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Abstract: The results of intelligent assays are directly related to the purity and quality of mineral processing
and metallurgical products. Timely identification of anomalies in the intelligent assay process is crucial for
preventing improper adjustments to process parameters and avoiding declines in production efficiency. Therefore,
accurate anomaly detection in this process is of great significance. This paper proposes an anomaly detection method

based on deep sparse denoising auto—encoder (DSDAE) optimized by improved particle swarm optimization (IPSO)
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algorithm. First, a reconstruction model based on auto—encoder (AE) is established, in which sparsity constraints,

a denoising mechanism, and a deep network structure are introduced to enhance the model " s robustness and feature

extraction capability. Then, the model parameters are optimized using the improved particle swarm optimization

algorithm. Finally, an online monitoring system for the assay process is developed to validate the proposed method.

Experimental results show that the proposed method achieves an anomaly detection accuracy of 99.86%, with a false

alarm rate of 0.25% and a missed detection rate of 0.28%. Compared with existing methods, it significantly improves

detection accuracy while reducing both false alarm rate and missed detection rate, enabling accurate anomaly

detection in the intelligent assay process of mineral processing and metallurgy.

Key words: intelligent assay laboratory ; deep sparse denoising auto—encoder ;improved particle swarm optimiza-

tion ;anomaly detection ; condition monitoring
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Fig.1 Schematic diagram of the mineral processing intelligent assay laboratory
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Fig.2 Anomalous data patterns in mineral processing assay process
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Fig.4 Deep sparse denoising auto—encoder architecture
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Tab.1 Model inputs and outputs for anomaly detection
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Fig.7 Training loss of the DSDAE model
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Fig.9 Heatmap of reconstruction errors in the sequence of the intelligent assay process for mineral processing and metallurgy
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Fig.10 Average detection accuracy of different methods under

various background noise levels
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Tab.5 Comparison of anomaly detection results from

different models

[EalLsis] IES ES(EES L F i
LOF 0.574 8 0.007 6 0.891 1 0.194 8
SVM 0.530 3 0.086 9 0.896 8 0.1718
PCA 0.607 3 0.207 2 0.598 9 0.4912
GAN 0.8527 0.102 6 0.197 1 0.837 6
VAE 0.867 6 0.148 7 0.1143 0.863 5

IPSO-DSDAE ~ 0.998 6 0.002 5 0.002 8 0.998 5

FH 32 5 AT AT, A SCHE A9 IPSO-DSDAE #5375
SRR 7 I T A LAY U T 99.85% 1)
e & FOH , B 3% & T VAE (86.35%) Fll GAN
(83.76%) ; TEUENH 4845 I, MHEST VAE F1 GAN 43
AT T 13,1 F14.59 S 4 a8 HOAR SCHE R Y
IPSO-DSDAE #5278 Jfjg 6 2 AN 4 0.28% , #E Ui =
iff 2 04 ) Ao S B T A T %

HH T LOF \SVM \PCA, A< SCHR H Al A5 7 3 it
LM ML (R Z RS, A 3l ) R R 1%



5 8 3

TR B2 HLF IPSO-DSDAE 935 1584 BE £k 58 1o 72 S 8% A6 1 173

RIS 5 BIR )2 MR RRAE A AR L PE e, iR UK
TR FRAE B, PR AT R A Al 4 G 1Y i
FIH 5 A T GAN, AR SCHE H A AL T 75 K o 1k
WREAR SRR 2R, HREMEHLHI MBI, 2@ T
TR ) 5 W R Tl 3 B8 e s A LT VAR, AR
SO R TR 3 Ao A A 2 TR o) ) 246 27 > e EL A )
PERRRAE R, 70 b HEAE LA fa7 5 M =6 20 A il ik 1)
Tl 5 5 BAEAE LA AL AR, A IR 5 70
AR (18 288 (1) B 251X B Sk A 4

I ARSI K X F A A Al SR T, AR SCHR
Y JE T IPSO-DSDAE 36168 BE AL 30 1 72 57 Ak
D5 0 B A2 AL RE 1 AR A T IR 1 HL At A AL 7
BTG, AT A S IR VR BB A A R ) S
I AN S s T AR H

4 ELENREELMER

L YR PR R A RE L R R RS R A
SR CISERIDTE & /T 2 IBOR i3 &/ Epis SN
Ab PR RGN | TR A AR RS, A SCBR T AR T —

SER IR e R AR I R ST, HLAiH
HEFEANE 11 Js . i AR G il ad w08 T8 BE AL 45 36
TR b R A IR 10 245 S SR A o R
IR B 22 4 A% 2= v AR PR, 92 RGN 1 Sk
W5 25 R A AE A AR G805 i >R T Python 1 5 B
PY QT A 37 15 i e B g i 4%

FEL S HAT

f
4
b
JG

A AL AL
IR T

A1l A sa i g & Bl R s HER

Fig.11 System architecture of the online monitoring platform

for the assay process
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Tab.6 Actual anomaly detection results of the system
fesitt MiRTIRS Bl Tk F 8
1 0.998 6 0.002 5 0.002 8 0.998 5
2 0.994 6 0.004 5 0.0151 0.969 7
3 0.996 0 0.003 8 0.004 2 0.996 9
4 0.993 2 0.002 1 0.014 8 0.990 7
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