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Abstract: The resource utilization of livestock and poultry manure represents a critical strategy for
mitigating agricultural non-point source pollution and achieving carbon neutrality. However,
mainstream technologies, specifically aerobic composting and anaerobic digestion, are significantly
constrained by the "black box" nature of multiphase medium coupling, non-linear kinetics, and
microbial community succession. Traditional mechanistic models, most notably the Anaerobic
Digestion Model No. 1 (ADM1), struggle to accommodate the high heterogeneity of feedstocks due to
challenges in parameter calibration and structural rigidity. Consequently, these processes face persistent
engineering bottlenecks, including low organic matter conversion efficiency, process instability, and
uncontrollable biosecurity risks. To address these challenges, this study systematically reviews recent

advances in the application of machine learning technologies to livestock manure resource utilization.
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We classify and analyze the application logic of three primary algorithmic categories: (1) tree-based
models such as Random Forests and eXtreme Gradient Boosting (XGBoost); (2) deep learning
architectures including Artificial Neural Networks (ANNs) and Convolutional Neural Networks
(CNNs); and (3) intelligent optimization techniques, exemplified by Genetic Algorithms (GAs). Their
applications are evaluated in the modeling of multi-dimensional process parameters, interpretation of
microbial community mechanisms, and contactless intelligent sensing. Furthermore, we examine the
integration of these algorithms with traditional biological theories to circumvent the limitations of
single-model approaches. Results demonstrate that machine learning algorithms outperform traditional
mechanistic models in handling highly noisy and non-linear datasets. In process prediction, tree-based
models such as Categorical Boosting (CatBoost) and XGBoost, when optimized by GAs, achieve high
predictive accuracy for key physicochemical indicators, including the carbon-to-nitrogen ratio and seed
germination index. For mechanistic interpretation, the Random Forest algorithm shows a strong
capacity for feature selection, identifying core functional genera such as Stenotrophomonas and Bacillus
involved in lignocellulose degradation, and revealing that mobile genetic elements are the principal
biological s drivers of horizontal gene transfer of antibiotic resistance genes. In dynamic simulation,
ANNs and Nonlinear AutoRegressive models with eXogenous inputs (NARX) effectively capture the
temporal fluctuations of biogas production at an industrial scale, significantly reducing prediction errors
and surpassing the performance of Response Surface Methodology. In intelligent sensing, the
incorporation of attention mechanisms such as Squeeze-and-Excitation Networks (SENet) and Efficient
Channel Attention (ECA) into CNN architectures markedly enhances the accuracy of compost maturity
identification under complex field conditions. Ultimately, machine learning enables a paradigm shift
from empirical management to intelligent decision-making in livestock manure treatment by
overcoming "black box" limitations through data-driven, non-linear mapping and autonomous feature
learning. However, challenges remain concerning model interpretability and physical consistency.
Future research should aim to develop "grey box" models that deeply integrate physicochemical
mechanisms with data-driven algorithms, ensuring compliance with mass and energy conservation laws
in data-scarce environments. Additionally, constructing multimodal predictive systems that incorporate
multi-omics data is critical for simultaneously enhancing resource conversion efficiency and enabling
precise control over biological safety risks.

Keywords: Machine learning; Deep learning; Livestock and poultry manure; Aerobic

composting; Anaerobic digestion
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Fig. 1 Multiphase coupling and engineering challenges in the resource utilization of livestock and poultry manure

1.1 FEHEENEEREASERAEAE

T S M N S ) FH A BB e N T4 1 2%
TR, E A R E R ALY . BARIXT
AR B BAEAD A, (A O S TR
ENOPN & )R YR GG RN R e 1
FW, TE SR R R B, RE R B3k 45%~75%,
HA 2y 79%~94% 1) A oG % 23 L& < (NH,) B9 E
IR o NIRRT HEAE ™= 5 i Ak, o i
B 55 55 (PM, 5 BT ) A% 505 Y i = 22

S A, TNk A AR IR | kR
S5 B b ok [8] 12 4 W7 B8 A E, e = 6 b A
FER(GD A5 LE W RE VR4 b 19 S 0 BE, 2K
TR PR L, 51 R B A
1.2 REHLHITERIZ S MR

PR A i K A 7R L 7 LR A H e
4 N IEGERYE AL B BUAR & i, SR, %0 e
X BRI PR R AR, 7 T e AR R AU BE A ¢
SR AT, AR R A AR T /K i B A R 1, [+



<22 - (LR N T T

5540 B4 2 4]

i pH A1 B T 320255 e b 2 s e g
BFE G (R R ZURY, 28 i, 5 &
AR A e RN R, R RS
pH TR, P AE TR WO 4, 1T R A R GListr
2R S SN N L N R R A LNy R
M, — B AR, & TEEE 5 B R I R A
8, T REE TR E R 2 s k™
1.3 AU RNETENSTERSILE

BFBHBIGILR G PSR E e 2 A
A ALHIAN T W S BORS R ME . & T 23502
FEARA ST AL 5C R, TR 38 I ) AT S AR A
B AE HAE L, JE BRS04 o FE 4
AN R G, K% A a () SRR R
Z A AL SRR 5 R . KO AR
R A, WRREGENN . SFKRD S
S IEMEAR S IR, BRSSP 1L, S BURERIE AR
A XIS K R AR S I R Y
TR, SETHRAEHE . R, KRR B
TR R, (H T B Y aE XS R I FK 48,
TS SO A B R N TR, X R R KA Y
B A BT R B AR 2 M, ok LA A ] B L
R 53— 535 i (PID) S B A AL A

ARG Yy B e A A I 23 b i AR 2SR A
T W A G, S 25 5 RO U AL e R R 1 6
o LLAETH A R ), J5 sl LLK i e Ak i R hy
F 5, oo WL W GE B A (A0 Methanosarcina B,
Methanothrix) i 3T, [ B RG99 vk 5 149 728 Ak T
R AL PR S I S R S
() B0 122 S8 (AN K AR R R g, P
UL Ks) BT RN WHERS . A& G0 1E 2 S 50BE
TRUXE DA 42 33 Fh A= 4 AH A B AR RRAE, 2 BICHAE Tl
WK 2 A7 AR = A e R 22 o
14 SEYEIBHUEEYLREXKE

BT B A WL B AR, BB 2SS Tk 1
PR HEJE & ARGs FRE 5 1Y IHE, 2
YR AR S PR A A 0 OG T Y AR, i R
il R T ZA IR . FEA AR B AR, AR
#R4> M DNA 1 Fifi fi =5 20 i 0 24 e i ek i, (H
ZR B FREE G (AN 4 8 Sk B R ) RS S
ARGs i 1o} JiUkL | e B -4 7 it AL oo A 7E R
[ B J& 8] & A= 7K AF- % # (Horizontal Gene Transfer,
HGT)™, 1T HGT HLI W B H A= 2103 12
Ve 8, HAZ s BE R e 2%
Fofr DR 1) Al 2P 5% T, A2 e AL BRABE 2 1P T i %t

AL RS DA T A 28 A A

BEEGPRENES RS AL
T, MR R AT SR FAL o 0 SR NE 1 ) 7
P A e, 4 o -5 M B R I % W i
A WA S e A D AR A (BEA ) 5 T A PR AR 3R 58
W E R AT e S BRI ILEE, SRR A
TEBR X AIE AR R S A LR
W ffp A R EE AR, BRI A A BRE M, 2 A L
Jit fie 2830 TH AR FHA SR 1 T A AR 25 KR

2 fREHEABEFEISAEPIN

MM E B S IR X — A AR
PR, W58 S F oY T 3T S RE s E
DGRBS WIE S BB E e Rl e =
AL R E HAE T HLEE 8 S N AR T
PeAIE 1T S 8007 T & T F 2R, (H b 5 b
PRGN H 25 52 2% W 18 1 LA /R BRAME:
2.1 RREHELHFER

IR (AD) & — 2R EY R S5
(2 2RI N 45 o DR Ak 80 1 2F A R J 4
D3 T PB4t A% B A R 3] 4 aod IO 45 A 4L ) i
A o T DR A A B Y S LT Monod 7 2
K HATHIE 2L, Monod 5 2l i 51 A Kg B faxe
TR T A W A A A R PR R vk B 2 AT Y
FEL XU 6 B S0 vk B A HLR K 52
T AR LA R I A, PR AR T
Haldane #1#Y, 5] A4 20 (K) A& 1E = e FE K
Wy 5of AR Wi M A R R TP B4k, Contois 45
R 8T 2 0 ik Ko A fige R 6 A S ), T
TR F & 287555 3 AR B R K S A
X2 BT RIS T B . S 80D, F TR IR AR
TH AL e — e B B (Can ™= B e B B ), A i
ZBERY A EE b 2R A

H TG BRI T2 R A TR Y
H, B BrRK P2 (IWA) PRATH AL 258 TR F
2002 FEAEN T 1 SIRATH LAY (ADML) . ADMI
e — G5 A B AR BRSO PR T Ak
FEAN A3 M A AL B A B 2p e R K2, Ak
AT 6 BRSNS (AR L KR . ke
2. 7= R A PR K™ R k), W %
WEIE. SR, IR 2855 B A A DL B S i
YL R TR AL BT (1 CO,. CH, BB
W) RS A B P A5 (4 NHJ /NH;, HCO;/CO, 1A
7)), BEMS S ML R iy pH (L. ADMI #



FONWAE HLaRE I TR R & 25 VUL AL B BT R 23

AT T DR R T A P eI g (%
AeIHER VFAs) 1T M g R fE
2.2 S RRRREE

HIREH AR, G AN = — 9 g
A IR R . AR E i TS AL
Wy W 1 2 3 2 5 M A PR B B K A3 A o
Az A LB AE Y R A I e 1 e
T2 2 W 3l 1241 Haug #5705 32000 700 {5 5%
AL 1) 5 fiff 3 6 55 T S T R DT 0 R B A OE
L, a5 AR BEEARSIE REUAT), & KR IE R
B AW) RS IE R BT AO,) IR K F X
O R B £ A R A TR RN R
Ratkowsky J7 #4#ii8, DAARBLRE IR 7 5 g E7EA
I7i) YL X 3% P T

TR T A HE R A At A S A )
AT M FIE AR 3% 3 ) 22 4 BRI R A T T R R
MASONP™ @ 37 7 3 F Z LA TR A 127 1 15 34
T LAY, 2 18T 5 ) 38 KU T 25 A HE AR AL
B () 3 B BEL 7 (Darey 72 At ) K /K43 1Y 2% & T 3k
HE MR . U B A DL ME A P AR Y < R
OYZETBRGE, RIVHE AR 0 i R X 5 i SR AR R X A 4y
A5 22 5, R B MR AR A0 Ak 8 KR s R T
PSR AEE
23 REHIBERRR AR

JUE AN AR AN B I 58 T LS T R AT
RS, (H AR TH X 7 8 2875 TR AL T AR ) S PR oK
AeF, AR AL N TR % 2 R, L) ADMI 2%
S, HARELS A & 2 A R L SRR
e 2RO SR bR TR
2R 250 S K (AR 2 AR 1 A B,
B Tk A Ao AR B AR AR, L RE A
S A /NI 2 s SRS R, SR, B  2RTE R
A B S P B 55, AN [R) 4L R ) 4 2l A 2 2] 4y 25
SRR, A FBOCIK S B L bR R G R 3L

LA, 33 2 R S HC BB R B i S

m) &1, BV Z2 4 AN [] 19 2 04 6 vl e ™ A AH TR 1)
A5 L, A R b B8R AU T S 750 T fy T £ R
=

e G AL FIASE A J2 J5  FI8E 11 40) BE L 0 U A
HE AR AR, L BT M SR
SURBREAL T 5G5S 1 SR I 6 A, TGV U3 S
LA B PR BT T4 . 4, S R SRR A
— PRI v R e SO B A 2 B R 4 JE A R
ADMI BRI TC ik [ s H 5 1 2# 05 B2, i =

SO 5 I K A w2 A, 155
R E LLHER T A RO V5 R I BRI T N . ARGs
(7K 155 7% R EE 6 J 9 B 5 5 A i SR I RS
Ve PERL I 25 52 2 O ROUL e, 2 ML B 9 12
Yyog RBERAL A IR, AR89 22 WL Bl )~ A R e
DA i X SE 002 Y REALE 2 . IEI7E ADMI
S HENE Bl ) A AR R BN ARG B, 2 1A
L 5 2% (RS 50 275 B e Lo LA SR e

G ML BB RS A g Bt BA 3, (EAE I
XPARL MR, SRR TR R E B35
HZRGEI, A7 PR BE A | BCHE A 7 | iz L RE
FIES RN IR BEAR TR B LR 1
Py BLAE A . HL A 9 AR Lk MU BE 7 B B
Rz 5 Bl eE > (15 2) .

3 NMBEFIERSESTHRLINEZA

153 B35 FA VUL 7Y HENE 5 PR 5548 PRAT
FErh, ML 2285 T 0 3 TR e
B 5 IR A &2 2 i AR etk A= Ak BILL, 5
X DIORE B AU, T MIL 3832k T 75 RO 2 HL B
e ise, BV A] 38 5o 425 1 H5 0 R A S 30 v A ) o
B =Wy S0 o 33 AN 35 AR T S 6 AR,
o T APPSR TR RB IR (B 3) . A E
TR R G ERARAY | UR AR ) SR R A B
TERR T 3 & 2815 R AR R B XU A 45 iy
EARRH .

3.1 ETHHEREMISEFEIEE

AR SRR I H R B R T2 1 — 2 ML
) BE . Hoh, DI sRm B s o s L R
Bagging % % 1 i FL #% #& ( Random Forest, RF)
Tl 55 vy R P 7 PR 45 S £ 32 7 R TSR
Boosting HM& AL LR (41 XGBoost, LightGBM
CatBoost 55 ) W3d iof 2R A A BR 25, TR AE F
REAIHAARCE AR
3.1 3% T L ABOEEEL A2 AT

T ] — B8 4 1 D 5 % b AS [ A5 Y 1) e
g, CBCA LS 22 D B s ifEie =X an, Fox
i 33 ¥4 78 40 H5 26 1 191 U5 ( Linear Regression, LR) |
RF. CatBoost LA} XGB & #L#% 5= 2 BiAY, H T
T4 28 i A 2o A v A Bl L L (C/ND BB R 202,
SRR S BANEEAAE R E 2R . H CatBoost
55 XGB TE I 24 I A v 35 2 30 A S 7 93
Mt ge, vF— 238 i 18 4% 51 (Genetic Algorithm,
GA) X ZH # AT S EU A, B e P15 3] 1




©24 - BB UR R OBE R 55 40 B4 2 )

)

LSRR AR

SOoOOoOOoOO

L GERE AN

HAEIKB)

“EE B

¢ St IR H
(it i)
; SR R

Monod/ADM1 vs. ANN/RF/XGBoost
I SHAE vs. BHES: ]
RIS vs. R G Wt

B2 EafEERSHEEIEEEREANTE

Fig.2 Comparison of modeling paradigms between traditional mechanistic models and ML models

(

X IR ARt R R
R HRE LS

T
T

FEHERL A 2

>

i [a]

R RAENIR

%

ARG & P4 HBREEREI

BRALH EI N
M
lIlQ

R B A AT A fip R

I 2 BB AR

THE AL

B BRSPS R
GA GEEH P
PSO CHLFHEHIE)

3 MBFIEXRFTAEBEHHERERS N AU

Fig.3 Algorithmic framework and application domains of ML in manure treatment

A AR TH L T T o SR 2 b, £ R X YA, BSRK H Boosting 51 A L B
LU PR e TR R ol by ] 000 3 A o 4 g [ 7 HLARARBE A AR IR 22 |, e & A A Ze ik ¢
o FET SRR AT U R A B SE 6 U, R 4R SRR AR B, AHAE R X AN AT 45 1) RE L H 5
J+ P& 5 4 ( Gradient Boosting Decision Tree, GBDT) B TUMORS B . 785 TS B0 80 i 5 0 HE N Fh 1

AH T 2 2 AT (Multilayer Perceptron, MLP) | REZFF A, RE 7L R IME XGB. SVM
7 ¥ ] 48 HL( Support Vector Machine, SVM) DA & F 2 ot 9E £ 1 [n] 15 #2 £ ( Multivariate Nonlinear
P44 ( Decision Tree, DT) A5 75 EL AT B 5 B¢ il i Regression Model, MNR) B 470 i 4, 5 — 15

PERE, EAEM A T HE 4R Cu, Cd 5 Criv 4 e X 3 PR A (RF. GBDT I 28 [ 2% ) %if



FONWAE HLaRE I TR R & 25 VUL AL B BT R ©25-

260 ZH HE AEFEAS B B0 IE 4 E RO PERE R B, 7 R,
MAE Fl RMSE 3 MHEFRRIZE S IFH T, RF [FFE2
o0 S AT 2ok A% e AR Y AR R RS L B R
TR

R A Y, — IS T T da 17 s A
F 5T B, RF R B H 3 XGB 5 A T #f 4 X 2%
(Artificial Neural Network, ANN) Fll K 3t 45 % 7%
(K-Nearest Neighbor, KNN ) %5 #& %4 554 ) (1) 11 <,
FEAE T 4R X SR I, T 2K K X
MY BLAR 7 2 B0k, War O b e L 0 X 45 SR AT
bR B R EEN B — &5, R
PERE T AR O TR R 2 22 FE B, T 28 TAEAR
FRAE FRAELE R | B S5 40 5 11 55 75 oK 45 [ R i
TPERA LR . X THREAS L/ HARRAE 4 B 45 e 1)
M JE S 5 K i, T Bagging SR B (1 BE HL AR AR
B LR B 28 I 45 3 B T G Az A e ) At
LA 18 75 R T 40 A 1 A s B ) Tl R
AIHM RS, BT 012 Y 6e B9GP P 2 ) 2%
(Recurrent Neural Network, RNN) m & 45 # {2 {2 4
ZE M 4% (LSTM) DI AR A T A [l ) AR 7R 8 T8 oA
AR R G R S A BB FEAE . R, N T RS
LA R 25 B 38 T SRR AT R n i

O BREVREBERERA |

B oE &

\ KL IR j

OTU \
. B BEMLAH I 5 4 3 -
16 —
=
OTU/ASV#A% R
i
o O
& Q&%C’ ‘23%('\ ésc& &OQ S
TR i
§ittsizis
e 008 [ E B 1
tssg2gse
tesse82s2 i
gestsdtis B
sescsssss Methanosarcina sp. ié
23 s+ 23 e =
e 2 >
- 8 8 {‘%} Clostridium sp.
g E Eﬂ: 5 3 73
gec2 % HR AR TR

SR . BERIVERR Y 22 R ARAE IR T 45 28
(AR B TR | 27 2] 38 P28 I 2 1) G = 5
RBORE . PR, M TAE5 0 T30k
5, SR FH I #% $% 2% (Grid Search) B i 16 5 7% (4
GA-XGBoost) X} 1 Z 8t 47 H 2 S, BEE .2
FEIRACIY (R VL P RE, 4 T 12 22 (RMSE ) #E— 20
AT, T A R o 5 SR A R e,
312 ATHEFERGXBEDRMBAENS £
R e AT

{EASTE B 2, BEHLARARA B A A T i 7
BEADL, b L2 T T TR 8K 3l PR 45 5 R Y A
O o L T HED B PE A RRAE 5T
FR, B3 A T — AR B BE AL AT L S AR A T
Y977 1% 22 (MSE ) BYAH X3 1 ( %IncMSE ) o & {4 H:
B TR NE ST, AT A 2R A
B ALK BT HENE & B B OC T 2. BEALARAMAE AL
il BT X PN O ok AR A G B Bl R4 TR
TH8 4) o TERZEY) 732827 2 1, ZAB TR
BT AN EEEHA R ) BT BE T R o TR SN
4362 51 R NEWT 5T, Stenotrophomonas
Bacillus F1 Sinibacillus #1551 A A 5T £ 4 25 [ figt
(A% O DA T B R 2845 PR K R TR R By

VFAR 2
Syntrophomonas sp. &

TR T Y

PSS SR SR

4 ETHNRFINMENE-TZHRXEKSITIESR

Fig. 4 ML-based framework for analyzing the correlations between microbiome and process performance



- 26 - (LR N T T

5540 B4 2 4]

KRG AT HENE AR R b, AR IR T Coprinus Fl
Scedosporium 43 3| 5 A J5t Z Kk Ak R B8 PR 5 B S
EAAKE, A, 75 MO, U A 1) 55 IR ) 1 2
YRR A A R v, BRI Microbacterium
Bacteroides.  Kroppenstedtia.  Gracilibacillus
Lentibacillus 5 1~ 1 J& 15 Ji& 5 I B 35 A1 565,
i — A BN D) REFE A 2 1, RF BRI XS 3 548
J5F &7 S HERE rhR U i gInE | gltB 55 5 & R AL % )
FHOCHBEA, HaR 1Tz AE B 7E AR AW ik
HR B AZ OV Y 33 s S5 R EU 31 ) S B
Y 5 EALTTER, AT R R A AR R L
[ 2 T AE AR AR T R S B

AN, HLAs 27 2] IR AIRFEHENE H ARGs 1)
IFER L TR TR K GA AR HE IS
5T, RE BRI X 43 1 AN [A] R 1) DTk
145 pH A ML 52 0 ARGs 43 A 1
BN IR B K -, K- 3E N ) qacEA(R Bl
wAE TG (MGEs) IR IC 5L ) =F B 0 OGS Y A=
YIRS 7 #1%F ARGs B3G9 035K MGEs,
RF #5580 5 B4 o e itk — 20487 1 XS 2818 i T HE
R 2 BRAILSE] o AT & PR, R e TR A B A 1
Kifi MGEs Kot 3=, IFORShERAGR (U Bacillus )
WA, BT E - A - ae i -MGE )
il 0 22 )2 U ) e e, DA T Sl 2 5 Ak 1 X6 S HE Y A0
HIRR BT ARGs 1922 BRasc it X 25 ik
FEHENE T2 LAV R Il ARGs FI MGEs $241L 7 31
WS . [FIE, 25 JE 2 o (A 76 5 PR A% 328 v 1y
TEVE T, AR N3 — 2040 SE BT, R ARGs
WaTid i MGEs S 87 AN [ A W) Z TR # 1
52 AL
3.2 KHZNKZAROHREFZIEE

5 IR R Ry FE R ML B A L, Dl
D 26 A 4% 10> B TR JiE 2% > (Deep Learning, DL) 7 4b
PR A AR LM St ] e 50 B Ty T R 2R T R
KIFHESE ISz AR )] . XA HEFTE
2575 Ab Y 52 2 A Al ok RR AR AUL (AN PR A H Ak S
T ) LA K A 2 ik 2R i SRR (e S g s A
D HARE T
32,1 A F Al Az sh Ay = AT

IR A2 — A B ARt nY s S A b it
2, 1% 50 ] 1] 5 (Response Surface Methodology,
RSM) FEAME LA 42 H A 24 (9 A8 AL R, 17 ANN
T W2 3 i 1) Sl 5 0 e R O
1A 50 d 94285 Hop A ALK FEY R TH AL SO

Hh, =2 EI R )5 4% A 22 2% ( Backpropagation
Neural Network, BPNN) #L A L ICWI AL e | IRE S
SN B 8] Ay s A 255, A B S T ™ R (R
2E< £ 10%) , 3 177 38 3 48 SRk BC L AR SN i
B, PR TIALR T LR, E S T2
5 4 g [ 33 Ak B SR R, BT ) =2
ANN FERUSEEL T 0 = 0 TORS B, i —2PEsE T
ANN 527 7 PR 0 IR 0T A6 AT o S R U e A
BT AT T R R e 1

B TS5 = ML, ANN RIS H T rhaleok
R DR A TH AL RO VA . BT TEAT
BEptsh, MRS A s 2E . 25 HEI
JORE I A AE 17 B, BFSE N 2R T4 R M
JE I R L B A5 R4 Ak 2 4 s LA B MR R U £ 4
(Neutral Detergent Fiber, NDF ) FlIi& P4 18 14 AR i &
(Acid Detergent Lignin, ADL) %5 & = W) B $8 b, 14
AT ANN B RGO SEEL T VR A H 7R R R SR
s F i, % Bk 51 A GA ML
S A AR e 4, B IR AR B R 0.90,
(PO N 7S R s i R TS B VD RS P 2
], WFE N JF & T —FhAE Lt B WA b A=
(NARX) Fi 28 25 1580, ARl o 5] AT A S
B 0 AR S A D SR B A B A ROHEE T RS
AW R REAE, AT ORTE T 78 A 77 8 T A o] 58
P (A 55 S PR AOAR X522 < + 8%)1,

BEAh, A28 0 28 %k T4 35 I [) 5 37 R 0 1) 3
NERFSE [ AE BA Al SE Ry BODRS 6 B . DA bl AR 28
55 T B[ A e IS s 7 gk Sy 18], R B T ] A4 22 T
2% ( Cascade Forward Neural Network, CFNN) #H 4%
FALE G T B 22 M 45 (Feedforward Neural Network,
FENN) Fil RSM 2 Rt TR 6 i U 45 28 o X 7%
% T CFNN 3 i Je 2 R AR G P Vo oh A 42
322 AR LM B A, T )2 SR R P 0 pR AR
DAV ADL A T AL 1 1 AR AR 1R,
322 AT EAGILIE 6 AR IR A B dm

B BUE AL AL, LATH AL o0 o A% 0 B TR
222 B B AT HENL A I PO P S AL TR A
o MENE I AR ol PR R SO S B Y R
b, THEEHLRL B RE 05 A e AR AR BT H T
i A= WA R A TRDIR S, M e 1A% Ge 2R AL 530 B T
RFERHIUBE B [ R, SR RS — 2 T A T —
PRI AS | JRUAE L R 4 5 i e ) T B e
HARR FZ 1, R 22 M 2% (Convolutional Neural
Network, CNN) Jf& 8Lt 98 O () ¢ 1k B2 g o 38



FONWAE HLaRE I TR R & 25 VUL AL B BT R 27

L SR TS & & 2T Bl HE A 1A

BB L (TR E 3 N0y, JE 3 TR E ),
HRF NG T —1 CNN A TEa A" 5
R AT 55 o B e M A 2 T
FEAE 55 05 A B OCHK, 7E LS 4% T B R B

FALGE I 20 M /AR R AE S B4 26 37 77 11

R 120 B UK B, R AL RS A

BER BT . BFSE R, A T AL Y

CoAtNet BEAISZH T 999% LA I 1) F U v 0 365
JEAELE B SENet(Squeeze-and-Excitation Network )
1 ECA( Efficient Channel Attention) 2 # #L i5 ,

55 RN & 8 2T I A TR I ME R SRR B T

100%, . ZE LT ResNet50. EfficientNetV2 % ¥ i
I 46 kg T 0T G R e I A T R AL

il B I SR R AE B 8 2875 DL S HLE s R AR
S T E R, WA K S Transformer 4542 Jaj

ABIRE ) R A AR PR T B OR

33 DMMUEZARGIRUEERARFR

G LS S AR S 2 H AR A SRk (st
BB, J R G R T AL B AR | SIS A g
PeAL IR AL P Ty A YE . A48 1) M 7 AT
2 B REE A IR WA AR i R Lis 1T S
B, HAEF 058 o R BLH LT ANN 45 580,
SR RSM A FH TR 4E L 3 A0 — U 8 9 1 1 )
R, MELORS B 4 L ALt s 208 52 24 ) Y
LS I G R 2 AR T %

L Z N, DLt 5k SR iU 5k oy
AVE L OPIW =l w7 5= Y A L B SR v )
. GA MR —Fh 2 A WAL ML S & Y T
AL, BB B AR RE . 28 SRR A S
] AR T, S A o I B3 Ak B 4TS B
AR 7R I S AL e
i, 8 v 40r 3 2 915 (Gaussian Process Regression,
GPR) 45 GA B0 #E 8L e A1) 5 1t [a] 247 f0 4k,
PRI SEEE TR . pH. /K HAF 6 W OCHEFE b 45
PREGOMFRIFR T, £5 4 W BT 100%™ 1R KR
THALSEL, GA 5 ANN BRS G AU ZE A TH
ot 77 32, 340 SRy ) A S IR Y 1 AR B T S e
SR AT, GA B O AR 2 A v 3R
FIFE SRR REFBIT SR T &
4 AR, TR A & 2575 HE N - P i)
GBI YRGS ML B R AL S
W AR 1 % 3 RUA S 38 A R, SRR SR 45 & ARG
HIW A H bR R B B AL T AR BR S HESR . R

B GA Bk TE e Fh BA 1 203, (A
FHAEAE AR RE T = B3R AS . KR S, SRk
Hh R R R A A A O R DL AR A S R A
FHHUE o AH LG T astA% 500k, K1 HF 0 4L (Particle
Swarm Optimization, PSO) 5.3 & — P4l [ 48 5t
AEYIBERAT A BENLIE R, 1A 2R
1) S A HENE B AL R 48, HAEA: YR Iaat o i
T AR AT g, sl id PSO
FEADUR K (SA) BRI R AT At B 1 K T
B IS R B IR SE SR e b T VR K 12%
I 65% () H,S HERL™ . SR, PSO KN
T PR AR, FHOXT S0 B UK, AR 42 2 06 )
R 5y R Z AR i A A R s A, HAR
A5 9T A A A WA SRR Ok 2 1) ) A, 7 7 ST BB
Hh e (ELA PR e 2 o 5 4 SR U .
34 ZEBMESHEEM

T 7 8 28 wE R A B rh s B R AR e
Aof AR R, PR — A A L, ] i S ot 0] %)
JE S ALRE ) AR, AN RIMLER 2 T BERL A
B SR B O, Al MRS R A B
[F]” B AF 58 SR, TR 2 REAR Jm BRI BT dE =X,
FERMONE NS B 5 G B RS
3FIER . ERMEEE LT AT T AR E AN
[F] FEA AL (4N RF 7 i MR S 45 0E S 80 09 & 4 1k
5 ANN AR U4 BB 1) R 45 51, BB 2%
2 TF B — AR 1 5 R M O 25 . 7 R0 R AT Ak
FEACRI, T SMOTER $U46 V-4 77 i . A& 5
EAC A 5 % FR 2% 2 HIL(Extreme Learning Machine,
ELM) #1454, # # SMOTER-GA-ELM i & il
FEAR, ATt 25 48 TS U A AP A AR A S5 44 1) T
A RN R IR A e < 43— R U ) I 4
P SR 53 B B A, 5] 4n 2 1) FH T W B SR 25 (g
Hir TR A B AL )RR HE A A% < TR Bl iR
FRAT AT X R B B I 25 ) W Inl A A AR, A
A% 58 42 S B R0 M DA 42 00 B B 1k 3 ) 4
AR, B — A fR S R B ) A B ML AR R 55
it 0K 2 A Y 0 TR FE RS . W03 B R & N 4%
(PINNs ) A= {27 3 (4 Monod 77 255 ADM1
Bl 12 LY RO R AR TR A B 28 0 28 (0 451 2K bR
b TEAC PR 35 R Y DR AEH AL o,
fil 518 1IE Gompertz J5 219 PINN B RUA (A Tl
K B2 1A T 20 850 R Sl AsE AL, T HLAE R0 A e 1X
AT e ™ b ST BT T E E A, A R TR T AL
o RIS Sy B W B ), SEE T



28 - e U OER OEE O B 5540 55 2
PLHR ] e 5 85z AL R g W i 4 FHERREXRTEE(EL D), E5HAMRES TR

3.5 HEWMMEEER

S5 R ENIE R A&
Pl X B B B sz — 2 TR
SR D SR SRR, DRI A S Y F -

S, AR 0 235 SR ) 56 R ] IH 98 o = A2
P FB— Z YRS AR, 18 o A8 B T B
B4 R 5 RMSE, PEAS RS 0 oR WA 472 1k

x1 BRESLELREEXNNBDZIEEHTE

Table 1 ML modeling data for livestock and poultry manure treatment processes
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Fig.5 Conceptual architecture of the next-generation intelligent decision-making system for the resource utilization of

livestock and poultry manure based on multimodal sensing and Large Language Models (LLMs)
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