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Abstract: Machine learning can classify the image clarity of low-cost nailfold capillaroscopy (NC) and can be applied to the design verification for other medical devices. The method can be beneficial for systems that require a large number of image datasets. This investigation covers the design, integration, image sharpness estimation, and deconvolution sharpening of the NC. The study applies this device to record two videos and extract 600 photos, including blurry and sharp images. It then uses the Laplace operator method for blur detection of the pictures. Statistics are recorded for each image’s Laplace score and the distribution of clear photos in NC. In this investigation, an algorithm called t-distributed stochastic neighbor embedding (t-SNE) is introduced into the NC image sharpness estimation issue. The t-SNE is employed as a data visualization tool to determine the cluster distribution of sharp images. The result shows the t-SNE method to classify sharp images of NC is close to the method combine statistic and Laplace operator for sharp image distribution. And the image captured from the low-cost NC that applying deconvolution can sharpen the image. It shows that the NC equipment combines with low-cost hardware and software computing advantages has broader, powerful, and complex applications. For long-term purposes, it is conducive for detecting people who have Raynaud’s phenomenon in rural areas of developing countries to realize the vision of health equity.
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1  Introduction

The nailfold capillaroscopy (NC) can examine the blood vessels of the nail fold. The device consists of an optical microscope lens and a sensor that is connected to a computer that can calculate microvessel measurements like diameter and distance between microvessels. Clinicians can observe the capillaries here by observing skin at the nail fold. During the NC evaluation of human microvessels, many different morphological and functional changes can be evaluated, including microvessel visibility, diameter, length, distribution, density, and blood flow [1]. The diagnosis of Raynaud’s phenomenon, scleroderma, and rheumatoid arthritis is crucial.

Although related studies have shown that NC is an effective way to detect Raynaud’s phenomenon, it is still not common in rural areas in developing countries because of the high price of testing equipment and insufficient medical knowledge of doctors in these areas [2]. Therefore, it is necessary to develop a low-cost nailfold capillaroscopy (NC). Secondly, developing a medical decision support system is conducive to the realization of health equity in rural areas in developing countries. Because medical devices with AI can improve the efficiency of doctors and improve the quality of medical services.

However, to realize the development of a low-cost NC with an AI medical decision support system requires a long-term, sustainable, and step-by-step plan. Therefore, for NC applications in rural areas in developing countries, we will build a vision to be gradually realized. There are two main directions to complete this vision. The short-term goal is how to build a low-cost NC device and verification. The long-term goal is to collect an image database of sufficient patient samples and develop a medical decision support system with AI. This research purpose is the above-mentioned short-term goal because this investigation is at the initial stage of the project. During the research, it might be the following contributions as follows:

•   The investigation is regarding the design, integration, and verification of low-cost NC devices.

•   The study applying Laplace and t-SNE could estimate image sharpness, and applying the sharpening method could enhance the blurry images resulted from the low-cost NC device.

•   This research proposes a set of procedures and provides a combination method that demonstrates its technique to getting good practice results.

The remainder of this paper is organized as follows. In Section 2, we have discussed the low-cost nailfold capillaroscopy (NC) device, the various survey of examining the morphology of nailfold microcirculation, Laplace operator, and t-SNE method. The research method of this NC device is discussed in Section 3. In Section 4, the content describes the prototype of NC and verification using Laplace operator and t-SNE method. Section 5 compares the two methods described above and applies the deconvolution method to realize image sharpening. Section 6 describes the conclusion.

2  Literature Review

2.1 Nailfold Capillaroscopy

Microvascular examination is a method used to test the microcirculation of patients and assess pathological changes [3]. Nailfold capillaroscopy is an increasingly useful diagnostic tool, dating back to the late 17th century. Later studies conducted by Maurice Raynaud and others in the late 19th and early 20th centuries first established the correlation between nail wrinkle microvessels and certain diseases. Capillary microscopy is a diagnostic technic first introduced in 1912 [4,5]. Nailfold capillaroscopy will become an important tool for rheumatologists. The new nailfold video capillaroscopy has some advantages, such as real-time control to obtained images, high-fidelity image storage, and reproduction [6]. Manually changing the focusing mechanism and using the camera head will provide a sharp image of capillary branches [7]. Nailfold capillaroscopy is completely safe and non-invasive procedure. Clinicians can observe the capillaries here by observing the skin along the nail fold.

In most people’s skin, capillaries run perpendicular to the skin’s surface, and only the nail fold can be easily observed. Because at the front nail fold, the capillaries are parallel to the skin surface instead of perpendicular to the skin surface, so they can be observed non-invasively after magnification [8]. During the nailfold capillaroscopy evaluation of human microvessels, many different morphological and functional changes in microvessels can be evaluated, including microvessel visibility, morphology, diameter, length, distribution, density, and blood flow [9]. The normal microvascular ring shows a U-shaped starting clip. The microvessels are parallel to the skin surface. There is no bleeding or dilated microvascular ring. Its density should be 9-12/mm. The use of nailfold capillaroscopy is shown in Fig. 1.

The current main application of nailfold capillaroscopy is to assess patients with Raynaud’s phenomenon. Raynaud’s phenomenon is the earliest and the most common clinical manifestation of diffuse connective tissue diseases, including systemic sclerosis, mixed connective tissue disease, systemic lupus erythematosus, and dermatomyositis/polymyositis [10]. However, secondary Raynaud’s phenomenon is related to other medical conditions, the most common being connective tissue diseases. For clinicians, it is recognized that Raynaud’s phenomenon is sometimes accompanied by other diseases, such as vasculitis, hematological diseases and malignant tumors. Therefore, if the patient has structural vascular damage, it can be observed by observing the crease at the tip of the nail.
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Figure 1: Screening procedure of NC device, including (a) nailfold capillaroscopy; (b) test examines; (c) capillary observation; (d) microvessel patterns recognition

Nailfold capillaroscopy (NC) is a screening tool for examining the morphology of nailfold microcirculation. While many studies on NC have investigated the pattern and classification, a few studies have been focusing on how to improve the reliability of the assessment [11]. Within the current research scope in this field, as shown in Tab. 1, there have been two main practical issues regarding NC imaging quality. For telemedicine, to obtain sharp images is the most important consideration. However, high-end NC is often not a cost-effective choice for measurement, while low-end NC is affordable though time-consuming (adjusting the focus manually is needed). Therefore, this paper aims to find a solution to obtain sharp images using low-end NC in a time-efficient way.
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2.2 Blur Detection and Laplace Operator

Sharp images are essential for analyzing microvascular abnormalities. However, everyone’s finger width is different, and the depth of field (DOF) of the NC is shorter. Therefore, quickly and accurately finding the correct focal length from low-priced NC is challenging. Sharp images are essential for the analyze microvascular abnormalities. Therefore, it is necessary to measure the blurred image quality and determine the sharp image. Basically, they prefer sharp images instead of blurred images [24]. Therefore, the microvascular microscope needs an autofocus function. The price of the equipment with the auto-focus function is usually not affordable for everyone. Generally, medical institutions in undeveloped countries cannot afford such expensive equipment, which prevents the nailfold capillaroscopys from being fully utilized in every corner of the world. The reason is that, in addition to the need for a stepping motor to drive the lenses up and down, it also requires the lenses to stay in the right position to allow persons with different fingerbreadths to find the precise focal length. Thus, the goal to obtain the correct data information about the microvascular of the nail fold.

Based on blur detection, many techniques can detect whether the image is blurred and the degree of blurring. The methods include Haar wavelet transform, fast Fourier transform, and Laplacian operator [25]. The Laplacian technique simply sharpens an image by emphasizing the high gradient information in an image [26]. In addition, the Laplacian score is proved discriminative in the application of several areas [27]. The Laplacian score for blur detection is used as the examination criteria in this study. Finally, blur detection and the degree of blurring is performed with Open CV, and implementation of the variance of the Laplacian method provides a single value to represent the blurriness of an image. The related paper presents an analysis of what factors cause blur on an image, especially macroscopic images of wood [28]. Therefore, the Laplacian operator is the simplest and most common method of edge detection.

2.3 Data Visualization and t-distributed Stochastic Neighbor Embedding (t-SNE)

Continuing from the above, the Laplacian operator is not suitable for data visualization and generally can only make sharpness evaluation for individual images. Therefore, one way we can see the distribution of clarity is to combine the Laplacian operator and statistical method, and the data can then be visualized. The other method is t-distributed stochastic neighbor embedding, which is used for the researcher to classify image-type data. Data visualization is an important task in machine learning, as people prefer visual representations of data over numerical ones [29]. The method of stochastic neighbor embedding (SNE) proposed by Hinton and Roweis [30], and the other method is the t-distributed stochastic neighbor embedding mentioned in this article (t-SNE). In machine learning, t-SNE is an unsupervised non-linear technique mainly used for data mining and visualization of high-dimensional data. This technique has become very common in the machine learning community because of its remarkable ability to scale high-dimensional data to lower dimensions [31].

Both t-SNE and PCA (Principal Component Analysis) are useful tools for dimensionality reduction and visualization. The problem of mapping high-dimensional data points to low dimensions while preserving as much structure as possible is known as dimensionality reduction [32]. In simple terms, dimensionality reduction is a technique to represent multi-dimensional data in two or three dimensions. One of the most common dimensionality reduction methods is the principal component analysis (PCA) proposed by Karl Pearson [33]. Another way is multi-dimensional scaling (MDS). This method is one of the earliest efficient non-linear dimensionality reduction methods [34]. And t-SNE can map multi-dimensional data to two-dimension or three-dimension suitable for human observation.

The non-linear dimensionality reduction algorithm t-SNE identifies observed clusters based on the similarity of data points with multiple features. The objective is to find patterns in the data. But t-SNE is not a clustering algorithm, but a dimensionality reduction algorithm. It is mainly a data mining and data visualization technology. When mapping high-dimensional data to lower-dimensional data, it is important to preserve the distance between similar samples and discover the relationship between nearby samples through visual inspection [35]. t-SNE is widely used in image processing, natural language processing, genomic data, and speech processing. Additional applications include facial expression recognition [36], Medical Imaging [37], and text analysis [38].

2.4 Formula of t-SNE and Laplace Operator

The process of Stochastic Neighbor Embedding (SNE) starts by converting high-dimensional Euclidean distances between data points into conditional probabilities that represent similarity. The conditional probability 
pj|i
that 
xi
would choose 
xj
as its neighbor if neighbors were chosen in proportion to their probability density under a Gaussian centered at 
xj
is the similarity of datapoints 
xj
and 
xi
[39].


Pj|i=exp(−||xi−xj||2/2σi2)∑k≠i⁡exp(−||xi−xk||2/2σi2)
(1)

Such that 
pij
= 
pji
, 
qij
= 
qji
, the main advantage is simplifying the gradient. However, in practice, the conditionals are symmetrized or averaged where n represents the size of the data set, as defined by the following equation.


pij=pj|i+pi|j2n
(2)

For the reason to detect edges, the second derivative is used. The image must be distinguished in two directions since it is two-dimensional. The formula of the two-dimensional Laplace operator is as follows, where x and y are the standard Cartesian coordinates of the xy-plane [40]. And the Laplacian operator is implemented in OpenCV of Python by the function Laplacian.


∇2f=Δf=∂2f∂x2+∂2f∂y2
(3)

3  Research Method

The investigation includes a data set of 600 images captured from the NC device. It contains sharp and blurred images. This research aims to reduce the cost of nailfold capillaroscopy design, integrate, preliminary verification, image clarity estimation, and deconvolution sharpening. The method of image clarity estimation uses two methods: the t-SNE and the statistical results of the Laplacian operator, for the goal to confirm whether the results of the two methods are consistent. The following describes the image database used for analysis and two methods described above.

3.1 Research Procedure

The research procedure of this investigation has six main steps. The first step is to confirm the design requirements of low-cost Nailfold capillaroscopy. The second step is to construct a low-cost NC device structure for observation and testing. The third step is to build a prototype, combining hardware and motor drivers to make this low-cost NC device work [41]. The fourth step is to produce and record the statistics of the Laplacian operator and to analyze the image quality of recorded video of finger capillaries. The fifth step is sharp image data visualization, which uses the t-SNE method to capture sharp pictures cluster of finger capillaries. The last step is sharpening the image by applying deconvolution. And the six steps are shown in the Fig. 2.
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Figure 2: Research procedure

3.2 Tools and Methodology

The software used in the design NC device in the first part of this research is PTC Creo 3.0. The components include a stepping motor module, a metal bracket module, a lens and sensor module, and a finger placement module. The software for rendering the NC 3D model is KeyShot, and the calculation of gears and racks uses DraftSight. The calculation in the latter part of this research uses the Laplace operator, which uses Python to calculate the Laplace score of 600 images. Then SAS’s JMP software is used to apply statistics and visualize the data. In addition, in this research, the machine learning method t-distributed stochastic neighbor embedding (t-SNE) was used. The tool used is Python and its software package t-SNE model. The model refers to the image t-SNE model of Micah P. Dombrowski [42]. This study modified the image data set of the above model to identify sharp and blurry images captured from the NC device.

3.3 Image Dataset

The collected image data set is from the actual operation of the designed and built NC device prototype. In this investigation, 600 images were taken from two videos recorded. It contains 13 sharper images (2.17% ratio) and 587 blurry images (97.83% ratio).

4  Product Design and Development of NC Device

4.1 Define Design Requirements

The first design requirement is to build a low-cost NC using a digital microscope. Secondly, the microscope needs to add some components, including a stepping motor with a screw, a sharper microscope lens for observation, a camera sensor to receive images, a control driver for the stepping motor movement, and some mechanical parts to fix these modules, as shown in Fig. 3.
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Figure 3: Low-cost nailfold capillaroscopy rendering, including (a) perspective; (b) side view

In the process of designing NC, an important step is to calculate the number of steps of the stepping motor. It involves whether a lens with a short depth of field can capture sharp photos. If the step spacing is too large, it is likely to skip the range of focal length. In addition to the stepper motor, another important condition is the screw feed rate. So a good choice would be a stepper motor with a screw, and this prototype design of the study would choose this module. In this module, the stepping angle of the stepping motor is 15 degrees. The rotation is 4.16 revolutions per second, and the resolution is 24 degrees in a circle. The total length of the screw is 54 mm, and the pitch is 0.5 mm. So every time the stepping motor rotates one step, the screw can move 0.02 mm. The meaning of RPS is revolution per second, PPS is pulses per second, and PPR is Pulses per revolution. The formula is as follows:


RPS=PPS/PPR
(4)

4.2 Building Architecture of NC Device

The next step is to establish the structure of the low-cost nailfold capillaroscopy product. There are four modules in total. The architecture of the low-cost NC device is shown in Fig. 4. The metal bracket is made of metal, and its function is to avoid the vibration caused when the stepper motor drives the lens to move. In the meantime, it also provides the space for the finger placement module. The finger placement module is located above the metal bracket, and its function is to place the finger of the patient. And it is designed with gears and racks for adjustment.
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Figure 4: Low-cost nailfold capillaroscopy architecture, including (a) metal bracket; (b) finger placement module; (c) optical lens and sensor module; (d) stepper motor module

The optical lens and sensor module are important modules for this device, and the image of finger capillaries can be observed with this module. The stepping motor module includes a stepping motor with a screw, which provides the optical lens and sensor module to move to a suitable position. With the rotation of the stepping motor driving the screw, the lens, and the sensor module to rise and fall, each user can clearly observe the finger capillaries. Since each user’s finger is different in thickness and length, the finger placement module is designed with a knob that can be adjusted back and forth according to different finger lengths. Different finger thicknesses require the stepper motor module to drive the optical lens and sensor module up and down. In addition, the circuit board of the stepper motor is also needed to drive the movement of the stepper motor. In this study, the system used the Texas Instruments DRV8846 customer evaluation module, and the stepper motor used Portescap’s 20dam series stepper motor.

4.3 Prototyping

[image: images]

Figure 5: Components of low-cost NC device, including (a) lens with image sensor module; (b) finger placement module; (c) stepper motor module; (d) metal bracket; (e) drive motor circuit board

At this step a low-cost NC prototype is built, as shown in Fig. 5. First of all, a low-cost NC is engineered, including a stepping motor with a screw and contains the slide rails system on the left and right sides to ensure stability when moving. Secondly, a module for placing fingers is constructed, including a gear structure that can adjust the front and back displacement. The gear structure includes a spur gear and a steel gear rack. The spur gear is 25 teeth, the circular pitch is 1 mm, and the module is 0.32 mm. The steel gear rack is 80 teeth, the pitch is 1mm, and the module is 0.32 mm.

The integrated design phase includes cross-disciplinary professional cooperation. Taking UX and ID as examples aims to realize this device’s operation, making it more convenient and user-friendly. Taking mechanical design as an example, the design and simulation of motion in dynamic devices enable it to move and locate in an accurate position. And taking optics as an example, calculate the depth of field, and ensure the proper lens and sensor match. Take the hardware and firmware as examples, driving the stepping motor and operating the sensors to realize the lens’s movement to capture images. Also, using the concept of modular design, design a platform can observe and focus finger capillaries.

Another important component in this process is the lens. This experiment uses a long lens. The flange focal distance is 59.8 mm, and the effective focal length is 19.45 mm. The longer the focal length, the shallower the depth of field. Therefore, the depth of field of the lens in the prototype is only 0.06 mm. This sensor is a USB video device class-compliant camera module designed for portable notebook PC image applications. It achieves high quality and smooth video images with the integrated CMOS sensor and color processor. The integrated microcontroller is in charge of this module, and there are built-in statistics for auto exposure and auto white balance. The sensor used with it is 5 inches and a 4:3 sensor. The maximum resolution is 1200 pixels by 1600 pixels. The lens module contains a sharper microscope lens for observation, a camera sensor to receive images, some mechanical parts to mount these modules, related parts, and circuit boards. At last, the microscope needs to add some components, including a control driver for the stepping motor movement, as shown in Fig. 6.
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Figure 6: Prototype of low-cost NC device, including (a) step motor module; (b) metal bracelet and finger placement module; (c) total assembly

4.4 Recording Video for Statistics of Laplacian Operator

The device needs a stepping motor to drive the lens and sensor up and down. It is also necessary to let the lens remains in the correct position. Thus, one way is a high-end device with an autofocus function. Another way is to capture sharp images from the recorded video, as shown in Fig. 7. The experiment recorded the chart using two MP4 videos (video-A 73 seconds and video-B 68 seconds) to capture thirty seconds from each video. And ten photos per second. In total, the device capture 600 photos in JPG format. As for the rest of the video which contained only the remaining more blurred images and no additional information, thus were discarded and not used.
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Figure 7: Recording video and capturing images from prototype

After the completion of this low-cost nailfold capillaroscopy, there is a key question: How to verify that this equipment is feasible. Because there is no actual sampling of the microvascular data of multiple people’s fingers, we will use the chart to replace the sampling of microvascular data. And actually, obtain the observation chart image from the operation of the device. As for the light source in this investigation, the original plan is the standard light source of the general office, which is 300~500 lux. But the fact we found it isn't easy to collected videos. Then we turned off the light and used the mobile phone spotlight to assist the lens with the sensor module of the NC device to collect videos.

A total of 600 images were obtained from the above steps. This investigation uses the Laplace score as a criterion for judging whether a photo is sharp or blurry. At first, assign a number to each image to facilitate subsequent observations. The software used is Visual Watermark and uses Python to calculate and record each image’s Laplace score. In this investigation, the Laplacian score is used as a judgment tool for blur detection. This investigation can obtain Laplacian scores of all images, and the identification time for 600 images is about 2.62 seconds.

We can see that if the Laplacian score exceeds 5.8, it is marked with shading, which can be determined in two ways. The first method is determined by referring to the above statistical graph, and the second method refers to the clusters classified by t-SNE and the number of images. Therefore, a total of six even numbers from 288 to 300 are marked as sharp images. The rest of the Laplacian scores are not more than 5.8, which are regarded as unclear photos as shown in Tab. 2. The number 298 from Video A has the highest Laplace score. Fig. 8 shows the statistics of the Laplacian operator with OpenCV library in Python. Due to the consideration of data visualization of 600 images, some optimizations have been made as far as possible without affecting the original data. We compared images of the same scene at different focal depths to determine which image is the sharpest. A well-focused image is expected to have a high variation in grey levels, and the Laplace score is higher.
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Figure 8: Laplacian score of the images from video A and B, the arrow indicates the highest score image

4.5 Applying t-SNE for Visual Design Verification

The t-Distributed Stochastic Neighbor Embedding (t-SNE) is an unsupervised nonlinear technology in machine learning, and the method is mainly used for data mining and visualization of high-dimensional information. Applying t-SNE in Python is used to classify all the 600 images in the dataset from the video described above. Fig. 9 shows that the serial numbers of sharp images are 288~300. The figure shows the quality of each image and the image cluster of different sharp degrees. Cluster B to cluster D images become more blurry compare to the upper left corner with the cluster of sharp images. It also shows that the t-SNE can be a visualized tool for design verification of low-cost NC.
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Figure 9: Applying t-SNE to estimate image sharpness of low-cost NC, the arrow indicated a cluster with clear photos (The number of photos is about 12–13, and the serial numbers are between 288~300)

The t-SNE can automatically distinguish several categories. Then manual judgment is applied to assist detection or automatic suggestion from the cluster of blurry and clear images, for the threshold of the Laplacian score is 5.8. Although t-SNE is a useful visualization tool for image data and can thus perform data classification, there is still a need to differentiate clear images from the dataset manually. Moreover, while t-SNE can determinate the threshold of Laplacian score, unable to automatically identify the clarity of the image data has limited its visualization capability. Therefore, t-SNE can only serve as a decision support system during the design and verification process.

5  Discussion

5.1 Compare the Meaning of Laplace Operator and t-SNE Method

As for the t-SNE technique, it could only be used as a visual decision support system during the design and verification step, assisting us in identifying clear image clusters from the chart and determining whether the NC device can effectively capture clear images. In this study, 13 images were classified as better clarity from the total 600 sample images. This classification result was then compared with the statistics and distribution results using (1) the Laplace operator, (2) the Laplace operator with statistical methods, and (3) the t-SNE method.

The Laplace operator can evaluate a single image and obtain a value as a standard for blur detection. Still, it cannot show the distribution or its relationship with other images. By combining the Laplace operator with the statistical methods, we can obtain the distribution of all data content. Therefore, taking the vibration, light source quality, lens quality, and sensor configuration into consideration, the Laplace operator value cannot be regarded as the final assessment standard. Nonetheless, it can still assist us in visualizing the image data captured by the self-made low-cost NC device. During the visualizing process, the images have gone from fuzzy to clear and then from clear back to fuzzy. As for applying the t-SNE method, we can identify the visual distribution of the image data, automatically obtain the clearer and fuzzy clusters, and display the number of images in each cluster.

The t-SNE method can be used for classification, though the classification label remains unknown. We can tell that there are roughly four categories in Fig. 9. However, since the t-SNE is an unsupervised machine learning method, the meaning of each cluster’s classification requires manual identification. The advantage of t-SNE’s cluster of images is that it can be divided into several clusters randomly and automatically. In this study, it can distinguish a cluster of sharp images (cluster A). The relationship between clusters only provides indicators for sharp and blurred images. In addition, there are a few indicator clues for the cluster of blurry images (in this study, cluster B, C, and D). The farther away from cluster A, and the worse sharpness quality. The threshold of 5.8 is from the sharpest clusters generated by t-SNE. Cluster A has the sharpest images, with a quantity about 12–13, numbered 288–300. Therefore, the Laplacian scores of No.288–300 are 5.85–7.06, so those lower than 5.85 are classified as unclear. Thus, we discover the threshold of Laplacian scores is 5.8 from the t-SNE cluster with the sharpest images.

The Laplace operator method can obtain a determined value, but the extent of clarity and which value represents the standard cannot be known. As for combining the Laplace operator with the statistical method, we can also identify the data visualization process from vague to clear, in addition to the numerical value alone. Therefore, if we combine the above methods, the unsupervised machine learning method can first make a classification based on the image clarity of each cluster and display the number of each cluster. Next, the Laplace operator method can be applied to verify the implied meaning behind the obtained value, thus obtaining the accessing standard of clear and unclear images. In this study, the threshold of the Laplacian score can be calculated as 5.8, which can be used as the classification boundary for clear and fuzzy images.

To sum up, t-SNE can divide images into several categories according to different image sharpness. Although it is still necessary to manually identify which category is the high sharpness category, there are still several potential applications for the development of low-cost NC. First, it can help determine the threshold of the Laplacian score, which is the standard for clear images. Secondly, it can be used to explore and confirm the attributes that affect the shooting of clear images, such as the appropriate position of the stepper motor. After obtaining more microscope focusing action data, it becomes the data database of the microscope group, which helps to define the focus parameters of clear images using the microscope. Finally, it may improve the automatic quality assurance of low-cost NC.

5.2 Applying Deconvolution Sharpening for Low-cost Nailfold Capillaroscopy Images

The six captured images were analyzed with various processing methods. First, we used the Laplace operator to measure the blurred image quality. According to the blurred detection results, the score of the first image is 142.94, which shows that it is the clearest of all the images. Then, based on these finger-detection clarity results from the Laplace operator, we were able to complete the verification of the low-cost NC device and turned it into practical use accordingly, as shown in Fig. 10.
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Figure 10: Laplacian score as judging sharp capillary images criterion (“*” indicated the sharpest images)

Deconvolution microscopy has been a primary image processing technique for visualizing the cellular configurations of fixed and living organisms in three dimensions and at sub-resolution scales since its invention in 1983 [43]. The deconvolution method is also mentioned on the official website of Olympus. Deconvolution is an image processing technique used to improve the contrast and resolution of images. It is increasingly used to improve the contrast and resolution of digital images captured in a microscope. Therefore, image deconvolution can improve the clarity of any image. This also helps to reduce product manufacturing costs or research and development costs while meeting the needs of low-level products.
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Figure 11: The flow chart of sharpening method

The current investigation compares with the original image, deconvolution sharpening, and GIMP2 sharpness optimization. Still, it may be more meaningful if the test can compare several methods to improve the definition of the image. The time of the deconvolution sharpening process is about 1.65 seconds for one image. This research uses Python to execute the Richardson-Lucy algorithm [44,45]. However, similar functions can be found in other software such as Focus Magic, Blurity, Photoshop, Topaz Infocus, and Gimp2. The flow chart of the sharpening method refers to Fig. 11.

So after completing the design and verification method of low-cost nailfold capillaroscopy in this research. Then we will use two ways to adjust the sharpness include the Gimp2 open-source software sharpening function, and the deconvolution method will be used to improve the sharpness of the image. Finally, the study uses the above-mentioned Laplace operator method to compare the difference with the original picture. The result shows that the image, after using the deconvolution method, its Laplace Score is greater than using the sharpening function of Gimp2 software and the original image. Moreover, the Laplace Score using the sharpening function of the Gimp2 software is greater than the original image. The result is shown in Fig. 12.

[image: images]

Figure 12: Comparison of sharpening methods and original images

6  Conclusion

This investigation demonstrated the low-cost NC design, integration, image sharpness estimation, and deconvolution sharpening. Moreover, we also showed evidenced data, indicating the feasibility of completing the verification experiments of image analysis with a low-cost NC device. The investigation shows similar data visualization results regarding the blur detection from both the t-SNE method and the Laplace operator method. The visualization of t-SNE data is presented in a non-linear way, while the Laplacian combined with the statistics has shown linear changes. Both methods have displayed how the stepping motor on the NC drives the lens up and down, thus presenting clear and blurred images.

For follow-up research in the future, if the images demonstrated in this research can be replaced with normal and abnormal nailfold microvascular pattern images, this technology can not only assist in quickly and accurately identifying the clear images that required for remote medical services but also help with the diagnosis of Raynaud’s phenomenon in rural areas of developing countries. With this AI-based low-cost NC technology, the healthcare environment would soon be improved in developing countries’ rural communities, thus realizing the vision of health equity.
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Table 1: Current research focuses on nailfold capillaroscopy [11]

Authors Year  Research Focus

Hughes et al. [12] 2015  The effect of imaging instrument factors (such as a specialized tool)
on measurements

Mazzotti et al. [13] 2014  The effect of imaging instrument factors (such as a specialized tool)
on magnification

Sage et al. [14] 2017  Description of standard algorithms of deconvolution

Smith et al. [15] 2016  The reliability of simple capillaroscopic definitions

Gutierrez et al. [16] 2012 The effect of training on the reliability of assessment

Murray et al. [17] 2012 The effect of suitable location on the reliability of assessment

Karbalaie et al. [18] 2018  The effect of image quality on the reliability of assessment

Cutolo et al. [19], 2017; The effect of a computerized image analysis system on the reliability

Karbalaie et al. [20] 2018  of assessment

Nivedha etal. [21], Suma 2016; The classification of NC images in healthy, hypertensive, and diabetic

et al. [22] 2017  subjects using machine learning techniques

Berks et al. [23] 2014  The effect of measuring vessel morphology using machine learning

techniques
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Table 2: Laplace score for each even number 1mage

Number Laplacian score Number Laplacian score Number Laplacian score
2 4.93 290 6.24 306 4.57
52 4.68 292 6.67 308 5.13
102 4,74 294 6.59 352 4.62
152 5.27 296 6.37 402 4.76
202 5.18 298 7.06 452 4.56
252 5.11 300 5.85 502 4.59
286 5.18 302 4.9 552 4.68

288 6.02 304 4.64 600 5.06
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