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Abstract

Sampling systems have always played a crucial role in biochemical analyzers. How to effectively
identify abnormal signals in the sampling process and improve sampling precision and accuracy is
amajor challenge in the field of biochemical analyzers. In this paper, a classification model combin-
ing improved residual network and attention mechanism is proposed to accurately identify abnor-
mal sampling pressure. Firstly, a convolutional neural network based on the improved residual
structure is used to extract local features of the signal; secondly, a bidirectional long and short-term
memory network is combined to enhance the network’s ability to capture temporal features; finally,
an efficient additive attentional mechanism is introduced to assign regional discriminative weights
to each extracted feature, which helps the model to pay more attention to the important features
during the training process, thus improving the classification accuracy. The experiments are based
on a dataset built from samples with different concentrations measured from several fully auto-
mated biochemical analyzers. The model has an overall accuracy of 96.02% on the dataset and is
expected to be applied in the field of biochemical testing instruments.
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o ZITIESE A/ N AR BRI E IR AT RE AL EE, R 24 /2 DCNN AU [F) K /NME S BUAZ SR ELC FL
ST ITELIRAE, M4 T R B, A BTG RS WA s s Y R
3. BIEER®E
3.1. BEENRGHEE

HUREIE /1 R EURRAT . 2B HURE B8 . R SRR S S5 pl, LS AR T P I n &) 1
Fime XSS il o v m AR, B ORAEAL BT OCRRFE R GRS ik MRt ALFRRE . D T 7 B,
T RE A I £ 4 E 0 B A E A ) T R R SRSk, R RS MR S T HERRION . R GUTEAE ZE SR A FL R
W ) (R A 2 b e e T IR AR IR, HTIRME N IR @l o E W s 128, K46 B3
RrORE R S8 S IHZE . Ak, B N R R R SRR BT L, KRG LA — P
WK AR ET AR FERE T, R IR L 7y 2200 5 1R/ B IRGd . A st v ) MR 0 A e s ML, A
RERA DR 4 1 B0 A A 23 AT 3OS  &5 51 1) T Sk
3.2. REEHSAER

FrHR A AR AL N 1] 2 Ff s, E R ResNet W45, BILSTM P45, B VL= AIHLHIA 4% 5%

DOI: 10.12677/hjbm.2025.153058 504 LR 2


https://doi.org/10.12677/hjbm.2025.153058

ML &

(
| | / e \\
: | |! > Normal |
| | | < |
: ‘ ’ : : o I
; E I
Sampling needle : ! 2 Clogged:
_ I I [
- ! : :
! : ‘\\D- Time (s) J
\ ) TTTmmmmmmeeee
T . ; Negative pressure
BaPriiai Detection ﬁ Electromagnetic
valve

pump

i

Multi-channel Ram pump Pressure
sample ware sensor

Figure 1. Connection diagram of the sampling pressure system
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Figure 2. EResNet-ABiLSTM network structure
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Figure 3. ECA attention mechanism module
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Figure 4. ECA-ResNet model
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Figure 5. Structure of BiLSTM network
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Figure 7. Accuracy curve of ablation experiments
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& 8. JHERSCIR KLk

DOI: 10.12677/hjbm.2025.153058 509 AW


https://doi.org/10.12677/hjbm.2025.153058

FRHE 2%

8 R T AFEEANGERE P IRt 2ot W LB E S, E-REAIZPIN, XLk
HGE N, FEREE IR BEAT BB, LR I SR B LA BE ) BRI ST IASEEL T R
NRRAE, 283 50 YGEAE IS E] 0.82 Fidy o WSIGH FE AN S AW S ST HAb i, SRIA T i x4
PR RGBS RET -

Total Confusion Matrix (Percentage) Total Confusion Matrix (Percentage)
® o
T 80 4
[S [S 80
[s2] 70 [sp]
o o
© 60 ©
o o
3 E o 60
w ¥ 50 g < r
g g 40 Q & 40
T A ~
= e 30 L=
w w0
o -20 » -20
c- 3.70 2.65 476 o &7 178 3.55 1.78
IS €
© 1 1 1 © 1 | |
3mPas 4mPas 5mPas 6mPas 3mPas 4mPas 5mPas 6mPas
Predicted labels Predicted labels
Total Confusion Matrix (Percentage) Total Confusion Matrix (Percentage)
] (2]
g g
IS S
- 80 a 80
] (2]
0 & 0§
o E 0% E 60
(i 8
0 2 o ?
2 & 4028 ~40
IS S
w Te]
® 20 o -20
§* 0.56 2.26 0.56 5.;* 1.24 0.00 0.62
© , , , © 3 " . _O
3mPas 4mPas 5mPas 6mPas 3mPas 4mPas 5mPas 6mPas
Predicted labels Predicted labels

Figure 9. Confusion matrix of ablation experiments
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Table 1. Ablation experiment results
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WIRES HER 1% REEIY 5 57 1%
BiLSTM 86.72% 86.79% 95.58%
ResNet-BiLSTM 90.20% 89.94% 96.72%
EResNet-BiLSTM 92.90% 92.65% 97.63%
EResNet-ABILSTM 96.02% 95.99% 98.67%
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