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Abstract

:

In this paper, we demonstrate a fiber-optic surface plasmon resonance (FO-SPR) biosensor based on image processing and back propagation (BP) neural network. The transmitted light of the FO-SPR sensor was captured by using visible (VIS) and near-infrared (NIR) CMOS sensors. The optical information related to the SPR effect was extracted from images based on grayscale conversion and an edge detection algorithm. To achieve accurate monitoring of refractive index (RI) changes, the grayscale means of the VIS and NIR images and the RGB summation of the edge-detected images were used as training and test inputs for the BP neural network. We verified the effectiveness and superiority of this sensing system by experiments on sodium chloride solution identification and protein binding detection. This work is promising for practical applications in standardized biochemical sensing.
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1. Introduction


Surface plasmon resonance effect (SPR) is a free-electron resonance oscillation on the metal surface, which is excited by an incident light at the interface of metal and dielectric [1,2,3]. Since Nylander and Liedberg applied the SPR sensing technology to gas detection and biosensing for the first time in 1983 [4], SPR technology has been widely used in medical diagnosis [5], biological detection [6], environmental pollution detection [7], food safety testing [8], and other fields [9]. Because refractive index (RI) is the inherent characteristics of most biomaterials and SPR effect is very sensitive to RI change of a medium attached to metal film [10], it makes the SPR-based biochemical analysis technique possible to detect biofluid by perceiving a small RI variation. Due to the kinds of advantages, such as label-free, high sensitivity, and rapid detection, companies have produced some commercial SPR instruments in recent years [11,12,13]. However, these SPR biological sensing systems were designed for the laboratory instruments that were generally bulky, expensive, and time consuming [14,15]. Generally, resonance angle, resonance wavelength, reflection intensity, and phase information can be used as the sensing signals of SPR instruments [16,17,18,19]. The demodulation methods based on resonance angle and wavelength are relatively reliable while the SPR instruments demodulated by these two methods are hard to be miniaturized and are high in cost. The phase information is highly susceptible to external interference, although the phase-based SPR instruments have a high sensitivity. The intensity detection method is not as accurate as the former, but it has advantages in low cost and easy miniaturization. Most of the SPR instruments built by the laboratory adopted an angular scanning method and wavelength modulation, but the spectrometer and rotary plates driven by the stepper motor led to rising cost and volume of the SPR instruments [20,21].



Therefore, the development of miniaturized and low-cost SPR sensing devices is of great significance to the applications of SPR sensing technology [22,23,24]. The main purpose of this work was to achieve cost-effective and compact SPR sensing. Our previous work proposed a biochemical sensing method by monitoring the light intensity in the fiber end face [25]. The self-compensated scheme of the sensing method used different optical fibers as measurement and reference channels. However, because these optical fibers were not identical, there are more or less differences in optical properties, geometric dimensions, and illuminations among them. Therefore, it is hard to completely eliminate the effects of power fluctuation of a light source by comparing the reference channel with the measurement channel. Our other research showed that different areas on the end face of the same capillary sensing element can be selected as measurement and reference channels, which can effectively avoid the error caused by the inconsistency of optical fibers [26]. However, the processing operation involves multiple chemical treatments in different areas on the surface of capillary, which is much more complicated than the optical fiber element.



This paper proposes a simple, self-compensated biochemical sensing method based on a single fiber-optic SPR (FO-SPR) sensor and back propagation (BP) neural network. We used visible (VIS) and near-infrared (NIR) CMOS image sensors to capture the image of transmitted light from the FO-SPR sensing element. We applied the grayscale conversion and edge detection algorithms to the original images. Then, the information of brightness and shape was employed as inputs of the BP neural network for training and testing to predict the specific RI value of the sample. The experimental results showed that we realized the accurate detection of RI and biochemical samples without the need for a compensation mechanism to prevent the fluctuations in light source intensity.




2. Materials and Methods


2.1. Materials and Reagents


Immunoglobulin G (IgG) from rabbit serum, anti-rabbit IgG antibody produced in goat and phosphate buffer solution (PBS, pH 7.4) were purchased from Sangon Biotech Co., Ltd. (Shanghai, China). The 1-(3-Dimethylamino-propyl)-3-ethylcarbodiimide hydrochloride (EDC) and N-Hydroxysuccinimide (NHS) were purchased from Saan Chemical Technology Co., Ltd. (Shanghai, China). Bovine serum albumin (BSA), 11-mercaptoundecanic acid (MUA), and other chemicals were purchased from Sigma-Aldrich Trading Co., Ltd. (Shanghai, China). All of the reagents were of analytical grade and could be used without further purification. All proteins were dissolved into PBS before use.




2.2. Fabrication of FO-SPR Sensing Element


We fabricated the FO-SPR sensing elements with the plastic-cladded silica optical fiber (HP 400/430-37/730E YOFC; core and cladding diameters of 400 and 430 µm, length of 3 cm). The plastic coating and cladding of the fiber were stripped to 1 cm in length in the center. After washing and drying, the fiber was coated with chromium/gold layers (Cr 5 nm, Au 50 nm) using a magnetron sputtering system (K575XD from E.M. Technologies Ltd. Ashford, Kent). All end faces of the fiber were polished with emery paper. The FO-SPR sensing element was then packaged in a flow cell.




2.3. Anti-Body Immobilization


The gold film surface of the FO-SPR sensor was rinsed with ethanol and water and dried with nitrogen. Then, the sensor was soaked in a 1 mM 11-mercaptoundecanic acid (MUA) in ethanol for 12 h and rinsed with ethanol. Afterwards, a mixed NHS (0.5 M) and EDC (0.5 M) aqueous solution was introduced for 15 min at 4 °C to form a reactive ester molecular layer for activation. Then, we introduced the PBS buffer containing anti-rabbit IgG (0.2 mg/mL) into the flow-cell and let it stand for 30 min. The protein molecule could be immobilized on the activated surface of gold film. Then, the FO-SPR sensing probe was rinsed with PBS buffer and 1 mg/mL BSA solution was injected into the flow-cell to block the unbound site.




2.4. Sensor Interrogation


The sensing setup is shown in Figure 1. A dual-lens camera containing two CMOS image sensors for VIS and NIR waveband (640 × 480 resolution, 15 fps) was used as a detector. Broadband light from a halogen lamp (with adjustable brightness and a wavelength range of 360–2000 nm) was coupled into a FO-SPR component through an optical fiber cable. Transmission light was detected by VIS and NIR CMOS sensors at the same time. The CMOS sensors were equipped with the filters having spectral ranges of 300–700 nm and 700–1200 nm. The bit depths were 24 bits and 10 bits, respectively.




2.5. Machine Learning Algorithm


The BP neural network is a multi-layer feedforward neural network, which consists of three layers, including an input layer, a hidden layer, and an output layer in our experiment [27]. In this work, the number of input neurons was set as 4, the number of neurons in the hidden layer was set as 10, and the number of neurons in the output layer was set as 1 to represent the corresponding refractive index values.





3. Results and Discussion


3.1. SPR Image Processing and Sensing


For the traditional SPR image sensor, VIS images are usually collected for data analysis. However, the FO-SPR sensing element can achieve an obvious energy absorption of SPR (corresponds to a transmittance of less than 100%) covering a wide wavelength range (spanning under the VIS and NIR waveband) when an external medium is an aqueous solution, as shown in Figure 1b. Therefore, the change of light intensity in the VIS band (the operating wavelength range of VIS CMOS is 300–700 nm) and NIR band (the operating wavelength range of NIR CMOS is 700–1200 nm) can reflect the energy absorption characteristics of SPR. Both VIS and NIR CMOS sensors can perceive the absorption area. The RI fluctuation of aqueous solution had a distinct influence on transmission of VIS and NIR light from FO-SPR sensor. Therefore, the images collected by NIR CMOS sensors were introduced for improving sensing performance. In contrast to our previous work on fiber-optic surface plasmon resonance (FO-SPR) image sensing technique [25,28,29], the relation between the grayscale mean value of our sensor’s light spot image and the RI was neither a linear nor monotone function. Therefore, we could not just determine RI according to the grayscale mean value alone. This was because the grayscale mean value depends on three variable factors at the same time: the RI variation, the stability of the broadband light source, and the absorption characteristics of SPR spectrum. For achieving RI measurement, the application of BP neural network in multivariate calibrations was proposed in our work to find the complex nonlinear relation between the RI and the light spot image information. For our FO-SPR sensing system in VIS-NIR images, we chose four characteristic values, including the grayscale mean and RGB summation of the edge detection images of the VIS and NIR light spot images, as shown in Figure 2.



The grayscale mean value was chosen as the input layer because it had the light intensity information by VIS and NIR COMS sensors for the light spot images. It was closely related to the SPR absorption. RGB summation of the edge detection image was chosen as the input layer because the diameters of the light spot were different when the COMS sensors collected the light spot images with different light intensities. The profile of the light spot edge was closely related to the energy distribution of SPR mode in the fiber. The diameter of the light spot was simultaneously affected by the performance of the light source and COMS sensor, as well as the supersaturation condition. Thus, more accurate RI information can be determined by collecting grayscale mean value and RGB summation of the edge detection image simultaneously. In order to verify the feasibility of the above design scheme, we conducted preliminary testing on the proposed sensing device. We adopted two aqueous solutions with RI values of 1.323 and 1.356 as test samples. The corresponding light spot of the FO-SPR component recorded by VIS and NIR CMOS image sensors are shown in Figure 2a. When the RI value increased from1.323 to 1.356, we found that both the VIS and the NIR images had a slight change in the brightness and shape of the light spot. This result indicated that the information about RI fluctuation was included in the images of the transmission light from fiber sensor. As a result, we could determine the change in RI through multi-source information extraction of VIS and NIR light from FO-SPR sensor. This was helpful to obtain a robust result. The proposed method for RI monitoring contained three steps. First, VIS and NIR images of the end face of the fiber SPR sensor were recorded by the CMOS image sensors and processed by grayscale conversion and the edge detection algorithm, as shown in Figure 2b [30,31]. Gray scales were used to represent the proportion of “red, green, and blue” in the color image. To get a grayscale image, the color information from each channel was removed, leaving only the luminance values. In this work, we calculated the grayscale by using floating point arithmetic: Grayscale = R × 0.3 + G × 0.59 + B × 0.11. Then, the mean values of the grayscale images and the RGB summation values of the edge detection images were calculated to be used as conditional indicators. Finally, the mean values and RGB summation values were used as inputs of the BP neural network, while the output of the BP neural network represented a different RI response. In this work, the image processing and BP neural network implementation were based on Matlab software.




3.2. Response to RI Variation of Aqueous Solution


During the experiment, we recorded the images of the fiber end faces when the FO-SPR sensor was tested by sodium chloride solutions with RI values ranging from 1.323 (ultra-pure water) to 1.356 (12% concentration). Ten images were recorded with an interval of 5 min for each solution. The processed data from these images are shown in Figure 3. The data points in Figure 3a represent the grayscale mean values of VIS images at six different RIs. The power fluctuation of the light source caused some influence that made it impossible to infer the RIs effectively. For example, the distribution of different data points for the grayscale mean of the same RI did not completely coincide for VIS images. In addition, for different RIs (such as 1.323, 1.338, 1.347), the grayscale mean values were almost the same; therefore, we also could not distinguish their grayscale mean values of VIS images. Therefore, it was necessary to introduce other characteristic values. The data points in Figure 3b represent the grayscale mean of NIR images at six different RIs. The data points in Figure 3c,d represent the RGB summation of the edge detection images calculated using the Prewitt operator at six different RIs. (Prewitt operator is a discrete differentiation operator, which is based on convolving the image with a small, separable, and integer-valued filter in horizontal and vertical directions. It detects the edge by using the principle of the grayscale difference between the neighboring pixel points reaching the maximum value at the edge.) Comparing the RGB summation values of the edge detection images of the VIS and NIR images, it can be found that the data points of the NIR image had better coincidence (for the same RI). This reason may be the fact that the NIR light spot was much brighter than VIS light spot. The shape of the VIS light spot was greatly affected by the fluctuations in the light source power. Additionally, the boundary was relatively fuzzy and unstable.



In order to avoid the influences of different data sets when verifying the proposed method, we selected 45 data sets from all 60 data sets as training sets. The remaining 15 data sets were determined as test sets. The test sets were randomly characterized in this work. We randomly divided 45 training sets and 15 test sets into a total of 60 data sets each time. The expected values in Figure 4 are the RIs of the sodium chloride solution samples flowing into the flow cell during the experiments. The RIs of the samples were measured by an Abbe refractometer. Besides, to explore the effects of the four types of input (the grayscale means of VIS and NIR images and RGB summation of the edge detection images) on the BP neural network output, we used only the grayscale mean dataset of VIS images as the input to the BP neural network firstly. The BP neural network results are shown in Figure 4a–d where the abscissa represents the test data set and the ordinate represents the corresponding RI value. We calculated R2, the coefficient of determination, as an indicator of the difference between the test results and the expected results. As can be seen from Figure 4a, the coefficient of determination was 0.68684. This indicated that the recognition result was unsatisfactory and the results of the training and testing process were disordered. The reason is that the grayscale mean of the VIS images did not contains sufficient characteristic information on the corresponding RI. Therefore, we added the grayscale mean of the NIR channel image as the input to the BP neural network. The test results are shown in Figure 4b. We can see that the value of the decision coefficient increased to 0.86785. Compared with the results of Figure 4a, the accuracy of recognition was significantly improved. Thereafter, we further added the RGB summation values of the VIS and infrared edge detection images as input to the BP neural network. The test results are shown in Figure 4c. It can be found that the recognition accuracy of the BP neural network test set using three types of input (VIS and NIR channel image grayscale means, and VIS RGB summation of the channel edge detection image) was 0.97912, which is much higher than the previous results, shown in Figure 4a,b. In addition, as shown in Figure 4d, the BP neural network test set with all four types of input had a recognition accuracy of up to 0.99938, which can almost completely predict the RI value represented by the test data set. Thus, the above experimental results demonstrated the correctness and effectiveness of our method for monitoring the signal of FO-SPR sensor.



Besides, we also set the number of neurons in hidden layers to 4, 8, 12, and 14 to investigate the effect of this parameter on the performance of the neural network. The coefficient of determination for each number is shown in Figure 4e. We found there was a least deviation between the output value and the expected value when the number of neurons in hidden layers was 10. To compare the performance of the BP neural network with other machine learning algorithm, we also used the support vector machine (SVM) algorithm and optimized its parameters using the grid search method. Figure 4f shows the comparison of the output result with the expected result. The coefficient of determination was 0.9972, which was slightly lower than that of the BP neural network model. To sum up, the four characteristic values were set as the input layer and the hidden layer was set as 10 in the following experiments. The stability of our sensing system was tested to assess noise level, as shown in Figure 5. The resolution of our system was 6.3 × 10−5 RIU. The proposed sensing system can better solve the noise problem of the SPR image sensor. The BP neural network model can be used to effectively predict the nonlinear relationship between the RIs and the SPR signals affected by noise. Therefore, our sensing system had good effectiveness and robustness.




3.3. Response to Antigen–Antibody Binding


In order to use this sensing device for biosensing, we functionalized the FO-SPR sensor. As shown in the inset of Figure 6, the probe biomolecules were immobilized on the surface of the gold film by self-assembly. When an aqueous sample was introduced and flowed over the gold film, the gold surface modified with an antibody molecular layer could specifically capture antigen molecules. This caused a local RI change near the gold surface and influenced the surface plasmon waves. We prepared an IgG antibody solution of 0.1 mg/mL. The PBS buffer and IgG solution were sequentially introduced into the flow cell. The flow cell was fabricated using centrifuge tubes of 0.2 mL via typical drilling and cutting processes. Sample solutions were allowed to flow through the flow cell at a flow rate of 0.2 mL/min via a peristaltic pump (BT200-2J). We recorded the images of the fiber end face every 10 s. Both of VIS and NIR channel images were processed by grayscale conversion and an edge detection algorithm. We extracted the grayscale mean and RGB summation of the processed images as before. Then, we used these data sets as test sets of the trained BP neural network and obtained the predicted RI response. The relation between the predicted RI values of the output and the time is shown in Figure 6. A significant signal response after IgG injection was found. This corresponded to the binding process between anti-IgG and IgG on the surface of the gold film. Such a result indicated that our method can monitor the binding of protein on the sensing surface in real time.



The limit of detection (LOD) of biomolecules is one of the important parameters; so, we calculated the LOD of our sensing system first. LOD was calculated using the method recommended by IUPAC in the Journal of Analytical Chemistry [32,33], which is defined as the concentration corresponding to triple standard deviation of sensing system background noise. Since the BP neural network model did not need to fit the response to obtain the sensitivity, we could not calculate the LOD through the sensitivity. According to the basic principle of SPR technique, the reason why we can detect the specific binding of proteins is that the biomolecule binding process can cause the RI variation on the SPR sensing surface. Based on our previous work [28], the RI variation caused by the binding process of IgG molecule on the gold film surface had an approximate linear relationship with the concentration of IgG (small concentration, far lower than the saturation concentration). According to our previous experimental result, The RI of the sensing surface can be changed by 10-5 RIU when the IgG concentration changes by 46 pM. Therefore, the LOD of our sensing system was calculated as 0.9 nM based on our stability test above.




3.4. Comparison


As shown in Table 1, we compared some miniaturized SPR devices in terms of resolution and LOD in terms of resolution and LOD. In addition, we used a miniaturized commercial SPR equipment to detect an IgG-specific binding process. In order to better compare LOD of IgG, we unified the concentration units in the table. According to the comparison results, our sensing system had good effectiveness and superiority.





4. Conclusions


This paper demonstrated a biosensing method based on image feature analysis and BP neural network. By using VIS and NIR CMOS sensors to capture the transmitted spot image of the fiber SPR sensor, the grayscale signal conversion and edge detection algorithms were used to extract the optical signals from images of a fiber end face, which contained the information of RI fluctuation near the sensing surface. We used the grayscale mean of the VIS and NIR images and the RGB summation of the edge detection images as training and test sets for the BP neural network to achieve an accurate and stable RI response monitoring. We verified the effectiveness and superiority of our method by experimental studies on different sodium chloride solution and protein binding detections. This method can be further investigated to monitor more FO-SPR sensors to achieve a multi-channel biochemical sensing.
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Figure 1. (a) Schematic diagram of a dual-camera FO-SPR sensing device; (b) principle of detecting the change of SPR absorption by VIS and NIR cameras. (The yellow and the red lines, respectively, represent the spectrum of the RIs of the external environment from small to large.) 
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Figure 2. (a) Experimentally measured transmissions of optical fiber SPR sensors at RIs of 1.323 and 1.356; (b) VIS and NIR images of fiber end face converted into grayscale and edge detection images. 
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Figure 3. Grayscale mean of the VIS (a) and NIR (b) light spot images at different RIs. RGB summation of the edge detection images of VIS (c) and NIR (d) light spot at different RIs. 
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Figure 4. (a) BP neural network result by using the grayscale mean of VIS images as input; (b) BP neural network result after adding the grayscale mean of NIR images as input; (c) BP neural network result by using the grayscale means of VIS and NIR images and RGB summation of the VIS edge detection images as input; (d) BP neural network result after adding RGB summation of the NIR edge detection images as input. (e) Coefficient of determination when the number of neurons in hidden layers is 4, 8, 10, 12, and 14; (f) SVM result by using the grayscale means of VIS and NIR images and RGB summation of the VIS edge detection images as input. 
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Figure 5. BP neural network result obtained by using the grayscale means of VIS and NIR images and RGB summation of the VIS and NIR edge detection images as input. The RI of the measured sample remained constant. 
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Figure 6. Predicted response of IgG samples flowing through the sensing surface by using BP neural network. Inset: Functionalization process on gold film of FO-SPR component. 
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Table 1. Comparison of the sensing performance for a small-sized SPR sensor.
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	Strategy
	Resolution
	LOD of IgG
	Ref.





	Chemically etched, single-mode fiber probe
	1.6 × 10−3 RIU
	
	[34]



	Dual-Channel SPR System
	4.3 × 10−4 RIU
	
	[29]



	Reflectance-based disposable fiber probe
	9.3 × 10−5 RIU
	
	[35]



	Smart phone SPR biosensor
	7.4 × 10−5 RIU
	47.4 nM
	[28]



	MMF-NCF-MMF structure
	
	11.7 nM
	[36]



	A polydopamine-modified FO-SPR biosensor
	
	6.0 nM
	[37]



	Ag nanocubes/chitosan composite
	
	4.0 nM
	[38]



	Multimode-coreless-multimode fiber probe
	
	3.1 nM
	[39]



	Miniature commercial SPR instrument
	2.7 × 10−5 RIU
	15.7 nM
	Biosuplar6



	FO-SPR based on (BP) neural network
	6.3 × 10−5 RIU
	0.9 nM
	This work
















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2021 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






nav.xhtml


  biosensors-12-00009


  
    		
      biosensors-12-00009
    


  




  





media/file8.jpg
Refractive Index (RIU)

1.3302

- Expected Value
~—— BP Output Value

1.3301-\Ii~ :  ‘ 1\ \/\ |
13300 \/'I !’\f\/\k ;\2\[ ’ ,1‘. I E

1.32994

1.3298

0 10 20 30 40
Predicting Sample





media/file11.png
Refactive Index (RIU)

1.333

» Predicted Response ¢°°g°°0°°00°°°
1.332 - ST °
IeG 9
1.331 - l .0
CGOGOOOGGQOOOQ
1.330 —
MUA N\ '
1.329 Y Eoc/us 02 =
3297 e %
Flbe;;;;:: SPR Gold film Gold film e
1.328 — T T T T T T T
0 50 100 150 200 250 300 350

Time (s)






media/file6.jpg
‘Coaficiont of Deerminaion R0 86785

fou fo

5 . Expected Vale

K-ﬁ? * . BP Output Value A K‘u u
e R S S

&

B

Refractive Index (RIU)
B8

< B Ot Ve

i

8

Refracive Index (RIV)
B

K

e
B, |

§

Coeflicient of Determinations
1]

*3

274 6 8 10 12 14 2
Predicting Sample. (@
-
s
H
£
fa|
£ | - emecorvone
= Coefiicient of determination P . 4+ SVM Output Value
SRR
Vidden Laver 0] Brediing Sample






media/file1.png
(a) CMOS [.ens

Circuit Substrate

1200 nm





media/file10.jpg
Refactive Index (RIU)

1.333

° Predicted Response

°
a0
9000°%%0 0

0090

1.332 eo
L R
13314 l o°
?,%0%00%0 ¥ 0
13304 g & b
A eocmms e L4
1329 emeeny - 4 =" 3
ibe i b
rowoptcsm  coln ol N
1.328 v r T T T T T
0 50 100 150 200 250 300 350
Time (s)






media/file7.png
Coefficient of Determination R?=0.68684

1.36

—

W

()]
|

1.34

1.33 A

Refractive Index (RIU)

1.32

~+ Expected Value \
" - BP Output Value

O

2 4 6 8 10 12 14

Predicting Sample

Coefficient of Determination R2=0.97912

1.36

-

w

(6}
1

Refractive Index (RIU)
3 §

+  Expected Value
BP Output Value

L

$

1.000

2 4 6 8 10 12
Predicting Sample

0.998 -

0.996 4

0.994 -

— Coefficient of Determinations

/
—=— Coefficient of determination
4 6 8 10 12 14 16 18

Hidden Layer

1.36

Coefficient of Determination R2=0.86785

—

w

(&)
L

1.33 -

Refractive Index (RIU)
@

Jav

1.32

- Expected Value
—o— BP Output Value

—_
O
~—

8 10 12
Predlctlng Sample

Coefficient of Determination R?=0.99938

1.36

-

W

()]
!

Refractive Index (RIU)
3 g

1.32

..... + Expected Value
—o— BP Output Value

\ h
g 7

2

1.36

2 4 6 8 10 12
Predicting Sample

TV

Coefficient of Determination R2=0.9972

-

W

[€)]
1

1.33 -

Refractive Index (RIU)
w
B

1.32

/\/ K

SVM Output Value

—y
S

I N I

o Expected Value
14
Predlctlng Sample






media/file9.png
1.3302

)

—

W

W

=
1

1.3299 -

Refractive Index (RIU

Ll
\ Thre \/V‘ ML A%
/\ j NG \ f \
L

1.3300 -

1.3298

---------- Expected Value
—— BP Output Value

\ P
.JJ g

20 30 40
Predicting Sample

50





media/file5.png
& 5
ol « oy |
~ANOTDONOOD | ~ANNOTOLONODODD «—
e 4 > OV A e x 0|0 B & 4 > &V A & x &
[ -0
™ - 1\:..;
. - 2 | - |2
) 4 S
-%x -%ﬂ
» 1“ < - T
= - £
< © 9
< CM .2 ] -M.W
-1 -5 <« -9
. © s
— i L
o [0 3 Y
- -%.R
o 2| o 2
N 9 Pz ad
T T T T T 3 T T i 3
o 0 o 0 o o ) o 0 O Tolhm
2 2 2 B o — ™ o N -
ues|\ obew| seos-Aery Q sanjep goy jowng T
_ T I
TANOFTOONOO | CFNOTODONOO ||
"0 4 POV A O® KX O, E o 4 > ¢ VvV A @ x o ©
i Rt
- D *» =
= =
T3 Pl 5m
B "M %
- -9 - A
f .m . -
£ £
< @ <t
e ) 2> « ,S.W
W -5 Ave |~ 8
i m L ©
T S
«m
|%R L 4 I%R
-4 awny . 4. e [
> o > o
T T T T T T T T T T 3 T T ¥ T ¥ T v T 3
- - k e ok - = o )} @ N~ © -
uea|\ abew| sjeas-Aeio L sanje/ g9 Jo wng o





media/file3.png
Gray-scale Image

(a) VIS-channel (b) Gray-scale Image
1.323

NIR-channel

»

VIS-channel

NIR-channel Edge Detection Image Edge Detection Image





media/file4.jpg
137
7

5 £

© j.m L z
s [3€ [ o ¥
P& 5

) ,uk -. i

o | « = o
5 -l e -l
g B B £ T @ 3 8§ 9§ 9.
ueayy abew) asjeas-kely O senjer goyjowns T
Dw O,N
[Faoveereat" [Fwesoonsag]”

g [eeerevacnelg
5 - "5
z z
B 185
-3 - [z
32 - X
£ $
4 ” . [

s [

5 B2 =y

© leowsbeui seoshei0 T semengowjouwns T





media/file0.jpg
(@

Circuit Substrate

cMos.

anos

B

Light Source

Fi

(®)]





media/file2.jpg
(@ Vischannel (b Gray-scale Image Gray-scale Image

NIRchannel

»

VIS-channe

NIR-channel Edge Detection Image Edge Delection Image.





