50

42 %
2026 4F

#1128
6 H

Kok TR R

Transactions of the Chinese Society of Agricultural Engineering

Vol.42 No.12
June 2026

RIS ERS S MRS BTN
MWEA o2 W, FHET . R

(1. HER R 2EKR) 52 6 TR 2B, dba 100083; 2. MR AT Btk TR E S5z, Jba 100083)

B B UAWRESSRAZESNAR, SNSRALNES, 57 ERESHIX R0 A AN 5 56 B AR B i
AT i SRR VR R 4% B RV B AT T S SRS K HE B o Ol S I S48 5 P SCBE IR B S U S AR S O, S P PR A 42 SR s
PO A SREUERI SR, %0 SO T 2 SO, A P B P 4R T [l VA 5095 43 Sl 1 S AT SRR SR 24 h 5 I IR BR IR
R KA B R NH R P AR P R B TR ASE B, o AR 00 1 B R AT B0 S5 0P A . 25 SRR A, BRASEIR L R A
NH, ¥ J¥ (1 F 295 5 5 4 18.99~20.88 ‘C. 46.52%~ 51.98% 1 1.32~1.86 mg/m®, F: 2% [A] 4% 2 B {H 7> B N 2.31 C.
11.84% A1 1.27 mg/m®, &NHBSHEAZEN D ER . BEBMBR K RE R (RD . HHRIRZE (root mean
square error, RMSE). “F¥4i%t1% % (mean absolute error, MAE) 43524 0.96. 0.73 “C 1 0.50 °C, A XTI B T A Y
ff) R RMSE 1 MAE 43514 0.97. 2.94% 1 1.77%, NH, W E MR K R*. RMSE Al MAE 43 %124 0.76. 0.44 mg/m®
027 mg/m’ s WRE L ARG AT NH, 9 B T8 5 Sl E 1~ 2 3R vee 2B 518 0,95, 0.96 #10.71, HAK 24 h
T TN f 2 24 RS U A 42 % IR S A I s A A A, R T 45 SR S B R — Bk . TR R, TR
PETHET VA SV (¥ PR 85 2 B0 A F000 7 ¥ M Ay 2 AT 28 B RS 5 T R T L o KU B B A1) B R 5 B R DR A B
R, SHETHZIREER NS B R tE SR ALK R 2% 7% L.

XA BOA; TARBR; AN HARSWAEL $EEamTn

doi: 10.11975/j.issn.1002-6819.202601234
hESHS: S815.4 NHERERE: A

XL, X3, EHART, F AABERFEEGESIFMESEERTN]. R TEFR, 2026, 42(12): 50-59. doi: 10.
11975/5.1ssn.1002-6819.202601234 http://www.tcsae.org

LIU Yuhang, LIU Yu, WANG Chaoyuan, et al. Short-term prediction of environmental parameters in a multi-tier perching layer
house[J]. Transactions of the Chinese Society of Agricultural Engineering (Transactions of the CSAE), 2026, 42(12): 50-59. (in

XEHS: 1002-6819(2026)-12-0050-10

Chinese with English abstract)

0 31 5

X M  o  E A f) EE A AR ), O [ SO
BREMS MR BAEEZ N, 2024 4 HAGE™ &
21592941 75 (1. BB ERXG IR IE H e A S S TR T A HEAL
RRACATAS AL B 5 TR, ST AR 2R TR S AR A
ZEREP, 5ERBEEFRRGML, SRS T
EXOFEOMZE. B AESD 2 W B, AT EGE
AT RAIE AN PERESR T, Hm R TIA 93.73%, H.
ik ) 7 B e Ve R A R S AR ()Y, Sy o [ RS R
MR Gt AR AR T R SR &N
I AR ARSI 71 5 ARt = B
& R BN A KR A P R Y PR A T A e ) R
RASKS, EXG 2 BRI M, FECR &8 TR
FEERIEY . MRS (NH) 1ENEEGES, B
FEARISE TR AT, tho 2 ™ 400 5 6 0 I U 24 5 5
B, A SR AR S AR AL, S EAS i R DL A A 7

Wk HE: 2026-01-27  BITHEA: 2026-05-26

HETH: EEESFRTRILE (2023YFD2000805)

YEE A XIRMT, 507 A & B TR s S il .

Email: yuhangliu0425@163.com

XBEES: QNP @HEEZ, WA, T Mo s & R iR
Pl 535, Email: liuyu2024@cau.edu.cn

rEROL TR m e 51 X% (B040114913S)

doi: 10.11975/j.issn.1002-6819.202601234

http://www.tcsae.org

PERES, RIRIREE S NH, (P FIE A 2t — 2D oRix s
BT, Xt S WA R 5 3 B R A O™ B . TR
<5 BRI IR 2 T e b 40 1 38 X U 2 B T, Rl i
PRI R AR, AT O AN RIS R 50

TR FEUOV R X i R U R R M AR X S MR IR BT (1)
LA, M E R R B & NGRS 8
VS T SRR XS . NH; 3% 53875 0 il . I8
BEME NSRRI, 2500 S X (g e f Ak
FAME RS B A AR, O R I T
TG EIREE E RIS S 7R, (A DG A
W TR TE G A A Rl R T ORI A R SR A A ST
F NRHIE S B bRAL 2 2 8] Y 9¢ 5 2 DX R 3 5 A [ T
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FEfRI Ml DR A T T T R S MRS Ay R R B
PREEIRE . A A NH, 3K B T AL, hi% g%
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transformer, GFF-Transformer), F T & & &5 & FAH
YR Z B, 5 KEHHCIZM 4% (long short-term
memory, LSTM) . [J#fE¥ HJC (gated recurrent unit,
GRU) F Transformer S¢ 07 JF B g AT X L. 45 53R B,
TR BE 25 ST BB B s o i 4 8 & TR B 7 1) ) R A ot
KAMZ L ARRFAE. 25 KMs %5 18 & 56 85 5 iR
(empirical mode decomposition, EMD). LSTM 5% &
JiML#) Cattention mechanism, Attention) FH454&, HJZE
EMD-LSTM-Attention #5! HI T~ 5t J8 77 XS & IR 4550 2
T, fEAFEEPRAE FRUS TR IR . R
FONNARM IR XS S A B TSt 7 2%, (HPRERY
FEII7 W8 D7 5 e 22 5 R I I SR B0a B 5 B s 1 B
FTEN, AR EEY, M2 T, BEER TR
& T AR RS EE, et AR 2 M o RFIRHIE
A EAE R, BT WG SR R, Fa
kiRl & TR, CAVIREN, BRERTE
BRITE &8 8 & 55 2 20l BA B & A % . LIU
2t LU0 S PR S o6 FEE 4R TH A (extreme gradient boosting,
XGBoost) T~ /INFE A i I 50 4 T 2 XS 5 SRR
I5 SCFF I & B A S 46 P e 42 I 28 dE AT R L, 25 R
K W] XGBoost 1EIEL MM NEA AT T IIRESRAT B i Tl
ARG FE, (BRSNS i e 5 00 7 s Y LR
AHRAGNE. PENG S50 T [ & NH, W BEFN, 3 HE vk
WM. S FE M & P35 XGBoost £ 41 A, 45 1 i OR
XGBoost 7£ Z Fiifi N 7 & P& E K, R Aik 091,
BEARAR T AR S S B [ H, BB R R T
EAE G AL B Th B BRI AE LM R kR ), &
GHTEEEHESHTI.

FhFE$E )9 (gradient boosting regressor, GBR) 77
%, ATAELRUENRS FE (4 [R]F B AR I 25 5 350 38 il As, (8 T 1E
TR G PO B A, B A T TS KU R
GBR MUEA SR KHEL ML & 58 77 S SRR,
HEARBRERIAE R /1Y, 3E P T A 22 YR B 1)
PO IE AR TR . AR T S 302 K B 2R A = R
FEE )RR, GBR BT T I8 SRR, 45
& A AR,

B Sof ST AR AT B XS < PR 858 2 500 AR A T 7 SR
AT AL AR SE 200 BN & N AU R, T &N A
IFE) A 00 B e ) B A S U R B R N 4 5 ]
g, KABERARBAEEN TR SHAR K 240 1)
AR AT R AT o B 5T 5 AE SIS AR 22 B 4 Rk
24 h WIREE . R EE K NH, WK FE RS E T, XS 538 X
RS PIHIE i ) S PR RS v E R v S AR

1 MR5E%

1.1 REBE

RIS AE R ME K2 b SIS AT, M S AT
JE R HHEIEX (116.11°E, 40.08°N), J& B 54 2 i i1
ZEREEX . REX GO — B LR A B S &, NS
MEZE, JERRMBR BB, A B S SIAR SR . 3
ST R ST N 90.0 mx12.0 mx3.5 m. fAZE S AN TR 6 5,
FERERAE 2952 Hy B B o ST 4.8 mx2.8 mx3.3 m,

PR SR 14.06 H/m?. 38 RT XONHUMGEE R, 7E
W ACE 3 B XML X R E 2EHE 28, 16:00—17:00
TFiE—
1.2 #EXE&E

N4 T SRS i A AR A B AR R, 7RI XS E
ShAT T 5 AN EE IR T (portable monitoring unit,
PMU), EBARAIEWE 1 FiR.

ok snEtRN
L ““” Existing outdoor feed line
a ‘:’fﬁ \ N S ‘un
Fan end o PUERER 22 A
B pPMU4 LEES! PMU2@ |} Existing main Air inlet end
Cage frame 1 feed line
450 mm | 1200 mm . PMUIE
n
g pvus | TAR2 PMU3
Cage frame 2 i

g g
S E

PRI T
Portable monitoring unit, PMU

B 1 ARSI ENEEA LB
Fig.1 Layout diagram of environmental monitoring equipment in

a multi-tier perching layer house

B WS W B T 1R D R SRR R . AR BE AT NH, 3K
FEEHE . PMUL A 39 & it Rt B i, - S gk N
&R A EDIR A . PMU2 Al PMU3 A ¥ T 45 1 45 42
X5, PMU4 Fl PMUS A 5T PG 48 X 4, FT->R4
PR B 200 R X IR A S 4. & ISR e S IR XS
FrU R FEDRE R R SRR B M R P ) P9 A R
FERA, e R R 1.5 me WA R G5 RAE A R A
10 min, TG & 186 88 B 28 0 2% WX 4% S B A i 22 A7 AL
fEfigo WS ARG & 2 1T RS R FEF e, RAEERT E) R
2019 4 12 H % 2020 £ 5 A,

T 5 RN AH S 9 FE i HOBO U23-001 37 # FF 32 34X
(Onset Computer Corp., 55 [E ) W&, W55 AIAH X g &
F& 20 3 N—40~70 C. 0~100%, & &4 5] 5+0.18 C
F+2.5%. NH; ¥ K ] ME3-NH, & 1 {2 4% 8% 2%
(Winsen Electronics, " [E ), £ 0~35mg/m’, #JE
NESY% R FE . T AR B TR AR I6 AT 238 i bR AR
. REFMEGEIR L Mg —. BURE S 58 H
MBRIE, F T 5SS 8] 7 51 2 A AT AR Y R 22
1.3 BESHEE
13.1 #EFRE A %—

25 M I R G TR A B 1 B R A =X 5 e SR [ B A AE
ZESt o NPRIESUE — 80, o ot R S AT B
A, R SRR (] B g — bRk 5 IR (A 2 5
o JE CECHE AR A 8, ) 38 I () BRAS AR B B 3 s
5 Z I AT HES R 2 R GBI 7 &R 5 .

HET S G — AP BN e LR EUE S
AR  F R R R WO AR R Y, AR5 I R R
EFENHREE . FXTEEA NH, IE R EWHB R, Sk
A L Y A S OB Y, SRR . AFRHE R AN NH,
W T W B 4y ) 20~ 50 C. 0~ 100% £l 0~
35 mg/m’. N TR FE AU R ROE . BB R R K
FH B TR VR AL S R I TR R A . R T NH, iR B 4 B
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5y %% Bt A% W sh AN SRR R Y, e ELIL S
S5, o EE EoRAE R 20 min B (8] (8] FG, FSRARSNH
PB4 ZE (median absolute deviation, MAD) 7£1H 5
S, FIERERFEG 72 NS N. 24 h, fE
B E RSB RCEEI, AR T 72 NI TE]
WAERNRSE D, HESHNZIF RSP AES MAD. 4
B — B 220 1) N 94 B A AFDRE T = 30 o 45 5 10 O 1250 b it 152
SE BB, W HHE N FAE, FERA N B E AT
BE. LLPMUL fEREIAEARNIZE L, KITE
W R F2 28— B () b 0 55 o
132 IRRABEFRHH Tk

N BT ST AA AT B XS < A AN [ XS R B 2 5 ) 40 A
T, H A JE SR EUHE b 3 RN R 55 2 5 0 R AE Ik B R 4t
WA, AT TR s I E AN 2 sSR ZE  b TR
AERHE B2 F0 NH; 94< 5 AE AN (5] Mot 0 DX 3 ) 7 22 5 o E R —
Ik 22 v SR A (] M 0 B s [ B ) e KL S e M 2 22
T e AR X R A B S 3 e K22 e W ¢
AN Z] PMU2~PMUS Xt 58— 385 2 2 IIE 50 53
Qs @3> Gaar s s TZEF ZNZ IR S HUH 23 (WA 22 Ag, N

Agq, = max (q;,)— min (g;,) (D

j€2,34,5 j€2.3,4,5

K Ag HEE ¢ AB R — IR B S 40/E PMU2-PMUS AT &
PIAS MR BT 2 A S A 2 . g, NS eI 21 58 AN
MR TTIIA G ZHOWNNME . AT S, AR .
133 2 REWRISHF &

N LI B L ARG S NH 94 R A B 1] L ) ik R
AR, 750 & 5 S HOHAT bR AL 3, FRdEtb 7
FEHN

g = e (2)
Se
o 2o Al X, 53 BN ER ¢ IR BE S 5045 56 eI ZI br 4L
JE T B RE A E M IME . X NS SRR
FIHFIIE . s N RS HUR IR 7 B bR 2 .

K B R SR RBCH AR . MR S NH, iR
&2 A BAH DG, FRHEAH ¢ R AU B DA BB U AT
AL, BEWERSTREZEAFEBEE S KR, NE
5 22 A e TS TR AT 348 EURN 465 SR AR SR TR 3
1.4 IMESEFUNER
141 HERAEEEARE

AT 5T R GBR A4 X <y R 355 25 40010 4 30 990000 A
A ZJNEAE AR S R B R S LA i 8 H AR R
P, BRI R EZ RN R SR B SR M E
24K RPN, GBR K 2 AN 55 [ R 32 03k T Rk A7 4 A
BRI Ko™ A

G
FG(u)zFo(u)+anhg(u) (3)

g=1
A Pu B NRHAE R B, Fo () B 448 B R 1 71
WK%, Fou) AVIMEREARL, h, ) 928 gBREVARE, o4

MRS R K R A, GRS 3.

e Rt fEd, GBR DA ik BN H bR, 1L
e Ay bR IR A E IR 7 AT 0 . B —FIEARLL

YRR FONE F oy () Ay A, 28 iR AR AR 1B AR
H R ZE TR N
e, =yi—F_(u) (4
e, N riC I BB iNFEARRTRZE . yi N INFEAR
OUIME o w NI FEAR B NRFAE ) o Fooy () N
r— VR AN SN FEAR I A . AR S, ik
RECHL
ZJE NSRBI A” S R ZE e, FEHE
KER¥m", BTN
F(u) = F,_; () + 7" h" () (5
A F () N 5 re A S AR TR bR K, Fooy () 958
r— VR IEAR S OB TN eR 28, 1 () R 36 r e A
ZRAF BN RIAR, 0 B rRe kAN NP K R
o2 HIER, BALE P IET H AR KA
TEE . FH X R AT NH, 3 B T I A% 28 357 5K | GBR
HEZE, MRHEA RS HORNR: i, BRI @Ry
No WM. AHXTEE S NH; 3K B P[5 700 58 72 4o B 2
B

Data acquisition

£ 4NPMUL ‘ \ 4 }JPMU2~PMUS ‘

T‘m’ RHIH Toul’ RHUul T‘oul’ RHOHI NH3m T‘m’ RHin
FEAEAEIR Fl RIS AR HURR R F2 NH, UK i Ifl G iR B R e
Feature Wi WG ‘ NH, 7 B T+ ‘
extraction 43T B
!

BREERRTTIES (M1, ; TMEE (M2 , _
Gr::li:n boosting ﬂglﬁjﬁﬁ@? AH IR NH3KEWUIEJ
regression B 7 5 SRR g 23y vt

. 1 e

Iy S 9 9 ) N 9
Bl Ol cpapimemmemy | (02 NukncmS,
output RUBUIE-+90% TR X 1] T +90% FU X [f]

e T,. RH, Al NHy, 43550 %78 & PR E « AHXHR AN NH, R Z . T, A1
RH,, 73527 4 MR FIAH X

Note:T;,, RH;, and NHjy;, represent indoor temperature, relative humidity and
NH; concentration, respectively. 7,, and RH,, represent outdoor temperature
and relative humidity, respectively.

B2 SARBREN A R ALF T S AR RAL
Fig.2 Overall framework of collaborative prediction for
environmental parameters in a multi-tier perching layer house

i FEATAFRTHGE BE R AT S 20 0 55 GBR FR Z 12 IR A4S
Gk LML S B ZIWME. /T HF-—
I 2 DL AEL DA S S AN ZE BRI AR AL (E R, T 3kAS
HbRAZ &N — I ZI A AR . LS PRl INME 5 2 25
TINME 2 (8] ZEE/E N GBR (% 5 HbR o 1E TR BL,
Jerh FERL TG, P H GBR fiH R ZE B IERE, —#FAH
TG 2 B 4 P AEL . NH 34 B TG00 [ R 58 2 P00 5
GBR W& Z B IEMSE G775 FEE TN A4 NH, ik
JZ b — I ZPRS AT — B A — N ZPRES L. AR IR
AR ARRHERE K H R N AP ZE A RFAEAE y GBR
AN, FT PN NH, R R 2B IR, (R A
[ I M P N, W2 5 5 ) se AR A 5 AR5 2

25 18 BB 7y W D0 Kt b oa] Be AT A A8 D B R 8 A Bl B
I H s, 3 RIAET S B R Al Huber 2K B
B, VAR R R B R ELAN R AR R AL & S RE T o (RN
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N T B 24 h T ASH & M, AWFFCR A GBR
LB T, A S 0.05 F10.95 434 H T A
A, 3R 90% T IX [E],  DAONRS 53l KR G 14 AT %
R v DRSS B B U A B A AR AR
142 FRMAT R 5 ASFIE

FIM X G R S ARG SR B XS A R T A 6 A
NH; #KJZ . B3t —RHE S48, L0700 H PMU2~
PMUS % s A7 RT B [8] 77 71 508 A AR AR, e BB [ It
FEAGANF) s RE AR B TR R —FE AR SR

NIRRT R AR 7 B A RRAE, ABERAE T
SR 20T WA UL IR bR HEZE 4 NN
RRAE . 7 S JE R A T LA 20 S, Tk
HJCER 55 2 B0 0 40 N JE 2 M . 22 40 T AR A0 BT 220 IR A 2
[E AR, A TR S HCR M 7 R A ERIE . R 3
P N — B (8] 5 O WOME P 35K, T RS
B B AAR KT o TR SRR AE 25 R B — )R] B 1 P O
BB HORE R, F T s W s 3 i B N R 858 2 0 U B
SR o

5L FEE FRNAF R P T AR B SR FH Rl 7 s 41 5 5 4k
WEE BB RAESL . BIAYHR 45— R A4 20 min (7]
B, HAar 1. 2. 3B 58 200 40, 60 min, A%
W IR 555 2 B0 B R N E S AR ks BT 6 S5 R 12 25 43 it v
2h Fl 4h, W RBCABESHM PRI 7T 72 5%
.24 h, A5 NAT—HR—BZIEE, HATRIESEES
B B SRR AE . R, AR A R L EE B AR 2
BB SR 1. 24 34 64 120 72 B e . ARk
TEMIEETT I, IR 1B FIRG 3 224y, 4 B R AHAR
B ZIARAEFIIT 1 h AR fLia s, SR BAT 3. 6. 12 B Hit
HRENME, o RIRMLE 1. 2. 4h NIRRT
WHCHT 3 B RIHT 6 A D SRS bREZE, TR
B 1) PN B 58 2 50 Jo) 30 0 Bl o o Sy R W Ah I T A% A
X ISR (s, BEALEE— 20 5] N &4 PMUL X B3R
BSOS RE. WE I, RAEMES T, HiE
BEWNINEEFE, UIRIESIIE RS &N IHRERE
Z A2

NH, 94 FE 0 R FH 35 48 Bl [0 () AR RE 4 . A 2k
Fyit NH, M4T{E. WE . 200, R BEAE SR
WEZE . g I e AR RS 0T NH, 2 AR B 72 14 S,
BRSSO\ BAR AU AT 2 IR . AR . A ANEE
S AR R S s AN ZE AR, RN H b a5 A
FECH VR FE (V03 J5 0 R BIIMERZE T N 2 2 008
T (1 75, BEARUIR 5] N R — I )< A AN LG
B Z, HFMIERESHNRERZ BT, Lyt
R T Ul 4 e TR 4% L 7 S Pk e
143 #HBEERD>BBAHKE

VTR B AE 2 m T R T R, A AT
K AT IREAR VN AR, M B4R 2 Ja I % 2
7 d B AR AT IGAE . WRE L MR EE RN NH, ¥R FE T A
RILL 2020 4 4 H 25 H 2 5l I EUE/E MR, LA
2020 4 4 H 26 H% 2020 4F 5 A 2 HAES: 7 d B4R 1E
NMSTIGAEAE . BRI ZRAIGAE I ZE Python 3355 R 58 i,
FERIR A scikit-learn 7[#) Gradient Boosting Regressor

NHiE GBR BEAGEZ 4, AT SRR R i FE H )
BB U E RE (R BN FEWRIE . FIN 4
A7 iR % (root mean square error, RMSE) . “F-#
#i¥ti%2E (mean absolute error, MAE) PR FE 14
FEARLYN S b E AP 77 1% 22 45 2R A1 Huber 457 25 PR Fh 45 2K B
B, MR YR IR R 45 A E iR AW E . Firh, Huber 45
R BR B AT BB U T 1 R A0 AR B 22 R U FE
ZHRUERR, BRI R ik 22 1 25 30 BB B8 o IR FE A
AR R A FE M S B RV E MR A SRR E.
NH, ¥ & R F 5 v B 2 0 RV IR i S 4.
B S R R LR A S INE 1,

#* 1 GBRIREBSHNRTCELRMNE
Table 1 Search space and optimal hyperparameters of GBR

models
MR NH, WK
IR R 57
¥ g R BB U
Parameter Search space emperature. Refative 3.
model  humidity concentration
model model
R R AL squared error,
Loss function Huber Huber Huber Huber
Huber $2k B 44
SIS EL
Quantile parameter 0.8070.95 0.85 0.85 0.90
of Huber loss
EES .
Learning rate 0.01~0.08 0.035 0.035 0.04
IR AR TR FEE .
Maximum tree depth 23 3 3 3
7k 1l
TRAFUH 070~100 085 0.5 0.85
Subsampling ratio
4 AR
_ 'I T R MRS 520 10 10 10
Minimum samples per leaf
P,
I A 200~600 420 420 420

Number of regression trees

DR R RS BB 2R e B KU R 7T, ISR
REFER XS FEAR B T AR SIRCE . 5 R X T
TR PR R AR R pH I TRDAS R ) 38 98 sl AN R O 28 1 5
B L [E i . TR ER 7 AT, I8 R X B F 5
AP E TAA EE T I SRS BT (RIS H 0.88 3Bl i 48 1.18,
R T 560 I B PR AR B R v, R R AR B R
Ko JREbu shACE AR AT 1 20 2 i, S5k I S5 B
AR 22 28 TR E 5 1 — B 20 WA 2 222 P 48 6] W
FH - 184 5 A 7R St R T A 1 0 356 28 i 5 A KRR AR BB IE B
770 NH; ¥R FE FHOMI AR 2R [ 6 A A 2 Bl I 7] A 2 AT B AL
HILFE MR SR T, NH, iR TR0 AR 2 (1) i )
BRI 2R )R B 1.00 ZRPER N 1.80. NH, K
FEW SN AR, HD 20 B SR I A R Y, R R
F 6 $BIR B bRt 22 RAEH R 3 B Zh R . 6 ANEF[a] 25 %)
Ri2h, REAE S 1] ROBE A NH, W BEARAE,  SURTI
55 B T R E AR T E . S BRI,
TR AE AR R AR e RS BRI 2l -, wlgk—2
P R R AT AR AR R 0 i s R e RERE 77 AL SR
SERUE, TEIRUESE bR AR VE R AR AR, T4
4iit PMU2~PMUS B3R EZE R, Dl 30 458 284 78 A [F) 1
s Rz ACRE Sy BRI AE K Ve 2% R RMSE
FIMAE ST 1R . 6 B0 SR REA (i 90, VR R AR T
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AR

R=1-&Z= " 6)

RMSE = D

1 <« .
n_v Zi:l =3

Lon o
MAE=— " Iy~ 3| (8)

AT S AN A FEAR B T s 5 B0 4 oW
MMERFME: n NS IERE A
144 FAEEZMPLET E

DN i RS N A i ) SR U I TR 1) S B B i TR R
AT 5K F B e 2% 77 (permutation importance) 7E
GV SATIEE S A B S (TR RS G 0V [ S T e (= IDNEE I
A % 2 BAR TIPS 70 8 S M I 25 58 B O AR Y A
JRARIUEER EREAT IO, FEUR RIS TR R ZE, dA
RMSEq. #1558 p AN N FRRAE,  BEHLET SLZ R IE AR IR E
BP BB, DAEA LS H AR AR 2 A Gt Rk,
FRR LB G BOSGTESE A AR BEAT 0, 152 56X B e

JERI TR 2, AL VRMSER™ . 5 pANREAE i) e
B HPL, 5E N
1 B crm
PI, = - D, (RMSEX"-RMSE, (9

P PL SR p AN NRFAE A B e B 2R 7> %, RMSE,
A B AT AT R AR I R A B R AR b (R R v X O AR R 22,
RMSE)S™ 4 25 b B AL B 45 58 p ANk Ja 45 21 1 35 J5 1R
w2, BNEE BRI, pAREHR S, bERER
5.

NI ME R BRI BB, B R
ANRFAE B B R R AR HE 2 spr 0 3E SUN

Spip = \/ ﬁ > |(RMSES™-RMSE,)-PL| (10)

T 1, A ER p AN NS AE B 0 B A R AR TE 2

L PEE ANUAF G P T AR Y 26 45 B 4 10 IR, NH; 3K
T AR 2 B 5T B e 20 U, Giit & N RRIE PL, I Y (E A
PRI o
145 FEEAFLEXEZE

RV R TR A ST AT S8 R A < A 555 2 B0 AT
FHvERe, ABEAIERCRA B GBR. KA L2 M4
(LSTM) FITTHE#EIR e M4 (GRU) ENXT LEAREA ,
LSTM J& — il it 5] N3N T 3 TR S 115 s
B SIS IE LN, BERS 1T M 2 K 7 %)
R o (R T 2K ) REPT . GRU S AEJE PR 48 X 48 FE A
R R g R, I R R E ] S
FPAG BIE B ER B 58T, 1EARFRRURET 7 A R
f [ B L o B T A 5 A, AR 1 BB SR R RMSE
5 MAE #4730 .
1.4.6 FREASAK 24 h TN 5 B2 R 454t

RN Gr5e Bl S, K F I ) 4 s 4 7 30 2R oA R
24 hy 3L 72 ANBFEEE P TINF B . LS ET B Z O R

SR A MNE T T — M ZIMH SRS, R
A [N 57 s e FH, BN T — BT, ik
) TS HE o ST I AR oV P TR A AR, R S S
(TR P AR AIE 43 ) T 25 W I P e U . 3 3R K 24 h
() B AAR S R FE P A fa A AR P Rl N = 5N
NH, 7 TR, S50 %% 25407 NH; 3R EE ARk o

TEZ B HETNE R, B R 25 S A Tl b K
T A B, BRI S B B %] AN A B AR,
kAR R 25 R R S B AR R, AR SRR
SRR et & A S B B K B AR IR B, XA
AT Z0) 0 0 5 AT 20 B, R S T A R B R
SRR AR AR . 7R B e BB T T A S, R
FAFR BT 7 30 006) Ja3 00 5 8 e sl idh AT A 3, DAER s T
HHESAIBEEAE 1Y bk IS bi gy A o 1 B K ERS R SV K
—5ME, AT T ISR, DLStE oy 5 AR &
TRME A R AR & AT — e 2R A o #fr s IR S R ik
JERE SIS BT R PMU2~PMUS - s I 5
JCHI BN REL RO EE A B — B 24k
PR FE bR

2 GER55H

2.1 ESHEEER AR MNEIZLAFIE

R 2 HH T AP S MR T 0 A R R
B EEEE I AIBESHIAA HAC 3 2 R 90%
PAb, s sy, Nasd e gt 7 SRk

R2 UFHEREBEFESH
Table 2 Environmental data in the multi-tier perching layer house

— — o TIRFEAN AR B
At % R LR 8] Theoretical Valid Coverage

Variable Time period sample size sample size  rate/%
W 2019-12-12—
Temperature/ C 2020-05-02 10296 9816 95.30
A S5 2019-12-12—
Relative humidity/%  2020-05-02 10296 9857 95.74
NH; ¥
. 2020-01-24—
NH, concen}}ratlon/ 2020-05-02 7200 6678 92.75
(mg'm™)

F 3 T AN FE I B O R . A B AN NH, IR
FEHES. ARBMETZRAEBEENERESE (P<
0.05), F K FHZEMAN 1.89 C, 2 %E RN 231 C,
HRALECA 2.00 °C, 22 BH i PR BEAE A [R] DX 5k ) 47 75 23 )
AN 2SR IR — 25 R SR KR XS i AR A A i —
RS AR — B0, ST AR S GE b 4 B AR i A AL
FUREE TR, BE T R0 = 35005 43 A e LI Bl i g B,
[F) B, A [ ME B e 2 A A XS R R E R R
(P<0.05), s AFHZEMNS.46 NE T, Bl E
N 11.84%, FALEN 11.00%, 15t B AH G B 1) 45 ) 2
SRS o A X I R B 52 KR A R RV 2 i
FEEZA,  7F 5 P IR e v L HER ORI 264 T
AN TR AT B P R 6 98 KT A A 3R TR B R R TR AR 3
DA,

NH; ¥ FE 1 4 43 A 1 O -5 I P R X i P A 1D
ANTR] R BTG 2 ) NH 3R 22 ¢ 3% (P<<0.05), K
P ZEE N 0.54 mg/m®, L ZE N 1.27 mg/m®, A7
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#0M 0.73 mg/m®, Ui A P NH, 3K B A7 7E R 2% 5
H1 T NH, 2R T 3875 o & B A WA E RN B
THRSEER, HARIMATE R R I R R EITT
R IE R R 25 DR 3R R3] LA 25 M o5 (1 3
IR PEBEAR AL T BURK Y, B )R8 AL AT AR AE — 7€ %2
YIRS & N ES NH, 20 A JF A5 . B, JFREE
AL IS N 945 TS TR0 Ja3 34 e JRURS: P BEAT 2 I e 4
R B bR Y,

R3 MEMREBENELEN B TIMESHEHE
Table 3 Mean values of environmental parameters at different

monitoring points in the multi-tier perching layer house

Wi i HIXHRRE NH, REE
o . . . o NH; concentration/
Monitoring point Temperature/ ‘C  Relative humidity/% (mg-m™)
PMU2 20.88+3.45% 46.52+15.13¢ 1.32+0.99°
PMU3 18.99+3.51¢ 51.98+19.43° 1.86+1.52°
PMU4 20.00+4.08° 49.21+14.62° 1.76+1.23%
PMUS5 19.78+3.80° 50.39+15.52° 1.65+1.27°

e FSIAFNG FRFRAREN ST Z M ZR R (P<0.05).
Note: Different lowercase letters within the same column indicate significant
differences among monitoring points (P<0.05).

Hi BRI T A L, SRR SR B G IR AR X
JERT NH, W EE BA — 8 B WA A . 5 S His
Foy b R B PMU2~PMUS & M Il s Sz RE AT, DLk
AT X 3 5 5 B AR -

Bl 3 B AR BE S NH, WK JE 2 (8] ) B /R b AH
RAEBIERE . 4R Rmi AR S NH, K 2
BRI ZR, 0 P R e X o i P2 AR R 0 38 P 3 vy e
2 fR e KRR B S WA BT, [N 3 B0 NH; IR R
RETe R 5 8 NH, 9 J3 TR0 o [ B 51 NI RE RAT %
MR, PR m NH, AR AL 12 ) SR AE e

AR
Ammonia R b
concentration e R 5L
Pearson
correlation
AR S coefficient
Relative 1.00
humidity 0.75
0.50
0.25
0
L 025
Temperature —0.50
-0.75
I = e i LYy SE fiE —-1.00
ARE  AARHRE %
Ammonia Relative Temperature
concentration  humidity

B3 ARKAEMEHE

Fig.3 Correlation matrix heatmap

22 MBS EIEHATUNARERIL ISR

B IR 2 KT AR A 56 UE 4R 1 I 3 B R FR b A
® A4 PR,

5 J5E TR KoV B AR AL FG R 43 53 0.96 A1 0.97,
T A A5 2R BB 450 0 b e NS < T I B 10 0 B Ak, JRAE
A TR B0 DX 3 C 2 e PR TOU B8 7 o NHLg R B T 00 A
RHAKE) R*. RMSE Fl MAE 43 %) 24 0.76. 0.44 mg/m’
A0.27 mg/m®,  BEARTUIAE £ AR 15 R RAR X I B T

B, NH, WRERZE KRR L, EREERR, A
e PE SR NH, IR FERR 2 B 5 T SRR 4t
5 R R IR AR AS FIA B YL ah # UM oG, Hda T s An
DX 40 72 S B « AR B R AT

x4 MRESETNREERE
Table 4 Performances of environment factors predicting models

A BT iRiR % SER A xR =
Variable R* Root mean square error Mean absolute error
(RMSE) (MAE)
I E
Temperature/ ‘C 0.96 0.73 0.50
A
Relative humidity% 007 2.94 177
NH; K
NH, concentration/(mg'm™) (.76 0.44 0.27

Nt 2 A R AR IO B PR R, AR FUAE AR
U6 UFAE E R B e A VR SRR R TR . R
AFTAR FE AT N Y B 45— Tl ASE Y o 2 AR AE 11 B 46 o
B R ANE 4 fion. B “HRETINT AR R sk
DA RSB M EERETN R, TR ZE" Y]
5 TR 55 52 bR WAR 2 T80 1R 224, < — R AR B T s
TIE” FA S AN R B 2200568 R X 38 5 AR Ak () 52

TP TN A R (¥ FE RS AE 32 BN AR AT R A I %
T ZE RN 20 min AR AE 300 LB AR A [ B 52 B 7 S 39
FNA I FESEAR R o AH R B A A A, AR
£ A7) A5 T DU AE 0T MR vy, G R R ELRRAIE 2 B AR
20 min 4 5 A0 B AN S 2 SR BT AR AT, 3R B A X I T
WA Py SRS H R, 2 BN F R .
NH,; & & TR R AR, NH; 3% B 015 B A &5 %,
RR — BF 09 BE SR . 20 min FTAH X BE LA KL R — B %)
TR A B RRAE I B — e ok, U] NH, 3R AL
B E 507 FI e, T2 AR R ek AR R 45 15
TRV (5 BB S AN 0 S e NH, A R R KRG Bt
F, T LB NH; % 5 F005E i 1

TR FE P A 0 A M AT R e T A, R AT IR
GBR ARG 1 23R8 TR S TR B, 10 NH; 9%
FE 5238 AR R« HER R B LA R A B A (g 4 250,
& AHIE 7T A 5 LBk R RS AR B TR 5, BRIt
P A0 B A ER FT T NH, 94 B2 J 00 0000 A 28 g S5 A P i
AHIE 5T LA NH, W FE I A4, B4 & GBR. LSTM
A GRU 1E AR LLRERY, XF Lt BN 5 Fim. 45 5%0,
AW AR AT GRU F1 LSTM 2 31 H 55 47 () B 4K 1
MR AW ARBERE R N 0.76, #T GRU fl LSTM;
AW R ALK RMSEAT MAE 43 %) 4 0.44. 0.27 mg/m’,
PET GRU F1 LSTM. L P T 24 44 28 X 245 A5 B A L
AHIF FURAYLE NH; 94 B 2 3 000 b 2 A 58 4 A e
AR Z gl 500U B NH, [ 45 B 848 B GBR
RUFHEL, AHF AR R 0.64 275 £ 0.76, RMSE
i 0.52 mg/m® f# 1% £ 0.44 mg/m’, MAE H 0.37 mg/m’
FEARE 027 mg/m®, BEARTFIERE AL . 31X WAL 5
NH, [ 52 5 AR B {5 S M AR Aff s e 3 55 o NH, R 5 1) 2
PR, TSI N2 EIREIE S G, B T 5E R 0 15
B0 5



127, .
56 Ak TREZH (http://www.tcsae.org) 2026 4
5 R A 2 HRHEEH) 25 NH R JEHI2 il
Temperature difference from same time yesterday 0.89 Initial relative humidity prediction 22.61 Initial NH; concentration prediction 0.70
320 miniih AR 120 mindiE AL I 220
. ! 2 i 2038
Temperature change in last 20 min 035 Humidity change in last 20 min 2.19 Predicted humidity i\t‘ncjt time 0.16
JE TP 0.03 20 minfi TR % 0.28 20 mindi AHXHEEZ 10.05

Average temperature in last 1h
EFEIEASNEE | 0o

Average indoor-outdoor temperature gap in last 2h .
T — TR 220 5 A 0.02

Outdoor temperature at same time yesterday [~
IR A AN E 0.02

Average outdoor temperature in last 2h |-
020 min#SNRIEEN | 02

Outdoor temperature change in last 20 min [
2R 10 01

Temperature change in last 2h [
2MATEASNEE |01

Indoor-outdoor temperature gap 2h ago :
TP EANSNEE |0.01

Average indoor-outdoor temperature

gap in last 4h

0 02040.6081.0
AL
Feature importance
a.
a. Temperature

A 4

Prediction error 20 min ago

b. AL
b. Relative humidity

B, ABRTIRE A0 NH, iR E TR ey 5 40 & 21t

Relative humidity 20 min ago

JE20 mind MR 1k RN ZELEE R RE
Outdoor humidity change in last 20 min 0.27 |004
TR RN AR X4 0.18
Same-time relative humidity yesterday |~
JE2 WP T R 0.07
Average prediction error in last 2 h | 7*

— R [RIESE L
Time-of-day feature 1 0.06

KA [RIRSE2
Time-of-day feature 2 0.06

2 hili AR RE
Relative humidity 2 h ago 0.05

40 min i A T AN

Relative humidity 40 min ago |0-0° 01001

Temperature xhumidity at next time
1 RN ZINHARIL | ) )

Same-time NH; concentration yesterday [~
HHARREE 1 02

Current relative humidity [

SR SRR | 0]

Current outdoor relative humidity [

20 mini A 01

Humidity change in last 20 min [

2 WP (.01

Average prediction error in last 2 h

Current indoor-outdoor humidity gap

0 5 10152025
AL

Feature importance

0 02 04 06 0.8
REAIE
Feature importance
c. NH, i &
¢. NH, concentration

Fig.4 Feature importance of prediction models for temperature, relative humidity, and NH; concentration

"5 NH, REFEHATUN EmARE S REXTEE
Table 5 Overall performance comparison of mainstream models
for short-term NH; concentration prediction

154 Model R*  RMSE/ (mg'm®) MAE/ (mg:m™)
AR Proposed model  0.76 0.44 0.27
¥iAR B GBR
Univariate GBR 0.64 0.52 0.37
LSTM 0.72 0.47 0.28
GRU 0.73 0.46 0.29
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Note:The black vertical dotted line denotes the prediction start point, the left side shows historical observed values, the right side shows 24 h recursive predictions, and

the shaded areas represent 90% prediction intervals.
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Fig.5 24 hrecursive predictions of indoor temperature, relative humidity and NH; concentration in the multi-tier perching layer house
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AR T &N L2 SRS E, M TEE. X
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1) TR FEIH (gradient boosting regressor,
GBR) A5 28 [y 3 AR o) 48 55 6 1 oL A 28 5L A 5 0 )
TR o U5 TRIBE AL R, ¥R % (root mean
square error, RMSE) F1°F 1) 44 %) i% 2 (mean absolute
error, MAE) 43514 0.96. 0.73 “C i1 0.50 ‘C, # %}
JE TN B L) R RMSE A1 MAE 43 5 4 0.97. 2.94%
F1.77%.0 A5 A 5 G TN 37 ARG B2 05 X 2 ik 0 Xt
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Short-term prediction of environmental parameters in
a multi-tier perching layer house

LIU Yuhang!, LIU Yu'?* , WANG Chaoyuan'? , TENG Guanghui'?

(1. College of Water Resources and Intelligence Engineering, China Agricultural University, Beijing 100083, China; 2. Key Laboratory of
Protected Agricultural Engineering, Ministry of Agriculture and Rural Affairs, Beijing 100083, China)

Abstract: Multi-tier perching layer houses can offer hens with perches, nests, and multi-level activity spaces. But their
complex spatial structure and airflow configuration can also lead to local environmental differences and short-term fluctuations.
It is often required for the accurate short-term prediction of indoor environmental parameters under proactive ventilation
control and environmental risk warning in cage-free laying hen production. This study aimed to develop a short-term prediction
for indoor temperature, relative humidity, and ammonia concentration in a multi-tier perching layer house, according to multi-
point monitoring data. Continuous environmental data were collected from one experimental multi-tier perching layer house.
The indoor monitoring points were arranged in different perching areas, while one outdoor monitoring point was used to
represent boundary environmental conditions. Time alignment and resampling at a 20 min interval, point-wise mean values,
and spatial ranges were calculated after data cleaning to evaluate environmental differences among monitoring points. Pearson
correlation analysis was used to examine the relationship among temperature, relative humidity, and ammonia concentration. A
short-term prediction framework was then developed using gradient boosting regression. Historical observations, outdoor
environmental information, and indoor—outdoor difference features were used as model inputs for temperature and relative
humidity. A multivariable prediction model was constructed to combine ammonia historical concentration with temperature and
relative humidity. The most recent 7 d data was used as an independent validation set. In addition, recursive prediction was
performed to evaluate the model performance for a future 24 h horizon. Furthermore, 0.05 and 0.95 quantile regression models
were established to generate 90% prediction intervals. The results showed that the indoor environmental parameters differed
among monitoring points. The average temperature, relative humidity, and ammonia concentration were 18.99-20.88 °C,
46.52%-51.98%, and 1.32-1.86 mg/m’, respectively, at different indoor monitoring points. The mean spatial ranges were
2.31°C, 11.84%, and 1.27 mg/m’, respectively, indicating that the parameters varied among different perching areas.
Correlation analysis showed that temperature and relative humidity were negatively correlated with ammonia concentration,
with correlation coefficients of —0.26 and —0.16, respectively. Ammonia concentration was dominated by its historical state,
thermal and humidity conditions, as well as ventilation. In the independent validation set, the temperature prediction model
achieved a coefficient of determination of 0.96, a root mean square error of 0.73 °C, and a mean absolute error of 0.50 C,
whereas those values were 0.97, 2.94%, and 1.77%, respectively, in relative humidity. In ammonia concentration, the
multivariable prediction model achieved a coefficient of determination of 0.76, a root mean square error of 0.44 mg/m’, and a
mean absolute error of 0.27 mg/m3. In the multivariable model, the coefficient of determination increased from 0.64 to 0.76,
whereas the mean absolute error reduced from 0.37 to 0.27 mg/m’, compared with the univariate gradient boosting regression
model with only ammonia historical information. As such, temperature and relative humidity features provided useful
supplementary information for ammonia prediction. The 24 h recursive prediction showed that the stable prediction
performance was maintained during continuous forecasting. Smooth prediction curves were produced without outstanding
abnormal jumps. The 90% prediction intervals were also provided to quantify the fluctuation range of environmental
parameters. The short-term prediction can be used to adjust proactive ventilation for the less ammonia risk environment in
multi-tier perching layer houses.

Keywords: layer house; multi-tier perching; environmental parameters; gradient boosting regression algorithm; multivariable
short-term prediction
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