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Fluorescence image component classification based on deep learning
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[ Abstract] In the work of petroleum geological image analysis, fluorescence image analysis technology is an important way to
obtain reservoir information contained in rocks. At present, the method of extracting fluorescent components is to first perform RGB
threshold segmentation on the fluorescent image, and then use the color information of each pixel to classify the components
according to a certain clustering algorithm. This process requires a lot of manual interaction and the classification results are not
accurate enough. To solve these problems, this paper proposes a fluorescence image classification algorithm based on deep learning,
which uses the method of VGG16 combined with UNet to construct the network, VGG16 network as the encoder part for backbone
feature extraction, UNet as the decoder part for enhanced feature extraction, and an attention mechanism is added to prevent the loss
of pixel-level information and improve the accuracy of feature extraction. Experiments on multiple sets of images show that this
method can achieve good classification results.
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Fig. 1 Fluorescence image under different excitation light sources
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Fig. 2 Segmentation results of fluorescence images ( Fig. 1) of

different excitation light sources with the same division

standard

IR, T ke €88 2 S T) R 5 1202 %o 9l
FUR AT O R # . Reinhard 25244 P 2 H T —Fh
ST RKESF AR B ERERBEE, 2k
R ERIE R A R ik T AL 2 1 WORL DL K LB 2
T, PR R BT FCM B SR R S M
TR OITRAD:, BN 5 [HfFTEDL
TE 5 Z AN S TR 179 (0] R0, A8 7K 23 7 R AR 1) (R 1T
Fogb 0 AR B 10 SO 1) A ot Ak S5 P 1 i
JCEME RIS Ty 1 AR TE B AR R HERR M PR 2
PRy T LU FT A 09 P & AR B R 2 R R
RARIERS AR,

TS A [ A TR R A 2 (R s R R, R TE o
ENE A T BRI ZE BRI AR o B R | E i
—EW TR R AT 328 BRI A T IX R ) B
L33 IR AABRRER 7 FIEMER . 2012 4, HH
2’ 2% ( Convolutional neural network , CNN) JiH:
J& Kkrizhevsky 252428 19 B 1Y AlexNet #5175t
AL SIS 1 RS, U R 328 X4
G | A BB 0 PRI AR 20 0 S5 3 S ML i 4 e A 55
HPERE DL L ELAR T V2 107 P ) T A 48 I 2% 2 2] A
L AT L I e o I 7 2 DD A B P

LBRZE k)2 2 EEZ VI softmax 2 asts ,
SRR AL Z T — RV, eIk
TR RZ R N 45 454, 41 VGGNet'®) ResNet' ') 4
R, XSO S ) 7 I REE A B ] KR T A
RORFME T HEAT 328, Sl T A& G5O CRIR o3 M 7
Ber N T8 H DL S5 B0 AN A3 & G A TR 2™
AR R HER B sl B, DR AR SR Y T R TR
27 ORI AR

1 AXFH*®

VGG FiAl Simonyan %%%[9] T 2014 42
H ) — 30 e T A R 2 ) 246 1 R R R 4 v L)
PERERI R 45 Hoh B840 % 16 MUEIE . VGG
BRI TN g8 R et & iz H
FORMENAT S5, FET VGG LA i M 45 I 2 75 46
TN A3 S AT IR R ST, — Ok,
2B TR RRAE SRR ) R . SR, NoRAERTRESS
SEARZHRE FE S, UNet 1l FH Bk R % KR 2 45
fE5 &R RESE TRl G RRUE O B S Hr a5 8
PR A SCR 254 VGG16 55 UNet B 7 B 2 1M)
2% FE VGG16 AL SERE I W5 1Y 3 4k %
JZR R UNet a5 i85 454 . F VGG16 M 4%
VE R it 23R o 54T B T HRRAE SR, = AR AR R
(G s UNet 1 Ry fif i 38 43 04T I s RRAE B2 1L, 45
I F R G e G 2145 28 0] A F000 b 2 5 [ e 34
I 2B TP B IR R P BBk 3 SRR
PRI HERAME
1.1 ZmABEEEHR

VGG Mt AR H ZA /N R
HBRWZ, BT DUIIEER Sz T | R TE i D B E
ZAR R T I 28 1) IR e 7. AR, VGG W
HEATEM T A~E EFMAT R 2 RS54, A8 SO
e D 254 st & VGG16, EEAE T 13
NERUZ 5 MALZ M 3 D eER 2, — ok,
k)2 L RIRRAEZ 43 A E R AL R 4 A
Fft, BB TSR FUZ 2 8], R R 4 R B 4y
fERSE, MiAE VGG16 4% Hh fifi i 9 2 e Kt Ak 7
B EINBRIRZ G 88— N R KRB T —
A block, HRUZ AL 2 HR R b6 S B e St
BRI B S 1) 3 iR E DU softmax 47
A0 FH R B S R RRAE AT 40 25, VGG16
REEFIINE 3 s, I 3 Al HL IS dE 5 A
block , 7~ block B8 1B #(— 32, fe KAk )2 FH R I
AEERE A RS



FE3M

FA, G5 TR PO EIE I 732k 177

3 VGGI16 ML
Fig. 3 VGGI16 network structure
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Tab. 1 Effect of different modules on experimental results
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Fig. 8 Training parameters curve
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Tab. 2 Evaluation indicators for classification results of fluorescent

components under different network models

o 25 A Precision mPA mloU
UNet 71.37 74.83 64.59
PspNet 74.06 71.68 56.81
ResNet50 75.50 71.60 57.87
FCN_ResNet101 83.90 80.32 71.40
ATy 88.39 86.44 77.67
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Tab. 3 Comparison of fluorescent component classification operation
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Fig. 9 Comparison of classification results under different classification methods
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