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ARTICLE INFO ABSTRACT
Keywords: Visible-near-infrared spectroscopy data can be utilized as an important quantitative indicator of biomolecular
LED matrix quantitative analysis. When acquiring spectral information, hyperspectral/multispectral imaging systems can

Multi-spectral imaging

e : obtain the spatial information of the object of interest. This allows the complete spatial-spectral information of
Biological sample sensing

the object of interest to be acquired and the spatial distribution of biomolecules to be analyzed. In this study, we
present an open-source mobile multispectral imaging system, test the influence of the utilization of LEDs on the
multispectral image, and design image-processing algorithms to correct this influence. To demonstrate the
effectiveness of the system, the system is applied to meat freshness analysis, small-animal tumor in-vivo imaging,
and chlorophyll spatial distribution imaging. The experimental results verify that our system has stable per-
formance and is compatible with a wide range of spectral imaging applications.
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1. Introduction

In recent years, machine vision technology has attracted much
attention. Relying on high-performance photoelectric instruments and
highly intelligent and automatic image-processing algorithms, machine
vision has been widely used in scientific research and industrial settings.
Additionally, there is an increasing interest in studying hyperspectral/
multispectral cameras for biological sensing and identification[1-4].
Compared with the monochrome or RGB cameras used in traditional
machine vision, hyperspectral/multispectral cameras can synchro-
nously obtain the spatial optical information as well as the spectral data,
which serves as an important link between biomolecular chemical
properties and quantitative data[5,6]. For example, using the unique
spectral data of chlorophyll[7-9], the type, growth, and distribution of
vegetation can be analyzed. Hyperspectral systems usually acquire
much more spectral information than multispectral systems and it is
widely believed they will eventually replace multispectral systems.

To obtain the spatial-spectral data, hyperspectral cameras usually
utilize a complex diffraction (or refraction) spectroscopic system and a
spatial or spectral scanning module to capture a hyperspectral cube
[10-13].

A spectral scan spectrometer adopts a tunable filter as the spectro-
scopic element, such as a liquid crystal tunable filter and acousto-optic
tunable filter[14-16]. The spatial information of an object at a certain
wavelength can be accessed by fixing the tunable filter between a
complementary metal-oxide semiconductor (CMOS) and the imaging
lens. The spatial resolution of this system is high, and the optical
structure is easy to build. However, this type of spectrometer is more
expensive. The spectral resolution and detection efficiency are not yet
comparable to those of a grating spectrometer.

Unlike the spectral scan method, the spectroscopic elements of a
spatial scan spectrometer[17-19] primarily include the prism and
grating. It obtains the spectral data on one point or one line of the object
at a time and synthesizes them into image data[20]. For example, in a
push-broom system, the light of an object successively passes through
the slit and spectroscopic system into monochromatic light that expands
with wavelength. A hyperspectral cube can be accessed by pushing the
entire field of view mechanically. However, mechanical scanning com-
ponents can cause problems, such as slow imaging speed and low spatial
resolution, which restrict the application of hyperspectral cameras.

From the perspective of spectral analysis, a large number of spectral
band data do not need to be obtained in some applications. For example,
in a study on the detection of vegetation chlorophyll[21,22], with the
help of the red edge effect, only 3-5 spectral bands were required to
analyze the vegetation. In another study on blood oxygen saturation
[23,24], the ratio of oxyhemoglobin (HbO;) to total hemoglobin was
calculated by using three characteristic spectral bands: the green, red,
and infrared bands. In a study for predicting the sugar content of fruit
[25], such as apples, four optimal wavelengths (461, 469, 947, and
1049 nm) were used. As can be seen from the abovementioned exam-
ples, we do not need redundant spectral data for spectral data analysis.
Therefore, if appropriate light sources are selected for specific applica-
tions, the detection of specific biomolecules can be completed without
the need for hyperspectral data.

Compared with hyperspectral imaging systems, the major advan-
tages of multispectral imaging systems are their high temporal-spatial
resolution and the simplicity of data post-processing. In recent years, the
light-emitting diode (LED) industry has been developing rapidly[26].
LEDs have the characteristics of small structure, high photoelectric
conversion efficiency, and strong illumination, and their spectral range
can cover 400-1100 nm, which is the same as the spectral range of a
traditional hyperspectral camera. By using LEDs with different wave-
lengths to illuminate the sample, we can obtain the multispectral in-
formation of the object without a diffraction module or scanning
module. Although some LED-based multispectral cameras have been
studied in the literature[27,28], these previous studies used a small
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number of LEDs and were developed for specific individual applications;
they lack systematic considerations in terms of lamp density, illumina-
tion uniformity, and imaging time.

In our study, we propose the use of multi-band (36 kinds of) LEDs
and an industrial imaging system to obtain sufficient spectral data for
biomolecular analysis while ensuring high spatial resolution. Owing to
the compact structure size of LEDs, the size of the multi-band LEDs
integrating 36 different-band LEDs and corresponding electrical drivers
was 96 mm x 96 mm x 115 mm. The electrical power for each LED was
3 W[29,30], which can ensure sufficient lighting intensity. The system
can be controlled through the serial port and realize spectral scanning
and synchronous spatial imaging. In addition, to improve system inte-
gration, we designed a corresponding fixture and shell, and manufac-
tured the prototype through 3D printing.

2. Materials and methods

Fig. 1 shows a schematic of the proposed mobile multispectral im-
aging system. The entire photoelectric system was housed in a self-
contained package, which contained an imaging unit, illumination
unit, and control unit. This imaging system enclosure case was fabri-
cated via 3D printing and had preset slots for positioning all the units.
These units enable our system to perform in-situ spectral imaging
experiments.

A sample was placed right under the imaging lens, which was illu-
minated by LEDs. Each LED was switched on sequentially via a program.
The images in each band were collected by a high-resolution camera in
synchronization and post processing involved stacking the images to
obtain a multispectral data cube. The result was displayed on the screen
of a mini-computer.

The main components of the illumination unit were the LED matrix
and its driving circuit. There were 36 LED chips (3535 package chip, i.e.,
the size of the chip was 3.5 mm x 3.5 mm) with different wavelengths
housed as a LED matrix, which played an essential role in multispectral
lighting. The spectral range, spectral resolution, and illumination in-
tensity were determined by these 36 LED chips. The rated electrical
power of each LED chip was 3 W. The constant current chip (PowTech’s
PT4205) was selected as the LED driver chip because of its 97 % peak
power conversion efficiency and the 3 % current accuracy, which can
ensure the stability of the light source output.

The core of the control unit was the switching control of the LEDs and
interaction with the host computer. A single-chip microcomputer was
used to change the conduction mode of the metal-oxide-semiconductor
field effect transistor (MOSFET), which further controlled the switching
state of the LEDs. Based on these electronic devices, each LED could be
switched on and off via a program.

As shown in Fig. 1(c), the LED chips covered spectral range from 380
to 1000 nm, and their central wavelengths and corresponding optical
power are listed in Table 1. In the spectral range of 400-500 nm, the
average full width at half maximum (FWHM) height of the optical
spectrum for each LED was approximately 22 nm; thus, the spectral
resolution in this range can be defined as 22 nm. In the range of
500-600 nm, because we can purchase fewer types of LED chips (only 6
chips in this spectral range), the spectral resolution was approximately
40 nm. Similarly, the spectral resolution was 19, 25, 32, and 73 nm in
the 600-700, 700-800, 800-900, and 900-1000 nm range, respectively.

Although all LEDs had the same rated electrical power, their light-
emitting power varied significantly owing to the different electro-
optical conversion efficiency. For the CMOS chip, photons with
different wavelengths resulted in different quantum conversion effi-
ciencies. Therefore, under the same camera capture parameters and
electrical power, some LEDs may cause CMOS chip saturation (owing to
its relatively strong illumination intensity and the high quantum con-
version efficiency of the detector). Correspondingly, to overcome these
problems, appropriate exposure times for 36 LEDs with different
wavelengths were preset to avoid signal saturation of the CMOS
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Fig. 1. (a) Structure of the mobile multispectral imaging system. (b) Driver board and the LED board. (c) Optical spectra of the 36 LEDs.

Table 1
The optical power of 36 LEDs and their corresponding camera exposure time
during imaging experiments.

Wavelength Exposure optical Wavelength Exposure optical
(nm) time(us) power (nm) time(us) power
(mw) (mw)
388 500 498 619 680 117
409 400 738 626 550 172
417 300 862 636 200 527
436 400 716 649 100 412
446 300 873 659 100 535
454 350 662 666 300 359
464 500 551 676 160 535
472 340 532 686 160 556
479 340 719 703 160 417
494 490 421 736 300 603
499 640 338 743 400 535
505 500 282 746 400 503
524 500 273 766 400 522
540 530 141 783 500 573
557 530 150 808 400 481
562 660 102 855 700 835
564 660 142 931 5000 228
606 1900 225 961 1500 596

cameras. Herein, a standard diffuse whiteboard (99 % reflectivity) was
selected as the imaging sample. Under different wavelengths of LED
illumination, we adjusted the CMOS exposure time to avoid CMOS
overexposure. As the reflectivity of experimental samples is usually
lower than 99 %, under these settings, the multispectral images obtained
during the experiment will not be saturated. The total exposure time was
21.85 ms for 36 LEDs. Therefore, our system could realize high-speed
multispectral imaging without mechanical scanning.

Moreover, uniformity of the illumination was another issue that
needed to be addressed. To expand the spectral band, the number of
LEDs was increased, which led to a larger circuit board. When LEDs in
different positions emitted light, the image nonuniformity was varied.
For instance, when a 388-nm LED and a 626-nm LED, whose positions in
the circuit board are highlighted in Fig. 1(b), were used for diffuse
whiteboard imaging, the results are as shown in Fig. 2(b). There were

considerable differences between these two imaging results due to the
LED positions. Moreover, as mentioned earlier, to ensure that there is no
over-exposure in multispectral images, we adopted different exposure
time settings for 36-LED illumination. Owing to this artificial operation,
the result was incompatibility between images in different bands.

To overcome these problems, we used the multispectral images of the
standard diffuse whiteboard as a reference. The original images ob-
tained in the following experiment were processed by the following al-
gorithm:

) Original image (1)
P d A) =
rocessed image (1) Whiteboard image (1)

where the standard whiteboard image illuminated by the inm light is
denoted as Whiteboard image (1) and the image of any sample illumi-
nated by the Anm light is denoted as Original image (1). The nonunifor-
mity issue can be corrected using this method. In addition, through this
processing, each pixel in the Processed image (1) represents the reflec-
tivity at a certain wavelength. Therefore, the incompatibility caused by
different exposure times at different wavelengths can be corrected.

3. Experimental results and discussion
3.1. Multispectral imaging and freshness discrimination for meat samples

First, we applied the mobile multispectral imaging system to mea-
sure meat freshness. Meat is one of the primary sources of protein. Meat
freshness is vital to good health. Using our imaging system, we could
realize the nondestructive and high-speed freshness monitoring of meat.
In the experiment, we selected pork tenderloin as the imaging sample.
The fresh pork tenderloin was removed from connective tissue in the
supermarket and cut into 170 slices of roughly uniform size. Each slice
weighed approximately 60 g. To minimize the effect of water volatili-
zation on the experimental data, we utilized clingfilm to wrap the
samples in Petri dishes and stored them at room temperature (24 °C).
The experiment was conducted every 2 h, and 10 slices were used in
each iteration. After the acquisition of multispectral images of meat
samples, a grinder was used to crush the meat slices for chemical
detection. We mixed 5 g of minced meat with 20 ml of distilled water;
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Fig. 2. Original images and processed images corrected by the nonuniformity correction algorithm.

this mixture was allowed to stand for 10 min. The detection tube was
shaken well where 2 ml of supernatant and two drops of total volatile
basic nitrogen (TVB-N)[31] were mixed in. Subsequently, the mixed
solution was compared with the standard color card for semi-
quantitative analysis. The operations were repeated three times to
obtain the average value. In accordance with the National Standards of
China GB2707, the freshness of meat can be divided into three grades
according to their TVB-N content: fresh meat (<15 mg/100 g), semi-
rotten meat (<25 mg/100 g), and fully rotten meat (greater than25
mg/100 g). Fig. 3(b) shows the colors of the detection reagent for three
kinds of meat sample.

Based on a standard chemical detection method, the experimental
samples of fresh meat, semi-rotten meat, and fully rotten meat were 7, 6,
and 4 groups, respectively (10 slices of meat in each group).

Fig. 3(c) illustrates the multispectral imaging results for fresh meat
samples. Under the irradiation of the LED matrix, 36 grayscale images
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were obtained. Under the illumination of short-wavelength LEDs (i.e.,
388 and 409 nm), the gray value of the meat sample image was weak
because the hemoglobin in the meat had strong absorption for blue light.
For the images illuminated by 931 and 961 nm LEDs, the gray value of
the image decreased significantly because water had larger absorption
for these two spectral bands.

For the image obtained under the irradiation of a single LED, the gray
value of each pixel in the image was defined as its reflected light in-
tensity at the LED central wavelength. For a fixed pixel, 36 reflected
light intensities at 36 central wavelengths were obtained and formed a
reflected spectrum at this corresponding spatial position. The signal-to-
noise ratio (SNR) of the reflected spectrum of a single pixel was low,
which was not conducive to spectral analysis. Therefore, for one gray-
scale image, the gray values of all pixels in one region of interest (ROI)
were integrated and the mean gray value of the ROI was obtained as the
reflected light intensity at one wavelength. When these calculations

)

Fig. 3. (a) Meat samples utilized in our work. (b) Result of TVB-N reagent detection. It is obvious that the color of reagent turned yellow as the meat deteriorates. (c)
Multispectral imaging results for fresh meat samples. (d) Spectral curves extracted from the multispectral imaging results.
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were applied to 36 grayscale images, a reflected spectrum of the ROI
with high SNR was acquired.

For each sample, five ROIs were selected to extract reflected spectra.
Therefore, there were 850 spectral results in the meat reflected spectral
database. The data matrix of the database was set to 170 x 5 x 36,
where 170 represents the total number of samples, 5 represents the
number of ROIs selected for each sample, and 36 is the number of
multispectral camera LEDs. Next, a principal component analysis (PCA)
algorithm was applied to reduce the characteristics of data redundancy
effectively.

Fig. 4(a) illustrates the dimensionality reduction visualization results
after PCA processing. It can be seen that the principal component co-
ordinates of three kinds of meat samples were well distinguished.
Further, we chose a support vector machine (SVM) classifier to classify
meat freshness. Herein, 70 % of the data (595 values) as the training set
and 30 % of the data (255 values) were used as the test set for training
and classification. Fig. 4(b) and (c) show the results of linear kernel
classification and polynomial kernel classification[32], with an accuracy
of approximately 87.8 and 91.8%, respectively. The results demonstrate
that the multispectral imaging detection system has great potential in
meat freshness detection.

3.2. Multispectral in-vivo imaging for mouse tumor and human hand

A human hand was taken as the sample to collect multispectral im-
ages[33]. Fig. 5(a) shows the multispectral images of the fingers and
palm, wherein both the fingerprints and palmprints are clearly pre-
sented. These results demonstrate the high spatial resolution of our
system. The gray value of the image in the blue light band was very low
owing to the attenuation caused by oxyhemoglobin (HbO3) and hemo-
globin (Hb), whose absorption spectra are shown in Fig. 5(b). As shown
in Fig. 5(c), the two ROIs were selected in the center of the palm and the
middle fingertip. The mean reflected spectra can be accessed by super-
imposing the average gray value of all points in ROIs under the illumi-
nation of different wavelengths. The blood concentration at the surface
of the fingertip is usually higher than that of the palm and the blood
oxygen saturation of healthy people is greater than 90 %. Therefore,
owing to the absorption of HbO,, the reflected spectrum of the fingertip
had sharper attenuation in the 500-600 nm band compared with that of
the palm.

Additionally, we applied the mobile multispectral imaging system to
in-vivo tumor imaging. To establish a mouse tumor model more effi-
ciently, we selected BALB/C mice[34] as experimental subjects, the
biggest feature of which is that there are no immune organs, such as
thymus, and there will be no excessive rejection of exogenous cells.
BALB/C female mice at 6-8 weeks were obtained from the Guangdong
Medical Laboratory Animal Center. Animal handing procedures were
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performed following the guidelines of the Regional Ethics Committee for
Animal Experiments. To establish the breast tumor model, 2.0 x 10° 4
T1 cells (mouse breast cancer cells) were subcutaneously implanted into
the right breast area of the mice. Tumors developed in approximately 1
week and their size increased over time. There was no spontaneous
tumor regression during the entire experiment.

The mice were anesthetized by inhaling 2 % v/v isoflurane and fixed
on a black uniform laboratory table with the abdomen facing up as
shown in Fig. 6(a). The imaging system was located directly above the
mouse and multispectral images of the tumor were acquired on the
seventh day after implantation.

Fig. 6(b) illustrates the multispectral imaging results of the mouse on
the seventh day. The spatial images were only observed and the infor-
mation at the biomolecular level could not be extracted. However, if
combined with spectral information, we could deeply analyze the tumor
area. Owing to the tumor tissue requiring more nutrient supply, the
blood vessels in this region were relatively denser and the hemoglobin
concentration was higher than normal tissue. To obtain the reflected
spectrum of tumor tissue, an ROI was set at the tumor area of the mouse
and the corresponding reflected spectrum is demonstrated in Fig. 6(c).
As areference, the reflected spectrum of normal tissue was extracted and
plotted in Fig. 6(c). In these two reflected spectra, the amplitude in
reflective light of 400-600 nm from tumor tissue was significantly lower
than that of normal tissue. This confirms that the tumor tissue has more
dense vascular density. These characteristics can be used for tumor re-
gion localization. Because the tumor tissue absorbed more 400-600 nm
(visible) spectral light, the gray value of the visible images of the tumor
area should be lower than that of the near-infrared images. We can
calculate the ratio of infrared wavelength image to visible light image.
Because the tumor had a large absorption at visible light, the tumor area
in the ratio image should exhibit a larger amplitude, which is the
average image of 600-650 nm divided into that of 500-550 nm.

3.3. Multispectral imaging for a plant leaf

Furthermore, we applied the system to perform multispectral imag-
ing for a plant leaf. We selected a leaf that appeared yellow as the im-
aging sample, and the imaging results are shown in Fig. 7(a). On account
of the abundant chlorophyll in the leaf, which had strong absorption in
the blue band (the chlorophyll absorption spectrum shown in Fig. 7(b)
exhibits a strong absorption peak around the 400 nm band), the gray
value of the images was extremely low under the illumination of short-
wavelength LED (i.e., 388, 409, 417, 436, 446, and 454 nm). Chloro-
phyll exhibited strong absorption for red light around the 670 nm band.
As the wavelength gradually redshifted, the gray value of the image
increased and reached a maximum value in the near-infrared spectral
region of 680-800 nm, which is noted as the red edge effect.
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F. Shen et al. Spectrochimica Acta Part A: Molecular and Biomolecular Spectroscopy 280 (2022) 121504
(b) 600000 500 600
=

(a) — _ o _ - ] ——HbO,
....... Hb
-G 400000

388nm 409nm 417nm 436nm 446nm 454nm 300000

Ca ~Rr ~l |
XXXl
N [ N N M. 5

464nm 472nm 479nm 494nm 961nm

a
o
o
o
o
o

200000

100000

Molar Extinction Cofficient (cm™

400 500 600 700 800 900 1000
Wavelength (nm)

o

o
(e8]

. | 1.2

454nm

Intensity (a.u.)
o
[«)]

o
~

o
o

464nm 472nm 479nm 494nm 0.0

400 500 600 700 800 900 1000
Wavelength (nm)

Fig. 5. (a) Multispectral images of the fingers and palm. (b) Absorption spectra of HbO, and Hb. (c) Mean reflected spectra of the palm and the middle fingertip
accessed by superimposing the average gray value of all points in the blue region or red region.

Intensity (a.u.)
- B
= [}

o
N}
T

L 1 1 L
600 700 800 900
Wavelength (nm)

1
500 1000

Fig. 6. (a) Schematic diagram of the in-vivo imaging experiment. (b) Multispectral images accessed on the seventh day. (c) Reflected spectra of tumor and normal
tissue. (d) Processed image for tumor localization.



F. Shen et al.

(@)

388nm 417nm

““““““
“1““““‘

1

1

743na

464nm

‘T‘i““““
““““““

524nm 562nm

Molar Extinction Cofficient (cm™/M

)
=
~

20000

00000

80000

60000

40000

20000

o
©

Intensity (a.u.)
o
o

o N
) iS

o
S}

Spectrochimica Acta Part A: Molecular and Biomolecular Spectroscopy 280 (2022) 121504

(©

400 660 800
L f i . L
400 500 600 700 800 900 1000
Wavelength (nm)
(e)
400 660 800
Green leaf
Yellow leaf
L -
i L L I L
400 500 600 700 800 900 1000

Wavelength (nm)

Fig. 7. (a) Imaging results of the leaf under 36-LED illumination. (b) Absorption spectrum of chlorophyll. (c) Two ROIs in the leaf were selected to access the spectral
curves, which are plotted in (d). (e) Ratio of the 855 nm image to 659 nm image, which can be used as a chlorophyll distribution map of the leaf.

As shown in Fig. 7(c), a ROI was selected in the green area of the leaf
and the corresponding reflection spectrum is drawn in Fig. 7(d). This
spectrum shows an obvious red edge effect. For the yellow area, the
absorption of red-light signal in 660 nm band was reduced due to the
reduction of chlorophyll and the red edge effect was weakened.
Accordingly, the leaf area rich in chlorophyll appeared green and its
reflection spectral intensity had a local minimum in the 400 and 660 nm
bands and increased sharply in the 660-800 nm bands. These results are
shown in Fig. 7(c) and (d). Furthermore, the chlorophyll distribution
map of the leaf (Fig. 7(e)) can be drawn by utilizing the image with low
absorption (i.e., 855 nm) to divide into the image with high absorption
(i.e., 659 nm). The size of the gray value in the figure is positively
correlated with the content of chlorophyll in the leaf.

4. Conclusion

We have designed and manufactured a mobile multispectral imaging
system and described its optical spectral-spatial characteristics in detail.
The design information of the optical electromechanical system can be
provided to interested researchers. The system utilized an LED matrix
and industrial camera to realize multispectral imaging. The spectral
resolution and spectral range was found to be dependent on the LED
elements in the LED matrix. Herein, the LEDs we used cover 400-1100
nm, and the FWHM height of the optical spectra are all below 40 nm
except for the 900-1000 nm band. The imaging region as well as the
spatial resolution could be increased or decreased by replacing the im-
aging lens manually.

In addition, the imaging system can realize a wide range of appli-
cations. In our study, we applied the system to perform experiments on
meat freshness, in-vivo imaging, and leaf chlorophyll analysis. Combined
with the multispectral image data and the corresponding spectral
analysis algorithm, we successfully achieved the classification of meat
samples with different freshness, the localization of mouse tumor area,
and the quantitative calculation of leaf chlorophyll spatial distribution.
The spectral resolution of our multispectral imaging system was proved
to be sufficient to realize accurate spectral numerical analysis. In

contrast, unlike a hyperspectral camera, our multispectral imaging
system can obtain spectral image data without spatial scanning,
Therefore, the system can obtain high-definition spatial images in a
shorter time.
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