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Fig. 1 Process flowchart (a) and microscopic mass transfer mechanism (b) of the DD—OD coupled system

WCE B S5 NH Ay NH;  J5 5 7R B
JEIR ) Nl g AKGE AR E IS H R,
L s . R BRI E pH R
B AT ) BT 1o 3 A R 2R ) A% e e s i
Tt KA.
1.2 #HFEWESTLE

AT H A 4R PR S0 % R G A 5 Web of
Science SCHREL I #4 i, 35 DD, OD J HAH A R
4t DD-OD FEA[F#AESMF T s TE R, X
BREE LL“ Ammonia recovery”“Donnan dialysis”
“Osmotic distillation” g F&5#E1R] i L 3k 15 . L T4
P — B0 1, A0 A R H bR 1 Ak Rl 5 A1
(CSO/CMX [H B + 22 ¥ i )z PVDE i 7K ) M

DD-OD 3 2 2 sl AH B B A BF 58 RE A L B 544 )
BT R RENEE., 2B, L5054 SREA
1008 20, Horh Se e sk A 682 41, SCHkER A 326
2H s X0 DD R4 AR5 653 41, OD R4k
R 355 41, AV AGFIE LSS B TR T4
RGuRAL Pkl NH - N W 2R R A 320k
WO P V)R o L 44 5T BH B 73 B FH B8 722
P (CEM) ZSAT | B8 4b BR 67 fof 0 NHY - N i
B EE pH MRS pH. Ak, I AP T 5
TR R BRI BRI E R G w22 .
HR e AR SR S R AR R S AR

SR AR ki A ek 5 vz AR B8 T B
ANFRFRAEUNE - 752 B X SL IR T BE AR Y



<164 - WOR

5 3% & o 46 %

HREA SR T RE 300 5% 22 09 7 i 47 R00 5
SR BRI  FUHRIE IR0 RE BRI FEA
SEAT TN T 55 T A S SR Y A X R 25, &
526~ 20 Y6 71 BBl A 14 53053 L A5t , J5e < 531l B ke 25 4
XHER A AIHT 10 0 FEAS , Lyl 20 W 75 4, 32 T+ 550
Pt UK, R TR ORI AR 1) 2 L L 8
THUEE AT 8 = 2 WM LLBIBENLI 73 Ml 2R S
MAAE . BEJS EER SCHRESIE A7 7E i e 2R T0, Sy ikt
B ELHE MR FEA TS B0 15 2 2R AT R Al S =X
L2 HEAF ML (MICE) #1734, MICE 38 i 1%
AR RN 4 75 ORI FH A AR AE A5 B ke A Tk 2R (L AH
e TR G B E b AL BCE RS BE A5 T 4 1 Ok BR 4
P GETHRRIE 5 A8 R ARG HED . BeJm T BR
A a) 2 40 22 S PSRN WS S 1) 2 Wi o K
FESEATIA — AR Ak B, IF X8 28 S 4R A 552 e s 15 2 46
Y TN TR Ak B W T R S A AU Pk i S S AR A
P g 3 — 20 X LU AN ) 4 5 0 s B 7 125 1) 265 K
R
1.3 ERGESEMS

R T A ETE T TR FR G e L TN A A, A A
FER R - A L 5 3 5 S B0 AL 1Y)
PIRT B SR M . 15, EHL SVRU DT, RF, XG-
Boost #1 CatBoost 3t 5 Fft = 3 R AR 4 7471 25 He
B 7 BN [R) B 0 R 0 A UM AP AR 1 25 53
5] A Z 45 75 7 (U OneHotEncoding . SumEn-
coder) 5457 )7 =L (U1 MinMaxScaler , PowerTrans-
former) HATZH &  LATESE T RFIEZE B2 1G4 1Y [A] B 21
B 2R 25 AA £ I Il G ) =20 B A 28 ik
FRIYVETERZ N, A A — o b 32H 5 1) Tt 000 478
1t 5 Yrae IR UEIET T R G PEAG

AL REIPMN FE AR G A U B (R V37 AR
125 (RMSE) fRPF 3 4a x5 22 (MAE) . Hrb R* H
T ARG BRI AR S ) AR RE ) (DB T 1 R
DL ROR B g s RMSE Rl MAE H - f 2t 75000 (i
5 SB[ A i 26 P B (BB /N 27 A 2R B
U AR ARINA (D~ (3)

PO VISLC St 2 (D
E:I:1 (i =

()

(3)

e WEEARRCR s v, O EUSE YO TONE s 3o
FEAIHIE.

TER 58 B U HEASE Y Ko AL BRSES )i . 6T Hy-
peropt JFER I 4544 Parzen i 11 4% (TPE) DL -
DAL S X2 20 R TR B I A 28 205 S Bl
SRt R, MG MR, TPE 765
SRS BA R RSRS 2R
PR B ARS8 S8 S I R T
PEATREAIYN S5 L i i Sz R AR B HZ AR fE
1.4 #EERERESNA

N T SOl ML TR SRAR” R BRAE A5 5|
A SHAP J7 1248 A0 4% il AR AE X A5 2 T 245 2R
PRTTHR . AT 3 T A [l AR, 580
AR PR 1 SHAP {8, 38 2o 45 22 [ J /R RRAE XS
FIBRAZ A IE B ) B 0 K o BRI S AT 0 =
FERRDY AN, R PDP 3 — 25 ] B G B
I CHHR 2 i 7 I (8] 55D 5 2R e i 1 =2 1] ) e
ALK FR . 4578 2 80E AR R (E 00 45 BOREIX
[E1[ R

TE M EERD b M T DU A i TPE 553
HEZL. XF DD - OD #8& R G471 2 H b5 b [F 1
L A AR B R IR I e R A R
[aPfeR DAt A 4 DD AT 4 i i -5 R
JERRG AR OD BRI Eh A5 A » IR 52 2
WAL it FE . B Optuna HEZR1E £ 4k S8 25 (6]
PEAT 4 JRy 30 » a8 o P 2R T I T 0 e T 2 Bk A5 [l
WCR B B AE T 2285 S br T ol S i g
B

2 Z#ERE#

2.1 $FEHEXES R

T3 jZ R B (Spearman) #H5¢ &40, X% DD 5
OD RGNS G RIEAT TR IR 45 R AN 2
Fims . B BRI HHOCRE r BUEIE N — 1~
LBt iy i 2 2050 IR AR OC B IEA G, 76 DD
G HLE 2(a) 1 s 7H ) 5 2 A LR 2 B IE
X Gr=0. 81) , T Wit A8 3o 2 2 247 8l ) 2+ 0K
), BT DR KR E N E R R, BRE Th
4 k3 NH, - N ¥R EE 4451 B 1R FE & o (E
SRR R S RBRFM A S 5 (| r [ <20, 2),
X—HEAE R B DD i #8257 16 e i | B4V 55 58 S
W2 R ik 2 A 5 22 ML [m] 1) 24 52 B0 B I 1



55330

A B A5 AL 27 )l By e USRS 5 U I i R Ak « 165 +

SRS R X LLE R B ST I R T R R A T
Z 0D RE LI A F R CHERFAEL A 2(b) 1.
Hellezs NHy - NIk B2 5 [0 i3 B aE A OC (r=0.
80) . AT F M B AL FOBIE » BV w0 U
B8/ 3 s 22 ] Sk 4 ik 5 AL T K Bl o DA T B e
IR . R, B % pH 5 [ R IR 52 IR AR 5%
Z(r=0.65 . MMM TSRS H FrZeiHHe

(@)
1.00
JZAT I 8] AT i 0.80 -
HERFENH, -NIREE | bk 5NH, Nk -0.93 059 e
FEWCR IR E Beliik e 0.40
) 16k Dl 020
0.00
pld \ ol 034 0.58 -
Z4 57 BH B IR B 0 1 155 T 0850 0.40
P AL 2 s A V ’ Qs -0.60
-0.80
NH; -NZE[RE ’ NH, N %
¢ N - — -1.00
DG & R &k
& T ST ¢
& gy F X
%\2» ,{‘&% %Q\ & x),
% ® &
R '
¥

Ik pH T . iz 5 ] T AR W 72 A
5500, DD SRR H AR 13858 55 A0 X [R] OD
T AR AR5 A S A A S 22 . X —Z5 2R TR Ul
B (SRS A G 4 72 i R S 2 B e LA 4 T e A AL
HAZ 2k DD-OD f&d 2 38 VI 25| A ML 5
VR ATRASZ A 45 0 15 1) 52 2% 52 F A o DA T 552 B
R GPEREBORT RTINS UL .

(b)

1.00
SEATI ] pEfrnt i 0.66 0.86 0.80
0.60
P ENH, -NIRE ‘('%EZNHJ'-N‘H("}'_ 0.59 0.80 00
Pl E=pH elicspH 0.20
0.00
l’ﬁfi?r:".PH ' f2%pH 0.65 20.20
Pl a) s IErE 040
ZCRES )16
) i 060
NH; -N[=[{i % / , ’ NH,'-Nfalig -0.80
7 -1.00
N NP O
& Qﬁ* 2 48 W
PIOED S I PN S
k4 Qiu B AR po
,/_% \2‘»
@y =
B

K2 DD(a)5 OD(b) RG4S k(] i B AR & MSCHEIM T (o (BN IR S 8 5 AR B TR L LD

Fig. 2 Spearman correlation analysis among variables in the DD (a) and OD (b) systems

(p value represents the concentration ratio of driving ions to target ions)
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Optimization of a coupled dual-membrane process for ammonia

nitrogen recovery using machine learning

YOU Weiming , TANG Han, HUANG Feiyun, YAO Jingmei, HAN Le

(College of Environment and Ecology, Chongging University, Chongqing 400045, China)

Abstract: Efficient recovery of ammonia-nitrogen is essential for establishing a sustainable nitrogen cycle.

The Donnan dialysis-osmotic distillation (DD-OD) dual-membrane coupling system recovers ammonia-

nitrogen via concentration-driven and low-energy mechanisms, but its complex mass transfer processes and

significant non-linear characteristics render it difficult to model for optimizing and regulating the process

system. This study introduced machine learning (ML) methods to develop a CatBoost-based prediction

model for ammonia-nitrogen removal and recovery rates. Following optimization, the model achieved

goodness-of-fit (R?) values of 0. 97 and 0. 95 on the test set, respectively. Through shapley additive
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Preparation of GO/ZIF -8 modified PVDF hollow fiber membranes
and investigation of antifouling performance

LIU Zihao's WANG Haitao'y, CHANG Na*, LIU Peng?,
GENG Huibin', LIU Enbin', XU Yinong?,
LI Zhonghua®, CHEN Donggen®

(1. School of Environmental Science and Engineering, Tiangong University, Tianjin 300387, China;
2. School of Chemical Engineering and Technology, Tiangong University, Tianjin 300387, China;
3. Zhejiang Jinmo Environmental Technology Co. , Ltd. , Shaoxing 312000, China;

4. School of Material Science and Engineering, Tiangong University, Tianjin 300387, China)

Abstract; Polyvinylidene fluoride (PVDF) hollow-fiber membranes are widely used in the field of water
treatment, but it is prone to membrane fouling in the actual operation process, which restricts its long-
term stable operation. The current research shows that the membrane modified by graphene oxide (GO)
nanomaterials has excellent anti-fouling performance, but there will be problems such as membrane flux
decline and structural instability. In this study, PVDF-GO / ZIF-8 composite membrane was successfully
prepared by using polydopamine (PDA) as the covalent grafting medium, grafting GO as the modified
layer, and GO oxygen-containing groups as the coordination sites to promote the in-situ growth of ZIF-8,
and the membrane filtration performance and stability were improved. The experimental results showed
that GO grafting significantly enhanced the hydrophilicity and electronegativity of the membrane. Using
bovine serum albumin (BSA) as the model pollutant, the water flux recovery rate of the GO membrane
increased from 57.01% to 79. 65% , and the antifouling performance was enhanced. After the introduction
of ZIF-8, the pure water flux increased from 334. 35 L./(m® * h)of GO membrane to 558. 65 L/(m?® « h).
At the same time, the composite membrane still maintained the high-throughput recovery rate in the
pollution cycle filtration experiment, and showed better compression resistance and operational stability,
which provided the new idea for the preparation of high-performance separation membrane for water treat-
ment.

Key words: PVDF hollow fiber membrane; ultrafiltration; graphene oxide; ZIF -8; antifouling perform-

ance
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explanations (SHAP) and partial dependence plot (PDP) analyses, the non-linear influence of key
parameters, such as operating time and feed concentration, was elucidated. Furthermore, a Bayesian
optimization framework was constructed to achieve multi-objective collaborative optimization. Under the
optimal conditions-a feed chamber NH; -N concentration of 52 mmol/L, an operating time of 28. 0 h, and
a driving-to-target ion concentration ratio (p) of 1. 92-the removal and recovery rates reached 92. 28 and
88.03%, respectively. This research demonstrates that ML methods can effectively address the non-linear
coupling characteristics of complex environmental processes, providing a robust foundation for the
intelligent operation of novel environmental protection systems.

Key words: ammonia nitrogen recovery; machine learning; membrane; coupled system



