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Abstract 
Throughout the past decade, smartphone technologies have advanced rapidly, with primary 

attention focusing on the enhancement of camera qualities and software implemented. Taking 

advantage of these characteristics, smartphone microscopes of lower cost, higher portability, and 

feasible resolution could be created. Additionally, magnifying optics can be integrated into the 

microscope such that it serves the purpose of a microscope objective lens, enabling the utilization 

of the built-in full image sensor. With the assistance of associated deep-learning based 

algorithms, further biological sample analysis and image processing could be carried out to 

achieve point-of-care applications. 
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1. Introduction

In recent years, point-of-care testing (POC testing), i.e., medical diagnostic testing at the time and 

place of patient care, has received increasing attention. For reasons including the prevalence of 

a wide range of detectable diseases (both acute and chronic) worldwide, as well as the rapid 

advancement of medical technologies [1]. Despite the exponentially increasing availability of POC 

devices, many of these technologies either require laboratory techniques uncommonly known, 

relatively expensive, or not widely available for everyone. At such, the main dilemma of existing 

POC devices is to find a balance among the technical requirements to conduct tests, the price of 

such technologies, and the quality of information obtained through the examinations. 

With the number of diseases that can be analyzed from a patient’s blood, a continuous focus of 

POC devices lies within the scope of hematology. A full analysis of blood cells in a comprehensive 

test includes the use of microfluidic technologies (force, thermal, acoustic, optical, and 

magnetic), to separate different blood components and analyze them independently [2]. For 

years, patients have been able to benefit from POC blood tests, but the analysis of their blood 

has been quite limited to red blood cell counts or hemoglobin concentrations [3]. Intriguingly, 

however, recent developments in hematology related POC devices have demonstrated a white 

blood cell analysis which significantly benefits anemic patients in rural areas [4].  

On the other hand, given the recent advancements in smartphone technology, the camera has 

become one of the major focuses for large brands such as Apple, Samsung, Huawei etc. This 

extensive attention on the development of high-quality cameras have resulted in sophisticated 

lens modules smaller than a cubic centimeter, which are placed within our smartphones to take 

images rivalling that of professional cameras. Nonetheless, these final images were not obtained 

solely through the complex lens module; instead, what differentiates varying smartphone photos 

from one another lies in its image processing software and the sensor size [5].  

Furthermore, image transformation and recognition using machine learning techniques has been 

on the rise within the research community. These image related tasks cover topics inclusive of 

day-and-night images translation, photograph to painting image transformation, label-free and 

labelled tissue image transformation [6].  

To design a portable microscope module, coupled with a virtual staining algorithm to transform 

label-free images to labelled images by combining the aforementioned techniques, will help solve 

the problems for individuals who would benefit from hematology related POC solutions. This 

microscope module ought to be cheap as well as easy to use, with a “plug and play” method of 

attaching to different smartphones such that all smartphone users can benefit from it. In 

addition, the virtual staining algorithm should be able to accurately transform label-free tissues 

to labelled tissues as if they were stained by professional lab technicians with sophisticated 

laboratory equipment. 
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2. Objectives
This project aims to develop a smartphone-based microscope that provides easy accessibility to 

point-of-care applications, in particular:  

1. To design and manufacture a miniature microscope which is compatible with

conventional smartphone cameras and has the capability of resolving the nucleus of

biological tissues.

2. To design and incorporate an optical setup in the microscope to enable autofluorescence- 

based tissue imaging.

3. To program and incorporate a virtual staining algorithm that assists in image

transformation tasks as well as tissue analysis taken by the module in replacement of

conventional chemical staining methods.

3. Methodology

3.1 Resolution quantification using 1951 USAF resolution test chart 
In the field of optical imaging, resolution is 

most used as the criteria to quantify how 

refined an apparatus can measure. Simply 

put, the higher the resolution, the more 

details the image holds. In this regard, the 

1951 USAF resolution test chart [7], 

extensively applied in imaging-related 

research, is utilized to examine, and validate 

the performance of our desired imaging 

system. 

To further elaborate, the target consists of sets of parallel bars, which are defined by a group 

number and an element number. Such sets interlink with the resolution our device could provide, 

where larger group and element numbers suggests higher resolution. In particular, the 

dimensions of the bars are specified by the equation:  

𝑅𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛  (
𝑙𝑝

𝑚𝑚
) = 2𝐺𝑟𝑜𝑢𝑝#+

(𝐸𝑙𝑒𝑚𝑒𝑛𝑡#−1)

6  [7] 

To construct a competent microscope, our project aims to resolve clear nuclei from one another, 

or more than 3 pixels per nucleus [8]. In accordance with H. Sun et al. [9], one nucleus on average 

is approximately 10 microns in diameter- namely, the microscope ought to be capable of imaging 

bars of group 7 element 3 (3.10 micron) or better [7]. Such value would thus be employed as the 

benchmark in this regard. 

Figure 1: Schematic of USAF 1951 resolution targett
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3.2 Field of view quantification using ImageJ 
One of the key factors influencing any microscope would be its field of view (FOV). The FOV of a 

conventional microscope is defined as the maximum visible area through an eyepiece lens when 

taking a picture, with the diameter in millimeters (mm) as its unit of measurement [10]. 

Maximizing the FOV is particularly crucial for microscopic imaging since it enhances the 

throughput results, in other words, increasing the amount of data collectable in a single moment 

in time or decreasing the time required to image a whole sample.  

Utilizing FOV to quantify the performance of a conventional light microscope functions well, since 

all lenses and the final image all come in circular shape. Nevertheless, this is not the case for 

smartphone microscopes, which possess lower FOV in comparison with the lens design. In such 

cases, the entire circular image must fit within the sensor of the camera, which is typically 

rectangular, to avoid aberrations or vignetting [11].  

To measure the FOV of different lens modules and phone 

camera combinations, the application ImageJ developed by 

National Institutes of Health and the Laboratory for Optical and 

Computational Instrumentation was applied. Image analysis 

could be achieved on a pixel scale through ImageJ, which is 

important for FOV quantification [12]. In addition, by 

implementing the USAF resolution target (Section 3.1) as a 

visual scale bar when taking images, the FOV was calculated.  

𝐹𝑂𝑉 = 𝑎𝑐𝑡𝑢𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑎 ∗
# 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑏

# 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑎

The FOV results of different lens modules and smartphone 

cameras were measured and the one that had the best 

balance between FOV, resolution, and working distance was 

chosen.   

3.3 UV light source selection 
On top of the imaging aspect, it is also vital to address the illumination specifications in terms of 

a microscope. For conventional optical microscopes, a single light bulb with a diffuser often 

serves as the source of uniform illumination. Nonetheless, images taken under such brightfield 

setup refrain from structural evaluation without undergoing the labelling/staining procedures. 

To cope with such issues, L. Shi et al. [13] utilized the autofluorescence properties of certain 

biomolecules to achieve label-free formational identification, where commonly seen molecules 

within the cell such as tryptophan, NAD+, and flavins are incorporated. 

Figure 2: Parameters for FOV calculation 
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Taking reference from the energy level theory in a quantum mechanical system, when a molecule 

goes through the process of being excited by light of certain wavelength and emitting waves of a 

longer one afterwards, a loss in energy could be spotted through the difference of the 

wavelengths. As shown in Figure 3, several biomolecules are heavily excited by UVC lights of 270 

nanometers, and subsequently emits a variety of wavelengths of light within the visible range. 

This UVC-elicited property brings about the possibility of identifying critical cellular substances in 

the absence of additional labelling processes. Moreover, F. Fereidouni et al. [14] have also 

demonstrated in their literature that UVC lights can successfully express intrinsic biological 

structures for a wide collection of samples. On such basis, we elect UVC lights with wavelength 

of 270 to 280 nanometers as the illumination approaches our microscope. 

3.4 Electrical power source selection 

To miniaturize our microscope module, UVC LEDs are elected as the alternative option to replace 

the ordinary microscope light bulbs. In this regard, the power source of the LED drivers ought to 

meet the specifications in terms of voltage, compactness, accessibility, and safety. With the 

implementation of UVC LEDs along with the packaged LED drivers, an LED-dependent input 

voltage of five to eight volts must be applied to meet the voltage requirement. 

Given the primary project goal of module minimization, non-battery design was deemed ideal. In 

2021, a group of researchers [15] extracted the smartphone’s battery from the charging port in 

order to power their module. While such design has significantly reduced the module size in the 

absence of any batteries, it requires a step-up voltage regulator to fulfill the voltage requirement 

given a low-voltage output of conventional smartphones. The variation in wire types as well as 

voltage outputs among different phones has limited its compatibility and raised safety concerns 

if it were to enter the market. 

Meanwhile, a button cell/coin battery remains one of the compact and well-commercialized 

options considering its size and dimension. Nonetheless, its limitation in nominal voltage and 

energy capacity may require a series of four to five batteries to match up with the LED drivers’ 

requirement, not to mention the difficulties in replacing the out-of-battery ones. 

Figure 3: Absorption and fluorescence profiles of key biomolecules. (a) Absorption of key molecules, and 

(b) emission of key molecules. (Image courtesy of [a])
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With these advantages and downsides of each method in mind, it is hence critical to strike a 

balance among the criteria and make compromises if necessary. After thorough consideration of 

different aspects, we select CR123A rechargeable lithium-ion batteries with a nominal voltage of 

3.7 volts. On top of the easy accessibility like conventional AAA and AA batteries, such types 

provide higher voltages, a longer battery life, and a well-defined structure to ensure the users’ 

safety. Two of these batteries would be connected in series to increase the output voltage. 

3.5 Design of smartphone microscope attachment using CAD 
A key component of the smartphone microscope is a module that encases the electronic 

components, that is, UV LEDs, batteries, and LED drivers, together with the lens itself. To design 

modules, a computer-aided design software is necessary. The options explored include Fusion 

360, SOLIDWORKS, and SketchUp. After weighing the advantages and disadvantages of all three 

software, SketchUp 2017 (latest free version) was selected. In addition to its easy navigation 

within the software, it allows users to export SKP file formats (native to SketchUp) to STL files 

(commonly used 3D printing format). As mentioned, 3D printing will be used to keep the cost low 

for future manufacturing, while also enabling high printing precision. 

Below includes four different intermediate designs that were made in attempt to reach a user-

friendly design in terms of size, while also allowing compatibility with different smartphones.   

Design 1: This design incorporates light 

guides as a method to direct light directly 

onto a single point of the sample. By doing 

so, the sample will be illuminated from all 

directions and at an angle, allowing it to be 

imaged with high contrast to a dark 

background. Improvements were required 

as it’s unfeasible to incorporate four 

batteries to power up of four LEDs. The 

module is larger than necessary, hence not 

meeting the criteria of modeling a small 

microscope.  

Figure 4: Preliminary design (1) of microscope module 
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Design 2: This design incorporates only 

two LEDs, with an additional Z-axis 

translation stage. This stage allows users 

to move the sample up and down while 

maintaining the distance between the 

LEDs and the sample, which makes 

constant illumination possible. Yet again, 

this design has several flaws, e.g., slides 

easily falling off from the edge, and the 

misassumption that the working distance 

will not affect the image, etc. 

Design 3: This design is similar to 

Design 2, where only two LEDs are 

in place. The use of a Z-axis 

translation stage is also 

eliminated, as it was deemed 

unnecessary given the lens’ fixed 

focal length. This design attempts 

to explore the use of a reverse 

lens, such that the images 

obtained are of higher resolution, 

therefore LEDs are now placed at 

a steeper angle so that the sample 

still receives an intensity sufficient for fluorescence. This design is more compact than the 

previous designs, yet the working distance by using this design was limited to 1mm, which is 

extremely hard to obtain in a non-laboratory setting.  

Figure 5: Preliminary design (2) of microscope module 

Figure 6: Preliminary design (3) of microscope module 
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Design 4: This design incorporates a non-

reverse lens setup, in which the working 

distance is now extended from 1mm to 

15mm. Additionally, a shorter 

supporting wall was introduced to 

enable the placing of a microscope cover 

on top of the module. The cover serves 

to prevent UV light from leaking out 

during the use of the microscope. Users 

can slip a slide into the opening on the 

side and be able to take images with 

their smartphone.  

3.6 Design of systematic method of image acquisition 
A systematic method is designed, (1) to streamline the process of image acquisition and (2) to 

ensure that all independent segments of tissue samples are exhausted for the sake of training and 

validation dataset maximization. Since brain, kidney, and blood samples are imaged, a different 

method is required for each of them.  

As the brain has a symmetric shape, a grid was designed so that different parts of the brain 

sample could be imaged and easily referred to for image stitching in later stages. A mouse brain 

sliced in the coronal plane has an average area of 90mm2, therefore given the FOV of our 

microscope, a 4x5 grid was used [16]. An overlay of the designed grid onto the mouse brain is 

shown below [17].  

Due to the irregular shape of a kidney, a different grid was designed. An adult mouse has a kidney 

area of approximately 80mm2, with a slightly elongated shape [18]. Again, given the FOV of our 

microscope, a 3x5 grid was used for the mouse kidney. An overlay of the designed grid onto the 

mouse kidney is shown below [19]. With the variable area of blood smears, it was difficult to 

create a systematic method to acquire images. Hence, for blood smears a case-by-case approach 

was used to image all sections of the sample. 

Figure 7: Preliminary design (4) of microscope module 

(Note: only half of the microscope cover is shown) 

Figure 8: Sample theoretical gridlines for systematic imaging brain (left) and kidney (right) 
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3.7 Generation of image dataset for virtual staining 
In terms of neural network training, it is essential to train on the basis of a large dataset with high 

quality images to achieve accurate and robust virtual staining. Once enough stained and 

unstained images have been acquired, unfocused images were removed and areas with 

aberrations were cropped out to retain only focused clear images of the samples. Due to the 

hardware and technology limitations, the virtual staining algorithm can only be trained with the 

implementation of small input images to achieve optimal performance. Therefore, the cropped 

images were further sectioned into 265x265 pixel images to generate our dataset.  

On the other hand, the testing dataset requires paired unstained and stained images for the 

evaluation on the performance of the virtual staining model. The paired images were taken at 

the same areas of the biological sample and were manually cropped to obtain aligned images of 

unstained and stained images. 

3.8 Design of virtual staining algorithm (Minato) 
Currently, deep learning is a rapidly growing field of research, and has developed countless 

applications that would have never been possible before. One of these applications is image-to-

image translation, which learns graphical patterns of two image datasets and transforms an 

image to another, e.g., translating a photograph of a landscape into a Monet painting of the same 

landscape [6]. With such technique available, studies have implemented image translation to 

medical applications, in which virtually stained histological images could be indistinguishable 

from those chemically stained [20]. Furthermore, research have illustrated better efficacy from 

the deep learning approaches in comparison with the conventional staining methods, e.g., 

consistent colorization, higher resolution, and application of multiple different staining patterns 

onto a single image, etc. [20] 

For a neural network to achieve high performance while simultaneously maintaining robustness, 

large datasets are particularly critical for enhanced training. Nonetheless, it can be exceedingly 

difficult and cost demanding to obtain these datasets. In addition, the acquired images require 

labor intensive and time-consuming image processing to align images with pixel-to-pixel 

accuracy. In 2018, Zhu et al. [6] proposed CycleGAN as an unsupervised method for image-to-

image translation. One of the major advantages of unsupervised learning is that the training 

procedure does not require a paired dataset. The implementation of CycleGAN is thus favored 

due to the technical difficulty of refraining biological samples from being damaged during the 

chemical staining procedure. 
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Figure 9: (a) CycleGAN model constitutes of two mapping functions 𝐺:  𝑋 → 𝑌 and 𝐹: 𝑌 → 𝑋  with discriminators 𝐷𝑋 

and 𝐷𝑌 that constrains the model to generate output images indistinguishable from the target images. (b,c) Cycle-

consistency losses enforce the mappings to be consistent with each other. [6] 

The goal of image-to-image translation is to learn the mappings 𝐺: 𝑋 → 𝑌  from unstained image 

collection 𝑋  to stained image collection 𝑌 . To accurately map the two image collections, 

CycleGAN incorporates two generative adversarial networks that works in reverse, where one 

maps 𝐺: 𝑋 → 𝑌  and the other maps 𝐹: 𝑌 → 𝑋  and regularizes these mappings using cycle-

consistency loss (Figure 9). During the training procedure, input 𝑋  is mapped to 𝑌  and then 

mapped back to �̂�, then the forward cycle-consistency loss is calculated based on how far the 

reconstructed image �̂� is from the original image 𝑋 . Similarly, the backward cycle-consistency 

loss is calculated with the original image 𝑌  mapped to image 𝑋  mapped back to image �̂�. Finally, 

the training is completed when the objective loss function below has been minimized. 

𝐿𝑜𝑠𝑠  =  𝐿𝐺𝐴𝑁(𝐺, 𝐷𝑌, 𝑋, 𝑌) + 𝐿𝐺𝐴𝑁(𝐹, 𝐷𝑋, 𝑌, 𝑋) + 𝜆𝐿𝑐𝑦𝑐(𝐺, 𝐹) 

As mentioned previously, the dataset consists of 265x265 pixel images, thus the virtual staining 

model is uncapable of virtually staining a whole image at once. To solve this problem, we 

translate the center 2120x2120 pixels of the image into 8 sets of smaller 265x265 pixel images. 

These eight 265x265 pixel images will then be virtually stained individually and stitched back to 

reconstruct the original image that has now been virtually stained. 

3.9 Evaluation of model performance (Minato) 
Once the virtual staining algorithm has been trained, the performance of the model will be 

evaluated by two commonly used image quality assessment measures: peak signal-to-noise ratio 

(PSNR) and structural similarity index measure (SSIM). 

PSNR stands for the ratio of the signal’s maximum power and the noise power, which could be 

calculated by comparing an image with a reference image. This measure allows us to determine 

the amount of noise being introduced by the model onto the output image.  

On the other hand, SSIM is a newer quality measure that rates the similarity based on visible 

structures of the images. On such basis, SSIM measures the model’s ability to capture the 

structural features in the input image and to correctly translate those features to the output 
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image. Despite the use of an unpaired dataset for model training, the output images must be 

evaluated with a paired reference image to calculate the SSIM and PSNR values. Hence, the 

trained model is evaluated on a paired test dataset to determine its performance. 

4. Results and Discussion

4.1 Optical Components 
To select the optical setup that incorporates the smartphone model along with the type and 

orientation of the lens module, the resolution and FOV were utilized. Through the experiments, 

it was found that the reverse lens orientation has higher resolution compared to the non-reverse 

lens setting. Nonetheless, a non-reverse lens orientation was selected since it allows a setup of 

more than 10mm in terms of the focal length. The focal length is defined by the distance from 

the lens where an image will be formed clearly. The reverse lens orientation had focal lengths 

ranging from 1-3mm, which made it extremely difficult to illuminate the sample from the bottom 

in order to reduce the height of the entire module. In addition, the working distance for the non-

reverse lens orientation was ±1mm, as compared to the ±0.5mm working distance for the reverse 

lens orientation. This working distance offers flexibility in the type of slide used while still 

obtaining clear images, as slides have different thicknesses ranging from 0.5 to 2mm. 

Additionally, the Huawei P30 Main Camera was chosen as the magnifying lens. Furthermore, the 

Xiaomi Max 2 was selected as the model smartphone since not everyone using the final product 

will have a high-quality smartphone camera sensor, and it will also increase the robustness of our 

virtual staining algorithm.  

As mentioned in the methodology, the selected light source falls within the 270-280nm range. 

To reduce the costs of our entire module while ensuring that a light source within desired range 

is available, UVC LEDs were sourced from AliExpress. To ensure that the LEDs were within the 

range, a Sarspec spectrometer was used to obtain an intensity plot.  

Figure 10: USAF Rresolution target results for Huawei P30 Pro (left middle); line plot obtained from ImageJ to 

quantify resolution (right) 
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From the spectrometer, a peak wavelength was obtained for the UV LEDs at 272nm, with an 

average power at peak wavelength at 5mW. Thus, these UV LEDs can be utilized for the module. 

4.2 Electrical Components 
To obtain a steady source of higher voltage, while maintaining user safety and taking 

environmental factors into consideration, CR123A (16340) batteries were chosen, given its 

4800mAh energy life, output voltage of 3.7V, and the rechargeability of up to 120 times. The 

discharge curve was approximated to other Li-ion batteries, where it maintains a voltage above 

3.2V for prolonged periods of time before severely dropping off.  

To utilize the UV LEDs, LED drivers are required to regulate the 

forward current such that thermal runaway is avoided for the sake 

of LED protection. The LED drivers take voltage from 5V to 8V, with 

an output of 100mA for the LED. Therefore, these LED drivers must 

be incorporated into the electrical circuit, with additional space 

required to store the LED drivers.  

A switch is also introduced to the electrical circuit, for easy control 

of the LEDs by the user. A simple two-phase switch is utilized to 

minimize the size of the entire module. 

With all these considerations, a circuit design is finalized to 

accommodate all the necessary electrical components.  

4.3 Hardware Design 
After incorporating several design components from the initial four designs, a final module is 

created with a cover connected through a 3D-printed hinge. This design allows the user to place 

a glass slide into the microscope module, close the lid, hold the slide in place with two soft-tipped 

screws, and image the sample as they preferred.  

Figure 11: Emission spectrum of UVC LED obtained from AliExpress 

Figure 12: Electric Circuit Illustration 



14 | P a g e

In the images above, on top of the 3D printed module, it encases two CR123A batteries, an 

electronic switch, two LED drivers, two 272nm UV LEDs, two screws, a non-reverse Huawei P30 

main camera lens, and an UVC absorbent inner lining. With all these components jointly working 

together, microscopic images can be taken. For brightfield images (i.e., images taken with white 

light), the lid does not need to be closed, or if the user wishes to keep the slide in place, the 

opening at the middle will provide sufficient lighting to fully illuminate the sample. For auto 

fluorescent images (i.e., images taken with UV light), the user will need to close the lid of the 

module, lock the lid with a 3mm rod, and hold the sample in place with two screws on the z-axis, 

followed by switching on the UVC LEDs with the switch.  

Figure 13: 3D rendering of microscope module (left) and actual printed microscope module (right), with 

module opened (top, and module closed (bottom) 
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4.4 Image Acquisition 
Images have been taken with the existing module, as mentioned, including brain, kidney, and 

blood samples, as shown in the figure below.  

With the existing unpaired images obtained through the systematic imaging methodology, over 

90% of each tissue sample has been imaged, maximizing the tissue samples we have for data 

preparation for the software training.  

Next steps include processing these images by manual selection of usable images, followed by 

automated slicing into different segments, and applying image transformation techniques to 

generate a larger dataset with the given images. Afterwards, for the CycleGAN algorithm, the 

unstained images will be applied as an input domain, while the stained images as the target 

domain. HKUST computing resources will be utilized to train and validate the CycleGAN 

algorithm, and finally with the prepared test datasets with paired images will be used.  

Figure 14: a) H&E-stained brain sample taken at x6 zoom with brightfield illumination; b) H&E-stained kidney 

sample taken at x6 zoom with brightfield illumination; c) H&E-stained blood smear taken at x6 zoom with 

brightfield illumination; d) Unlabeled brain sample taken at x6 zoom with UVC illumination (272nm); e) 

Unlabeled kidney sample taken at x6 zoom with UVC illumination (272nm); f) Unlabeled blood smear taken at 

x6 zoom with UVC illumination (272nm). 
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5. Conclusion

Given the existing constraints of conventional benchtop microscopes, e.g., bulky, expensive, and 

inaccessible, along with the timely chemical histological staining, researchers have come up with 

different methods to address these issues in a separate manner. A microscope module is made 

possible thanks to the presence of deep learning algorithms, smartphones coupled with high-

resolution cameras and advanced technologies, along with miniature components, such as UVC 

LEDs, batteries, and lenses. This compact smartphone microscope module is capable of imaging 

biological samples haematologically with fine resolution followed by subsequent tissue analysis 

and virtual staining transformation. Given its low cost, versatility, and modularity, the outcome 

of this project presents numerous point-of-care potentials, e.g., offering on-site biopsy 

examination and image-based haematology. Such potentials also enable easier access to 

microscopic imaging technique for the various industries and academia. 
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