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Transfer Learning Assisted Transmission Quality Evaluation
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Abstract: When the data distribution of optical fiber link changes, machine learning can be used to evaluate the transmission
quality of link, which needs to recollect data and retrain. This process is time-consuming and complex. Transfer learning di-
rectly applies the previously learned knowledge to the current task, which requires less data. Therefore, it is proposed to use
two transfer learning methods to realize multi classifier based on machine learning in the correlated optical communication sys-
tem. The simulation results show that the multi classifier of machine learning combined with transfer learning and fine-tuning
technology improves the multi classification index score by more than 0. 25 compared with the direct transfer machine learning
multi classifier. It is also shown that the impact of sample imbalance is reduced, and each category has high performance. It is
proved that the machine learning multi classifier combined with transfer learning and fine-tuning technology can reduce the size
of data set, reduce the cost of collecting data set, and improve the efficiency of transmission quality evaluation process in optical
fiber link.
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Table 1 A, B and C link parameter settings
% # A S #HEH B % #3 # CH#%H
i K
. 80~7 500 90~7 500 50~7 000
& /km 7 ’
7 K 80,100, 90,110, 50,80,
J& /km 120,150 130,150 110,140
B 5 PM-BPSK, PM-BPSK, PM-BPSK,
ot PM-QPSK, PM-QPSK, PM-QPSK.,
’ 16QAM, 64QAM 16QAM,64QAM 16QAM,64QAM
%A
40,50,100 40,50,100 50,100
% Ghit/s 7
FELH g —10~6 —15~0
% % /dBm
1.2 3RENEE

HR A SCHR (4], B 2 BACHE 42 00 Re AE Ay 4 K R
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The structure diagram of optical fiber link
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Table 2 Dataset content

B %70 %51 %75 2
#HE (B A (Fa#)
HEE A 32991 8 722 4391 19 878
HE|EEB 20375 7 318 2512 10 545
REEC 20215 6 724 2 603 10 888
1.3 ML ZHEENA
1.3.1 ML %8 An

(1) f&5 ML 53k
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Figure 2 The structure diagram of migration
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and fine-tuning classifier
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Figure 3 The structure diagram

of direct migration classifier
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Table 3 Multi-classification performances of system B

Kappa HWE®H W##%E  Fl_macro

SVM  0.8855 0.0676 0.9323  0.8790
FALZEA 0.8244  0.1036  0.896 4 0.812 6
ANN  0.8805 0.0705 0.9295  0.8727
DNN  0.8811 0.0701 0.9298  0.8735

3L T RE B P 240 A RE R AR 0 5L
SVM.,ANN FI DNN #E#i % 7¢ 0. 92 LA I, Kappa #l
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ANN F1 DNN B AH T . BE LR AR L AT 3 4328 2%
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Table 4 Multi-classification performances of system C

Kappa BB EHE F1_macro

SVM  0.8103 0.1115 0.8885  0.8314
MALAEA  0.6327  0.2091  0.790 9 0.6759
ANN  0.8422 0.0920 0.9080  0.851 6
DNN  0.8402 0.0936 0.9074  0.850 2

FKAILFET ARG C P2 rERedsr o 5.
SVM,ANN Hl DNN R R 7 0. 88 UL L, F1_
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Table 5 Multi-classification performances of system B

Kappa HWERH ##%  Fl_macro

SVM  0.9566 0.0256 0.9743  0.954 7
MAHLZEAM 0.8869  0.0663 0.9337 0.880 6
ANN  0.9630 0.0218 0.9782  0.962 2
DNN  0.9701 0.0176 0.9824  0.968 4

TSR T REG B E R E bR 5L
SVM,ANN #1 DNN J#E#2 . F1_macro 1 Kappa
BB =FH BRI 0. 95 DL L BENLAR MK = 0%k
YA . 439k 0. 933 7.0. 880 6 F10. 886 9, 4> %t
BITE 0. 88 LA Lo Jir A7 43 28 4% 14 i B B 8 S 2 4 )
#AE 0. 01, &5 & 4 ADHabr o, & WO s 1
ANN 1 DNN 7 &2 4 B ) QoT 7 2K 6t 71 &
SVM 5, /2K EAR G . SVM 143 25k AR 75
BEPLER AT R4 C 94> 2K RE T .

T3 46 A K /N o 2 B 52 i AT 20 AN 1, 5 3 3
BOHE AR H 28 S Y 4 B4 S o 2 5 i A 4
B, 3 1, SVM, ANN Al DNN # F1_macro

48

Kappa & 8 BUE #R AL F 0. 88 Z 47, Bl AL AR AR TE
0.82 fefi, Zeid i, 4 f SVM,ANN Al DNN
B F1_macro fll Kappa REEE#BALLT 0. 95 VL |,
PFT 0.07 43 3L B BEVLARRLE 0. 88 247,
PR T 0.06 4. HEm T MR RS B W26
EWAS

Zi b AR A MOE R T ML 20 K480 R
GBI KRe M2, 2R R . DNN
P BB B 4 M e o B A

ZORIWAERG C TN 253 Mg de br 0 BUE
454055 6 i . ANN Il DNN B35 47 30 PRI .

A6 FACHEHpEMEIIFIHK

Table 6 Multi-classification performances of system C

Kappa MIEE EHRE F1_macro

SVM  0.9530 0.0275 0.9725  0.954 2
MAHLZEA 0.9162  0.0484 0.9516  0.917 4
ANN  0.9619 0.0222 0.9778  0.9617
DNN  0.9682 0.0185 0.9815  0.968 3
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