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abstract

An imaging system for nerve visualization/identification during surgery is expected

to improve the quality of life after surgery. This is because postsurgical pain and

body dysfunction are induced by nerve damage during surgery. Although nerve-

sparing approaches based on anatomical knowledge and surgeon’s experiments have

been reported, it is unclear how well the peripheral nerves are preserved. The visi-

bility of peripheral nerves is severely poor because peripheral nerves are transparent,

colorless, and thin. Therefore, an intraoperative nerve identification tool is required

to improve the nerve-sparing rate and evaluate the efficiency of nerve-sparing ap-

proaches. In this thesis, an imaging acceleration system for a coherent anti-Stokes

Raman scattering (CARS) rigid endoscope is developed for nerve-sparing surgery.

The nerves can be visualized in a label-free manner using CARS, which is sensitive

to species of molecular vibration in samples. The imaging rate acceleration of the

CARS rigid endoscope developed in this laboratory is needed for clinical application.

In this dissertation, the author shows the results of introducing image processing

by deep learning to improve the nerve imaging rate of the CARS endoscope. The

author developed the critical imaging rate (CIR) as a quantitative metric of imaging

speed accelerated by deep learning. CIR is defined as the highest imaging rate to

satisfy the image quality needed for medical images and is calculated from a har-

monic mean of CIRPSNR and CIRSSIM which are the imaging rates satisfying criteria

of PSNR=30 and SSIM=0.8, respectively. It is demonstrated that noise reduction

of CARS endoscopic images made the imaging rate about five times faster using

CIR (from 1.4 images/min to 7.0 images/min). Because noise reduction enhances
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the quality of the image, it is possible to improve the imaging rate of CARS rigid

endoscopy by enhancing the quality of noisy nerve images captured at high rates.

In general, a large dataset is needed for training deep-learning models. However, it

is time-consuming and laborious to prepare a large dataset. The author proposed

transfer learning using CARS microscopic images before training models on CARS

endoscopic images. CARS microscopy made it easier to search peripheral nerves

because the CARS images with a high signal-to-noise ratio can be obtained at a

high imaging rate using an objective lens with a higher numerical aperture. The

author compared three denoising models (WIN5R, DenoiseNet, and Noise2Noise) to

determine the optimal model for denoising of CARS nerve images and to conduct pre-

training before fine-tuning with CARS endoscopic images. Noise2Noise showed the

highest denoising performance between the three models quantitatively and qualita-

tively. After training on CARS microscopic images, the model was fine-tuned using

a few CARS endoscopic images.

The author proposed a learning method to utilize images obtained with another

modality as pre-training. Fluorescence microscopy was used as another modality to

acquire a large dataset for nerve segmentation. Nerve segmentation is needed for

displaying nerve areas to surgeons. The author prepared fluorescence images labeling

lipids for pre-training nerve segmentation because CARS images have lipid informa-

tion using CH2 vibration. U-Net, which is famous for semantic segmentation, was

used. U-Net consists of an encoder part extracting feature maps from input images

and a decoder part reconstructing output images from the feature maps. A VGG16

encoder, which learns to extract feature maps for image classification, was used in the

encoder part of U-Net. It is found that both pre-training with fluorescence images

and using the VGG16 encoder enhanced the segmentation performance significantly.

In particular, pre-training with fluorescence images boosted the performance of the

nerve segmentation from CARS images with a low signal-to-noise ratio. Therefore,

the CIRsegmentation was improved about 47.5 times using semantic segmentation with

deep learning than CIRdenoising. Semantic segmentation of nerves in CARS endoscopic
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images improved the imaging rate by about 47.5 times factor compared with denois-

ing. These results open the opportunity for incorporating CARS rigid endoscopes

into medical settings.
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Introduction

Laparoscopic surgery (LS) has revolutionized surgery in terms of minimal invasive-

ness. Numerous surgeons have enthusiastically developed the procedure of LS since

Mouret introduced it in 1987 [1]. LS is applied to many types of surgery (e. g. gas-

trectomy, hysterectomy and prostatectomy). In LS, a surgeon makes some holes for

inserting laparoscopes and conducts dissection and excision while observing through

endoscopic camera. LS benefits from lesser blood loss and shorter length of stay in

the hospital compared to open surgery [2,3]. The oncological outcome of LS is similar

to that of open surgery [3]. Therefore, LS is less invasive than open surgery.

In addition to laparoscopic surgery, nerve preservation is attracting attention to

improve the prognosis after surgery. Nerve damage causes chronic postsurgical pain

and body dysfunction [4–8]. Peripheral nerves are transparent, colorless, and thin.

The preservation of peripheral nerves is based on the anatomical knowledge and ex-

perience of surgeons. However, the postsurgical symptoms which seem to be induced

by nerve damage are reported [9,10]. This reason is considered due to personal vari-

ability of peripheral nerve location. Furthermore, surgeons cannot confirm whether

nerves are damaged during surgery or not because no surgical tools identifying nerve

location exist. Thus, surgical support equipment identifying peripheral nerves is

required for improving nerve preservation rate.

Various approaches for identifying peripheral nerves intraoperatively have been

developed. Three types of approaches are introduced here; (1) electrical stimulation,

(2) fluorescent dye, and (3) Label-free optical techniques. The first approach of an

intraoperative electrical stimulation (IES) method can find out peripheral nerves by
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observing the motion induced by nerve stimulation [11–13]. In this method, surgeons

bring electrodes into contact with the tissue, apply a pulsed current, and monitor

the mechanical response. This method allows the evaluation of nerve damage and

the prediction of the postsurgical outcome but does not prevent nerve damage. The

precise nerve location cannot be determined. Also, IES with the excess current has

the risk of nerve damage [14]. It is desirable to identify peripheral nerve locations

directly for nerve preservation. The second approach of a fluorescent dye is developed

to label and visualize peripheral nerves specifically [15–20]. The molecular weight of

fluorescent dye is designed to be less than 500 Da to reach nerves through the blood-

brain barrier and blood-nerve barrier. Many animal experiences using mice, rats, and

pigs are demonstrated. Both of central nervous system and peripheral nervous system

are visualized. However, penetration of the blood-brain barrier is a concern for safe

clinical use [21]. The third approach of label-free optical techniques is expected to be

suitable for nerve identification in terms of invasiveness [22–24]. Raman scattering

spectroscopy can recognize peripheral nerves from surrounding tissues in a label-

free manner using the Raman spectrum, which is sensitive to molecular composition

and chemical bonds. It takes a long time to obtain the Raman spectrum because

the efficiency of Raman scattering is enormously low. Therefore, it can’t acquire

2-dimensional images at fast acquisition rates. However, 2-dimensional images are

desirable for clinical use because surgeons become familiar with the diagnosis using

2-dimensional images. Nerve visualization tools to provide 2-dimensional images are

required.

Coherent Raman scattering (CRS) including coherent anti-Stokes Raman scatter-

ing (CARS) and stimulated Raman scattering (SRS) is more suitable for observing

nerves while getting 2-dimension images. The CRS has the 105-107 times higher

efficiency than spontaneous Raman scattering [25–27]. The CRS has the potential

to provide 2-dimensional nerve images in a label-free manner at a real-time imaging

rate. Several CRS endoscopes have been reported [28–36]. For now, the imaging rates

are still slow in observing biological samples and far from practical use. Therefore,

2



the imaging rate is needed to accelerate for use in medical settings.

The purpose of this study is to overcome the drawback by combining image pro-

cessing with deep learning. The development of deep learning accelerated rapidly

since AlexNet won a competition of ImageNet Large Scale Visual Recognition Chal-

lenge (ILSVRC) [37]. This trend is called the third artificial intelligence (AI) boom

[38]. Tremendous deep-learning models are developed for several fields of image pro-

cessing (classification, object detection, semantic segmentation, and denoising). How-

ever, the quantitative evaluation of imaging rate acceleration has not been reported.

Most of the studies are about comparisons between models. The author proposed a

new metric, critical imaging rate (CIR), to evaluate an imaging rate quantitatively.

CIR is defined as the highest imaging rate which satisfies the image quality needed

for medical images. As image processing with deep learning, the author has focused

on denoising and semantic segmentation. In training for semantic segmentation, a

learning method to utilize fluorescence images as pre-training is proposed to compen-

sate for the amount of dataset. In this study, CARS endoscopy with deep-learning

image processing is demonstrated in terms of accelerating the imaging rate.

The outline of the thesis is as follows:

In chapter 1, the author reviews coherent Raman scattering (CRS) applications for

medical imaging. CRS is used to visualize molecular mapping in a label-free manner

based on molecular vibration. It is expected for medical applications because label-

free imaging makes it highly compatible with biological applications. Two promising

areas for medical applications are summarized. The first area is a cancer diagnosis.

This benefits from the time savings due to a label-free manner. The label-free manner

eliminates the time required for the staining process. CRS also can obtain images

equivalent to conventional hematoxylin and eosin (H&E) staining images which are

usually used for definitive diagnosis. The second area is endoscopic applications. The

miniaturized CRS endoscope enables in situ diagnosis during surgery.

In chapter 2, the imaging acceleration with deep learning-based denoising is

shown. The denoising process can suppress denoise in images, and the signal-to-
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noise ratio in images increases. The increase in the signal-to-noise ratio allows for

shorter exposure times when acquiring an image with a certain signal-to-noise ratio.

To evaluate the degree of imaging acceleration quantitatively, the author proposed a

new evaluation metric, critical imaging rate (CIR). CIR is defined as an imaging rate

satisfying an image quality needed for medical imaging.

In chapter 3, automated nerve extraction from CARS images is demonstrated.

CARS images using symmetric CH2 stretching vibration visualize not only nerve but

also non-nervous tissues. For nerve-sparing surgery, the distribution of only nerves,

not lipid-rich tissues, is required. To display nerve distribution, nerve extraction from

CARS images is demonstrated. The author proposed a transfer learning method

using fluorescence images. Lipid-stained fluorescence images were prepared to obtain

images equivalent to CARS images. The usefulness of the transfer learning method

using fluorescence was evaluated.

In chapter 4, the imaging acceleration with deep learning-based nerve extraction is

demonstrated. The previous chapter evaluates the usefulness of the transfer learning

method for CARS images with a high SN ratio. Nerve extraction from CARS images

with a low SN ratio means the imaging acceleration for understanding the nerve

distribution. For evaluation of imaging acceleration, CIR based on F1 score, which

evaluates the similarity between segmented images and ground truth images, is used.
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Chapter 1

Application of coherent Raman

scattering toward medical

instruments

1.1 Coherent Raman scattering

Coherent Raman scattering (CRS), including coherent anti-Stokes Raman scattering

(CARS) and stimulated Raman scattering (SRS), has the potential to identify the

material in biological samples in a label-free manner. The ”Raman effect” was discov-

ered in 1928 [1]. After that, the ”SRS process” and ”CARS process” were observed

in 1962–1965 [2, 3]. The energy diagrams are shown in Fig. 1.1. CRS occurs when

the difference (ωp − ωS ) in angular frequency between two excitation lights (ωp and

ωp) matches the molecular vibration (Ω) in samples. Molecular vibration is sensitive

to the composition and the chemical bonds in molecules. The majority of the molec-

ular vibration information is in the fingerprint spectral region (∼500 cm−1 to 1,800

cm−1) [4]. The other information exists in the CH-/OH-stretch region (∼2,700 cm−1

to 3,300 cm−1). In coherent anti-Stokes Raman scattering (CARS), the nonresonant

signal which has the same wavelength as the resonant signal is emitted (Fig. 1.1b). In

stimulated Raman scattering (SRS), the stimulated Raman loss (SRL) for the pump
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excitation light and the stimulated Raman gain (SRG) for the Stokes excitation light

are generated. SRL and SRG have the 10−6 order intensity of the excitation light. In

general, the intensity change in this order is detected by the lock-in amplifier.

(b) CARS nonresonant

ωCARSωp

ωS

Ω

ωp

Ω

ωp ωp
ωS
ωS

(c) SRS(a) CARS resonant

Ω

ωCARSωp ωS

ωp

En
er

gy

Ground
state

Vibrational
state

Virtual
state

Figure 1.1: Energy diagrams of coherent Raman scattering. ωp and ωS are the angular
frequency of the pump and Stokes excitation lights, respectively. The molecular
vibration is shown as Ω. (a) the energy diagram of coherent anti-Stokes Raman
scattering (CARS). The angular frequency of resonant CARS has 2ωp − ωS . (b) the
energy diagram of four-wave mixing with the same wavelength of resonant CARS
signals. (c) the energy diagram of stimulated Raman scattering (SRS).

1.1.1 Nonlinear process

Dipole moment per unit volume (P) induced by incident light (E) are given by [5]

P = ϵ0[χ(1)E + χ(2)EE + χ(3)EEE + · · · ], (1.1)

where ϵ0 is the permittivity in free space and χ(1) is the linear suspceptibility. The

χ(2) and χ(3) indicate the second- and third-order nonlinear optical susceptibilities,

respectively. Coherent Raman scattering is induced as the third-order nonlinear

optics. The third-order nonlinear polarization is represented as

P(3) = ϵ0χ
(3)EEE. (1.2)
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1.1.2 Coherent anti-Stokes Raman scattering process

CARS is one of the third-order nonlinear processes. Two laser beams with angular

frequencies (ωp > ωS ) excite a molecular vibration with Ω meeting the relationship:

Ω = ωp − ωS . (1.3)

Light with different angular frequencies from excitation laser beams is generated from

anti-Stokes shifted radiation. The frequency is written by

ωCARS = 2ωp − ωS = ωp + Ω. (1.4)

The wave vector of CARS polarization must satisfy the phase-matching condition

written as

kCARS = 2kp − kS . (1.5)

In CARS imaging, a high NA objective lens could relax the strict phase-matching

condition [6].

1.1.3 Stimulated Raman scattering process

The SRS process needs two laser beams with different angular frequencies (ωp > ωS )

to excite molecular vibration (Ω). An energy transfer from the high-frequency laser

(ωp) to the low-frequency laser (ωS ) is induced by the SRS process. The energy loss

of the high-frequency laser and the energy gain of the low-frequency laser are called

stimulated Raman loss (SRL) and stimulated Raman gain (SRG), respectively. The

frequency of the SRL signal is written as

ωS RL = ωp + ωS − ωS = ωp. (1.6)
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The nonlinear polarization induced by the SRL process is provided with

P(3)
S RL(t, r) = χ(3)EpES ES exp(−i(ωpt − 2πkp · r)). (1.7)

It is found that the phase-matching condition is easily satisfied in the SRS process

from Eq. 1.7.

CRS allows for fast real-time imaging of biological samples. CRS shows 105-107

times higher scattering efficiency than spontaneous Raman scattering [7–9]. Mi-

croscopy applications of CARS and SRS were reported in 1982–2000 [10–12] and in

2007–2009 [13–15], respectively. CRS microscopy shows the ability to observe bio-

logical samples at video-rate [16–18]. Since then, several applications for biological

samples have been reported.

1.2 Application toward medical instruments

1.2.1 Cancer diagnosis

CARS microscopy can differentiate breast cancer and lung cancer from other tis-

sues [19–21]. CARS images at the wavenumber 2845 cm−1 (symmetric CH2 stretch-

ing band) are used for the classification analysis. Cell nuclei appear to be dark holes

because rich protein exists in nuclei. In particular, the shape and density of the

nucleus are key diagnostic features. The feature of fibrils and cell morphology (inho-

mogeneous cytoplasm and cell nuclei) is obtained from CARS images and is used for

differentiating the subtypes of cancer.

SRS microscopy is introduced as a diagnostic tool alternative to conventional

hematoxylin and eosin (H&E) staining procedures in brain cancer surgery [22]. It is

called stimulated Raman histology (SRH). In SRH, the virtual-colored H&E images

having two color channels are generated from two Raman shifts (2845 cm−1 and 2930

cm−1). 2845 cm−1 corresponds to symmetric CH2 stretching vibration which is rich in

lipids. 2930 cm−1 corresponds to CH3 stretching vibration which is mainly included
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in proteins and DNA. The one channel with reddish-pink color is 2845 cm−1 channel,

and the other channel with dark-blue/violet color is 2930 cm−1 minus 2845 cm−1.

These colors are determined to mimic conventional H&E images. The virtual-colored

H&E images generated from two Raman shifts enable the detection of key diagnostic

histologic features. In addition to brain cancer [23–26], it is reported that SRH is

useful in other types of cancer [27, 28].

1.2.2 Endoscopy

Various CRS endoscopes have been developed for biomedical applications [29–37].

The specifications of CRS endoscopes are summarized in Table. 1.1. They are listed

in the order of publication in Table. 1.1. The CARS endoscopes are plotted in

Fig. 1.3. The horizontal and vertical axes in Fig. 1.3 show the frame rate (frame

per second; fps) and the field of view (FOV), respectively. The graph shows the

trade-off relationship that the FOV decreases as the frame rate and NA increase.

The author reviews these articles in terms of FOV, fps and scanning method. Three

types of scanners shown in Fig. 1.2 are adopted in miniatured CRS endoscopes

(stage scanning, galvanometer scanners in free-space or with bundle fiber, and spiral

scanning).

Table 1.1: Summary of coherent Raman scattering endoscopy. fps; frame per seconds,
FOV; field of view.

citation fps FOV scanning method sample
[29] in 2006 0.061 29 µm×29 µm stage polystyrene beads
[30] in 2010 0.50 300 µm×300 µm galvano mouse ear skin
[31] in 2011 7.0 80 µm circle spiral mouse skin
[32] in 2017 0.10 500 µm×500 µm galvano (bundle fiber) human skin
[33] in 2018 0.15 320 µm circle spiral human colon
[34] in 2018 0.050 450 µm×450 µm galvano rat sciatic nerve
[35] in 2018 0.10 250 µm circle galvano murine spinal cord
[36] in 2021 0.020 180 µm circle spiral human epithelial tissue
[37] in 2022 0.40 200 µm circle spiral ox liver

The first CRS endoscope reported in 2006 [29] adopts stage scanning (Fig. 1.2a).

The two excitation lights are delivered through the non-polarization-maintaining
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single-mode silica fiber. The 4 mm diameter endoscope head without a scanner

is fixed and the sample was raster scanned by a piezo stage. The frame rate and

FOV are 0.061 and 29 µm×29 µm, respectively. The frame rate is slow due to the use

of stage scanning. The CARS imaging is demonstrated using 0.75 µm polystyrene

beads.

(a) (b) (b')

Y axis
X axis

Stage
scanner

(c)

Sample

Optical fiber

Galvanometer
scanner

Bundle fiber

Piezo tube
scanner

Figure 1.2: Scanner methods of CRS endoscopes. (a) stage scanning. Optical fiber
delivers the excitation light and CRS light. (b) and (b’) galvanometer scanning
(GS). In b, GS is equipped with endoscopes. In b’, the excitation light and CRS light
are transported with bundle fiber. (c) spiral scanning. The fiber end is resonantly
vibrated by a piezo tube with 4 electrodes.

Galvanometer scanners (Fig. 1.2b and b’) have been adopted for several CRS en-

doscopes [30,32,34,35]. Galvanometer scanners are famous for acquiring 2-dimensional

images in free-space optics. Each of the two mirrors rotates to acquire 2-dimensional

images. The first CRS endoscope with galvanometer scanners was reported in 2010

[30]. The diameter and length are 3 cm and 25 cm, respectively. The size gets rel-

atively large due to the use of the normal objective lens. The CRS endoscope using

galvanometer scanners with bundle fiber (Fig. 1.2b’) is reported in 2017 [32]. The en-

doscope head can be miniaturized using bundle fiber because the scanner part is not

included in the endoscope head. After that, the CRS endoscopes using galvanometer

scanners are reported [34, 35].

Spiral scanning (Fig. 1.2c) also has been widely used for miniatured CRS endo-
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scopes [31, 33, 36, 37]. In spiral scanning, the fiber end is resonantly vibrated by an

electrical piezo tube with 4 electrodes. The resonant frequency of the fiber cantilever

is expressed by

f =
βd

4πl2

√
E
ρ
, (1.8)

where d is the radius of the cantilever, l is the length of the cantilever, E is the

Young’s modules, ρ is the mass density, and β is a resonance coefficient dependent

on the vibration mode number and boundary conditions [38]. β ≈ 3.52 is used for

the zeroth-order vibration mode. It is widely used not only in CRS endoscopes but

also in other optical imaging applications (optical coherence tomography, fluorescence

imaging, second harmonic generation) due to the benefits of compact head size and

fast imaging rate [38–47].
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[30] NA: 0.95

[32] NA: 0.3

[35] NA: 0.5

[33] NA: 0.45
[34] NA: 0.26

[36] NA: 0.55

[37] NA: 0.7
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Figure 1.3: Benchmark of coherent anti-Stokes Raman scattering endoscopy. The NA
is shown on the right side of the citation number. The graph indicates the trade-off
relationship between FOV and fps. As the NA increases, the fps increase because
CARS is induced more efficiently using the higher objective lens. However, the FOV
is limited using the higher NA objective lens.
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Chapter 2

Evaluation of imaging rate

acceleration with noise reduction

using critical imaging rate

2.1 Introduction

. Denoising models with deep learning are applied to improve the imaging rate of

the developed CARS rigid endoscope. The development of deep learning has acceler-

ated rapidly since AlexNet won a competition of ILSVRC [1]. This development has

benefited from the hardware development of Graphics Processing Units and learn-

ing technical progress. Deep learning shows outstanding results than conventional

models in many types of image processing, such as image recognition, object detec-

tion, semantic segmentation, and denoising [1–9]. The author focuses on denoising

because obtaining sufficient image quality from noisy images observed with a high

imaging rate (short exposure time) means the improvement of the imaging rate. The

denoising technique using deep learning is applied to nerve imaging with the CARS

This chapter is based on the following publication:
Naoki Yamato, Hirohiko Niioka, Jun Miyake, and Mamoru Hashimoto “Improvement of nerve imag-
ing speed with coherent anti-Stokes Raman scattering rigid endoscope using deep-learning noise
reduction,” Scientific reports 10(1), 15212 (2020).
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rigid endoscope.

In denoising, the author mainly devised learning and evaluation methods. First,

as a learning method for a few CARS endoscopic images, CARS microscopic images

were used as a pre-training dataset. Then, a few CARS endoscopic images were used

to fine-tune the pre-trained models. In general, more than some thousands of images

is needed for training. However, a few CARS endoscopic nerve images could be pre-

pared because the imaging rate is slow and a considerable amount of time is required.

On the other hand, it is faster to obtain nerve images using CARS microscopy because

an objective lens with higher NA was used for microscopy. Therefore, the author pre-

trained deep learning models with a large amount of CARS microscopic images before

fine-tuning them with CARS endoscopic images. Second, the author proposes a new

evaluation metric, named critical imaging rate (CIR) in order to evaluate quantita-

tively the improvement of the imaging rate. In denoising, the performance of a new

proposed model is evaluated and compared with evaluation metrics that estimate

the similarity between ground truth images and denoised images. It is required to

assess the improvement of an imaging rate for accelerating CARS endoscopic imag-

ing rate. The author evaluated quantitatively the acceleration of nerve imaging rate

using conventional evaluation metrics and a criterion required for medical images.

This chapter’s content is mainly based on the paper [10].
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2.2 Pre-training of three deep learning models for

denoising nerve images using CARS microscopic

images

In this section, the author shows pre-training results for denoising nerve images us-

ing CARS microscopic images. The author investigates which model is optimal for

denoising nerve images. CARS microscopic nerve images were utilized for evaluating

the optimal denoising model and for the pre-trainig before training with endoscopic

images because it is easier to obtain a large dataset of nerve images using CARS

microscopy.

2.2.1 Acquisition of nerve images using CARS microscopiy

The author purchased the rabbit urinary organs including prostates and peri-prostatic

fasciae from the Japan Lamb Co., Ltd. The organs were stored in 4% paraformalde-

hyde phosphate buffer solution (16320145, FUJIFILM Wako Pure Chemical). It is

found that the fixation with the formalin does not influence the CARS signal of

lipids [11,12]. The peri-prostatic fasciae were removed from the organs, washed with

PBS to remove the formalin, and placed between two cover slips enclosed with PBS

to avoid dryness.

The author obtained CARS nerve images using CARS microscopy [13] shown in

Fig. 2.1. An 80 MHz mode-locked Ti:sapphire laser (Tsunami, Spectra-Physics) and

high-speed wavelength-tunable mode-locked Ti:sapphire laser (Megaopt) were used as

excitation light sources. The former is depicted as ωp laser, and the latter is depicted

as ωS laser in Fig. 2.1. The synchronization system is used to reduce timing jitter

between two laser pulses [14]. It is necessary to irradiate two pulses simultaneously

in the sample to induce the CARS process effectively. This system detects timing

jitter between two pulses and adjusts the cavity length in ωS laser. Two laser beams

were overlapped spatially at a long pass filter (LP02-785RU-25, Semrock) depicted
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as DM in Fig. 2.1 and inserted into the CARS microscope through a galvanometer

scanner. The object lens (CFI Apo LWD, × 25, NA = 1.1, WI, Nikon) shown as

OL1 in Fig. 2.1 focused the excitation lights and collected the backscattered CARS

signal. The CARS signal was separated from the excitation lights using a dichroic

mirror (FF665-Di02-25×36, Semrock) and optical filters (F; FF01-591/6-25, FF01-

680/SP-25, Semrock; 3rd560-640, Omega; FESH0650, Thorlabs) and detected with

a photomultiplier tube (PMT; R9110, Hamamatsu). The CARS signal was amplified

with a current-to-voltage conversion amplifier (As-905-1, NF). The amplified CARS

signals were incorporated into a desktop computer by an analog-to-digital converter

(PCI-6115, 12-bit, 10 MS/s/ch, National Instruments). The wavelengths of two laser

sources were set as 709 nm and 888 nm to observe the CH2 symmetric stretching

vibration of lipids at 2845 cm−1. The powers at the sample plane were 31 mW for ωp

laser and 11 mW for ωS laser. The CARS images have a field of view of 273 µm and

a resolution of 500 × 500 pixels. A total of 9100 nerve images at 91 positions were

obtained, and 100 nerve images were stored at each position. The imaging rate was

66.7 images per minute (exposure time; 0.9 s). An averaged images of 100 images

for each position were used as a ground truth image. Therefore, ground truth images

correspond to the imaging rate of 0.667 (exposure time; 90 s).

2.2.2 Training of denoising using CARS microscopic images

from scratch

The author used three deep-learning models to investigate the optimal model for de-

noising of nerve images. Figure 2.2 shows the architectures of three denoising models.

W5 (WIN5) [7] and DN (DenoiseNet) [8] consist of convolution layers, activation lay-

ers, and skip connections. ReLU (Rectified Linear Unit) [15] was used as activation

layers. These architectures learn and generate the noise distribution, and subtract

the noise distribution from input images. N2N (Noise2Noise) [9] has a similar struc-

ture to U-Net [3]. N2N consists of convolution layers, activation layers, max-pooling

28



PMT

F

Microscopy
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Figure 2.1: Schemantic of coherent Raman scattering microscopy and endoscopy [10].
In CARS microscopy, two ultrafast lasers are superimposed at DM. The excitation
light is scanned by GS and focused by OL1. The backscattered CARS signal is
separated by DM and detected with PMT. In CARS endoscopy, two ultrafast lasers
are delivered through PMF. DM dichroic mirror, F optical filter, FC fiber coupler,
GS Galvano mirror scanner, OL objective lens, PD photodiode, PMF polarization-
maintaining fiber, PMT photomultiplier tube, RM removable mirror
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layers, up-convolution layers and skip connections. In N2N, leaky ReLU with α = 0.1

was used as activation layers. N2N does not require ground truth images for train-

ing. In the training of N2N, pairs of noisy images at the same position are used for

a dataset. The performance of deep learning models depends on the hyperparam-

eters, that is, the number (F) and size (K) of filters in the convolution layers and

the number (L) of convolution layers. The author used a grid search to examine the

best hyperparameters for this denoising task. The hyperparameters used for the grid

search are summarized in Table. 2.1. N2N has twice as many filters on the encoder

side in the first half as on the encoder side in the second half. F of N2N in Table.

2.1 indicates the number of filters in the convolution layers of the encoder part. The

convolution layers in the decoder part except for the last three layers have 2F. F in

the convolution layers in W5 and DN were fixed to 1. K in N2N was fixed to 3 × 3

because the performance deteriorates for larger than 3 × 3. The models were trained

using every combination of hyperparameters and evaluated using validation datasets.

The hyperparameters (F, K, L) showing the highest performance were (32, 5, 10) in

DN, (48, 3, 18) in N2N, and (16, 3, 8) in W5.

Table 2.1: Hyperparameters are utilized for grid search in this work [10].
model number of filters (F) size of filter (K) number of convolution layers (L)
DN 64, 32, 16 or 8 7 × 7, 5 × 5 or 3 × 3 25,20,15 or 10
N2N 128, 96, 64, 48 or 32 3 × 3 18
W5 128, 64, 32, 16 or 8 7 × 7, 5 × 5 or 3 × 3 10, 8, 6, 5 or 4

A mini-batch size of 32 and a loss function of mean squared error (MSE) which

measures the difference between output images and ground truth images were used.

MSE is given by

MS E(y, ŷ) =
1
n

n∑
i=1

(yi − ŷi)2. (2.1)

In the equation, yi and ŷi mean the value at each pixel for output images (y) and

ground truth images (ŷ). n is the number of all pixels. As an optimizer, Adam [16]

with β1 = 0.9, β2 = 0.999, ϵ = 10−8, and a learning rate of 10−3 was adopted. The

author used 81 nerve images as the training dataset, 5 nerve images as the validation
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dataset, and 5 nerve images as the test dataset. The data augmentation of random

shuffle and random cropping was used. The random cropping in the training of W5

and DN cut out 50 images with 100 × 100 pixels per image with 500 × 500 pixels. In

N2N training, the images with 128 × 128 pixels were cropped. Therefore, 4050 nerve

images for training, 250 nerve images for validation, and 250 nerve images for testing

were used. The models were implemented with Pytorch framework [17] in Python on

a desktop computer equipped with a Core i7-8900K CPU (Intel) and an RTX 2080Ti

GPU card (NVIDIA).

(b) DN

OutputInput

(a) W5

OutputInput

(c) N2N

OutputInput

Concatenate

Max-pooling

Up-convolution

Convolution + activation

Convolution

Skip connection

Figure 2.2: Schemantic of denoising models [10]. (a)WIN5 (W5) [7]. W5 has one skip
connection. W5 learns the noise distribution. (b)DenoiseNet (DN) [8]. DN has sev-
eral skip connections. As with W5, DN learns the noise distribution. (c)Noise2Noise
(N2N) [9]. N2N is based on U-Net. This structure is good at learning shape infor-
mation.
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2.2.3 Evaluation of the quality of denoised images

The author used two evaluation metrics, peak signal-to-noise ratio (PSNR) and struc-

tural similarity (SSIM) [18], to assess the performance of each model. PSNR is ex-

pressed as

PS NR(y, ŷ) = 10log10
MAX2

MS E(y, ŷ)
. (2.2)

In this equation, MAX indicates the maximum value of each image. MSE has the

same definition written in Eq. 2.1. SSIM is given by

S S IM(y, ŷ) =
(2µyµŷ +C1)(2σyŷ +C2)

(µ2
y + µ

2
ŷ +C1)(σ2

y + σ
2
ŷ +C2)

. (2.3)

In this equation, µ and σ show mean and standard deviation values. C1 and C2 are

constant values.

The Friedman test and two-tailed paired t-test were used to confirm the statistical

difference between the denoising performance of models. The null hypothesis is that

the mean ranks of the denoising performance are equal, and the alternative hypothesis

is that at least one pair of mean metric is significantly different. The Friedman test

was utilized to compare 4 models in Table 2.2. Multiple tests were used to compare

the performance of denoising. The evaluation metrics between models were evaluated

by a two-tailed paired t-test (α = 0.05) with the Bonferroni-Holm method.

The CARS microscopic images denoised with the deep learning models and the

conventional filter are shown in Fig. 2.3. The CARS images obtained at imaging rates

of 33.3 images/min (a short exposure time of 1.8 s) for input and 0.7 images/min (a

long exposure time of 90 s) for ground truth are shown in Fig. 2.3a–b. The denoised

images processed with BM3D, DN, N2N, and W5 are Fig. 2.3c–f. Each result has

two images: the left images show the full field of view, and the right images indicate

the rectangle view in the left images. The fibrous shape in the lower half of the

image is nerves. The denoised images in Fig. 2.3c–f have fewer impulsive noises than

the noisy input image in Fig. 2.3a. The thick nerve fiber bundle labeled with green
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arrowheads in Fig. 2.3 has good visibility for all denoised results. This indicates that

the noise reduction is working well. On the other hand, the thin nerve fiber bundle

labeled with yellow arrowheads cannot be recognized in Fig. 2.3c, d, and f. Only the

nerve images processed by N2N show good visibility of thin nerve bundles.

(b) Long exposure time

(e) N2N

(d) DN(c) BM3D

(a) Short exposure time

(f) W5

50 μm

Figure 2.3: Denoising results of CARS microscopy images [10]. The images are for:
(a) input observed with an imaging rate of 33.3 images/min (a short exposure time
of 1.8 seconds), (b) ground truth observed with an imaging rate of 0.7 images/min (a
long exposure time of 90 seconds), and images denoised with (c) the BM3D filter, (d)
DN, (e) N2N, and (f) W5. Parts (a–f) are each composed of two images: the right
image is a magnified image of the white rectangle in the left image. The image size
is 270 × 270 µm, with 500 × 500 pixels. Nerves lie horizontally in the lower half of
the images. The scale bar indicates 50 µm. The polarization direction of two laser
beams is horizontal in images.

The averages and standard deviations of the two metrics are summarized in Table

2.2. The higher values of PSNR and SSIM indicate the higher similarity of denoised
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Table 2.2: Comparison of denoising performance between BM3D filter and deep
learning models [10]. The average and standard deviation of each metric over five
test images are shown. The N2N shows a significant difference from the others in a
paired t-test (n = 5, P < 0.05) using the Bonferroni-Holm correction. N2N showed
the highest performance for both metrics. * means a significant difference after the
Bonferroni-Holm correction (α < 0.05)

Model Evaluation metrics
PSNR SSIM

BM3D 31.04 ± 5.86 0.649 ± 0.207
DN 32.05 ± 6.02 0.671 ± 0.220
N2N 32.21 ± 6.04 0.679 ± 0.214
W5 31.96 ± 6.02 0.668 ± 0.221

Paired t-test P-value
PSNR SSIM

N2N vs BM3D 0.045* 0.016*
N2N vs DN 0.0059* 0.027*
N2N vs W5 0.00035* 0.016*

images to ground truth images. In other words, the higher performance of denoising

has the higher values of the two metrics. Friedman test for 4 models indicated one

of the significant differences (P = 0.0018 for PSNR and SSIM, respectively). All of

the deep learning models have a higher performance than the BM3D filter. In the

deep learning models, N2N outperformed the other two models with both metrics.

According to the paired t-test (n = 5, P < 0.05) using the Bonferroni-Holm correction,

the two metrics in N2N show a higher value than that in DN (PSNR: P = 0.0059,

SSIM: P = 0.027) and W5(PSNR: P = 3.5 × 10−4, SSIM: P = 0.016). Therefore, N2N

was used for transfer learning of CARS endoscopic images.

2.3 Transfer learning from microscopic images to

endoscopic images

2.3.1 Acquisition of nerve images using CARS endoscopy

The author obtained CARS nerve images using CARS endoscopy shown in Fig. 2.1.

The optical system was the same reported in [19]. The length and diameter of the rigid

endoscope are 270 mm and 12 mm, respectively. The same laser sources described in

section 2.2 were used as the excitation lights. Two polarization-maintaining single-
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mode optical fibers (P1-630PM-FC-2 having a mode field diameter of 4.5 ± 0.5 µm

at 630 nm and NA= 0.12 and P1-780PM-FC-2 a mode field diameter of 5.3 ± 1.0 µm

at 850 nm and NA= 0.12, Thorlabs) deliver the two laser beams to the endoscope

head individually. Two excitation lights were input by fiber couplers (PAF-X-5-B,

Thorlabs) depicted as FC and collimated by zoom fiber collimators (ZC618FC-B,

Thorlabs). The two laser beams are overlapped spatially after fiber couplers using a

long pass filter (LP02-785RU-25, Semrock) and scanned with a pair of galvanometer

mirrors (GVS002, Thorlabs). The excitation lights are focused on the sample with

an objective lens (AC050-008-B-ML, Thorlabs) depicted as OL2 in Fig. 2.1. The

CARS signals were detected with PMT through the same optical filters in CARS

microscopy and amplified with a current-to-voltage conversion amplifier (As-905-1,

NF). The CARS signals were incorporated into a desktop computer by an analog-to-

digital converter (PCIe-6321, 16-bit, 250 kS/s, National Instruments). The powers of

the two laser beams at the sample were 101 mW for ωp laser and 55 mW for ωS laser.

The CARS endoscopic images have a field of view of 262 µm and a resolution of 500

× 500 pixels. A total of 500 nerve images at 5 positions were obtained, and 100 nerve

images were stored at each position. The imaging rate was 37.5 images per minute

(exposure time; 1.6 s). An averaged images of 100 images for each position were used

as a ground truth image. Therefore, ground truth images correspond to the imaging

rate of 0.374 (exposure time; 160 s). To confirm and adjust the sample position, a

photodiode (PDA100A-EC, Thorlabs) depicted as PD in Fig. 2.1 was used.

2.3.2 Transfer learning from CARS microscopic images

The denoising of CARS endoscopic images is trained from the model which has the

highest quality in denoising CARS microscopic images.
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2.3.3 Evaluation of improvement of imaging rate

The CARS endoscopic images denoised with the deep learning models and the con-

ventional filter are shown in Fig. 2.4. Figure 2.4b–c shows the denoised images from

an input image observed at an imaging rate of 12.5 images/min (a short exposure

time of 4.8 seconds) shown in Fig. 2.4a. The ground truth image obtained at an

imaging rate of 0.4 images/min (a long exposure time of 160 seconds) is shown in

Fig. 2.4d. The right images in each figure show the magnified view of the white rect-

angle in the left images. The fibrous shape in the center of the images is nerve fibers,

and a spherical shape on the left side is lipid-rich tissues. The images processed with

BM3D and N2N seem to be less noisy than the input image. However, The BM3D-

processed image has the artifact with vertical and horizontal stripes labeled with the

green narrowheads in Fig. 2.4. The intensity profiles along the color lines in Fig.

2.4a–b are shown in Fig. 2.4e. We can understand the higher denoising performance

of N2N than that of BM3D according to the line profiles. The ratio of the signal

A and B in 2.4e was 1.14 for BM3D, 1.41 for N2N, and 1.37 for the ground truth.

Hence, N2N can keep a close value to the ground truth.

The author used nested cross-validation to assess the denoising performance for

CARS endoscopic images. The evaluation metrics are summarized in Table 2.3. ”with

microscopy” means the results using only CARS microscopic images for the training,

”with endoscopy” means the results using only CARS endoscopic images for the

training, ”with fine-tuning” means the results using CARS microscopic images for the

pre-training and CARS endoscopic images for fine-tuning, and“with ensemble”means

the results combining ”with fine-tuning” with ensemble learning. The Friedman test

(P < 0.05) on 13 models indicated the significant difference (PSNR: P = 1.5 × 10−7,

SSIM: P = 2.4×10−7)“with fine-tuning”shows significantly higher values than those

of“with endoscopy”except for DN and the PSNR of W5R using the Bonferroni-Holm

correction (DN: P = 0.020 (PSNR), 0.15 (SSIM); N2N: P = 0.0017 (PSNR), 0.0040

(SSIM); W5: P = 0.023 (PSNR), 0.0087 (SSIM)). It is found that ensemble learning
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Figure 2.4: Results of denoised CARS endoscopy images [10]. The images are for (a)
an input observed with an imaging rate of 12.5 images/min (a short exposure time of
4.8 s), denoised with (b) the BM3D filter and (c) N2N with ensemble, and (d) ground
truth observed with an imaging rate of 0.4 images/min (a long exposure time of 160
s). Nerves lie at the center of the images with lipid-rich tissue on each side. The
CARS images in the second column are images cropped from the white rectangles in
the left images. The line profiles of the cropped images are shown in (e). The scale
bar indicates 50 µm. The polarization direction of two laser beams is horizontal in
images.
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enhances denoising performance significantly (comparison between fine-tuning and

ensemble in the same architecture, DN: P = 0.00070 (PSNR),0.0072 (SSIM); N2N:

P = 0.00090 (PSNR), 0.0067 (SSIM); W5: P = 0.014 (PSNR), 0.000089 (SSIM)).

Although P values below 0.05 exist, the no-significant difference is confirmed between

the models using ensemble learning (DN versus N2N: P = 0.52 (PSNR), 0.033 (SSIM);

DN versus W5R: P = 0.029 (PSNR), 0.83 (SSIM); N2N versus W5R: P = 0.064

(PSNR), 0.048 (SSIM)).
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The author proposed a critical imaging rate (CIR) as a new metric to estimate

the improvement of the imaging rate quantitatively. The CIR is composed of a

harmonic mean of CIRPSNR and CIRSSIM, which is calculated at the imaging rates

meeting PSNR = 30 dB and SSIM = 0.8, respectively. The CIR is given by

CIR =
2

1
CIRPSNR

+ 1
CIRSSIM

. (2.4)

Generally, a standard criterion of PSNR ≥ 30 [20] or SSIM ≥ 0.8 [21] is used to

indicate the high denoising performance. Therefore, the harmonic mean of averaging

the imaging rates of CIRPSNR and CIRSSIM is utilized for the evaluation. Figure 2.5a–b

shows the relationships between the imaging rates and each evaluation metric. The

blue and orange plots indicate the imaging rates for raw CARS images and denoised

CARS images using N2N “with ensemble”. N2N models were trained for denoising

at each imaging rate. At the star plots at 12.5 images/min, the denoising model with

deep learning improves to the evaluation metrics of 30.56 ± 1.67 dB (PSNR) and 0.720

± 0.059 (SSIM) from the evaluation metrics of 19.85 ± 1.40 dB (PSNR) and 0.232

± 0.027 (SSIM). The denoising of CARS nerve images provides large improvements

at high imaging rates. The CIRPS NR and CIRS S IM for the raw CARS images (blue

bars) and the denoised CARS images (orange bars) are summarized in Fig. 2.5c.

The CIRPS NR and CIRS S IM increased to 12.5 and 4.8 images/min from 1.6 and 1.2

images/min, respectively. As a result, it was demonstrated that the denoising speeds

up the CIR by a factor of 5 from 1.4 images/min to 7.0 images/min.
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The author employed the fine-tuning strategy using CARS microscopic images

as the pre-training dataset. Besides, the author confirmed how the amount of pre-

training images affects on the denoising performance of N2N with fine-tuning. The

results of fine-tuned N2N changing the amount of pre-training images are shown in

Fig. 2.6 The shown results correspond to test images obtained using CARS endoscopy

at 12.5 images/min (exposure time of 4.8 seconds). The evaluation metrics for N2N

trained from scratch are shown as blue plots, and The evaluation metrics for fine-

tuned N2N are shown as green plots. The blue plots are the results of N2N with

endoscopy, the green plots are N2N with fine-tuning shown in Table 2.3. The amount

of pre-training images was changed from 10 to 70. The pre-training images were

randomly chosen from 81 images 5 times. Each plot and error bar means the average

and the standard deviation between 5 times training. The average of evaluation

metrics is improved as the pre-training images increase. Therefore, the more pre-

training images the model learns, the more the effect of pre-training is demonstrated.

Of course, it will come to a head at some pre-training images.

The nerve shape recognition of deep learning models seems to be essential for

denoising of nerve images. W5 has a skip connection and some convolution layers.

In W5, the output images are generated by adding the output of the last convolution

layer and the input images. W5 learns to cancel out the noise in the input images.

W5 is considered to learn little information about the nerve shape due to the shallow

layers. Although DN has similar architecture to W5, DN has more skip connections

to cancel out the noise precisely. The outputs from the deeper laers seems to restore

specific textures in the input images. N2N is composed of encoder-decoder archi-

tecture similar to U-Net, which is famous with the high shape recognition ability.

The encoder of N2N extracts the features of the input image at various resolution

and the extracted features are converted to the output images by the decoder. The

evaluation metrics of the models“with microscopy”are compared with that“with

endoscopy”in each architecture in Table 2.3. Although W5 showed small differences

(PSNR: 0.10; SSIM: 0.014) between “with microscopy”and “with endoscopy”,
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(a) (b)

Figure 2.6: Results of N2N with fine-tuning for the amount of pre-training images
of CARS microscopy [10]. (a) PSNR (b) SSIM. The plot and error bar means the
average and standard deviation between 5 times training, respectively. The blue plots
show the result of N2N from scratch. The green plots show the result of fine-tuned
N2N.

DN showed large differences (PSNR: 0.26, SSIM: 0.021), and N2N also showed large

differences (PSNR: 0.36, SSIM: 0.030) in Table 2.3. The nerve images acquired with

CARS endoscopy seems to be different from those acquired with CARS microscopy

due to the difference of NA (microscopy; NA = 1.1, endoscopy; NA = 0.26). Sectioned

nerve images are obtained with CARS microscopy using the high NA objective lens.

On the other hand, nerve fibers obtained with CARS endoscopy seem to overlap due

to the low axial resolution by the low NA objective lens. The author considered that

the evaluation metrics of DN and N2N“with microscopy”became lower values be-

cause of the differences in the axial resolution. In other words, DN and N2N learned

the shape feature about nerves. The author believes that N2N will superior to learn

shape information by utilizing its architecture, and will be more effective for applying

to the observation of specific organs.

There are two advantages to implement a denoising approach with deep learning

for medical settings. First, the processing speed of deep learning models is faster
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than that of the conventional filter. The processing times with each model are sum-

marized in Table. 2.4. The processing time of N2N is shorter than that of DN due

to the pooling layers in N2N. At each pooling layer the image size is halved. There-

fore, computational costs are significantly reduced. For ensemble learning, the four

models could be implemented using parallel processing. The processing time for de-

noising with deep learning models was negligible because the computation time is

considerably shorter than the exposure time. Second, the biggest advantage of N2N

is the possibility of updating the model with retraining during surgery. Fine-tuning

of the denoising model is needed when introducing the model for the first time, for

infrequent surgery, or when the conditions of the optical system change. It is difficult

to prepare adequate data and fine-tune the model at all such times because obtaining

the ground truth data for a long time is laborious. A learning style that does not

involve observing the ground truth allows for in situ fine-tuning in a situation where

an image is taken two times at the same position. The possibility of maintaining the

model by fine-tuning is important for surgical use. Currently, off-line processing is

being performed, but we will demonstrate the improvement of imaging rate by on-line

processing in the future.

Table 2.4: Denoising processing time for one image with BM3D filter and three
deep learning architectures [10]. The average and standard deviation from 1000
measurements are shown.

model averaged time parameters
BM3D 5048 ± 35 ms -
DN 20.0 ± 1.9 ms 0.224 M
DN with ensemble 79.4 ± 0.6 ms 0.897 M
N2N 15.2 ± 1.7 ms 1.342 M
N2N with ensemble 59.6 ± 3.0 ms 5.366 M
W5 3.3 ± 0.7 ms 0.019 M
W5 with ensemble 12.6 ± 0.6 ms 0.075 M
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2.4 Conclusion

The author demonstrated that deep-learning-based denoising accelerates the nerve

imaging rate using CARS rigid endoscope. Deep learning models for denoising were

compared using CARS microscopic images to determine the optimal model for de-

noising of nerve images. N2N has a quantitatively and qualitatively high performance

of denoising for CARS microscopic images. N2N trained with a fine-tuning strategy

restored the detailed structure faithfully to the ground truth image. The CIR after

denoising with deep learning increased to 7.0 images/min (CIRPSNR: 12.5 images/min,

CIRSSIM: 4.0 images/min) from 1.4 images/ min (CIRPSNR: 1.6 images/min, CIRSSIM:

1.2 images/min).

The author adopted the fine-tuning strategy for training deep-learning models

with CARS microscopic images as the pre-training data. The fine-tuning strategy

from CARS microscopic images to CARS endoscopic images was significantly useful

for most cases by learning denoising CARS images obtained with the same size under

the same photomultiplier conditions. Thus, the author concluded that it is effective

to employ pre-training using nerve images obtained with CARS microscopy which

is less time-consuming and laborious than CARS endoscopy. In addition to the

effect of pre-training, the author investigated the dependence of the performance

on the amount of pre-training images (data is shown in the Appendix). The more

large dataset of nerve images will improve the denoising performance according to

the result in the Appendix. As with other models, generative adversarial networks

(GAN), which boost the performance by competing using two networks of generator

and discriminator, are expected to offer superior performance.

The author proposed the CIR as a new evaluation metric for assessing the imaging

rate of denoised and row CARS images. The definition of the CIR is a harmonic mean

of CIRPSNR and CIRSSIM, where a criterion of PSNR= 30 and SSIM = 0.8 are satisfied.

The criterion is considered to be needed for medical images. The PSNR, SSIM, and

mean squared error (MSE) are used as evaluation metrics to assess the denoising
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performance. However, these metrics cannot assess the imaging rate directly. Thus,

the author proposed CIR combining these metrics.

46



Reference

[1] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “ImageNet classification with

deep convolutional neural networks,” Communications of the ACM, vol. 60,

pp. 84–90, May 2017.

[2] K. He, X. Zhang, S. Ren, and J. Sun, “Deep Residual Learning for Image Recog-

nition,” in 2016 IEEE Conference on Computer Vision and Pattern Recognition

(CVPR), pp. 770–778, June 2016.

[3] O. Ronneberger, P. Fischer, and T. Brox, “U-Net: Convolutional Networks for

Biomedical Image Segmentation,” in Medical Image Computing and Computer-

Assisted Intervention – MICCAI 2015, pp. 234–241, Springer International Pub-

lishing, 2015.

[4] H. Zhao, J. Shi, X. Qi, X. Wang, and J. Jia, “Pyramid Scene Parsing Network,”

in 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR),

pp. 6230–6239, IEEE, 2017.

[5] T. Falk, D. Mai, R. Bensch, Ö. Çiçek, A. Abdulkadir, Y. Marrakchi, A. Böhm,

J. Deubner, Z. Jäckel, K. Seiwald, A. Dovzhenko, O. Tietz, C. Dal Bosco,

S. Walsh, D. Saltukoglu, T. L. Tay, M. Prinz, K. Palme, M. Simons, I. Di-

ester, T. Brox, and O. Ronneberger, “U-Net: deep learning for cell counting,

detection, and morphometry,” Nature methods, vol. 16, pp. 67–70, Jan. 2019.

[6] X.-J. Mao, C. Shen, and Y.-B. Yang, “Image restoration using very deep convolu-

tional encoder-decoder networks with symmetric skip connections,” in Advances

47



in Neural Information Processing Systems, vol. 29, Curran Associates, Inc., Mar.

2016.

[7] P. Liu and R. Fang, “Wide Inference Network for Image Denoising via Learning

Pixel-distribution Prior,” July 2017.

[8] T. Remez, O. Litany, R. Giryes, and A. M. Bronstein, “Deep class-aware image

denoising,” in 2017 International Conference on Sampling Theory and Applica-

tions (SampTA), pp. 138–142, July 2017.

[9] J. Lehtinen, J. Munkberg, J. Hasselgren, S. Laine, T. Karras, M. Aittala, and

T. Aila, “Noise2Noise: Learning Image Restoration without Clean Data,” Mar.

2018.

[10] N. Yamato, H. Niioka, J. Miyake, and M. Hashimoto, “Improvement of nerve

imaging speed with coherent anti-Stokes Raman scattering rigid endoscope using

deep-learning noise reduction,” Scientific reports, vol. 10, p. 15212, Sept. 2020.

[11] R. Galli, O. Uckermann, E. Koch, G. Schackert, M. Kirsch, and G. Steiner,

“Effects of tissue fixation on coherent anti-Stokes Raman scattering images of

brain,” Journal of biomedical optics, vol. 19, no. 7, p. 071402, 2013.

[12] S. M. Levchenko, X. Peng, L. Liu, and J. Qu, “The impact of cell fixation on

coherent anti-stokes Raman scattering signal intensity in neuronal and glial cell

lines,” Journal of biophotonics, vol. 12, p. e201800203, Jan. 2019.

[13] H. Cahyadi, J. Iwatsuka, T. Minamikawa, H. Niioka, T. Araki, and

M. Hashimoto, “Fast spectral coherent anti-Stokes Raman scattering microscopy

with high-speed tunable picosecond laser,” Journal of biomedical optics, vol. 18,

p. 096009, Sept. 2013.

[14] T. Minamikawa, N. Tanimoto, M. Hashimoto, T. Araki, M. Kobayashi, K. Fu-

jita, and S. Kawata, “Jitter reduction of two synchronized picosecond mode-

48



locked lasers using balanced cross-correlator with two-photon detectors,” Applied

physics letters, vol. 89, p. 191101, Nov. 2006.

[15] V. Nair and G. E. Hinton, “Rectified linear units improve restricted boltzmann

machines,” in Proceedings of the 27th International Conference on International

Conference on Machine Learning, ICML’10, (Madison, WI, USA), pp. 807–814,

Omnipress, June 2010.

[16] D. P. Kingma and J. Ba, “Adam: A Method for Stochastic Optimization,” Dec.

2014.

[17] A. Paszke, S. Gross, S. Chintala, G. Chanan, E. Yang, Z. DeVito, Z. Lin, A. Des-

maison, L. Antiga, and A. Lerer, “Automatic differentiation in PyTorch,” in Pro-

ceedings of the 31st International Conference on Neural Information Processing

Systems, Curran Associates Inc., Oct. 2017.

[18] Z. Wang, A. C. Bovik, H. R. Sheikh, and E. P. Simoncelli, “Image quality as-

sessment: from error visibility to structural similarity,” IEEE transactions on

image processing: a publication of the IEEE Signal Processing Society, vol. 13,

pp. 600–612, Apr. 2004.

[19] K. Hirose, S. Fukushima, T. Furukawa, H. Niioka, and M. Hashimoto, “Invited

Article: Label-free nerve imaging with a coherent anti-Stokes Raman scattering

rigid endoscope using two optical fibers for laser delivery,” APL Photonics, vol. 3,

p. 092407, Sept. 2018.

[20] R. Shyam Sunder, C. Eswaran, and N. Sriraam, “Medical image compression us-

ing 3-D Hartley transform,” Computers in biology and medicine, vol. 36, pp. 958–

973, Sept. 2006.

[21] S. Pudlewski and T. Melodia, “Compressive Video Streaming: Design and

Rate-Energy-Distortion Analysis,” IEEE Transactions on Multimedia, vol. 15,

pp. 2072–2086, Dec. 2013.

49



Chapter 3

Nerve segmentation using transfer

learning from fluorescence images

to CARS images

3.1 Introduction

. Automated nerve extraction from CARS endoscopic images by computers will

reduce the burden on surgeons in nerve-sparing surgery and contribute to further

progress toward safer surgery. It is necessary to distinguish the nerve areas from

other lipid-rich tissues in CARS images because the CARS images using the CH2

stretching vibration contains information about all lipids as well as nerves. Training

to recognize new images is a barrier to the introduction of new modalities into medical

settings. Assisting in image interpretation will reduce the burden on the surgeon and

will contribute to improving the safety of endoscopic surgery.

In this chapter, the author mainly devised a pre-training method using fluores-

cence images. The author demonstrated automated nerve segmentation from CARS

This chapter is based on the following publication:
Naoki Yamato, Hirohiko Niioka, Jun Miyake, and Mamoru Hashimoto ”Nerve Segmentation with
Deep Learning from Label-Free Endoscopic Images Obtained Using Coherent Anti-Stokes Raman
Scattering,” Biomolecules 10(7), 1012 (2020).
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images with deep-learning models. Generally speaking, deep-learning models require

a large dataset. However, it is laborious and time-consuming to prepare a large num-

ber of CARS endoscopic nerve images because it takes a long time to find nerves

using CARS endoscopy. Therefore, the author proposed transfer learning using fluo-

rescence images of nerves as pre-training data. The author prepared the fluorescence

images labeling lipid in order to have similar information to CARS images. This

chapter’s content is mainly based on the paper [1].

3.2 Transfer learning of Segmentation from fluo-

rescent nerve images to CARS nerve images

In this section, the author investigates nerve extraction using fluorescence images

as a pre-training dataset. Although a large dataset is required for the training of

deep learning models, it is laborious and time-consuming to obtain a large number

of CARS endoscopic nerve images. This is because the sample has a few peripheral

nerves which are similar to an actual tissue, and it is hard to find peripheral nerves

using the CARS endoscope. CARS endoscope has a low NA objective lens to observe

a large field at once. The higher the NA, the more efficient the CARS process.

Therefore, it requires a long time to confirm whether nerves exist or not. On the

other hand, the speed of fluorescence imaging is faster than that of CARS endoscopy

and it is easy to handle. The author prepared a large amount of fluorescence nerve

images and utilized that as a pre-training dataset.

3.2.1 Acquisition of nerve images using fluorescent and CARS

endoscopic images

The rabbit urinary organs described in chapter 2 were used as the sample. The

storage and preparation for the observation were the same. For fluorescence imaging,

a staining process described below was added.
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fluorescence imaging

The author doubly stained the prostate fasciae resected from the urinary organs to

prepare fluorescence images for a training dataset. FluoroMyelinTM Green F34651

(Ex/Em: 479/598 nm, Thermo Fisher Scientific, Waltham, MA, USA) was used to

visualize the myelin sheath.

Hoechst 33342 (Ex/Em: 352/461 nm, Dojindo) stains cell nuclei. The staining

procedure was the following 3 steps. First, the author diluted 20 �L of FluoroMyelinTM

Green and 20 �L of Hoechst 33342 to 300-fold in PBS. Second, the fasciae were placed

in the staining solution for 20 minutes at room temperature. Third, the solution was

washed out using an ultrasonic washing machine for 10×3 minutes in PBS. After that,

the fasciae were enclosed between two coverslips using a procedure similar to that

used for CARS imaging.

A confocal fluorescence microscope (Eclipse Ti, Nikon, Tokyo, Japan) was used

to prepare z-stack fluorescence images of nerves. The timing-shifted mode in the

microscope detected the fluorescence signals of FluoroMyelinTM Green and Hoechst

33342. The wavelength of the excitation and detection light for FluoroMyelinTM

Green was 488 nm and 605–1000 nm, respectively. That for Hoechst 33342 was 405

nm and 417–477 nm, respectively. The excitation lights were focused by an objective

lens (Plan Apo, ×10, NA = 0.45, Nikon). The stepping width for each stack was 1

µm. The fluorescence images have a field of view (1270× 1270 µm2) and a resolution

(1024 × 1024 pixels). One hundred fifty-three fluorescence images of nerves were

acquired.

Each fluorescence image was divided into 16 parts with no overlapping. The

author removed the fluorescence images that were difficult to identify nerves. The

fluorescence dataset of 1818 images with the FOV of (317×317 µm2) and the resolution

of 256 × 256 pixels was prepared.

The fluorescence images for example are shown in Fig. 3.1. A FluoroMyelinTM

Green image (Fig. 3.1a), a Hoechst image (Fig. 3.1b), and a transmission image
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(Fig. 3.1c) are shown. Although the peripheral nerves were visualized clearly in Fig.

3.1a, non-nerve tissues were also visible. The ground truth image shown in Fig. 3.1d

was manually prepared; the non-nerve tissues were removed from Fig. 3.1a and those

images were binarized by thresholding. The Hoechst image was used to distinguish

the blood vessels and nerves in the neurovascular bundles. The author focused on

the nuclei density indicated by white arrowheads in 3.1b.

(d)(c)

(b)(a)

200µm

high density of nuclei

Figure 3.1: Confocal fluorescence microscopy imaging of rabbit peri-prostatic nerve
[1]. (a) FluoroMyelinTM Green image. (b) Hoechst image. (c) Transmission image.
(d) Ground truth image prepared based on fluorescence images. The scale bar is 200
µm.
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CARS imaging

The author prepared the CARS images of peripheral nerves using developed CARS

rigid endoscope [2, 3]. The same optical setup in chapter 2 was used. A total of 24

CARS images from two rabbit prostates were obtained. Two barrels were used to

observe peripheral nerves. The one barrel has a length of 550 mm and an objective

lens with a focal length of 7.5 mm. A total of 16 CARS images with a FOV of

317 × 317 µm2 and a resolution of 256 × 256 pixels were prepared. The other barrel

has a length of 270 mm and an objective lens with a focal length of 3.1 mm. Three

CARS images with a FOV of 317 × 317 µm2 and a resolution of 256 × 256 pixels and

5 CARS images with a FOV of 317 × 317 µm2 and a resolution of 256 × 256 pixels

were acquired. The five CARS images were resized to a resolution of 512× 512 pixels

using symmetric padding and halved to a half resolution of 256×256 pixels using the

area averaging method. These CARS images were acquired for an exposure time of

330 s (the former 19 CARS images) and 160 s (the latter 5 CARS images).

The acquired CARS images are shown in Fig. 3.2. The transmission and CARS

images are placed in the left and middle columns, respectively. The images with

nerves, non-nerves and both tissues are shown in the upper, middle and lower rows,

respectively. The fibrous structure with the high intensity is peripheral nerves in 3.2(b

and h). The spherical structure seems to be lipid-rich tissues in 3.2(e and h). The

CARS image in Fig. 3.2(h) has both nerve and non-nerve tissues. In transmission

images in Fig. 3.2(a and g), the characteristic fibrous structure of nerves cannot be

seen. This is because the peripheral nerves are almost transparent. Therefore, the

contrast enhancement of peripheral nerves is required in medical settings to confirm

nerve positions. The ground truth images for nerve segmentation are shown in Fig.

3.2(c, f and i).
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(b)(a) (c)

50µm 50µm

(d) (e) (f)

(g) (h)

50µm 50µm

(i)

50µm 50µm

Transmission CARS Ground truth

Non-nerve

Nerve 

Nerve and 
non-nerve

Figure 3.2: CARS endoscopic imaging of rabbit peri-prostatic fascia [1]. (a,d,g)
Transmission images. (b,e,h) CARS rigid endoscopy images. (c,f,i) Ground truth
images. (a-c) A sample containing only nerves emitting large CARS signals. (d-f)
A sample containing only non-nerve tissue emitting strong CARS signals. (g-i) A
sample containing both nerves and non-nerve tissues emitting CARS signals.
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3.2.2 Transfer learning method

U-Net [4,5], which is famous in semantic segmentation, was used for nerve extraction.

The architecture of U-Net is shown in Fig. 3.3. U-Net has an encoder part labeled

pink and a decoder part labeled blue. The author applied the weight of a VGG16

encoder as the encoder part of U-Net [6]. VGG16, one of the classification models, has

simple architecture and shows high performance. The final layer of U-Net outputs the

probability of nerve with a value of 0–1. In this study, the author used a threshold of

0.5 to binarize the output images. Pixels with a value greater than 0.5 are identified

as nerves.

Input
Output

3×3conv, 64

3×3conv, 128

3×3conv, 128

3×3conv, 256

3×3conv, 256

3×3conv, 512

3×3conv, 512

3×3conv, 512

3×3conv, 512

3×3conv, 512

3×3conv, 512

3×3conv, 64
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Figure 3.3: Network architecture of U-Net with VGG16 encoder [1].
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A loss function used for training segmentation models is given by

Loss = 1 − sensitivity × speci f icity, (3.1)

sensitivity =
T P

T P + FN
, (3.2)

speci f icity =
T N

T N + FP
. (3.3)

In the equation, true positive (TP) and true negative (TN) means the number of

pixels correctly predicted as nerves and non-nerves, false positive (FP) and false

negative (FN) means the number of pixels wrongly predicted as nerves and non-

nerves, respectively. The Adam optimizer [7] with β1 = 0.9, β2 = 0.999, and a

learning rate of 0.001 was used. The author utilized He’s initialization method [8] to

initialize the parameters of convolution layers. The maximum number of epochs that

determined the number of the training process was set as 200. The early stopping

with the number 20 was also used, where the training was finished when validation

loss was not updated for 20 consecutive epochs. The data augmentation of horizontal

and vertical flip and rotation (90 and 180 degrees) was used to prevent overfitting.

3.2.3 Evaluation of the effect of transfer learning

Multiple tests were conducted for assessing the performance of three schemes (Scheme

I–III). Scheme I means the training of U-Net using CARS images from scratch.

Scheme II means the training of U-Net with VGG16 encoder using CARS endo-

scopic images. Scheme III means the pre-training of U-Net with VGG16 encoder

using fluorescence images and fine-tuning CARS endoscopic images. The Bonferroni-

Holm method corrects a significant level for multiple comparisons. The performance

between Scheme III and III’ was tested. Scheme III’ means the addition of ensemble

learning and median filtering to Scheme III.

The evaluation metrics of mean accuracy and F1 value were used to quantitatively
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assess the nerve segmentation quality. These metrics are expressed as

meanaccuracy =
sensitivity + speci f icity

2
, (3.4)

F1value =
2 × sensitivity × speci f icity

sensitivity + speci f icity
, (3.5)

precision =
T P

T P + FP
. (3.6)

Sensitivity and precision were calculated from all output images in a one-fold test

set. This is because TP and FN become 0 for the images including only non-nerve

areas. The paired t-test (two-sided test) was used to compare the performance on

the same dataset.

The metric of F1 value is a key indicator for evaluating performance. F1 value,

called the Dice coefficient, is composed of a harmonic mean of sensitivity (recall) and

precision. A higher value of both metrics is needed to extract nerve areas without

excess or deficiency.

The pre-training of the fluorescence images was assessed using 10-fold cross-

validation. The 1,818 fluorescence images were divided into 10 folds randomly. One

fold in 10 folds was used as the test set, which was not related to the pre-training.

The other fold and the eight folds were assigned as the validation and training sets,

respectively. The pre-training was repeated until each fold in nine folds except for

the test set was used as the validation set. Therefore, the training was conducted

9 times. The author evaluated the performance by the averaged metrics of the nine

models.

The training with the CARS endoscopic images was assessed using 8-fold nested

cross-validation [9]. The 24 CARS endoscopic images were divided into 8 folds ran-

domly. The training was repeated until each fold in eight folds was used as the test

and validation sets. Therefore, the training was conducted 56 times. The author
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evaluated the performance by the averaged metrics of the 56 models.

In scheme III’, ensemble learning and median filter were applied. An overview

of ensemble learning was depicted in Fig. 3.4. A total of 56 models were generated

after 8-fold nested cross-validation. These models were divided into 8 groups (each

group is marked with a red rectangle); each group had the same test set and a slightly

different training set. The output images for each group were made by a majority

decision of the outputs from the 7 models and filtered by a median filter with a 37×37

kernel.
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Figure 3.4: Overview of ensemble learning (majority voting strategy) [1].

The results of nerve segmentation with three learning schemes are shown in Fig.

3.5. The columns of Input and Ground truth show the input and ground truth images

of CARS images. The column of Scheme I shows the output images of the U-Net

trained with only CARS endoscopic images from scratch. The column of Scheme

II presents the output images of the U-Net with the VGG16 model whose decoder

was trained with CARS endoscopic images. The column of Scheme III displays the

output images of the U-Net with the VGG16 model whose decoder was trained with

fluorescence images and CARS endoscopic images. The column of Scheme III’ shows

the output images with ensemble learning and median filtering applied to the images

of Scheme III. In Scheme I, excess non-nerve areas are determined to be nerve areas.

Conversely, there were cases where many regions were predicted to be non-nerve

tissues (not shown). Scheme II and Scheme III improve the segmentation quality

than Scheme I. These results indicate that applying the VGG16 encoder (Scheme

II) improves nerve extraction and pre-training with the fluorescence images (Scheme

III) further boosts the performance. In addition, the post-processing (Scheme III’)

enhances the smoothness of nerve extraction.
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The evaluation metrics are summarized in Table 3.1. The four evaluation metrics

of the mean accuracy and F1 value, and sensitivity, specificity, and precision are

shown. Scheme II indicates a significantly higher performance than Scheme I in

all evaluation metrics (Bonferroni-Holm corrected significance level: p = 0.0167 for

specificity and p = 0.0250 for the other metrics). Scheme III also shows a significantly

better segmentation quality than Scheme I (Bonferroni-Holm corrected significance

level: p = 0.0250 for specificity and p = 0.0167 for the other metrics). These results

indicate that the VGG16 encoder improves the performance of nerve extraction. The

value of the mean accuracy and F1 value in Scheme III has significantly higher values

than that in Scheme II (Bonferroni-Holm corrected significance level: p = 0.05).

The other metrics (sensitivity, specificity and precision) of Scheme III tended to be

higher than those of Scheme II. In addition to the VGG16 encoder, the training

with fluorescence images enhances the performance. Although Scheme III’has no-

significant differences from Scheme III, the average and the standard deviations of all

evaluation metrics for Scheme III’were better than those of Scheme III. The ensemble

learning and post-processing in Scheme III’ tend to improve the performance from

Scheme III.

Table 3.1: Evaluation results of nerve segmentation with four learning schemes [1].
learning scheme p value

Evaluation
metric I II III III’

I
vs
II

I
vs
III

II
vs
III

III
vs
III’

sensitivity 0.689
±0.391

0.949
±0.056

0.962
±0.054

0.977
±0.025

<0.01<0.010.14 0.16

specificity 0.843
±0.147

0.930
±0.046

0.937
±0.054

0.947
±0.030

<0.01<0.010.33 0.19

precision 0.469
±0.239

0.719
±0.123

0.752
±0.118

0.772
±0.061

<0.01<0.010.06 0.13

mean ac-
curacy

0.766
±0.156

0.939
±0.026

0.950
±0.031

0.962
±0.014

<0.01<0.010.03 0.06

F1 value 0.469
±0.243

0.809
±0.083

0.837
±0.085

0.860
±0.034

<0.01<0.010.03 0.05

62



The effect of pre-training with fluorescence images was investigated. Fluorescence

images offer similar images to CARS images because the fluorescence images map

the lipid distribution which is also visualized in CARS images using CH2 symmetric

stretching vibration. The author explored nerve segmentation with a small dataset of

CARS endoscopic images by compensating the amount of dataset using fluorescence

images. It is found that pre-training with fluorescence images made the quality of

nerve segmentation higher in accuracy. Such pre-training using the other imaging

modality might be useful for introducing coherent Raman imaging into medical set-

tings. In addition to nerve visualization, label-free CARS imaging has the potential

for in situ definitive diagnosis because the key feature of cell nuclei is visualized in a

label-free manner [10–12]. Medical applications of CARS imaging will increase in the

future. Of course, in medical applications, image analysis and diagnostic assistance

with deep learning are expected. It is very laborious to prepare a large number of

CARS images from scratch. The transfer learning from fluorescence images would be

an alternative to acquiring a large amount of CARS images. A stock of fluorescent

images already acquired can be used for pre-training, and it is easier to prepare flu-

orescence images than CARS images because fluorescence microscopy is widespread

enough. Therefore, the transfer learning method from fluorescence images will ease

the barriers to the adoption of CARS imaging in medical settings.

More multiple models with ensemble learning will improve the performance of

nerve segmentation. The performance of the majority decision shown in Table 3.1

was calculated from seven models. In the actual implementation, all 56 models can

be used for the majority decision. It takes 549 ms to conduct the majority decision

of 56 models using the present PC environment. Therefore, it is expected that the

performance of the majority decision from 56 models outperforms the present results.

One of the other problems to be solved is the long acquisition time of CARS imaging.

The waiting time to acquire CARS images may interfere with surgery. The author

believes that nerve segmentation from CARS images with a low signal-to-noise ratio

will bring CARS rigid endoscopes to practical use. When the waiting time decreases,
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the processing time would be a problem. There are two solutions for reducing the

processing time. The first solution is reducing the number of convolutional layers.

This is called hyperparameter tuning. The U-Net models with various numbers of

convolution layers and depths are shown in Fig. 3.6. The U-Net with depth 4 is a base

model. The U-Net2 and U-Net3 have a lower number of convolutional layers than the

base model. The models with depth 3 have a lower number of max pooling layers. It

is important to choose several layers that balance performance and processing time.
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Figure 3.6: U-Net models for hyperparameter tuning. U-Net with depth 4 is a base
model.
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The second solution is using depthwise separable convolution layers shown in Fig.

3.7 [13]. The standard convolution is replaced by two convolutions (depthwise con-

volution and pointwise convolution). When the kernel size is 3, the computational

costs are reduced by a factor of about 9.

*

*

*

(b) normal convolution

(c) depthwise convolution

(d) pointwise convolution
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K
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N

N
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(a) schematic

Figure 3.7: Schematic of depthwise separable convolution. F; the size of output
images, K; the kernel size, M; the size of input images, N; the number of channels
for input images, P; the number of channels for output images. The computational
cost of standard convolution is ((K × K × N) × F × F) × P. The computational cost of
depthwise convolution is ((K × K) × F × F) × N. The computational cost of pointwise
convolution is ((1 × 1 × N) × F × F) × P.

The results for hyperparameter tuning with the depthwise separable convolution using

fluorescence images are summarized in Table 3.2. The average of F1 scores are shown.

The values in the parentheses after the F1 scores are the ratio of processing time when

U-Net with the standard convolution is set to 1. In comparison between U-Net with

standard convolution with BN and U-Net with depthwise separable convolution, the

results show that the processing time was reduced while performance was maintained.
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The combination of hyperparameter tuning and depthwise convolution reduced the

processing time by about one-third.

Table 3.2: The result for hyperparameter tuning with depthwise separable convolu-
tions using fluorescence images.
model U-Net U-Net2 U-Net3
standard convolution with BN 0.853 (1.00) 0.846 (0.85) 0.835 (0.53)
depthwise separable convolution 0.858 (0.54) 0.851 (0.50) 0.844 (0.35)
standard convolution with BN (depth 3) 0.834 (0.77) 0.837 (0.67) 0.819 (0.43)
depthwise separable convolution (depth 3) 0.838 (0.48) 0.827 (0.45) 0.809 (0.31)
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3.3 Conclusion

The nerve segmentation of CARS endoscopic images using the deep learning model

was demonstrated. The usage of the VGG16 encoder part which was trained with

the ImageNet dataset improved the nerve segmentation performance. The enhanced

performance of nerve segmentation by transfer learning is similar to a previous report

[6]. further improved the performance. The high performance of nerve segmentation

(a mean accuracy of 0.962 and an F1 value of 0.860) was achieved. A tendency for the

output images to have larger nerve areas than ground truth images was confirmed. In

terms of nerve preservation, this tendency seems to be preferable to underestimating

the nerve areas.

Deep learning achieved remarkably high performance of automated nerve segmen-

tation from label-free CARS rigid endoscopic images. CARS images have not only

nerves but also other tissues distribution because CH2 symmetric stretching vibration

is included in other tissues. The evaluation metrics (a mean accuracy of 0.962 and an

F1 value of 0.860) indicate the deep learning model trained with a few CARS images

allowed for predicting correctly nerve areas. The author believes that CARS imaging

with automated nerve segmentation will contribute to intraoperative nerve-sparing.
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Chapter 4

Accelerating CARS endoscopic

imaging rate using nerve

segmentation

4.1 Introduction

. In this chapter, the author investigates the acceleration of the nerve imaging rate

using segmentation. In general, semantic segmentation is used to label multiple

objects in images with pixel-pixel level for a wide range of applications [1]. In the

previous chapter, nerve segmentation is demonstrated for CARS endoscopic images

obtained at a low imaging rate. The demonstration of nerve segmentation from CARS

images with a considerably low signal-to-noise ratio obtained at a high imaging rate

means the acceleration of the imaging rate. For segmentation, the author evaluates

the acceleration of the imaging rate using the CIR with F1 value. This chapter is

based on the following publication:

This chapter is based on the following publication:
Naoki Yamato, Hirohiko Niioka, Jun Miyake, and Mamoru Hashimoto Naoki Yamato, Hirohiko Ni-
ioka, Jun Miyake, and Mamoru Hashimoto, ”Near real-time nerve visualization using coherent Ra-
man scattering rigid endoscope and deep learning-based image processing for nerve-sparing surgery,”
Proc. SPIE, Biomedical Vibrational Spectroscopy 2022: Advances in Research and Industry, 11957,
119570B, (2022).
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Naoki Yamato, Hirohiko Niioka, Jun Miyake, and Mamoru Hashimoto, ”Near real-

time nerve visualization using coherent Raman scattering rigid endoscope and deep

learning-based image processing for nerve-sparing surgery,” Proc. SPIE, Biomedical

Vibrational Spectroscopy 2022: Advances in Research and Industry, 11957, 119570B,

(2022).
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4.2 Training of nerve segmentation from images

with low signal-to-noise ratio

4.2.1 CARS imaging

Additional CARS images were obtained using the same setup in chapter 3. To eval-

uate the improvement of the imaging rate, 100 nerve images at an imaging rate of

0.625 frames per second were obtained at each position. As a result, 3600 images at

36 positions were acquired. The CARS images were divided into 6 folds (each fold

has 600 images at 6 positions).

4.2.2 Training of nerve segmentation

The U-Net architecture [2,3] was used for training nerve segmentation. As in chapter

2, the weight of a VGG16 encoder was used as the encoder part of U-Net [4]. The

batch normalization layers were applied to the convlution layers except for the VGG16

encoder. The threshold of 0.5 was applied to binarize the predicted images. The loss

function is provided by Eq. 3.1. The Adam optimizer [5] with β1 = 0.9, β2 = 0.999,

and a learning rate of 0.001 and mini-batch number of 32 were used. The He’s

initialization method [6] was utilized to initialize the parameters of convolution layers.

The maximum number of epochs was set as 200. The early stopping with the number

20 was also used. The data augmentation of shuffle, random cropping, random flip

(horizontal and vertical) and rotation (90 and 180 degrees) was used to prevent

overfitting. The size of cropping was 192 × 192 pixels (the original size of the images

is 256 × 256 pixels). By random cropping, the author cropped 16 images per image

for training fluorescence images and 16 images per image for training CARS images,

respectively.

The fluorescence images were used as pre-training. A total of 1818 fluorescence

images were divided into 10 folds. The performance of nerve segmentation was eval-

uated using 10-fold cross-validation. In 10-fold cross-validation, 9 times of training
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were conducted (different validation set was used at each training). The author eval-

uated the performance by F1 value. The model showing the highest F1 value was

used for transfer learning of CARS images.

For training CARS images, 6-fold nested cross-validation was used. The author

compared 5 training schemes using the averaged evaluation metrics over a total of 30

models. Scheme I means that a U-Net model was trained with CARS images only

from scratch. Scheme II means that a U-Net model was pre-trained with fluorescence

images and fine-tuned with CARS images. Scheme III means that a U-Net with a

VGG16 encoder was pre-trained with or without fluorescence images and fine-tuned

with CARS images. It is different to use CARS images with a low signal-to-noise

ratio (SNR). In training CARS images, the accumulation number of input images was

randomly selected from 100 (exposure time; 160 s) to 1 (exposure time; 1.6 s). It is

called random averaging in this chapter. And the frames used for random averaging

were randomly extracted from 100 frames. It is called a random frame in this chapter.

4.3 Evaluation of the improvement of imaging rate

The result of nerve segmentation for each scheme is shown in Fig. 4.1 and Table

4.1. The horizontal and vertical axes mean the exposure time and the averaged F1

values, respectively. The standard deviation is not shown in Fig. 4.1 and is sum-

marized in Table 4.1 because the visibility becomes lowered. Scheme I is depicted

as UNetBN_fromScratch (blue plots) in Fig. 4.1. This result indicates that the

nerve segmentation for low SNR images has a sufficient performance over F1 value

of 0.8. Scheme II is depicted as UNetBN_fluo_alltuning and UNetBN_fluo_fixhalf

(orange and green plots) in Fig. 4.1. The ”alltuning” means that all weights of

convolution layers were updated in training CARS images. On the other hand, the

”fixhalf” means that weights in the first half of the convolution layers of U-Net were

fixed and those in the second half of the convolution layers were updated in training

CARS images. Scheme II shows a significantly higher performance than Scheme I
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for all exposure times. It is found that the pre-training using fluorescence images is

effective to improve the performance of nerve segmentation for high SNR images as

well as low SNR images. Scheme III is depicted as VGGUNetBN_fixhalf and VG-

GUNetBN_fixhalf_fluo_alltuning (red and purple plots) in Fig. 4.1. The U-Net with

VGG encoder shows lower performance than Scheme II (UNetBN_fluo_alltuning).

This trend is considered due to the difference between datasets in training VGG and

nerve segmentation. VGG16 is trained for classification tasks using an ImageNet

dataset with high SNR. The low SNR images are not included in this dataset. There-

fore, it is considered that the VGG16 encoder does not work well for low SNR images.

As a result, Scheme II using fluorescence and CARS images show the highest perfor-

mance for low SNR images. For nerve segmentation, CIRF1 is defined as the fastest

imaging rate satisfying F1 ≥ 0.8. This threshold is a criterion required for medical

images [7–10]. The F1 value for Scheme II already got over the criterion of 0.8 at

the shortest exposure time. The CIRF1 is calculated as 0.625 fps from the shortest

exposure time of 1.6 s.
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Figure 4.1: Results of nerve segmentation with three learning schemes. Scheme I
is depicted as UNetBN_fromScratch (blue plots). Scheme II is depicted as UN-
etBN_fluo_alltuning and UNetBN_fluo_fixhalf (orange and green plots). Scheme
III is depicted as VGGUNetBN_fixhalf and VGGUNetBN_fixhalf_fluo_alltuning
(red and purple plots). The averaged F1 values are plotted (the standard deviations
are not shown because the visibility becomes lowered). The standard deviations are
summarized in Table 4.1.
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The segmentation results are shown in Fig. 4.2 and 4.3. Figure 4.2 and 4.3

show the predicted images with low and high F1 values, respectively. The ground

truth images are in the lowest row. The exposure time of the input CARS images

increases from the left column to the right column. You can see that the nerves in

input images become clearer in proportion to the exposure time in Fig. 4.2 and 4.3.

The models using the fixed weights of the encoder part in UNetBN_fluo_fixhalf and

VGGUNetBN_fixhalf show the deteriorated predicted images for all exposure times.

In Fig. 4.3, better segmentation performance was obtained, regardless of the learning

schemes.
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To investigate the dependence on the number of CARS images, the models trained

with 24, 12, and 6 images were prepared. These results are summarized in Fig. 4.4

and Table 4.2, 4.3, and 4.4. The author compared the average F1 values for the same

three test sets (each test set has 2 validation sets). Scheme I which shows the highest

performance in Fig. 4.1, also has better performance in all numbers of training in Fig.

4.4(a)–(c). On the other hand, Scheme III (VGGUNetBN_fluo_fixhalf_alltuning)

depends on the number of training datasets.

(a) �� images (b) �� images

(c) � images

Figure 4.4: Results of nerve segmentation with various training sets. (a) the result
for training 24 images. (b) the result for training 12 images. (c) the result for training
6 images.
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The nerve segmentation has the potential to accelerate the imaging rate. The

Scheme II using fluorescence images as pre-training (UNetBN_fluo_alltuning) in Fig.

4.1 indicates that the exposure time (1.6 s) of CARS images is sufficient to conduct

nerve segmentation. The margin between scheme I (”UNetBN_fromScratch”) and

scheme II (”VUNetBN_fluo_alltuning”) indicates the possibility of more acceleration

for the exposure time (less than 1.6 s).

The effect of data augmentation using random frame and random averaging on

nerve segmentation performance is investigated. The results of training using CARS

images (only accumulation number 1) with or without random frames are shown in

Fig. 4.5(a). When using only CARS images (labeled as ”CARS” and ”CARS (ran-

dom frame)”), random frame boosts the nerve segmentation performance except for

the shortest exposure time. In this training, the model learns from CARS images

for only the shortest exposure time. The augmentation of random frames means

using images with a slightly different noise distribution in the same imaging win-

dow. The use of many noise distribution patterns would boost the generalization of

segmentation models. The results of training using CARS images without (only accu-

mulation number 1) or with random averaging (accumulation number from 1 to 100)

are shown in Fig. 4.5(b). Random averaging also improves the nerve segmentation

performance, as does the random frame. For example, when using only CARS images

without (blue) or with (orange) random averaging, the nerve extraction performance

for CARS images obtained for a long exposure time increases. This trend is observed

for the model ”CARS+fluo” and ”CARS+fluo+VGG”. These results indicate that it

is useful to use the augmentation of random frames and random averaging for small

datasets.
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(a) Comparison of random frame

(b) Comparison of random averaging

Figure 4.5: Comparison between training using different datasets. (a) comparing
training with or without random frames. (b) comparing training with or without
random averaging.
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4.4 Comparison of imaging acceleration between

denoise and segmentation

The author evaluated the improvement of imaging speed by noise reduction for the

same dataset. CIRsegmentation and CIRdenoise were used to compare imaging rates. The

CIRdenoise was calculated from the same procedure in chapter 2. The exposure times

of CARS images used for training were 1.6, 3.2, 4.8, 6.4, 8.0, 16, 24, 32, 48, 56,

64, 80, and 128 s. The averaged evaluation metrics are plotted in Fig. 4.6(a). The

evaluation metrics for raw images and denoised images are plotted as blue and orange

dots, respectively. The quality of denoised images increases for a short exposure time.

The criteria of PSNR = 30 and SSIM = 0.8 are the red dashed lines in each plot. The

CIRPS NR and CIRS S IM were calculated from the cross points between the fitting curves

and the criterion. The CIR for raw images and denoised images is 0.68 images/min

and 0.79 images/min, respectively. The CIRPS NR and CIRS S IM for raw images are 0.54

images/min and 0.92 images/min. The CIRPS NR and CIRS S IM for denoised images are

0.57 images/min and 1.28 images/min. The imaging speed becomes 1.2 times faster

using denoising. The denoised CARS images are shown in Fig. 4.6(b). The fiber-like

shape indicates a peripheral nerve. The denoised image for an exposure time of 1.6

s is more blurred compared with an exposure time of 48 s. The images satisfying

SSIM=0.8 (the raw image obtained for the exposure time of 56 s and the denoised

image obtained for the exposure time of 48 s in Fig. 4.6(b)) are indistinguishable

from the GT image.

The degree of imaging rate acceleration is lower than in the previous report [11].

The author considers that the signal-to-noise ratio of input images is different. The

averaged scores of PSNR for raw images at an exposure time of 1.6 s are 6.25 dB and

14.94 dB for new CARS images and the previous paper, respectively. More exposure

time would be required to achieve sufficient signal-to-noise of CARS images. The

author considers that the laser source’s pulsing condition was not much better than

the previous report, which degrades the scattering efficiency of CARS. The power of
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the excitation laser sources was similar to the previous report [11].

The improvement of the imaging rate using segmentation gets 47.5 times higher

than using denoising comparing CIRsegmentation and CIRdenoise. This result indicates

nerve segmentation is more robust to the SN ratio of the input images.

input
images

1.6 s 48 s 56 s

output
images

GT
image

(b)
exposure time

(a)

Figure 4.6: Denoising results of nerve images obtained with the CARS endoscopy [12].
(a) The averaged PSNR and SSIM for each exposure time. The points and error bars
show the average and standard deviation of the evaluation metric, respectively. The
blue and orange plots indicate the row image without denoising and the processed
image with denoising. The red dashed lines are the criteria required for medical
images (PSNR=30, SSIM=0.8). (b) Denoised CARS images. GT: ground truth,
PSNR; peak signal-to-noise ratio, SSIM: structural similarity.
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4.5 Generalization performance for the images with-

out nerve tissues

The author evaluated the generalization performance of nerve segmentation using

CARS images with non-nervous tissues. Five CARS images, including adipose tissues,

were used. The averaged F1 scores are summarized in Table 4.5. This result shows

the higher generalization performance for non-nervous tissues.

Table 4.5: The result for hyperparameter tuning with depthwise separable convolu-
tions using fluorescence images.

model 1.6 s 320 s
UNetBN fromScrach 0.994±0.007 0.993±0.008
UNetBN fluo alltuning 0.989±0.017 0.991±0.014
VGGUNetBN fixhalf fluo alltuning 0.989±0.013 0.990±0.010
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4.6 Conclusion

The author applied nerve segmentation to CARS images with a low SNR. As in

chapter 2, pre-training using fluorescence images enhanced the performance signif-

icantly. Unlike chapter 2, the usage of the VGG16 encoder did not contribute to

the performance improvement in nerve segmentation. It is considered that a VGG16

encoder did not work well because the dataset of VGG16 has an exceedingly different

SNR from the CARS images obtained at a high imaging rate. As a result, the nerve

segmentation using the U-Net model trained with fluorescence images and CARS

images shows the sufficient performance of F1 value > 0.8 for CARS images with a

low SNR. The segmentation boosted the imaging rate by a factor of about 5 times

than denoising. Therefore, image processing with deep learning enables acceleration

by a factor of 25 than row CARS endoscopic imaging.
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Conclusion

The author demonstrated that denoising using deep learning improves the imaging

rate of CARS rigid endoscope. Three denoising models were compared using CARS

microscopic images to select the optimal model for denoising of nerve images. N2N

shows the highest performance quantitatively and qualitatively. It is found that N2N

fine-tuned with CARS endoscopic images restored the detailed nerve structure faith-

fully. The author proposed the critical imaging rate (CIR) to assess the improvement

of the imaging rate. According to CIR, the imaging rate was improved by a factor of

5 times from 1.4 images/min to 7.0 images/min.

The nerve segmentation from CARS endoscopic images with deep learning was

demonstrated. The VGG16 encoder improved the nerve segmentation performance.

The enhanced performance of nerve segmentation by transfer learning is similar to

a previous report [?]. A mean accuracy of 0.962 and an F1 value of 0.860 mean the

achievement of high performance. A trend for the predicted images to have larger

nerve areas than ground truth images was confirmed. In terms of nerve preservation,

this tendency seems to be preferable to underestimating the nerve areas.

The author applied nerve segmentation to CARS images with a low SNR. As in

chapter 3, pre-training using fluorescence images enhanced the performance signif-

icantly. Unlike chapter 3, the usage of the VGG16 encoder did not contribute to

the performance improvement in nerve segmentation. It is considered that a VGG16

encoder did not work well because the dataset of VGG16 has an exceedingly different

SNR from the CARS images obtained at a high imaging rate. As a result, the nerve

segmentation using the U-Net model trained with fluorescence images and CARS
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images shows the sufficient performance of F1 value > 0.8 for CARS images with a

low SNR. Therefore, image processing with deep learning enables acceleration by a

factor of 47.5 than raw CARS endoscopic imaging. The trade-off between FOV and

frame rate would be overcome using deep learning shown in Fig. 4.7.
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Figure 4.7: Benchmark of coherent anti-Stokes Raman scattering endoscopy. The NA
is shown on the right side of the citation number. The graph indicates the trade-off
relationship between FOV and fps. As the NA increases, the fps increase because
CARS is induced more efficiently using the higher objective lens. However, the FOV is
limited using the higher NA objective lens. The image processing with deep learning
overcomes the trade-off relationship between FOV and fps.
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Appendix

A. Source code of measurement GUI for deep learn-

ing using python

Figure A.1 shows a graphical user interface for acquiring CARS images and process-

ing deep-learning models using python. The source code is shown on the next page.

In 1⃝, the scanning area with a galvanometer scanner (Xmin, Xmax, Ymin, Ymax),

accumulation number (AccNum), repetition number (repeatNum), pixel size (pixel-

Num), and scanning speed (ScanFreq) are set. In 2⃝, the checkbox selects the active

image window shown in 3⃝. CH0, CH1, and seg_is mean transmission image acqui-

sition, CARS image acquisition and segmentation from CARS image, respectively.

In 3⃝, the acquired images are shown in each window. In 4⃝, the color scale of the

CARS image window is controlled. In 5⃝, SignalAcquire, Abort, and CloseWindow

mean starting acquiring images, stopping the scanning program, and closing the GUI

panel, respectively. In 6⃝, acquired images are saved in a directory of the textbox.
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① ②

③

④

⑥⑤

Figure A.1: GUI panel for acquiring CARS images and processing deep learning
models using python.
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1 import csv

2 from distutils.util import strtobool

3 import os

4 import pathlib

5 import time

6 import tkinter as tk

7 import tkinter.ttk as ttk

8 import threading

9

10 import cv2

11 import matplotlib.pyplot as plt

12 from matplotlib.backends.backend_tkagg import FigureCanvasTkAgg

13 import matplotlib.cm as cm

14 from matplotlib.colors import Normalize

15 import mpl_toolkits.axes_grid1

16 import nidaqmx

17 from nidaqmx import constants

18 from nidaqmx.constants import AcquisitionType, Edge, Slope

19 from nidaqmx.stream_readers import AnalogMultiChannelReader

20 from nidaqmx.stream_writers import AnalogMultiChannelWriter

21 from nidaqmx.stream_readers import AnalogSingleChannelReader

22 import numpy as np

23 import torch

24

25 from segmentation_model20210516 import UNet_VGG, UNets, UNet

26

27 def WriteConstVoltage(DevName, channel, voltage):

28 '''set constant voltage for 1 channel

29 Args:

30 DevName (str): device name (ex. dev1, dev2)

31 channel (str): analog output channel (ex. ao0, ao1)

32 voltage (float): output voltage [V]

33 '''

34 with nidaqmx.Task() as task:

35 task.ao_channels.add_ao_voltage_chan('{}/{}'.format(DevName, channel))

36 task.write(voltage)

37

38 class Application(tk.Frame):

39 def __init__(self, master):

40 super().__init__(master)

41 self.master = master

42 # window size

43 self.width = 1100
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44 self.height = 1000

45 # image window size

46 self.canvas_width = 400

47 self.canvas_height = 350

48 # interval for updating image window

49 self.after_time = 100 # [ms]

50

51 self.master.geometry('{}x{}'.format(self.width,self.height))

52 self.master.title('SignalAcquirePanel ')

53

54 # initialize img

55 self.img_list = []

56 for i in range(3):

57 self.img_list.append(np.random.rand(256 * 256).reshape([256, 256]))

58 self.img_save_factor = 50

59 self.createWidgets()

60

61 def createWidgets(self):

62 '''create GUI panel'''

63 # setting style

64 s = ttk.Style()

65 s.configure('my.TLabel', font=('RictyDiminished-Regular', 12, 'bold'))

66 s.configure('my.TButton', font=('RictyDiminished-Regular', 12, 'bold'))

67 s.configure('my.TCheckbutton', font=('RictyDiminished-Regular', 12, 'bold'))

68

69 # scan configuretaion

70 ScanRange_label = ttk.Label(self.master,

71 font=('RictyDiminished', '14', 'bold'),

72 text='Scan config')

73 ScanRange_label.grid(row=0, column=0, columnspan=4)

74

75 label_pad = 8

76 # Xmax (galvano)

77 self.Xmax_label = ttk.Label(self.master,

78 style='my.TLabel',

79 text='Xmax[V]',

80 padding=[0,label_pad,0,label_pad])

81 self.Xmax_label.grid(row=1, column=0, sticky=tk.E)

82 self.Xmax_str = tk.StringVar()

83 self.Xmax_entry = ttk.Entry(self.master,

84 textvariable=self.Xmax_str,

85 width=10)

86 self.Xmax_entry.grid(row=1, column=1, sticky=tk.W)

87
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88 # Xmin (galvano)

89 self.Xmin_label = ttk.Label(self.master,

90 style='my.TLabel',

91 text='Xmin[V]',

92 padding=[0,label_pad,0,label_pad])

93 self.Xmin_label.grid(row=2, column=0, sticky=tk.E)

94 self.Xmin_str = tk.StringVar()

95 self.Xmin_entry = ttk.Entry(self.master,

96 textvariable=self.Xmin_str,

97 width=10)

98 self.Xmin_entry.grid(row=2, column=1, sticky=tk.W)

99

100 # Ymax (galvano)

101 self.Ymax_label = ttk.Label(self.master,

102 style='my.TLabel',

103 text='Ymax[V]',

104 padding=[0,label_pad,0,label_pad])

105 self.Ymax_label.grid(row=3, column=0, sticky=tk.E)

106 self.Ymax_str = tk.StringVar()

107 self.Ymax_entry = ttk.Entry(self.master,

108 textvariable=self.Ymax_str,

109 width=10)

110 self.Ymax_entry.grid(row=3, column=1, sticky=tk.W)

111

112 # Ymin (galvano)

113 self.Ymin_label = ttk.Label(self.master,

114 style='my.TLabel',

115 text='Ymin[V]',

116 padding=[0,label_pad,0,label_pad])

117 self.Ymin_label.grid(row=4, column=0, sticky=tk.E)

118 self.Ymin_str = tk.StringVar()

119 self.Ymin_entry = ttk.Entry(self.master,

120 textvariable=self.Ymin_str,

121 width=10)

122 self.Ymin_entry.grid(row=4, column=1, sticky=tk.W)

123

124 # AccNum

125 self.AccNum_label = ttk.Label(self.master,

126 style='my.TLabel',

127 text='AccNum')

128 self.AccNum_label.grid(row=1, column=2, sticky=tk.E)

129 self.AccNum_str = tk.StringVar()

130 self.AccNum_entry = ttk.Entry(self.master,

131 textvariable=self.AccNum_str,
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132 width=10)

133 self.AccNum_entry.grid(row=1, column=3, sticky=tk.W)

134

135 # repeatNum

136 self.repeatNum_label = ttk.Label(self.master,

137 style='my.TLabel',

138 text='repeatNum')

139 self.repeatNum_label.grid(row=2, column=2, sticky=tk.E)

140 self.repeatNum_str = tk.StringVar()

141 self.repeatNum_entry = ttk.Entry(self.master,

142 textvariable=self.repeatNum_str,

143 width=10)

144 self.repeatNum_entry.grid(row=2, column=3, sticky=tk.W)

145

146 # pixelNum

147 self.pixelNum_label = ttk.Label(self.master,

148 style='my.TLabel',

149 text='pixelNum')

150 self.pixelNum_label.grid(row=3, column=2, sticky=tk.E)

151 self.pixelNum_str = tk.StringVar()

152 self.pixelNum_entry = ttk.Entry(self.master,

153 textvariable=self.pixelNum_str,

154 width=10)

155 self.pixelNum_entry.grid(row=3, column=3, sticky=tk.W)

156

157 # ScanFreq (when using 2 chans; max200, when using 1 chan; max400)

158 self.ScanFreq_label = ttk.Label(self.master,

159 style='my.TLabel',

160 text='ScanFreq')

161 self.ScanFreq_label.grid(row=4, column=2, sticky=tk.E)

162 self.ScanFreq_str = tk.StringVar()

163 self.ScanFreq_entry = ttk.Entry(self.master,

164 textvariable=self.ScanFreq_str,

165 width=10)

166 self.ScanFreq_entry.grid(row=4, column=3, sticky=tk.W)

167

168 # checkbutton selecting channel and whether using segmentation or not

169 self.CH0_is = tk.BooleanVar()

170 self.CH0_is.set(True)

171 self.CH0_checkbox = ttk.Checkbutton(self.master,

172 text='CH0',

173 onvalue=True,

174 offvalue=False,

175 variable=self.CH0_is,

100



176 style='my.TCheckbutton',

177 )

178 self.CH0_checkbox.grid(row=1, column=5, sticky=tk.W)

179 self.CH1_is = tk.BooleanVar()

180 self.CH1_is.set(True)

181 self.CH1_checkbox = ttk.Checkbutton(self.master,

182 text='CH1',

183 onvalue=True,

184 offvalue=False,

185 variable=self.CH1_is,

186 style='my.TCheckbutton',

187 )

188 self.CH1_checkbox.grid(row=2, column=5, sticky=tk.W)

189 self.seg_is = tk.BooleanVar()

190 self.seg_is.set(True)

191 self.seg_checkbox = ttk.Checkbutton(self.master,

192 text='seg_is',

193 onvalue=True,

194 offvalue=False,

195 variable=self.seg_is,

196 style='my.TCheckbutton',

197 )

198 self.seg_checkbox.grid(row=3, column=5, sticky=tk.W)

199

200 # weight dir

201 # self.weight_str = tk.StringVar()

202 # self.weight_entry = ttk.Entry(self.master, textvariable=self.weight_str, width=30)

203 # self.weight_entry.grid(row=1, column=7, columnspan=3, sticky=tk.W)

204 # model type

205 self.segModel_str = tk.StringVar()

206 self.segModel_combo = ttk.Combobox(self.master,

207 textvariable=self.segModel_str,

208 style='my.TCombobox',

209 width=70)

210 self.segModel_combo['values'] = \

211 ['20221126_SensSpecLoss(smooth1e -8)_UNetBN_fluo_newCARS_randAV_randFrame_fixhalf ']

212 self.segModel_combo.current(0)

213 self.segModel_combo.place(x=500, y=20)

214

215

216 # Save dir

217 self.SaveOneImage_str = tk.StringVar()

218 self.SaveOneImage_entry = ttk.Entry(self.master,

219 textvariable=self.SaveOneImage_str,
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220 width=30)

221 self.SaveOneImage_entry.grid(row=7, column=4, columnspan=2, sticky=tk.E)

222 self.SaveMovieImage_str = tk.StringVar()

223 self.SaveMovieImage_entry = ttk.Entry(self.master,

224 textvariable=self.SaveMovieImage_str,

225 width=30)

226 self.SaveMovieImage_entry.grid(row=8, column=4, columnspan=2, sticky=tk.W)

227

228 # Frame settings

229 self.CanvasFrame_list = []

230 for i in range(3):

231 self.CanvasFrame_list.append(tk.Frame(self.master, bd=4, relief=tk.GROOVE))

232 self.frame_1 = tk.Frame(self.master, bd=4, relief=tk.RAISED)

233 self.frame_2 = tk.Frame(self.master, bd=4, relief=tk.RAISED)

234 self.frame_3 = tk.Frame(self.master, bd=4, relief=tk.RAISED)

235 self.frame_4 = tk.Frame(self.master, bd=4, relief=tk.RAISED)

236 self.frame_5 = tk.Frame(self.master, bd=4, relief=tk.RAISED)

237 self.frame_6 = tk.Frame(self.master, bd=4, relief=tk.RAISED)

238 # self.frame_7 = tk.Frame(self.master, bd=4, relief=tk.RAISED)

239

240 # widget settings

241 self.title_list = ['CH0:Trans', 'CH1:CARS', 'CH2:Segmentation ']

242 self.canvas_list = []

243 self.fig_list = []

244 self.ax_list = []

245 self.pcolor_list = []

246 for i, title in enumerate(self.title_list):

247 fig, ax, pcolor = self.init_plot(self.img_list[i], title, False, None, None)

248 self.fig_list.append(fig)

249 self.ax_list.append(ax)

250 self.pcolor_list.append(pcolor)

251 self.canvas_list.append(FigureCanvasTkAgg(self.fig_list[-1],

252 self.CanvasFrame_list[i]))

253 self.btn1 = ttk.Button(self.frame_1,

254 style='my.TButton',

255 text='SignalAcquire',

256 command=self.Start)

257 self.btn2 = ttk.Button(self.frame_2,

258 style='my.TButton',

259 text='Abort',

260 command=self.Abort)

261 self.btn3 = ttk.Button(self.frame_3,

262 style='my.TButton',

263 text='CloseWindow',
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264 command=self.CloseWindow)

265 self.btn4 = ttk.Button(self.frame_4,

266 style='my.TButton',

267 text='SaveOneImage',

268 command=self.SaveOneImage)

269 self.btn5 = ttk.Button(self.frame_5,

270 style='my.TButton',

271 text='SaveMovieImage',

272 command=self.SaveMovieImage)

273

274 # model number

275 self.ModelNum_label = ttk.Label(self.master,

276 style='my.TLabel',

277 text='ModelNum')

278 self.ModelNum_label.grid(row=4, column=5, sticky=tk.E)

279 self.ModelNum_val = tk.StringVar()

280 self.ModelNum_val.set('1')

281 self.ModelNum_Sbox = ttk.Spinbox(self.frame_6,

282 state='readonly',

283 textvariable=self.ModelNum_val,

284 from_=1,

285 to=60,

286 increment=1)

287

288 # put widget

289 self.CanvasFrame_list[0].grid(row=5, column=0, columnspan=4)

290 self.CanvasFrame_list[1].grid(row=5, column=4, columnspan=4)

291 self.CanvasFrame_list[2].grid(row=6, column=0, columnspan=4)

292

293 self.frame_1.grid(row=7, column=0, columnspan=4)

294 self.frame_2.grid(row=8, column=0, columnspan=4)

295 self.frame_3.grid(row=9, column=0, columnspan=4)

296 self.frame_4.grid(row=7, column=7, columnspan=2, sticky=tk.W)

297 self.frame_5.grid(row=8, column=7, columnspan=2, sticky=tk.W)

298 self.frame_6.grid(row=4, column=6, columnspan=3, sticky=tk.W)

299 # self.frame_7.grid(row=2, column=7, sticky=tk.W)

300

301 for i in range(3):

302 self.canvas_list[i].get_tk_widget().config(width=self.canvas_width,

303 height=self.canvas_height)

304 self.canvas_list[0].get_tk_widget().grid(row=6, column=0, columnspan=8, rowspan=4)

305 self.canvas_list[1].get_tk_widget().grid(row=6, column=1, columnspan=8, rowspan=4)

306 self.canvas_list[2].get_tk_widget().grid(row=7, column=0, columnspan=8, rowspan=4)

307 self.btn1.grid(row=0, column=0)
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308 self.btn2.grid(row=0, column=0)

309 self.btn3.grid(row=0, column=0)

310 self.btn4.grid(row=0, column=0)

311 self.btn5.grid(row=0, column=0)

312 # self.btn7.grid(row=0, column=0)

313 self.ModelNum_Sbox.grid(row=0, column=0)

314

315 # color bar

316 self.fix_is = tk.BooleanVar()

317 self.fix_is.set(False)

318 self.fix_checkbox = ttk.Checkbutton(self.master,

319 text='color scale fix_is',

320 onvalue=True,

321 offvalue=False,

322 variable=self.fix_is,

323 style='my.TCheckbutton',

324 )

325 self.fix_checkbox.place(x=830, y=200)

326

327 # color max

328 self.colormax_label = ttk.Label(self.master,

329 style='my.TLabel',

330 text='max',

331 padding=[0,label_pad,0,label_pad])

332 self.colormax_label.place(x=830, y=220)

333 self.colormax_str = tk.StringVar()

334 self.colormax_entry = ttk.Entry(self.master,

335 textvariable=self.colormax_str,

336 width=5)

337 self.colormax_entry.place(x=870, y=230)

338

339 # color min

340 self.colormin_label = ttk.Label(self.master,

341 style='my.TLabel',

342 text='min',

343 padding=[0,label_pad,0,label_pad])

344 self.colormin_label.place(x=830, y=250)

345 self.colormin_str = tk.StringVar()

346 self.colormin_entry = ttk.Entry(self.master,

347 textvariable=self.colormin_str,

348 width=5)

349 self.colormin_entry.place(x=870, y=260)

350

351 # color map
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352 self.cmap_label = ttk.Label(self.master, style='my.TLabel', text='color map:')

353 self.cmap_label.place(x=830, y=290)

354 self.cmap_str = tk.StringVar()

355 self.cmap_str.set('Greys')

356 self.cmap_combo = ttk.Combobox(self.master,

357 textvariable=self.cmap_str,

358 style='my.TCombobox',

359 width=10)

360 self.cmap_combo['values'] = ['Greys', 'inferno', 'rainbow', 'hot', 'cool']

361 self.cmap_combo.current(0)

362 self.cmap_combo.place(x=830, y=320)

363

364 # reverse color map

365 self.reverse_is = tk.BooleanVar()

366 self.reverse_is.set(True)

367 self.reverse_checkbox = ttk.Checkbutton(self.master,

368 text='reverseColor',

369 onvalue=True,

370 offvalue=False,

371 variable=self.reverse_is,

372 style='my.TCheckbutton',

373 )

374 self.reverse_checkbox.place(x=830, y=350)

375

376 # set center position

377 self.setCenterPosition_btn = ttk.Button(self.master,

378 style='my.TButton',

379 text='SetCenterPosition',

380 command=self.SetCenterPosition)

381 self.setCenterPosition_btn.place(x=850, y=50)

382

383 # devNum

384 self.devNum_label = ttk.Label(self.master, style='my.TLabel', text='deviceNum:')

385 self.devNum_label.place(x=850, y=100)

386 self.devNum_str = tk.StringVar()

387 self.devNum_str.set('dev1')

388 self.devNum_combo = ttk.Combobox(self.master,

389 textvariable=self.devNum_str,

390 style='my.TCombobox',

391 width=10)

392 self.devNum_combo['values'] = ['dev1', 'dev2']

393 self.devNum_combo.current(0)

394 self.devNum_combo.place(x=850, y=120)

395
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396 # window status

397 self.status_label = ttk.Label(self.master,

398 font=('RictyDiminished', '14', 'bold'),

399 text='status: stop')

400 self.status_label.place(x=850, y=850)

401

402 self.LoadConfig(pathlib.Path(''))

403

404 def init_plot(self, img_array, title, fix_is, colormax, colormin):

405 '''initialize image windows'''

406 # make Figure instance

407 fig = plt.Figure()

408 plt.gray()

409

410 # make Axes、and set scales at up, down, left, and right

411 ax1 = fig.add_subplot(111)

412 fig.subplots_adjust(left=0, right=1, bottom=0.1, top=0.9)

413 ax1.yaxis.set_ticks_position('both')

414 ax1.xaxis.set_ticks_position('both')

415

416 # plot data

417 ax1.imshow(img_array)

418

419 # set labels and ticks

420 ax1.set_title(title)

421 nx = 256

422 no_labels = 4 # how many labels to see on axis x

423 step_x = int(nx / (no_labels - 1)) # step between consecutive labels

424 x_positions = np.arange(0, nx, step_x) # pixel count at label position

425 y_positions = x_positions[::-1]

426 x_labels = [1,2,3,4] # labels you want to see on x

427 y_labels = [1,2,3,4] # labels you want to see on y

428 ax1.set_xticks(x_positions)

429 ax1.set_yticks(y_positions)

430 ax1.set_xticklabels(x_labels)

431 ax1.set_yticklabels(y_labels)

432 ax1.set_xlabel('x [V]')

433 ax1.set_ylabel('y [V]')

434

435 if fix_is:

436 mappable1 = ax1.pcolormesh(range(img_array.shape[0]),

437 range(img_array.shape[1]),

438 img_array,

439 norm=Normalize(vmin=colormin,
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440 vmax=colormax))

441 else:

442 mappable1 = ax1.pcolormesh(range(img_array.shape[0]),

443 range(img_array.shape[1]),

444 img_array,

445 norm=Normalize(vmin=img_array.min(),

446 vmax=img_array.max()))

447

448 divider1 = mpl_toolkits.axes_grid1.make_axes_locatable(ax1)

449 cax1 = divider1.append_axes('right', '5%', pad='3%')

450 pp1 = fig.colorbar(mappable1, cax=cax1, orientation='vertical')

451

452 return fig, ax1, pp1

453

454 def PlotImg(self, fig, ax, pp1, img_array, title, fix_is, colormax, colormin):

455 '''update acquired images'''

456 # clear before plot

457 ax.clear()

458 # clear color bar

459 try:

460 pp1.remove()

461 except KeyError:

462 print('not exist pp1')

463

464 # plot data

465 ax.imshow(img_array)

466

467 # set labels

468 ax.set_title(title)

469 ax.set_xlabel('x [V]')

470 ax.set_ylabel('y [V]')

471

472 # set ticks

473 nx = self.pixelNum

474 no_labels = 4 # how many labels to see on axis x

475 step_x = int(nx / (no_labels - 1)) # step between consecutive labels

476 x_positions = np.arange(0, nx, step_x) # pixel count at label position

477 y_positions = x_positions[::-1]

478 delta_galvano = round(self.GS_Xmax - self.GS_Xmin, 2)

479 step_galvano = delta_galvano / (no_labels - 1)

480 x_labels = [round(self.GS_Xmin+i*step_galvano ,2) for i in range(4)]

481 y_labels = [round(self.GS_Ymin+i*step_galvano ,2) for i in range(4)]

482 ax.set_xticks(x_positions)

483 ax.set_yticks(y_positions)
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484 ax.set_xticklabels(x_labels)

485 ax.set_yticklabels(y_labels)

486

487 if self.reverse_is.get():

488 colorMap = self.cmap_str.get() + '_r'

489 else:

490 colorMap = self.cmap_str.get()

491

492 if fix_is:

493 colormax = float(self.colormax_str.get())

494 colormin = float(self.colormin_str.get())

495 mappable1 = ax.pcolormesh(range(img_array.shape[0]),

496 range(img_array.shape[1]),

497 img_array,

498 cmap=colorMap,

499 norm=Normalize(vmin=colormin,

500 vmax=colormax))

501 else:

502 mappable1 = ax.pcolormesh(range(img_array.shape[0]),

503 range(img_array.shape[1]),

504 img_array,

505 cmap=colorMap,

506 norm=Normalize(vmin=img_array.min(),

507 vmax=img_array.max()))

508

509 divider1 = mpl_toolkits.axes_grid1.make_axes_locatable(ax)

510 cax1 = divider1.append_axes('right', '5%', pad='3%')

511 pp1 = fig.colorbar(mappable1, cax=cax1, orientation='vertical')

512 return pp1

513

514 def update(self, roop_is=True):

515 '''update acquired images every specified time'''

516 if self.update_flag == 1:

517 for i in range(3):

518 self.fig_list[i].clear()

519

520 # make Axes、and set scales at up, down, left, and right

521 ax = self.fig_list[i].add_subplot(111)

522 self.fig_list[i].subplots_adjust(left=0,

523 right=1,

524 bottom=0.1,

525 top=0.9)

526 ax.yaxis.set_ticks_position('both')

527 ax.xaxis.set_ticks_position('both')
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528

529 # plot data

530 ax.imshow(self.img_list[i])

531

532 # set labels

533 ax.set_title(self.title_list[i])

534 ax.set_xlabel('x [V]')

535 ax.set_ylabel('y [V]')

536

537 # set ticks

538 nx = self.pixelNum

539 no_labels = 4 # how many labels to see on axis x

540 step_x = int(nx / (no_labels - 1)) # step between consecutive labels

541 x_positions = np.arange(0, nx, step_x) # pixel count at label position

542 y_positions = x_positions[::-1]

543 delta_galvano = round(self.GS_Xmax - self.GS_Xmin, 2)

544 step_galvano = delta_galvano / (no_labels - 1)

545 x_labels = [round(self.GS_Xmin+i*step_galvano ,2) for i in range(4)]

546 y_labels = [round(self.GS_Ymin+i*step_galvano ,2) for i in range(4)]

547 ax.set_xticks(x_positions)

548 ax.set_yticks(y_positions)

549 ax.set_xticklabels(x_labels)

550 ax.set_yticklabels(y_labels)

551

552 # set colorMap

553 if self.reverse_is.get():

554 colorMap = self.cmap_str.get() + '_r'

555 else:

556 colorMap = self.cmap_str.get()

557

558 if self.fix_is.get() and i == 1:

559 colormax = float(self.colormax_str.get())

560 colormin = float(self.colormin_str.get())

561 mappable1 = ax.pcolormesh(range(self.img_list[i].shape[0]),

562 range(self.img_list[i].shape[1]),

563 self.img_list[i],

564 cmap=colorMap,

565 norm=Normalize(vmin=colormin,

566 vmax=colormax))

567 elif i == 2:

568 colormax = 1.0

569 colormin = 0.0

570 mappable1 = ax.pcolormesh(range(self.img_list[i].shape[0]),

571 range(self.img_list[i].shape[1]),
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572 self.img_list[i],

573 cmap=colorMap,

574 norm=Normalize(vmin=colormin,

575 vmax=colormax))

576 else:

577 mappable1 = ax.pcolormesh(range(self.img_list[i].shape[0]),

578 range(self.img_list[i].shape[1]),

579 self.img_list[i],

580 cmap=colorMap,

581 norm=Normalize(vmin=self.img_list[i].min(),

582 vmax=self.img_list[i].max()))

583

584 divider1 = mpl_toolkits.axes_grid1.make_axes_locatable(ax)

585 cax1 = divider1.append_axes('right', '5%', pad='3%')

586 pp1 = self.fig_list[i].colorbar(mappable1, cax=cax1, orientation='vertical')

587

588 # redraw canvas

589 self.canvas_list[i].get_tk_widget().config(width=self.canvas_width,

590 height=self.canvas_height)

591 self.canvas_list[i].draw()

592

593 if roop_is:

594 self.after_id = self.master.after(self.after_time, self.update)

595 # print('{}: plot update'.format(time.time()))

596 # print('after_id in update func:{}'.format(self.after_id))

597 self.update_flag = 0

598

599 def Start(self):

600 '''start all threads'''

601 self.status_label['text'] = 'status: imaging'

602 self.GS_Xmax = float(self.Xmax_str.get())

603 self.GS_Xmin = float(self.Xmin_str.get())

604 self.GS_Ymax = float(self.Ymax_str.get())

605 self.GS_Ymin = float(self.Ymin_str.get())

606 if self.GS_Xmax>5 or self.GS_Xmin <-5 or self.GS_Ymax>5 or self.GS_Ymin <-5:

607 raise ValueError('this voltage is not supported')

608 self.AccNum = int(self.AccNum_str.get())

609 self.repeatNum = int(self.repeatNum_str.get())

610 self.pixelNum = int(self.pixelNum_str.get())

611 self.ScanFreq = int(self.ScanFreq_str.get())

612 self.CH0_get_is = self.CH0_is.get()

613 self.CH1_get_is = self.CH1_is.get()

614 self.seg_get_is = self.seg_is.get()

615 self.devNum = self.devNum_str.get()
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616 print(self.devNum)

617

618 if self.CH0_get_is and self.CH1_get_is:

619 self.ai_channel = '{}/ai0:1'.format(self.devNum)

620 elif self.CH0_get_is:

621 self.ai_channel = '{}/ai0'.format(self.devNum)

622 elif self.CH1_get_is:

623 self.ai_channel = '{}/ai1'.format(self.devNum)

624

625 # initialize img

626 self.img_list = []

627 for i in range(3):

628 temp = np.random.rand(self.pixelNum**2).reshape([self.pixelNum, self.pixelNum])

629 self.img_list.append(temp)

630 self.movie_list0 = []

631 self.movie_list1 = []

632 self.movie_list2 = []

633

634 self.SaveConfig(pathlib.Path(''))

635 self.MakeDAQarray()

636

637 # initialize Seg models

638 if self.seg_get_is:

639 print('initialize seg models')

640 self.init_SegModels()

641

642 self.update_flag = 0

643 self.after_id = self.master.after(self.after_time, self.update)

644 # print('after_id in start func:{}'.format(self.after_id))

645

646 # staring SubThread

647 self.threadFlag = True

648 self.thread_acquire = threading.Thread(target=self.SubThreadSignalAcquire)

649 self.thread_acquire.start()

650

651 # print('mainThread has started')

652

653 def Abort(self):

654 '''Abort all subthread and updating images'''

655 print('Abort button')

656 # stop updating plot

657 self.master.after_cancel(self.after_id)

658

659 # stop SubThread
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660 self.threadFlag = False

661 self.thread_acquire.join()

662 #print('Abort thread_acquire ')

663

664 # update image

665 self.update(roop_is=False)

666 self.status_label['text'] = 'status: stop'

667 # print('Abort func has finished')

668

669 def CloseWindow(self):

670 '''close GUI panel'''

671 self.master.quit()

672 self.master.destroy()

673

674 def SubThreadSignalAcquire(self):

675 '''subthread to acquire images'''

676 print('SubThreadSignalAcquire starts')

677 self.ExposureTime_list = []

678 self.ModelProcessingTime_list = []

679 i = 0

680 while self.threadFlag and i < self.repeatNum:

681 scan_start = time.time()

682 self.FastScan()

683 scan_end = time.time()

684 print('{0}: data scan{1}, process time:{2:.2f}'\

685 .format(time.time(), i+1, scan_end-scan_start))

686 self.ExposureTime_list.append(scan_end-scan_start)

687

688 '''deep learning process (if seg is true)'''

689 if self.seg_get_is:

690 seg_start = time.time()

691 self.toCUDA()

692 self.segmentation()

693 seg_end = time.time()

694 self.ModelProcessingTime_list.append(seg_end-seg_start)

695

696 self.addMovieList()

697 self.update_flag = 1

698 i += 1

699

700 self.SaveTimeList(pathlib.Path(''))

701 if i == self.repeatNum:

702 print('SignalAcquire is done')

703 self.status_label['text'] = 'status: stop'
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704 else:

705 print('SignalAcquire is aborted')

706

707 def FastScan(self):

708 '''scan galvano, acquire images, transfer data to CUDA'''

709

710 self.ScanFlag = 0

711

712 img_list0 = []

713 img_list1 = []

714 for i in range(self.AccNum):

715 with nidaqmx.Task() as write_task, nidaqmx.Task() as read_task, \

716 nidaqmx.Task() as sample_clk_task:

717 sample_clk_task.co_channels.add_co_pulse_chan_freq('{}/ctr0'.format(self.devNum),

718 freq=self.sample_rate)

719 sample_clk_task.timing.cfg_implicit_timing(samps_per_chan=self.X.size)

720 samp_clk_terminal = '/{}/Ctr0InternalOutput '.format(self.devNum)

721

722 write_task.ao_channels.add_ao_voltage_chan('{}/ao0:1'.format(self.devNum),

723 max_val=10,

724 min_val=-10)

725 write_task.timing.cfg_samp_clk_timing(self.sample_rate,

726 source=samp_clk_terminal,

727 active_edge=Edge.RISING,

728 samps_per_chan=self.X.size)

729 read_task.ai_channels.add_ai_voltage_chan(self.ai_channel,

730 max_val=10,

731 min_val=-10)

732 read_task.timing.cfg_samp_clk_timing(self.sample_rate,

733 source=samp_clk_terminal,

734 active_edge=Edge.FALLING,

735 samps_per_chan=self.X.size)

736

737 writer = AnalogMultiChannelWriter(write_task.out_stream)

738 if self.ai_channel == '{}/ai0:1'.format(self.devNum):

739 reader = AnalogMultiChannelReader(read_task.in_stream)

740 else:

741 reader = AnalogSingleChannelReader(read_task.in_stream)

742 t1 = time.time()

743 if self.ScanFlag==0:

744 writer.write_many_sample(self.outputData1)

745 self.ScanFlag = 1

746 else:

747 writer.write_many_sample(self.outputData2)
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748 self.ScanFlag = 0

749

750 read_task.start()

751 write_task.start()

752 sample_clk_task.start()

753 reader.read_many_sample(self.inputData,

754 number_of_samples_per_channel=self.X.size,

755 timeout=2)

756 t2 = time.time()

757 # print('exp:{:.2f} s'.format(t2-t1))

758

759 np_img0 = np.zeros((self.pixelNum, self.pixelNum+self.edge_pixel))

760 np_img1 = np.zeros((self.pixelNum, self.pixelNum+self.edge_pixel))

761 if self.ai_channel == '{}/ai0:1'.format(self.devNum):

762 for j in range(self.pixelNum):

763 start = self.pixelNum*j + self.edge_pixel*j + \

764 int(self.pixelNum*self.return_ratio)*j

765 end = start + self.pixelNum + self.edge_pixel

766 np_img0[j,:] = self.inputData[0,start:end]

767 np_img1[j,:] = self.inputData[1,start:end]

768 img_list0.append(np_img0[:,-self.pixelNum:].copy())

769 img_list1.append(np_img1[:,-self.pixelNum:].copy())

770 else:

771 for j in range(self.pixelNum):

772 start = self.pixelNum*j + self.edge_pixel*j + \

773 int(self.pixelNum*self.return_ratio)*j

774 end = start + self.pixelNum + self.edge_pixel

775 np_img0[j,:] = self.inputData[start:end]

776 img_list0.append(np_img0[:,-self.pixelNum:].copy())

777

778 if self.ai_channel == '{}/ai0'.format(self.devNum):

779 self.img_list[0] = np.mean(np.array(img_list0), axis=0)

780 elif self.ai_channel == '{}/ai1'.format(self.devNum):

781 self.img_list[1] = np.mean(np.array(img_list0), axis=0)

782 elif self.ai_channel == '{}/ai0:1'.format(self.devNum):

783 self.img_list[0] = np.mean(np.array(img_list0), axis=0)

784 self.img_list[1] = np.mean(np.array(img_list1), axis=0)

785

786 def MakeDAQarray(self):

787 '''make voltage array for scanning galvano and data array for recieving signals'''

788

789 edge_ratio = 0.2

790 self.edge_pixel = int(self.pixelNum*edge_ratio)*2

791 self.return_ratio = 0.4
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792 pixelY = self.pixelNum

793 pixelX = self.pixelNum + self.edge_pixel+int(self.pixelNum*self.return_ratio)

794 Xmax_edge = self.GS_Xmax + (self.GS_Xmax-self.GS_Xmin)*edge_ratio

795 Xmin_edge = self.GS_Xmin - (self.GS_Xmax-self.GS_Xmin)*edge_ratio

796

797 # when ScanFlag=0

798 tempX1 = np.linspace(Xmax_edge, Xmin_edge, pixelY+self.edge_pixel)

799 returnX1 = np.linspace(Xmin_edge,

800 Xmax_edge,

801 int(self.pixelNum*self.return_ratio))

802 outputX1 = np.append(tempX1, returnX1)

803 tempY1 = np.linspace(self.GS_Ymax, self.GS_Ymin, pixelY)

804 outputY1 = np.ones(pixelX)*tempY1[0]

805 for i in range(pixelY-1):

806 outputX1 = np.append(outputX1, tempX1)

807 outputX1 = np.append(outputX1, returnX1)

808 outputY1 = np.append(outputY1, np.ones(pixelX)*tempY1[i+1])

809 self.outputData1 = np.array([outputX1, outputY1])

810 print(outputX1.shape, outputY1.shape)

811 self.outputData1 = self.outputData1.reshape((2,len(outputX1)))

812

813 # when ScanFlag=1

814 tempX2 = np.linspace(Xmax_edge, Xmin_edge, pixelY+self.edge_pixel)

815 returnX2 = np.linspace(Xmin_edge,

816 Xmax_edge,

817 int(self.pixelNum*self.return_ratio))

818 outputX2 = np.append(tempX2, returnX2)

819 tempY2 = np.linspace(self.GS_Ymax, self.GS_Ymin, pixelY)

820 outputY2 = np.ones(pixelX)*tempY2[0]

821 for i in range(pixelY-1):

822 outputX2 = np.append(outputX2, tempX2)

823 outputX2 = np.append(outputX2, returnX2)

824 outputY2 = np.append(outputY2, np.ones(pixelX)*tempY2[i+1])

825 self.outputData2 = np.array([outputX2, outputY2])

826 self.outputData2 = self.outputData2.reshape((2,len(outputX2)))

827

828 if self.ai_channel == '{}/ai0:1'.format(self.devNum):

829 self.inputData = np.zeros(self.outputData1.shape[1]*2)

830 self.inputData = self.inputData.reshape((2,self.outputData1.shape[1]))

831 else:

832 self.inputData = np.zeros(self.outputData1.shape[1])

833

834 self.X = np.zeros(self.outputData1.shape[1])

835 self.sample_rate = self.ScanFreq * (self.pixelNum+self.edge_pixel/2) * 2
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836

837 print('sample_rate:{}'.format(self.sample_rate))

838

839 def SaveTimeList(self, dir_path):

840 result = []

841 result.append(['exposure time [s] per one scan '])

842 result.append(self.ExposureTime_list)

843 save_path = dir_path.joinpath('ExposureTime.csv')

844 with open(save_path, 'w') as f:

845 writer = csv.writer(f, lineterminator='\n')

846 writer.writerows(result)

847

848 if self.seg_get_is:

849 result = []

850 result.append(['model processing time [s] per one image'])

851 result.append(self.ModelProcessingTime_list)

852 save_path = dir_path.joinpath('ModelProcessingTime.csv')

853 with open(save_path, 'w') as f:

854 writer = csv.writer(f, lineterminator='\n')

855 writer.writerows(result)

856

857 def SaveConfig(self, dir_path):

858 '''save scanning configuration to config.csv'''

859

860 GS_Xmax = float(self.Xmax_str.get())

861 GS_Xmin = float(self.Xmin_str.get())

862 GS_Ymax = float(self.Ymax_str.get())

863 GS_Ymin = float(self.Ymin_str.get())

864 GS_list = [GS_Xmax, GS_Xmin, GS_Ymax, GS_Ymin]

865 AccNum = int(self.AccNum_str.get())

866 repeatNum = int(self.repeatNum_str.get())

867 pixelNum = int(self.pixelNum_str.get())

868 ScanFreq = int(self.ScanFreq_str.get())

869 modelNum = int(self.ModelNum_val.get())

870

871 save_list = []

872 save_list.append(['GS_Xmax', GS_Xmax])

873 save_list.append(['GS_Xmin', GS_Xmin])

874 save_list.append(['GS_Ymax', GS_Ymax])

875 save_list.append(['GS_Ymin', GS_Ymin])

876 save_list.append(['AccNum', AccNum])

877 save_list.append(['repeatNum', repeatNum])

878 save_list.append(['pixelNum', pixelNum])

879 save_list.append(['ScanFreq', ScanFreq])
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880 save_list.append(['CH0_is', self.CH0_is.get()])

881 save_list.append(['CH1_is', self.CH1_is.get()])

882 save_list.append(['seg_is', self.seg_is.get()])

883 save_list.append(['modelNum', modelNum])

884 save_list.append(['devNum', self.devNum])

885

886 save_path = dir_path.joinpath('config.csv')

887 with open(save_path, 'w') as f:

888 writer = csv.writer(f, lineterminator='\n')

889 writer.writerows(save_list)

890 print('SaveConfig ')

891

892 def LoadConfig(self, dir_path):

893 '''load scanning configuration from config.csv'''

894

895 load_path = dir_path.joinpath('config.csv')

896 if load_path.exists():

897 with open(load_path) as f:

898 reader = csv.reader(f)

899 config_list = [row[1] for row in reader]

900 self.Xmax_str.set(config_list[0])

901 self.Xmin_str.set(config_list[1])

902 self.Ymax_str.set(config_list[2])

903 self.Ymin_str.set(config_list[3])

904 self.AccNum_str.set(config_list[4])

905 self.repeatNum_str.set(config_list[5])

906 self.pixelNum_str.set(config_list[6])

907 self.ScanFreq_str.set(config_list[7])

908 self.CH0_is.set(strtobool(config_list[8]))

909 self.CH1_is.set(strtobool(config_list[9]))

910 self.seg_is.set(strtobool(config_list[10]))

911 self.ModelNum_val.set(config_list[11])

912 temp_devnum = config_list[12]

913 devnum_index = self.devNum_combo['values'].index(temp_devnum)

914 self.devNum_combo.current(devnum_index)

915 print('loading config csv')

916 else:

917 print('config csv does not exist')

918

919 def addMovieList(self):

920 '''add acquired image to movie_list'''

921 if self.CH0_get_is:

922 self.movie_list0.append(self.img_list[0])

923 if self.CH1_get_is:
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924 self.movie_list1.append(self.img_list[1])

925 if self.seg_get_is:

926 self.movie_list2.append(self.img_list[2])

927

928 def SaveOneImage(self):

929 '''save one image in each checked window to specified directory'''

930

931 print('SaveOneImage ')

932 print(self.SaveOneImage_str.get())

933 save_dir = pathlib.Path(self.SaveOneImage_str.get())

934 os.makedirs(save_dir, exist_ok=True)

935 self.SaveConfig(save_dir)

936 self.SaveTimeList(save_dir)

937 if self.CH0_get_is:

938 save_path = save_dir.joinpath('CH0-trans.npy')

939 np.save(save_path, self.img_list[0])

940 save_path = save_dir.joinpath('CH0-trans.png')

941 cv2.imwrite(str(save_path),

942 self.img_list[0]/self.img_list[0].max()*256)

943 # cv2.imwrite(str(save_path), self.img_list[0]*self.img_save_factor)

944 if self.CH1_get_is:

945 save_path = save_dir.joinpath('CH1-CARS.npy')

946 np.save(save_path, self.img_list[1])

947 save_path = save_dir.joinpath('CH1-CARS.png')

948 # cv2.imwrite(str(save_path), self.img_list[1]*self.img_save_factor)

949 cv2.imwrite(str(save_path),

950 self.img_list[1]/self.img_list[1].max()*256)

951 if self.seg_get_is:

952 save_path = save_dir.joinpath('segmentation.npy')

953 np.save(save_path, self.img_list[2])

954 save_path = save_dir.joinpath('segmentation.png')

955 cv2.imwrite(str(save_path), self.img_list[2])

956

957 def SaveMovieImage(self):

958 '''save movie image in each checked window to specified directory'''

959

960 print('SaveMovieImage ')

961 save_dir = pathlib.Path(self.SaveMovieImage_str.get())

962 os.makedirs(save_dir, exist_ok=True)

963 self.SaveConfig(save_dir)

964 self.SaveTimeList(save_dir)

965 if self.CH0_get_is:

966 save_path = save_dir.joinpath('CH0-trans.npy')

967 np.save(save_path, self.movie_list0)
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968 if self.CH1_get_is:

969 save_path = save_dir.joinpath('CH1-CARS.npy')

970 np.save(save_path, self.movie_list1)

971 if self.seg_get_is:

972 save_path = save_dir.joinpath('segmentation.npy')

973 np.save(save_path, self.movie_list2)

974

975 def init_SegModels(self):

976 '''initialize segmentation model'''

977 time_start = time.time()

978 self.model_num = int(self.ModelNum_val.get())

979 if self.model_num == 1:

980 self.model = UNet(n_channels=1,

981 n_classes=1,

982 BN_is=True,

983 dw_is=False,

984 Sigmoid_is=True)

985 else:

986 #repeatNum=8, processing time: about 33ms

987 self.model = UNets(n_channels=1,

988 n_classes=1,

989 repeatNum=self.model_num,

990 BN_is=True,

991 dw_is=False,

992 Sigmoid_is=True)

993 self.GetWeightPaths()

994 if self.model_num > len(self.weight_paths):

995 raise ValueError('model_num > len(weight paths)')

996 else:

997 print('OK weight')

998 self.load_weights(self.model, 'UNetBN')

999 self.model.eval()

1000 self.model.to('cuda')

1001 self.model.share_memory()

1002 time_end = time.time()

1003 print('init_seg_model, model_num:{0}, process:{1:.2f}s'\

1004 .format(self.model_num, time_end-time_start))

1005

1006 def GetWeightPaths(self):

1007 target_dir = pathlib.Path('UNet_models/{}'.format(self.segModel_str.get()))

1008 if self.segModel_str.get() == \

1009 '20210605_SensSpecLoss(smooth1e -8)_UNetdw_fluo_newCARS_randomaverage_alltuning ':

1010 self.weight_paths = sorted(target_dir.joinpath('test5/valid4').glob('*.pth'))

1011 elif self.segModel_str.get() == \
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1012 '20210606_SensSpecLoss(smooth1e -8)_UNetdw_fluo_newCARS_randomaverage_fixhalf ':

1013 self.weight_paths = sorted(target_dir.joinpath('test4/valid6').glob('*.pth'))

1014 elif self.segModel_str.get() == \

1015 '20210608_SensSpecLoss(smooth1e -8)_UNetdw_newCARS_randomaverage_fromScratch ':

1016 self.weight_paths = sorted(target_dir.joinpath('test5/valid3').glob('*.pth'))

1017 elif self.segModel_str.get() == \

1018 '20221126_SensSpecLoss(smooth1e -8)_UNetBN_fluo_newCARS_randAV_randFrame_fixhalf ':

1019 self.weight_paths = sorted(target_dir.joinpath('test1/valid2').glob('*.pth'))

1020 print('The path num is {}'.format(len(self.weight_paths)))

1021 for path in self.weight_paths:

1022 print(path)

1023

1024 def toCUDA(self):

1025 '''transport image data to CUDA'''

1026 temp_array = np.zeros([1, self.pixelNum, self.pixelNum]).astype(np.float32)

1027 temp_array[0,:,:] = self.img_list[1]/self.img_list[1].max()

1028 temp_array = np.expand_dims(temp_array, axis=0)

1029 temp_TF = torch.from_numpy(temp_array.copy())

1030 self.CudaTensor = temp_TF.to('cuda')

1031

1032 def segmentation(self):

1033 '''conduct segmentation'''

1034 seg_start = time.time()

1035 output = self.model(self.CudaTensor)

1036 seg_end = time.time()

1037 self.ModelProcessingTime_list.append(seg_end-seg_start)

1038

1039 temp_array = np.zeros([self.pixelNum, self.pixelNum])

1040 for temp in output:

1041 temp = temp.to('cpu')

1042 if self.model_num == 1:

1043 temp = temp.detach().numpy()[0,:,:]

1044 else:

1045 temp = temp.detach().numpy()[0,0,:,:]

1046 temp[temp>=0.5] = 1

1047 temp[temp<0.5] = 0

1048 temp_array += temp.copy()

1049 temp_array[temp_array<self.model_num/2] = 0

1050 temp_array[temp_array >=self.model_num/2] = 255

1051 self.img_list[2] = temp_array.copy()

1052 # self.img_list[2] = np.random.rand(256 * 256).reshape([256, 256])

1053 print('processing time:{0:.4f} in self.segmentation '\

1054 .format(seg_end-seg_start))

1055
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1056 def load_weights(self, model, modelType):

1057 '''load segmentation weights'''

1058 if self.model_num == 1:

1059 print(self.weight_paths[0])

1060 # model.load_state_dict(torch.load(self.weight_paths[0]))

1061

1062 def SetCenterPosition(self):

1063 '''set point at center position in image window'''

1064 GS_Xmax = float(self.Xmax_str.get())

1065 GS_Xmin = float(self.Xmin_str.get())

1066 GS_Ymax = float(self.Ymax_str.get())

1067 GS_Ymin = float(self.Ymin_str.get())

1068 if GS_Xmax>5 or GS_Xmin <-5 or GS_Ymax>5 or GS_Ymin <-5:

1069 raise ValueError('this voltage is not supported')

1070 centerX = GS_Xmin + (GS_Xmax-GS_Xmin)/2

1071 centerY = GS_Ymin + (GS_Ymax-GS_Ymin)/2

1072 self.devNum = self.devNum_str.get()

1073

1074 print('SetCenterPosition, centerX:{}, centerY:{}'.format(centerX, centerY))

1075

1076 # X axis

1077 WriteConstVoltage(self.devNum, 'ao0', centerX)

1078 # Y axis

1079 WriteConstVoltage(self.devNum, 'ao1', centerY)

1080

1081 def main():

1082 root = tk.Tk()

1083 app = Application(master=root)

1084 app.mainloop()

1085

1086 if __name__ == "__main__":

1087 main()
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