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Abstract
The low quality of diagnostic Ultrasound (US) images makes structural identi�cation challenging. It is
crucial to enhance these images before application in Computer-Aided Detection (CAD). This study aims
to ease breast lesion identi�cation in US images by introducing a novel echo-texture-based technique. We
used the basic notion that the unique acoustic impedance of distinct structures results in a textural
discrepancy in the US image. Initially, an Acoustic Impedance Index was calculated using the local
grayscale variation in the image. Then, we used this parameter to design an adaptive �lter that generates
an Enhanced Texture Image. The resultant images had a signi�cant perception difference between the
lesion and its surrounding. Compared to other enhancement techniques, the No Reference distortion
metric had the best values for the proposed method. The enhanced image segmented using Active
contour and superpixel-based techniques gives the most accurate lesion boundary. The Dice, Jaccard,
and BF score were used to quantify the similarity between the masked image generated after
segmentation and outlined by the expert. With the exceptionally reduced probability of false alarm, the
proposed technique promises to improve the CAD of breast lesions.

Introduction
The imminent demand for Computer-Aided Detection (CAD) can be conceived from the escalating cases
of breast cancer around the globe [1]. For breast cancer, Ultrasound imaging is the only diagnostic
imaging modality that is safe and economical [2]. So, it is the most suitable platform to design the CAD
system. Skillful structure identi�cation is crucial for the best outcome by the CAD [3]. Unfortunately, the
quality of Breast Ultrasound (BUS) is not adequate for any structural identi�cation [4]. A trivial judgment
by CAD due to the low-quality image may lead to a fatal consequence. So, the images need to be
processed for the best outcomes.

The researchers have explored a diverse framework to date for image enhancement. Initially, image
histogram modi�cations were practiced for image enhancement. Like Histogram Equalization (HE), the
image contrast is improved by stretching the histogram. Later different studies introduced different
upgrades of HE to enhance the image contrast. Contrast Limited Adaptive Histogram Equalization
(CLAHE) is the most practiced update of HE [5]. The images enhanced by these techniques show an
increased contrast but eventually turn into over-enhanced images. Another framework Gamma Correction
has been used to enhance and compress the image simultaneously. It is a pixel-by-pixel operation where
each pixel is raised to the power of some Gamma. The choice of Gamma has always been the prime
target for modi�cation by different studies. Using weighted cumulative distribution function for Gamma
in Adaptive Gamma Correction with Weighting Distribution (AGCWD) by S. C. Huang et al. in (2013) is still
most practiced enhancement method. But it is not often preferred for medical images that primarily have
a dark texture. Retinex adopts a unique technique to enhance images that are based on human visual
perception introduced by E. H. Land [7]. Here the input image is processed to obtain an acceptable
approximation of the re�ectance image. But it has limited application in grayscale images, which was
improved in [7] as Multi-Scale Retinex (MSR). Where he set three different scales for Retinex, and the
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scaled images were later averaged to obtain the output image. This improvement was very e�cient but
still not good enough to exercise on medical images. Some studies consider image enhancement as a
task to reduce the speckle noises in the ultrasound images while preserving the edge. That also improves
the results of post-processing steps like segmentation which will see later in the result section. Prerna et
al. in applied a combination of clustering for wavelet sub-bands (CWS) of the image to reduce the
inherent speckle. The study accomplished remarkable results in terms of quality metrics. But applying an
edge detection algorithm before denoising and adding later to enhance edges can lead to spurious
segmentation. A recent study [8] proposed an enhancement technique by generating a standardized
histogram of echotextures for histogram matching (SHEHM). But due to the lack of comparative analysis
with other studies, its superiority for practice in medical diagnosis remains unexplored.

After having an enhanced image, the next step in a CAD system is lesion boundary detection employing
any segmentation techniques. There is a stack of segmentation methods, but some are eminently
suitable for lesion boundary detection. Researchers have been using Active Contour (AC) based
segmentation very frequently for medical image segmentation [9]–[12]. In this technique, an initial
contour starts evolving in the presence of different forces. The forces drive the contour towards a higher
gradient while maintaining contour continuity. Another diagnostic image segmentation method uses the
image to divide into groups of superpixels and then segment and systematically link the divided regions
[13]–[16]. The e�cacy of this technique depends on how well the superpixel division adheres to the
object boundary. So, [17] designed a Multi-Scale Superpixel (MSS) technique for object boundary
segmentation which shows promising results. Both are e�cient and accurate enough to be adopted for
segmentation in a CAD system. The credibility of these segmentation techniques is fragile due to the
quality of the images.

All fore mentioned studies for image enhancement, one way or another, attempt to modify the contrast of
the entire image. However, the enhancement of BUS for CAD application must strengthen structural
identi�cation. A signi�cant research work conducted in [18] concluded that it is possible to characterize
tissue from its acoustic impedance. Later the research by [19] concluded the difference in acoustic
impedance can be adopted to discriminate between cancerous and non-cancerous cells. Rather many
studies have used textural details for the classi�cation of breast lesions. But very few have used this
textural feature to enhance the ultrasound image because this can help structural-based subjective
enhancement. So here, we propose a novel image enhancement technique for BUS images. This study
leverages the anomalies in BUS textures, which corresponds to acoustic impedance anomalies. Every
underlying structure in the breast has its unique acoustic impedance and can be used to characterize the
lesion in BUS. So, we calculated a local textural-based metric that can be considered the pixel's Acoustic
Impedance Index (AII). Then the complete image was adaptively �ltered using the AII to generate the
Enhanced Textural Image (ETI). The ETI was further processed using AGCWD to decrease the distortions.
The contribution of this study is as follows.

1. Based on acoustic impedance, we have developed an enhancement technique capable of structure
(characterized by acoustic impedance) based enhancement.
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2. The developed enhancement technique supports the structural identi�cation process by isolating the
lesion from its surrounding.

3. The output image of the proposed technique has the most negligible distortions (like speckle noise or
any other noise)

4. Our technique also supports segmentation using AC or MSS to detect lesion boundaries and has
negligible chances of false alarm.

This study provides a detailed comparison of enhancement techniques in practice with the proposed
method using quality metrics. We have also analyzed the segmentation using recent techniques and
discussed the in�uence of the proposed methodology on CAD. The proposed method signi�cantly
improves the active contour and superpixel-based lesion boundary detection.

Methodology
When ultrasonic radiation is �ashed in the vicinity of the underlying mass, it bounces back depending
upon the absorbing tendency of the mass. The re�ection of the ultrasonic radiation at any surface is
characterized using difference in acoustic impedance. The receptor sensors use these re�ected waves to
generate a perception of the underlying structure. Since the acoustic re�ection is a function of acoustic
impedance, the textures in the output image are also a function of acoustic impedance. So, it is more
reasonable to use the textures in the BUS to calculate an AII of the corresponding pixel. Moreover, using
this AII as a primary parameter to enhance the image can support a subjective enhancement. The
complete methodology is divided into steps and given in Fig. 1.

Acoustic Impedance Index

Assuming one pixel of the BUS corresponds to a unit volume of a mass of the exposure region. The
intensity of the acoustic wave re�ected by this mass will re�ect in the grayscale value of the
corresponding pixel i(m, n). This phenomenon can be mathematically formulated using acoustic
impedance, where the intensity of the re�ection is directly proportional to the difference in acoustic
impedance. Here we have assumed that the variation of acoustic impedance within a similar volume of
masses is negligible. We introduced an AII z ( m,n) ,  which parametrizes the intensity variation due to
acoustic impedance. It is an estimation of the impedance, and its calculation is given in (1).

z ( m,n) = b × ∑
r , s

(i(m ± r, n ± s) ⁄ α)

1
Here z ( m,n)  represents the acoustic impedance of pixel at coordinate m, n(m ∈ Nandn ∈ N). rands
controls the extent of involvement of neighbor pixels in the prediction of z. It is recommended to use
smaller values for rands because larger values will increase the interference of the neighboring pixels in
the estimation. Moreover, point estimation (r = s = 0) will make the estimation prone to noise. The

( )
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multiplier b depends upon the choice ofr and s. It is the inverse of the product of the range of rands. The
normalization constant α assures that |z| ≤ 1, and for a grayscale image, it is 255.

It is to be noted that the impedance values obtained or used in this study were not the actual acoustic
impedance of the relevant mass. These values are drawn concerning the output image of the ultrasound
transducer. We have considered a pixel of value 255 as a perfect re�ector and vice versa.

Enhanced Textural Image 

The variation in intensity corresponds to variation in acoustic impedance in the BUS. So, we utilized the
difference between the adjacent pixel’s impedance parameter (dz) to design an adaptive �lter F as given
in (2).

The value of G is given in (3), and the calculation for σ is given in (4).

G =
2 1 2
1 0 1
2 1 2

3

σ = σ0 + dz

4

dz(m, n) = Δz(m, n)

5
Here the Δ is the difference operator, which calculates the difference between the current and adjacent
values of z. The initial value of σ is represented as σ0, which is updated within �ltering. The initial value
of the impedance parameter z is represented as z0. The calculation of ETI is very sensitive to the
initialization of parameters. Random values of z0 can cause false mapping of impedance variation. So,
in this study, we de�ne z0 as in (6).

z0 = b0 ∑ m,n(i(m, n) ⁄ α)

6
Where α is similar to (2), used for calculation of z. The in�uence of pixels and region of the image for
prediction of initial impedance is controlled by mandn. Which is similar to rands, and the calculation of
constant b0 is similar to calculation ofb in (1). We preferred the prediction to involve global intensities

[ ]
| |

( )
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instead of a local intensity, for an unbiased initialization. In the beginning, σ0was taken equal to the
initial impedance parameter z0. At each step of �ltering σ0is updated with the last value of σ, and the
next σ is calculated by adding this σ0 with the difference of acoustic impedance dz. From the designed
�lter F, ETI can be calculated by (7).

ETI = (F ∗ I')

7
Where I′is Iafter removing the padded pixels, and * is the convolutional operator. The ETI obtained still
has some unsharp boundaries and the presence of noise. It can lead to false-positive in the prediction of
cancer in CAD. Since ETI has many bright pixels, we have used AGCWD [19] to enhance the ETI further.
Figure 2(c) shows the image obtained after processing the ETI with the AGCWD. 

Algorithm

Input image I(m, n)

Calculate average impedance z0 using Eq. 6,

Use this z0 as the initial value of σ0 and dz = 0

For1m = 1toM + 1

For2n = 1toN + 1

Calculate the AII (z ( m,n) ) from Eq. 1

Use Eqs. 2, 3 & 4 to calculate F

Update the value of σ0

Calculate dz with equations 5

Incrementn

End For2

Increment m and start withn = 1

End For1

Use Eq. 7 to calculate ETI

Apply AGCWD to ETI to obtainIout

ReturnIout
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Results
The proposed technique was applied to two BUS datasets. The combined data set has 943 BUS images,
597 BUS with benign lesions, 263 with malignant lesions, and 133 non-lesion images. After closely
analyzing the BUS, masked images were generated by the experts. Both datasets were analysed by the
experts. Complete details about the datasets are available in [20], [21]. 

Visual Assessment

To represent the e�ciency of the proposed technique, we have conducted a comparative analysis with
other prevailing image enhancement techniques. There are two categories of quality metrics based on the
involvement of reference images, namely Full Reference and No-Reference quality metrics. A Full
reference quality metric determines the quality of the image after comparison with a reference image that
is supposed to be of high quality. While the no-reference quality metric does not need a reference image, it
takes the image and applies an algorithm to predict its quality. This quality assessment technique is also
known as Objective blind image quality assessment. From previous segmentation results, it is clear that
no high-quality reference image exists. In the absence of a high-quality reference image, the non-reference
quality assessment metric was used.

The Blind/Referenceless Image Spatial Quality Evaluator (BRISQUE) metric de�ned in [22] is statistically
better than many Full reference quality metrics. Another quality metric is Natural Image Quality Evaluator
(NIQE) [23], which works on the natural scene static model and some static features to measure the
deviation in statistical regularities from the natural image. Without any human evaluated distortion
image, it is entirely blind. Along with NIQE and BRISQUE, we have also adopted the Entropy of the
enhanced images. 

Fig 3 has the pictorial presentation of the enhanced images, and Table 1 presents the average values of
the quality metrics. All the metrics attend a lower value for a less distorted image and vice versa.
BRISQUE, NIQE, and Entropy values for the original image (43.01, 7.744, and 7.083, respectively) set the
standard for other enhancement images. Any improvement will be re�ected by the lower metric values in
the table. AGCWD has ampli�ed the distortions already present in image 3(b). AGCWD has metrics values
in Table 1 similar to the original image. The BRISQUE value for AGCWD is 43.45 slightly more signi�cant
than the original image. The CLAHE enhanced images show a minimal improvement in the metric values
compared to the original image. In contrast, the techniques introduced by Prerna et al. and Roy et
al. show far better performance than the CLAHE and AGCWD in Table 1. The reduction in distortion can
be easily observed at the bottom of Fig 3 (j) and (k). The values achieved by the proposed technique for
BRISQUE, NIQE, and Entropy are 38.87, 5.57, and 4.01, respectively. The proposed method has the least
values for all metrics. It shows that the images enhanced by the proposed technique have the least
distortion. 

Segmentation Assessment
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Here we have analyzed the result of various enhancement techniques segmented using AC and the MSS.
After segmentation of the BUS image, we have generated the mask for corresponding segmentation for
comparison. The mask images generated by the expert were used to �nd the similarity metric value. For
quantitative evaluation, we used the DICE similarity metric[24], Jaccard similarity [25], and BF score [26].
This study took the recent enhancement techniques to compare e�cacy in lesion segmentation. Fig 4
shows the masked image of different techniques segmented using the AC method. Fig 4 (a) & (b) are the
original BUS image with lesions of different sizes and shapes. The images enhanced using CWS have
very much segmented the lesion boundary where the intensity change is signi�cant. But for the boundary
regions where the intensity variation is minimal, it fails to adhere to the lesion boundary. The average
similarity metric values encountered across the datasets have been provided in Table 2, and CWS has the
most negligible value of similarity metrics. For SHEHM, the similarity metric values in Table 2 are better
than CWS but still not adequate. The masked version of the image enhanced using the SHEHM in Fig 4
(c) & (g) shows the penetration of the segmented regions in the surrounding. The masked image of the
proposed technique completely outruns both methods for boundary detection in Fig 4 (d) & (h). The
enhanced image’s segmentation adheres closest to the true lesion boundary. The values of Dice, Jaccard,
and BF score for the mask of the image enhanced using the proposed technique are 0.8179, 0.69, and
0.4818, respectively.

Fig 5 shows the edge detection using the MSS and simple superpixel applied to the output image of the
proposed technique. They have lesser spikes at the boundary than the masked image generated after AC.
All of the three techniques for segmentation adhere well over the lesion boundary of the image enhanced
using the proposed technique. Edges generated by superpixel in Fig 5 (c) and (f) have better boundaries
than the edges of active contour-based segmentation in Fig 4 (d) and (h). Moreover, the similarity metric
values for the superpixel-based edge detection are far better than others.

False Positive assessment

For a reliable CAD system, it’s crucial to analyse the system slump towards false positives. To verify this,
we applied the proposed technique to the non-lesion images. The segmentation of the enhanced image
must not adhere to some random intensity anomaly. We have calculated the probability of false-positive
across the dataset as an evaluation metric in Table 3. Fig 6 (a) and (b) are two original non-lesion images
from the dataset. The enhanced images were segmented using the AC method. The lesion candidates
were selected based on standard features used in different studies [27], [28]. The CLAHE and the AGCWD
enhanced images have caught up to some intensity anomalies in Fig 3 (b, c, h & j). And from the table, it
is clear that both techniques are too prone to false positives. The performance of the de-noising
technique is better than the CLAHE and AGCWD. But its segmentation using AC also caught up to a slight
variation in BUS. The image enhancement technique proposed by Roy et al. was just better than CWS.
However, the performance of all the techniques was competitive which each other but still not adequate
for common practice. Fig 6 (l) & (f) the masked image has no traces of any blob-like structure. It means
no trace of a lesion in that BUS, and it also proves that the segmentation of the proposed technique is not
vulnerable to random grayscale anomalies.  
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Discussion
The results stated in the previous section compares values of different performance metric for the
proposed method with some practiced technique. The proposed method has been developed based on
the relation between acoustic impedance and corresponding textural appearance. This relationship
helped us achieve subjective enhancement and successfully isolate the lesion to ease its detection. It can
be con�rmed from Figs. 2 and 3 that the lesion is separated from the surrounding. The technique further
smooths out the inherent distortion and has the least BRISQUE, NIQE, and Entropy values. In contrast, the
other methods did not aim to isolate the lesion but performed well in reducing distortion. Like CLAHE has
enhanced the image's brightness but has also smoothed out the lesion boundary. For AGCWD, many
studies have concluded its sparse e�ciency for images with dark textures. The same can be observed in
Table 1, where the AGCWD enhanced image has greater values than the original BUS. The denoising
techniques like the CWS have reduced the distortion but are still not e�cient enough for lesion detection.
And same goes for the SHEHM, which can be observed from the mask images generated from CWS and
SHEHM. The masked images generated after segmentation using AC breached the surrounding of the
lesion. When used for lesion characterization or classi�cation, this can lead to a severe problem. Because
of the subjective enhancement achieved by our technique, lesion identi�cation is simpli�ed. Even basic
superpixel-based segmentation technique shows promising results. The masked images were
approximately similar to the masked images generated by the experts. So, we had much higher values of
the similarity metrics in Table 2. One way to judge the e�cacy of the proposed technique in identifying
different regions in BUS is by the probability of false alarm. The false alarm probability should have been
higher if the developed method was prone to just any grayscale variation. But the possibility of false
alarm is fairly low compared to others. It can be further reduced if channeled with an advanced
segmentation technique or features introduced the in future for lesion identi�cation.

Conclusion
This study implemented an enhancement technique for BUS that can ease the identi�cation of any
underlying lesion. It explores acoustic impedance differences across masses to isolate the breast lesion.
We calculated an AII for each pixel, considering the impedance dependency of ultrasound image texture.
An adaptive �lter was designed based on the calculated AII to generate an ETI. This ETI was later used for
gamma correction to obtain the �nal output image. In the visual assessment of the resultant image, it
was found that the lesion was isolated from its surrounding. There was a uniform enhancement in
regions of similar acoustic impedance, so the proposed technique does not introduce any disturbance
within the homogeneous area. The proposed technique observed null chances of false alarms in this
study. The segmentation of any existing tumor in BUS proved to be the best enhancement technique
among all other prevailing methods. It also increased the e�cacy of the prevailing segmentation
technique in lesion edge detection. The output image has the least distortion compared to CLAHE,
AGCWD, CWS, and SHEHM. It has the highest scores for the No-Reference quality and similarity metrics.
Enhancement was homogeneous in impedance-wise localized regions.
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Tables
Table 1 Quality metric of different techniques together with

Enhancement method Original CLAHE AGCWD CWS SHEHM Proposed

BRISQUE 43.01 42.46 43.45 41.85 41.01 38.87

NIQE 7.744 7.38 7.69 6.53 7.57 5.57

Entropy 7.083 6.92 6.84 6.09 6.05 4.01

 

Table 2 Similarity metrics between the masked image generated by the techniques against the masked
image generated by experts

  DICE Jaccard BF score

Output image segmented using Superpixel 0.8595 0.7535 0.6582

Output image segmented using AC 0.8179 0.69 0.4818

SHEHM image segmented using AC 0.7456 0.5944 0.2624

CWS image segmented using AC 0.7866 0.6482 0.3348

MSS 0.8615 0.7866 0.2792

 

Table 3 Probability of false alarm

  CLAHE AGCWD CWS SHEHM Proposed

False alarm Probability 0.82 0.79 0.72 0.68 0.085
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Figures

Figure 1

Steps involved in Acoustic Impedance Mapping

Figure 2

(a) A breast ultrasound image with Lesion (b) ETI for lesion image (c) after gamma correction
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Figure 3

(a) A malignant tumor and (g) benign tumor original ultrasound image, and its corresponding images
when enhanced with, (b) & (h) AGCWD, (c) & (i) CLAHE, (d) & (j) CWS, (e) & (k) SHEHM and (f) & (i)
proposed technique. 
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Figure 4

(a) and (e) are original lesion image and the corresponding masked image generated after segmentation
through Active Contour method for image enhanced using (b) & (f) CWS, (c) & (g) SHEHM, and (d) & (h)
proposed technique.

Figure 5

(a) and (d) are original lesion image and the corresponding masked image generated after segmentation
using (b) & (e) Multi-scale Superpixel pixel method de�nes in and (c) & (f) the general Superpixel on
proposed technique.
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Figure 6

(a) and (g) are original non lesion image and the corresponding masked image generated after
segmentation through Active Contour method for image enhanced using (b) & (h) CLAHE, (c) & (i)
AGCWD, (d) & (j) CWS, (c) & (g) SHEHM, and (f) & (l) proposed technique.


