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Abstract: Optical coherence tomography (OCT) relies on the reflection of light from structures
in different layers to interferometrically reconstruct the volumetric image of the sample. However,
light returned from multiple layers suffers from imbalanced attenuation owing to the optical
path difference and inhomogeneous tissue absorption. We report an optimization algorithm
to improve signal strength in deep tissue for swept-source (SS)-OCT imaging. This algorithm
utilizes the attenuation coefficient of consecutive layers within the sample and combines them to
compensate for the signal intensity loss from deep tissue. We stacked 170-µm thick cover slides
as a standard sample for benchmark testing. The optimized OCT image provides a 30% increase
in signal intensity in the deep structure compared with the conventional images. We applied this
method for pearl inspection, whose layered structure demonstrates a great application for our
optimized OCT imaging. In contrast to X-ray micro-CT scan and scanning electron microscope
(SEM) imaging modalities, the optimized OCT imaging provides great potential for pearl quality
inspection. The proposed improvement algorithm for SS-OCT could also be applied to diverse
biomedical imaging scenarios, including label-free tissue imaging.

© 2020 Optical Society of America under the terms of the OSA Open Access Publishing Agreement

1. Introduction

Optical coherence tomography (OCT) has been widely applied in deep tissue imaging [1], disease
diagnosis [2], etc., ever since its invention in the 1990s [3]. To date, it is continually being
enhanced in many aspects, including resolution [4], imaging depth [5,6], and imaging speed
[7]. Although it is noninvasive [8] and label-free [9], the OCT, in general, suffers from image
distortion and signal imbalance [10,11], due to, for example, the multiple light scattering from the
inhomogeneity of the sample [12]. Usually, such distortion is introduced by the refractive error
[13], optical scattering [14], and depth axial attenuation [15]. For refractive error, ray-tracing
tools [16] are well-developed and could achieve an accuracy of less than 5 × 10−3 reconstruction
error [17]. Meanwhile, a depth-dependent function was proposed to extract the optical scattering
coefficient [14], which features to give the depth-dependent heterodyne current [18]. In particular,
the depth axial attenuation, among all the distortion factors, has attracted substantial attention,
since it is frequently encountered in OCT technique and closely associated with refraction and
scattering. Based on the single scattering model, an algorithm is proposed to calculate the
attenuation coefficient [15]. By a multi-angle scan, the image distortion from axial attenuation
could also be eliminated [19]. As photon propagates randomly in a homogenous medium, aMonto
Carlo model can retrieve the signal attenuation and provide calibrated data for compensation of
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the distortion in OCT images [20]. The attenuation coefficients from existing OCT images could
aid to model the axial attenuation to discriminate different tissues [21].

However, most optimization schemes focus on general sample detection. As the performance
of one scheme may vary on different sample categories, it is more practical to give a specific
solution of a certain sample category of interest. Some works have been demonstrated along
this direction with the phantom samples ranging from micro-vasculature [22], slow-rate strains
[23], to vascular quantification [24], etc. When it comes to pearls, which is of great artistic value
and in need of non-destructive inspection, OCT-based noninvasive detection schemes were also
explored, including nacre thickness measurement and nuclei identification [25], defect analysis
[26], and treatment investigation [27]. Nevertheless, these schemes adopt the general OCT
technique. They could perform better if the OCT is specifically optimized for layered samples
like pearls [28].
Here in our work, we report an optimization algorithm called layer-based compensation

algorithm (LaB-CA), integrated to the SS-OCT modality, to compensate for the imbalanced
attenuation of signal strength from depth. Firstly, a phantom sample, consisting of a stack of cover
slides, is investigated to imitate pearls’ layered structure. Then, the optimized imaging results
of pearls are demonstrated in comparison with X-ray micro-CT images and scanning electron
microscope (SEM) images. Our LaB-CA algorithm readily compensates for the layer-dependent
attenuation. The results show that LaB-CA is a promising solution for layer-structured samples
and specifically, a potential aid for quality inspection and type differentiation in pearls jewelry
industry.

2. Theory and experimental setup

The working principle of our LaB-CA optimized OCT can be simply explained in Fig. 1(a),
in which the scattering center is supposed to be in each of the multiple layers. As the beam
penetrates inside the multiple layers, the light intensity experiences variable attenuation according
to the number of layers and the density of the scattering center.

Fig. 1. (a) Theoretical model: measured reflected signal intensity at different layers in
terms of their reflection coefficients. We assume the incident signal intensity is unity. (b)
Experimental SS-OCT setup. FFP-TF: fiber Fabry-Perot tunable filter; DMD: dispersion-
managed delay; SOA: semiconductor optical amplifier; DCL: dispersion compensation lens;
10/90 BS: 10/90 beam splitter; coupler: 50/50 coupler; BD: balanced detector.

To understand our LaB-CA algorithm, we first briefly review the basic principle of OCT
[29]. The incident beam has an electric field of Ei = S(k) · exp(i(kz − ωt)), where S(k) denotes
amplitude depending on the wavenumber k. After the light goes through a beam splitter with



Research Article Vol. 3, No. 7 / 15 July 2020 / OSA Continuum 1741

splitting ratio a/b, the electric field becomes

ER =

√
a

a + b
EirRei·2kzR , (1)

ES =

√
b

a + b
Ei

∑N

n=1
rSne

i·2kzSn , (2)

where ER and ES represent the electric field in the respective reference and sample arm, zR and
zSn denote the distance from the beam splitter (as they set z=0 at the beam splitter), rR and rSn
are the electric field reflection coefficient in the reference arm and sample arm dependent on the
sample’s depth.
Here is how our LaB-CA differs from literature. As the beam penetrates the sample, the

reflected light from a certain depth, which is considered a layer through the whole manuscript,
has undergone the attenuation of the previous layers. It means that the electric field reflection
coefficient upon detection is the attenuated one, and our LaB-CA aims at compensating the
reflectivity, thus getting a more balanced signal.
We assume the electric field reflection coefficient of each layer within the sample is RSi ,

consequent power reflection being R2
Si
, where i denotes the order of layers. In Fig. 1(b), if the

intensity of the incident beam is unity, it will be reduced to
∏n−1

i=1 (1 − R2
Si
) when it reaches nth

layer after attenuation by previous (n – 1) layers.
Once reflected, the beam goes through the (n - 1) layers again and the intensity is reduced by a

factor of
∏n−1

i=1 (1 − R2
Si
)R2

Sn
at the detector. The detected intensity for the nth layer is

r2Sn
=
∏n−1

i=1
(1 − R2

Si
)2R2

Sn
. (3)

Here RSn is the actual electric field reflection coefficient whereas rSn is the nominal one used
in the literature [3,29]. Obviously in Eq. (3), rSn is less than RSn , OCT usually suffers from
attenuated signal intensity in depth [30].

After the reference light and sample light converge at the balanced detector, the current reads
i(z) = ρb

2(a+b)γ(z)
∑N

n=1 r2Sn
, upon which the OCT image is obtained [29], where γ(z) is the Fourier

transform of S(k). Since the current i(z) is proportional to the power reflectivity r2Sn
, we could

compensate for the signal intensity in the same manner on power reflectivity.
For the 1st layer, the surface of the sample, the actual electric field reflectivity RS1 is equal to

its nominal reflectivity rS1 . From the 2nd layer and onwards, the nominal power reflectivity r2S2
could be replaced with their actual power reflectivity, which is

R2
Sn
=

r2Sn∏n−1
i=1 (1 − R2

Si
)
. (4)

After iteratively retrieving the previous layers’ power reflectivity, the whole sample’s power
reflectivity of different layers’ depth could be renewed. For the obtained OCT image, we conduct
the LaB-CA methods for each A-line. The image is transformed into a normalized gray-scale
image, with one pixel standing for 14 µm depth which is considered as one layer.

The highest gray-scale value, which is usually located at the surface of the sample, is calibrated
to a known power reflection coefficient, in a linear way similar to this work [31], which combined
a tissue and a reflecting planar surface together to compare their optical path. Our calibration
is a self-referenced method. The parameter k is retrieved as the ratio of the highest gray value
and the reflection coefficient. Then the whole image, representing in gray value, is divided
by the parameter k to get the calibrated reflection coefficient. Here for example, a phantom
sample, consisting of 10 cover slides in Fig. 2, is adopted to calibrate the surface power reflection
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coefficient at 0.04. Afterwards, the whole image is divided by the same coefficient to get the
calibrated reflection coefficient. We set the detected power reflectivity, which is gray-scale value
in the image, as gSn . Since the surface power reflectivity gS1 = GSn is 0.04, the second and
onward layer power reflectivity could be compensated as

GSn =
gSn∏n−1

i=1 (1 − GSi )
, (5)

where GSn is the new power reflection coefficient through our LaB-CA algorithm. In this way,
the power reflection coefficient, which is proportional to signal intensity, could be balanced at
different detected depth.

Fig. 2. (a) Original scanning result of standard cover slides with a thickness of 170 µm. (b)
Optimized results after our LaB-CA method. (c) Normalized signal intensity comparison
extracted from the imaging results. Scale bar: 1 mm.

Figure 1(b) shows our experimental SS-OCT setup based on Michelson-interferometer. The
theory of SS-OCT was well discussed previously [29]. We built a Fourier-domain mode-locking
(FDML) laser system [32,33]. The fiber Fabry-Perot tunable filter (FFP-TF) (Wolftek, Inc.)
generates an optical spectrum of ∼80 nm bandwidth centered at 1,500 nm. The semiconductor
optical amplifier (SOA) (Inphenix, Inc.) inside and outside the cavity serves as a gain medium
and power booster, respectively. The direct output average power of the laser was 3 mW and was
split by a 90/10 beam splitter. The 10% power was used in the reference arm, while the pulses
with the remaining 90% power were collimated into the sample arm. In the reference arm, the
beam passes through dispersion compensator (LSM03DC, Thorlabs, Inc.) and retro-reflected
by a flat mirror. In the sample arm, the beam was steered by a pair of galvo mirrors (GSV102,
Thorlabs, Inc.) and focused by a scanning lens (LSM03, Thorlabs, Inc.) onto the sample. Owing
to the axial resolving ability by the optical spectrum, the volumetric imaging only requires the
scanning of the beam in two dimensions. The reflected beam from both the sample and the
reference arms were collected by the same collimators and went through the 50/50 fiber coupler.
The interferometric signal was digitized by the balanced detector (BD: PDB110C-AC, Thorlabs,
Inc.) for off-line image processing. The resolution of the OCT setup is 14 µm and sensitivity is
85 dB over 0-3 mm depth without obvious change, which are elaborated in our previous work
[32].
To test our algorithm and retrieve the calibrated reflection coefficient, we run a benchmark

experiment to collect the SS-OCT signal retroreflected from the standard sample. Here we
prepared a stack of 10 cover slides with a thickness of 170 µm each. The original SS-OCT image
[Fig. 2(a)] suggests a significant intensity decrease with respect to the depth. In the presence of
our LaB-CA optimization, the SS-OCT image becomes more uniform across the whole imaging
depth [Fig. 2(b)]. From 3rd layer and onwards (from top to bottom) in Fig. 2(b), the signal
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strength of each layer has increased by more than 30%. Cover slides, composed of glass, have a
reflection coefficient of 0.04. As the focus of the reference beam is not exactly at the surface, the
highest intensity in Fig. 2(c) is the third layer, which was taken as the calibrated power reflection
coefficient. To emphasize, no other noise reduction procedure has been applied in our algorithm
to suppress the speckle effect [34], as LaB-CA is a self-referenced compensation scheme. Such
algorithm could potentially be combined with other OCT image correction methods. Figure 2(c)
demonstrates the linear intensity profile, which is converted to the reflection coefficient along the
axial direction before (blue) and after (red) compensation. The intensity becomes more uniform
after LaB-CA algorithm. Most spikes are close to the reflection coefficient at 0.04, despite the
spikes located at about 1.1 mm and 1.3 mm due to their originally weak signal. The average
reflection coefficient is 0.036 (0.019) after (before) compensation, which means the LaB-CA
provides a 42.5% higher accuracy on the signal intensity. Since the LaB-CA is to compensate for
the weaker signal in deeper tissue rather than fill in the undetected depth beyond, technically the
detection depth remains unchanged.

3. Results and discussion

Here we applied the LaB-CA for noninvasive inspection of the pearls (Fig. 3). The LaB-CA
optimized OCT does have an improvement over SS-OCT. The pearls under inspection (Fig. 3) are
(a-d) freshwater pearl, (e-h) Akoya pearl (seawater pearl), (i-l) black pearl (seawater pearl). For
each pearl, we collected its SS-OCT, LaB-CA optimized OCT, micro-CT (computed tomography),
SEM (Hitachi S-3400N), and signal extraction data, which were listed in the same row as shown
in Fig. 3. The micro-CT machine (SKYSCAN 1172X-ray Microtomograph, Bruker Inc.) is set
at 10 µm scanning resolution.

For the freshwater pearl in Figs. 3(a)–3(d), the real image of the sample is shown on the bottom
left corner of Fig. 3(a). The LaB-CA optimized OCT improves over SS-OCT, in which the signal
strength at depth from 0.6 mm to 1.1 mm is stronger than that in original SS-OCT, enabling the
visualization of another layer structure beyond the lower nacre. The same pearl sample has also
been inspected by micro-CT at the cost of a longer time (∼ hours for a resolution of 10 µm).
The micro-CT image close to the edge is shown in Fig. 3(b). Although the micro-CT was able
to inspect the whole structure of the large pearl sample (∼5 mm in diameter), the resolution
is insufficient to observe the details. We also applied the SEM to inspect the nacre structure
with high image precision. However, the sectional image requires to break the pearls sample
to visualize the section. The typical thickness of one nacre layer for the freshwater pearl is
roughly 200 µm. We plot the linear intensity profiles from the SS-OCT image with (and without)
optimization, and a multi-Gaussian fit to the intensity demonstrating that the FWHM (i.e., full
width at half maximum) of about 0.2 mm (0.25 mm). The thickness evaluated from the original
SS-OCT image over-estimates the nacre thickness. The FWHM retrieved from the optimized
image corresponds to the thickness of a single nacre layer, and is consistent with the layer
thickness evaluated under SEM. In Fig. 3(d), the optimized signal has roughly 8 narrow sharp
peaks from 0.45 mm to 0.7 mm in the second Gaussian-like peak. It may give more information
on the nacre structure about which the original signal can hardly tell.

The consistency of the layer thickness measurement between the optimized OCT and the SEM
has been further corroborated with an Akoya pearl grown in seawater. Figure 3(e) shows the OCT
images of the Akoya pearl (photo at the bottom left corner shows the real sample). Similarly,
the LaB-CA optimized OCT image shows a clearer and more uniform nacre than the original
SS-OCT image. The micro-CT image with uniform signal strength is insufficient to identify the
minute structure owing to the lack of resolution (∼ 10 µm). The thickness of the nacre layer
is evaluated to be about 100 µm under SEM [Fig. 3(g)]. We further extracted the linear signal
[Fig. 3(h)], which suggests distinct layers located at 0.38 mm, 0.48 mm, and 0.6 mm. Therefore,
the thickness in FWHM matches well with SEM measurement. As for the original signal, the
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Fig. 3. The original SS-OCT, LaB-CA optimized OCT, X-ray micro CT, SEM images,
and signal extraction of different pearls: (a-d) freshwater pearl, (e-h) Akoya pearl (seawater
pearl), (i-l) black pearl (seawater pearl). (a, e, i) The OCT images without (top) and with
(bottom) optimization. The bottom left corner shows the respective real image of the pearl
sample. (b, f, j) The micro-CT images show the morphology of each pearl close to the
surface. (c, g, k) SEM images demonstrate the detailed layered structure close to the surface.
(d, h, l) The linear OCT signal profile (including original and optimized signal, and Gaussian
fit) for each pearl. Scale bar in the first and second column denotes 500 µm. The white scale
bar on SEM images represents (c) 100 µm, (g) 50 µm, and (k) 250 µm.

dips at the mentioned places may be too tiny to be identified as a layer boundary. In each layer,
there are nearly 3 peaks at the optimized signal, which is quite limited compared to SEM but
gives more information than that of the original one.

We take the black pearl as the second seawater sample [Fig. 3(i)], and found that the LaB-CA
reinforces slightly on subtle structures displayed in the SS-OCT image. Although we can see
the growth ring in the micro-CT image, finer details are impossible to identify. The nacre layer
structure has been imaged under the SEM [Fig. 3(k)], which suggests a thickness of the black
pearl of around 600 µm. In contrast, the effective signal from the optimized OCT image starts
from 0.19 mm to about 0.70 mm [Fig. 3(l)]. The consistency of the thickness measurement with
LaB-CA optimized OCT and the SEM suggests the feasibility of using the OCT to estimate the
layer thickness without breaking the pearl sample itself. It also suggests that the nacre of this
black pearl did not fall apart into layers when we cut it. From the Gaussian fit line [Fig. 3(l)], it
implies that the black pearl may have 8 layers. If it comes to the original signal, the layer peak
located at 0.55 mm and 0.65 mm may be neglected and the original signal ranging from 0.45 mm
to 0.60 mm can only give a very limited amount of information due to the weak signal.

Our LaB-CA improves the intensity of original SS-OCT by at least 15% at a deep nacre layer
and gives more accurate results on layer thickness and growth rings, which is further validated by
micro-CT and SEM. Based on our LaB-CA optimized results of nacre thickness, growth rings,
and reflection coefficient, the jewelry industry may have a better judgment over pearls’ type.
Secondly, as the quality inspection is of crucial importance in the modern jewelry business,

we elect two Akoya pearls (one ‘bad’ pearl and one ‘good’ pearl judged by a merchant) for
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demonstration. Figure 4 shows the imaging results with (a-d) for the bad Akoya pearl and (e-h)
for the good Akoya pearl. These two pearls are different from what has been shown in Fig. 3.

Fig. 4. Scanning results of two specific pearls, (a-d) bad Akoya pearl, and (e-h) good Akoya
pearl. In each row, the data type is the same, viz, SS-OCT data in the first column with the
top being original and the bottom being the LaB-CA optimized one, micro-CT scan data in
the second column, surface SEM data in the third column, and signal extraction (including
signals and their respective Gaussian fit) in the fourth column. The grayscale bar in the first
and second column denotes 400 µm, while the white gray bar in (c) and (g) denotes 25 µm.

The micro-CT was able to provide an overall view of the whole nacre, which is consistent with
the images shown in Figs. 4(a) and 4(e), but fails to give more detailed information. For the bad
Akoya pearl in Fig. 4(d), the signal peaks at 0.22 mm and 0.35 mm of LaB-CA optimized fit is
overlooked by the original SS-OCT signal, which is due to the relatively low signal strength in
this region. At 0.1-mm depth, the LaB-CA optimized fit has only one peak while the original
SS-OCT has two peaks. From SEM images in Fig. 3(c) of the surface, the granule of the pearl is
sparsely and evenly distributed, which means the layers should have an even distribution along
the depth. In that sense, our LaB-CA optimized fit is more reasonable with layer peaks roughly
equally spaced along 0 to 0.6 mm than the original SS-OCT.
For the good Akoya pearl in Fig. 4(h), the 3 spikes located from 0.3 mm to 0.45 mm have a

different impact on the Gaussian fitting. For LaB-CA, a peak is shown, which may suggest a
layer, while no peak is plotted on original SS-OCT due to the below-threshold signal strength
(0.01 is set as the threshold). Other 3 peaks at 0.15 mm, 0.57 mm, and 0.65 mm, the LaB-CA
signal all have at least 20% higher strength than original OCT. From the SEM image in Fig. 4(g),
the granule distribution is denser, leading to a lower reflection for the layers between upper and
lower boundaries. Therefore, it can be well explained that the peak at 0.4 mm has an apparent
gap compared to the other 3 peaks.
Above all, the LaB-CA optimized OCT may have potential use in quality grading. For the

original OCT signal of these two pearls, both show a flat trend from 0.2 mm to 0.4 mm, which
is not enough to tell the difference. For LaB-CA optimized OCT, the equally distributed peaks
similar to Fig. 4(d) may suggest a sparse distribution of the nacre, which is a sign of bad quality.
And the ‘U’-shape signal, which means the middle signal is much lower than the boundary
signals, may suggest the granule is densely distributed and possibly of better quality. Surely, more
sample pearls could be selected to set a quality ranking library, to further develop this algorithm.

Thirdly, to validate the improvement of our LaB-CA algorithm, we performed the perception-
based image quality evaluator (PIQE) to compare the image quality improvement owing to our
optimization algorithm. The PIQE score is used to determine image quality without reference
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[35] by dividing an image into nonoverlapping blocks, extracting the local features to classify
whether it is distorted by a preset threshold, and finally providing a PIQE score as a mean of all
values from these blocks. In PIQE, a lower score represents a higher quality. The PIQE score for
the pearls of all the sizes we imaged with SS-OCT and processed using the LaB-CA algorithm
are shown in Fig. 5. In summary, our LaB-CA improves the image quality, or reduces the PIQE
score, at about 5 in absolute value, which supports the conclusion that the signal imbalance
compensation greatly improves the image quality.

Fig. 5. PIQE score for the OCT images of the pearl samples, and a lower score represents a
higher quality. The blue line denotes original OCT images while the orange line represents
the LaB-CA optimized OCT images. In the x-axis, each number stands for different pearls.
1: Freshwater pearl; 2: black pearl; 3-6: different Akoya pearls. (3: the Akoya pearl in
Fig. 3(e); 4: the bad Akoya pearl in Fig. 4(a); 5: the good Akoya pearl in Fig. 4(b).)

4. Conclusion

In conclusion, we reported a LaB-CA algorithm incorporated into SS-OCT to optimize the signal
intensity from deeper tissue and displayed its use in pearl imaging to differentiate their types and
evaluate their quality. The LaB-CA algorithm considers each layer’s scattering and attenuation,
then compensates the loss to the deeper layer. It is suitable for those layer-structured samples,
e.g., pearls in particular. The benchmark test with standard cover slide stack using LaB-CA
suggested an improvement of 30% in signal intensity from the 3rd layer and onwards compared
to original SS-OCT. Then we applied it to pearl imaging and demonstrated good correspondence
with X-ray micro-CT and SEM image. We showed that our LaB-CA improves the image quality
with PIQE score reduced by nearly 5 in absolute value or 8% in ratio. However, since no noise
reduction is adopted during the process, LaB-CA will compensate the noise as well. Though it
performs well in enhancing signal intensity, it is suggested to have the noised reduced before
applying LaB-CA. Another limit is LaB-CA is suitable for layer-structured samples, which are
pearls in this manuscript. When it comes to samples with complex optical properties beyond
the single reflection model adopted here, other model is needed or incorporated into LaB-CA to
better suit that sample category’s imaging.

In contrast to the X-ray phase imaging and neutron imaging [36], the SS-OCT equipped with
our LaB-CA algorithm is readily suitable for the non-invasive and label-free inspection of the
pearl. LaB-CA optimization has great potential to reveal the relationship between signal trend
versus category and quality. In the future, more pearls could be elected to generate different
classifications of category and quality [37] for further experiments, to give a general rule of
signal trend and pearls’ property, e.g., type, origin, and quality. And existing SS-OCT techniques
for pearls investigation [26] could benefit from the LaB-CA optimization for more accurate and
quantified results.
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Appendix A.

Lab-CA optimized OCT scanning results for different samples

To validate our algorithm, we apply the LaB-CA optimized OCT to other samples, apart from the
pearl samples mainly discussed in the script.
First, cellulose, which is paper in this experiment, is investigated in Fig. 6. The thickness of

one paper is 0.12 mm, as 70 papers are measured of an 8.50 mm thickness. Figures 6(a) and 6(b)
present the results of 10 papers, while Figs. 6(c) and 6(d) is about 12 papers. Because of the
high absorption of cellulose, the major component of papers, the retrieved signal has decreased
after 0.4 mm penetration, which is about 4-paper thickness. For 10-paper results in Fig. 6(b), our
LaB-CA optimized OCT data’s Gaussian fit has 3 peaks, representing that 3 papers are located in
the 0.2 mm to 0.5 mm range, while the original SS-OCT data only shows one peak at 0.2 mm,
failing to retrieve the correct information. As the signal’s intensity drops dramatically after 0.6
mm, it’s acceptable the fourth paper located at 0.6 mm cannot be drawn. For the 12-paper results
in Fig. 6(d), our LaB-CA algorithm could identify 2 peaks between 0.2 mm and 0.4 mm, which
is correspondent with the paper’s thickness measured before. However, the original SS-OCT,
still, fails to give useful information and only shows 1 peak at 0.2 mm.

Fig. 6. OCT scanning results on papers. (a, b) Results for 10 papers as a sample. (c, d)
Results for 12 papers as a sample. (a, c) The top image is the original SS-OCT result, and
the lower image is our LaB-CA optimized OCT result. (b, d) Extracted signal, along with
their Gaussian fit, from the white line in (a) and (c). The grayscale bar is 0.5 mm.

Second, biological fiber, which is lean pork in Figs. 7(a) and 7(b) and fatty pork in Figs. 7(c)
and 7(d) here, is examined under LaB-CA optimization OCT. For the lean pork, the second peak
improvement of LaB-CA optimized image at 0.35 mm is quite obvious in Fig. 7(b). From 0.4
mm and onwards, the LaB-CA optimized fit may indicate another layer, which is the muscle fiber
for this sample, while the original SS-OCT fit just decreases to zero. Besides, for the fatty pork
in Fig. 7(d), the LaB-CA optimized OCT indicates a layer at 0.72 mm while the original SS-OCT
fails. For the peak located at 0.3 mm and 0.9 mm, the optimized fit has a nearly 5% and 21%
intensity increase respectively compared to original SS-OCT.



Research Article Vol. 3, No. 7 / 15 July 2020 / OSA Continuum 1748

Fig. 7. OCT scanning results on lean and fatty pork. (a, b) Results for the lean pork. (c,
d) Results for the fatty pork. (a, c) The top image is the original SS-OCT result, and the
lower image is our LaB-CA optimized OCT result. (b, d) Extracted signal, along with their
Gaussian fit, from the white line in (a) and (c). The grayscale bar is 0.5 mm.

Appendix B.

Elaboration on the scanning results of freshwater pearl in Fig. 3(d)

Four A-line is chosen as in Fig. 8. The position of the selected A-line is shown in Fig. 8(a). The
corresponding results are demonstrated in the order of Figs. 8(b), 8(c), 8(d), and 8(e) as the
position moves from left to right.

Fig. 8. Different A-line scanning results on the freshwater pearl. (a) Position of A-lines. (b,
c, d, e) Processed results as the position moves from left to right.

From Fig. 8, in the depth from 0.45 mm to 0.70 mm, the numbers of sharp peaks are 9, 7, 9, 9
respectively in Figs. 8(b), 8(c), 8(d), and 8(e). Combined with Fig. 3(d), LaB-CA could reveal
the nearly 8 sharp peaks’ information after self-compensation. For the SEM image in Fig. 3(c),
the nacre has finer layers, which are beyond LaB-CA and original SS-OCT’s capacity.
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