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Abstract: [ Objective ] Monitoring and managing effluent quality indicators of wastewater treatment plants is critical for
environmental protection. However, wastewaler treatment involves highly variable and unpredictable complex biochemical
processes. [ Methods ] A prediction model for effluent COD and total nitrogen in wastewater treatment plants was established
based on a Long Short-Term Memory ( LSTM) -Informer. The LSTM module was first used to extract temporal dependencies from
the influent quality indicators. Subsequently, the extracted temporal features were integrated into the Informer module to address
the issue of long-term dependency. Additionally, through the analysis of performance evaluation indicators of several typical
models ( Convolutional Neural Network, CNN, LSTM, CNN-LSTM, and Informer), the fitting performance and prediction
performance of each model were compared. [ Results] The experimental result showed that the LSTM-Informer model could
accurately predict the effluent COD and TN concentrations. On the experimental dataset, the mean squared errors between the
predicted and actual values were 0.630 mg + L™ and 0.105 mg + L', respectively. The root mean square errors were
0.79 mg - L”" and 0.32 mg - L', the mean absolute errors were 0.60 mg - L' and 0.24 mg - L™', the mean absolute
percentage errors were 2. 16% and 2.26%, and the coefficients of determination (R*) were 0.97 and 0. 90, respectively. All
these indicators outperformed those of several typical neural network models. In the statistical significance test, it was verified
that the p—values of the LSTM-Informer model were all greater than those of the other comparative models at a significance level of
0.05. [ Conclusion]The result demonstrate that the LSTM-Informer model, which captures short-term temporal dependencies via
the LSTM network and extracts long-term temporal features through the multi-head sparse self-attention mechanism of the Informer,
provides a reliable basis for the long-term monitoring and prediction of wastewater effluent quality. Its accuracy demonstrates
advantages in both evaluation indicators and statistical tests. Overall, this model can provide early warning of water quality changes
for wastewater treatment plants, which is crucial for achieving intelligent control and optimizing treatment processes.

Keywords : wastewater treatment; neural network; LSTM-Informer model; COD prediction; total nitrogen prediction; attention

mechanism; long-term time series prediction; water quality early warning
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HEIK TN ¥ JiE 0.12 0.22 0.32
K TP ¥ EF 0. 06 0.20 0.33
7K pH {H -0.19 0.02 -0.22
AEAL SR DO MR B 0.13 -0.08 -0.03
A Ak R MLSS 0.45 0.07 0.05
PN T -0.42 -0.06 -0.10
Hh Bl L -0.42 -0.06 -0.10

I8 1 AR, Ay AR TUAR 28 i XA Y I s Jl T
P, VEELPCCH KT 0.2 AYHERAE i 545 b B A g A
s, X F & oCOD, Q. iCOD, iBOD,
MLSS . NAMEL B Al AR D A ik o de 5 0y 4 1) o
oTN, iCOD, iNH,-N, iTN, iTP ipH AJ4E K HEAE i)
M T A oBOD, H SRR B Y - (AR
I, SOCEVE R TR A 1 =% g SREkE, B
JEENG KA T2 — B A 2= LE R G 1 2 2 3
St HAAIELMEMRER, AT & AHE N &S
St 1o A DGR AS 1 1) I 5 2 3k 1Y
3.3 HIEIFMAE

ok U5 R 25 (MSE) | 3 07 R R 22
(RMSE) | ~FIHa X i%2%E (MAE) | ~FX48%5 7 3 L iR
22 (MAPE ) L) B 78 2B (R ) XIS RN B HEAT 9T
LA (R = M= W)

1 )
MSE:;Z(%‘_%)Z (17)
i=1
RMSE:Jli(yi—&i)z (18)
n =
Mg =23 |y, -5, (19)
n =
MAPE::J;ji Yi 7 i (20)
=1 Yi
(n_z}yi '3’1' - 213’1'215&)2
R* = ‘= i= i=
2t~ (Zr) T Es - (25)7]
(21)
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o, n NFEARECE; v, NIIBRME; v, Ry, KPR AT
HIIFERS
3.4 HERMEREITEM
3.4.1 BAMLLRHK

AR B IE LSTM-Informer B8 (9 R 1, 20 3]
HENE T 4 R 0 4 T AL A SR AT LI, A4S
CNN. LSTM, CNN-LSTM . Informer #& % 3y X} 7%
YR I i (i P R 5 5 2 B, A AT e i 22
5, DA g . IR S 2 M b, 54
RSHnZR 2—3k 6 g, H, #4805 nw)
G2 ) UL E M 0.01~0.001; batch-size 5235 % FR
WEN 64; ALZREE N Adam; 15 SRR A UK
Ui R Ry 5 2 AR R B, R E N MSE,

R2 BRMENESH

Table 2 Convolutional neural network parameters

SRR ZHUE

B2 3

Ak 3

B 3
SRR E T 100

W PR Relu

tetkss Adam BB T FEFLEE
I RUNGRREL 500

W2 > % 0. 001

TR 0.1

* 3 LSTM M5
Table 3 LSTM network parameters

e el ZHIH
K J2 A 2 TR 150
52 3
RO AL sigmoid
AT T PR tanh
0 R TR PR tanh
et Adam BBEE T BERIL
SyN[E:R) €A 500
W2 > 5 0.01
TR T 0.1
ETEER MSEloss
Dropout 0.05

3.4.2 BREMIEAFL 5T

M A v 6 3 2023 4F 1—4 H 3t 110 d 19 1k
COD., TN SEPMESHMERATX L, sk 7 prol, H
H7K COD (1) 5 FhmASAY (1) & T REPEAG FE by SRR

{E-S BOMEAE AR RIS 45 R ANTE 6 PR

IRFKEBBA (FPEEL)

¥57% 2026 F%E8H



%4 CNN-LSTM M%&3#
Table 4 CNN-LSTM network parameters

E eS| ZHUE
B2 3
k)2 3
B 3
ESuR IR UEZ DI 100
T R Relu
LSTM B & )2 T8 125
TR IO R AL sigmoid
LIPNEESE TH A WE SRR tanh
HeAbss Adam BB T R
FRIEARUAEL 500
IR > A 0.01
TRERT 0.5
2k gL MSEloss

ElEIh, %//BETRIERICIZEUER Informer FRALRYSIK COD 52 RN

&R 7 sk COD B Y & I RE T MG Ha 4R 7T EE

Table 7 Comparison of different performance evaluation

indicators for effluent COD prediction models

e MSE RMSE MAE MAPE
sl /mg - L7 | /mg- L' | /mg - L7 /% R?
CNN 8.905 2.984 2.376 8.3 | 0.551
LST™M 3.368 1.835 1.334 4.7 | 0.830
CNN-LSTM 1.318 1.148 0. 667 2.4 ] 0.933
Informer 1.920 1. 386 0.961 3.4 | 0.903
LSTM-Informer 0. 631 0.795 0. 602 2.2 | 0.968

7K TN B 5 Ff FEI0AS 2Y 4 2% TP BE A i 4
%8 Pl SLBRE T B ELAE A b AR SR AN

K7 Fis,

&8 ik TN BT R B9 R I RE I FE AR 3T L

Table 8 Comparison of different performance evaluation

indicators for effluent TN prediction models

%5 Informer M4 S - MSE RMSE MAE | MAPE |
Table 5 Informer network parameters = * /mg L' | /mg L' | /mg - L' | /% R
ZHCEM ZHdA CNN 0.633 0. 795 0.562 5.6 0.424
Gy 2 LST™M 0. 348 0.590 0.453 | 4.4 |0.683
P I CNN-LSTM 0.234 0.484 0.358 | 3.5 | 0.787
IR o 30 Informer 0. 269 0.518 0. 337 3.3 0.755
RS SIS 3 LSTM-Informer 0. 105 0.324 0.235 2.2 0.904
T R AR Gelu - _ N
Batch-size o HIe 7 IR 8 ATH1, CNN 554U i) F0 0 A B2 IR
oAb e Adam B F R HWABCERAME, X ATHE S HA B B3G5 ab 3 — 4R K]
I SNIEAle 100 G479, 00 L 3 S — 2 5 B LA Ak BR8] e 1
Bl 0.001 I REZ P EONGRMS AR 1 | S A8, D S
s 2 SO U (LRSI (RTINS BE . JESE, CNN
2K R B MSEloss

% 6 LSTM-Informer M4& 5%
Table 6 LSTM-Informer network parameters

E2esll SHUE
BB )2 i e 150
B2 3
TR 1O PR sigmoid
AT 1O MR tanh
D PR tanh
LS 3
AT 3
RN 2 i 32
2 8
TG PREL Gelu
Batch-size 64
ks Adam BT BRI
e KINZRIR B 100
(U CE T 0. 001
FRLAEE L B3 2
K RIEL MSEloss

KFKEBEAR(PHRL) E57%5 2026 FE 8 H

AR AR T SR R DGR A S, I 20 T X 4
JRRIRFIE AR . X — T DAUERH , 7E S0 H K
WEERT, KBRS T 2 EZAMER

LSTM A5 AT — > Bsf 220 A9t 7K K S5 i 8 B B [
k2% Rz ) 22 iy BB ESF 8 PN B ACRRAE [ o ol R
B BRI R AT 2 AR A LR
Ab PR K S AR R A S TR) B, SCEE IR T 4 0 45
WEA AR, B 6 FE 7 )BT HiZK COD fil TN
FLSE A TNE 2SSO A R, LSTM 7Y
AR AR AR FL SR AT Al - AR —3k, HU
AAREEHE CNN LAy WO RS MR 5k, (BT8R 17
FERG T TH 2 SR A K 17 [ A0 0 R 0 i SR
NS

CNN-LSTM f2 A1 454 17 CNN 5 LSTM £ 5 —
HIRRS, BRI A S CNN AT 5 BLR
FROESRIR, XPEORHEAT T RE4E, SRS PR o BE ik
A LSTM W 45 B B0 v A7 Il 22 ), X 4ead 6 B A
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Fig. 6  Effluent COD prediction results of different models from January to April 2023
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P AR SR AR BEAT IS IR) 46 5 b O AsE -4
EE R, xEERIPE AR 25 S R, B CNN 5 LSTM
AN AR LY B, L 45 6 bR ( MSE. RMSE ., MAE
MAPE) % ¥ 45 FIf kA%, i ad 254 CNN A1 LSTM, 45
RUSTER T 25 [a) 55 s TR AE A kil X U B A 800
BEXTR— IR O S TR S, BT R AR —
FERREE b 2B BT (Y A

Informer BRI [ AR I ALE], H K P51 5K
P T PR EE B R 46 2 1, RBRE Ml ) Kt
JPARIBOC R, [, 23RS [ R AL AT L
INZ2A T2 T 4 R B A 1) e, Ak R Rk
COD FI#E/K NH,-N| TN &5, Wt 773X L6 G R F 3
AR, DT AR B 6 T A0 5 B, WD IR
FEBT, wER o B, 7E AR B
DOKS BE W TRTBsE 32 ML 3 J 35 B ARG T 3 B0 14 (1] AT
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Tt A B X 4 )23 g 5 8 A (%) 15F TR) e 8 AT R
HE— 2500 T YR W 45 SRR, TR T T
AKX BEAIL I fof 75455 50 BE 6% T 200 b Ak B
(OB ) e 0 B, RO, OIS B LA R A
SERRME R SR T2 AL BE T, RENS SRS ME ML K
K AR R A A

LSTM-Informer & GBI 45 4 T LSTM A1 Informer
MRS, B SRR BT E) P 8 Bd s A LSTM #5270 LA
PEBU A K T SRR ;. e, X SRR PR
i A 2] Informer 7138 i ProbSparse ALl 7 $2 £ 1
WHERIE ;. BJE, RITTZEIRIRAER 2R TUA R R4
A, s B A TR AL — A R AR A 5
FRAE; B2, ol 2w gs R, H=/19F
{4645 MSE . RMSE . MAE Lt T LSTM Fl Informer
FARIAITE 7K COD ¥ B 300 v 43 S BRI T 81.3%
57.4% . 54.9% M 67.2% . 23.2% . 37.5%, H1E
AT R R AT R AT R A BRI R
3T WAS B
3.4.3 BALRE LML

R B UEAS I 56 B 2 57 7 LSTM-Informer #5524 [
MZERIEG T2 F HA RS, RO RS BEER
B, B ARG R FH 8 K T BOE S AR 2 IE S
AR, WOR A Wilcoxon £ 5 BRI, IR Ry EL 5L
(E-5 FUNME = [B] 4 22 (B TP B0 T 0, 25 RNk 9
% 10 5,

WEER B T, R 9 T RRRIE g K OF
a=0.05F, p (HIIKT 0.05, 15604458 ik FUm 45
REBEIEMZETR/N, HEA -2 Emae s, m
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Table 9  Significance test of differences in effluent

COD results among models

” " FEAKL . brfEdetass | ik

pongss | PP | | RS | TR
CNN 110 3454 1. 197 0.231
LST™M 110 3208 0.464 0. 643
CNN-LSTM 110 2 989 -0. 189 0. 850
Informer 110 3101 0. 145 0. 885
LSTM-Informer 110 3 096 0. 130 0. 897

F10 HEBEHK TN PHERERBEZERE

Table 10  Significance test of differences in effluent TN

results among models

. BAA | | bRk | W
BoRER |y | BRI i ) | G )
CNN 110 2 793 -0.774 0. 439
LSTM 110 3233 0. 538 0. 590
CNN-LSTM 110 3170 0. 350 0.726
Informer 110 3 140 0. 261 0. 794
LSTM-Informer 110 3047 -0. 160 0. 987

AR 56 & 37 f) LSTM-Informer #5744 p {64 0. 897,
KT HANT LOAARL, SEHIT0IN 45 5 5 B A7 AE 22 5%
BRI REMEAR N, FETHIER T AR e Se 2 E RA L
P, R0 BRI EE R 5K 9 o —8. %4
b, BB LSTM-Informer AH%% T H AR 5 54 4
e HA G R L,
3.5 #HEZAM

3 2o o) P AR A b B PPA R AR NS
R W EVER I XS L, 1 A BRI KK BT
DU RE D7 T SO0 T HARAE Y Ol it — 2D e A U
AT 1Y LSTM-Informer #55 (17Z M, i FH 12 A5 BY %ot
2022 4 1—4 J AY/K B 8 2047 H KoK B, 1t
MR ANE 8 fras . mlLLE B JCie Z&7E K COD b
SR TN Y FOMRCR b, F h £k 55 52 B th Ze 4
WG, LSTM-Informer 554 W] LA % 4 1 00 HH 7K 7K
AR AR, B TR s s v A s ) 4 OC
£, TR BTN 55 BAT R AR PHRACR
3.6 #HRiItg

LSTM-Informer #5284 [ 10 5 7E F LSTM 9 48 19 inf
[\icA2 68 71 DA X Informer 51 ARJTEZ NG, AT
B B AT . LSTM J2 3 B4 Xof 26 30 sk [ 4 361
JRERAFESEATHEAE , FEAS YIS Hh s Ak K B s
AN kK R S EORIN %), Ak = i 2, LA R
T2 ARP sebei | AURET 2055, 8 i A B AR
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Fig. 8 Prediction performance of LSTM-Informer model from January to April 2022
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