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Abstract

Introduction: Reconstruction of the spectrum from a truncated 

free induction decay (tFID) has long been a challenging issue in 

NMR(nuclear magnetic resonance). A simple approach is to 

zero-fill the missing data followed by Fourier transform (FT).  

However, for a substantially truncated FID the resulting 

spectrum suffers from strong truncation artifact. To address this 

issue various signal processing algorithms have been reported. 

Deep learning  has gained great attention due to its 

remarkable success in a variety of different fields including 

medical imaging. Among the artificial neural network classes in 

deep learning a convolutional neural network (CNN) is actively 

used in undersampled MRI(magnetic resonance imaging) 

reconstruction where the network is trained in the image-domain 

only or frequency-domain only. 

Given the promising results of the CNN-based 

undersampled MRI, we explored the potential applicability of 

CNNs in the reconstruction of the spectra from tFIDs in 

1H-MRS.

Methods: Rat brain FIDs were simulated at 9.4T based on in 

vivo data (n=11), and randomly truncated by retaining 8, 16, 32, 

64, 128, 256, 512, and 1024 (null-truncation) points (denoted 

as tFID8, tFID16, … tFID1024). 
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Using a U-net, three CNNs were individually trained 

(n=40,000) in time-domain only (FID-to-FID (FIDCNNFID)), in 

frequency-domain only (spectrum-to-spectrum (specCNNspec)), 

and across the domains (FID-to-spectrum (FIDCNNspec)) to map 

the truncated data to their fully sampled versions. 

The CNNs were tested on the simulated data (n=5,000) 

and the CNN with the best performance was further tested on 

the in vivo data, for which the CNN-predicted fully sampled data 

were analyzed using the LC model and the results were 

compared with those from the original, fully sampled data.

Results: The best result on the simulated data was obtained with 

specCNNspec, which effectively recovered the spectral details even 

for those input spectra that appear as a hump due to substantial 

FID truncation (spectra from tFID16 and tFID32). 

Overall, its performance was significantly degraded on the 

in vivo data. Nonetheless, using specCNNspec, several coupled spins 

in addition to the major singlets can be quantified from tFID128 

with the error no larger than 10%.

Conclusion: Upon the availability of more realistically simulated 

training data, CNNs can also be used in the reconstruction of 

spectra from truncated FIDs. 
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Introduction

Reconstruction of the spectrum from a truncated free induction 

decay (tFID) has long been a challenging issue in NMR (1). A 

simple approach is to zero-fill the missing data followed by 

Fourier transform (FT). However, for a substantially truncated 

FID the resulting spectrum suffers from strong truncation 

artifact. To address this issue various signal processing 

algorithms have been reported (1-4).

Deep learning (5) has gained great attention due to its 

remarkable success in a variety of different fields including 

medical imaging. Among the artificial neural network classes in 

deep learning a convolutional neural network (CNN) is actively 

used in undersampled MRI reconstruction where the network is 

trained in the image-domain only (6,7) or frequency-domain 

only (8,9). Recently, a CNN is also reported that directly maps 

an undersampled k-space to its fully sampled image by domain 

transform (10). 

Given the promising results of the CNN-based 

undersampled MRI, we explored the potential applicability of 

CNNs in the reconstruction of the spectra from tFIDs in 

1H-MRS. Three CNNs that have an identical network 

architecture were individually optimized and trained to learn an 

FID-to-FID (FIDCNNFID), a spectrum-to-spectrum (specCNNspec), 

or an FID-to-spectrum (FIDCNNspec) mapping using simulated 
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FIDs and spectra at 9.4T. The performance of the CNNs were 

tested on the simulated data first, and the CNN with the best 

performance was further tested on in vivo data from rat brain.



3

Methods

In vivo data 

The animal study was approved by the Institutional Animal Care 

and Use Committee. In vivo data were acquired to extract a 

priori knowledge about the rat brain spectra such as the SNR 

and linewidth ranges and to evaluate the trained CNN. 

MR data were collected on a 9.4T animal scanner with a 

single-channel surface coil (20 mm in diameter) for both 

transmission and reception (Agilent Technologies, Santa Clara, 

CA, USA) from normal Sprague-Dawley rats (n=11; 7±1 week 

old; 220±30 g). For voxel localization, scout images were 

acquired using a fast spin-echo sequence. Based on the scout 

images, a voxel was placed in the left striatum (3.0×3.0×3.0 

mm3) for each animal. Then, auto-shimming was performed 

followed by manual adjustment. 

1H-MRS data were collected by using a spin-echo, full 

intensity acquired localized (SPECIAL) sequence (11) as 

previously described (12) (TR/TE=5500/3.45 ms, 2048 data 

points, spectral BW=5 kHz, 32-step phase cycling, and 384 

averages). To minimize voxel displacement (13), the carrier 

frequency was adjusted by -2.3 ppm from the water resonance. 

A variable pulse power and optimized relaxation delays (VAPOR) 

(14) module combined with an outer volume suppression (OVS) 
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module (15) preceded the SPECIAL sequence. The residual 

water signal was removed by the HLSVD filter (16).

FID/spectrum simulation

The SNR and linewidth of the in vivo spectra were inspected for 

the simulation of spectra. The spectral basis set for metabolites 

was simulated by using Gamma (17) in response to a single 

spin-echo sequence for 17 metabolites (18) (alanine (Ala), 

aspartate (Asp), Cr, γ-amino butyric acid (GABA), glucose 

(Glc), glutamine (Gln), glutamate (Glu), glutathione (GSH),  

glycerophosphorylcholine (GPC), lactate (Lac), myo-Inositol 

(mI), NAA, N-acetylaspartylglutamate (NAAG), PCr, 

phosphorylcholine (PC), phosphorylethanolamine (PE), and 

taurine (Tau)).

The rat brain spectra were simulated (12,19) using an 

in-house script written in Python (v.3.6)). Briefly, the relative 

concentration ranges of the metabolites for normal rat brain 

were determined according to the literature (20-22) (Table 1) 

and divided by the total number of spectra to be simulated 

(n=50,000) for each metabolite. Metabolite spectra were 

simulated by combining all metabolite basis spectra with 

randomly varying relative concentrations within the 

predetermined ranges (sampling from a uniform distribution).
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Table 1. The relative concentration ranges of the metabolites 

used in the simulation of the rat brain spectra.

*alanine (Ala), aspartate (Asp), creatine (Cr), γ-amino butyric acid 

(GABA), glucose (Glc), glutamine (Gln), glutamate (Glu), glutathione 

(GSH), glycerophosphorylcholine (GPC), lactate (Lac), myo-Inositol 

(mI), N-acetylaspartate (NAA), N-acetylaspartylglutamate (NAAG), 

phosphocreatine (PCr), phosphorylcholine (PC), phosphorylethanolamine 

(PE), and taurine (Tau)

Metabolite*
Concentration

Lower limit
(mmol L

-1
)

Upper limit
(mmol L

-1
)

Ala 0.1 1.0
Asp 1.0 3.0
Cr 4.0 5.5

GABA 0.5 2.5
Glc 1.0 3.0
Gln 2.0 5.5
Glu 7.0 12.5
GPC 0.5 2.0
GSH 0.5 3.5
Lac 0.5 3.0
mI 4.0 10.0

NAA 4.5 12.0
NAAG 0.1 1.0

PC 0.5 2.0
PCr 3.0 5.0
PE 1.0 2.0
Tau 6.0 12.0
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 The macromolecule (MM) baseline was modeled with 25 

Gaussian model functions grouped into 10 resonance groups 

(M1-M10) (12,23) (Table 2). The relative signal intensity of 

the 10 resonance groups were normalized (12,23) and randomly 

varied within ±10%. The linewidth of the 25 model functions 

were also randomly varied from their initial values within ±20%.

The metabolite spectra and MM baseline were combined 

with the relative ratio of 1:0.9 (19). The SNR and linewidth of 

the combined spectra were adjusted by adding random noise and 

line-broadening (Gaussian filter), respectively. Thus, the 

linewidth of the metabolites were varied not individually but 

simultaneously for all metabolites. The phase (±1o) and 

frequency (±21 Hz) shift were also randomly varied. A total of 

50,000 complex FIDs/spectra were simulated empirically for the 

given hardware capacity. 

The complex FIDs were normalized such that the 

maximum magnitude of the FIDs was unity. Given the negligible 

signal beyond 1024 data points in our 2048-point in vivo FIDs 

and in consideration of training efficiency both in vivo and 

simulated FIDs were truncated by retaining the initial 1024 

points, and these 1024-point FIDs were used as the fully 

sampled, ground-truth (GT) FIDs. Finally, the 1024-point FIDs 

were randomly truncated such that the retained data points have 

one of 8, 16, 32, 64, 128, 256, 512, and 1024 (null-truncation) 

(denoted as tFID8, tFID16, … tFID1024). These 50,000 tFIDs were 
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randomly assigned to a training (n=40,000), a validation  

(n=5,000), and a test (n=5,000) sets. The training set was 

zero-center normalized. Depending on the type of the CNNs 

these tFIDs and fully sampled FIDs underwent FT in the 

preparation of the input and GT (label) data of the CNNs.
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Table 2. The characteristics of the 25 Gaussian model functions 

and 10 resonance groups (M1-M10) used in the simulation of 

the macromolecule (MM) baseline.

MM 
group 
and 

component

Initial line parameters
Normalized
amplitudeChemical shift 

(ppm)
Linewidth

(Hz)
M1 a 0.87 40 1.00

b 0.93 52 0.25
M2 　 1.22 52 -
M3 　 1.41 60 -
M4 　 1.69 120 -
M5 a 1.99 96 1.00

b 2.04 24 0.17
c 2.16 44 0.19

M6 a 2.27 40 0.82
b 2.37 32 1.00
c 2.47 48 0.25
d 2.55 20 0.46
e 2.69 36 0.89

M7 a 2.98 64 1.00
b 3.02 96 0.37

M8 a 3.21 364 1.00
b 3.26 48 0.35

M9 a 3.43 32 0.29
b 3.66 44 0.29
c 3.76 32 0.53
d 3.86 48 0.36
e 3.95 68 1.00

M10 a 4.22 72 0.91
b 4.32 60 1.00
c 4.43 52 0.36
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CNN

CNNs were designed and optimized using Matlab deep learning 

toolbox (v.9.6; Mathworks Inc., Natick, MA, USA) on 4 graphics 

processing units (GPUs; NVIDIA Titan Xp). We employed a 

U-net, which is known to be able to synthesize a highly 

resolved output by concatenating those features in the 

contracting part with those in the expanding part through the 

skip-connection (24) (Figure 1), and is frequently used in 

undersampled MRI reconstruction (25-27). 

Both the input and output of the CNNs consisted of 

two-channels for the real and imaginary components of the 

FIDs/spectra. Thus, metabolites can be quantified from our 

CNN-predicted data using existing software packages that 

typically require complex data. 

Using the U-net shown in Figure 1 as a basis, the initial 

learning rate (1x10-5-1x10-0), momentum (0.8-0.99) of the 

stochastic gradient descent with momentum algorithm (SGDM), 

L2 regularization parameter (1x10-10-1x10-1), and the number of 

initial filters (32-128) were Bayesian-optimized (19,28) on the 

training and validation sets for the three CNNs individually 

(number of objective function evaluations=30, mini-batch 

size=16, 50 epochs, and learning rate being scheduled to drop 

by a factor of 0.1 at the 41st epoch). For the training of the 

networks an SGDM was used. The loss function was 

mean-squared-error (MSE).
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Figure 1. The diagram and training example of the U-net. 

Using this architecture as a basis, the initial learning rate, momentum 

of the stochastic gradient descent with momentum algorithm, L2 

regularization parameter, and the number of initial filters were 

Bayesian-optimized for the three CNNs individually. Both the input and 

output of the CNNs consisted of two-channels for the real and 

imaginary components of FIDs or spectra. The input, output, and 

ground truth (GT) data (as well as the number of filters) are shown 

for the spectrum-to-spectrum CNN. For the FID-to-FID CNN, they 

are replaced with the corresponding FIDs. For the FID-to-spectrum 

CNN, the input data are replaced with FIDs.
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In deep learning-based undersampled MRI the original, 

actually collected k-space samples can be altered in the 

CNN-predicted fully sampled data, and thus data consistency is 

forced by adjusting the weighting factor λ between the actually 

sampled value and the CNN-predicted value in k-space 

(6,26,29,30). In our MRS study the CNNs can result in a 

predicted spectrum, of which the actually collected time-domain 

data are altered. To this end we optimized λ for the three 

CNNs individually on the validation set and applied it to the test 

set. A λ of 10 was used for all CNNs.

For direct comparison among the three CNNs the 

CNN-predicted data were analyzed in the frequency-domain for 

all CNNs. Both the normalized MSE (NMSE = ∥ ∥ /  

∥∥ where   and   are GT and predicted spectra, 

respectively) (19) and the Pearson’s correlation coefficient (r)  

were estimated from the spectra in real mode used as the 

measures of the performance of the CNNs.

Metabolite quantification from in vivo data

The zero-filled spectra and the CNN-predicted fully sampled 

spectra from the truncated in vivo spectra were analyzed by 

using the LC model (v.6.3-1J (31)). The results were compared 

with each other in terms of mean-absolute-percent-errors 

(MAPEs) where those results obtained from the original, fully 

sampled in vivo spectra were considered as the GT metabolite 
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concentrations. To minimize the bias from the fitting per se only 

those data with a Cramer-Rao-lower-bounds (CRLB) of <10% 

were included in the statistical analysis.

Statistical analysis

All statistical analyses were performed in Matlab. For pair-wise 

group comparison a Student t-test was performed. A p-value of 

<0.05 was considered statistically significant.
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Results

Characteristics of spectra

The SNR and linewidth of the simulated spectra (from the 

1024-point FIDs) as measured from the tNAA (=NAA+NAAG; 

~2.0 ppm) ranged 7.2-60.0 dB (38.2±13.9 dB) and 9.8-29.3 

Hz (22.8±4.7 Hz). The SNR and linewidth of the in vivo spectra 

(also from the 1024-point FIDs) ranged 9.5-35.1 dB (19.4±9.9 

dB) and 9.6-23.8 Hz (16.2±4.0 Hz).

Comparison of three CNNs

The optimized hyperparameters and performance of the three 

CNNs evaluated on the simulated spectra in the test set are 

compared in Table 3. Both the lowest NMSE and highest r were 

obtained with specCNNspec. Therefore, further analysis is 

performed only for specCNNspec hereafter.

Dependence of NMSE and r on degree of truncation, 

SNR, and linewidth

For specCNNspec the correlations of NMSE with the number of 

retained FID points, SNR, and linewidth were -0.59, -0.05, and 

-0.13 (p<0.001 for all). The correlations of r with the three 

variables were 0.55, 0.32, and 0.17 (p<0.001 for all) (see also 

Figure 2A-B and Figure 3). There was a strong negative 

correlation between NMSE and r (r=-0.90, p<0.001) (Figure 4).
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Table 3. The optimized hyperparameters and performance of the 

three types of the CNNs evaluated on the simulated spectra in 

the test set.

# A CNN that is trained to map a truncated (and zero-filled) FID into 

its fully acquired FID. 
$ A CNN that is trained to map a truncated (and zero-filled) FID into 

its fully acquired spectrum. 
& A CNN that is trained to map a spectrum from a truncated (and 

zero-filled) FID into its fully acquired spectrum. 
* Normalized mean-squared-error (NMSE) and Pearson’s correlation 

coefficient (r) between a ground truth spectrum and a CNN-predicted 

spectrum averaged over all the spectra in the test set (for each of all 

r’s, p < 0.001)

Network
type

Initial
learning

rate
Momentum

L2 
regularization

(x 10-8)

Number
of 

initial 
filters

NMSE* r*

FID-to-FID# 0.0016 0.9893 34.255 33 0.0697 0.8440

FID-to-Spec$ 0.0162 0.9284 0.2412 117 0.0428 0.9106

Spec-to-Spec& 0.2870 0.8760 5.9718 59 0.0268 0.9423
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Figure 2. The contour plots of NMSE (A) and r (B) obtained on 

the simulated spectra in the test set using the 

spectrum-to-spectrum CNN. 

The NMSE and r between the ground-truth (GT) spectra and the 

CNN-predicted spectra are shown as a function of the number of 

retained FID points (x-axis) and SNR of the GT spectra (y-axis). 

The representative spectra are shown in C-G, of which the 

corresponding number of retained FID points and SNR are marked in A 

and B. In C-G, the GT spectra (GT; first row), the input spectra from 

the truncated and zero-filled FIDs (Trunc; second row), the 

CNN-predicted output spectra (Pred; third  row), the residual spectra 

obtained by subtracting the truncated spectra from the GT spectra (GT 

– Trunc; fourth row), and the residual spectra obtained by subtracting 

the CNN-predicted spectra from the GT spectra (GT – Pred; fifth 

row) are shown. The performance of the CNN may be seen best by 

comparing the two residual spectra.
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Figure 3. The dependence of NMSE and r on each of the 

number of retained FID points and SNR for the simulated spectra 

in the test set using the spectrum-to-spectrum CNN. 

(A) NMSE vs. FID points, (B) NMSE vs. SNR, (C) r vs. FID points, 

(D) r vs. SNR.
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Figure 4. The correlation between NMSE and r.

The NMSE allows direct comparison of the performance of the CNNs, 

but is not intuitive as to how closely the CNN output resembles GT. 

Therefore, we also employed r which we thought to be more intuitive 

than NMSE.

The figure above shows the correlation between r and NMSE 

obtained from the CNN-predicted spectra (test set; n=5000; in real 

mode) with respect to the corresponding GT spectra. There is a strong 

negative correlation between the two measures (r=-0.9005, p<0.001). 

Therefore, the sensitivity of r to the goodness of fit can be considered 

to be comparable to that of NMSE. Although the data points in the 

figure are scattered away from the fit line as r becomes low and 

NMSE becomes high, the mean r and NMSE over the test set were 

0.9423 and 0.0268, respectively (Table 1 in the main text), and the 

majority of the data (n=4394 out of 5000) are in the ranges of r > 

0.85 and NMSE < 0.06 (Figure 2 A-B in the main text).

However, by nature, the utility of r is subject to SNR. As 

reported in the main text, whereas the correlation between NMSE and 

SNR was –0.05, the correlation between r and SNR was 0.32. 

Therefore, a measure that is SNR independent as well as intuitive is 

preferable (see also Table 4).
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Table 4. The additional analysis in terms of FQN.

Using the definition of the fit-quality-number (FQN) from ref.(38), we 

obtained the above FQN values for the three CNNs.

According to ref.(38), the FQN values can be interpreted as 

follows. FQN = 1 means that the result is as good as it gets, FQN > 1 

means that the CNN can be further improved, and FQN < 1 means the 

CNN even learned the noise feature and therefore is subject to the 

generalization issue.

Based on this interpretation, the Spec-to-Spec CNN 

outperforms the other two CNNs in accordance with our conclusion. 

The min value that is smaller than unity for the Spec-to-Spec CNN 

indicates that a part of the CNN-predicted spectra are overfitted, 

which may explain, to a certain extent, the generalization issue with 

the CNN on the in vivo data. Similarly, a part of the CNN-predicted 

spectra are also subject to overfitting for the FID-to-FID CNN. The 

FID-to-Spec model was underfitted and resulted in the largest mean 

FQN. 

Given that it is SNR independent as a measure of goodness of 

fit and that it provides information about the status of the model (i.e., 

overfitting/underfitting), FQN can also be a useful measure in deep 

learning studies.

Network
type Min Max Mean

FID-to-FID 0.392 77.245 10.087
FID-to-Spec 1.740 184.677 19.207
Spec-to-Spec 0.067 48.997 2.620
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Representative simulated spectra 

The representative, GT (C1-G1), truncated (C2-G2), 

CNN-predicted (C3-G3), and residual spectra (C4-G4: GT – 
truncated, C5-G5: GT – CNN-predicted) are shown in Figure 

2C-G for different numbers of retained FID points and SNR.  

The resulting NMSE and r between the CNN-predicted and GT 

spectra are shown in Figure 2A-B. The dependence of NMSE 

and r on each of the number of retained FID points and SNR are 

shown in Figure 3.

For tFID8 (Figure 2C), due to truncation of the most of 

the FID points the resulting input spectrum (truncated spectrum) 

appear only as a hump. The CNN recovers the severely 

degraded spectra into more realistic-looking spectra but with 

non-negligible residual signals in the tCr (=Cr+PCr; ~3.0 ppm) 

and tNAA (~2.0 ppm) regions.

For tFID32 (Figure 2D-E), the input spectra from tFIDs 

are still not in shape but the CNN well-recovers the spectra 

with only minor residuals. Despite the large difference in the 

SNR of the GT spectra (10.4 vs. 51.0 dB) the SNR of the input 

spectra are comparable to each other due to the substantial 

portion of the zero-filled region in the tFIDs. The high SNR of 

the input spectra are preserved in the CNN-predicted spectra.

For tFID128 (Figure 2F), the truncation artifact (ringing) 

still persists (F4) but is mainly suppressed by the CNN (F5). 

For tFID1024 (null-truncation) (Figure 2G), the output spectrum 
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is exactly identical to the input spectrum.

The representative CNN-predicted spectra for all of the 

retained FID points at both low and high SNR are shown in 

Figure 5.
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Figure 5. The representative CNN-predicted spectra for all of 

the retrained FID points at both low and high SNR. 

The SNR and the number of retained FID points corresponding to the 

representative spectra (C-R) are marked in the contour plots of NMSE 

(A) and r (B).
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Performance of CNN on in vivo data 

Overall, the performance (NMSE and r) of specCNNspec was 

significantly lower on the in vivo spectra than on a group of the 

simulated spectra, of which the SNR and linewidth ranges were 

comparable to those of the in vivo spectra (n=866). For tFID32, 

tFID64, and tFID128 the NMSE were elevated from 

0.0402±0.0101, 0.0244±0.0059, and 0.0254±0.0058 (simulated) 

to 0.1701±0.0599, 0.1364±0.0557, and 0.0771±0.0385 (in 

vivo), respectively (p<0.002 for all). The corresponding r were 

also reduced from 0.8876±0.0410, 0.9286±0.0317, and 

0.9306±0.0319 (simulated) to 0.8247±0.0483, 0.8669±0.0416, 

and 0.9259±0.0352 (in vivo), respectively. The differences in r 

between the simulated and in vivo spectra were statistically 

significant for tFID32 and tFID64 (P<0.003) but not for tFID128 

(p=0.69).

Figure 6 shows the performance of specCNNspec on the 

spectra from in vivo tFID128 data with different SNR and 

linewidth. In all GT spectra (A6, B6, C6) the amplitude of tCr is 

larger than that of tCho(=GPC+PC; ~3.2 ppm). However, they 

appear comparable in the corresponding zero-filled input spectra 

(A7, B7, C7) due to truncation. This wrong amplitude 

relationship was effectively corrected in the CNN-predicted 

spectra (A8, B8, C8). The persistent ringing artifact seen in the 

difference spectra (GT – Pred; A9, B9, C9) was also mainly 

suppressed in the CNN-predicted spectra.
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In Table 5, the results of the LC model analyses on the 

zero-filled spectra and the CNN-predicted spectra from in vivo 

tFID64 and tFID128 data are compared where the results from the 

original, fully acquired in vivo spectra were considered as the 

GT metabolite concentrations. For tFID64, the MAPE of the 

metabolite concentrations from the CNN-predicted spectra were 

close to 10% only for Glu, mI, and Glx (=Gln+Glu). However, 

for almost all metabolites, the MAPE were substantially reduced 

with respect to those from the zero-filled spectra. For tFID128, 

there is a trend toward improved MAPE with the CNN-predicted 

spectra, which were all no larger than 10% except for PCr. 
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Figure 6. The performance of the spectrum-to-spectrum CNN 

on the in vivo data with the number of retained FID points = 

128.

The ground truth (GT) spectra are shown in the first row of A-C. 

The GT spectrum in A has the highest SNR and lowest linewidth and 

the GT spectrum in B has the median SNR and linewidth among the 11 

in vivo spectra. The GT spectrum in C has a linewidth of 19 Hz which 

is larger than the mean linewidth of the in vivo data (16.2±4.0 Hz). 

The corresponding input spectra from the truncated  and zero-filled 

FIDs (Trunc; second row), the CNN-predicted output spectra (Pred; 

third row), the residual spectra obtained by subtracting the truncated 

spectra from the GT spectra (GT – Trunc; fourth row), and the 

residual spectra obtained by subtracting the CNN-predicted spectra 

from the GT spectra (GT – Pred; fifth row) are shown. The 

corresponding FIDs and their magnified initial parts are shown together. 
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Table 5. The results of the LC model analyses on the 

zero-filled spectra (ZF) and the CNN-predicted spectra (CNN) 

from the truncated in vivo FIDs with the retained FID points of 

64 and 128.

# The mean absolute percent error (MAPE) was calculated for 

individual metabolites using the metabolite concentrations obtained from 

the original, fully acquired in vivo spectra as the ground truth (GT) 

values.
$ Number of in vivo spectra (max. = 11) used in the MAPE 

calculation, from which the metabolite was quantified with CRLB < 

10%.
& Only those metabolites are shown, of which the number of data with 

CRLB < 10% is nonzero in all cases of ZF, CNN, and GT for the FID 

points of both 64 and 128.
* p < 0.05 in this unpaired comparison between ZF and CNN for the 

given number of retained FID points.

FID
Points Model

Metabolite&

Gln Glu mI NAA PCr Tau Glx tCho tCr tNAA

MAPE#

(%)

64
ZF 100 79 84 55 129 213 85 318 194 55

CNN 19* 12* 6 14* 81* 16* 11* 64* 20* 27*

128
ZF 21 8 19 6 35 9 9 12 16 9

CNN 4* 6 9 8 18 7 4 10 9* 6

Number
of

data$

64
ZF 7 10 6 3 4 11 11 10 11 4

CNN 2 9 4 5 4 9 9 6 9 6

128
ZF 7 11 7 11 6 11 11 10 11 11

CNN 7 11 7 11 3 11 11 10 11 11

GT 7 11 7 11 6 11 11 10 11 11
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Discussion

Reconstruction of spectra from tFIDs has been a difficult 

ill-posed problem in NMR (1). Development of such a technique 

can be valuable in the situations where data sampling is highly 

limited such as in spectroscopic magnetic resonance 

fingerprinting (sMRF) (32-34). The potential clinical importance 

of multiparametric MRS has been reviewed recently (35). 

Among the three CNNs FIDCNNFID needs to learn an 

extrapolation of the missing data in tFIDs. So far, the 

CNN-based undersampled MRI has focused on the interpolation 

of the missing data in k-space (8,9), and such an CNN-based 

extrapolation has not been reported in MRI either (e.g., partial 

Fourier). In the case of MRI at least the conjugate symmetry in 

k-space might be exploited in the extrapolation problem, 

although it would be hindered by imperfect experimental setting. 

In MRS an FID is a complicated time-series signal variation 

resulting from the evolution of multiple spin systems under the 

chemical-shift and J-coupling Hamiltonians in combination with 

relaxation. Given our preliminary results with FIDCNNFID that 

showed the lowest performance among the three CNNs, a more 

advanced network design may be required for the time-domain  

extrapolation task. The FIDCNNspec model needs to learn the 
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domain transform (10) (or an approximation of discrete FT) as 

well. This would increase computational complexity (27,29) in  

addition to the complicated time-domain signal evolution. This 

may explain the relatively poor performance of the network. The 

Bayesian-optimized initial number of filters was also largest with 

FIDCNNspec for the given CNN architecture (Table 3). For 

specCNNspec that resulted in the best outcome, the extrapolation 

problem turns into an interpolation problem. The truncation of 

FID can be thought of as applying a rectangular filter on the 

fully acquired FID in time-domain. Thus, the recovery of the 

spectrum in frequency-domain can be viewed as deconvolution 

and may also have similarity to an end-to-end mapping between 

low- and high-resolution images, for both of which the 

applicability of CNNs have been reported (25,36,37). 

The NMSE and r as the measures of the performance of 

specCNNspec were moderately correlated with the number of 

retained FID points, but showed only negligible to mild 

correlations with the SNR and linewidth of GT spectra. It should 

be recalled that the input spectra have much higher SNR than 

the GT spectra due to zero-filling of the tFIDs. Therefore, the 

performance of specCNNspec does not largely depend on the SNR 

of the GT spectra. Likewise, the degree of truncation influences 

the nominal linewidth of the input spectra to a far greater extent 

than the actual linewidth of the GT spectra do (Figure 2). 

Therefore, the correlations of NMSE and r with the linewidth of 
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GT spectra should also be trivial. We also employed r as a 

measure of the CNN performance as it could be more intuitive 

than NMSE as to how close the CNN output is to GT. However, 

it can be subject to SNR. Therefore, while r was strongly 

correlated with NMSE in our study, employing a measure that is 

SNR independent as well as intuitive such as fit-quality-number 

(38) also needs to be considered (Table 4).

Our results on the simulated data demonstrate the 

potential applicability of specCNNspec in the reconstruction of 

spectra from tFIDs. It effectively recovers the spectral details 

even for those input spectra with substantial FID truncation. 

However, its performance was significantly degraded on the in 

vivo data. Such a limited generalization capability of neural 

networks is one of the major issues in deep learning and is 

known to be associated with multiple factors such as data 

quality/quantity, CNN setting, and optimization algorithms 

(39,40). In this context, The use of the simulated spectral basis 

set and the resulting potential difference between the simulated 

and in vivo lineshapes of the metabolites could be responsible 

for the relatively low performance of our CNN on the in vivo 

data. The potential influence of invisible unwanted signal such as 

residual water signal and other spectral artifact in the in vivo 

data cannot completely be excluded. Upon the availability of a 

hardware with more computational capacity, increasing the 

training sample size with more realistic parameter ranges in the 
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simulation (e.g., phase/frequency shift) would clearly be 

beneficial. Additional regularization strategies also need to be 

considered. For instance, given that the signal to be recovered 

by specCNNspec is in the form of “peaks”in the spectrum, the 

use of L1 regularization instead of L2 regularization may further 

improve the performance of the CNN as it is known to facilitate 

the sparsity of the learnable parameters and thus the selectivity 

of features. In addition, given that GAMMA is widely used for 

the simulation of a spectral basis set and that, to the best of our 

knowledge, no visible contamination was found in our in vivo 

data, fine-tuning (41) of the CNN on an additional in vivo data 

set prior to its actual testing on the original in vivo data set 

may also improve the generalization of our CNN upon the 

availability of such an additional in vivo data set.

Nonetheless, the correlation between the CNN-predicted 

and GT spectra obtained with the in vivo spectra was 

comparable to that with the simulated spectra for tFID128 where 

the ringing artifact still persisted even in the spectrum with a 

relatively large linewidth (Figure 6C). More importantly, using 

our specCNNspec several coupled spins such as Gln, Glu, mI, and 

Tau in addition to the major singlets such as tCho, tCr, and 

tNAA can be quantified from tFID128 with the error no larger 

than 10% (Table 5). Assuming the typical spectral BW at 9.4T 

is 5000 Hz, the sampling time required for tFID128 is still as 

short as 25.6 ms. Therefore, our specCNNspec may facilitate more 
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flexible sequence designs in sMRF where singlets are typically 

measured (32-34). In the case of tFID256, the required sampling 

time is still close to 50 ms, and the performance of the CNN is 

expected to be further improved according to our data, including 

the quantitative accuracy of PCr. Therefore, upon well balancing 

between the performance of the CNN and the efficiency of 

sMRF, a CNN-based sMRF may also be used in clinical MRS 

studies.

Further, our CNN generates both real and imaginary 

components as an output, and therefore metabolite quantification 

can be performed by using existing software packages. The high 

SNR of the output spectra even in the case where the GT 

spectra are quite noisy (Figure 2D) would render the spectral 

fitting more robust. For tFID1024 (null-truncation) the CNN 

returns the input spectrum as it is. Therefore, our CNN may be 

combined with another CNN unit that takes part in metabolite 

quantification (19,42-45) such that those spectra from truncated 

FIDs are recovered prior to entering the next CNN whereas 

those fully acquired spectra simply pass through specCNNspec. As 

previously discussed (19), screening of the quality of the input 

data is important, for instance, for minimizing the above 

mentioned possibility of processing the data contaminated by 

unwanted signal. In consideration of a more complete working 

pipeline, therefore, a processing unit for the management of the 

quality of the input data also needs to be developed, for 
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instance, by adapting those previously reported methods 

(46-49) for truncated data.

Finally, given that we employed a conventional U-net, 

more advanced network designs can be exploited for better 

network performance. Considering that FIDs are intrinsically 

complex-valued, incorporation of the complex convolution and 

activation may provide better preservation of the phase 

information in the input data (50,51). A residual U-net is known 

to facilitate the learning further relative to the conventional 

U-net (25,27). The cross-domain, hybrid network training 

strategy may address the computational complexity required for 

the domain transform (27,29) such as KIKI-net (29). As 

discussed previously (19), the black-box problem of the trained 

CNNs is one of the challenging issues in deep learning. For 

instance, in our study, it is not straightforward to understand 

clearly why those metabolites with higher SNR (e.g., tCho and 

tCr) are quantified with larger MAPE in Table 5. Similarly, it is 

difficult to fully explain why one CNN is better than the others, 

other than the extrapolation vs. interpolation issue as discussed 

above. To the best of our knowledge, it appears quite difficult 

even upon a direct comparison of the outputs of the three 

different CNNs (Figure 7) to exactly depict the kinds of errors 

that may explain the different performance of the CNNs. These 

are the additional limitations of our study. Understanding these 

questions would be of great help for improving the deep 
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learning-based reconstruction of the spectrum from an 

incomplete FID.
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Figure 7. The direct comparison of the performance of the three 

CNNs. The figure below compares the CNN-predicted spectra 

from the three different CNNs in response to the CNN-inputs 

shown in Figure 2.

The comparison among C3, C6, and C8 with respect to C1 (GT), which 

are the CNN-predicted spectra from the truncated data with #FID 

points = 8 (C2) using the Spec-to-Spec, FID-to-FID, and 

FID-to-Spec CNNs, respectively, shows that the Spec-to-Spec works 

best and the FID-to-Spec works better than the FID-to-FID in 

accordance with our conclusion. Such a trend is also seen in figures 

(D) and (E). In (F), the ringing artifact persists in F7 and F9. 

However, to the best of our knowledge, it appears quite difficult even 
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in such a direct comparison of the CNN-outputs to exactly pick up the 

kinds of errors that may explain the different performance of the 

CNNs. The corresponding time domain figures are also shown below.
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Conclusion

Upon the availability of more realistically simulated training data, 

CNNs can also be used in the reconstruction of spectra from 

truncated FIDs. 
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국문초록

서론: 절단된 자유유도감쇠(truncated free induction decay; tFID)로

부터의 스펙트럼 복원은 핵자기공명(NMR)에서 오랫동안 난해한 이슈 

중 하나이다. 간단한 복원 방법 중 하나는 누락된 데이터를 0으로 채우

고 푸리에 변환(fourier transform)을 실행하는 방법이지만, 심하게 절

단된 자유유도감쇠로부터의 스펙트럼은 절단 인공물(truncation 

artifact)에 크게 영향을 받는다. 이러한 문제를 해결하기 위해 다양한 

신호 처리 알고리즘들이 보고된 바 있다. 

 최근, 딥러닝은 의료 영상을 포함한 다양한 분야에서 놀랄만한 성과를 

거두며 큰 주목을 받고 있다. 특히, 딥러닝에서 인공 신경망 클래스 중 

하나인 합성곱 신경망(convolutional neural network; CNN)은 영상 

영역(image-domain) 또는 주파수 영역(frequency-domain)에서의 학

습을 통해  불충분한 데이터 point 수를 가진(undersampled) 자기공명

영상(MRI)의 복원에 적극적으로 이용되고 있다.

 이러한 합성곱 신경망의 자기공명영상 복원능을 참고하여, 본 논문은 

수소 자기공명분광(1H-MRS)에서 절단된 자유유도감쇠로부터의 스펙트

럼 복원에서의 합성곱 신경망의 활용 가능성을 탐구하였다.

방법: 인공 신경망 훈련을 위한 자유유도감쇠들은 9.4T의 자기장을 기

준으로 랫드의 뇌(Rat brain)로부터의 생체(in vivo) 데이터를 참고하여  

모사(simulation) 되었고, 총 1024개의 데이터 point 수에서 각각 8, 

16, 32, 64, 128, 256, 512, 1024개의 데이터 point 수를 갖도록 임

의로 절단되었다.

 U-net을 이용하여, 40,000개의 절단된 자유유도감쇠들을 완전한 데이
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터 point 수를 가진 데이터(자유유도감쇠 또는 스펙트럼)로 복원하기 위

해 각각 자유유도감쇠에서 자유유도감쇠로(FID-to-FID (FIDCNNFID)), 

스펙트럼에서 스펙트럼으로(spectrum-to-spectrum (specCNNspec)), 

자유유도감쇠에서 스펙트럼으로(FID-to-spectrum (FIDCNNspec)) 출력

하는 세 가지의 합성곱 신경망을 학습시켰다.

 이 세 가지 합성곱 신경망들은 일차적으로 5,000개의 모사된 데이터들

로 테스트되었고, 가장 좋은 성능을 가진 합성곱 신경망을 선별하여 실

제 생체에서 얻어진 데이터들로 추가 테스트를 진행하였다. 그리고 그 

합성곱 신경망으로 복원된 데이터들은 LC model을 이용하여 대사체 정

량분석을 진행하여, 그 정량분석 결과를 원래 데이터의 LC model을 이

용한 정량분석 결과와 비교하였다.

결과: 모사된 데이터를 통한 테스트에서, 스펙트럼에서 스펙트럼으로

(specCNNspec)으로 출력하는 합성곱 신경망이 가장 좋은 결과를 보여주

었다. 특히, 이 합성곱 신경망은 자유유도감쇠의 절단으로 인해 거의 혹

처럼 보이는 입력 스펙트럼들까지도 효과적으로 복원하였다.

 생체 데이터를 통한 테스트에서는 모사된 데이터를 통한 테스트에서만

큼 좋은 결과를 얻지는 못하였다. 그러나, 128개의 데이터 point 수를 

가진 절단된 자유유도감쇠로부터 복원된 스펙트럼의 경우, singlet으로 

관측되는 대표적인 대사체들뿐 아니라 multiplet으로 관측되는 몇몇 대

사체들에 대해서도 10% 미만의 정량화 오류를 얻을 수 있었다.

결론: 보다 실제에 가까운 모사 데이터를 네트워크의 학습에 이용한다

면, 합성곱 신경망은 절단된 자유유도감쇠로부터의 스펙트럼 복원에도 

사용될 수 있다.
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