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Abstract

:

Abnormal changes of the microvasculature are reported to be key evidence of the development of several critical diseases, including cancer, progressive kidney disease, and atherosclerotic plaque. Super-resolution ultrasound imaging is an emerging technology that can identify the microvasculature noninvasively, with unprecedented spatial resolution beyond the acoustic diffraction limit. Therefore, it is a promising approach for diagnosing and monitoring the development of diseases. In this review, we introduce current super-resolution ultrasound imaging approaches and their preclinical applications on different animals and disease models. Future directions and challenges to overcome for clinical translations are also discussed.
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1. Introduction


Abnormal alterations, including the development, degeneration, and regeneration, of the microvasculature, are reported to be associated with several critical diseases, such as tumor development [1,2,3], progressive kidney disease [4,5,6,7], and the development of atherosclerotic plaque [8,9,10]. Therefore, changes of microvasculature would serve as a useful index for diagnostics and prognostics of such diseases. Several imaging modalities, including microcomputed tomography (micro-CT) [11,12], optical coherence tomography (OCT) [13,14], and magnetic resonance imaging (MRI) [15,16,17,18,19], have been employed successfully in preclinical studies to image the changes of microvasculature inside target organs. Although these imaging methods achieved a high spatial resolution, they have their own their own limitations. Micro-CT is limited by hazardous radiation and contrast agents, while OCT suffers relatively poor imaging depth. As for MRI, imaging systems are bulky and costly, which hinder widespread or repeated applications. Ultrasound imaging that has the advantage of safety, noninvasiveness, portability, affordability, and ease of use, has been explored as a potential approach for imaging microvessels. Conventional noninvasive ultrasound imaging methods for imaging vessels mainly include Doppler ultrasound imaging [20] and contrast-enhanced ultrasound (CEU) imaging [21,22,23,24,25]. However, neither of these techniques provides sufficient spatial resolution for assessing microvessels, mainly due to the acoustic diffraction limit, which is half of the wavelength of the operation ultrasound frequency. Therefore, an ultrasound imaging technique that can achieve spatial resolution beyond the acoustic diffraction limit would be encouraging for broad use in clinics for diseases that are associated with abnormal alterations in the microvasculature.



In 2006, optical super-resolution imaging techniques, including fluorescence photoactivated localization microscopy [26], photoactivated localization microscopy (PALM) [27], and stochastic optical reconstruction microscopy (STORM) [28], were first introduced. The basic idea of super-resolution imaging is to localize the centroid of each randomly blinking fluorescence source based on the system point spread function (PSF). The location information of each blinking fluorophore was stacked up over a substantial sequential dataset that was captured by a fast camera to form an image spatially resolved in subwavelength resolution. By this approach, a spatial resolution down to tens of nanometers was achieved. Inspired by optical super-resolution imaging techniques, super-resolution ultrasound (SRU) imaging was introduced [29,30,31,32,33] for noninvasive imaging of microvasculature by using ultrasound contrast agents that travel through vascular network to replace the role of fluorophores in optical super-resolution imaging. While spatial resolution was sacrificed compared to optical super-resolution, due to the limit of ultrasound operating frequency, the ultrasound approach achieved a larger imaging depth. The technology components of SRU imaging mainly consist of ultrafast, ultrasound imaging [34], a state-of-the-art clutter filter [35] that extracts microbubble signals, and novel microbubble localization algorithms [29,30,31,32,33,36,37] that pinpoint the original locations of the microbubbles. The developed SRU imaging technologies have been successfully tested in preclinical studies with different animal and disease models, which demonstrated great potential for future clinical applications. Some representative conventional technical approaches of SRU, and their in vivo applications, were well described and summarized in a recent review paper [38]. In addition to these conventional SRU approaches, a deep learning approach has recently been adopted for SRU imaging [39,40,41,42]. In this review, we introduce the different SRU imaging approaches, especially the deep learning approach, and summarize current preclinical studies in different disease models that have been successfully performed. The vision for future clinical applications, and the major challenges for SRU imaging to overcome, are also discussed.




2. General Technical Components of Super-Resolution Ultrasound Imaging


Figure 1a illustrates the overall block diagram of SRU imaging. The blinking fluorescence sources in the photoactivated localization microscopy can be replaced with microbubbles, used for the contrast agent of ultrasound in SRU imaging, as the spatial locations of microbubbles in the bloodstream are stochastically changed. The following localization technique is a method to find the centroid of the single microbubble signal, localizing each point source with subwavelength precision. Throughout this process, spatial resolution can be improved by up to one-tenth of the wavelength, theoretically [29]. Note that the acoustic response to the point source can be estimated to the PSF of the imaging system. Therefore, the extraction of a single microbubble signal from the original image data is an essential key component for implementing SRU imaging. The first trial for decluttering is a subtraction between neighboring frames to remove the stationary tissue component and maintain moving microbubble signals [32]. Other clutter filtering techniques used in Doppler imaging are also studied for decluttering purpose. Researchers show that the combination of the singular value decomposition-based adaptive clutter filter and a large number of the spatiotemporal image sets, with the ultrafast imaging, would outperform traditional infinite impulse response (IIR) filter-based clutter filtering techniques [35]. This method decomposes the large-sized elongated skinny matrix into the spatial and temporal basis vector matrixes and a diagonal eigenvalue matrix-weighting factor. The combination of these decomposed vectors represents several components of the images, such as stationary tissue, slow-moving tissue, fast-moving particle-microbubbles, and randomly varied value noise. Therefore, microbubbles signals could be exclusively extracted from the images with an adequately selected rank of vector-matrix combinations. The signals, other than the selected ranks, are then removed to maintain only the valid microbubble signals.



The next core component is a method seeking the point source location. Each microbubble location can be precisely localized in subwavelength resolution by fitting with the predetermined PSF of the imaging system [29]. This method achieves the spatial resolution up to 10 microns (≈λ/10, with a custom-made 128-element linear array transducer centered at 15 MHz), which is further beyond the acoustic diffraction limit, as shown in Figure 1c [29]. Note that the imaging system’s PSF is assumed as the fixed two-dimensional Gaussian function determined by the transmit wave characteristic. However, this approach requires a huge number of the dataset, 75,000 frames (150 s), for a single super-resolved image in this study. Long data acquisition is the main drawback for clinical applications, except imaging the brain, which can be possibly fixed in position during the scan period due to the motion artifact. In the following studies, therefore, several groups suggest techniques in efforts to improve temporal resolution. These include Super-Resolution Optical Fluctuation Imaging (SOFI)-based [43] and deconvolution-based [36] SRU imaging technologies to broaden the clinical applications to other organs and diseases, as shown in Figure 2 [36].



SOFI-based super-resolution imaging uses a relatively high concentration of microbubbles, while the traditional super-resolution method utilizes a diluted concentration for better separation of microbubbles [43]. Bar-Zion et al. [43] suggest a parametric model of the contrast-enhanced ultrasound signal of microbubbles to quantify the volume cell, instead of counting the number of microbubbles. High order statistics calculations could improve spatial resolution by 60% at the 4th moment, as shown in Figure 2a, using a L15-4 linear array transducer. They successfully demonstrate their super-resolution imaging approach using a rabbit kidney tumor model with only 150 frames of data, which allows for a 500-times faster scan time than the prior method. The SOFI-based method that utilized high order statistical computations [43] achieved higher temporal resolution than the previous ultrasound localization microscopy [29]. However, spatial resolution and the signal-to-noise ratio were compromised because the dynamic range of image intensity increased as the higher-order statistics were used. Some researchers suggest using a nonlocal means (NLM) denoising filter on the spatiotemporal domain to remove noise from the background signal, while preserving the signal from flowing microbubbles [37]. It should be noted that use of the spatial domain filter to eliminate noise is, in general, challenging, as shown in the previous study, as the amplitude of the background noise looks very similar to signals from microbubbles. They then applied bipartite graph-based microbubble tracking, with persistence control for enhanced microbubble signal quality and tracking fidelity. The localized microbubbles located in each frame could be paired with, and followed by, microbubbles at adjacent frames. When using a 128-element linear array transducer, centered at 8 MHz, vessels as small as 57 µm at depth of 2 cm were reconstructed. Moreover, microvessels 76 µm apart were distinguished in a rabbit kidney in vivo.



Another trial to improve temporal resolution is the employment of deconvolution and spatiotemporal-interframe-correlation (STIC) data acquisition techniques [36]. Regardless of the local density of the microbubbles, the deconvolution approach can localize each microbubble location from the clumped microbubble signal. It therefore enables the utilization of all acquired frames. Note that clumped microbubble signals have to be discarded in other approaches, resulting in a long scan time. Therefore, deconvolution-based SRU imaging only uses 300 image frames to reconstruct a single super-resolved ultrasound image while maintaining a spatial resolution of 41 μm; that is, 1/5 of the wavelength with a 128-element linear array transducer centered at 7.7 MHz. The calculation complexity of the deconvolution method [36] is lower than the above methods while it utilizes the iteration procedure. However, many physiological events are still faster than the data acquisition speed with a deconvolution of 0.6 s. Researchers implemented the STIC data acquisition technique, that was used for the 3D fetal cardiography, to capture rapid physiological events [46]. STIC algorithms allow for a realignment of sequentially acquired image data based on the reference signal, such as the cardiac pulsation, to make use of more frames that are synchronized. Figure 2b shows typical SRU images in an in vivo acute kidney injury in a mouse model, demonstrating the clinical feasibility for kidney applications [37,45]. Furthermore, the implemented SRU imaging technologies were further validated by comparison with micro-CT images in the following study [45].



One main challenge of super-resolution ultrasound imaging technology is maintaining the spatial and temporal resolution at the same time. Ultrasound localization microscopy achieved the spatial resolution of 1/10 of the wavelength beyond the acoustic diffraction limit. However, this method scarifies the temporal resolution, as the huge dataset, ~75,000 frames, corresponding to data acquisition time of 150 s, are required to track every flowing individual microbubble [29]. The SOFI-based method achieved a higher temporal resolution of ~150 frames, and a data acquisition time of 0.3 s-, with the time-dependent statistics of the microbubbles [43]. It also increased the spatial resolution around a factor of    2   , which provides further fine spatial resolution beyond the acoustic diffraction limit. The deconvolution-based super-resolution ultrasound imaging method offers compromised spatial and temporal resolutions between the ultrasound localized microscopy and the SOFI approach. The spatial resolution of 1/5 of the wavelength and the temporal resolution of 0.6 s (~300 frames) were achieved [36]. Depending on their advantages, these methods could be applied for different applications. The overall performances of the representative SRU imaging technologies are compared in Table 1.




3. Deep Learning-Based Super-Resolution Ultrasound Imaging


A single super-resolved image can be only reconstructed with a sufficient number of frames of the localized microbubbles for a sufficient signal-to-noise ratio. This large-scale data acquisition results in a relatively long scan time, which may introduce potential motion artifacts. The low consistency of tissue caused by motion could decrease localization accuracy. Thus, a practical limitation of SRU imaging for clinical translation is the trade-off between data acquisition time and localization accuracy. The deep learning-based approach has demonstrated promising achievements, both in temporal accuracy and in reconstruction accuracy, when using a relatively high-concentration microbubble injection.



The deep learning-based ultrasound localization microscopy (Deep-ULM) is the first trial to let artificial intelligence separate individual microbubble signals from the dense microbubble cloud signal [39]. An increased concentration of microbubbles would reduce overall data acquisition time. The Deep-ULM, inspired by the deep learning network for super-resolution stochastic optical-resolution microscopy (Deep-STORM), adopts a network based on the fully convolutional U-net, performing the nonlinear end-to-end mapping between low-resolution input frames to high-resolution outputs, as shown in Figure 3 [39,47,48,49]. For the synthetic training dataset, randomly located microbubble positions were generated first. The diameters of the microbubbles were also randomly determined, making them similar to the actual microbubble signals. Then, the convolution between the simulated microbubbles and the point spread function can work as a synthetic low-resolution ultrasound image. Then, the simulated ultrasound images were paired with the actual locations of the microbubbles for training through the network. The encoder extracted the dense and aggregated features from low-resolution images. In the decoding layers, the features extracted in the encoding layers were upsampled and deconvolved to align the value for high-resolution image reconstruction. After the training, the trained mapping process reconstructs the low-resolution ultrasound B-mode image to a high-resolution image through feature extraction and upsampling. Besides, the Deep-ULM reduces the computational complexity with the GPU acceleration, allowing it to resolve 1250 high-resolution patches of 128 × 128 pixels within a second. Therefore, the model-based approach has great benefit and potential for implementing the real-time imaging system.



Several modified or alternative network structures have been studied for a faster data processing time in the following research. For example, the convolutional neural network (CNN) was suggested for identifying individual scatters using high concentration microbubbles [50]. This network has a similar structure to U-net and is composed of an encoder–decoder with pooling and un-pooling, but without skip connections. Unlike the previous deep learning-based ULM method, the ground truth data were acquired after the radio frequency (RF) dataset was simulated. The binary confidence maps obtained through the simulated RF dataset can generate the ground truth data. In addition, the RF signals were not beamformed with the delay-and-sum algorithm, but delayed and sampled to have the same number of confidence maps along the axial direction. Considering that the training dataset is a key factor for trained network performance, it is worth more than passing attention to the improvement of deep learning networks based on a precisely tailored synthetic dataset.



Recently, modified subpixel convolutional neural network (mSPCN) architecture with residual blocks has been suggested for optimization without exhausted parameter tuning and fast data processing speed [40,41,42]. The subpixel convolutional neural network architecture in the mSPCN-ULM decodes features with a trained upscaling filter and reduces computational complexity. Moreover, residual learning allows an increase in the network depth without losing gradient, and improves training accuracy without a parameter tuning process, as shown in Figure 4. The mSPCN-ULM showed increased temporal resolution using a higher microbubble concentration compared with the above deep learning techniques. The training process was conducted using the synthetic data created in the same way as the previous Deep-ULM method presented. However, further performance degradation is expected in vivo cases since the discrepancy between the synthetic training dataset and the real in vivo data would become more extensive due to several artifacts and nonlinear responses.



Deep learning technology is also applied in another applications, such as the decluttering process [51]. The extraction of small microbubble signals from only a few pixels in the image with noise is challenging. Researchers have employed a 3D convolutional neural network (3D-CNN) to solve this problem. This network has been known as an optimal network for human action recognition in airport surveillance video sequences, which is similar to flowing microbubble detection in the B-mode image sequence (2D + 1D). The proposed method’s performance is comparable to the use of singular value decomposition (SVD) filtering in conventional SRU imaging sequences with a lightweight computational burden.



So far, deep learning networks trained with the noised synthetic data showed a resolution comparable to existing SRU imaging. However, the number of in vivo studies with deep learning are limited so far. Therefore, further investigations, especially in vivo evaluations, of deep learning applications should follow. Below, Table 2 shows an overall comparison of the representative deep learning-based technologies currently used in SRU imaging.




4. Current Biomedical Applications of Super-Resolution Ultrasound Imaging


With unprecedented spatial resolution and practically reasonable temporal resolution achieved, SRU could be a promising diagnostic tool for diseases associated with abnormal vascular alterations. It also has the potential to be a preferred approach for monitoring disease progression and therapeutic efficacy due to its noninvasiveness, low cost, safety, and widespread accessibility. In this section, some representative applications of SRU in preclinical studies on different organs and disease models, and a very limited first-in-human use, are introduced and discussed.



4.1. Cancer


Cancer is the second leading cause of death in the world [52]. Early detection of malignant lesions can greatly increase the chances of successful treatment [53]. One of the early changes that can differentiate cancer from normal tissues is malignant angiogenesis, which has been recognized as an important biomarker for cancer diagnostics [2,54]. The features of the microvascular network associated with malignant tumors, including density, branching, size, and inhomogeneity, have been observed to be abnormal compared to that of healthy tissue [3,55,56,57,58]. In past decades, superharmonic contrast ultrasound imaging, also known as acoustic angiography, has been utilized to visualizing the microvasculature and detect the morphology abnormalities associated with tumor-induced angiogenesis in vivo [59,60,61,62,63,64]. However, the performance of this imaging technique suffered mainly from the limit of the spatial resolution constrained by the acoustic diffraction limit of the operating ultrasound frequency. An SRU that can overcome this limitation has been explored to detect microvascular changes at much higher resolution and sensitivity, both at an early stage and during tumor progression.



For demonstrating the proof-of-concept and further improving SRU technology, animal tumor models have been adopted in several in vivo studies [43,65,66]. In 2016, Lin et al. successfully imaged the subcutaneous fibrosarcoma tumors implanted in a rat in vivo, with a ten-fold resolution improvement compared to conventional ultrasound imaging by using SRU. This study demonstrated the imaging capability of SRU and the potential of characterizing a tumor-associated microvascular angiogenesis [65]. In the following study, their group evaluated the sensitivity of SRU imaging on the same rat tumor model using microbubbles of different sizes, and showed the sensitivity improvement by using larger microbubbles. For the purpose of shortening the scan time, Bar-Zion et al. proposed an SRU imaging technique with a methodology that was used in super-resolution optical fluctuation imaging (SOFI). This technology was tested by imaging the vasculature around and inside the hind-limb intramuscular VX-2 tumor, and the improvement in temporal resolution was presented [43].



After demonstrating the proof-of-concept in tumor microvasculature imaging, preclinical studies have been conducted to examine the capability of SRU for tumor diagnosis. Lin et al. performed SRU imaging in three dimensions on tumor-bearing rats implanted with subcutaneous fibrosarcoma and compared the microvascular features with the healthy rats [67]. An L11-5 linear probe (Verasonics Inc., Redmond, WA, USA) was mounted to a motorized precision motion stage synchronized with the imaging system to perform the 3D scan. The reconstructed microvascular images by SRU showed a greatly improved spatial resolution compared to the traditional acoustic angiography. As shown in Figure 5a from the study, vessels in the tumor-bearing tissues had a higher tortuosity compared to the control, which implied tumor-associated microvascular angiogenesis. The results demonstrated the potential of differentiating diseased and healthy tissues by evaluating vascular structure using SRU imaging. With the help of the fine details of the vasculature network provided by SRU technology, the capability of SRU for discriminating different tumor types was also shown by the study of Opacic et al. [68]. The fine vascular networks in tumors with different vascular phenotypes were reconstructed by motion model SRU imaging (Figure 5b). Functional parameters, including relative blood volume (rBV), blood flow direction, blood flow velocity, distances to vessels, distances, and velocities, were able to be derived by SRU imaging, and utilized to differentiate different tumor types with the verification of histology successfully.



SRU imaging was further evaluated on specific cancer types, which is the pathway towards clinical translation. Breast cancer, which is the most common type of cancer in women, with the second highest mortality rate [69], is also one focused area for the applications of SRU. Ghost et al. applied SRU imaging to longitudinally monitor changes in the tumor microvascular network of triple-negative breast cancer-bearing mice in response to the treatment [70]. The vessel-to-tissue ratio of the tumor tissue was found decreased progressively after the tumor-targeted therapeutic (Figure 6a), which was consistent with the immunohistological findings. This study suggested the potential of in vivo SRU imaging for monitoring early tumor response to drug treatment. Clinical pilot studies of SRU imaging on patients with breast cancer was further conducted by the Schmitz group [68,71]. Motion model SRU imaging was performed on patients with breast cancer after treatment with first, second, and third cycles of neoadjuvant chemotherapy. By SRU imaging, improved spatial resolution and functional information, including flow velocities, could be derived (Figure 6b) [71], which outperform conventional CEU imaging. The increase in rBV of the tumor tissue and the decrease in tumor size were found after the treatment [68]. The studies could be a scheme for further extended clinical studies and to promote future clinical applications.



In general, as one of the key features of a tumor is a dense microvasculature network, the tumor model would serve as a good candidate for demonstrating the imaging capability of SRU and for validating the technical improvements with new approaches for SRU. For the potential applications of SRU imaging on cancer, the studies mentioned above show that, with the fine structure of the microvascular networks reconstructed by SRU, several functional parameters can be accurately derived to help diagnose malignant tumors or differentiate different tumor types. Several studies have been performed, specifically on breast cancer, and reported promising results. Experiments on human subjects were also initiated. Extended clinical studies in the near future are expected for the clinical translation of this technology.




4.2. Kidney


Chronic kidney disease (CKD), which has a high incidence rate among adults [72,73], is typically induced by several risk factors, including diabetes, high blood pressure, heart disease, an episode of acute kidney injury, etc. [72,74]. One mechanism for the progression of CKD is the degradation of the renal microvasculature and perfusion impairment [75,76]. Therefore, the detection of renal microvascular changes would be of great importance for the early diagnosis and monitoring of CKD. However, diagnostic tools that enable noninvasive diagnostics and monitoring of renal microvascular alterations during progressive kidney disease are still lacking. Conventional ultrasound imaging techniques, including contrast-enhanced ultrasound imaging [21,22] and Doppler ultrasound imaging [20], have been explored to evaluate microvascular changes during the disease’s progression. However, the spatial resolution is not ideal, mainly due to its insufficient sensitivity and the acoustic diffraction limit [77]. The emerging SRU imaging technique would be a promising approach to overcoming these barriers.



Several studies have already been successfully conducted on animal kidneys in vivo to show the capability, as well as the technical improvements, of imaging the renal microvasculature by SRU [37,43,78,79]. Foiret et al. depicted the microvascular structure and characterized the vessels with a flow rate below 2 mm/s of rat kidney, with Contrast Pulse Sequencing (CPS) mode using a 6.9 MHz ultrasound probe (CL15-7, Phillips ATL, MA, USA) [78]. Song et al. proposed the spatiotemporal NLM denoising method, together with the bipartite graph microbubble pairing and tracking method, and showed improved performance of SRU on rabbit kidney [37]. With an operating frequency of 8 MHz and mechanical index of 0.4, a single renal microvessel as small as 57 μm was identified, and microvessels that were 76 μm apart were clearly separated. Their group further developed the Kalman filter-based SRU method and presented a robust measurement of the renal microvascular flow with reduced MB events in the rabbit kidney [79]. Figure 7a,b shows the representative SRU images of the renal vascular network in rat and rabbit kidneys from the studies mentioned above.



On the way towards the clinical application of SRU imaging on kidneys, more affirmative data from studies on clinically relevant animal models are required. Yang et al. performed SRU imaging on an acute ischemic–reperfused rat kidney and a normal rat kidney to investigate the in vivo feasibility of evaluating microvascular changes during progressive kidney disease. The results showed that the blood flow speed in the injured rat kidney (<10 mm/s) was much lower than that in the healthy kidney (~30 mm/s) [80]. Similar results was achieved by Andersen et al., suggesting that blood flow in the renal microvasculature was measured to be slower after ischemia and reperfusion by SRU imaging [81]. Studies that demonstrated the feasibility of SRU for identifying microvascular alterations during the disease progression, with a larger group of animals and histological verifications, were performed by Chen et al. [45]. In the study, SRU imaging was performed in vivo on mouse kidneys of four different groups (n = 5), including control, kidneys post 21 days of ischemia–reperfusion injury, and kidneys post 42 days of injury (Figure 7d), followed by the histological analysis with a CD31 stain. The results showed that SRU imaging was able to identify renal microvessels as small as 32 μm (<1/3 λ at the frequency of 15 MHz) in vivo and allow for quantification of the changes in kidney morphology and vasculature, including size, rBV, vessel density, and tortuosity, during the progression of the kidney injury. Changes in renal vascular density in the corticomedullary area were validated by a CD31 stain, and a relatively strong correlation was found between SRU and histological measurement. While the former two studies focused more on the change in flow velocity, the latter only examined the features derived from structural information. Future studies that investigate both structural and flow information on the groups of animals in disease models is highly sought.



The next step towards the future translation of SRU imaging on kidneys would be studies on human subjects, including healthy and CKD patients. Studies have been initiated and some preliminary results have already been presented at conferences (Figure 7c) [82]. Motion artifact is one of the major issues to address before successful future translations of kidney SRU imaging, since the breathing motion affects the locations of the organs in the abdomen significantly. In the animal studies, most of the groups applied block matching algorithms on the envelope of B-mode data to estimate and correct the translational breathing motion in lateral and axial directions [37,45,79,80,81]. Foiret et al. utilized linear optimization to better correct both translational and rotational motion [78]. However, out-of-plane motion remains a problem for 2D kidney imaging by using the 1D array transducer. Moreover, breathing motion during human kidney imaging can be more critical compared to experiments on anesthetized animals. A short scan time might offer a practical solution so that an SRU imaging session can be completed with minimized motion artifacts while a human subject holds their breath. In addition, further improvements that enhance MB signals in depth, in clinical abdominal imaging conditions and extended experiments on a larger group of human subjects, are required for future clinical translations of SRU imaging.




4.3. Other Applications


SRU was also applied to other organs or animal models, such as the brain, the femoral artery with atherosclerotic plaque (AP), etc.



The pathological process of the small vessels in the brain has been recognized as a contributor to cognitive impairment and dementia [83,84,85]. Therefore, an imaging tool that can resolve small vessels in the brain would be beneficial for the diagnostics and therapeutics of such neurological diseases. Errico et al. initiated a study of brain microvasculature imaging using an SRU technique in 2015 (Figure 1c) [29]. Rat brain microvasculature was imaged with a 15 MHz ultrasound probe through the thinned skull. Vessels as small as 9 μm (1/10 λ) were resolved and the in-plane blood flow profile was achieved, although the scan time was quite long (150 s). Recently, Huang et al. proposed a method that separates spatially overlapping MB events into subpopulations based on spatiotemporal differences in flow dynamics, and successfully visualized chicken embryo brain vasculature with a shortened scan time (~17s) (Figure 8a) [86]. Compared to the kidney imaging, a relatively long scan time could be acceptable for brain imaging, for which the physiologic motions are less pronounced if the ultrasound transducer is fixed to the head. For the future clinical translation of SRU in brain imaging, attenuation and aberration from the skull that significantly degrades imaging performance remains a big challenge which requires further investigation.



Another potential application of SRU is to monitor the development of atherosclerotic plaque (AP) and predict AP rupture by imaging vasa vasorum (VV) near major vessels. It has been reported that abnormal proliferation of VV and the infiltration into the AP core is key evidence of AP progression and vulnerability [10,87,88,89]. Due to the tiny size of VV, it is challenging to imaging VV in vivo. In a pilot study, Yu et al. successfully identified VV in a rabbit AP in vivo, with the spatial resolution of 45 μm, by the deconvolution-based SRU imaging technique (Figure 8b) [36]. In the follow-up study by the group, the abnormal proliferation of VV near the rabbit femoral artery that was identified by SRU was further validated with subsequent histology and ex vivo microcomputed tomography (µCT), histopathology, and morphology [90]. The experiment protocols and results would encourage extended preclinical studies with larger group of animals and potential human studies in the future.



Besides the in vivo studies mentioned above, promising results of microvascular imaging by SRU were also achieved in vivo in organs, including rabbit lymph nodes [91], rabbit eyeballs [92], mouse liver [93], and human tibialis anterior muscles [94], which may contribute to broader applications of SRU imaging.





5. Limitations and Future Directions


As we discussed above, SRU imaging has been continuously improved and applied in vivo for different applications in animal models and very limited human uses. However, there are still several major limitations that hinder the eventual clinical translations of this novel technology.



One of the major limitations is the relatively long scan time. To reconstruct a single SRU image, the accumulation of a large-scale microbubble backscatter of signals is required, which results in a long acquisition time. A typical SRU algorithm that localizes the center of the spatially isolated MBs requires a scan time of several minutes to collect the necessary data [29]. Since SRU imaging is highly sensitive to motion artifacts, the image quality will be notably degraded due to physiological or externally induced motion, which is inevitable during a long scan time. Considering the freehand scan that would be practiced in future clinical applications, the long scan time would be a big barrier. Harput et al. [94] suggested a two-stage motion correction algorithm which calculates the combination of affine and nonrigid image registrations through the motion estimation from the B-mode image, and corrects the motion artifacts of CEU image. The rigid motion artifact correction using a phase-correlation technique was also suggested to remove the blurring caused by subwavelength motions [95]. Although motion correction can help mitigate the motion artifacts [94,95], it still cannot perfectly solve the problem of motion in real cases, which combines rigid motion, nonrigid motion, and out-of-plane motions. Some algorithms that can shorten the scan time have been developed [36,86,92,96], but the spatial resolution is more or less compromised compared to the algorithm that localizes the isolated MBs. The large-scale data will also require a high computation cost for image reconstruction. Utilization of a GPU for data processing could be a solution to reduce the computation load and to possibly realize SRU image processing in real-time in the future. In some studies of SRU imaging using a matrix array, a GPU has already been successfully applied to significantly shorten the computation time for large-scale data set [97,98,99].



Another limitation is that image quality is highly dependent on MB concentration and distribution in the blood vessels [77,100]. A low concentration in the vessels will lead to a long scan time and low signal contrast, while a high concentration will degrade localization accuracy and, thus, the spatial resolution of the image. Since MBs are systematically administrated to the blood vessels, it would be difficult to control the real MB concentration in the target area in the clinical practice. Moreover, the dosage may need to be adjusted for different applications in order to have appropriate MB concentration in vessels of the target organs. Deep learning approaches would be a promising direction to overcome this challenge while further evaluations are needed. Moreover, in order to make the technology for broader application in clinics, with no possible safety concerns for some populations, including pregnant women or subjects potentially allergic to microbubbles etc., it is ideal to develop a contrast-agent-free super-resolution. However, no fully developed approaches with ideal performance have been reported so far, except some pioneering initiative works presented in recent conferences [101].



Currently, most in vivo clinical studies of super-resolution ultrasound imaging techniques are conducted on a 2D B-scan with a 1-D array ultrasound transducer. However, 2D cross sectional imaging has limited resolution in the elevational direction, determined by the relatively large elevational beamwidth. The 3D SRU imaging techniques using 2D array arranged 1024 elements in 32 × 32 matrix showed a promising in vitro study result, with the subwavelength resolution in both lateral and elevational directions [97]. The use of a fully sampled 2D matrix array, however, is suffering from the heavy computational complexities of handling huge volumetric data. Several approaches, including (1) an FPGA–GPU structure-based ultrasound system [102], (2) frequency domain beamforming [103], and (3) novel transducer configurations such as the sparse array [98] and the row-column array [99], are suggested to overcome such limitations. An FPGA–GPU structure-based ultrasound system could manage the huge data size because it benefits from both the FPGA, for high-speed data transfer, and the GPU for processing [102]. Another study performs the beamforming of 3D volumetric imaging in the frequency domain to reduce computational complexity [103]. In addition to these approaches, the sparse array [98]-based volumetric super-resolution ultrasound imaging technique utilizes half of the channels compared to the fully sampled array and achieves a comparable resolution [104]. Further research on sparse array-based super-resolution ultrasound imaging should continue to deal with the grating lobe [99] and the fastidious optimization process [104] of the sparse array [105]. The other approach, the row–column array-based super-resolution imaging method [99], reduces the number of connections from N2 to 2N in the N  ×  N 2D array by utilizing two orthogonal arrays [104]. Although the resolution of the row–column array method is comparable, edge artifacts caused by the long element should be suppressed with mechanical apodization [106].



Besides, for abdominal, transcranial, and brain applications in humans, the tradeoff between spatial resolution and penetration depth needs to be considered; the imaging depth will be significantly larger in human subjects. It will be more challenging to detect microbubbles in the microvessels at deep depth due to acoustic attenuation. Techniques that can enhance the transmitted energy without destroying MBs, such as coded excitation [107,108,109,110], may be one potential solution. Utilization of microbubbles with larger sizes may also help enhance signals, as reported in the previous study [66].




6. Conclusions


In the past decade, SRU imaging technology that can achieve microvascular images with spatial resolution beyond the acoustic diffraction limit has been developed and continuously improved. With the help of unprecedented spatial resolution and reasonable temporal resolution, this technology could significantly enhance the diagnosis and monitoring of the diseases that are associated with abnormal changes of microvasculature. A number of preclinical studies have already demonstrated the feasibility in vivo on different models, including tumors, kidneys, brain imaging, etc. Overall, while some challenges exist for future clinical translation, SRU imaging technology still holds a great potential for broad clinical applications with a high impact.







Author Contributions


Q.C. conceived the structure of this manuscript, drafted, and edited the manuscript. H.S. drafted and edited the manuscript. J.Y. drafted, reviewed, edited, and supervised the writing of the manuscript. K.K. reviewed, edited, and supervised the writing of the manuscript. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported by the National Research Foundation of Korea (NRF) grant funded by the Korea government (MSIT) (No. 2020R1C1C1009488, NRF-2018R1A5A1025511) and by the Korea Medical Device Development Fund grant funded by the Korea government (the Ministry of Science and ICT, the Ministry of Trade, Industry and Energy, the Ministry of Health & Welfare, Republic of Korea, the Ministry of Food and Drug Safety) (Project Number: 202011C01).




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Not applicable.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Kerbel, R.S. Tumor angiogenesis. N. Engl. J. Med. 2008, 358, 2039–2049. [Google Scholar] [CrossRef]

	



Hanahan, D.; Weinberg, R.A. The hallmarks of cancer. Cell 2000, 100, 57–70. [Google Scholar] [CrossRef]

	



Bullitt, E.; Lin, N.U.; Ewend, M.G.; Zeng, D.; Winer, E.P.; Carey, L.A.; Smith, J.K. Tumor therapeutic response and vessel tortuosity: Preliminary report in metastatic breast cancer. In Lecture Notes in Computer Science; Springer: Berlin/Heidelberg, Germany, 2006; Volume 4191, pp. 561–568. [Google Scholar]

	



Basile, D.P.; Bonventre, J.V.; Mehta, R.; Nangaku, M.; Unwin, R.; Rosner, M.H.; Kellum, J.A.; Ronco, C.; ADQI XIII Work Group. Progression after AKI: Understanding Maladaptive Repair Processes to Predict and Identify Therapeutic Treatments. J. Am. Soc. Nephrol. 2016, 27, 687–697. [Google Scholar] [CrossRef] [PubMed]

	



Hörbelt, M.; Lee, S.-Y.; Mang, H.E.; Knipe, N.L.; Sado, Y.; Kribben, A.; Sutton, T.A. Acute and chronic microvascular alterations in a mouse model of ischemic acute kidney injury. Am. J. Physiol. Physiol. 2007, 293, F688–F695. [Google Scholar] [CrossRef] [PubMed]

	



Molitoris, B.A. Therapeutic translation in acute kidney injury: The epithelial/endothelial axis. J. Clin. Investig. 2014, 124, 2355–2363. [Google Scholar] [CrossRef] [PubMed]

	



Kramann, R.; Tanaka, M.; Humphreys, B.D. Fluorescence Microangiography for Quantitative Assessment of Peritubular Capillary Changes after AKI in Mice. J. Am. Soc. Nephrol. 2014, 25, 1924–1931. [Google Scholar] [CrossRef]

	



Ritman, E.L.; Lerman, A. The Dynamic Vasa Vasorum. Cardiovasc. Res. 2007, 75, 649–658. [Google Scholar] [CrossRef]

	



Xu, J.; Lu, X.; Shi, G.-P. Vasa vasorum in atherosclerosis and clinical significance. Int. J. Mol. Sci. 2015, 16, 11574–11608. [Google Scholar] [CrossRef] [PubMed]

	



Moreno, P.R.; Purushothaman, K.R.; Fuster, V.; Echeverri, D.; Truszczynska, H.; Sharma, S.K.; Badimon, J.J.; O’Connor, W.N. Plaque Neovascularization Is Increased in Ruptured Atherosclerotic Lesions of Human Aorta. Circulation 2004, 110, 2032–2038. [Google Scholar] [CrossRef]

	



Hyafil, F.; Cornily, J.-C.; Feig, J.E.; Gordon, R.; Vucic, E.; Amirbekian, V.; Fisher, E.A.; Fuster, V.; Feldman, L.J.; Fayad, Z.A. Noninvasive detection of macrophages using a nanoparticulate contrast agent for computed tomography. Nat. Med. 2007, 13, 636–641. [Google Scholar] [CrossRef]

	



Sadeghi, M.M.; Glover, D.K.; Lanza, G.M.; Fayad, Z.A.; Johnson, L.L. Imaging Atherosclerosis and Vulnerable Plaque. J. Nucl. Med. 2010, 51, 51S–65S. [Google Scholar] [CrossRef]

	



Kubo, T.; Imanishi, T.; Takarada, S.; Kuroi, A.; Ueno, S.; Yamano, T.; Tanimoto, T.; Matsuo, Y.; Masho, T.; Kitabata, H.; et al. Assessment of Culprit Lesion Morphology in Acute Myocardial Infarction. J. Am. Coll. Cardiol. 2007, 50, 933–939. [Google Scholar] [CrossRef]

	



Jang, I.-K.; Tearney, G.J.; MacNeill, B.; Takano, M.; Moselewski, F.; Iftima, N.; Shishkov, M.; Houser, S.; Aretz, H.T.; Halpern, E.F.; et al. In Vivo Characterization of Coronary Atherosclerotic Plaque by Use of Optical Coherence Tomography. Circulation 2005, 111, 1551–1555. [Google Scholar] [CrossRef]

	



Winter, P.M.; Morawski, A.M.; Caruthers, S.D.; Fuhrhop, R.W.; Zhang, H.; Williams, T.A.; Allen, J.S.; Lacy, E.K.; Robertson, J.D.; Lanza, G.M.; et al. Molecular Imaging of Angiogenesis in Early-Stage Atherosclerosis with αvβ3-Integrin–Targeted Nanoparticles. Circulation 2003, 108, 2270–2274. [Google Scholar] [CrossRef] [PubMed]

	



Cai, K.; Caruthers, S.D.; Huang, W.; Williams, T.A.; Zhang, H.; Wickline, S.A.; Lanza, G.M.; Winter, P.M. MR molecular imaging of aortic angiogenesis. JACC. Cardiovasc. Imaging 2010, 3, 824–832. [Google Scholar] [CrossRef] [PubMed]

	



Kerwin, W.; Hooker, A.; Spilker, M.; Vicini, P.; Ferguson, M.; Hatsukami, T.; Yuan, C. Quantitative Magnetic Resonance Imaging Analysis of Neovasculature Volume in Carotid Atherosclerotic Plaque. Circulation 2003, 107, 851–856. [Google Scholar] [CrossRef] [PubMed]

	



Prowle, J.R.; Molan, M.P.; Hornsey, E.; Bellomo, R. Measurement of renal blood flow by phase-contrast magnetic resonance imaging during septic acute kidney injury. Crit. Care Med. 2012, 40, 1768–1776. [Google Scholar] [CrossRef] [PubMed]

	



Inoue, T.; Kozawa, E.; Okada, H.; Inukai, K.; Watanabe, S.; Kikuta, T.; Watanabe, Y.; Takenaka, T.; Katayama, S.; Tanaka, J.; et al. Noninvasive evaluation of kidney hypoxia and fibrosis using magnetic resonance imaging. J. Am. Soc. Nephrol. 2011, 22, 1429–1434. [Google Scholar] [CrossRef] [PubMed]

	



Faubel, S.; Patel, N.U.; Lockhart, M.E.; Cadnapaphornchai, M.A. Renal relevant radiology: Use of ultrasonography in patients with AKI. Clin. J. Am. Soc. Nephrol. 2014, 9, 382–394. [Google Scholar] [CrossRef]

	



Cao, W.; Cui, S.; Yang, L.; Wu, C.; Liu, J.; Yang, F.; Liu, Y.; Bin, J.; Hou, F.F. Contrast-Enhanced Ultrasound for Assessing Renal Perfusion Impairment and Predicting Acute Kidney Injury to Chronic Kidney Disease Progression. Antioxid. Redox Signal. 2017, 27, 1397–1411. [Google Scholar] [CrossRef]

	



Hull, T.D.; Agarwal, A.; Hoyt, K. New Ultrasound Techniques Promise Further Advances in AKI and CKD. J. Am. Soc. Nephrol. 2017, 28, 3452–3460. [Google Scholar] [CrossRef] [PubMed]

	



Staub, D.; Schinkel, A.F.L.; Coll, B.; Coli, S.; van der Steen, A.F.W.; Reed, J.D.; Krueger, C.; Thomenius, K.E.; Adam, D.; Sijbrands, E.J.; et al. Contrast-enhanced ultrasound imaging of the vasa vasorum: From early atherosclerosis to the identification of unstable plaques. JACC. Cardiovasc. Imaging 2010, 3, 761–771. [Google Scholar] [CrossRef] [PubMed]

	



Moguillansky, D.; Leng, X.; Carson, A.; Lavery, L.; Schwartz, A.; Chen, X.; Villanueva, F.S. Quantification of plaque neovascularization using contrast ultrasound: A histologic validation. Eur. Heart J. 2011, 32, 646–653. [Google Scholar] [CrossRef]

	



Magnoni, M.; Coli, S.; Marrocco-Trischitta, M.M.; Melisurgo, G.; De Dominicis, D.; Cianflone, D.; Chiesa, R.; Feinstein, S.B.; Maseri, A. Contrast-enhanced ultrasound imaging of periadventitial vasa vasorum in human carotid arteries. Eur. J. Echocardiogr. 2008, 10, 260–264. [Google Scholar] [CrossRef]

	



Hess, S.T.; Girirajan, T.P.K.; Mason, M.D. Ultra-high resolution imaging by fluorescence photoactivation localization microscopy. Biophys. J. 2006, 91, 4258–4272. [Google Scholar] [CrossRef]

	



Betzig, E.; Patterson, G.H.; Sougrat, R.; Lindwasser, O.W.; Olenych, S.; Bonifacino, J.S.; Davidson, M.W.; Lippincott-Schwartz, J.; Hess, H.F. Imaging intracellular fluorescent proteins at nanometer resolution. Science 2006, 313, 1642–1645. [Google Scholar] [CrossRef] [PubMed]

	



Rust, M.J.; Bates, M.; Zhuang, X. Sub-diffraction-limit imaging by stochastic optical reconstruction microscopy (STORM). Nat. Methods 2006, 3, 793–796. [Google Scholar] [CrossRef]

	



Errico, C.; Pierre, J.; Pezet, S.; Desailly, Y.; Lenkei, Z.; Couture, O.; Tanter, M. Ultrafast ultrasound localization microscopy for deep super-resolution vascular imaging. Nature 2015, 527, 499–502. [Google Scholar] [CrossRef]

	



O’Reilly, M.A.; Hynynen, K. A super-resolution ultrasound method for brain vascular mapping. Med. Phys. 2013, 40. [Google Scholar] [CrossRef]

	



Viessmann, O.M.; Eckersley, R.J.; Christensen-Jeffries, K.; Tang, M.X.; Dunsby, C. Acoustic super-resolution with ultrasound and microbubbles. Phys. Med. Biol. 2013, 58, 6447–6458. [Google Scholar] [CrossRef]

	



Desailly, Y.; Couture, O.; Fink, M.; Tanter, M. Sono-activated ultrasound localization microscopy. Appl. Phys. Lett. 2013, 103, 174107. [Google Scholar] [CrossRef]

	



Christensen-Jeffries, K.; Browning, R.J.; Tang, M.-X.; Dunsby, C.; Eckersley, R.J. In vivo acoustic super-resolution and super-resolved velocity mapping using microbubbles. IEEE Trans. Med. Imaging 2015, 34, 433–440. [Google Scholar] [CrossRef] [PubMed]

	



Tanter, M.; Fink, M. Ultrafast imaging in biomedical ultrasound. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2014, 61, 102–119. [Google Scholar] [CrossRef] [PubMed]

	



Demené, C.; Deffieux, T.; Pernot, M.; Osmanski, B.F.; Biran, V.; Gennisson, J.L.; Sieu, L.A.; Bergel, A.; Franqui, S.; Correas, J.M.; et al. Spatiotemporal Clutter Filtering of Ultrafast Ultrasound Data Highly Increases Doppler and fUltrasound Sensitivity. IEEE Trans. Med. Imaging 2015, 34, 2271–2285. [Google Scholar] [CrossRef]

	



Yu, J.; Lavery, L.; Kim, K. Super-resolution ultrasound imaging method for microvasculature in vivo with a high temporal accuracy. Sci. Rep. 2018, 8, 13918. [Google Scholar] [CrossRef]

	



Song, P.; Trzasko, J.D.; Manduca, A.; Huang, R.; Kadirvel, R.; Kallmes, D.F.; Chen, S. Improved Super-Resolution Ultrasound Microvessel Imaging with Spatiotemporal Nonlocal Means Filtering and Bipartite Graph-Based Microbubble Tracking. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2018, 65, 149–167. [Google Scholar] [CrossRef] [PubMed]

	



Christensen-Jeffries, K.; Couture, O.; Dayton, P.A.; Eldar, Y.C.; Hynynen, K.; Kiessling, F.; O’Reilly, M.; Pinton, G.F.; Schmitz, G.; Tang, M.X.; et al. Super-resolution Ultrasound Imaging. Ultrasound Med. Biol. 2020, 46, 865–891. [Google Scholar] [CrossRef]

	



Van Sloun, R.J.G.; Solomon, O.; Bruce, M.; Khaing, Z.Z.; Eldar, Y.C.; Mischi, M. Deep Learning for Super-resolution Vascular Ultrasound Imaging. In Proceedings of the International Conference on Acoustics, Speech and Signal Processing, Brighton, UK, 12–17 May 2019; pp. 1055–1059. [Google Scholar]

	



Liu, X.; Zhou, T.; Lu, M.; Yang, Y.; He, Q.; Luo, J. Deep Learning for Ultrasound Localization Microscopy. IEEE Trans. Med. Imaging 2020, 39, 3064–3078. [Google Scholar] [CrossRef]

	



Shi, W.; Caballero, J.; Huszár, F.; Totz, J.; Aitken, A.P.; Bishop, R.; Rueckert, D.; Wang, Z. Real-Time Single Image and Video Super-Resolution Using an Efficient Sub-Pixel Convolutional Neural Network; IEEE Computer Society: Washington, DC, USA; pp. 1874–1883.

	



He, K.; Zhang, X.; Ren, S.; Sun, J. Deep residual learning for image recognition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 26 June–1 July 2016; IEEE Computer Society: Washington, DC, USA, 2016; pp. 770–778. [Google Scholar]

	



Bar-zion, A.; Tremblay-darveau, C.; Solomon, O.; Adam, D.; Eldar, Y.C. Fast VascularUltrasound Imaging with Enhanced Spatial Resolution and Background Rejection. IEEE Trans. Med. Imaging 2017, 36, 169–180. [Google Scholar] [CrossRef]

	



Cox, B.; Beard, P. Super-resolution ultrasound. Nature 2015, 527, 451–452. [Google Scholar] [CrossRef] [PubMed]

	



Chen, Q.; Yu, J.; Rush, B.M.; Stocker, S.D.; Tan, R.J.; Kim, K. Ultrasound super-resolution imaging provides a noninvasive assessment of renal microvasculature changes during mouse acute kidney injury. Kidney Int. 2020, 98, 355–365. [Google Scholar] [CrossRef] [PubMed]

	



Ionescu, C. The benefits of 3D-4D fetal echocardiography. Maedica 2010, 5, 45–50. [Google Scholar]

	



Nehme, E.; Weiss, L.E.; Michaeli, T.; Shechtman, Y. Deep-STORM: Super-resolution single-molecule microscopy by deep learning. Optica 2018, 5, 458–464. [Google Scholar] [CrossRef]

	



Van Sloun, R.J.G.; Solomon, O.; Bruce, M.; Khaing, Z.Z.; Wijkstra, H.; Eldar, Y.C.; Mischi, M. Super-resolution Ultrasound Localization Microscopy through Deep Learning. IEEE Trans. Med Imaging 2021. [Google Scholar] [CrossRef]

	



Ronneberger, O.; Fischer, P.; Brox, T. U-net: Convolutional networks for biomedical image segmentation. In Lecture Notes in Computer Science; Springer: Berlin/Heidelberg, Germany, 2015; Volume 9351, pp. 234–241. [Google Scholar]

	



Youn, J.; Ommen, M.L.; Stuart, M.B.; Thomsen, E.V.; Larsen, N.B.; Jensen, J.A. Detection and Localization of Ultrasound Scatterers Using Convolutional Neural Networks. IEEE Trans. Med. Imaging 2020, 39, 3855–3867. [Google Scholar] [CrossRef] [PubMed]

	



Brown, K.G.; Ghosh, D.; Hoyt, K. Deep Learning of Spatiotemporal Filtering for Fast Super-Resolution Ultrasound Imaging. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2020, 67, 1820–1829. [Google Scholar] [CrossRef]

	



Cancer. Available online: http://www.who.int/en/news-room/fact-sheets/detail/cancer (accessed on 30 September 2020).

	



WHO|Early Detection of Cancer. Available online: https://www.who.int/cancer/detection/en/ (accessed on 30 September 2020).

	



Folkman, J. Tumor angiogenesis. Adv. Cancer Res. 1974, 19, 331–358. [Google Scholar] [CrossRef]

	



Augustin, H.G. Commentary on folkman: How is blood vessel growth regulated in normal and neoplastic tissue? Cancer Res. 2016, 76, 2854–2856. [Google Scholar] [CrossRef]

	



Ruoslahti, E. Specialization of tumour vasculature. Nat. Rev. Cancer 2002, 2, 83–90. [Google Scholar] [CrossRef]

	



Ehling, J.; Theek, B.; Gremse, F.; Baetke, S.; Möckel, D.; Maynard, J.; Ricketts, S.A.; Grüll, H.; Neeman, M.; Knuechel, R.; et al. Micro-CT imaging of tumor angiogenesis: Quantitative measures describing micromorphology and vascularization. Am. J. Pathol. 2014, 184, 431–441. [Google Scholar] [CrossRef] [PubMed]

	



Chang, M.P.; Jin, M.G.; Hyun, J.L.; Kim, M.A.; Kim, H.C.; Kwang, G.K.; Chang, H.L.; Im, J.G. FN13762 murine breast cancer: Region-by-region correlation of first-pass perfusion CT indexes with histologic vascular parameters. Radiology 2009, 251, 721–730. [Google Scholar] [CrossRef]

	



Gessner, R.C.; Frederick, C.B.; Foster, F.S.; Dayton, P.A. Acoustic angiography: A new imaging modality for assessing microvasculature architecture. Int. J. Biomed. Imaging 2013, 2013. [Google Scholar] [CrossRef]

	



Gessner, R.C.; Aylward, S.R.; Dayton, P.A. Mapping microvasculature with acoustic angiography yields quantifiable differences between healthy and tumor-bearing tissue volumes in a rodent model. Radiology 2012, 264, 733–740. [Google Scholar] [CrossRef]

	



Shelton, S.E.; Lee, Y.Z.; Lee, M.; Cherin, E.; Foster, F.S.; Aylward, S.R.; Dayton, P.A. Quantification of microvascular tortuosity during tumor evolution using acoustic angiography. Ultrasound Med. Biol. 2015, 41, 1896–1904. [Google Scholar] [CrossRef]

	



Shelton, S.E.; Lindsey, B.D.; Tsuruta, J.K.; Foster, F.S.; Dayton, P.A. Molecular Acoustic Angiography: A New Technique for High-resolution Superharmonic Ultrasound Molecular Imaging. Ultrasound Med. Biol. 2016, 42, 769–781. [Google Scholar] [CrossRef] [PubMed]

	



Rao, S.R.; Shelton, S.E.; Dayton, P.A. The “Fingerprint” of Cancer Extends Beyond Solid Tumor Boundaries: Assessment with a Novel Ultrasound Imaging Approach. IEEE Trans. Biomed. Eng. 2016, 63, 1082–1086. [Google Scholar] [CrossRef] [PubMed]

	



Lindsey, B.D.; Shelton, S.E.; Foster, F.S.; Dayton, P.A. Assessment of Molecular Acoustic Angiography for Combined Microvascular and Molecular Imaging in Preclinical Tumor Models. Mol. Imaging Biol. 2017, 19, 194–202. [Google Scholar] [CrossRef] [PubMed]

	



Lin, F.; Rojas, J.D.; Dayton, P.A. Super resolution contrast ultrasound imaging: Analysis of imaging resolution and application to imaging tumor angiogenesis. In Proceedings of the IEEE International Ultrasonics Symposium (IUS), Tours, France, 18–21 September 2016. [Google Scholar]

	



Lin, F.; Tsuruta, J.K.; Rojas, J.D.; Dayton, P.A. Optimizing Sensitivity of Ultrasound Contrast-Enhanced Super-Resolution Imaging by Tailoring Size Distribution of Microbubble Contrast Agent. Ultrasound Med. Biol. 2017, 43, 2488–2493. [Google Scholar] [CrossRef]

	



Lin, F.; Shelton, S.E.; Espíndola, D.; Rojas, J.D.; Pinton, G.; Dayton, P.A. 3-D ultrasound localization microscopy for identifying microvascular morphology features of tumor angiogenesis at a resolution beyond the diffraction limit of conventional ultrasound. Theranostics 2017, 7, 196–204. [Google Scholar] [CrossRef]

	



Opacic, T.; Dencks, S.; Theek, B.; Piepenbrock, M.; Ackermann, D.; Rix, A.; Lammers, T.; Stickeler, E.; Delorme, S.; Schmitz, G.; et al. Motion model ultrasound localization microscopy for preclinical and clinical multiparametric tumor characterization. Nat. Commun. 2018, 9, 1527. [Google Scholar] [CrossRef]

	



Chacón, R.D.; Costanzo, M.V. Triple-negative breast cancer. Breast Cancer Res. 2010, 12, S3. [Google Scholar] [CrossRef] [PubMed]

	



Ghosh, D.; Xiong, F.; Sirsi, S.R.; Mattrey, R.; Brekken, R.; Kim, J.W.; Hoyt, K. Monitoring early tumor response to vascular targeted therapy using super-resolution ultrasound imaging. In Proceedings of the IEEE International Ultrasonics Symposium (IUS), Washington, DC, USA, 6–9 September 2017; pp. 1–4. [Google Scholar] [CrossRef]

	



Dencks, S.; Piepenbrock, M.; Opacic, T.; Krauspe, B.; Stickeler, E.; Kiessling, F.; Schmitz, G. Clinical Pilot Application of Super-Resolution US Imaging in Breast Cancer. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2019, 66, 517–526. [Google Scholar] [CrossRef] [PubMed]

	



National Institute of Diabetes and Digestive and Kidney Diseases. What Is Chronic Kidney Disease?|NIDDK. Available online: https://www.niddk.nih.gov/health-information/kidney-disease/chronic-kidney-disease-ckd/what-is-chronic-kidney-disease (accessed on 12 October 2020).

	



Division of Diabetes Translation; National Center for Chronic Disease Prevention and Health Promotion; Centers for Disease Control and Prevention. National Chronic Kidney Disease Fact Sheet 2017; Centers for Disease Control and Prevention: Atlanta, GA, USA, 2017. [Google Scholar]

	



Heung, M.; Chawla, L.S. Acute Kidney Injury: Gateway to Chronic Kidney Disease. Nephron Clin. Pract. 2014, 127, 30–34. [Google Scholar] [CrossRef] [PubMed]

	



Basile, D.P.; Donohoe, D.; Roethe, K.; Osborn, J.L. Renal ischemic injury results in permanent damage to peritubular capillaries and influences long-term function. Am. J. Physiol. Physiol. 2001, 281, F887–F899. [Google Scholar] [CrossRef]

	



Tsuruoka, K.; Yasuda, T.; Koitabashi, K.; Yazawa, M.; Shimazaki, M.; Sakurada, T.; Shirai, S.; Shibagaki, Y.; Kimura, K.; Tsujimoto, F. Evaluation of renal microcirculation by contrast-enhanced ultrasound with sonazoidTM as a contrast agent: Comparison between normal subjects and patients with chronic kidney disease. Int. Heart J. 2010, 51, 176–182. [Google Scholar] [CrossRef]

	



Couture, O.; Hingot, V.; Heiles, B.; Muleki-Seya, P.; Tanter, M. Ultrasound Localization Microscopy and Super-Resolution: A State of the Art. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2018, 65, 1304–1320. [Google Scholar] [CrossRef]

	



Foiret, J.; Zhang, H.; Ilovitsh, T.; Mahakian, L.; Tam, S.; Ferrara, K.W. Ultrasound localization microscopy to image and assess microvasculature in a rat kidney. Sci. Rep. 2017, 7, 13662. [Google Scholar] [CrossRef]

	



Tang, S.; Song, P.; Trzasko, J.D.; Lowerison, M.; Huang, C.; Gong, P.; Lok, U.W.; Manduca, A.; Chen, S. Kalman Filter-Based Microbubble Tracking for Robust Super-Resolution Ultrasound Microvessel Imaging. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2020, 67, 1738–1751. [Google Scholar] [CrossRef]

	



Yang, Y.; He, Q.; Zhang, H.; Qiu, L.; Qian, L.; Lee, F.-F.; Liu, Z.; Luo, J. Assessment of Diabetic Kidney Disease Using Ultrasound Localization Microscopy: An In Vivo Feasibility Study in Rats. In Proceedings of the 2018 IEEE International Ultrasonics Symposium, Kobe, Japan, 22–25 October 2018; pp. 1–4. [Google Scholar] [CrossRef]

	



Andersen, S.B.; Hoyos, C.A.V.; Taghavi, I.; Gran, F.; Hansen, K.L.; Sorensen, C.M.; Jensen, J.A.; Nielsen, M.B. Super-Resolution Ultrasound Imaging of Rat Kidneys before and after Ischemia-Reperfusion. In Proceedings of the IEEE International Ultrasonics Symposium (IUS), Glasgow, UK, 6–9 October 2019. [Google Scholar]

	



Chen, Q.; Kumar, A.; Tan, R.J.; Kim, K. Ultrasound Super-Resolution Imaging Algorithm for a Curved Array Transducer for Human Kidney Imaging. In Proceedings of the 2019 IEEE International Ultrasonics Symposium (IUS), Glasgow, UK, 6–9 October 2019; p. 1. [Google Scholar]

	



Snyder, H.M.; Corriveau, R.A.; Craft, S.; Faber, J.E.; Greenberg, S.M.; Knopman, D.; Lamb, B.T.; Montine, T.J.; Nedergaard, M.; Schaffer, C.B.; et al. Vascular contributions to cognitive impairment and dementia including Alzheimer’s disease. Alzheimer’s Dement. 2015, 11, 710–717. [Google Scholar] [CrossRef] [PubMed]

	



Pantoni, L. Cerebral small vessel disease: From pathogenesis and clinical characteristics to therapeutic challenges. Lancet Neurol. 2010, 9, 689–701. [Google Scholar] [CrossRef]

	



Wardlaw, J.M.; Smith, E.E.; Biessels, G.J.; Cordonnier, C.; Fazekas, F.; Frayne, R.; Lindley, R.I.; O’Brien, J.T.; Barkhof, F.; Benavente, O.R.; et al. Neuroimaging standards for research into small vessel disease and its contribution to ageing and neurodegeneration. Lancet Neurol. 2013, 12, 822–838. [Google Scholar] [CrossRef]

	



Huang, C.; Lowerison, M.R.; Trzasko, J.D.; Manduca, A.; Bresler, Y.; Tang, S.; Gong, P.; Lok, U.W.; Song, P.; Chen, S. Short Acquisition Time Super-Resolution Ultrasound Microvessel Imaging via Microbubble Separation. Sci. Rep. 2020, 10, 6007. [Google Scholar] [CrossRef]

	



Kolodgie, F.D.; Gold, H.K.; Burke, A.P.; Fowler, D.R.; Kruth, H.S.; Weber, D.K.; Farb, A.; Guerrero, L.J.; Hayase, M.; Kutys, R.; et al. Intraplaque hemorrhage and progression of coronary atheroma. N. Engl. J. Med. 2003, 349, 2316–2325. [Google Scholar] [CrossRef] [PubMed]

	



Virmani, R.; Kolodgie, F.D.; Burke, A.P.; Finn, A.V.; Gold, H.K.; Tulenko, T.N.; Wrenn, S.P.; Narula, J. Atherosclerotic Plaque Progression and Vulnerability to Rupture. Arterioscler. Thromb. Vasc. Biol. 2005, 25, 2054–2061. [Google Scholar] [CrossRef] [PubMed]

	



Gössl, M.; Versari, D.; Hildebrandt, H.A.; Bajanowski, T.; Sangiorgi, G.; Erbel, R.; Ritman, E.L.; Lerman, L.O.; Lerman, A. Segmental heterogeneity of vasa vasorum neovascularization in human coronary atherosclerosis. JACC. Cardiovasc. Imaging 2010, 3, 32–40. [Google Scholar] [CrossRef]

	



Chen, Q.; Yu, J.; Lukashova, L.; Latoche, J.D.; Zhu, J.; Lavery, L.; Verdelis, K.; Anderson, C.J.; Kim, K. Validation of Ultrasound Super-Resolution Imaging of Vasa Vasorum in Rabbit Atherosclerotic Plaques. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2020, 67, 1725–1729. [Google Scholar] [CrossRef] [PubMed]

	



Zhu, J.; Rowland, E.M.; Harput, S.; Riemer, K.; Leow, C.H.; Clark, B.; Cox, K.; Lim, A.; Christensen-Jeffries, K.; Zhang, G.; et al. 3D Super-Resolution US Imaging of Rabbit Lymph Node Vasculature in Vivo by Using Microbubbles. Radiology 2019, 291, 642–650. [Google Scholar] [CrossRef]

	



Qian, X.; Kang, H.; Li, R.; Lu, G.; Du, Z.; Shung, K.K.; Humayun, M.S.; Zhou, Q. In vivo Visualization of Eye Vasculature using Super-resolution Ultrasound Microvessel Imaging. IEEE Trans. Biomed. Eng. 2020. [Google Scholar] [CrossRef]

	



Hao, Y.; Wang, Q.; Yang, Y.; Liu, Z.; He, Q.; Wei, L.; Luo, J. Non-rigid Motion Correction for Ultrasound Localization Microscopy of the Liver in vivo. In Proceedings of the IEEE International Ultrasonics Symposium (IUS), Glasgow, UK, 6–9 October 2019; pp. 1–4. [Google Scholar] [CrossRef]

	



Harput, S.; Christensen-Jeffries, K.; Brown, J.; Li, Y.; Williams, K.J.; Davies, A.H.; Eckersley, R.J.; Dunsby, C.; Tang, M.-X. Two-Stage Motion Correction for Super-Resolution Ultrasound Imaging in Human Lower Limb. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2018, 65, 803–814. [Google Scholar] [CrossRef]

	



Hingot, V.; Errico, C.; Tanter, M.; Couture, O. Subwavelength motion-correction for ultrafast ultrasound localization microscopy. Ultrasonics 2017, 77, 17–21. [Google Scholar] [CrossRef]

	



Bar-Zion, A.; Solomon, O.; Tremblay-Darveau, C.; Adam, D.; Eldar, Y.C. Sushi: Sparsity-based ultrasound super-resolution hemodynamic imaging. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2018, 65, 2365–2380. [Google Scholar] [CrossRef] [PubMed]

	



Heiles, B.; Correia, M.; Hingot, V.; Pernot, M.; Provost, J.; Tanter, M.; Couture, O. Ultrafast 3D Ultrasound Localization Microscopy Using a 32 × 32 Matrix Array. IEEE Trans. Med. Imaging 2019, 38, 2005–2015. [Google Scholar] [CrossRef] [PubMed]

	



Harput, S.; Tortoli, P.; Eckersley, R.J.; Dunsby, C.; Tang, M.X.; Christensen-Jeffries, K.; Ramalli, A.; Brown, J.; Zhu, J.; Zhang, G.; et al. 3-D Super-Resolution Ultrasound Imaging with a 2-D Sparse Array. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2020, 67, 269–277. [Google Scholar] [CrossRef]

	



Jensen, J.A.; Tomov, B.G.; Ommen, M.L.; Øygard, S.H.; Schou, M.; Sams, T.; Stuart, M.B.; Beers, C.; Thomsen, E.V.; Larsen, N.B. Three-Dimensional Super-Resolution Imaging Using a Row-Column Array. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2020, 67, 538–546. [Google Scholar] [CrossRef]

	



Brown, J.; Christensen-Jeffries, K.; Harput, S.; Zhang, G.; Zhu, J.; Dunsby, C.; Tang, M.X.; Eckersley, R.J. Investigation of Microbubble Detection Methods for Super-Resolution Imaging of Microvasculature. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2019, 66, 676–691. [Google Scholar] [CrossRef]

	



Bar-Zion, A.; Solomon, O.; Maresca, D.; Shapiro, M.G.; Eldar, Y.C. Towards Vascular Ultrasound Super-Resolution without Contrast Agents. In Proceedings of the 2019 IEEE International Ultrasonics Symposium (IUS), Glasgow, UK, 6–9 October 2019; p. 1. [Google Scholar]

	



Boni, E.; Yu, A.C.H.; Freear, S.; Jensen, J.A.; Tortoli, P. Ultrasound open platforms for next-generation imaging technique development. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2018, 65, 1078–1092. [Google Scholar] [CrossRef]

	



Burshtein, A.; Birk, M.; Chernyakova, T.; Eilam, A.; Kempinski, A.; Eldar, Y.C. Sub-Nyquist Sampling and Fourier Domain Beamforming in Volumetric Ultrasound Imaging. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2016, 63, 703–716. [Google Scholar] [CrossRef] [PubMed]

	



Yu, J.; Yoon, H.; Khalifa, Y.M.; Emelianov, S.Y. Design of a Volumetric Imaging Sequence Using a Vantage-256 Ultrasound Research Platform Multiplexed with a 1024-Element Fully Sampled Matrix Array. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2020, 67, 248–257. [Google Scholar] [CrossRef]

	



Yoon, H.; Song, T.K. Sparse rectangular and spiral array designs for 3D medical ultrasound imaging. Sensors 2020, 20, 173. [Google Scholar] [CrossRef]

	



Rasmussen, M.F.; Christiansen, T.L.; Thomsen, E.V.; Jensen, J.A. 3-D imaging using row-column-addressed arrays with integrated apodization -Part i: Apodization design and line element beamforming. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2015, 62, 947–958. [Google Scholar] [CrossRef]

	



O’Donnell, M. Coded excitation system for improving the penetration of real-time phased-array imaging systems. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 1992, 39, 341–351. [Google Scholar] [CrossRef] [PubMed]

	



Nowicki, A.; Secomski, W.; Trots, I.; Litniewski, J. Extending penetration depth using coded ultrasonography. Bull. Pol. Acad. Sci. 2004, 52, 215–220. [Google Scholar]

	



Principles, S.I.B.; Shen, J.; Member, S.; Ebbini, E.S. A New Coded-Excitation Ultrasound Imaging. Ultrason. Ferroelectr. Freq. Control IEEE Trans. 1996, 43, 131–140. [Google Scholar]

	



Chiao, R.Y.; Hao, X. Coded excitation for diagnostic ultrasound: A system developer’s perspective. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2005, 52, 160–170. [Google Scholar] [CrossRef] [PubMed]








[image: Sensors 21 02417 g001 550] 





Figure 1. (a) An illustration of the concept of SRU imaging (reprinted with permission from Ref. [44]. Copyright 2015 Springer Nature). (b) The reconstructed super-resolved brain microvasculature with the resolution of λ/10 [29]. (c) Interpolated profiles along the marked lines (reprinted with permission from Ref. [29]. Copyright 2015 Springer Nature). 
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Figure 2. (a) SOFI-based super-resolution ultrasound imaging—left panel shows a frame of B-mode; right panel shows the reconstructed image. (Reprinted with permission from Ref. [43]. Copyright 2017 IEEE). (b) Deconvolution-based super-resolution ultrasound imaging—left panel shows a frame of B-mode; right panel shows the reconstructed image. (Reprinted with permission from Ref. [45]. Copyright 2020 Elsevier). 
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Figure 3. Super-resolution ultrasound localization microscopy through deep learning. (a) U-net based architecture for Deep-ULM [39], mSPCN-ULM [40], and a multiple-targets detecting network [47]. (Reprinted with permission from Ref. [47]. Copyright 2018 OSA) (b) An example of deep learning-based localization techniques—translation from the low-resolution image (top panel) to high-resolution frames (bottom panel) by the deep learning network [40,49]. (Reprinted with permission from Ref. [40]. Copyright 2020 IEEE). 
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Figure 4. Comparison between mSPCN-ULM [40] and Deep-ULM [39]. (a) The temporal–mean image was obtained by averaging all the US images. (b) Super-resolution images obtained by the mSPCN-ULM. (c) Deep-ULM. (d) The magnified sections of (a–c) [40]. (Reprinted with permission from Ref. [40]. Copyright 2020 IEEE). 
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Figure 5. Representative SRU images of microvasculature in tumor-bearing tissues. (a) Maximum intensity projections of 3D SRU imaging on healthy rats (upper panel), and tumor-bearing rats (lower panel). (Reprinted with permission from Ref. [67]. Copyright 2017 Ivyspring International Publisher) (b) SRU imaging of tumors with different vascular phenotypes. (Reprinted with permission from Ref. [68]. Copyright 2018 Springer Nature). 
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Figure 6. Representative SRU images of microvasculature from (a) breast cancer-bearing mice in response to the treatment (Reprinted with permission from Ref. [70]. Copyright 2017 IEEE), and (b) the patient with triple-negative breast carcinoma. (Reprinted with permission from Ref. [71]. Copyright 2019 IEEE). 
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Figure 7. Representative SRU images of microvasculature from rat kidney (Reprinted with permission from [78], Copyright 2017 Springer Nature) (a); rabbit kidney using Kalman filter-based method (Reprinted with permission from Ref. [79]. Copyright 2020 IEEE) (b); healthy human kidney (c); mouse kidney in group of sham, contralateral uninjured, 21-days after ischemia–reperfusion injury, and 42-days post injury (Reprinted with permission from Ref. [45]. Copyright 2020 Elsevier) (d). 
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Figure 8. Representative SRU images of microvasculature in chicken embryo brain (Reprinted with permission from Ref. [86]. Copyright 2020 Springer Nature) (a), and VV in uninjured (upper panel) and injured (lower panel) rabbit femoral arteries (Reprinted with permission from Ref. [90]. Copyright 2020 IEEE) (b). 
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Table 1. The overall performances of the representative SRU imaging technologies. * All technologies offer spatial resolution beyond the acoustic diffraction limit.
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	Localization [32]
	SOFI [43]
	Deconvolution [36]





	Spatial Resolution *
	High

(9~17 µm)
	Low

(227.3 ± 9.0 µm)
	Middle

(41 µm)



	Numbers of Frames for Reconstruction
	75,000 frames
	150 frames
	300 frames



	Temporal Resolution
	150 s @ 500 Hz
	0.3 s @ 500 Hz
	0.6 s @ 500 Hz



	Microbubble Concentration
	Low (Diluted, 2 × 108 MBs/mL, Bolus Injection of 1.5 mL)
	High

(1.2 × 1010 MBs/mL, Bolus Injection of 0.5 mL)
	High (1.2 × 1010 MBs/mL, Bolus Injection of 0.2 mL)



	Application
	Brain
	Kidney
	Atherosclerosis, Kidney
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Table 2. An overall comparison of the representative deep learning-based technologies currently used in SRU imaging. * Only in vivo data were used for training. The dosage of injected microbubble is 2.5 × 107 MBs in 60 μL saline.
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	Deep-ULM [39]
	CNN Based Network for Multiple Target Detection [50]
	mSPCN-ULM [40]
	Deep 3D CNN for Spatiotemporal Filtering [51]





	Target
	Localization from the dense microbubbles
	Localization from the dense microbubbles
	Localization from the dense microbubbles
	Microbubble extraction



	Microbubble Concentration of Synthetic Data for Training
	High

(~2.6 MBs/    mm  2   )
	High

(~2.44 MBs/    mm  2   )
	Very high

(~6.4 MBs/    mm  2   )
	N/A *



	Network Type
	U-net
	Convolutional neural network
	Modified subpixel convolutional neural network
	3-D convolutional neural network



	Training Dataset
	Synthetic data and unique data generated for each iteration
	10,240 synthetic data
	10,000 synthetic data
	9000 frames acquired from five subjects



	Spatial Resolution
	~30 μm
	27~46 μm
	24~28 μm
	25 μm



	Applied Activation Function
	Leaky rectified linear unit (ReLU)
	Leaky ReLU
	ReLU
	ReLU
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