stratification 

All ultrasound images were acquired using a clinical diagnostic ultrasound system 
(LOGIQ S7 R3 Expert, GE Healthcare, Chicago, IL, USA) equipped with a wide-band con-
vex transducer (C1–5-D, bandwidth of 2–5 MHz). To ensure consistency and reproduci-
bility across examinations, a standardized abdominal imaging protocol was applied 
throughout the study. The center frequency was set to approximately 3.5 MHz. The field 
of view was 69°, and the imaging depth ranged from approximately 10 to 14 cm depend-
ing on patient anatomy. All examinations were performed using a standardized ab-
dominal preset to ensure consistency across acquisitions. To minimize variability, key im-
aging parameters including focal zone placement, overall gain, time gain compensation 
(TGC), and dynamic range were maintained as consistently as possible throughout all ex-
aminations. The overall gain was set to approximately 65–70%, and the dynamic range 
was approximately 60 dB. A consistent TGC profile was applied across all scans. 

Ultrasound data were collected between 2022 and 2023 from patients with suspected 
kidney or gallbladder stones. The final image-level dataset consisted of 52 kidney stone 
ultrasound images and 66 gallbladder stone ultrasound images. All images were inde-
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pendently reviewed and verified by two physicians and three sonographers and were cat-
egorized into three expert-defined shadow confidence groups according to the degree of 
posterior acoustic shadowing: low confidence, corresponding to a 50–60% expected diag-
nostic probability; intermediate confidence, corresponding to a 60–80% expected diagnos-
tic probability; and high confidence, corresponding to an expected diagnostic probability 
of >80%. The number of images in each group was as follows: kidney stones, low confi-
dence n = 14, intermediate confidence n = 23, and high confidence n = 15; gallbladder 
stones, low confidence n = 10, intermediate confidence n = 21, and high confidence n = 35. 
These expert-defined confidence groups were used as reference categories for evaluating 
wavelet-based posterior acoustic shadow features [19]. For gallbladder examinations, pa-
tients underwent routine fasting protocols to ensure adequate organ distension, while 
kidney imaging included both longitudinal and transverse scanning planes. Only frames 
in which both the echogenic focus and its corresponding posterior acoustic shadow were 
clearly visualized were selected for analysis. All images were independently reviewed by 
two physicians and three certified sonographers, each with more than 10 years of experi-
ence in abdominal ultrasonography. The reviewers confirmed the presence of stones and 
evaluated posterior acoustic shadow characteristics based on established clinical criteria. 
In routine clinical practice, posterior acoustic shadowing is a key sonographic feature of 
calcified structures, and its visual properties—such as intensity, continuity, and spatial 
extent—are commonly used as indirect indicators of stone composition and diagnostic 
certainty. 

To systematically incorporate this clinical knowledge into the analysis framework, a 
shadow-based diagnostic confidence classification scheme was adopted. Rather than re-
lying on model-derived probabilistic outputs, diagnostic confidence levels were defined 
based on expert visual assessment of posterior acoustic shadow characteristics. The clas-
sification criteria were defined based on the morphological and intensity characteristics of 
the posterior acoustic shadow region distal to the suspected stone. Low-confidence cases 
exhibited weak, discontinuous, or poorly defined attenuation patterns, often limited in 
axial extent and susceptible to speckle interference. Intermediate-confidence cases 
showed a continuous but partially attenuated shadow aligned with the echogenic focus, 
although its boundaries were not sharply defined. High-confidence cases demonstrated a 
well-defined, homogeneous hypoechoic region extending distally from the stone, with 
clear lateral boundaries and strong contrast relative to surrounding tissue. This qualitative 
grading scheme is conceptually consistent with conventional weak–moderate–strong 
shadow classifications and was mapped to structured confidence ranges to facilitate sys-
tematic evaluation. These expert-defined confidence labels were subsequently used as ref-
erence categories for evaluating the performance of the proposed automated framework. 

In this study, wavelet-based quantification was applied exclusively to two-dimen-
sional B-mode grayscale ultrasound images. No radiofrequency ultrasound data or other 
imaging modalities were included in the present analysis. 

2.2. Wavelet-Based Quantification of Posterior Acoustic Shadow 

Figure 1 illustrates the proposed wavelet-based analysis framework and representa-
tive transformed image features. The framework consists of posterior acoustic shadow 
ROI selection from B-mode ultrasound images, ROI normalization, two-dimensional dis-
crete wavelet transform, and extraction of wavelet-based and intensity-based quantitative 
features. To visually demonstrate the DWT process, representative B-mode shadow ROIs 
and their corresponding approximation and detail subband images were added. The ap-
proximation subband represents broad low-spatial-frequency intensity variation, 
whereas the detail subbands represent high-spatial-frequency components, including re-
sidual speckle, edge-like structures, and local heterogeneity within the posterior acoustic 
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shadow region. After that, the rear shaded area is extracted (128 × 128 pixels) according to 
the determined region of interest (ROI) size. When ROI normalization was enabled, the 
extracted ROI was standardized by z-score normalization and then rescaled to the range 
of [0, 1]; otherwise, intensity values were directly normalized to [0, 1]. The ROI size was 
empirically selected by the research team to ensure consistency. To analyze the frequency 
characteristics of ROIs, a two-dimensional discrete wavelet transform (2D-DWT) was ap-
plied [20]. A two-level 2D-DWT was performed using the Haar mother wavelet. The 
wavelet type, decomposition level, ROI size, and preprocessing procedure were fixed for 
all images to ensure comparability across groups. The 128 × 128 ROI was placed distal to 
the echogenic stone focus along the posterior acoustic shadow axis while avoiding adja-
cent anatomical boundaries whenever possible. In the present framework, the terms low-
frequency and high-frequency refer to image-domain spatial-frequency components de-
rived from the two-dimensional discrete wavelet transform, rather than to different trans-
mitted ultrasound frequencies. The approximation subband represents broad, slowly var-
ying intensity patterns within the posterior acoustic shadow region, whereas the detail 
subbands represent fine-scale spatial variations, including residual speckle, edge-like fluc-
tuations, and local heterogeneity. These wavelet-derived spatial-frequency features were 
interpreted as indirect image-domain representations of acoustic shadow formation, in-
cluding attenuation, scattering, and frequency-dependent suppression of residual signal 
components. The DWT decomposes an input image into subbands corresponding to dif-
ferent frequency components and spatial orientations. Given an input image 𝐼(𝑥,𝑦), the 
first-level 2D-DWT produces four subband images: 𝐼(𝑥,𝑦) ଶୈିୈ୛୘ሱ⎯⎯⎯⎯⎯ሮ {𝐿𝐿ଵ, 𝐿𝐻ଵ,𝐻𝐿ଵ,𝐻𝐻ଵ}, (1)

where 𝐿𝐿ଵ, 𝐿𝐻ଵ, 𝐻𝐿ଵ, and 𝐻𝐻ଵ are low-frequency component approximation, horizon-
tal detail, vertical detail, and diagonal detail, respectively. Second-level 2D-DWT divides 𝐿𝐿ଵ of level 1 DWT back into 𝐿𝐿ଶ, 𝐿𝐻ଶ, 𝐻𝐿ଶ, and 𝐻𝐻ଶ. Table 1 summarizes the meaning 
and representation of each component. 

Table 1. Interpretation of 2D-DWT subband components. 

Component Meaning Interpretation in Posterior Acoustic 
Shadow 𝐿𝐿ଵ First-level approximation Broad low-frequency intensity variation 𝐿𝐻ଵ First-level horizontal detail Horizontal high-frequency variation 𝐻𝐿ଵ First-level vertical detail Vertical high-frequency variation 𝐻𝐻ଵ First-level diagonal detail Diagonal high-frequency variation 𝐿𝐿ଶ Second-level approximation Coarser attenuation-related intensity pattern 𝐿𝐻ଶ Second-level horizontal detail Coarse-scale horizontal structural variation 𝐻𝐿ଶ Second-level vertical detail Coarse-scale vertical structural variation 𝐻𝐻ଶ Second-level diagonal detail Coarse-scale diagonal structural variation 

To quantify the distribution of frequency components, energy measures were com-
puted for each subband. The energy of a subband 𝑆 is defined as: 𝐸(𝑆) = ∑ ∑ |𝑆(𝑥,𝑦)|ଶே௬ୀଵெ௫ୀଵ , (2)

where 𝑀 and 𝑁 represent the dimensions of the subband. This formulation corresponds 
to the squared L2-norm of the wavelet coefficients and is widely used as a measure of 
signal power in multi-resolution analysis [21]. The total energy of the posterior acoustic 
shadow region was computed as: 𝐸௧௢௧௔௟ = 𝐸(𝐿𝐿ଶ) + 𝐸(𝐿𝐿ଵ) + 𝐸(𝐿𝐻ଶ) + 𝐸(𝐻𝐿ଶ) + 𝐸(𝐻𝐻ଶ) + 𝐸(𝐿𝐻ଵ) + 𝐸(𝐻𝐿ଵ) + 𝐸(𝐻𝐻ଵ). (3)
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This metric represents the overall signal power within the analyzed region and serves as 
a normalization reference for subsequent feature calculations. The approximation energy, 
corresponding to the low-frequency component of the image, was defined as: 𝐸௔௣௣௥௢௫ = 𝐸(𝐿𝐿ଵ) + 𝐸(𝐿𝐿ଶ). (4)

The 𝐿𝐿 subband captures large-scale intensity variations and slowly varying structures. 
In the context of ultrasound imaging, this component reflects the baseline intensity distri-
bution and residual signal after attenuation. From a physical perspective, strong acoustic 
attenuation tends to suppress high-frequency components, resulting in a relative increase 
in the proportion of low-frequency energy. The detail energy was defined as the combined 
energy of high-frequency subbands: 

 

Figure 1. Overview of the proposed wavelet–based framework for posterior acoustic shadow char-
acterization. The framework includes B–mode ultrasound image acquisition, posterior shadow ROI 
selection, ROI normalization, two–dimensional discrete wavelet transform, and quantitative feature 
extraction. Representative B–mode shadow ROIs and their corresponding DWT subbands are 
shown to illustrate the transformed image features. The approximation component reflects broad 
low–spatial–frequency intensity variation, whereas the horizontal, vertical, and diagonal detail 
components represent high–spatial–frequency information, including residual speckle, edge–like 
patterns, and local heterogeneity. Representative intensity–based and wavelet–based feature values 
are also provided to demonstrate the complementary sensitivity of wavelet–derived features. 

𝐸ௗ௘௧௔௜௟ = 𝐸(𝐿𝐻ଶ) + 𝐸(𝐻𝐿ଶ) + 𝐸(𝐻𝐻ଶ) + 𝐸(𝐿𝐻ଵ) + 𝐸(𝐻𝐿ଵ) + 𝐸(𝐻𝐻ଵ). (5)

These components capture fine-scale variations such as edges, speckle patterns, and local 
intensity fluctuations. In posterior acoustic shadow regions, high-frequency components 
are expected to be attenuated due to the frequency-dependent absorption and scattering 
of ultrasound waves. To quantify the relative dominance of high-frequency versus low-
frequency components, the following ratio was defined: 𝐸ௗ௘௧௔௜௟/௔௣௣௥௢௫ = ா೏೐೟ೌ೔೗ாೌ೛೛ೝ೚ೣାఌ, 𝐸ௗ௘௧௔௜௟/௧௢௧௔௟ = ா೏೐೟ೌ೔೗ா೟೚೟ೌ೗ାఌ, (6)
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where 𝜀 is a small constant introduced to avoid numerical instability during division. 
These parameters provide an overall index of how much of the signal content within the 
posterior acoustic shadow is concentrated in higher-frequency detail components relative 
to lower-frequency or total components. In highly homogeneous and acoustically attenu-
ated shadow regions, these ratios are expected to decrease because high-frequency infor-
mation is progressively suppressed. Conversely, increased ratios may reflect more heter-
ogeneous internal patterns or incomplete frequency attenuation. Both 𝐸ௗ௘௧௔௜௟/௔௣௣௥௢௫ and 𝐸ௗ௘௧௔௜௟/௧௢௧௔௟ were evaluated to quantify the relative contribution of high-frequency com-
ponents. While these two measures are mathematically related and exhibited similar 
trends in this study, they differ in normalization: 𝐸ௗ௘௧௔௜௟/௔௣௣௥௢௫ reflects the ratio of detail 
to low-frequency components, whereas 𝐸ௗ௘௧௔௜௟/௧௢௧௔௟  represents the proportion of detail 
energy within the total signal. Equations describing the 2D-DWT decomposition and sub-
band energy calculation were based on established wavelet theory and conventional sig-
nal energy definitions. In contrast, the derived features used in this study, including total 
detail energy and normalized detail-energy ratios, were formulated to quantify the rela-
tive contribution of high-frequency components within posterior acoustic shadow regions. 

Based on the descriptions above, the proposed framework was implemented using a 
normal workstation (OS: Windows 10, CPU: AMD Ryzen 7 3700X, RAM: 256 GB, CPU 
clocked at 2.13 GHz) and MATLAB software (R2023a, MathWorks, Natick, MA, USA). 
Computational efficiency was evaluated by measuring the average processing time re-
quired for one 128 × 128 ROI, including ROI normalization, two-level 2D-DWT, and fea-
ture calculation. The average processing time was approximately 0.2 s per ROI on a stand-
ard workstation, indicating that the proposed feature extraction process is computation-
ally lightweight. 

2.3. Statistical Analysis 

All quantitative results are presented as mean ± standard deviation. For visualization 
purposes, error bars in figures represent the standard error of the mean. To evaluate dif-
ferences between gallbladder stone and kidney stone groups at each concentration range, 
Welch’s two-sample t-test was employed [22]. This test was selected to account for une-
qual sample sizes and potential heteroscedasticity between groups. To assess differences 
across probability ranges (50–60%, 60–80%, and >80%) within each group, one-way anal-
ysis of variance (ANOVA) was performed [23]. When significant differences were identi-
fied, post-hoc pairwise comparisons were conducted using Welch’s t-test with Holm cor-
rection to control for multiple comparisons [24]. All statistical tests were two-tailed, and 
a p-value < 0.05 was considered statistically significant. To evaluate monotonic trends 
across expert-defined shadow confidence groups, correlation analysis was additionally 
performed. Pearson correlation coefficients were calculated between the ordinal confi-
dence scores and group-level mean feature values. This analysis was used to quantita-
tively support the visual trends observed in Figures 2–4. 
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Figure 2. Comparison of wavelet–based features across expert–defined posterior shadow confi-
dence groups in gallbladder and kidney stone images: (a) 𝐸ௗ௘௧௔௜௟ , (b) 𝐸ௗ௘௧௔௜௟/௔௣௣௥௢௫ , and (c) 𝐸ௗ௘௧௔௜௟/௧௢௧௔௟ are presented as mean ± standard deviation. Correlation coefficients indicate the mon-
otonic relationship between ordinal shadow confidence score and each feature. 

 

Figure 3. Inter-group scatter plots of wavelet-derived posterior shadow features for gallbladder and 
kidney stones: (a) 𝐸ௗ௘௧௔௜௟, (b) 𝐸ௗ௘௧௔௜௟/௔௣௣௥௢௫, and (c) 𝐸ௗ௘௧௔௜௟/௧௢௧௔௟. 
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Figure 4. Bar graphs showing intensity-based descriptors across expert-defined posterior shadow 
confidence groups in gallbladder and kidney stone images: (a) ROI mean intensity, (b) ROI standard 
deviation, and (c) ROI entropy. Error bars represent standard deviation. Compared with wavelet-
based features, intensity-based descriptors showed relatively small and inconsistent changes across 
confidence groups. 

3. Results 
3.1. Wavelet-Based Feature Variation 

Quantitative analysis of posterior acoustic shadow regions revealed statistically sig-
nificant and consistent changes in wavelet-based features across shadow confidence levels 
in both gallbladder stone and kidney stone groups. Figure 2 presents the bargraphs in the 
gallbladder and kidney stone: (a) 𝐸ௗ௘௧௔௜௟, (b) 𝐸ௗ௘௧௔௜௟/௔௣௣௥௢௫, and (c) 𝐸ௗ௘௧௔௜௟/௧௢௧௔௟. 

In the gallbladder stone group. 𝐸ௗ௘௧௔௜௟ decreased progressively from 19.64 ± 7.21 in 
the 50–60% range to 12.38 ± 5.66 in the 60–80% range and 3.91 ± 1.72 in the >80% range, 
corresponding to an overall reduction of approximately 80.1% between the lowest and 
highest shadow confidence levels. Similarly, the normalized high-frequency indices de-
creased monotonically, with 𝐸ௗ௘௧௔௜௟/௔௣௣௥௢௫ decreasing from 0.003044 ± 0.00121 to 0.001990 
± 0.00084 and further to 0.000663 ± 0.00029, representing a reduction of approximately 
78.2%. The corresponding values for 𝐸ௗ௘௧௔௜௟/௧௢௧௔௟  were 0.003030 ± 0.00120, 0.001984 ± 
0.00083, and 0.000662 ± 0.00029, indicating a comparable reduction of approximately 
78.1%. One-way ANOVA confirmed statistically significant differences across shadow 
confidence levels for 𝐸ௗ௘௧௔௜௟  (F = 8.064, p = 0.000802), 𝐸ௗ௘௧௔௜௟/௔௣௣௥௢௫  (F = 6.008, p = 
0.004217), and 𝐸ௗ௘௧௔௜௟/௧௢௧௔௟ (F = 6.041, p = 0.004106). Post-hoc analysis demonstrated that 
the >80% group showed significantly lower values compared to both the 50–60% and 60–
80% groups, whereas the difference between 50–60% and 60–80% was moderate but con-
sistent. 

In the kidney stone group, a similar decreasing trend was observed, although the 
magnitude of change was smaller than in the gallbladder stone group. 𝐸ௗ௘௧௔௜௟ decreased 
from 8.62 ± 3.11 (50–60%) to 4.99 ± 2.05 (60–80%) and 3.82 ± 1.64 (>80%), corresponding to 
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an overall reduction of approximately 55.7%. The normalized ratios also decreased, with 𝐸ௗ௘௧௔௜௟/௔௣௣௥௢௫  declining from 0.001617 ± 0.00058 to 0.000917 ± 0.00039 and 0.000666 ± 
0.00028, representing a reduction of approximately 58.8%. Similarly, 𝐸ௗ௘௧௔௜௟/௧௢௧௔௟  de-
creased from 0.001614 ± 0.00058 to 0.000916 ± 0.00039 and 0.000666 ± 0.00028. One-way 
ANOVA demonstrated statistically significant differences across shadow confidence lev-
els for 𝐸ௗ௘௧௔௜௟  (F = 7.595, p = 0.002416), 𝐸ௗ௘௧௔௜௟/௔௣௣௥௢௫  (F = 8.241, p = 0.001608), and 𝐸ௗ௘௧௔௜௟/௧௢௧௔௟ (F = 8.241, p = 0.001608). Post-hoc comparisons indicated that the most signif-
icant decrease occurred between the 50–60% and higher concentration groups, whereas 
differences between 60–80% and >80% were smaller. To further quantify the monotonic 
trend across expert-defined shadow confidence groups, correlation analysis was per-
formed using group-level mean values. For total detail energy, a strong negative correla-
tion was observed with increasing shadow confidence in both gallbladder and kidney 
stone groups, with correlation coefficients of R = −0.999 and R = −0.959, respectively. Sim-
ilar negative correlations were observed for the detail-to-approximation energy ratio, with 
R = −0.998 for gallbladder stones and R = −0.965 for kidney stones, and for the detail-to-
total energy ratio, with R = −0.998 and R = −0.965, respectively. These results quantitatively 
support the decreasing trend of wavelet-based high-spatial-frequency features with in-
creasing posterior shadow confidence. 

3.2. Between-Group Comparison of Wavelet Features 

Two-group comparisons demonstrated distinct differences between gallbladder 
stone and kidney stone groups in Figure 3. 

As shown in Figure 3a, 𝐸ௗ௘௧௔௜௟  in the gallbladder group were consistently higher 
than those in the kidney group at 50–60% and 60–80%, corresponding to approximately 
2.28-fold and 2.48-fold increases, respectively. However, at >80%, the values converged, 
showing less than 2.4% difference between the two groups. A similar pattern was ob-
served for the ratio-based features. In both 𝐸ௗ௘௧௔௜௟/௔௣௣௥௢௫ and 𝐸ௗ௘௧௔௜௟/௧௢௧௔௟ in Figure 3a–c, 
the gallbladder group exhibited higher values at 50–60% and 60–80%, whereas the differ-
ences progressively decreased with increasing concentration and became negligible at 
>80%. Notably, the scatter plots show that all data points are located below the identity 
line, indicating that wavelet-based features were consistently higher in the gallbladder 
group than in the kidney group at lower concentrations. At higher concentrations, the 
data points approach the identity line, demonstrating convergence of feature values be-
tween the two groups. Overall, these results indicate that while significant between-group 
differences exist under lower attenuation conditions, the wavelet-based characteristics of 
posterior acoustic shadow regions become increasingly similar as attenuation increases. 

3.3. Intensity-Based Features 

In addition to wavelet-based features, intensity-based descriptors, including ROI 
mean intensity, standard deviation, and entropy, were quantitatively analyzed. While en-
ergy-based features were used to quantify the magnitude of frequency components, en-
tropy was introduced as a complementary measure to characterize the complexity of in-
tensity distribution within the posterior acoustic shadow region. Unlike energy-based fea-
tures, which directly reflect signal magnitude, entropy captures the statistical distribution 
of intensity values. Therefore, entropy was used as a supplementary descriptor rather 
than a primary physical indicator. 

Figure 4 shows the intensity-based bar graph of features including (a) mean, (b) 
standard deviation, and (c) entropy in the gallbladder and kidney stone groups. In the 
gallbladder stone group, ROI mean intensity showed a decreasing trend from 0.3509 ± 
0.0841 (50–60%) to 0.3095 ± 0.0699 (60–80%), followed by a slight increase to 0.3198 ± 0.0736 
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(>80%). ROI standard deviation remained relatively stable across shadow confidence lev-
els, with values of 0.1658 ± 0.0267, 0.1767 ± 0.0355, and 0.1743 ± 0.0249, indicating minimal 
variation in intensity dispersion. ROI entropy exhibited negligible changes, with values 
of 5.2598 ± 0.2752, 5.2559 ± 0.4104, and 5.3015 ± 0.3257, suggesting that the overall intensity 
distribution remained largely unchanged. In the kidney stone group, ROI mean intensity 
showed a slight increase from 0.3026 ± 0.0599 (50–60%) to 0.3132 ± 0.0688 (60–80%), fol-
lowed by a minor decrease to 0.3100 ± 0.0348 (>80%). ROI standard deviation values were 
0.1697 ± 0.0271, 0.1791 ± 0.0261, and 0.1842 ± 0.0246, indicating a small increase in intensity 
variability with concentration. ROI entropy values were 5.2402 ± 0.2284, 5.2316 ± 0.2540, 
and 5.3393 ± 0.2052, showing no consistent monotonic trend. 

Overall, intensity-based features exhibited minimal variation across shadow confi-
dence levels and between groups, in contrast to wavelet-based features, which showed 
reductions of approximately 55–80% depending on the feature. These findings indicate 
that intensity-based descriptors have limited sensitivity for characterizing posterior 
acoustic shadow regions. Correlation analysis of intensity-based descriptors showed 
weaker or less consistent patterns than wavelet-based features. ROI mean intensity 
showed inconsistent correlation directions between gallbladder and kidney stone groups, 
with R = −0.721 and R = 0.681, respectively. ROI standard deviation showed positive cor-
relations of R = 0.742 in the gallbladder group and R = 0.986 in the kidney group; however, 
the absolute changes were small. ROI entropy also showed positive correlations of R = 
0.825 and R = 0.828, respectively, but remained within a narrow numerical range. These 
results indicate that intensity-based descriptors showed smaller and less interpretable 
changes than wavelet-based energy features. 

4. Discussion 
The present study demonstrates that posterior acoustic shadow regions contain 

quantifiable frequency-domain characteristics that can be interpreted in relation to the 
acoustic mechanisms of shadow formation. Posterior shadowing behind stones is pro-
duced by a combination of acoustic impedance mismatch, reflection, absorption, scatter-
ing, and frequency-dependent attenuation. At the stone–tissue interface, impedance mis-
match causes a substantial portion of the incident ultrasound energy to be reflected. The 
remaining transmitted wave is further reduced by absorption and scattering, particularly 
when the stone has an irregular surface or heterogeneous internal structure. As a result, 
the region distal to the stone receives reduced acoustic energy and appears hypoechoic on 
B-mode ultrasound. The observed decrease in wavelet-based detail energy with increas-
ing shadow confidence is consistent with this physical process, because high-frequency 
components are more strongly affected by attenuation and scattering than low-frequency 
components. A key finding of this study is the substantial decrease in wavelet-based detail 
features across shadow confidence levels. 𝐸ௗ௘௧௔௜௟ decreased by approximately 80% in the 
gallbladder stone group and 55–60% in the kidney stone group, indicating progressive 
suppression of high-frequency components under increasing attenuation. This behavior 
is consistent with the physical principles of ultrasound propagation, where higher-fre-
quency components are more susceptible to absorption and scattering, resulting in 
smoother and more homogeneous shadow regions. The reduction in wavelet detail en-
ergy should therefore be interpreted in the context of image-domain spatial-frequency 
analysis rather than as a direct measurement of transmitted ultrasound frequency compo-
nents. Stronger posterior acoustic shadowing reduces residual backscattered and scat-
tered signals distal to the stone, which can suppress fine-scale speckle-like and edge-like 
variations in the B-mode image. Consequently, the high-spatial-frequency detail sub-
bands show reduced energy, whereas low-spatial-frequency approximation components 
become relatively dominant. This interpretation clarifies that the proposed framework 
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does not exploit different ultrasound transmission frequencies, but instead quantifies spa-
tial-frequency patterns embedded in B-mode images after acoustic shadow formation. In 
addition to within-group changes, clear differences between gallbladder and kidney 
groups were observed at lower shadow confidence levels. At 50–60% and 60–80%, the 
gallbladder group exhibited significantly higher wavelet-based features than the kidney 
group, with approximately 2.3–2.5-fold differences in 𝐸ௗ௘௧௔௜௟. However, these differences 
progressively decreased with increasing concentration, and at 80–100%, both groups con-
verged to nearly identical values. This convergence suggests that under strong attenuation 
conditions, posterior acoustic shadow regions become dominated by low-frequency com-
ponents, reducing the influence of underlying structural differences between stone types. 
The scatter plots in Figure 3 further support this interpretation by illustrating the progres-
sive approach of data points toward the identity line, indicating diminishing inter-group 
differences. This behavior highlights an important characteristic of posterior acoustic 
shadowing: while structural and compositional differences may be detectable under mod-
erate attenuation, they become increasingly indistinguishable as attenuation strengthens. 

Another important aspect of this study is the comparison between wavelet-based and 
intensity-based features. Although ROI mean, standard deviation, and entropy were an-
alyzed, these intensity-based descriptors showed only minimal variation across shadow 
confidence levels. For example, ROI entropy remained within a narrow range (~5.23–5.34) 
for all conditions, and ROI mean values exhibited only minor fluctuations (~0.30–0.35). In 
contrast, wavelet-based features demonstrated large relative changes and strong statisti-
cal significance. This discrepancy indicates that intensity-based features are insufficient 
for capturing attenuation-induced structural changes in posterior acoustic shadow re-
gions. From a physical perspective, attenuation primarily affects signal magnitude and 
frequency content rather than the overall distribution shape of intensity values. This ex-
plains why entropy remained relatively stable despite substantial reductions in wavelet-
based energy features. Therefore, frequency-domain analysis provides a more sensitive 
and physically meaningful representation of shadow characteristics. It is also noteworthy 
that the two ratio-based features, 𝐸ௗ௘௧௔௜௟/௔௣௣௥௢௫ and 𝐸ௗ௘௧௔௜௟/௧௢௧௔௟, exhibited nearly identi-
cal trends throughout the analysis. This is expected, as both metrics are mathematically 
related and reflect the relative contribution of high-frequency components. Given that de-
tail energy was significantly smaller than approximation energy in posterior acoustic 
shadow regions, both ratios effectively describe the dominance of low-frequency compo-
nents. This redundancy suggests that a single normalized ratio may be sufficient for prac-
tical applications without loss of interpretability. 

Despite these promising findings, several limitations should be acknowledged. First, 
the proposed method relied on manually selected ROIs, which may introduce observer-
dependent variability [25,26]. In ultrasound imaging, the boundaries of posterior acoustic 
shadow regions are often indistinct because of speckle noise, beam-related artifacts, het-
erogeneous surrounding tissues, and gradual signal attenuation. Therefore, ROI place-
ment may vary according to the operator’s experience, interpretation of the shadow 
boundary, and selection criteria. Such variability can directly influence extracted wavelet 
features, particularly detail-energy components that are sensitive to local high-spatial-fre-
quency patterns. This limitation is consistent with previous studies showing that ROI def-
inition and ultrasound image preprocessing can significantly affect quantitative feature 
extraction and downstream interpretation [25,26]. Future studies should therefore incor-
porate automated or semi-automated shadow segmentation methods and evaluate inter- 
and intra-observer reproducibility. 

Second, the inherent variability and limited standardization of ultrasound imaging 
may affect the robustness of both intensity-based and wavelet-based features. Unlike CT 
attenuation values, B-mode ultrasound intensities are not physically standardized and 
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may vary depending on probe frequency, transmit power, gain, time-gain compensation, 
dynamic range, focal zone, imaging depth, beam angle, and vendor-specific image pro-
cessing. Although acquisition parameters were kept as consistent as possible in this study, 
even subtle differences in imaging conditions can alter speckle patterns, local contrast, 
and apparent shadow morphology. Consequently, the extracted wavelet energy distribu-
tions should be interpreted as image-domain descriptors rather than direct physical meas-
urements of acoustic attenuation or impedance. Previous ultrasound radiomics studies 
have similarly reported that feature stability is strongly influenced by acquisition settings 
and preprocessing methods [27], highlighting a key challenge for quantitative ultrasound 
analysis. 

Third, this study did not propose a new wavelet basis or an ultrasound-specific 
wavelet transform. A standard DWT-based framework was used to investigate whether 
posterior acoustic shadow regions contain acoustically interpretable spatial-frequency in-
formation. Therefore, the contribution of this study should not be interpreted as a new 
signal-processing theory, but rather as an application-specific quantitative characteriza-
tion of posterior acoustic shadow patterns. In addition, the comparison with intensity-
based descriptors was limited to basic spatial-domain features, including ROI mean in-
tensity, standard deviation, and entropy. These descriptors were included as baseline 
quantitative features and do not represent the full range of clinical ultrasound interpreta-
tion or advanced computational ultrasound analysis. Future work should include broader 
comparisons with GLCM-based texture features, local binary patterns, attenuation-related 
parameters, radiomics features, model-based quantitative ultrasound parameters, and 
machine-learning-derived representations. 

Fourth, the expert-defined shadow confidence groups used in this study were based 
on visual assessment of posterior acoustic shadow characteristics rather than direct meas-
urements of stone composition, acoustic impedance, surface roughness, scattering coeffi-
cient, or attenuation coefficient. Therefore, the observed differences between gallbladder 
and kidney stone groups should not be interpreted as definitive evidence of composition-
specific acoustic signatures. Instead, these findings should be considered as stone-loca-
tion-associated posterior shadow patterns reflected in B-mode image-domain wavelet en-
ergy distributions. To establish a stronger acoustic basis, future studies should combine 
clinical ultrasound images with controlled phantom experiments, CT-based stone charac-
terization, ex vivo acoustic measurements, or reference standards that directly quantify 
stone-specific acoustic properties. 

Finally, the proposed method was evaluated on a relatively limited dataset and un-
der specific imaging conditions, which may restrict its generalizability. In ultrasound-
based analysis, model performance and feature behavior can vary depending on anatom-
ical region, patient variability, and imaging protocols [28]. In addition, although this study 
focused on wavelet-based features and basic intensity-based descriptors, future work 
should include broader comparison with additional quantitative ultrasound features, in-
cluding GLCM-based texture features, local binary patterns, attenuation-related parame-
ters, radiomics features, and machine-learning-derived representations. Furthermore, 
small sample sizes can limit statistical power and reduce the robustness of observed 
trends. Similar limitations have been reported in ultrasound-based machine learning and 
quantitative analysis studies, where dataset size and diversity are critical factors affecting 
generalization and clinical applicability. Future validation using larger multi-center da-
tasets, multiple ultrasound systems, standardized acquisition protocols, and independent 
external test cohorts is required before the proposed framework can be considered for 
clinical translation. 
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5. Conclusions 
In this study, we applied a wavelet-based quantitative framework to characterize 

posterior acoustic shadow regions in B-mode ultrasound images of gallbladder and kid-
ney stones. The observed reduction in high-frequency detail energy with increasing ex-
pert-defined shadow confidence is consistent with the acoustic mechanisms of posterior 
shadow formation, including reflection at impedance-mismatched interfaces, absorption, 
scattering, and frequency-dependent attenuation. Compared with basic intensity-based 
descriptors, wavelet-based features provided a more sensitive representation of residual 
high-frequency structural content within the shadow region. These findings suggest that 
posterior acoustic shadowing is not merely a visually hypoechoic region but an acousti-
cally structured image phenomenon that can be quantitatively described in the frequency 
domain. Further validation using controlled phantom experiments, multi-system clinical 
datasets, automated ROI selection, and direct acoustic property measurements is required 
to determine whether these features can serve as reliable quantitative markers of stone-
related acoustic shadow behavior. 
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