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Q 9% E =HoxEe AHEF A A] folELHFS £o]7] Y3 TAAF LEJFE(convolutional autoencoder)
F&0] ResNet(Residual Neural Network) ¥12]ES 83t AHEH dlojg = AATE Ateiet. 2 2349
(spectroscopy)?] &8 £op7t Yoo utat AHES vojejd|o] A7} -&7F3}=| o] BE&HQI HEo] ojP T2 A
A 37 282 3t o] f8FY HolHHo|lAE G&F o R T st] o HlolE dEE Tt 7|E Hlo]
AT 4508 TABE KA B S et A1 B gep] AL A L Soleote A ST BT
M7t 245 dEH5ES SoMAAT JE £4o] Bt fA WA¥sty] B Al Y& Hlolgete] 24 X7t WAyt
o|Fst SHAE S FE5] Yol & =A== Atst 417431 CAER(Convolutional AutoEncoder+ResNet)2 &5}
of folg ¥EFE £ttt AFT shE2 AA AHEF fo|HE HAlste] e HoJAEH HlolgE Bof st
At CAER AATO A% A5S A vt AHMEHE PCAS AFTS B3t 75%, 87.5%, 93.75%2] AZHER
AT BLE % & 7449 AAE vlw £A4019c i B HlojEl9] oA B|WE 5192 u CAER A14H2
PCAET} Bt 94.2%9] @2 A& HERlth. o] A¥E &5 CAER AFWo] AHEY fojg ¢g=o] avpxoz &

2 4 AL FAsA.

Abstract In this paper, we propose a spectrum compression neural network that applied the ResNet
(Residual Neural Network) algorithm to the convolutional autoencoder structure to reduce data capacity
requirement in storing the spectrum. Recently, as the field of application of spectroscopy widens, the
spectrum database is becoming larger, making efficient transmission difficult and requiring large amount
of storage. Therefore, data compression is performed to manage large amounts of data efficiently. In
PCA (Principal Component Analysis), which is mainly used for data compression, the compression ratio
is determined by the number of principal components. As the number of principal components
decreases, the compression rate increases, but at the same time, it is easier for information loss to occur.
Hence, errors occur between reconstruction and the raw spectrum. To overcome these limitations, we
perform compression through the proposed CAER (Convolutional AutoEncoder+ResNet) network. The
training of the network was performed through simulated data describing the real spectrum. To verify
the performance of the CAER network, the Raman spectrum was compressed and reconstructed at
compression rates of 75%, 87.5%, and 93.75% through the PCA and CAER networks. Comparing the errors
between raw and reconstructed data, the CAER network shows an average error of 94.2% lower than that
of the PCA. The results obtained confirm that the CAER network can be effectively applied to spectrum
compression.
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Fig. 1. Structure of autoencoder
Input data (512)
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Fig. 2. Compression and reconstruction
process based on MLP
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Flatten (128x64)
FCL (Target Size)

FCL(128x64)
Unflatten (128,64)

L
Convld(1,512)
Flatten (512) [

Reconstruction data (512)

Fig. 3. Compression and reconstruction
process based on CNN
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Fig. 5. Shortcut method in ResNet
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and reconstruction process based on CAER(Convolutional AutoEncoder + ResNet) neural
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Fig. 6. Examples of training data
(a) Raman spectrum (b) Simulation data
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Table 1. Structure of CAER neural network
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B 25674 <802 g2l 5129 418 Zolg 256,
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Block®] /4453004 32712 ZA2AII o &3
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A3 Mid blockd] $AFEC R Ad 45 256712 &
A F HIe 9 FFFToE Yd 45 A &3
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r= ©)

Where, z;, y; denote sample values indexed with

i, x,y denote means of z,y, n denotes sample

size
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ES
+13} -14b0]9] ZhS 7R 12 9] AF A,
-12 29 AR A t]fﬁ] Yeble 02 F o
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Table 29} Tabel 32 22 2oJ4lg HolgE &
Sto] FE T BYS HT dHolget ¥ HolEHzrY

# of o =
Layer type Output shape | 1o s MSES} moj& A ASE &3 Holrh
Convldx1 16x512 1
16x512 6
" 32x256 6 Table 2. MSE between simulation data and
Encoding Convldx2 64x128 5 reconstruction data.
Layer
128x128 4
256x64 3 Compression rate (%)
Convldx1 32 ><464 1 75 87.5 93.75
Flattenx 1 2048 1
Mid FCLx1 Target Size 1 PCA 0.3227 1.7319 6.1154
Layer FCLx1 2048 1 MLP
Unflatten x 1 32%64 1 (Multi-Layer 1.4336 1.4860 3.8483
Convldx1 25664 1 Perceptron)
128%x128 4 CNN
64x128 5 (Convolutional 0.0026 0.0342 0.7083
Decoding Convldx2 32%256 6 Neural Network)
Layer 16x512 6 CAER 0.0014 0.0024 0.0480
Convldx1 1x512 1
Flattenx 1 512 1
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Table 3. Pearson correlation between simulation
data and reconstruction data

Compression rate (%)
75 87.5 93.75
PCA 0.9907 0.9502 0.8166
MLP 0.9596 0.9579 0.8884
CNN 0.9999 0.9990 0.9806
CAER 0.9999 0.9999 0.9983

FES 7IHE A7) e YSENA U= 50l

PCA9| H|5] $-=8 RAZ &It PCAE 7|E02

— Raw spectrum —— CAER —— CNN —— MLP —— PCA

(a)

[— Rawspectrum — CAER — CNN — mMLP — pcA|

(b

(0)
Fig. 7. Worst performance results by compression

rate of simulation data
(a) 75% (128/512) (b) 87.5% (64/512) (c) 93.75% (32/512)
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3lo] AT A1AYT CARR A4%e 4=8d oA 7
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t}. CAFR A1E92 $HF A4WET B 77.4%<]
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CAER A9 moj& A4 Ag7t 7H8 -2 B9 b
oJElE 7|0 R &Yt

PCAS} S HAEES Y5EC| =oH4E JH &
AR Qs BE= Ha9 47t Hash HdE 03
ME & &7t A¥sitt. whd F89F AW
CAER 417449 4% o4t 'DAYSHARE Y& Hol= <t
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Table 49} Tabel 5= AA 2{t AHEHS A8t
o 4= ¥ B4 YT o= Y& HolETte]
MSE®} moj& A AleE &3t Holth

2t AdE"L Z 771K] 35K 1,2-dichloroethane
(1,2-DCA), 2,6-dinitrotoluene(2,6-DNT), Acetone,
Ammonium  dinitramide(ADN), Ammonium
Perchlorate(AP), Benzene, Octahydro-1,3,5,7-
tetranitro-1,3,5,7-tetrazocine(HMX)& Z43sto] Ak
gotdct #olA HEs 1.0m W olsta A5t &
Astelon &4 oA E2 1Y k2] THE AN
Sto] Rayleigh 2HR1& AASISITH

f
ol,
=)

Table 4. MSE between Raman spectrum and
reconstruction data

Compression rate (%)
75 87.5 93.75
PCA 0.3494 1.0704 1.9095
MLP 0.8449 0.8731 1.6143
CNN 0.0373 0.0889 0.3373
CAER 0.0191 0.0458 0.1485

Table 5. Pearson correlation between Raman
spectrum and reconstruction data

Compression rate (%)
75 87.5 93.75
PCA 0.9517 0.8501 0.7222
MLP 0.8892 0.8824 0.7713
CNN 0.9963 0.9899 0.9603
CAER 0.9974 0.9943 0.9817
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3t CAER 417892 %5 A7l Hrt Bt 66.4%
W2 QAR Ho] 7hssit.

Fig. 8& PCAS}H 417392 &3 2t A9 EHS 4=

F 59 B2 v CAER A% wloje 43t A47H 7}
% e 29l dojejolct,

HMX

—— Raw spectrum —— CAER —— CNN —— MLP —— PCA

(a)
HMX

—— Raw spectrum —— CAER —— CNN —— MLP —— PCA

(b)
2,6-DNT

[— Rawspectrum — CAER — CNN — MILP — PcA

(@]

Fig. 8. Worst performance results by compression

rate of Raman spectrum
(a) 75% (128/512) (b) 87.5% (64/512) (c) 93.75% (32/512)
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Loy dlojele} 2t A E-o] s CAER 4173
o] HE PFENA 7H FHold 4= 452 Zdth
I o2 90t 45 e Hole E AT
I} CAER A173749] AR ¥l Hsf Fig. 98 &5t

At

Fig. 9% Fig. 8 (0)°IA 45 A4} CAER 417
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Table 6. Time require for compression and
reconstruction by compression ratio

Cogfere(iz)ion Time (sec.)

75 0.6231

PCA 87.5 0.6033

93.75 0.5596

75 0.8127

MLP 97.5 1.0677

93.75 1.0647

75 1.0389

CNN 87.5 1.0705

93.75 1.0450

75 5.5648

CAER 87.5 5.6383

93.75 5.6098
CAER A173%o] 7P B2 Al7to] Ag EA|Rt o]
B9 7ot 5 oS AEfstle o 24 o2 Akt
ofeln WHHnE AHEY doly Y3o] Fl giol

4g 715 Ao Han
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Fig. 9. 2.6 DNT Raman spectrum compression and reconstruction result of CNN and CAER (93.75%

compression rate)
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